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Abstract

Bladder cancer is the fourth most common cancer type in Norway, and tenth most
common on a global scale. More and more tissue samples are sent to pathologists labs,
increasing the workload and affecting the waiting time for patients. The corresponding
increase is not seen in number of pathologists.

Digitization and scanning of the tissue samples unveil the world of computational
pathology, along with the many possibilities within it. Supervised approaches have been
proposed within deep learning earlier, however, many express the lack of labeled data as a
source for performance degradation. Convolutional neural networks have proven effective
on image processing within the field of medicine. Some work based on semi-supervised
approaches within computational pathology has been published in the recent years,
however, most researchers are exploring supervised methods.

This thesis proposes several methods to tile-wise segment histological images of bladder
cancer into six different classes background, blood, damaged tissue, muscle tissue, stroma
tissue and urothelium. A multiscale model is fed the tile at three different levels
of magnification, and inherits capabilities from the VGG16 network through transfer
learning. The proposed methods are either based on semi-supervised learning utilizing
probability or clustering within a self-training process, or based on a combination of both
expert and non-expert annotations.

The dataset used in this thesis consists of about 360 whole-slide images, of which only 37
contain regions annotated by a pathologist, allowing for only about 10 % of the dataset to
be utilized for supervised methods. Through the course of this thesis, a total of 145 new
whole-slide images were introduced during training through semi-supervised learning,
utilizing about 50 % of the dataset through various methods. The non-expert approach
increased the F1-score for the muscle tissue class with 9.18 % from an initial 79.42 %,
and the cluster-baser approach saw an increase of 1.38 % in accuracy from the initial
94.61 %.

The method involving non-expert annotations outperformed both semi-supervised tech-
niques with regards to segmentation, as a semi-supervised method will introduce new
uncertain features to a deep learning model. This will have a strong impact on sensitive
classes that are poorly represented in the training dataset. That said, a significant
improvement is seen by using semi-supervised techniques as well, and scored better than
non-expert with regards to classification.
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Introduction

This chapter presents the structure and purpose of the thesis, and motivates the work
done in it. Thesis objectives and structure are also presented.

1.1 Motivation

In Norway, 1 748 patients were diagnosed, and 319 people died from bladder cancer in
2018. The majority of these, at 73 %, were men while the remaining 27 % were women
[1]. Since 2001, all available statistics from the Norwegian Institute of Population-based
Cancer Research places bladder cancer (including the urinary tract) as the fourth most
common cancer diagnosis for men in Norway [2][3][4][5].

On a global scale, 549 393 new patients of both sexes got diagnosed with bladder cancer,
while 199 922 people of both sexes died from it in 2018 [6]. This places bladder cancer as
the 10th most common cancer type in the world. Bladder cancer is also known as one of
the most recurring cancer types, with an average recurrence rate of 36 % for all patients
[7]. Another study sets the probability of recurrence after 1 year at 61 % for high risk
patients [8].

The tumor is removed from the patient through a transurethral resection, and is examined
to evaluate the staging and grading of the bladder cancer. Samples contain cell-level
tissue information, and a proper evaluation of the whole sample is a time-consuming
process. There is an increase in number of tissue samples sent to pathologist labs for
examination, however, without the same increase seen in number of pathologists, affecting
the waiting time for patients [9].

Another aspect that traditional pathology faces, is that different pathologists’ specific
subjective expectations and experience in relation to the same tissue sample may differ
[10]. Hence, different pathologist may differ in what they decide is a certain grade and
stage of cancer for a given sample.
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Chapter 1 Introduction

In modern times, digitalization of the tissue samples results in whole slide images (WSI),
which uncovers the field of computational pathology. With computational pathology,
numerous methods within image processing can be applied to ease the workload for
pathologists. A viable segmentation method can assist pathologists in faster evaluation
speeds, as regions of interest can be located faster. In addition, the system could
contribute in a computer-aided diagnosis system, which can improve the rate of grading
and staging of cancer, and also result in a more unison and objective diagnosis.

1.2 Problem Definition

Deep neural networks require vast amounts of data to become a reliable technique, to
such a degree that people are claiming data more valuable than oil [11]. In many cases,
the amount of labeled data is not sufficient and other means must be considered, like
augmentation, manual labeling, unsupervised learning and more. For histological images,
cell and tissue features will differ from cell to cell in a patient, and also from patient
to patient. The available data material consists of about 360 WSIs from individual
patients, of which only 37 contain annotations indicating tissue type, originating from a
pathologist. This leads to a deficit for a neural network (NN) trained on the 37 WSIs,
as it has only been trained on about 10 % of the entire dataset. On top of that, far
from all the tissue in the 39 WSIs are annotated. This thesis proposes different methods
to increase the performance of a NN, based on utilization of unlabeled data from the
dataset, in order for the end product to be more consistent, and more robust against
misclassifications. The process of utilizing both labeled and unlabeled data in training a
NN is known as semi-supervised learning, further explained in Section 3.5.

1.3 Previous Work

During the past 30 years or so, NNs have had a major advance in image and signal
processing in general [12]. In the most recent decade, convolutional neural networks
(CNN), especially, has proven very powerful when applied to medical tasks in image
processing and classification [13][14], also gaining popularity in computational pathology.
The most common way to train neural networks (NN) is by supervised learning and
backpropagation, requiring a large training dataset of associated relevant ground truth
labels. Ground truth labeled samples within medicine is in many cases limited, as
producing it is a time-consuming process. Moreover, for the samples to be labeled
correctly it must be done by a capable expert with knowledge on that specific type of
sample.
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Instead of producing ground truth labels, methods exists that allows for CNNs to
be trained on the data, by implementing techniques like clustering or unsupervised
learning. One method is to use autoencoders in a compression-decompression setup.
The network tries to reconstruct the original input, and features are learned at its most
compressed state. The decompression part can then be replaced by a small classifier
network, associating features to classes in an output layer [15]. The drawback here is
that autoencoders, and unsupervised learning in general, will typically not perform as
well as models trained with ground truth labels in a supervised manner.

One of the main benefits with CNNs is that a particular feature can be detected wherever
it may be located in the image, deeming these types of networks shift-invariant. Intuitively,
the initial layers in a CNN can be viewed as raw feature extraction layers, while the last
layers can be thought of as more task-specific object detection or classification layers.
The network contains many parameters that can be adjusted to improve its performance,
which can be a time-consuming process. In addition, large amounts of data is required
for the network to fully grasp the complete set of features associated with each class. A
method much used to facilitate the initial layers is transfer learning, where the first layers
are inherited from a pre-trained network, and the last layers are trained from scratch
[16].

Incorporating the above approaches in deep learning, uncovers a method known as
semi-supervised learning (SSL). SSL utilizes both labeled and unlabeled data to train a
network, and proves very capable in cases where there are small amounts of labeled data,
but large quantities of unlabeled data. Graph-based learning is a branch within SSL that
often implement clustering algorithms to locate and distinguish inputs in feature space
[17]. Self-training is another branch within SSL, and aims to initially train a model on
ground truth labels in a supervised manner. Thereafter, weak labels are produced from
new unlabeled data, using predictions from the initial model. Finally, a new model is
trained on both the ground truth labels and the weak labels [18].

In Skrede et al. [19], a deep learning method for prediction of colorectal cancer outcome
was proposed. The tumors are removed, and further imaged through a process similar
to that described in Section 2.4. The proposed method involves ten individual CNNs,
where half are fed images at 10x resolution and the other half are fed 40x resolution
images. The output of the 10 models are then evaluated to decide on either a good or
bad prognosis. The method utilizes tile-wise binary classification, and is trained on over
12 million tiles. The method focuses on assisting pathologists in diagnosis, and claims an
increase in precision of a diagnosis by 62 % [20].

In McKinney et al. [21], a CNN model for detecting breast cancer in X-ray images is
proposed. The model is based on TensorFlow, and features three CNNs in parallel that
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each are fed the X-ray image at different levels of magnification. The outputs of each
CNN is compared, and the network was trained on X-ray images from almost 29 000
patients. The system was proven to outperform the normal cancer prediction, in which
normally two radiologists works together on diagnosing the patient based on the X-ray
images. The model reduces false positives with 5.7 % and false negatives with 9.4 % in
data from the USA.

In Cheplygina et al. [18], a survey on approaches in SSL in medical images is presented.
It popularizes the use of both transfer learning and semi-supervised learning in the recent
years, and underlines benefits of utilizing the assumption that tissue located closer to
each other are more likely to be of same class. In Dercksen et al. [22], both unsupervised
and semi-supervised approaches are combined and applied to computational pathology.
An autoencoder is trained on unlabelled data, and k-means clustering is applied at the
most compressed state, i.e. feature space. In Peikari et al. [23], a cluster-then-label
approach is taken using support vector machine classifiers. An adaptive threshold is used
to remove irrelevant parts of the inputs, which saves processing time. Remaining regions
are then split up into tiles, and further separated based on the underlying structure.

In 2017, co-supervisor Wetteland wrote his master thesis titled Classification of histological
images of bladder cancer using deep learning [24], applying deep learning to the same
dataset as the one used in this thesis. After graduating, Wetteland has been further
working on the system and dataset, employed as a research fellow at the University of
Stavanger. In Wetteland et al. [25], a multiclass tissue classification model is presented,
that utilize tile-wise segmentation. An autoencoder is first trained on unlabelled data,
and further fine-tuned using labelled data. In Wetteland et al. [26], the latest system is
presented, which utilizes three magnification levels, and incorporates transfer learning in
three CNNs operating in parallel, as further elaborated in Section 4.2.

1.4 Thesis Objectives

Previous work done in relevant fields of research underline the benefits of utilizing transfer
learning and semi-supervised learning when dealing with datasets with small amounts
of labeled data. The work done in both McKinney et al. [21] and Skrede et al. [19]
highlights the importance of including multiple magnification levels to capture both
local details and surrounding context of the tissue at hand. Previous work done on the
same dataset as used in this thesis also underline this [26]. Peikari et al. [23] utilize the
assumption that tissue that is located closer to each other are more likely to be of same
class.
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The primary objective of this thesis is to investigate the use of different semi-supervised
methods, to see if they are effective in improving the accuracy of the models, without
the need for an expensive labeling process.

1.5 Thesis Structure

A layout of the thesis structure is given below.

• Chapter 1: Introduction

– Motivation and previous work, followed by thesis objective

• Chapter 2: Medical Background Theory

– Background material necessary for understanding the rest of thesis from a
biological point of view

• Chapter 3: Technical Background Theory

– Background material necessary for understanding the rest of thesis with respect
to NN, and the many methods involved

• Chapter 4: Material and Previous work

– The work of co-supervisor R. Wetteland is presented in brief along with the
dataset

• Chapter 5: Methods

– Methods proposed to solve thesis objective

• Chapter 6 Experiments and Results

– Experiments done to achieve thesis objective, and their respective results are
presented

• Chapter 7 Discussions and Conclusion

– Discussion on performance of proposed methods, future work, failed attempts
etc, and conclusion on best method.





Medical Background Theory

This chapter introduces the fundamental medical knowledge needed to have an under-
standing of the dataset. Different types of tissue commonly found in the WSIs are present
first, followed by anatomy of the bladder, and details on bladder cancer.

2.1 Overview of Tissue Types

Tissue consists of biological cells in a structure that performs a specific function, and
incorporates many important tasks involved with maintaining our body [27]. The human
body contains four different types of animal tissue. There is connective tissue providing
support, epithelial tissue covering and protecting the body, muscular tissue providing
movement, and nervous tissue maintaining control and communication. Organs are then
built up of a combination of these different tissues types. The most relevant tissue types
are connective, epithelial and muscular tissue, which will be further discussed below.

2.1.1 Epithelial Tissue

Epithelial tissue maintains order in the body, and acts as a protective layer for other
types of tissue. Epithelial tissue forms layers around the exterior of organs in the body,
and also joins connective tissue in generating the skin which covers the outer body.
Epithelial tissue exists in three main shapes and sizes depending on their purpose [28].
As shown in Figure 2.1, squamous cells are flat, elongated organisms that can form both
simple and stratified structures, making them act as thin membranes. Cuboidal cells
are typically in the shape of a cube with equal sides, whereas columnar cells are formed
more like a column.

7
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Figure 2.1: Epithelial tissue shapes and structures.
This figure is reprinted in unaltered form from Wikimedia Commons, File:403 Epithelial

Tissue.jpg, licensed under CC BY 3.0 [29]

The cells are polar, where one side connects to the underlying basement membrane, and
the other side is exposed to the outside. The layer of epithelial tissue often acts as a
selectively permeable, allowing for certain molecules to pass through it. An examples of
this type of structure can be seen in Figure 2.2, where an outer purple layer of epithelial
cells called urothelium are arranged together to form the mucosa membrane of the inner
wall of the bladder, protecting the inner layers of stroma tissue.

Figure 2.2: Transitional urothelium tissue (purple outline) acting as a mucosa membrane.
Extracted at 100x Magnification.

2.1.2 Connective Tissue

Connective tissue is found in most parts of the body, often located between other types
of tissue. Connective tissue connects other types of tissue, and acts as the glue keeping
the body together [30]. It is also responsible for supplying the body with oxygen and

https://creativecommons.org/licenses/by/3.0/deed.en
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nutrients through the cardiovascular system. All connective tissue have some form of
vascularity, however, the most relevant parts with respect to this thesis is stroma tissue
and blood cells. Blood cells are uniquely identified by their distinctive color and texture
as seen in Figure 2.3. Stroma is a more general term for tissue, consisting of all the tissue
that does not have a specific related function in an organ, see Figure 2.4. Stroma may
consist of blood, nerves, fat, and other types of connective tissue.

Figure 2.3: Example of blood cells, extracted at 400x level.

Figure 2.4: Example of stroma tissue, extracted at 400x level.



Chapter 2 Medical Background Theory

2.1.3 Muscle Tissue

Muscle tissue is often connected to the skeleton, and provides movement in our body.
The constant contracting and relaxing of the muscle is caused by the proteins actin and
myosin, turning chemical energy into mechanical energy. As seen in Figure 2.5, muscle
fibres appear as long and thin lines of a dark pink color.

Figure 2.5: Example of muscle tissue, extracted at 400x level.

There are three types of muscular cells in our bodies, namely cardiac, smooth, and skeletal.
Cardiac muscle tissue is as the name suggest located in the walls of the heart, and are
not relevant to this thesis. Skeletal muscle cells are located between joints and connects
to our skeleton, and are also not relevant to this thesis as they appear very directional in
the sense that their individual purpose is linear movement of a joint. Smooth muscle cells
are under involuntary control, and are located in the walls of hollow organs, such as the
bladder. The purpose of smooth muscle tissue is not necessarily a fast linear movement
like skeleton muscle tissue, but for instance a slow compression of the bladder [31]. As
such, the muscular tissue observed in this thesis may be more or less mixed together
in all different directions. That said, on a microscopic level it may still appear quite linear.

Specific muscles in the body often have unique names, like the myometrium speci-
fying the muscle in the uterine wall responsible for uterine contractions. Nevertheless, in
this thesis "muscle tissue" will be used to describe muscles that originates in the inner
wall of the bladder as further explained in Section 2.2.
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2.2 Urinary Bladder

The kidneys filter the blood from metabolic waste products. On average, approximately
180 liters of blood passes through the kidneys per day, however, the average urine output
is only about 1.5 liters daily [32]. The urine makes its way to the bladder through the
ureters, which connects the bladder and the kidneys. The ureters enters the kidneys
at an angle to prevent back-flow when the bladder is full. The ureter also consists of a
muscular lining, which helps to pass urine along. The bladder stores the urine until an
appropriate time to urinate. An illustration of the bladder is given in Figure 2.6.

Figure 2.6: Anatomy of the urinary bladder.
This is an altered figure from Wikimedia Commons,File:Illu bladder hr.JPG, licensed

under public domain [33].

Biologically, the inner-most layer is epithelial tissue, termed urothelium in this thesis,
and is a mucosa membrane which protects the body from the urine inside the bladder.
Below the mucosa membrane is a basement membrane on top of a layer of connective
tissue in the form of stroma, which is called lamina propria and is technically also a part
of the mucosa. The bladder has a muscular wall called detrusor muscle that connects to
the lamina propria, and contracts when the bladder is emptied, and also expands when
it is filled [34].

2.3 Bladder Cancer

The most common form of bladder cancer is urothelial carcinoma, also called Transitional
Cell Carcinoma (TCC). It is most common among the elderly, and is strongly associated
with smoking and tobacco usage [35]. The name transitional cell carcinoma originates in
that the transitional epithelial tissue will evolve and mutate, generating abnormal cells
which in turn can progress into carcinoma. TCC is characterized by abnormal tissue in
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the bladder, and often causes symptoms such as hematuria, i.e. blood in urine. Bladder
cancer is the 10th most common cancer type in the world, being about three times more
common among men than women [36]. Recurrence is also a very serious aspect of TCC,
with an average recurrence rate of 36 % [7] for bladder cancer globally. On a global level,
549 393 people were diagnosed with bladder cancer in 2018, and 199 922 people died
from it [6].

The Tumor Node Metastasis (TNM) Classification of Malignant Tumors has defined
different stages of cancer depending on its spread. In its earliest stage, the carcinoma
is only confined to the urothelium layer, which is called Carcinoma In Situ (CIS). As
Figure 2.7 illustrates, the tumor will typically grow inwards into the hollow bladder for
Ta stage. T1 indicates spread through the basement membrane, and into the stroma.
Stages T2a and T2b indicate that carcinoma has grown into the inner and outer detrusor
muscle respectively. If the TCC reaches the outer layer of fat it is graded stage T3, and
if it has reach tissue of adjacent organs it is graded stage T4 [37]. In cases where the
carcinoma grows into the muscle tissue of the bladder wall, the prognosis is worse and
a cystectomy may be necessary, i.e. removal of the bladder. The cystectomy is either
partial or radical, where the bladder is partially or fully removed respectively, depending
on the spread [38]. If the cancer spreads to nearby lymph nodes it is staged from N0 to
N3, and if it spreads to other parts of the body it is staged as M1.

Figure 2.7: Early stages of bladder cancer.
This is an altered figure from Wikimedia Commons, File:Diagram showing early stage

bladder cancer CRUK 442.svg, licensed under CC BY-SA 4.0 [39]

Cancer grade is also used to diagnose bladder cancer with the use of Worlds Health
Organization’s (WHO) grading systems, WHO1973 and WHO2004. WHO2004 grades
papillary urothelial neoplasm of low malignant potential (PUNLMP) as low or high grade

https://creativecommons.org/licenses/by-sa/4.0/deed.en
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[40]. WHO1973 grades the tumors from 1 to 3 [41]. The grading is based on the tissue
texture, arrangement of the cell nuclei, abnormal appearance of cell nuclei and rapid
increase in number of cell nuclei.

In 2017, new guidelines were published by European Association of Urology under
the acronym WHO2016. The new guidelines aims to improve clinical management of
non-muscle-invasive bladder cancer (NMIBC), i.e. the earliest stages of bladder cancer.
WHO2016 offers recommendations graded A, B or C with regards to cystoscopy and
other clinical measures for NMIBC. According to the guidelines, it is recommended to
use TNM staging for classification of tumor invasion, and a combination of WHO1973
and WHO2004/WHO2016 is recommended for grading [42].

The goal of the diagnosis is to obtain a correct grading and staging of the cancer, as well
as the chance of recurrence. This will further be conclusive for a cancer-treatment plan
for the patient. Some of the features pathologists look for is abnormal growth in the
urothelium tissue. A healthy urothelium region will typically have cells that are aligned
and evenly spaced, and are structured in an organized manner. Tumorous urothelium
tissue can appear more chaotic and unorganized. Regions that contain muscle tissue are
especially interesting, as this can indicate how far the tumor has infiltrated the bladder
wall. The tissue regions that contain damaged tissue and blood will not be evaluated
from a diagnostic perspective [43].

2.4 Histology and Immunohistochemistry

Histology is the study of cells and tissue from plants and animals, and is a branch of
biology. Histology as a field of study has been around since the 17th century when Italian
Marcello Malpighi studied different body parts from animals under a microscope [44]. In
modern histology, more advanced optical lenses are used, and images are often digital.
The use of histology has become an important part of diagnostic procedures within many
fields of medicine. Following a tour at the Department of Pathology at the Stavanger
University Hospital, where the immunohistochemistry procedure of tissue from bladder
cancer patients was introduced, the following was observed in brief:

The tissue is removed from the patient through Transurethral Resection of Bladder
Tumor (TURBT) by the use of a resectoscope. This is a long tube-like tool that is probed
from the urethra up into the bladder, with a tiny camera mounted at the end. It also
holds a tool to remove tissue from the inside of the bladder, like a laser or a heated wire
loop. The resulting tissue will often bear mark of edges torn apart or burned off. After
the tissue is removed, it is fixed in formalin before being embedded into paraffin. When
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the paraffin has solidified, it has a similar consistency to tissue, and can more easily be
sliced into 4 µm thick slices. This is achieved with a Leica RM2255 microtome, a slicing
tool that firmly moves a knife up and down as it cuts into the paraffin. Variation in slice
thickness is relatively common, and sources problems like color variation in the resulting
image due to different levels of light passing through. The slices are then mounted on a
glass slide and stained with Hematoxylin, Eosin and Saffron (HES) by the automatic
staining machine, Ventana HE 600. The resulting image will vary depending on staining
effectiveness and tissue quality, which is further discussed in Section 3.1.2.

Hematoxylin and Eosin is a widely used staining combination with the two dyes pink
and purple. Hematoxylin binds to DNA, which is located in the cell nucleus, coloring
them purple. Eosin binds to positively charged compounds like proteins and cytoplasm,
and will color them pink or red [45]. Saffron is added to distinguish stroma tissue from
muscle tissue, i.e. coloring stroma tissue yellow/orange while muscle tissue remains pink
from the Eosin [46].
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This chapter takes a technical look at the histological images, and offers a brief history
of neural networks. Neural networks are explained, and different techniques used in
conjunction with them.

3.1 Histological Images

Histological images are digital images formed by scanning a histological slide, i.e. a tissue
sample. An example of a histological image is shown in Figure 3.1.

Figure 3.1: An example of a histological image in the dataset, extracted at 25x
magnification.

15
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3.1.1 Tissue Classes

WSI is also known as virtual microscopy, and uses an array of lenses to capture smaller
images at high resolution, which in turn can be compiled together to form an image of
the whole slide. There are mainly six types of tissue or cells found in the WSI used in
this thesis. These make up the classes explained in Table 3.1, and also illustrated in
Figure 3.2.

Table 3.1: Description of tissue classes used in this thesis.

Class Description

Background Consists of white or light gray colored pixels, or small parts of debris,

ink spots or other irrelevant features

Blood Red blood cells, distinctively red in color and texture-wise high

quantity of small cells

Damaged Any type of cell or tissue that has been damaged due to burn from

biopsy or otherwise torn apart

Muscle Smooth muscle fibers, distinctively pink in color and texture-wise

elongated cells

Stroma Group of tissue types that involve blood, nerves, fat and other types

of connective tissue

Urothelium Urothelium tissue from the mucosa membrane in the bladder

Figure 3.2: The different classes used in the deep learning model, extracted at 400x
magnification. From left to right: Background, Blood, Damaged, Muscle, Stroma and

Urothelium.

The classes blood through urothelium are considered the five foreground classes.
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3.1.2 Image Quality

The scanning procedure of the SCN400 captures the sample at 400x magnification, which
enables pathologists to study cells up close. On the contrary, this leads to some variations
in image quality. When the lens is focused, small variations in distance from the cell
to the focused area can cause areas of tissue that are out of focus, as can be seen in
Figure 3.3. This reduces the detail quality in the region, and can in some cases make for
a bigger challenge with regards to classification.

Figure 3.3: Example of an area that appears to be out of focus.
Extracted at 400x magnification.

The tissue samples are prepared in a sterile zone at the hospital, however, debris can
still be found on many of the images. The debris can originate as damaged tissue torn
from the main sample, as this can naturally occur when it is prepared. Debris may also
come from dust particles etc. that somehow makes its way in front of the lens, or onto
the sample. Figure 3.4 shows some examples of debris found in the dataset.

(a) Thin debris. (b) Debris with some ink stains.

Figure 3.4: Example of debris found in the images from the dataset.
Extracted at 400x magnification.
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Certain WSIs contain areas that appear to be pure ink stains from either the staining
procedure, or from colored markers used by pathologists to indicate regions of interest
early on. Different coloured lines or spots can be seen in areas where no tissue appears
to be present. Figure 3.5 shows some examples of this.

(a) Extracted at 400x magnifi-
cation.

(b) Extracted at 100x magnifi-
cation.

Figure 3.5: Example of ink spots found in the images of the dataset.

In an effort to make the images contain as few amount of cells inwards in the picture,
the slides are cut at a very small thickness of 4 µm. A direct consequence of this can be
seen in several of the images, as the tissue appear to be folding. The degree of folding
will vary from a single short fold, to entire areas crumbled together, and appears to
particularly affect larger clusters of red blood cells. An example of this can be seen in
Figure 3.6.

Figure 3.6: Example of an area that appears to be folded together.
Extracted at 100x magnification.

Some images appear to have a shadow print right next to it. This can be observed in
some areas in Figure 3.1, appearing as a shadow to the left of the original shape. This
does in most cases not cause any issues as the shadows are of low contrast.

As mention previously, variation in slicing thickness and variation in staining effectiveness
can both cause color variation. This can be seen in Figure 3.7, however, its affect can be
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observed on other tissue types as well. Consequently, this can lead to the region having
different features in the different color channels, which are detected by individual kernels,
see Section 3.3.2. Others have tried to normalize the stain colors in histological images
[47], however, this has not been a subject in this thesis.

Figure 3.7: Example of color variation in urothelium tissue, from different images in
the dataset. Extracted at 400x magnification.

3.1.3 SCN-Format

The images used in this thesis are of a .scn-file extension, which is Leica’s own format used
to view the images in their own software, Aperio ImageScope. The files are very large,
with some files accounting for several gigabytes of storage. The format has a pyramidal
structure, to accommodate for rapid zooming in and out of areas when the pathologists
are examining a WSI. This structure also allows for easy extraction of images at different
magnifications, when the images are so large. SCN-files are based on BigTIFF, which is
the equivalent to TIFF-format with a larger offset to allow for larger images to be saved
in the same file [24].

Other applications can open the file extension as well, like PyVips [48] which is used in
this thesis. The open-source library was developed by J. Cupitt and K. Martinez, and
can load specific parts of the image into memory, as the image is too large to load as a
whole.

3.2 Neural Networks

This section starts with a brief history on neural networks, and gives an introduction to
how they work. Later, more advanced deep learning architectures are presented.
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3.2.1 Origin of Neural Networks

The history of neural networks dates back to the Second World War, when in 1943
Warren Sturgis McCulloch attempted to model a simple NN with electrical circuitry,
proposing that neurons were the base logic unit of the brain [49]. In 1949, Donald Hebb
proposed that our memory was based on interactions between neurons structured in
"cell-assemblies" in our brain, and that a particular path in an assembly got stronger
each time it was activated [50]. During the 1950s, IBM researched on simulating neural
networks utilized within the fields of pattern recognition and information theory. In
1957, Frank Rosenblatt invented The Perceptron, a binary NN with adjustable weights of
analogue architecture in-between them. Rosenblatts network was able to classify shapes
and letters in images, and was even able to distinguish between some photos of men and
women based on gender [51]. The Perceptron was later proven to be very limited in 1969,
which to a significant degree halted further development on NN.

In 1970, Seppo Linnainmaa published a paper on automatic differentiation of discrete
connected networks, a technique in backpropagation of errors in multilayer NN, still
used to this day. The paper did, however, not refer to neural networks as a use case
of the method [52]. In 1986, a paper describing backpropagation and its use in NN
was published by D. E. Rumelhart, G. E. Hinton and E. J. Williams, which sourced
a new interest for NN as it theoretically allowed for approximation of any function.
Nevertheless, with the relatively poor computing power at the time, most researches
slowly began to work on other techniques [53]. In 1992, max-pooling was first introduced
in conjunction with NN [54], and in 2012 Andrew Yan-Tak Ng and Jefferey A. Dean
presented a network that could classify cats from unlabeled data [55]. In the years to
follow, neural networks trained on Graphical Processing Units (GPU) allowed for larger
networks that could process larger inputs like images and video [56].

Today, many of the biggest technology companies out there are utilizing neural networks
in their operations and products [57]. Tesla’s vehicles implement a driver-assistance
system known as Autopilot, which assist the driver in things from lane-centering to
automatic emergency breaking in case of danger. The system feeds data back to Tesla
for them to further train their Autopilot on [58]. Google utilizes NN in their speech
recognition system, photo search and many other platforms, and have developed their own
open-source library that can be used for NN among other machine learning architectures,
called TensorFlow [59].
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3.2.2 Artificial Neurons

Artificial neurons are the elementary units in artificial neural networks, and is a mathe-
matical representation of biological neurons in the brain. A single artificial neuron is
shown in Figure 3.8. The orange circles represent the inputs, xi, to the artificial neuron
in green.

Figure 3.8: Illustration of a neuron.

In neural networks, neurons are often referred to as nodes, and a network can consists
of several thousands of them. As such, it is a good practise to assign a number to each
node. Node k is composed of two components, a summation part, Σ, and a function, ϕ,
referred to as the nodes activation function or transfer function. The lines connecting
the inputs to the node are called weights, so that a particular input can have different
affects on the different nodes it is connected to. How much the input, xi, affects node k
is given by the weight wik, and so forth. This gives us the output of nodes k as yk in
Equation 3.1, with n inputs.

yk = ϕ

[
n∑

i=0
xiwik

]
= ϕ

[
x0w0k + x1w1k + x2w2k + ...+ xnwnk

]
(3.1)

Additionally, nodes will normally have a certain bias to allow for a linear shift of its
output [60]. This bias is given as x0w0k, however, since x0 = 1 ∀k, the bias of node k
is really just w0k, and often simply denoted as bk. This results in the output given in
Equation 3.2.

yk = ϕ
[
x0w0k + x1w1k + ...+ xnwnk

]
= ϕ

[
bk + x1w1k + ...+ xnwnk

]
(3.2)
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For networks involving multiple nodes, the bias is often not included in the overall
drawing of the network.

3.2.3 Fully-connected Neural Networks

Figure 3.9: Illustration of a simple feed forward fully-connected neural network.

In Figure 3.9, a simple configuration of a fully-connected neural network (FCNN) is
illustrated, where all the nodes are connected. Each circle represents a node, which has a
number of inputs and outputs. The first layer of nodes is called the input layer, which in
Figure 3.9 is made up of nodes i0, i1, i2, and has to match the dimensions of the dataset.
The last layer of nodes is called the output layer, nodes o7, o8 in Figure 3.9, and must be
equal to the number of classes that the FCNN should classify. In between them there
may exists several layers of neurons, called hidden layers, which in Figure 3.9 is made up
of neurons h3, h4, h5, h6.

Ultimately, the goal of the network is that when the network is fed new unknown data
to the input layer, the correct corresponding output nodes should be activated. In order
to achieve this, the network has to be trained so that it learns to distinguish between
different inputs, by adjusting the weights and biases in the network. There exists several
different methods of learning, as abbreviated in Section 3.5, however, supervised learning
will be explained in detail here.

For supervised learning, the network is trained on labeled data, i.e. data that has been
assigned a label indicating the correct class, often represented in the form of a vector.
More in depth, the weights and biases in the network must be adjusted in such a way that
the network learn which nodes that should activate in the output layer. The dataset one
wish to train the network on is split into a test dataset and a training dataset, typically
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training on a significantly larger portion of the dataset then what it is tested on. After
the network has been trained, it can be tested on new data to see if the network classify
it correctly, i.e. activate the correct output node. Normally, a FCNN will have a far
greater size and complexity than what is illustrated in Figure 3.9. Typical characteristics
of the NN will be explained in this section.

3.2.4 Activation Function

The output of a node is given by its activation function, which takes parameters from all
nodes located in the previous layer. The activation function of a particular node can vary
depending on what layer in the network it belongs to, and specific activation functions
fulfil different use cases. In some cases, one may want to limit the output of a given
node. This can be done by the use of a Sigmoid function, σ, as the activation function,
ϕ, which is shown in Equation 3.3. The Sigmoid function is often used in the output
layer to limit the output between 0 and 1 [61]. Referring to Figure 3.9, the output of the
output node, o7, is given in Equation 3.3, where the nodes from the previous layer is
represented as hx. The bias of node o7 is represented as b7, and the weights denoted as
w12 being the weight between node 1 and 2.

o7 = σ

[[∑6
i=3 hiwi7

]
+ b7

]
= σ(h3w37 + h4w47 + h5w57 + h6w67 + b7)

= 1
1+e−(h3w37+h4w47+h5w57+h6w67+b7)

(3.3)

The Sigmoid function will exponentially converge towards 1 for large positive input values,
and converge towards 0 for large negative input values. Another well known activation
function is the Rectified Linear Unit (ReLU) [62]. The ReLU function simply prevents
the output from being negative, as shown in Equation 3.4.

o7 = max(h3w37 + h4w47 + h5w57 + h6w67 + b7, 0) (3.4)

Using the Sigmoid function in the output layer of a multiclass NN model can result in the
total sum of all the nodes in the output layer being greater than 1, which is problematic
in probability theory. A function similar to Sigmoid compensates for this, and is called
Softmax. The Sigmoid function limits the output of a particular node to be somewhere
between 0 and 1, where as the Softmax function ensures that the entire layer sums up to
1 [63]. The Softmax activation function for the node 07 is given in Equation 3.5.

o7 = eo7

eo7 + eo8
= e(h3w37+h4w47+h5w57+h6w67+b7)

e(h3w37+h4w47+h5w57+h6w67+b7) + e(h3w38+h4w48+h5w58+h6w68+b8) (3.5)
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The Softmax function is often used in the output layer of a NN, however, it allows for
few flaws in the design of the classifier, as it will deliver a sum of 100 % probability every
time. In other words, the output can never be 0 % for all the classes, which would be
correct if new data is to be classified, where the true label of that data is neither of the
classes in the output layer. If the classification problem involves labels that are mutually
exclusive, i.e. one sample cannot be more than one class, Softmax must be used of the
two. If the data can belong to several different classes in the output layer, Sigmoid can
be used.

3.2.5 Cost Function

When a new neural network is initialized, its weights and biases are normally set to
random numbers taken from a truncated Gaussian distribution. When it is fed new data
during training, a method of quantifying how bad or good the network performed is
needed [64]. This is normally done by computing a cost function, and there exist multiple
cost functions to choose from. Two much used cost function are cross-entropy, and mean
squared error (MSE).

Mean squared error

MSE computes the squared of the differences between the actual output, oxa , and the
correct output, oxc . This is referred to as the loss of the respective sample, and the mean
cost refers to the average of all the losses of all the samples. As an example, the network
in Figure 3.9 is fed some data which is resulting in the outputs o7 = 0.86 and o8 = 0.14.
The correct label for that particular data corresponds to the outputs o7 = 1.00 and
o8 = 0.00, which results in the loss of this example in Equation 3.6, when using the MSE
cost function.

C = (o7a − o7c)2 + (o8a − o8c)2 = (0.86− 1.00)2 + (0.14− 0.00)2 = 0.0392 (3.6)

The mean cost is small when the network is close to the true values in the output layer,
and grows larger the more incorrect it is.

Cross-entropy

Entropy, with respect to information theory, refers to the probability of certain events.
If the probability distributions representing these events is balanced, with each event
being just as likely, the events will have a high entropy. If the probability distributions
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is skewed, with some events being more or less likely than others, the events will have
a low entropy. Entropy can be viewed as the spread of the probabilities among the
possible events. In entropy coding, this is used to code transmitted data by using the
least number of bits to represent the most likely events, and most number of bits to
represent the rarest events.

Cross-entropy calculates the difference between the entropy in two distributions. The
number of bits used to transmit the average event in one distribution compared to
the average event in the other distribution. When a neural network is fed data during
supervised training, the data is accompanied by a label. The label is represented as the
correct output vector: y = [o7, o8] = [1.00, 0.00], and has a distribution, p, with zero
entropy as o7 is infinitely more likely than o8 for this input. The actual output of the
model, ŷ = [0.86, 0.14], can also be represented as a distribution, q. The cross-entropy
loss, H, can then be calculated between the real distribution originating from the label,
and the distribution of the models current predicted output given by the weights and
biases of the model for the specific input:

H(p, q) = −
8∑

i=7
pi log qi = −

[
1
2 log 0.86 + 1− 0

2 log (1− 0.14)
]
≈ 0.302 (3.7)

Similar to MSE, the smaller cross-entropy loss, the closer the model is to predicting the
correct class.

3.2.6 Gradient Descent

Gradient descent is an algorithm for finding a local minimum of a function. The function
at hand must be differentiable, as the gradient descent algorithm calculates the steepest
path on the curve to the nearest local minimum [65]. The gradient, ∇, of the function
is a vector calculated at a given point by taking the derivative of the function. As an
example, a simple two dimensional function is given in Equation 3.8.

y = f(x) = x2, ∇ = dy

dx
= 2x (3.8)

The iterative formula in Equation 3.9 moves a point in the negative direction of the
gradient for each iteration. The learning rate, µ, adjusts the step size to travel down the
function.

xk+1 = xk − µ∇f(x) = xk − µ
(
dy

dx

)∣∣∣∣∣
x=xk

(3.9)

Here, the next state x position, xk+1, is given by the current x position, xk, plus some
step, µ, in the direction of the negative gradient ∇. Thus, the total step is a product of
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both the steep of the gradient and the learning rate, all in the direction of the steepest
descent.

Initially, the cyan colored dot in Figure 3.10 is located at x0 = 2, and by using a learning
rate of µ = 0.1, the first 3 resulting iterations of the gradient descent algorithm is given
in Equation 3.10, 3.11 and 3.12 respectively.

x1 = x0−0.1(2x0) = 2−0.1(2 ·2) = 1.6, y1 = f(1.6) = 1.62 = 2.56 (3.10)

x2 = x1−0.1(2x1) = 1.6−0.1(2 ·1.6) = 1.28, y2 = f(1.28) = 1.282 = 1.6384 (3.11)

x3 = x2−0.1(2x2) = 1.28−0.1(2·1.28) = 1.024, y2 = f(1.024) = ... = 1.048576 (3.12)

The colored dots in Figure 3.10 represent different learning rates for the first 3 iterations
of the gradient descent algorithm, where cyan is the initial point x = 2, blue is µ = 0.0125,
green is µ = 0.1 and red is µ = 0.8. The stippled lines represent the gradient corresponding
to the point it is tangent to.

Figure 3.10: Plot of function y = x2 (black) to illustrate gradient descent at different
learning rates. Cyan is the initial point x = 2, blue is µ = 0.0125, green is µ = 0.1 and

red is µ = 0.8. Plot is generated in MATLAB.

To summarize, the learning rate affects how fast the gradient descent algorithm traverses
down the path to the local minimum. Too large learning rate will cause an unstable
learning process, where the weights are moved too much, possibly classifying a sample as
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a whole different class. Too small learning rate will make the learning process slow and
could possibly get stuck in the process.

3.2.7 Backpropagation

Backpropagation is an algorithm that calculates the adjustment of the weights and biases
in the NN, i.e. computing the gradient descent algorithm of the cost function to the NN
[66]. The cost function to the NN takes in all its weights and biases as parameters, and
the problem quickly becomes multidimensional in contrast to the simple two-dimensional
example in Section 3.2.5. In order to apply backpropagation algorithm to the NN in
Figure 3.9, we first must find the negative gradient of its cost function, C(·), which is
given in Equation 3.13. Here it is assumed no bias in the input layers.

−∇C(w03, w04, ..., w67, w68, b3, b4, b5, ..., b8) (3.13)

Notice that there is no learning rate involved in Equation 3.13. In theory, the function
in Equation 3.13 is finding the steepest descent in a 27 dimensional space. Since the
cost function is an average of the cost of all the training samples, the way to adjust the
weights and biases depends on every single data in the training set.

The NN in Figure 3.9 has two classes. Intuitively, when we have an output like the one
in Equation 3.6, we want to adjust the output of node o7 to go from 0.86 to 1.00, and
similarly the output of node o8 to go from 0.14 to 0.00. Furthermore, the weights and
biases leading to the output of node o7 should be adjusted up, and the weights and biases
leading to the output of node o8 should be adjusted down. Also, this adjustment should
be proportional to the difference in actual and correct output, i.e. +0.14 for node o7 and
-0.14 for node o8. Looking at node o7, its activation function is given in Equation 3.3.
The three adjustable parameters are the bias, the weights and the activation function
from the previous layer. The activation function in the previous layer can not be adjusted
directly, however, the weights and biases leading from the input layer to the hidden layer
can. Assuming that the ReLU activation function is used in the hidden layer, we can
substitute Equation 3.14 into Equation 3.3, resulting in Equation 3.15.

hx = max(i0w0x + i1w1x + i2w2x + bx, 0) (3.14)
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o7 = σ([max(i0w03 + i1w13 + i2w23 + b3, 0)]w37

+[max(i0w04 + i1w14 + i2w24 + b4, 0)]w47

+[max(i0w05 + i1w15 + i2w25 + b5, 0)]w57

+[max(i0w06 + i1w16 + i2w26 + b6, 0)]w67 + b7)

(3.15)

As the name suggest, the output of node o7 has been propagated backwards until the
result in Equation 3.15, which only contains all the adjustable weights and biases along
with the three inputs. Calculating the gradient descent of the cost function based on the
inputs o7 = 0.86 and o8 = 0.14, and adjusting the weights and biases based on this, would
train the network only on that specific input. Hence, the backpropagation algorithm has
to be performed for every single data in the training set, and finally take an average
of all the desired adjustments in the NN. All these desired adjustments of the NN can
be organized in a vector, and will then be proportional by a factor µ to the negative
gradient of the cost function of the NN.

It is desired to know how much a change in the weights propagate a change in the total
cost function, which is mathematically described in Equation 3.16. How much a change
in weight w03 affects the cost function is really how much a change in weight w03 affects
the output of node h3, and how much that again affects the output node o7 which in
turn directly affects the cost function.

∂C(·)
∂w03

= ∂h3(w03, ...)
∂w03

∂o7(w37, ...)
∂h3(w03, ...)

∂C(·)
∂o7(w37, ...)

(3.16)

Without going into detail on all the partial derivatives relating to the cost function,
the change in all the weights with respect to the total cost function must be found in
order to obtain the desired adjustment of them all. Processing all the training data and
calculating the desired adjustment for them all based on the backpropagation algorithm
requires immense computational power. A method known as Stochastic Gradient Descent
(SGD) optimizes these computations by randomly splitting the training dataset into
smaller batches of equal size [67], see Section 3.2.9. An approximation of the gradient
descent is then calculated by computing the gradient for each of these batches. SGD is
also referred to as an optimizer, and there exists several other optimizers that utilizes
the base principles of gradient descent in different ways.
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3.2.8 Evaluation of Model Performance

The loss function refers to how a NN performs for a specific input. The backpropagation
algorithm is performed to correctly adjust the networks interpretation of that data.
Eventually the network must be tested on new data it has not seen before, and ways to
quantify its performance is needed. Different parameters for performance is presented in
this section.

Multiclass confusion matrix

The confusion matrix is a useful tool to analyse a models performance, and several
parameters can be extracted from it. As an example, the confusion matrix of a multiclass
model is given in Figure 3.11. Here, a NN is trained in a similar fashion to the once in
this thesis, with all six classes.

Figure 3.11: Example of a multiclass confusion matrix for the six classes used in this
thesis. With respect to class Blood: Green = True Positive, Red = True Negative,

Orange = False Positive, Blue = False Negative.

The confusion matrix present all the data that the model has been able to classify, in a
way that allows for an easy understanding of its performance. In this example, the model
is not very good, and has only been able to classify 25 tiles. 19 of those tiles were blood,
and the remaining 6 tiles were muscle tissue. For blood tiles, all but one was classified
correctly, with one blood tile incorrectly predicted to be stroma tissue. 2 muscle tissue
tiles were classified correctly, and 4 muscle tissue tiles were classified incorrectly as blood
tiles.

For the rest of the cells in Figure 3.11, cells located in the pattern for a identity matrix,
where predicted class meets true class, is referred to as true positive (TP). TP is the
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number of correctly classified tiles for the respective class. For blood, true negative (TN)
refers to all the tiles with true class other than blood, that were classified as anything
else than blood. False negative (FN) refers to the number of positive samples that
were classified to be negative samples. For blood, that is the number of true blood
tiles classified as another class than blood. Finally, false positive (FP) indicates how
many samples of class negative that were classified to be class positive, or the number of
predicted blood tiles whose true class was another. A healthy looking confusion matrix
will have the majority of numbers in these diagonal cells, and few in the rest.

Accuracy

The accuracy describes how accurate the model is with regards to all classes. This
number describes how large percentage of all test data were correctly classified as their
respective class. P is the total number of positive samples, and N is the total number of
negative samples. For the example in Figure 3.11, the accuracy is given in Equation 3.17.

Accuracy = TP + TN

P +N
= 18 + 2

18 + 4 + 1 + 2 = 0.8 = 80% (3.17)

Precision

Precision is calculated per class, and indicate how many of the samples classified as being
positive actually were correct. For blood this become the rate of true blood tiles out of
all tiles predicted as blood. The formula for precision is given in Equation 3.18, along
with precision for class blood in the example in Figure 3.11.

Precision{blood} = TP

TP + FP
= 18

18 + 4 ≈ 0.8182 = 81.82% (3.18)

Recall

Recall, also referred to as sensitivity, is also calculated per class, and indicate the true
positive rate, i.e. rate of true blood tiles out of all tiles with true label blood. The recall
for class blood from the example in Figure 3.11 is given in Equation 3.17.

Recall{blood} = TP

TP + FN
= 18

18 + 1 ≈ 0.9474 = 94.74% (3.19)

Specificity

The specificity function describes how robust the model is at rejecting true negatives.
For blood tiles this becomes the rate of tiles predicted as other tissue types than blood
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out of all the tiles that are not true class blood. The formula can be seen in Equation
3.20.

Specificity{blood} = TN

N
= 2

3 ≈ 0.6667 = 66.67% (3.20)

F1 Score

The F1 score combines both precision and recall in one measure, as shown in Equation
3.21. A F1 score of 100 % is the equivalent of perfect precision and sensitivity.

F1{blood} = 2 · Recall · Precision
Recall + Precision

= 36
36 + 4 + 1 ≈ 0.8780 = 87.80% (3.21)

A good practice is to look at individual F1-scores along with allover accuracy, as the
F1 includes both precision and recall. A perhaps even better practise is to study the
confusion matrix to see if any significant misclassifications sticks out, like the example in
Figure 3.11 where 2/3 of all muscle tiles get classified as blood.

3.2.9 Common Machine Learning Terms

Samples

One sample is one element in the dataset. For this thesis, one sample refers to one
128x128x3 tile at 400x magnification, one 128x128x3 tile at 100x magnification, and
one 128x128x3 tile at 25x magnification, all centered at the same area in a WSI. It can
be accompanied by a corresponding output vector or scalar, indicating how the model
should interpret the data, i.e. the label [68].

Epoch

One epoch is defined as one pass-through of the whole training dataset. A good practice
when training a model is to set a limit to how many epochs it should be trained for.
A better practice is to set an acceptable limit to number of consecutive epochs with a
validation loss smaller than some value, i.e. early stopping [68].

Batch-size

The dataset is split into mini-batches that are processed independently. The backpropa-
gation algorithm is run for every batch. For a dataset with 1 000 samples, a batch-size of
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100 would make one epoch take 10 mini-batches to complete. In general, the larger the
batch-size, the faster the training process will be, and the more accurate the adjustment
of weights will be each time as more data is involved. On the other hand, as batch-size
increases, more available memory on the GPU is required, and will in many cases limit
the mini-batch size to be below 256 samples [68].

Training dataset, test dataset and validation dataset

In the context of NN, a dataset is normally split into a training dataset and a test
dataset. During training, the model is trained on the data in the training dataset. In
order to evaluate model performance during training, a proportion of the training dataset
is reserved for a validation dataset, typically the last 15 % of the dataset. The model
evaluates performance by using the validation dataset at the end of each epoch. The
validation dataset is not shuffled during training, but remains the same for every epoch
to prevent multiple varying local minimums in the cost function. When the model is
finished training, its performance is tested on the datatest set, which have not previously
been involved in training for the particular model [68].

3.3 Convolutional Neural Networks

Convolutional neural networks are popular within the field of image processing, and
differentiates from traditional FCNN in that not every node is connected to each other.
Instead, a element-wise matrix multiplication is computed between the input and a
kernel in order to detect features [69]. This makes the convolutional layers well suited
to detect patterns in images, as the layer convolves a kernel across the entire image.
In turn this allows for specific features to be detected in all parts of the image, and
defines convolutional layers as shift-invariant. The kernel is, like the weights and biases,
initialized with random numbers and as it is trained, and becomes more and more specific
to what sort of feature it detects. For an intuitive approach, general convolution is
presented first, followed by the operations within the convolution layer.

3.3.1 Feature Detection with Convolution

Figure 3.12 contains a kernel for detecting thin edges, an input and a corresponding
feature map. The formula for discrete 2D convolution is given in Equation 3.22, where A
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and B represent two 2D matrices.

y(i, j) = A ∗B =
∑
m

∑
n

A(i−m, j − n)B(m,n) (3.22)

Applying the convolution formula between the 2D input image, A, in Figure 3.12b and
2D kernel, B, in Figure 3.12a, results in the first element produced at i = 2, j = 2 as is
shown in Equation 3.23. The values computed for i < 2 and j < 2 would cause negative
coordinates in the input image, and would require zero-padding. This is neglected here.

y(2, 2) =
∑2

m=0
∑2

n=0A(2−m, 2− n)B(m,n)

= A(2, 2)B(0, 0) +A(2, 1)B(0, 1) +A(2, 0)B(0, 2)

+A(1, 2)B(1, 0) +A(1, 1)B(1, 1) +A(1, 0)B(1, 2)

+A(0, 2)B(2, 0) +A(0, 1)B(2, 1) +A(0, 0)B(2, 2)

(3.23)

It is important to flip the kernel both horizontally and vertically prior to convolution,
as one of the matrices is always indexed by −m,−n by the definition of convolution.
By denoting the flipped kernel of size 3x3 as B̃ where B̃(m,n) = B(2−m, 2− n), the
convolution becomes as presented in Equation 3.24.

y(2, 2) =
∑2

m=0
∑2

n=0A(2−m, 2− n)B̃(m,n)

=
∑2

m=0
∑2

n=0A(2−m, 2− n)B(2−m, 2− n)

= A(2, 2)B(2, 2) +A(2, 1)B(2, 1) +A(2, 0)B(2, 0)

+A(1, 2)B(1, 2) +A(1, 1)B(1, 1) +A(1, 0)B(1, 0)

+A(0, 2)B(0, 2) +A(0, 1)B(0, 1) +A(0, 0)B(0, 0)

(3.24)

This is the equivalent of element-wise multiplication of the two matrices A(0 : 2, 0 : 2)
and B. Similarly, the remaining values for y(i, j) is calculated to obtain the output in
Figure 3.12c, which is referred to as the feature map. In the feature map, the features in
the input image, in this case features of a 45◦ line, are detected in space and identified
with larger numbers corresponding to how similar the feature is to the kernel.
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(a) Kernel
B.

(b) Input A. (c) Feature map y.

Figure 3.12: Convolution in 2D.

3.3.2 Convolutional Layers

For CNNs applied to RGB images, the input becomes three dimensional, and so does
the kernel. One kernel for each color channel convolves across the entire image, and
computes the element-wise multiplication. The resulting dot products are then summed
up and stored as a single pixel in the output feature map, which is then passed to the
next layer in the CNN. As an example, Figure 3.13 shows the output feature map after
three kernels have been utilized in a convolutional operation with the three channels of
the input image.

Figure 3.13: Illustration of convolutional operation for a 3D RGB input.

As the model is trained, different kernels are generated in the convolutional layers. As
such, one can think of the kernel as a sort of filter that finds features that are similar
to the kernel. The resulting output will be large if a specific area in the input image
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produces a high number when the element-wise multiplication is calculated with a kernel
representing some feature. In other words, if a specific feature is located in the top left
corner of an image during training, the same feature would be detectable during testing
wherever it is located in the image. Convolutional neural networks also enables feature
sharing, as features in the first convolutional layers may be shared with different kernels
in the next convolutional layer when they are concatenated.

3.3.3 Pooling Layers

Pooling layers are often used in the combination with convolutional layers for down-
sampling the feature map, reducing its dimensions. The two most common techniques
are max-pooling and average-pooling. Max-pooling is typically used to pass forward only
the most important level pixel in a fixed area in the feature map. This fixed area is
referred to as a kernel, and slides over the image much like the convolutional layer. This
makes it so that the most significant features detected in the convolutional layer will be
forwarded to the next layers. The most common configuration is to use a 2×2 kernel
that strides 2 pixels each time [70]. For average-pooling, the average of the pixels in the
kernel is calculated and passed forward. Max-pooling is illustrated in Figure 3.14, where
a 4x4 input image is reduced to a 2x2 output image.

Figure 3.14: Simple illustration of the operation performed in a max-pooling layer.

Ultimately, the use of pooling layers reduces the computational load, as there are fewer
weights and biases in the layers after the max-pooling layer. Its usage can also help to
diminish issues related to overfitting, as explained further in Section 3.3.5.
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3.3.4 Fully-connected Layers

Fully-connected layers, in the context of CNNs, are the layers located after the convolu-
tional and pooling layers, and receives features vectors from them. The ultimate task of
the fully-connected layers is to convert all the features vectors from the convolutional
layers into the final output layer where each node represent a class. The first layer in the
fully connected layer is often referred to as a flatten layer, as it transforms the feature
map from the previous convolutional or pooling layer into a vector. The goals is that if a
specific node in the flatten layer has a high output, then a certain feature exists in the
input.

After the flatten layer, a number of fully connected layers will typically follow. This part
of the CNN behaves like a normal FCNN, with all its weights and biases being adjusted
based on the a backpropagation algorithm. The activation function used is typically
ReLU, and in the final output layer either Sigmoid or Softmax, depending on the class
problem.

3.3.5 Dropout Layers

A problem with small datasets in deep neural networks is overfitting, and the network
may seek out to extract unwanted features from the training set, and further base its
knowledge on these when classifying. Overfitting is a term used for deep neural networks
that has too high capacity to capture the wanted features, and alternatively instead
finds more detailed features. Underfitting is used to describe networks that have too
low capacity, and cannot fully grasp the extent of the wanted features. These unwanted
features may not be visible to the human eye, like repeated low noise in a texture.

Dropout layers are a way of dealing with such, and effectively sets the input equal to
zero for a predefined percentage of nodes at random in the layer [71]. What nodes in the
layers that are dropped updates at a predefined frequency each step when the model is
trained. Using dropout layers is referred to as a regularization method, as it allows the
network to focus on a smaller amount of features when some of the nodes are dropped.

Dropout only applies during training of the network, but can cause issues as the sum of
all inputs is altered with fewer nodes present. To compensate for this, the remaining
nodes in the dropout layer are scaled up by the inverse ratio of the dropout rate [72].
When the network is finished with training, dropout is no longer used.
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3.4 Transfer Learning

Transfer learning in neural network terminology refers to using a NN that has been
trained for another task in a new NN in order to solve a new task. There are large
amounts of parameters to go about when setting up a new NN. How many layers, number
of neurons per layer, learning rate, dropout, activation functions etc. Depending on how
relatable the task in the trained NN is to the task in the new NN, the gain from transfer
learning will vary. Intuitively, the initial layers of the deep neural network can be viewed
as feature detection. One may also think of the last layers as the most task-specific
object detection layers. Therefore, typically the first layers are inherited from the old
network and the last layers are trained from scratch [73].

A network may be transferred in full, or partially, to a new model. This can be done as
the low-level features, like vertical or horizontal lines and edges, exist in both the dataset
for the transferred model and the new model. In addition, one can select to train the
adopted part of network, or keep it as is. If the latter is chosen, the remaining parts of
the new model has to be fine-tuned for it to fit the new task.

3.5 Supervised, Unsupervised and Semi-supervised Learning

Before going into details on the matter of semi-supervised learning, it is important to
understand what supervised and unsupervised learning is. Supervised learning is the
training of a NN by the use of labeled data. Moreover, the dataset consists of data that
previously have been assigned a specific label indicating what class it belongs to. During
training, data is passed through the network and the backpropagation algorithm is
performed on the network for it to learn how to differentiate the different labels. Finally,
the network is tested on labeled data that have not been used in training, in order to
further quantify the performance of the model [74].

Unsupervised learning is the training of a NN by the use of unlabeled data. The dataset
consists of data that has not been assigned any labels. Therefore, the network can only
try and find new patterns that previously have not been detected. The technique often
takes use of cluster analysis to identify areas of shared textures, patterns, sizes, colors or
other attributes [74]. Another method in unsupervised learning is autoencoders, where
the network effectively trains on encoding and decoding the original input. Intuitively,
the input is compressed from its pure input state through a NN to a compressed state
of smaller dimension. Then the image is reconstructed using the inverted encoder as a
decoder. Further, the reconstructed image is compared to the original image, and the
weights and biases are adjusted based on this [15]. Finally, the encoder can be replaced
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with a classifier network in order to associate the most compressed features to different
classes in the output layer.

Semi-supervised learning is a branch within machine learning that falls somewhere
between supervised and unsupervised learning. Both labeled and unlabeled data is used
to train the NN, often more of the latter. It is beneficial in cases where there is small
amounts of labeled data, but large quantities of unlabeled data [74]. Training is performed
in different ways depending on the assumptions made about the unlabeled data. Data
of same label are likely to be clustered together, and can be exploited by the use of
clustering involved in the semi-supervised learning process. Another semi-supervised
method is called self-training, and aims to train a NN on labeled data in a process often
referred to as iteration 0. This iteration 0 model is then used to classify unlabeled data,
and the NN is further re-trained in iteration 1 on the newly labeled data. More and
more unlabeled data can be labeled for each iteration as the model hopefully gets more
and more accurate.

3.6 Data Augmentation

As mentioned earlier, augmentation is a technique much used when the dataset consists
of a small amount of labeled data. By making reasonable modifications to the labelled
data, one can increase its size and further improve the performance of an AI model.
There exists multiple ways of doing this from small variations in color to rotating entire
images.

Figure 3.15: Augmentation of an original image (top left) to produce seven new
augmented versions.

For histological images there are quite a few augmentation techniques that are applicable.
When the tissue is put onto the mold as described in Section 2.4, the orientation of the
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tissue is not taken into account. The rotation of the tissue sample relative to the glass
slides appears to be random, as the rotation of tissue is not taken into account during
staging and grading. Hence, a valid augmentation technique is rotation, as shown in
Figure 3.15.

Other techniques that can be applied to histological images include vertical and horizontal
shift of images, random rotations of smaller degrees, augmentation based on different
zoom levels, color and contrast, and more. Looking back at the convolutional layers in
Section 3.3, a convolutional layer by itself is shift invariant in that the convolutional
kernel is applied across the entire image, and features should be detect no matter where
they are located. As such, augmentation by shifting is in general not considered a valid
option for CNNs.

3.7 Label Types

With an underlying understanding of what labeled data is in the context of whether the
data is labeled or not, this section focuses to enlighten knowledge on different types of
labeled data. There exists no international organization to dictate how labels should be
assigned to data of different origin, however, there is a general understanding of what
can be considered ground truth labeled data and weakly labeled data.

Manually marked ground truth labels, or ground truth labeled data, is data that one
can only assume has been assigned a true label [75]. In the context of medical images
this usually means that an expert with a specific medical education and experience has
identified and classified an image, or a part of an image. Even though different medical
experts have different experiences, and hence might have different opinions on a label,
ground truth labels are without a doubt more precise than data labeled by a person
without a medical background.

Weak labels, or weakly-labeled data, is data that has been assigned an imprecise or
inaccurate label. These labels distinguish from ground truth labels in that there was
no expert involved directly in the labeling process. Weakly-labeled data can originate
from unlabeled data that has been classified by a NN trained on strong-labels of same
type. Weak labels might also refer to data where some meta-information exists to such a
degree that it can be categorize in some way [76]. For instance, if there exist information
with regards to recurrence about a patient with bladder cancer, then there exist a weak
label indicating recurrence in the corresponding WSI. This is, however, not specific to a
given area in the WSI.
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In this thesis, ground truth labeled data originate from a pathologist at the University
Hospital in Stavanger. The non-expert labels originate from non-expert annotations
made by the author, and are not considered ground truth. An overview is presented in
Table 3.2.

Table 3.2: Label types used in this thesis.

Label name Label origin

Ground truth Ground truth annotations made by a pathologist.

Cluster-Weak Automatically generated labels made by a deep learning model

trained on ground truth labels. Labels are then selected with the

cluster-based self-training method.

Non-expert Manual annotations made by the author (O. N. Dalheim), and

reviewed by co-supervisor (R. Wetteland).

Probability-Weak Automatically generated labels made by a deep learning model

trained on ground truth labels. Labels are then selected with the

probability-based self-training method.



Material and Previous Work

This chapter give details on the dataset at hand, as well as insight on the previous work
done by co-supervisor, R. Wetteland, that this thesis build on.

4.1 Data Material

The dataset consists of about 360 WSIs from individual patients that have undergone
TURBT at Stavanger University Hostpital. Each WSI have, for privacy concerns, been
assigned with a number n, and the notation WSI-n will be used to denote WSI from
patient number n. To distinguish WSI with ground truth labels from the others, WSIs
with ground truth labels start with WSI-0n, and unlabeled WSIs start with WSI-1n.
There are seven datasets used in this thesis, four consisting of ground truth labels, two
consisting of weak labels, and one of manual labels. An overview is presented in Table
4.1.

Table 4.1: Overview of datasets used in this thesis.
GT = Ground truth, C = Cluster-weak, NE = Non-expert, P = Probability-weak.

Label Ba Bl Da Mu St Ur Total
Dgt{train1} GT 21 423 16 949 28 452 8 061 3 614 25 151 103 650
Dgt{test1} GT 5 589 2 883 5 155 1 905 1 261 4 577 21 370
Dgt{train2} GT 21 423 16 949 27 404 8 061 3 614 26 467 103 918
Dgt{test2} GT 5 589 2 883 6 203 1 905 1 261 3 261 21 102
Dpw P 20 300 20 036 20 176 20 416 20 229 20 082 121 239
Dcw C 21 281 42,630 24 817 48 359 52 794 31 731 221 612
Dne NE 0 17 899 25 134 15 142 24 245 32 981 115 401
Ddm P 100 011 100 348 100 487 100 221 100 046 100 121 601 234

The datasets Dcw and Dpw are both extracted from same WSIs in the unlabeled dataset
through two different semi-supervised approaches, further explained in Sections 5.3 and
5.2.2 respectively. Dataset Dne is extracted through non-expert annotations made by
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the author, and on the same set of WSIs from the unlabeled dataset, as explained in
Section 5.4. Finally, dataset Ddm is extracted relatively similar to the probability-based
dataset, further explained in the model duplication experiment in Section 6.5.

Manually Marked Ground Truth Dataset

On 37 of the WSIs, WSI-001 to WSI-037, annotations have been made by a pathologist
from Stavanger University Hospital. The WSIs are annotated on the 400x magnification
level, from where tiles are extracted during preprocessing, see Section 4.2.1. The
manually marked ground truth dataset, Dgt, consists of 125,020 tiles extracted from
these 37 patients. The dataset is then further divided into two training datasets and two
testing datasets, with the difference that WSI-002 is swapped from the training dataset
to the test dataset, and WSI-015 is swapped from the test dataset to training dataset.
This was done after a thorough analysis of the misclassified images for models trained on
Dgt{train1}, and tested on Dgt{test1}, revealed some unique features in WSI-015, see
Section 6.3. An overview of the WSIs that make up the ground truth dataset is given in
Appendix A.

Table 4.2: Ground truth labels that make up the dataset Dgt, and corresponding tiles.

Ba Bl Da Mu St Ur Total
Total tiles 27 012 19 832 33 607 9 966 4 875 29 728 125 020
% of dataset 21.6% 15.9% 26.9% 8% 3.9% 23.8% 100%
WSIs 7 5 9 4 5 28 39
avg. tiles/WSI 3 859 3 966 3 734 2 491 975 1 062 3 205

Probability-weak, cluster-weak, and non-expert datasets

The labels used to produce the probability-weak dataset, Dpw, originate from the
probability-based self-training method, explained in Section 5.2.2. For the cluster-
weak dataset, Dcw, the labels originate from the cluster-based self-training method in
Section 5.3. The non-expert dataset, Dne, consist of labels originating from non-expert
annotations made by the author. Finally, the model duplication dataset, Ddm, originate
through a process similar to the probability-based self-training. An overview is given in
Table 4.3. A more detailed overview can be found in Appendix A, or in the attached file
patients_model_duplication.txt.
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Table 4.3: Overview of datasets Dpw, Dcw, Dne and Ddm.

Ba Bl Da Mu St Ur Total
Probability-weak dataset

Total tiles 20 300 20 036 20 176 20 416 20 229 20 082 121 239
% of all 16.7% 16.5% 16.6% 16.8% 16.7% 16.5% 100%
WSIs 46 18 42 28 42 46 46
Avg. tiles/WSI 441 1 113 480 729 481 437 2 636

Cluster-weak dataset
Total tiles 21 281 42 630 24 817 48 359 52 794 31 731 221 612
% of all 9.6% 19.2% 11.2% 21.8% 23.8% 14.3% 100%
WSIs 34 23 35 29 41 26 44
Avg. tiles/WSI 626 1 854 709 1 668 1 288 1 220 5 037

Non-expert dataset
Total tiles 0 17 899 25 134 15 142 24 245 32 981 115 401
% of all 0% 15.5% 21.8% 13.1% 21.0% 28.6% 100%
Patients 0 36 36 25 37 41 43
Avg. tile/pat. 497 698 606 655 804 2 683

Model duplication dataset
Total tiles 100 011 100 348 100 487 100 221 100 046 100 121 601 234
% of all 16.63% 16.69% 16.71 % 16.67% 16.64% 16.65% 100%
Patients 74 40 93 50 93 99 99
Avg. tile/pat. 1 351 2 509 1 080 2 004 1 075 1 011 6 073

4.2 Previous Work

As previously mentioned, this thesis focuses on utilizing semi-supervised techniques
to improve the model built by co-supervisor R. Wetteland. This section focuses on
establishing a basic understanding of this multiscale model, and the architecture behind
it. First, a brief explanation of the preprocessing routine is presented.

4.2.1 Preprocessing

The annotations in the WSIs are made on 400x magnification level, by a pathologist
from Stavanger University Hospital. As and example, the annotations appear as the
lines in the left image in Figure 4.1. The annotations were made in Aperio ImageScope,
which allows for exportation of the annotations. The format of the output file is .XML,
which describes the area as a list of single point coordinates in 3D space called vertices,
even though the real dimension is 2D. An example of a XML-file from the process of
producing ground truth labeled tiles is shown in Listing 4.1.
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The XML coordinates eventually form a line surrounding the tissue that is labeled with
a tag to indicate tissue type. The preprocessing algorithm then searches through the
annotated area to find optimal start coordinates for the tiles, to fit as many tiles as
possible inside the region. Each tiles is of size 128x128 pixels, and when the optimal
coordinates are found, the tiles are extracted at three different magnification levels, as
illustrated in Figure 4.1.

<?xml version ="1.0"?>

- <Annotations >

- <Annotation >

- <Regions >

-<Region grade ="1" creator =" pathologist " tags=" Urothelium ">

-<Vertices >

<Vertex Z="0" Y=" 153586.5700245903 " X=" 55817.54038623767 "> </ Vertex >

<Vertex Z="0" Y=" 153580.6791154994 " X=" 55802.8131135104 "> </ Vertex >

...

<Vertex Z="0" Y=" 153586.5700245903 " X=" 55817.54038623767 "> </ Vertex >

</ Vertices >

</ Region >

Listing 4.1: XML-file example. Each WSI have a corresponding XML-file containing
the coordinates for the ground truth annotations. Vertices for each region are stores as

X, Y and Z coordinates.

Figure 4.1: Origin of ground truth labels that are used to train models through
supervised learning. Image on the left contains annotations, from which the tiles in the
right image are extracted. The coordinates of the tile is then saved at three different

levels of magnification, along with its corresponding ground truth label.
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The lower magnification tiles (25x, 100x) have a larger field-of-view than the high
magnification tile (400x), allowing the model to capture both local details and the
surrounding context. The coordinates at the three magnification levels are then saved to
the dataset Dgt, accompanied by its corresponding ground truth label.

4.2.2 Multiscale Model

This section presents the multiscale model referred to as TRI-CNN in Wetteland et
al. [26]. The models architecture utilizes transfer learning, in that three individual
VGG16 models are inherited, and used as the initial layers. As such, the VGG16 model
is presented first.

VGG16

The VGG16 model [77] is a pre-trained CNN, originating from the University of Oxford.
The model is trained on over 14 million images belonging to 1000 different classes from
the ImageNet dataset [78]. As such, the model has identified a fair bit of features, which
it uses 3x3 sized kernels to detect. An illustration of the network is given in Figure
4.2. The network consists of five sequential CNN blocks that each extract features, and

Figure 4.2: Illustration of the VGG16 model used through transfer learning. The blue
boxes represent convolutional layers, orange boxes represent pooling layers.

compress them before they enter the next layer. From left to right: block 1 and 2 contain
2 convolutional layers each, followed by a pooling layer. The blocks 3, 4, and 5 contain
3 convolutional layers followed by a pooling layer. This is then further compressed to
a single 1x1x512 fully connected layer after the last pooling layer of block 5. The final
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layers of the VGG16 models are three fully connected layers followed by a 1x1x1000
Softmax output layer, that are not inherited nor illustrated.

VGG16 can be implemented through the keras library, which allows for several modifica-
tions to be made in the model. One can select to have the weights set to random, or
import the weights from the final model, as trained on the ImageNet dataset. Once the
VGG16 model is incorporated into a new model, the complete model can be trained as a
whole, or one can choose to not update the weights in the VGG16 model. The pooling
layers can be set to none, max-pooling or average-pooling.

TRI-CNN

In the work of Wetteland et al. [26], three architectures was explored, referred to as
MONO-, DI- and TRI-CNN models, utilizing one, two and three VGG16 models in
parallel. Results indicated the TRI-CNN model performing best, and thus is used in
this thesis. The TRI-CNN model is a multiscale model that uses tile-wise classification,
incorporated with three VGG16 models operating in parallel. Multiscale and TRI refers
to the use of three different levels of magnification, where each VGG16 model is fed the
same tissue area at different levels. The model is aimed towards guiding pathologists to
diagnosis relevant areas of the WSIs, however, a future goal is to utilize the model in
a computer-aided diagnosis system. An overview of the multiscale TRI-CNN model is
given in Figure 4.3.

Figure 4.3: Illustration of the multiscale model, TRI-CNN.
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The 1x512 output feature vector from each VGG16 network is fused into a single 1x1536
layer followed by a FCNN. The FCNN consists of an alternating sequence of first a
fully-connected layer with 4096 nodes, followed by a dropout layer of same size. Two
such FC-dropout layers are concatenated, before the final output layer, where a Softmax
activation function is used as classifier.

Background tiles are filtered by a 10% threshold, where tiles close to white are discarded.
Since a white 8-bit pixel value is represented as 255 in all three RGB values, the top
10 percent will capture tiles that are very close to white, which for the most part is
background tiles. As the tissue is stained with specific colors, it will not not be discarded
by the filter. Debris of significant size and color, pure ink marks, and similar will not be
discarded, and must be classified by the model.

The model is implemented in Python 3.5, with TensorFlow 1.13 [79] and Keras 2.3 [80].
Scikit-learn [81] is used to evaluate the models, and PyVips [48] is used to process the
WSIs. All tiles are saved as pickle files [82], in the architecture of Wetteland et al. [26].
Each WSI has a corresponding pickle file that maintains all the tiles belonging to it.
Each tile contains three coordinate pairs, one for each level of magnification, along with
a label indicating class, and a path identifying which WSI it relates to.





Methods

This chapter gives an in-dept description of the two methods within semi-supervised
learning proposed in this thesis. Different methods were developed and tested to produce
the best suited labels to increase accuracy, and also performance related to segmentation.
Additionally, the same WSIs used in the two semi-supervised methods were labeled by
hand by a non-expert to compare results, which is also described in this chapter.

5.1 Initial Supervised Approach

Several models were trained through supervised learning on the ground truth dataset Dgt,
and an overview on some is given in Section 6.1. This was to evaluate differences in per-
formance when using different levels of magnification, VGG16 models frozen or unfrozen
during training, binary classification versus multiscale classification and more. A complete
overview of the all models is attached to the thesis as ALL_MODELS_OVERVIEW.xlsx.

Models trained through a traditional supervised learning approach are denoted with SL.
The letter A refers to augmentation by rotation of tiles being involved to increase the
dataset, and is not denoted when no augmentation is used. GT indicate that the model is
trained on ground truth labels only. F and U refers to the weights in the VGG16 models
being frozen or unfrozen during training respectively. Finally the number 1 indicate that
a model is trained on training dataset Dgt{train1}, and 2 indicate that the model is
trained on Dgt{train2}.

For the different models trained on dataset Dgt{train1} and tested on Dgt{test1}, the
model with the highest accuracy and F1-score across all classes but muscle, is referred
to as TRI-GT-SL-AF-1. 2x augmentation of muscle and stroma tissue tiles was used
during training of it, and the three VGG16 networks were frozen. TRI-GT-SL-AF-1 was
used to predict labels in the 46 unlabeled WSIs, that later were utilized in the two SSL
approaches.
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5.2 Probability-based Self-training

The probability-based self-training (PBST) method is the most straight forward approach
within self-training, designed to prioritize tile selection only according to its probability
score across all WSIs. Each of the 46 unlabeled images are split up into tiles of size
128x128 pixels, and is classified by the original model, TRI-GT-SL-AF-1. Every tile
that is classified with a minimum probability threshold of 60 % is saved, while tiles
classified with lower probability are discarded. Tiles are then selected based on several
criteria given in Table 5.1. All models trained using the PBST method are referred to as
TRI-P-SSL. An illustration is given in Figure 5.1.

Figure 5.1: Origin of probability-weak dataset, Dpw.
WSIs are predicted using a model train on ground truth tiles. The tiles are then selected

through a probability-based approach.

Table 5.1: Tile criteria for the PBST method.

Ba Bl Da Mu St Ur
Min. tile probability 95% 80% 95% 95% 95% 95%
Max. tiles per WSI 1 900 8 000 710 5 000 5 000 480
Min. tiles per WSI 707 53 277 707 5 688 32 916
Max. tiles tot. 20 500 20 500 20 500 20 500 20 500 20 500

5.2.1 Criteria for Probability-based Self-training

The criteria for the PBST method is set to prioritize tile probability, with a demand
for all tiles to be of a minimum probability of 95 %, except for blood. For blood tiles,
the probability demand is set slightly lower as a demand of 95 % for these tiles would
discarded too many. The minimum tiles per WSI for blood is set very low for the same
reason. Minimum tiles per WSI for urothelium is set very high, as most WSIs will
normally have over a hundred thousand tiles for this class.
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5.2.2 Functionality of Probability-based Self-training

As illustrated in Figure 5.1, the tiles of the WSIs are predicted by a model trained on
ground truth labels. First, a scan runs through all the patients and counts the number
of sufficient tiles per patient. Patients with an insufficient number of tiles according to
the minimum number of tiles per WSI are discarded, and tiles are collected from the
remaining patients. For each patient, tiles with the highest probability are collected first,
until the maximum number of tiles per WSI has been collected, or no more sufficient
tiles remain. All tiles from all WSIs are then appended to an array and sorted based
on probability. The tiles with the highest probability are then selected from this array
according to the maximum total number of tiles. This is done for each class, and later
saved to the probability-weak dataset Dpw, as listed in Table 4.3.

5.3 Cluster-based Self-training

The cluster-based self-training (CBST) method bases the selection of tiles on both their
probability score, as well as their location relative to other tiles. Similar to the PBST
method, the cluster-based method uses model TRI-GT-SL-AF-1 to classify the same
unlabeled 46 WSIs. The classified tiles with a minimum probability threshold of 60 %
are then selected based on several criteria listed in Table 5.2. A illustration is given in
Figure 5.2, and all models trained using the CBST method are referred to as TRI-C-SSL.

Figure 5.2: Origin of cluster-weak dataset, Dcw.
WSIs are predicted using a model train on ground truth tiles. Tiles are then selected

through a combination of probability and local neighborhood.

5.3.1 Criteria for Cluster-based Self-training

A cluster is defined as any tile that has one or more adjacent neighbor tiles of the same
class and probability larger than 60 %. The criteria for tile selection based on the CBST
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method is set to prioritize clustered tiles, and to distribute tiles in the WSI as much as
possible. The minimum number of tiles per WSI is set to prevent misclassified tiles being
included. Normally, if there exist some tissue in a WSI, there will be a large number
of tiles of this type. Blood and muscle is set slightly lower due to small blood clusters
often appearing inside stroma tissue, and muscle tissue is often seen split up into smaller
strains of tissue. In addition, muscle tissue is the least common tissue type in the WSIs.

The minimum cluster size is then set to the same number as minimum number of tiles
per WSI, to further prevent including misclassifications. Max tiles per WSI can then be
adjusted up and down until a satisfying number of tiles per class is obtained.

Table 5.2: Tile criteria for CBST method.

Ba Bl Da Mu St Ur
Min. tiles per WSI 50 20 50 20 50 50
Max. tiles per WSI 20 000 20 000 798 4 815 1 440 1 235
Max. clusters per WSI 100 100 100 100 100 100
Min. cluster size 50 20 50 20 50 50
Max. tiles per cluster 20 500 20 500 20 500 20 500 20 500 20 500
Min. avg. cluster probability 60 % 60 % 60 % 60 % 60 % 60 %

5.3.2 Functionality of Cluster-based Self-training

As visualized in Figure 5.2, a model trained on ground truth labels is used to make
predictions in the new unlabeled WSIs. An algorithm searches through the WSI and
groups tiles into clusters. The average cluster probability is calculated per cluster, and
the clusters are sorted after the highest probability. Each cluster originating in the
WSI is then sorted into an array, and the program selects the clusters based on the
highest probability according to the maximum number of clusters. Then, the maximum
number of tiles per WSI is divided by the number of sufficient clusters in the WSI, and
an equal amount of tiles are extracted from each cluster. If, at any point in the search,
the maximum number of tiles per cluster is not reached, the difference is appended to
the limit of the next cluster in line. The tiles are then saved to the cluster-weak dataset
Dcw, see Table 4.3.
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5.4 Non-expert Annotations

In an effort to compare the automatic selection of tiles through the two SSL methods with
straight forward manual annotations, regions in 43 of the same 46 unlabeled WSIs were
annotated by the author. The labels are referred to as non-expert labels or non-expert
annotations, as no medical expert was involved. The annotations were carried out some
4 months into the work, and a fairly basic understanding of the dataset, and the different
tissue types, had been established. We had been given a guided tour at the Department
of Pathology at Stavanger University Hospital, where the procedure from tumour to WSI
was thoroughly illustrated. All annotations in the WSIs were done at 400x magnification
level.

Before annotations were initiated, all the annotated regions in the 37 WSIs from the
ground truth dataset were examined to increase tissue knowledge further, and also
reviewed when in doubt. Some basic ground rules were laid down prior to the annotation
process:

• Do not annotate areas if there are uncertainties with regards to tissue type

• Wherever possible, annotate at least one region of each tissue type per WSI

• Prioritize stroma and muscle tissue

• Use prediction maps from the TRI-GT-SL-AF-1 model WSIs to quickly locate large
tissue regions

After all annotations were made, each individual area was saved as a jpeg-file extracted
at 400x, and examined one by one to verify true class. Some minor adjustments were
made, and the final set of annotations was reviewed and approved by co-supervisor
Wetteland. Finally, the tiles were preprocessed in the same fashion as the ground truth
labels, as previously explained in Section 4.2.1, and further saved to the non-expert
dataset Dne, see Table 4.3. All models trained using the non-expert labels are referred
to as TRI-NE-SL.



Chapter 5 Methods

5.5 Implementation

All methods are implemented in Python 3.5. Some files use PyVips [48] to process the
WSIs, while most use Pickle [82] to manage tiles. A complete list of Python-scripts is
given in Table 5.3, and all python scripts are located in the folder python_files, attached
to the submitted PDF.

Table 5.3: Python files created or modified during thesis.

Owner Description
CBST.py Author Select tiles through CBST method
PBST.py Author Select tiles through PBST method
pickle_combiner.py Author Combine one pickle file representing each

class into one
pickle_model_dupl.py Author Similar to PBST, but sufficient tiles are

linearly spaced per WSI
pickle_modifier.py Author Create pickle files for two-class binary

models
pickle_modifier2.py Author Remove tiles from pickle files by certain

criteria
plot_area_400.py Author Plot pickle files/tiles in an area of a WSI
plot_pickle_to_wsi.py Author Plot pickle files/tiles in a whole WSI
test_pickle_input.py Author Count all tiles in all pickle files in

a directory
mode_7c.py R. Wetteland Added functionality to save probability for

each tile
my_functions.py R. Wetteland Added functionality to save probability for

each tile
main_prep.py R. Wetteland Added functionality to extract tiles from

histology website
preprocess_region.py R. Wetteland Added functionality to extract tiles from

histology website
MyFunctions.py R. Wetteland Added functionality to extract tiles from

histology website



Experiments and Results

In this chapter the performed experiments are presented along with information on
experimental setup. Results are also provided as per experiment.

6.1 Models for Initial Supervised Approach

Several MONO binary two-class classification models were tried out to identify which
of the lower magnification levels was best to identify tissue for the different classes.
These can be seen in Table 6.1. Early on it was an idea to use multiple models in tile
selection, models that were designed for a specific class at a specific level. Initially, the
best performance was seen on the model DI-100x-25x from the works in Wetteland et al.,
however, it was a strong wish among both supervisors and myself to include the most
detailed magnification level, i.e. 400x.

After training all the binary MONO two-class classification models, the corresponding
binary two-class classification TRI models was trained, and improvement was seen across
all classes. Some MONO six-class classification models were also tested for performance
changes across different levels of magnification. The most important model was MONO-
400x-ALL-AF-1 as it potentially was to predict tiles at 400x magnification. Unfortunately,
this turned out to be the worst of the three MONO six-class models.

Table 6.1: Different models trained on the dataset Dgt.
MONO, TRI indicate how many magnification levels are used.

Ba Bl Da Mu St Ur
MONO-100x-BA-F-1 99.75%
MONO-100x-BL-F-1 98.76%
MONO-100x-DA-F-1 84.62%
MONO-100x-MU-F-1 82.78%
MONO-100x-ST-F-1 86.82%
MONO-100x-UR-F-1 97.19%

Continued on next page

55



Chapter 6 Experiments and Results

Table 6.1 – Continued from previous page
Ba Bl Da Mu St Ur

MONO-400x-BA-F-1 95.71%
MONO-400x-BL-F-1 94.19%
MONO-400x-DA-F-1 75.85%
MONO-400x-MU-F-1 76.96%
MONO-400x-ST-F-1 72.74%
MONO-400x-UR-F-1 92.11%
TRI-BA-F-1 99.99%
TRI-BL-F-1 99.20%
TRI-DA-F-1 86.66%
TRI-MU-F-1 84.70%
TRI-ST-F-1 96.27%
TRI-UR-F-1 97.80%
MONO-25x-ALL-AF-1 99.96% 92.61% 88.30% 72.52% 88.26% 92.87%
MONO-100x-ALL-AF-1 99.79% 98.03% 86.42% 80.17% 87.24% 96.80%
MONO-400x-ALL-AF-1 95.61% 94.37% 76.37% 78.48% 75.15% 91.38%
TRI-GT-SL-AF-1 100.00% 98.59% 89.14% 79.42% 96.44% 98.01%

The idea of using multiple models was soon discarded, and after using much of the
same settings and parameters as in the newest publication of Wetteland et al. [26], the
model TRI-GT-SL-AF-1 unfolded. This model had a good accuracy and relatively good
F1-scores for most classes, and the course was set to continue forth in a semi-supervised
manner using this model.

During training of all models in Table 6.1, the learning rate was set to 0.00015 at a
batch-size of 128. SGD was used as optimizer, and the dropout rate was set to 20 %.
An early stopping criteria was set to end training after six consecutive epochs of change
in validation loss smaller than 1e-6. All methods are implemented in Python 3.5, with
TensorFlow 1.13 [79] and Keras 2.3 [80] as machine learning libraries. Scikit-learn [81]
was used for evaluation, and PyVips [48] was used to process the images.

6.2 Self-Training vs. Non-expert Annotations

The purpose of this experiment is to compare the three methods CBST, PBST and
non-expert annotations, to see which improves performance the most from the initial
model TRI-GT-SL-AF-1, with regards to classification and segmentation. Two models
were trained for each method, see Table 6.2.

SL is short for supervised learning, and SSL for semi-supervised learning. C indicate that
the model is trained through the CBST method, P implies that the PBST method is used,
and NE refers to models trained using non-expert labels. A refers to that augmentation
by rotation of tiles is involved, and is not denoted when no augmentation is used. F and
U refers to the weights in the VGG16 models being frozen or unfrozen during training
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Table 6.2: Overview of the best models trained to compare SSL and non-expert
annotations. TRI = using all three magnifications, SL = supervised learning,
SSL = semi-supervised learning, C = cluster-based, P = probability-based,

NE = non-expert, A = augmentation, F = VGG16 frozen, U = VGG16 unfrozen.

Method Augm. VGG16 Train Test
VGG16 model frozen

TRI-GT-SL-AF-1 SL 2xST,MU Frozen Dgt{train1} Dgt{test1}
TRI-C-SSL-F-1 CBST No Frozen Dgt{train1}, Dcw Dgt{test1}
TRI-P-SSL-F-1 PBST No Frozen Dgt{train1}, Dpw Dgt{test1}
TRI-NE-SL-F-1 SL No Frozen Dgt{train1}, Dne Dgt{test1}

VGG16 model unfrozen
TRI-GT-SL-AU-1 SL 3x Unfrozen Dgt{train1} Dgt{test1}
TRI-C-SSL-AU-1 CBST 3x Unfrozen Dgt{train1}, Dcw Dgt{test1}
TRI-P-SSL-AU-1 PBST 3x Unfrozen Dgt{train1}, Dpw Dgt{test1}
TRI-NE-SL-AU-1 SL 3x Unfrozen Dgt{train1}, Dne Dgt{test1}

respectively. Finally, GT refers to only using ground truth labels during training. For all
models trained with the three VGG16 models unfrozen, 3x augmentation is applied to
all the foreground classes, i.e. blood, damaged, muscle, stroma and urothelium.

Models TRI-GT-SL-1 and TRI-GT-SL-AU-1 are trained through supervised learning on
dataset Dgt{train1}, see Table 4.2. The models based on the PBST method, TRI-P-SSL
and TRI-P-SSL-AU, are trained on the labels in both Dgt{train1} and Dpw. TRI-C-SSL
and TRI-C-SSL-AU are trained with the CBST method on labels from both datasets
Dgt{train1} and Dcw. Models TRI-NE-SL-F-1 and TRI-NE-SL-AU-1 are trained on
both datasets Dgt{train1} and Dne. Finally, all models are tested on the same test
dataset Dgt{test1}.

6.2.1 Classification

Classification results for all eight models in Table 6.2 are presented in Table 6.3. During
training of all models in Table 6.3, the learning rate, optimizer, dropout rate, and
early-stopping was set to the same as for the models in Table 6.1. No weighting of the
different labels in the datasets were used during training.

6.2.2 Segmentation

A new WSI, referred to as WSI-084, has recently been annotated by a pathologist, and
has not been used during training before. As a way to further analyse the individual
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Table 6.3: F1-scores for each of the classes, and overall accuracy for the eight models.
Green text indicate the best result within each category, if one unique exist. Acc =

Accuracy.

Ba Bl Da Mu St Ur Acc
TRI-GT-SL-AF-1 100.00% 98.59% 89.14% 79.42% 96.44% 98.01% 94.61%
TRI-C-SSL-F-1 99.99% 96.66% 90.55% 82.54% 95.93% 98.59% 95.12%
TRI-P-SSL-F-1 100.00% 98.64% 90.01% 82.68% 96.14% 98.29% 95.19%
TRI-NE-SL-F-1 100.00% 93.00% 89.37% 86.68% 99.33% 99.19% 95.10%
TRI-GT-SL-AU-1 100.00% 99.88% 87.86% 78.10% 98.10% 99.09% 94.57%
TRI-C-SSL-AU-1 100.00% 98.70% 91.88% 84.71% 95.92% 98.96% 95.99%
TRI-P-SSL-AU-1 100.00% 97.36% 88.21% 82.18% 96.79% 99.45% 94.85%
TRI-NE-SL-AU-1 100.00% 92.42% 89.07% 88.60% 98.48% 99.67% 95.20%

model performance with regards to segmentation, the WSI was split up into tiles and
classified by all eight models in Table 6.3, with a minimum probability threshold of 60 %.

Small region
Figure 6.1 shows a small region in WSI-084 that contains a isolated area of blood cells.
This area is particularly interesting as it is completely surrounded by background, in that
larger parts of the lower magnification tiles (25x, 100x) will contain much background.
The corresponding area, with the predictions by all models in Table 6.2, are shown in
Figure 6.2.

Figure 6.1: Small area of blood in WSI-084.

Model TRI-C-SSL-AU-1 performed best with regards to segmentation, as it classified
most of the foreground as its true class, i.e. blood. The cluster-based self-training method
also appears to produce the only models that reduces in number of background tiles
when augmentation is applied. All methods are classifying more blood tiles instead of
urothelium when augmentation is applied.
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(a) TRI-GT-SL-AF-1. (b) TRI-GT-SL-AU-1.

(c) TRI-P-SSL-F-1. (d) TRI-P-SSL-AU-1.

(e) TRI-C-SSL-F-1. (f) TRI-C-SSL-AU-1.

(g) TRI-NE-SL-F-1. (h) TRI-NE-SL-AU-1.

Figure 6.2: Predictions for a region in WSI-084 with ground truth label blood. Color
specifies predicted tile class: Blue = Urothelium tissue, Red = Blood cells, Black =

Background.
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Large region
Figure 6.3 shows a larger region in WSI-084 that contain different tissue types. Predictions
for the corresponding area by models in Table 6.2 are shown in Figure 6.4 and 6.5.

Figure 6.3: Ground truth annotations. Colours represent ground truth annotated areas:
Green = Blood, Black = Urothelium, Cyan = Damaged.

(a) TRI-GT-SL-AF-1. (b) TRI-GT-SL-AU-1.

Figure 6.4: Low magnification region in WSI-084.
Colours represent predicted labels: Red = Blood, Black = Background, Orange =
Urothelium, Blue = Damaged, Pink = Stroma, Green = Muscle, Grey = Undefined.
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(a) TRI-P-SSL-F-1. (b) TRI-P-SSL-AU-1.

(c) TRI-C-SSL-F-1. (d) TRI-C-SSL-AU-1.

(e) TRI-NE-SL-F-1. (f) TRI-NE-SL-AU-1.

Figure 6.5: Low magnification region in WSI-084.
Colours represent predicted labels: Red = Blood, Black = Background, Orange =
Urothelium, Blue = Damaged, Pink = Stroma, Green = Muscle, Grey = Undefined.

Model TRI-NE-SL-AU-1 appears to be performing best, as it finds most of the smaller
areas of damaged and blood tissue. It is also the model that found the least stroma,
which there should be none of according to the annotations. It does, however, classify
some blood cells as muscle.
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6.3 Modification of Dataset

Looking back at Table 6.3, the model TRI-NE-SL-AU-1 has the best F1-score for classes
muscle, stroma and urothelium. Despite this, only achieving an accuracy about the same
as the models where the VGG16 networks are frozen. The reason for this can be seen in
its confusion matrix, in Figure 6.6. 998 damaged tiles out of the total 5155 damaged
tiles that exist in the test dataset get misclassified, nearly 20 %. About half of those get
classified as muscle, and the other half as blood. When analysing the individual tiles,
almost every single one originate from the two damaged regions in WSI-015, especially
the one displayed in Figure 6.7. Additionally, a tile that got misclassified as muscle by
model TRI-GT-SL-AF-1 is depicted in Figures 6.9a, 6.9b and 6.9c, and a normal muscle
tissue tile is depicted in Figures 6.9d, 6.9e and 6.9f.

Figure 6.6: Confusion matrix for model TRI-NE-SL-AU-1 on test dataset Dgt{test1}.
Predicted class on the vertical horizontal axis, true class on the vertical axis.

This lead to a thorough analysis of the ground truth labeled dataset, and two things
were noted: a) there exist several stroma regions in the ground truth labeled dataset
that contain fairly large regions of blood, and b) there only exists such features as the
ones in Figure 6.7 in one patient: WSI-015. Stroma can in-fact contain blood cells from
a medical perspective, but from an engineers perspective this is not optimal with an
individual class dedicated to blood. The damaged regions in WSI-015 were discussed
with the pathologists, but they stayed true to their annotations. The areas were in fact
damaged, and could possibly be burnt muscle or blood tissue.

A modification of the current dataset split in Dgt{train1} and Dgt{test1} was needed.
Two options were considered, either completely remove the WSI from the dataset or
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transfer it to the training dataset. It was opted for the latter, as the dataset initially
lacks tiles. WSI-015 was moved to the trainig set, replaced by WSI-002, which has a
similar quantity of tiles and was moved to the training dataset. This gave birth to two
new datasets, Dgt{train2} and Dgt{test2}, as described in Table 4.2. With the new

Figure 6.7: Damaged tissue in WSI-015 holding some unique features.

dataset, new models were trained with same parameters as previously, and a compelling
performance increase was seen in both accuracy and F1-score, as can be seen in Table 6.4.
The tiles used in models TRI-P-SSL-U-2 and TRI-C-SSL-U-2 are from Dpw and Dcw

Table 6.4: F1-Scores for models trained on dataset Dgt{train2}, and tested on
Dgt{test2}. Green text indicate the best result within each category, if one unique exist.
Acc = Accuracy. * trained on tiles predicted by a model trained on the original split of

the dataset, Dgt{train1}.

Ba Bl Da Mu St Ur Acc
TRI-GT-SL-U-2 99.89% 99.70% 98.66% 98.43% 92.31% 98.49% 98.73%
TRI-C-SSL-U-2* 99.98% 99.72% 98.96% 97.44% 98.80% 99.25% 99.41%
TRI-P-SSL-U-2* 99.79% 99.91% 99.20% 97.96% 99.20% 99.63% 99.24%
TRI-NE-SL-U-2 100.00% 99.52% 99.90% 99.90% 100.00% 99.43% 99.43%

respectively, meaning these tiles were predicted by a model trained on the original split
of the dataset, Dgt{train1}, and are arguably partially incomparable. All four models
performs very well on the test dataset, but their ultimate purpose is segmentation of
WSIs. The recently annotated WSI-084 was predicted with all four models, as shown in
Figure 6.8.
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(a) TRI-GT-SL-U-2. (b) TRI-P-SSL-U-2.

(c) TRI-C-SSL-U-2. (d) TRI-NE-SL-U-2.

(e) TRI-GT-SL-U-2. (f) TRI-P-SSL-U-2.

(g) TRI-C-SSL-U-2. (h) TRI-NE-SL-U-2.

Figure 6.8: Predictions with models of the new dataset Dgt{train2} for a region in
WSI-084 with ground truth label blood. Color specifies predicted tile class: Blue =

Urothelium tissue, Red = Blood cells, Black = Background, Cyan = Damaged.
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(a) 400x. (b) 100x. (c) 25x.

(d) 400x. (e) 100x. (f) 25x.

Figure 6.9: (a,b,c) Misclassified tile with ground truth label damaged in WSI-015.
(d,e,f) Correctly classified tile with ground truth label muscle from another WSI.

6.4 Ground Truth vs. Non-expert Annotations

To measure the quality of non-expert annotations made by the author, an experiment
was needed to test the two against each other. The non-expert dataset is split at an
approximate ratio of 85/15 into a training set Dne{train}, and a test set Dne{test}.
Since the dataset Dne contain no background tiles, this is ignored. Thereafter, one new
model is trained on only the non-expert training dataset Dne{train}, and one model
is trained on both Dne{train} and Dgt{train2}. Finally, these two models, along with
the model trained on ground truth labels only, TRI-GT-SL-U-2, are tested on both
Dgt{test2} and Dne{test} individually, yielding the results presented in Table 6.5. All
three models are trained with VGG16 unfrozen and no augmentation, and parameters
for learning rate, optimizer, dropout rate, and early-stopping is set to the same as for
the models in Table 6.1.
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Table 6.5: Comparison of F1-scores for model trained on ground truth labels versus
model trained on both ground truth labels and manual labels. tr = train, te = test.

Training dataset Test dataset Bl Da Mu St Ur
Dgt{tr2} Dgt{te2} 99.70% 98.66% 98.43% 92.31% 98.49%
Dgt{tr2} Dne{te} 75.31% 90.55% 92.72% 80.77% 84.18%
Dne{tr} Dgt{te} 85.97% 85.77% 90.67% 99.80% 99.12%
Dne{tr} Dne{te} 99.33% 98.16% 98.76% 93.23% 96.08%

Dgt{tr2},Dne{tr} Dgt{te2} 99.93% 99.74% 99.63% 99.72% 99.82%
Dgt{tr2},Dne{tr} Dne{te} 99.38% 98.30% 98.47% 96.17% 97.28%

6.5 Model duplication

As an experiment, a new model, referred to as TRI-SL-GT-U, was trained on the entire
ground truth dataset Dgt. The model was then used to produce predictions on 99 new
unlabeled WSIs, which will produce millions of tiles for most classes. The tiles were
then selected for the model duplication dataset Ddm, through a method very similar to
PBST, with the criteria listed in Table 6.6. Finally, a new model is trained on the model
duplication dataset Ddm, referred to as TRI-SSL-DM-U, which is further tested on the
entire ground truth dataset Dgt.

Table 6.6: Tile criteria for model duplication dataset Ddm.

Ba Bl Da Mu St Ur
Min. tile probability 94.93% 96.67% 97.89% 96.64% 94.82% 97.99%
Min. tiles per WSI 100 100 100 100 100 100
Max. tiles tot. 100 000 100 000 100 000 100 000 100 000 100 000

First the mean probability is calculated per class from all tiles in all 99 WSIs. This is
then set as the minimum tile probability criteria for the respective class. The method
first runs through each WSI to count how many WSIs have enough tiles of sufficient
probability. The number of viable WSI for a certain class is then used to calculate how
many tiles should be extracted from each WSI, based on the maximum total number of
tiles. Thereafter, the calculated number of tiles per WSI is extracted from each sufficient
WSI, in such a way that the extracted tiles are spaced linearly. This is done to properly
distribute tiles: imagine extracting 4 000 urothelium tiles from a WSI that holds 300 000
sufficient urothelium tiles. Finally, approximately 100 000 tiles are extracted for each
class, and appended to the dataset Ddm.

A new model, TRI-SSL-DM-U, is trained on the dataset Ddm, and then tested on all tiles
in the dataset Dgt. Training was done with the VGG16 networks unfrozen, and without
the use of augmentation. Parameters such as learning rate, optimizer, dropout rate,
and early-stopping was set to the same as for the models in Table 6.1. The confusion
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matrix for the final validation test after trainig of model TRI-SL-GT-U in Figure 6.10a.
The confusion matrix for the duplicated model, TRI-SSL-DM-U, when tested on the
entire ground truth dataset, Dgt, is shown in Figure 6.10b, with an accuracy of 99.93
%. Finally, the same regions in WSI-084 as before were then predicted by the model
TRI-SSL-DM-U, see Figure 6.11

(a) Validation test of original model, TRI-
SL-GT-U.

(b) Test of duplicated model on all train-
ing data, TRI-SSL-DM-U.

Figure 6.10: Confusion matrices for the model duplication experiment.
Predicted class on the vertical horizontal axis, true class on the vertical axis.

(a) Small region. (b) Large region.

Figure 6.11: Predictions on WSI-087 by the model TRI-SSL-DM.
Predicted class on the vertical horizontal axis, true class on the vertical axis. Color
specifies predicted tile class: Blue = Urothelium tissue, Red = Blood cells, Black =

Background, Cyan = Damaged





Discussions and Conclusion

This chapter offers a discussion on performance of proposed methods, things that went
well and things that did not, future work and more. Finally, a conclusion on the best
methods.

7.1 Discussions

Different methods and experiments have been performed, which will be discussed in this
section.

7.1.1 Tissue Selection

In this thesis, three main approaches was proposed to select tiles from unlabelled WSIs.
For the two semi-supervised approaches, CBST and PBST, the distribution is typically
like depicted in Figure 7.1. Non-expert labels are most similar to CBST in that typically
entire regions are annotated.

Each WSI will on average produce hundreds of thousands of tiles. Often, if a model is
trained with an unbalanced dataset dedicating a large portion of tiles to a specific class,
that model will predict more tiles with higher probability for that class in new WSIs.
This poses a challenge when selecting tiles through an automated self-training method.
To counter this, different strategies were taken in the different methods.

A minimum number of tiles per patient was set to discard WSI containing few tiles
for a particular class, as these tiles are more likely to be misclassified. Predictions are
subjects to noise, and will typically associate a few random features to classes that are
not necessarily in the WSI. Muscle and large blood regions seem to be appearing in
about only half of the WSIs.
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Another strategy throughout all SSL methods was to use a lower minimum threshold
of 60 % with regards to classification. In theory, this threshold could have been set
anywhere above 50 % for the model to classify only one class. The extra 10 % is added
as a margin, and ensures that not too many tiles are excluded.

(a) PBST. (b) CBST.

Figure 7.1: Extracted tiles in an area of WSI-113 by using both self-training methods.
Red = Blood, Cyan = Damaged, Pink = Muscle.

For PBST, this lower minimum of tiles per WSI does not prevent an over-representation
of the top-left part of a WSIs, which can occur when several WSIs contain large amounts
of sufficient tiles of a certain class. One may also argue that a model will not have a
significant gain in associated features from tiles it already is 100 % certain about, and
that the method becomes more of an alternative to augmentation. In an attempt to
mitigate this issue, linear spacing of tiles within a WSI is added in the model duplication
method. This ensures larger variation in the 25x and 100x magnification tiles, and
hopefully introduces new features across all magnification layers. An improvement is
seen with regards to segmentation, when comparing the models TRI-P-SSL-AU-1 and
TRI-SSL-DM-U.

By taking a cluster-based approach, it is deemed more safe to include tiles that are
of a lower probability, as it assumes that tiles closer to each other are more likely to
hold the same label. Also, the method ensures that tiles are distributed more evenly
across the WSIs in comparison to the probability-based self-training method. Contrarily,
the segmentation images produces by the CBST based models are outperformed by the
model duplication method, possibly because the probability criteria is set lower for CBST.
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However, the model duplication method included more than twice as many patients as
the models from CBST, and could also have an affect on the outcome.

It is difficult to compare CBST and PBST to non-expert annotations, even though the
number of tiles are relatively similar in each dataset, and the same WSIs are included
in all three methods. Throughout this thesis, numerous medical documents have been
explored, and a significant increase is gained in tissue knowledge. The non-expert
annotations took a good week to complete, and were reviewed by co-supervisor R.
Wetteland afterwards. Nevertheless, pathologists have a medical education with years of
practice, whos annotations are regarded as ground truth. That said, a significant increase
was seen both in classification and segmentation by including non-expert annotation in
the learning process.

7.1.2 Challenges with Multiscale

Most models trained during the course of this thesis are multiscale, including the three
magnifications 25x, 100x and 400x. The is beneficial in that the respective model is able
to capture both cell-level details, and context of nearby tissue. Nevertheless, this comes
at a cost as annotations by pathologists are done at 400x magnification. In many cases,
the tiles of lower magnification level (25x, 100x) will contain other types of tissue. In
Figure 7.2, a tile from the ground truth test dataset, Dgt{test1}, is presented, which is
annotated as stroma. This tile was classified by model TRI-GT-SL-AF-1 as urothelium
with a probability of approximately 99.99 %.

(a) 400x. (b) 100x. (c) 25x.

Figure 7.2: Stroma tile from ground truth dataset, classified by model TRI-GT-SL-AF-1
as urothelium with approximately 99.99 % probability.

The reason that the tile in Figure 7.2 gets classified as urothelium is probably caused
by a combination of three reasons: a) there is urothelium in the outer regions of the
25x tile, b) there is a relatively high density of cell nuclei in the 100x tile, and even one
in the 400x tile, and c) the training dataset Dgt{train1} consists of 3.49 % stroma and
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24.26 % urothelium, i.e. the model has a much larger number of associated features for
urothelium than for stroma. Another example of this is how several tiles of ground truth
label blood are predicted as background in Fig. 6.2, as this area is rather isolated from
nearby tissue.

7.1.3 Limitations of the Ground Truth Dataset

The ground truth dataset, Dgt, contains only about 8 % muscle cells, which yields an
unbalanced dataset. This causes issues for the models trained on the dataset, as can
be seen in that the F1-scores is never able to go beyond 89 % for all models trained on
the original dataset split, Dgt. This can, however, also partially be sourced in the new
features presented in the damaged regions of WSI-015.

Several issues arise in a low number of stroma tissue tiles in the ground truth dataset.
Since the initial model has little stroma tiles, it also has few associated features to this
class. For a semi-supervised approach, this contribute to a negative effect: The original
model initially lacks sufficient tiles to fully grasp the features of stroma. It will do more
misclassifications in this class when predicting new weak labels. The semi-supervised
model is then further trained on a number of these misclassified tiles. Intuitively, one
would select more tiles from this class as it initially was lacking the most tiles. Adding in
a large ratio of weak labels in comparison to ground truth labels during semi-supervised
training makes the class more sensitive. On top of that, stroma contains smaller quantities
of red blood cells causing confusion, and stroma had to be split between a train/test
ratio of 74/26 for Dgt as one patient cannot exist in both training and test dataset. In
total, this could very likely lead to an over-representation of false features associated
with stroma in the finished trained SSL model.

7.1.4 Snowball Effect

All SSL approaches presented in this thesis appears to be facing issues with including a
large portion of new tiles, in relation to how many tiles the model used for prediction
had in its training dataset to begin with. Effectively, what happens from the original
model trained in a supervised manner to the next generation model trained on the
predicted tiles is that the weak labeled tiles probabilities are set to 100 %. In other
words, tiles in the probability range 60 % to 100 % are added to the training dataset
as to be tiles of probability 100 %. This causes a sort of snowball effect with regards
to associated features, especially present for classes with a low number of associated
features to begin with. This can be seen in Figure 7.3, where the leftmost image is
trained strictly supervised, the middle image is trained with approximately 20 000 added
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tiles based on probability, and the rightmost image is with 100 000 predicted tiles based
on probability. From left to right, there appears to be a significant increase in pink dots,
i.e. stroma tiles, even though the ground truth annotations in this area hold no stroma
regions whatsoever.

Figure 7.3: Predictions in WSI-084.
From left to right: TRI-SL-AF-1, TRI-P-SSL-AU-1, TRI-SSL-DM-U.

Color specifies predicted tile class: Blue = Damaged, Red = Blood, Black = Background,
Orange = Urothelium.

Also, from left to right in Figure 7.3, the models appear to be improving at classifying
the regions correctly for classes blood, damaged and urothelium. Intuitively, if a SSL
process is repeated or larger and larger amounts of weak labeled tiles of a certain class
are included, more and more misclassified tiles will be reintroduced as real features
belonging to that class. The boundary between an area that the model is very certain
about, and an area where the model is completely unsure, will shrink. This can cause
feature-hungry classes, such as stroma in this case, to soak up new features quickly. On
the other side, classes that are strongly represented in the initial ground truth dataset
are good candidates for SSL.

7.1.5 Ground Truth vs. Non-expert Annotations

The model trained on both datasets Dgt{train2} and Dne{train} performed better than
the model trained only on Dgt{train2}, when both models were tested on test dataset
Dgt{test2}. Similarly, the model trained solely on Dne{train}, and tested on Dgt{test2},
shows that many of the same features exist in both datasets. This concludes that there
are similar features in Dne{train} and Dgt{test2}, and that the non-expert labels alone
increased the performance with respect to F1-score.

By analyzing the performance of the model trained only on ground truth dataset
Dgt{train2}, when tested on non-expert dataset Dne{test}, it is observed that new
features were introduced mainly in classes blood, i.e. where the F1-score is lowest.
However, new features were at different degrees introduced for all foreground classes.
This also concludes that new features are introduced with the dataset Dne, however, the
degree of ground truth for those features will have to be decided by a pathologist.
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7.1.6 Future work

As previously mentioned, WSI-015 contains some unique features that are not present in
other damaged tissue in the ground truth dataset. It would be very beneficial to have at
least one more WSI with a similar region annotated by the pathologist, so that these
features could exist in both training and test dataset. The model duplication test indicate
that similar features should exist among the 99 unlabeled WSIs that were included, as
this model has a 99.93 % accuracy when tested on the entire ground truth dataset.

Throughout this thesis, it has gotten more and more apparent that the initial model
builds the foundation for the next models trained in a semi-supervised manner. The
initial dataset lacks tiles in both muscle and stroma, which consequently causes more
tiles to be misclassified and introduced through SSL. For a semi-supervised approach to
further benefit from these approaches, a larger variety in features for these two classes is
needed.

For the probability-based self-training method, better distribution of tiles in the WSI was
believed to be needed for this method to be improved. This was achieved by implementing
linear spacing between tiles within a WSI for the model duplication experiment, which,
for a multiscale model, will introduce new features across all magnification levels. For
the cluster-based self-training method, several things can be considered for future work,
like random selection of clusters within a WSI, selecting clusters more evenly spaced, or
perhaps increase the criteria for classes that are poorly represented in the initial dataset.

7.2 Conclusion

The two SSL methods PBST and CBST both increased performance from an inital
model trained only on ground truth labels with regards to both classification and
segmentation. By far, a cluster-based approach outperforms a pure probability-based
approach with regards to segmentation, which is further abbreviated in the submitted
paper Semi-supervised Tissue Segmentation of Histological Images [83], abstract appended
in Appendix B. The lack of labeled data makes both methods well suited to automatically
increase the training data, and experiments conclude that augmentation is beneficial to
some degree, and that unfrozen weights in the VGG16 model is preferred.

Different patients are very unique on cell-level, and become even more unique as the
tissue sample is affected by different staining effect, color variation, ink, burn, etc. This
sets the need for a large labeled dataset when working with medical images. Failing to
do so sources issues with a unbalanced dataset with few features for some of the classes.
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The gain from semi-supervised learning comes at a cost: new features will be introduced.
If the initial dataset is large, then the higher the probability will be for these introduced
features to be associated correctly.

Obviously, non-expert annotations cannot compare to ground truth annotations with
regards to true class. That said, results presented in this thesis show that the method is
able to introduce new features and simultaneously increase the performance of a model.
It also shows that introducing non-expert annotations produced the most accurate
segmentation maps for WSI.
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Detailed overview of tiles per WSI

Manually Marked Ground Truth Dataset

Table A.1: Ground truth labels that make up the dataset Dgt, and corresponding tiles.
Size is indicated in pixels [height x width].

WSI Size Ba Bl Da Mu St Ur
WSI-001 43 024 x 33 552 90
WSI-002 87 696 x 90 896 2 696 627
WSI-003 62 480 x 32 016 688
WSI-004 93 712 x 133 520 597 3 750 215 5 076
WSI-005 79 248 x 96 144 4 052
WSI-006 62 480 x 48 784 3 507 224
WSI-007 81 424 x 71 952 1 612 1 098 676
WSI-008 81 680 x 117 648 3 770 737
WSI-009 86 672 x 129 808 5 589
WSI-010 69 904 x 80 912 1 261
WSI-011 89 872 x 106 640 1 790
WSI-012 88 848 x 141 840 1 231
WSI-013 34 576 x 51 856 1 677
WSI-014 74 128 x 109 584 4 206
WSI-015 53 008 x 55 056 1 648 1 943
WSI-016 61 840 x 73 232 10 320 777
WSI-017 88 720 x 104 592 4 817
WSI-018 70 032 x 117 648 1 905 1 261 675
WSI-019 85 136 x 121 744 2 289 1 207
WSI-020 87 696 x 131 216 1 189
WSI-021 83 216 x 125 712 674
WSI-022 81 424 x 82 448 516 988
WSI-023 84 240 x 119 312 1 061
WSI-024 90 384 x 127 632 546
WSI-025 80 400 x 69 776 198
WSI-026 84 624 x 89 872 425
WSI-027 43 024 x 41 872 3 138 2 695
WSI-028 61 456 x 69 776 2 556 4 461 2 634 1 785 601
WSI-029 82 448 x 121 360 1 010

Continued on next page

91



Bibliography Appendix A Detailed overview of tiles per WSI

Table A.1 – continued from previous page
WSI Size Ba Bl Da Mu St Ur
WSI-030 69 776 x 85 648 6 906 1 843
WSI-031 64 528 x 67 728 355
WSI-032 62 480 x 76 688 564
WSI-033 79 248 x 128 784 659
WSI-034 88 720 x 101 392 12 300 1 938
WSI-035 88 720 x 135 056 2 166
WSI-036 74 128 x 97 424 717
WSI-037 80 400 x 101 392 1 084
Tot. tiles all = 125 020 27 012 19 832 33 607 9 966 4 875 29 728
% of all 21.6% 15.9% 26.9% 8% 3.9% 23.8%
WSIs 39 7 5 9 4 5 28
tiles/WSI 3 205 3 859 3 966 3 734 2 491 975 1 062

Probability-weak Dataset

Table A.2: Probability-weak labels that make up the dataset, Dpw, and corresponding
tiles. Size is indicated in pixels [height x width].

WSI Size Ba Bl Da Mu St Ur
WSI-138 45456 x 32784 254 23 480
WSI-139 50960 x 67728 1049 2 710 3 7
WSI-140 91024 x 146192 43 120 144 480
WSI-141 55952 x 83472 33 1530 710 4582 1853 480
WSI-142 88720 x 117776 211 429 710 46 248 480
WSI-143 16912 x 16656 205 19 380
WSI-144 74128 x 125328 25 395 710 2 5 480
WSI-145 41360 x 28816 179 8 131 261 480
WSI-146 38928 x 24848 911 2 343 385 480
WSI-147 37392 x 33040 291 74 6 480
WSI-148 88336 x 109584 1591 11 710 416 2305 480
WSI-149 37392 x 36880 223 414 370 1 22 480
WSI-150 49552 x 49040 142 41 480
WSI-151 74128 x 93456 2 2 710 7218 4621 480
WSI-152 78992 x 102416 742 7900 710 38 480
WSI-153 67728 x 59664 1916 710 768 145 480
WSI-154 92304 x 109840 1479 3 710 521 1001 27
WSI-155 72592 x 83216 113 710 177 300 480
WSI-156 80272 x 62864 53 710 277 445 480
WSI-157 82320 x 93328 42 1 710 283 212 480
WSI-158 92048 x 137872 1393 1 710 11 61 480
WSI-159 91024 x 94992 78 710 712 215 480
WSI-160 53648 x 73232 12 33 58 480
WSI-161 65552 x 58640 321 440 1 489 480

Continued on next page
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Table A.2 – continued from previous page
WSI Size Ba Bl Da Mu St Ur
WSI-162 76048 x 99344 1854 710 46 480
WSI-163 87440 x 102928 556 738 710 3 480
WSI-164 65936 x 69136 4 56 16 1824 480
WSI-165 29072 x 20752 261 85 4 28
WSI-166 87952 x 89360 633 710 306 19 480
WSI-167 82320 x 101520 33 13 710 1607 899 480
WSI-168 53264 x 51088 827 9 13 66 480
WSI-169 83728 x 126608 1303 922 372 8 193 480
WSI-170 41360 x 67216 161 3 480
WSI-171 91024 x 94224 553 710 22 53 480
WSI-172 61456 x 148240 548 7590 710 1 210 480
WSI-173 33168 x 16656 55 21 149
WSI-174 51600 x 63632 515 710 678 22 480
WSI-175 70032 x 89360 32 50 710 383 1111 480
WSI-176 93200 x 121744 587 710 1877 581 480
WSI-177 61840 x 121744 33 710 204 480
WSI-178 64528 x 68112 8 107 2 67 480
WSI-179 85776 x 121744 284 26 710 4 1451 480
WSI-180 33296 x 117648 1 17 480
WSI-181 21008 x 24848 86 10 291
WSI-182 75664 x 107280 513 289 23 606 480
WSI-183 33168 x 36880 145 376 480
Tot. tiles all = 121 239 20 300 20 036 20 176 20 416 20 229 20 082
% of all 16.7% 16.5% 16.6% 16.8% 16.7% 16.5%
WSIs 46 46 18 42 28 42 46
tiles/WSI 2 636 441 1 113 480 729 481 437

Cluster-weak Dataset

Table A.3: Cluster-weak labels that make up the dataset, Dcw, and corresponding tiles.
Size is indicated in pixels [height x width].

WSI Size Ba Bl Da Mu St Ur
WSI-138 45456 x 32784 3 47 643 236 1 193
WSI-139 50960 x 67728 1 311 152 800 643 1 236
WSI-140 91024 x 146192 798 1 440 1 200
WSI-141 55952 x 83472 4 027 795 4 747 1 430 1 225
WSI-142 88720 x 117776 202 2 986 780 787 1 435 1 242
WSI-143 16912 x 16656 63 1 440 1 078
WSI-144 74128 x 125328 1 509 800 95 1 431 1 196
WSI-145 41360 x 28816 233 237 1 420 1 348 1 220
WSI-146 38928 x 24848 629 20 201 1 592 1 327 1 190
WSI-147 37392 x 33040 65 791 299 1 227

Continued on next page
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Table A.3 – continued from previous page
WSI Size Ba Bl Da Mu St Ur
WSI-148 88336 x 109584 1 639 351 784 4 830 1 408 1 200
WSI-149 37392 x 36880 56 2 485 799 81 1 387 1 239
WSI-150 49552 x 49040 124 336 1 230
WSI-151 74128 x 93456 243 774 4 836 1 452 1 215
WSI-153 67728 x 59664 2 655 810 2 903 1 445 1 230
WSI-154 92304 x 109840 1 001 98 800 4 321 1 456 1 218
WSI-155 72592 x 83216 56 810 1 521 1 438 1 232
WSI-156 80272 x 62864 314 782 734 1 440 1 260
WSI-157 82320 x 93328 21 800 1 361 1 443 1 218
WSI-158 92048 x 137872 1313 190 800 195 1 367 1 200
WSI-159 91024 x 94992 599 800 2 885 1 442 1 232
WSI-160 53648 x 73232 796 1 332 1 236
WSI-161 65552 x 58640 274 806 156 1 439 1 225
WSI-162 76048 x 99344 2 476 800 1 440 1 248
WSI-163 87440 x 102928 267 3 224 752 759 1 224
WSI-164 65936 x 69136 36 795 561 1 450
WSI-165 29072 x 20752 389 796 865
WSI-166 87952 x 89360 328 800 1 155 517
WSI-167 82320 x 101520 142 770 4 797 1 435
WSI-168 53264 x 51088 892 493 784 1 440
WSI-169 83728 x 126608 1 198 2 892 816 51 1 388
WSI-170 41360 x 67216 136 104 200
WSI-171 91024 x 94224 249 20 774 103 1 444
WSI-172 61456 x 148240 354 19 105 806 1 443
WSI-173 33168 x 16656 54 238 1 440
WSI-174 51600 x 63632 525 798 1 940 823
WSI-175 70032 x 89360 349 800 1 229 1 440
WSI-176 93200 x 121744 20 792 4 806 1 431
WSI-177 61840 x 121744 792 20 1 428
WSI-178 64528 x 68112 60 1 449
WSI-179 85776 x 121744 153 295 150 1 430
WSI-181 21008 x 24848 107 201
WSI-182 75664 x 107280 1 625 47 271 1 450
WSI-183 33168 x 36880 67 500
Tot. tiles all = 221 612 21 281 42 630 24 817 48 359 52 794 31 731
% of all 9.6% 19.2% 11.2% 21.8% 23.8% 14.3%
WSIs 44 34 23 35 29 41 26
tiles/WSI 5 037 626 1 854 709 1 668 1 288 1 220

Non-expert Dataset
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Table A.4: Non-expert labels that make up the dataset, Dne, and corresponding tiles.
Size is indicated in pixels [height x width].

WSI Size Bl Da Mu St Ur
WSI-138 45456 x 32784 3 404 11 497
WSI-140 91024 x 146192 63 514 30 395
WSI-141 55952 x 83472 708 262 429 2 155 226
WSI-142 88720 x 117776 1 614 941 348 4 125
WSI-143 16912 x 16656 92 91
WSI-144 74128 x 125328 598 145 1 283
WSI-145 41360 x 28816 215 527 636
WSI-146 38928 x 24848 8 186 1 438 318
WSI-147 37392 x 33040 20 239 379
WSI-148 88336 x 109584 104 286 1 979 1 577 705
WSI-149 37392 x 36880 2 750 164 656 930
WSI-150 49552 x 49040 197 1 415
WSI-152 74128 x 93456 405 130 1 514 574 359
WSI-153 67728 x 59664 28 1 323 439 309 1 498
WSI-154 92304 x 109840 791 185
WSI-155 72592 x 83216 435 566 282 496 72
WSI-156 80272 x 62864 43 1 403 200 2 678 443
WSI-157 82320 x 93328 105 483 851 175 205
WSI-158 92048 x 137872 145 3 146 187 867 1 040
WSI-159 91024 x 94992 76 676 2 725 724 965
WSI-160 53648 x 73232 45 76 1 003 1 117
WSI-161 65552 x 58640 304 607 117 484 794
WSI-162 76048 x 99344 65 2 987 11 157 573
WSI-163 87440 x 102928 1 193 323 79 655 766
WSI-164 65936 x 69136 69 234 103 1 003 656
WSI-165 29072 x 20752 15 318 584
WSI-166 87952 x 89360 22 1 693 372 88 292
WSI-167 82320 x 101520 120 1 265 1 892 949 178
WSI-168 53264 x 51088 395 71 212
WSI-169 83728 x 126608 2 183 1 124 48 671
WSI-170 41360 x 67216 29 19 213
WSI-171 91024 x 94224 11 950 460
WSI-172 61456 x 148240 5 304 625 28 296 442
WSI-173 33168 x 16656 10 1 607 91
WSI-174 51600 x 63632 3 697 1 662 253 650
WSI-175 70032 x 89360 320 800 627 1 152 786
WSI-176 93200 x 121744 227 326 720 507 1 031
WSI-177 61840 x 121744 75 333 180 663 624
WSI-178 64528 x 68112 10 141 436 2 450
WSI-179 85776 x 121744 230 537 11 553 520
WSI-180 33296 x 117648 1 062
WSI-182 75664 x 107280 174 420 323 749 3 399
WSI-183 33168 x 36880 134 412
Tot. tiles all = 115 401 17 899 25 134 15 142 24 245 32 981
% of all 15.5% 21.8% 13.1% 21.0% 28.6%

Continued on next page
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Table A.4 – continued from previous page
WSI Size Bl Da Mu St Ur
Patients 43 36 36 25 37 41
tile/pat. 2 683 497 698 606 655 804
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Abstract. Supervised learning of convolutional neural networks (CNN)
used for image classification and segmentation has produced state-of-the-
art results, including in many medical image applications. In the medical
field, making ground truth labels would typically require an expert opin-
ion, and a common problem is the lack of labeled data. Consequently, the
models might not be general enough. Digitized histological microscopy
images of tissue biopsies are very large, and detailed truth markings
for tissue-type segmentation is scares or non-existing. However, in many
cases, large amounts of unlabeled data that could be exploited are readily
accessible. Methods for semi-supervised learning exists, but it is hardly
explored in the context of computational pathology. This paper deals
with semi-supervised learning on the application of tissue-type classifi-
cation in histological whole-slide images of urinary bladder cancer. Two
semi-supervised approaches utilizing the unlabeled data in combination
with a small set of labeled data is presented. A multiscale, tile-based
segmentation technique is used to classify tissue into six different classes
by the use of three individual CNNs. Each CNN is presented tissue at
different magnification levels in order to detect different feature types,
later fused in a fully-connected neural network. The two self-training ap-
proaches are: using probabilities and using a clustering technique. The
clustering method performed best and increased the allover accuracy of
the tissue tile classification model from 94.6% to 96% compared to using
supervised learning with labeled data. In addition, the clustering method
generated visually better segmentation images.

Keywords: CNN · semi-supervised learning · bladder cancer · histolog-
ical images · tissue segmentation
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						0			2020-03-28_21-04-31_tri_all_classes			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			100.00%			98.59%			89.14%			79.42%			96.44%			98.01%						21423			16949			28452			16122			7228			25151						5589			2883			5155			1905			1261			4577						6			3			7			3			4			23						1			2			2			1			1			5						augmented stroma+muscle			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_all_classes\2020-03-28_21-04-31_tri_all_classes


						0			2020-03-25_08-48-10_mono_25x_all_classes			mono:25						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.96%			92.61%			88.30%			72.52%			88.26%			92.87%						21423			16949			28452			16122			7228			25151						5589			2883			5155			1905			1261			4577						6			3			7			3			4			23						1			2			2			1			1			5						augmented stroma+muscle			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\mono_25x_all_classes\2020-03-25_08-48-10_mono_25x_all_classes


						0			2020-03-25_08-48-38_mono_100x_all_classes			mono:100						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.79%			98.03%			86.42%			80.17%			87.24%			96.80%						21423			16949			28452			16122			7228			25151						5589			2883			5155			1905			1261			4577						6			3			7			3			4			23						1			2			2			1			1			5						augmented stroma+muscle			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\mono_100x_all_classes\2020-03-25_08-48-38_mono_100x_all_classes


						0			2020-03-25_08-48-53_mono_400x_all_classes			mono:400						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			95.61%			94.37%			76.37%			78.48%			75.15%			91.38%						21423			16949			28452			16122			7228			25151						5589			2883			5155			1905			1261			4577						6			3			7			3			4			23						1			2			2			1			1			5						augmented stroma+muscle			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\mono_400x_all_classes\2020-03-25_08-48-53_mono_400x_all_classes


						0			2020-04-07_22-15-41_tri_background			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.99%																		100.00%			21423																		82227			5589																		15781			6																		24			1																		7			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_background\2020-04-07_22-15-41_tri_background


						0			2020-04-07_22-24-59_tri_blood			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong						99.20%															99.88%						16949															86701						2883															18487						3															27						2															6			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_blood\2020-04-07_22-24-59_tri_blood


						0			2020-04-07_22-31-23_tri_damaged			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong									86.66%												96.33%									28452												75198									5155												16215									7												29									2												8			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_damaged\2020-04-07_22-31-23_tri_damaged


						0			2020-04-08_05-29-52_tri_muscle			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong												84.70%									98.32%												8061									95589												1905									19465												3									29												1									8			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_muscle\2020-04-08_05-29-52_tri_muscle


						0			2020-04-08_05-33-56_tri_stroma			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong															96.28%						99.77%															3614						100036															1261						20109															4						29															1						8			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_stroma\2020-04-08_05-33-56_tri_stroma


						0			2020-04-08_07-50-24_tri_urothelium			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong																		97.80%			99.39%																		25151			78499																		4577			16793																		23			16																		5			6			binary			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\tri_urothelium\2020-04-08_07-50-24_tri_urothelium


						0,5			2020-04-07_18-49-56_combined			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			98.64%			90.01%			82.68%			96.14%			98.29%						41723			36985			48628			28477			23843			45233						5589			2883			5155			1905			1261			4577						52			21			49			31			46			69						1			2			2			1			1			5									C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\2020-04-07_18-49-56_combined


						1			2020-03-28_21-04-31_tri_all_classes_higher			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			weak			99.99%			94.71%			88.85%			81.02%			95.53%			98.72%						20300			20036			20176			20416			20229			20082						5589			2883			5155			1905			1261			4577						46			18			42			28			42			46						1			2			2			1			1			5						highest_prob			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER1_models\tri_all_classes_20k_each_class_highest_prob\2020-03-28_21-04-31_tri_all_classes


						1			2020-03-28_21-04-31_tri_all_classes_lower			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			weak						was so bad that no models was ever saved																																							5589			2883			5155			1905			1261			4577																																																lowest_prob			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER1_models\tri_all_classes_20k_each_class_lowest_prob\2020-03-28_21-04-31_tri_all_classes


						0			2020-04-10_14-25-45			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.1			strong			99.95%			98.73%			96.49%			95.53%			79.45%			97.16%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-10_14-25-45\Mode 05 - Tissue test set\Model_0_tri_25x_100x_400x


						0			2020-04-10_14-25-45			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.15			strong			99.95%			98.96%			96.09%			93.61%			76.09%			97.60%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-10_14-25-45\Mode 05 - Tissue test set\Model_1_tri_25x_100x_400x


						0			2020-04-10_14-25-45			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.92%			98.16%			96.57%			92.38%			79.01%			97.69%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-10_14-25-45\Mode 05 - Tissue test set\Model_2_tri_25x_100x_400x


						0			2020-04-11_01-43-29			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0			strong			99.93%			98.87%			96.70%			94.73%			76.43%			97.03%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-11_01-43-29\Mode 05 - Tissue test set\Model_0_tri_25x_100x_400x


						0			2020-04-11_01-43-29			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.97%			98.90%			96.26%			94.77%			76.89%			97.34%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-11_01-43-29\Mode 05 - Tissue test set\Model_1_tri_25x_100x_400x


						0			2020-04-11_01-43-29			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0			strong			99.85%			98.23%			96.10%			93.79%			76.36%			97.29%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-11_01-43-29\Mode 05 - Tissue test set\Model_2_tri_25x_100x_400x


						0			2020-04-11_01-43-29			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.99%			99.04%			96.54%			94.43%			79.94%			97.45%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						augm*4+eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-11_01-43-29\Mode 05 - Tissue test set\Model_3_tri_25x_100x_400x


						0			2020-04-13_11-32-20			tri:all						learning rate:0.00015, batch size:64, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.87%			98.36%			96.41%			93.83%			79.89%			97.74%						4144			4144			4144			4144			4144			4144						6906			2763			5593			2289			731			7271						6			3			7			3			3			25						1			2			2			1			2			3						eq+LR patience			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_data_tri_lrp\2020-04-11_01-43-29\Mode 05 - Tissue test set\Model_3_tri_25x_100x_400x


						0			2020-04-16_09-35-15_tri_all_classes_lrp			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			100.00%			98.62%			89.14%			79.08%			96.11%			97.65%						21423			16949			28452			24183			10842			25151						5589			2883			5155			1905			1261			4577						6			3			7			3			4			23						1			2			2			1			1			5						2020-03-28_21-04-31_tri_all_classes + lrp			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\nye\Saved_data_tri_lrp_ny


						1			2020-04-16_09-35-15_tri_all_classes_lrp_balance			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			weak			100.00%			95.89%			88.95%			80.35%			96.93%			97.89%						277			3201			15161			28281			8575			11459						5589			2883			5155			1905			1261			4577						1			4			13			24			8			5						1			2			2			1			1			5						to balance dataset			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER1_models\Saved_data_tri_lrp_ny_ITER1_to_balance\2020-04-16_09-35-15_tri_all_classes_lrp_balance


						1			2020-04-16_09-35-15_tri_all_classes_eq_add			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			weak			100.00%			95.16%			90.47%			82.40%			95.05%			98.49%						15116			15078			15128			15121			15024			15259						5589			2883			5155			1905			1261			4577						32			22			43			28			43			45						1			2			2			1			1			5						equal add to dataset			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER1_models\Saved_data_tri_lrp_ny_ITER1_KK\2020-04-16_09-35-15_tri_all_classes_eq_add


						0,5			2020-05-01_15-58-07_tri_all_classes_combined			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.99%			96.66%			90.55%			82.54%			95.93%			98.59%						36539			32027			43580			23182			18638			40410						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined no aug freeze			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_and_kk_model\2020-05-01_15-58-07_tri_all_classes_combined


						0,5			2020-05-02_10-40-08_tri_all_classes_combined_aug			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			96.41%			90.49%			82.87%			95.44%			98.23%						36539			32027			43580			23182			18638			40410						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined w aug freeze			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_and_kk_model_aug\2020-05-02_10-40-08_tri_all_classes_combined_aug


						0,5			2020-05-02_21-02-34_tri_all_classes_combined_aug_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			97.78%			89.00%			82.83%			97.21%			98.93%						36539			32027			43580			23182			18638			40410						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined w aug unfreeze			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_and_kk_model_aug_unfreeze\2020-05-02_21-02-34


						0,5			2020-05-04_00-22-51_tri_all_classes_comb_eq			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			96.84%			90.98%			81.89%			94.07%			97.75%						ERROR:#REF!			55654			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined eq 			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_eq_comb\2020-05-04_00-22-51_tri_all_classes_comb_eq


						0,5			2020-05-04_12-37-41_tri_all_classes_comb_eq_aug_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			98.70%			91.88%			84.71%			95.92%			98.96%						ERROR:#REF!			166962			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined eq w aug unfreeze			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_eq_comb_aug_unfreeze\2020-05-04_12-37-41_tri_all_classes_comb_eq_aug_unfreeze


						0,5			2020-05-05_14-56-17_tri_all_classes_comb_eq_aug8_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			97.99%			91.17%			85.22%			96.19%			99.19%						ERROR:#REF!			445232			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!			ERROR:#REF!						5589			2883			5155			1905			1261			4577						38			25			50			31			47			68						1			2			2			1			1			5						combined eq w aug unfreeze			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_lrp_eq_comb_aug8_unfreeze\2020-05-05_14-56-17_tri_all_classes_comb_eq_aug8_unfreeze


						0,5			2020-05-13_20-55-18_tri_combined_manual_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			92.82%			86.86%			84.44%			98.36%			99.86%						21895			35483			52783			22847			26014			57279						5589			2883			5155			1905			1261			4577						7			39			43			28			41			64						1			2			2			1			1			5						manual weak labels, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_manual\2020-05-13_20-55-18_tri_combined_manual\


						0,5			2020-05-14_08-43-45_tri_combined_manual_norm_aug_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			86.51%			86.51%			88.73%			98.71%			99.74%						21895			35483			52783			68541			78042			57279						5589			2883			5155			1905			1261			4577						7			39			43			28			41			64						1			2			2			1			1			5						manual weak labels, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_manual_norm_aug\2020-05-14_08-43-45





						0			2020-05-14_08-43-45_tri_strong_H3137_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			strong			99.89%			99.70%			98.66%			98.43%			92.31%			98.49%						21423			16949			27404			8061			3614			26467						5589			2283			6203			1905			1261			3261						6			3			7			3			4			23						1			2			2			1			1			5						updated dataset, unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_tri_strong_manual_H3137


						0,5			2020-05-14_08-43-45_tri_combined_manual_H3137_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			100.00%			99.52%			99.90%			99.90%			100.00%			99.43%						21895			35483			51735			22847			26014			57279						5589			2283			6203			1905			1261			3261						7			39			43			28			41			64						1			2			2			1			1			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_manual_H3137


						0,5			2020-05-14_08-43-45_tri_combined_manual_H3137_aug4_unfreeze			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.97%			99.95%			99.55%			98.88%			100.00%			99.77%						87580			141932			206940			91388			104056			234380						5589			2283			6203			1905			1261			3261						7			39			43			28			41			64						1			2			2			1			1			5						combined unfreeze, 4x aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_manual_aug4_H3137\2020-05-15_18-38-17


						0,5			Saved_tri_combined_new_testset - strong testset			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.97%			99.93%			99.74%			99.63%			99.72%			99.82%						37623			63704			48611			41206			48060			54472						5589			2283			6203			1905			1261			3261						39			33			37			24			35			59						1			2			2			1			1			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_new_testset\2020-05-19_21-00-59


						0,5			Saved_tri_combined_new_testset - weak testset			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.92%			99.38%			98.30%			98.47%			96.17%			97.28%						37623			63704			48611			41206			48060			54472						37934			2996			3927			2600			3829			4976						39			33			37			24			35			59						6			6			6			4			6			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_new_testset\2020-05-19_21-00-59


						0			2020-05-14_08-43-45_tri_strong_H3137_unfreeze - weak testset			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.15%			75.31%			90.55%			92.72%			80.77%			84.18%						21423			16949			27404			8061			3614			26467						37934			2996			3927			2600			3829			4976						6			3			7			3			4			23						6			6			6			4			6			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0_models\Saved_tri_strong_manual_H3137


						0,5			Probability based modified split of dataset			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.79%			99.91%			99.20%			97.96%			99.20%			99.63%						41723			36985			47580			28477			23843			46549						5589			2283			6203			1905			1261			3261						52			21			49			31			46			69						1			2			2			1			1			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\ITER0&1_combined_models\Saved_tri_combined_probability_H3137\2020-05-31_23-39-36


						0,5			Cluster based modified split of dataset			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2			both			99.98%			99.72%			98.96%			97.44%			98.80%			99.25%						61424			42849			27159			51751			56195			34558						5589			2283			6203			1905			1261			3261						38			25			45			31			47			48						1			2			2			1			1			5						combined unfreeze, no aug			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\FINAL_MODELS\TRI-C-SSL-U-2\Saved_tri_combined_cluster_H3137\


						0			train_all classes_strong			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2																											27012			19832			33607			9966			4875			29728																											7			5			9			4			5			28																											full gt dataset			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\FINAL_MODELS\TRAIN_ALL_ORIG


						0,5			train_all classes_weak_48k_100_prob			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2						99.86%			99.66%			99.03%			96.93%			98.26%			99.55%						48500			48273			48320			48208			48342			48317						27012			19832			33607			9966			4875			29728						70			25			89			29			64			96						7			5			9			4			5			28						full dm			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\FINAL_MODELS\TRAIN_ALL_PROB-100_48k-ea


						0,5			train_all classes_weak_100k_avg_prob			tri:all						learning rate:0.00015, batch size:128, n_neurons1:4096, n_neurons2:4096, n_neurons3:0, dropout:0.2						99.98%			99.99%			99.93%			99.89%			99.71%			99.90%						100011			100348			100487			100221			100046			100121						27012			19832			33607			9966			4875			29728						74			40			93			50			93			99						7			5			9			4			5			28						full dm			C:\Users\ond\Documents\MSc\Master\2020.02-Macgyver4.0\FINAL_MODELS\TRAIN_ALL_PROB-AVG_100k-ea
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																																	test																								dataset





						dataset 1									vgg16			augment mult			abbr			name			ba			bl			da			mu			st			ur			acc						ba			bl			da			mu			st			ur


															freeze			2x st, 2x mu			SL			original			100.00%			98.59%			89.14%			79.42%			96.44%			98.01%			94.61%						21423			16949			28452			16122			7228			25151


															freeze			1			P-SSL			probability			100.00%			98.64%			90.01%			82.68%			96.14%			98.29%			95.19%			0.58%			41723			36985			48628			28477			23843			45233


															freeze			1			C-SSL			clustering			99.99%			96.66%			90.55%			82.54%			95.93%			98.59%			95.12%			0.51%			42704			55654			55611			55668			55665			55565








																																	test																								dataset





						dataset 1									vgg16			aug									ba			bl			da			mu			st			ur			acc						ba			bl			da			mu			st			ur


															freeze			2x st, 2x mu			SL			original			100.00%			98.59%			89.14%			79.42%			96.44%			98.01%			94.61%						21423			16949			28452			16122			7228			25151


															unfreeze			3x bl,da,mu,st,ur			SL-AU			strong			100.00%			99.88%			87.86%			78.10%			98.10%			99.09%			94.57%			-0.05%			21423			50847			85356			24183			10842			75453


															unfreeze			3x bl,da,mu,st,ur			P-SSL-AU			probability			100.00%			97.36%			88.21%			82.18%			96.79%			99.45%			94.85%			0.23%			41723			110955			145884			85431			71529			135699


															unfreeze			3x bl,da,mu,st,ur			C-SSL-AU			clustering			100.00%			98.70%			91.88%			84.71%			95.92%			98.96%			95.99%			1.38%			42704			166962			166833			167004			166995			166695
























































MSc








																																	test																								dataset





						dataset 1									vgg16			augment mult			abbr			type			ba			bl			da			mu			st			ur			acc						ba			bl			da			mu			st			ur


															freeze			2x st, 2x mu			SL			original			100.00%			98.59%			89.14%			79.42%			96.44%			98.01%			94.61%						21423			16949			28452			16122			7228			25151


															freeze			1			P-SSL			probability			100.00%			98.64%			90.01%			82.68%			96.14%			98.29%			95.19%			0.58%			41723			36985			48628			28477			23843			45233


															freeze			1			C-SSL			clustering			99.99%			96.66%			90.55%			82.54%			95.93%			98.59%			95.12%			0.51%			42704			55654			55611			55668			55665			55565


															freeze			1			M-SL			manual			100.00%			93.00%			89.37%			86.68%			99.33%			99.19%			95.10%						21895			35483			52783			22847			26014			57279








																																	test																								dataset





						dataset 1									vgg16			augment mult			abbr			type			ba			bl			da			mu			st			ur			acc						ba			bl			da			mu			st			ur


															freeze			2x st, 2x mu			SL			original			100.00%			98.59%			89.14%			79.42%			96.44%			98.01%			94.61%						21423			16949			28452			16122			7228			25151


															unfreeze			3x bl,da,mu,st,ur			SL-AU			strong			100.00%			99.88%			87.86%			78.10%			98.10%			99.09%			94.57%			-0.05%			21423			50847			85356			24183			10842			75453


															unfreeze			3x bl,da,mu,st,ur			P-SSL-AU			probability			100.00%			97.36%			88.21%			82.18%			96.79%			99.45%			94.85%			0.23%			41723			110955			145884			85431			71529			135699


															unfreeze			3x bl,da,mu,st,ur			C-SSL-AU			clustering			100.00%			98.70%			91.88%			84.71%			95.92%			98.96%			95.99%			1.38%			42704			166962			166833			167004			166995			166695


															unfreeze			3x bl,da,mu,st,ur			M-SL-AU			manual			100.00%			92.42%			89.07%			88.60%			98.48%			99.67%			95.20%





												(			unfreeze			8x bl,da,mu,st,ur			1337			clustering			100.00%			97.99%			91.17%			85.22%			96.19%			99.19%			95.83%			1.21%			42704			667848			667332			668016			667980			666780			)








																																	test																								dataset





						dataset 2									vgg16			augment mult			abbr			type			ba			bl			da			mu			st			ur			acc						ba			bl			da			mu			st			ur


															unfreeze			1			OM-2			original			99.89%			99.70%			98.66%			98.43%			92.31%			98.49%			98.73%						21423			16949			27404			8061			3614			26467


															unfreeze			1			PM-2			probability			99.79%			99.91%			99.20%			97.96%			99.20%			99.63%			99.41%			0.68%			41723			36985			47580			28477			23843			46549


															unfreeze			1			CM-2			clustering			99.98%			99.72%			98.96%			97.44%			98.80%			99.25%			99.24%			0.51%			41124			55654			52221			55668			55665			58198


																					NE-SL-AU-2			manual			100.00%			99.52%			99.90%			99.90%			100.00%			99.43%			99.43%















attachments/patients_model_duplication.txt

WSI-185 contains 6104 labelled tiles.
     Background:     1009
     Blood:          523
     Damaged:        1102
     Muscle:         2040
     Stroma:         402
     Urothelium:     1028
WSI-186 contains 11124 labelled tiles.
     Background:     392
     Blood:          8375
     Damaged:        1102
     Stroma:         227
     Urothelium:     1028
WSI-187 contains 5657 labelled tiles.
     Background:     2355
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-188 contains 13824 labelled tiles.
     Background:     107
     Blood:          8375
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-189 contains 6067 labelled tiles.
     Background:     591
     Blood:          505
     Damaged:        1102
     Muscle:         2040
     Stroma:         801
     Urothelium:     1028
WSI-190 contains 4049 labelled tiles.
     Background:     874
     Damaged:        975
     Stroma:         1172
     Urothelium:     1028
WSI-191 contains 3502 labelled tiles.
     Background:     455
     Damaged:        1102
     Stroma:         917
     Urothelium:     1028
WSI-192 contains 6617 labelled tiles.
     Background:     1275
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-193 contains 1212 labelled tiles.
     Stroma:         184
     Urothelium:     1028
WSI-194 contains 4995 labelled tiles.
     Background:     2865
     Damaged:        1102
     Urothelium:     1028
WSI-195 contains 5342 labelled tiles.
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-196 contains 6669 labelled tiles.
     Background:     189
     Blood:          1138
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-197 contains 15472 labelled tiles.
     Background:     1755
     Blood:          8375
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-198 contains 5929 labelled tiles.
     Background:     2627
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-199 contains 8207 labelled tiles.
     Background:     2865
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1100 contains 3815 labelled tiles.
     Background:     513
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1101 contains 5545 labelled tiles.
     Background:     203
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1102 contains 3486 labelled tiles.
     Background:     184
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1103 contains 2486 labelled tiles.
     Blood:          152
     Damaged:        134
     Stroma:         1172
     Urothelium:     1028
WSI-1104 contains 4330 labelled tiles.
     Background:     287
     Blood:          741
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1105 contains 8594 labelled tiles.
     Background:     2865
     Blood:          387
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1106 contains 5342 labelled tiles.
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1107 contains 8887 labelled tiles.
     Background:     2865
     Blood:          680
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1108 contains 3302 labelled tiles.
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1109 contains 3671 labelled tiles.
     Background:     369
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1110 contains 3713 labelled tiles.
     Background:     411
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1111 contains 8207 labelled tiles.
     Background:     2865
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1112 contains 14332 labelled tiles.
     Background:     2865
     Blood:          6125
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1113 contains 2130 labelled tiles.
     Damaged:        1102
     Urothelium:     1028
WSI-1114 contains 1548 labelled tiles.
     Damaged:        198
     Stroma:         322
     Urothelium:     1028
WSI-1115 contains 7352 labelled tiles.
     Background:     2010
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1116 contains 3642 labelled tiles.
     Background:     340
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1117 contains 3434 labelled tiles.
     Background:     132
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1118 contains 2253 labelled tiles.
     Background:     222
     Stroma:         1003
     Urothelium:     1028
WSI-1119 contains 3302 labelled tiles.
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1120 contains 5843 labelled tiles.
     Blood:          501
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1121 contains 3169 labelled tiles.
     Damaged:        1102
     Stroma:         1039
     Urothelium:     1028
WSI-1122 contains 5780 labelled tiles.
     Background:     2478
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1123 contains 7978 labelled tiles.
     Background:     294
     Blood:          2342
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1124 contains 8392 labelled tiles.
     Blood:          5090
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1125 contains 8207 labelled tiles.
     Background:     2865
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1126 contains 2200 labelled tiles.
     Stroma:         1172
     Urothelium:     1028
WSI-1127 contains 6104 labelled tiles.
     Background:     2865
     Damaged:        1102
     Stroma:         1109
     Urothelium:     1028
WSI-1128 contains 472 labelled tiles.
     Background:     206
     Urothelium:     266
WSI-1129 contains 6654 labelled tiles.
     Background:     1312
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1130 contains 6167 labelled tiles.
     Background:     2865
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1131 contains 5727 labelled tiles.
     Background:     385
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1132 contains 3188 labelled tiles.
     Blood:          464
     Damaged:        1102
     Stroma:         594
     Urothelium:     1028
WSI-1133 contains 5248 labelled tiles.
     Background:     179
     Blood:          162
     Damaged:        1102
     Muscle:         2040
     Stroma:         737
     Urothelium:     1028
WSI-1134 contains 7257 labelled tiles.
     Background:     602
     Blood:          1313
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1135 contains 7785 labelled tiles.
     Background:     2306
     Blood:          137
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1136 contains 5847 labelled tiles.
     Blood:          505
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1137 contains 5342 labelled tiles.
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1138 contains 6230 labelled tiles.
     Background:     2754
     Blood:          174
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1139 contains 4356 labelled tiles.
     Background:     186
     Damaged:        1102
     Muscle:         2040
     Urothelium:     1028
WSI-1140 contains 4326 labelled tiles.
     Background:     121
     Blood:          903
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1141 contains 4841 labelled tiles.
     Background:     671
     Damaged:        1102
     Muscle:         2040
     Urothelium:     1028
WSI-1142 contains 10427 labelled tiles.
     Background:     2852
     Blood:          4273
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1143 contains 7990 labelled tiles.
     Background:     2544
     Blood:          104
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1144 contains 8177 labelled tiles.
     Blood:          2835
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1145 contains 3265 labelled tiles.
     Background:     2865
     Muscle:         261
     Urothelium:     139
WSI-1146 contains 6504 labelled tiles.
     Background:     641
     Blood:          521
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1147 contains 5463 labelled tiles.
     Background:     121
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1148 contains 6812 labelled tiles.
     Background:     1036
     Blood:          434
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1149 contains 5717 labelled tiles.
     Background:     260
     Blood:          115
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1150 contains 8565 labelled tiles.
     Background:     2865
     Blood:          358
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1151 contains 2500 labelled tiles.
     Background:     300
     Stroma:         1172
     Urothelium:     1028
WSI-1152 contains 2885 labelled tiles.
     Background:     445
     Damaged:        1102
     Stroma:         310
     Urothelium:     1028
WSI-1153 contains 3571 labelled tiles.
     Background:     269
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1154 contains 3785 labelled tiles.
     Background:     561
     Damaged:        1102
     Stroma:         1094
     Urothelium:     1028
WSI-1155 contains 5342 labelled tiles.
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1156 contains 6916 labelled tiles.
     Background:     124
     Blood:          1450
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1157 contains 6537 labelled tiles.
     Background:     1195
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1158 contains 3302 labelled tiles.
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1159 contains 5459 labelled tiles.
     Background:     117
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1160 contains 8207 labelled tiles.
     Background:     2865
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1161 contains 12075 labelled tiles.
     Background:     125
     Blood:          6608
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1162 contains 10812 labelled tiles.
     Blood:          5470
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1163 contains 8397 labelled tiles.
     Background:     1140
     Blood:          1915
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1164 contains 6167 labelled tiles.
     Background:     2865
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1165 contains 11554 labelled tiles.
     Background:     347
     Blood:          8375
     Damaged:        1102
     Stroma:         702
     Urothelium:     1028
WSI-1166 contains 6720 labelled tiles.
     Background:     1378
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1167 contains 3985 labelled tiles.
     Blood:          914
     Damaged:        1102
     Stroma:         941
     Urothelium:     1028
WSI-1168 contains 6577 labelled tiles.
     Blood:          3275
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1169 contains 5663 labelled tiles.
     Background:     2361
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1170 contains 6000 labelled tiles.
     Background:     658
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1171 contains 6340 labelled tiles.
     Background:     2722
     Blood:          316
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1172 contains 16582 labelled tiles.
     Background:     2865
     Blood:          8375
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1173 contains 5342 labelled tiles.
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1174 contains 5622 labelled tiles.
     Blood:          280
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1175 contains 14449 labelled tiles.
     Background:     1537
     Blood:          7570
     Damaged:        1102
     Muscle:         2040
     Stroma:         1172
     Urothelium:     1028
WSI-1176 contains 5154 labelled tiles.
     Background:     2865
     Damaged:        1102
     Stroma:         159
     Urothelium:     1028
WSI-1177 contains 3302 labelled tiles.
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1178 contains 3855 labelled tiles.
     Background:     553
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1179 contains 3779 labelled tiles.
     Background:     284
     Blood:          193
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1180 contains 2705 labelled tiles.
     Damaged:        1102
     Stroma:         575
     Urothelium:     1028
WSI-1181 contains 8065 labelled tiles.
     Background:     2865
     Damaged:        1102
     Muscle:         2040
     Stroma:         1030
     Urothelium:     1028
WSI-1182 contains 5609 labelled tiles.
     Background:     2307
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
WSI-1183 contains 5802 labelled tiles.
     Background:     2500
     Damaged:        1102
     Stroma:         1172
     Urothelium:     1028
----------------- TOTAL ------------------
Number of pickle files: 99
Total Background:    100011 ,  74 patients, avg. prob =  0.9924017674678997
Total Blood:         100348 ,  40 patients, avg. prob =  0.9981530419280835
Total Damaged:       100487 ,  93 patients, avg. prob =  0.998821914111786
Total Muscle:        100221 ,  50 patients, avg. prob =  0.9956526985008688
Total Stroma:        100046 ,  93 patients, avg. prob =  0.9932392064622054
Total Urothelium:    100121 ,  99 patients, avg. prob =  0.9988818456980382
Total Other:         0 ,  0 patients







attachments/python_files/CBST.py


from datetime import datetime
startTime = datetime.now()
import pickle
import os
from os import listdir
from os.path import isfile, join
import cv2
import time
import numpy as np
import sys



sys.setrecursionlimit(1500)
MAX_RECURSIONS = 1000
# path
PICKLE_PATH = 'ITER0_models/nye/Saved_data_tri_lrp_ny/tissue_cluster_classes_coordinate_tiles_lrp/test/'
WSI_PATH = '25x_jpeg_full/' # run save_scn_to_25x_jpeg and save them here
OUTPUT_FOLDER = PICKLE_PATH+'CLUSTERING_eq_add/'
OUTPUT_PICKLE_FOLDER    = OUTPUT_FOLDER+'PICKLE/'
OUTPUT_IMG_FOLDER       = OUTPUT_FOLDER+'IMAGES/'

all_wsi_pickle = pickle.load(open(WSI_PATH+'all_wsi_pickle.obj', 'rb'))
spaces = '       '



# settings
INCLUDE_BACKGROUND                          = True
MIN_TILES_BACKGROUND                        = 50               # min tiles per class per pickle for it to be included
MIN_CLUSTER_SIZE_BACKGROUND                 = 50                # min number of tiles per cluster for it to be included
AVG_CLUSTER_PROBABILITY_RANGE_BACKGROUND    = [0.6, 1]          # [min, max] for cluster probability
BACKGROUND_EDGE_MARKER                      = [0, 0, 0]         # colors used in images [B, G, R]
MAX_NUMBER_OF_CLUSTERS_BACKGROUND           = 100#10
MAX_NUMBER_OF_TILES_BACKGROUND              = 1000000           # sets INCLUDE_XX = False when this is crossed
MAX_TILES_PER_WSI_BACKGROUND                = 20000#1500

INCLUDE_BLOOD                               = True
MIN_TILES_BLOOD                             = 20
MIN_CLUSTER_SIZE_BLOOD                      = 20
AVG_CLUSTER_PROBABILITY_RANGE_BLOOD         = [0.6, 1]
BLOOD_EDGE_MARKER                           = [0, 0, 255]
MAX_NUMBER_OF_CLUSTERS_BLOOD                = 100#10
MAX_NUMBER_OF_TILES_BLOOD                   = 1000000
MAX_TILES_PER_WSI_BLOOD                     = 20000#1950

INCLUDE_DAMAGED                             = True
MIN_TILES_DAMAGED                           = 50
MIN_CLUSTER_SIZE_DAMAGED                    = 50
AVG_CLUSTER_PROBABILITY_RANGE_DAMAGED       = [0.6, 1]
DAMAGED_EDGE_MARKER                         = [0, 255, 255]
MAX_NUMBER_OF_CLUSTERS_DAMAGED              = 100#10
MAX_NUMBER_OF_TILES_DAMAGED                 = 1000000
MAX_TILES_PER_WSI_DAMAGED                   = 798#370

INCLUDE_MUSCLE                              = True
MIN_TILES_MUSCLE                            = 20
MIN_CLUSTER_SIZE_MUSCLE                     = 20
AVG_CLUSTER_PROBABILITY_RANGE_MUSCLE        = [0.6, 1]
MUSCLE_EDGE_MARKER                          = [255, 0, 255]
MAX_NUMBER_OF_CLUSTERS_MUSCLE               = 100#10
MAX_NUMBER_OF_TILES_MUSCLE                  = 1000000
MAX_TILES_PER_WSI_MUSCLE                    = 4815# 4950=48278 #838

INCLUDE_STROMA                              = True
MIN_TILES_STROMA                            = 50
MIN_CLUSTER_SIZE_STROMA                     = 50
AVG_CLUSTER_PROBABILITY_RANGE_STROMA        = [0.6, 1]
STROMA_EDGE_MARKER                          = [255, 255, 0]
MAX_NUMBER_OF_CLUSTERS_STROMA               = 100#10
MAX_NUMBER_OF_TILES_STROMA                  = 1000000
MAX_TILES_PER_WSI_STROMA                    = 1440#364

INCLUDE_UROTHELIUM                          = True
MIN_TILES_UROTHELIUM                        = 50
MIN_CLUSTER_SIZE_UROTHELIUM                 = 50
AVG_CLUSTER_PROBABILITY_RANGE_UROTHELIUM    = [0.6, 1]
UROTHELIUM_EDGE_MARKER                      = [255, 0, 0]
MAX_NUMBER_OF_CLUSTERS_UROTHELIUM           = 100
MAX_NUMBER_OF_TILES_UROTHELIUM              = 1000000
MAX_TILES_PER_WSI_UROTHELIUM                = 1235#335


FULL                        = False
DEBUG                       = False     # sets INCLUDE_XXX = False after clustering is finished for one pickle of that class and it is within above specified limits
SAVE_INDIVIDUAL_MASKS       = False
SAVE_MAIN_MASK              = False
SAVE_OVERVIEW               = True
SAVE_MODIFIED_PICKLE_FILES  = True
REVERSE                     = True     # if more clusters are within range limit, True = include the ones with highest probability, False = lowest probability
HIGHLIGHT_INNER_PIXELS      = False
ONLY_INCLUDE_TILES_INSIDE_CLUSTER = False

shift = 56
TOT_nBackground = 0
TOT_nBlood = 0
TOT_nDamaged = 0
TOT_nMuscle = 0
TOT_nStroma = 0
TOT_nUrothelium = 0

if SAVE_INDIVIDUAL_MASKS or SAVE_MAIN_MASK or SAVE_OVERVIEW:
    if not os.path.isdir(OUTPUT_IMG_FOLDER):
        os.mkdir(OUTPUT_IMG_FOLDER)
if not os.path.isdir(OUTPUT_FOLDER):
    os.mkdir(OUTPUT_FOLDER)
if not os.path.isdir(OUTPUT_PICKLE_FOLDER):
    os.mkdir(OUTPUT_PICKLE_FOLDER)


def step(cpx, cpy, prev_x, prev_y, img, current_cluster):
    # if x + 1 < lim_x and x - 1 > 0 and y + 1 < lim_y and y - 1 > 0:
    limit_x, limit_y, dimension = img.shape
    #print(cpx,limit_x, '     ', cpy,limit_y)
    if cpx == 0 or cpx == limit_x-1 or cpy == 0 or cpy == limit_y-1:
        current_cluster.append([cpx, cpy])
        return

    current_cluster.append([cpx, cpy])
    # for i in range(0, len(clusters)):
    #     if [cpx, cpy] in clusters[i]:
    #         return
    # if current_pickle_filename == 'H25823-10G HES_2015-08-19 13_06_27_coordinate_tissue_predictions_pickle.obj' and DEBUG:
    # if cpx+1 >= lim_x or cpx-1 <= 0 or cpy+1 >= lim_y or cpy <= 0:
    #     return

    if prev_x < cpx: # last moved south / dont need to check north again
        # south
        if img[cpx+1, cpy, 2] == 255 and [cpx+1, cpy] not in current_cluster:
            step(cpx+1, cpy, cpx, cpy, img, current_cluster)
        # west
        if img[cpx, cpy-1, 2] == 255 and [cpx, cpy-1] not in current_cluster:
            step(cpx, cpy-1, cpx, cpy, img, current_cluster)
        # east
        if img[cpx, cpy+1, 2] == 255 and [cpx, cpy+1] not in current_cluster:
            step(cpx, cpy+1, cpx, cpy, img, current_cluster)
        # end
        if [cpx+1, cpy] in current_cluster and [cpx, cpy-1] in current_cluster and [cpx, cpy+1] in current_cluster:
            return

    elif prev_y > cpy: # last moved west / dont need to check east again
        # south
        if img[cpx+1, cpy, 2] == 255 and [cpx+1, cpy] not in current_cluster:
            step(cpx+1, cpy, cpx, cpy, img, current_cluster)
        # west
        if img[cpx, cpy-1, 2] == 255 and [cpx, cpy-1] not in current_cluster:
            step(cpx, cpy-1, cpx, cpy, img, current_cluster)
        # north
        if img[cpx-1, cpy, 2] == 255 and [cpx-1, cpy] not in current_cluster:
            step(cpx-1, cpy, cpx, cpy, img, current_cluster)
        # end
        if [cpx+1, cpy] in current_cluster and [cpx, cpy-1] in current_cluster and [cpx-1, cpy] in current_cluster:
            return

    elif prev_x > cpx: # last moved north / dont need to check south again
        # west
        if img[cpx, cpy-1, 2] == 255 and [cpx, cpy-1] not in current_cluster:
            step(cpx, cpy-1, cpx, cpy, img, current_cluster)
        # north
        if img[cpx-1, cpy, 2] == 255 and [cpx-1, cpy] not in current_cluster:
            step(cpx-1, cpy, cpx, cpy, img, current_cluster)
        # east
        if img[cpx, cpy+1, 2] == 255 and [cpx, cpy+1] not in current_cluster:
            step(cpx, cpy+1, cpx, cpy, img, current_cluster)
        # end
        if [cpx, cpy-1] in current_cluster and [cpx-1, cpy] in current_cluster and [cpx, cpy+1] in current_cluster:
            return

    elif prev_y < cpy: # last moved east / dont need to check west again
        # south
        if img[cpx+1, cpy, 2] == 255 and [cpx+1, cpy] not in current_cluster:
            step(cpx+1, cpy, cpx, cpy, img, current_cluster)
        # east
        if img[cpx, cpy+1, 2] == 255 and [cpx, cpy+1] not in current_cluster:
            step(cpx, cpy+1, cpx, cpy, img, current_cluster)
        # north
        if img[cpx-1, cpy, 2] == 255 and [cpx-1, cpy] not in current_cluster:
            step(cpx-1, cpy, cpx, cpy, img, current_cluster)
        # end
        if [cpx+1, cpy] in current_cluster and [cpx, cpy+1] in current_cluster and [cpx-1, cpy] in current_cluster:
            return
    else:
        return

def find_clusters_recursion(mask, MIN_CLUSTER_SIZE):
    lim_x, lim_y, dim = mask.shape
    # print(lim_x, lim_y, blood_mask.shape, blood_mask[lim_x-1,lim_y-1])
    if MIN_CLUSTER_SIZE > 1: # remove single points
        for x in range(0, lim_x):
            for y in range(0, lim_y):
                if mask[x, y, 2] == 255:
                    # if lim_x > x > 0 and lim_y > y > 0:
                    #     if blood_mask[x-1,y,2] == 0 and blood_mask[x+1,y,2] == 0 and blood_mask[x,y-1,2] == 0 and blood_mask[x,y+1,2] == 0:
                    #         blood_mask[x,y,2]=0
                    if x == lim_x - 1:
                        if mask[x - 1, y, 2] == 0 and mask[x, y - 1, 2] == 0 and mask[x, y + 1, 2] == 0:
                            mask[x, y, 2] = 0
                    elif x == 0:
                        if mask[x + 1, y, 2] == 0 and mask[x + 1, y, 2] == 0 and mask[x, y - 1, 2] == 0:
                            mask[x, y, 2] = 0
                    elif y == lim_y - 1:
                        if mask[x, y - 1, 2] == 0 and mask[x - 1, y, 2] == 0 and mask[x + 1, y, 2] == 0:
                            mask[x, y, 2] = 0
                    elif y == 0:
                        if mask[x, y + 1, 2] == 0 and mask[x - 1, y, 2] == 0 and mask[x + 1, y, 2] == 0:
                            mask[x, y, 2] = 0
                    else:
                        if mask[x - 1, y, 2] == 0 and mask[x + 1, y, 2] == 0 and mask[x, y - 1, 2] == 0 and mask[x, y + 1, 2] == 0:
                            mask[x, y, 2] = 0
    # find clusters:
    clusters = []
    for x in range(0, lim_x):
        for y in range(0, lim_y):
            if mask[x, y, 2] == 255:  # if current pix is red
                if x + 1 < lim_x and x - 1 > 0 and y + 1 < lim_y and y - 1 > 0:  # if current pix is on the edge edge and will cause errors
                    NEW_CLUSTER = True
                    if len(clusters) > 0:
                        for cluster in clusters:  # check all clusters if point already belongs to one
                            if [x, y] in cluster:
                                NEW_CLUSTER = False

                    if NEW_CLUSTER:
                        current_cluster = []
                        if mask[x + 1, y, 2] == 0:  # south
                            step(x, y, x + 1, y, mask, current_cluster)
                            clusters.append(current_cluster)
                        elif mask[x, y - 1, 2] == 0:  # west
                            step(x, y, x, y - 1, mask, current_cluster)
                            clusters.append(current_cluster)
                        elif mask[x - 1, y, 2] == 0:  # north
                            step(x, y, x - 1, y, mask, current_cluster)
                            clusters.append(current_cluster)
                        elif mask[x, y + 1, 2] == 0:  # east
                            step(x, y, x, y + 1, mask, current_cluster)
                            clusters.append(current_cluster)
    clusters_to_keep = []
    if len(clusters) > 0:
        for index, cluster in enumerate(clusters):
            if len(cluster) >= MIN_CLUSTER_SIZE:
                clusters_to_keep.append(cluster)

    return clusters_to_keep

def find_clusters_iteration(mask, MIN_CLUSTER_SIZE):
    lim_x, lim_y, dim = mask.shape
    if MIN_CLUSTER_SIZE > 1:  # remove single points
        for x in range(0, lim_x):
            for y in range(0, lim_y):
                if mask[x, y, 0] == 1:
                    # if lim_x > x > 0 and lim_y > y > 0:
                    #     if blood_mask[x-1,y,2] == 0 and blood_mask[x+1,y,2] == 0 and blood_mask[x,y-1,2] == 0 and blood_mask[x,y+1,2] == 0:
                    #         blood_mask[x,y,2]=0
                    if x == lim_x - 1:
                        if mask[x - 1, y, 0] == 0 and mask[x, y - 1, 0] == 0 and mask[x, y + 1, 0] == 0:
                            mask[x, y, 0] = 0
                    elif x == 0:
                        if mask[x + 1, y, 0] == 0 and mask[x + 1, y, 0] == 0 and mask[x, y - 1, 0] == 0:
                            mask[x, y, 0] = 0
                    elif y == lim_y - 1:
                        if mask[x, y - 1, 0] == 0 and mask[x - 1, y, 0] == 0 and mask[x + 1, y, 0] == 0:
                            mask[x, y, 0] = 0
                    elif y == 0:
                        if mask[x, y + 1, 0] == 0 and mask[x - 1, y, 0] == 0 and mask[x + 1, y, 0] == 0:
                            mask[x, y, 0] = 0
                    else:
                        if mask[x - 1, y, 0] == 0 and mask[x + 1, y, 0] == 0 and mask[x, y - 1, 0] == 0 and mask[x, y + 1, 0] == 0:
                            mask[x, y, 0] = 0

    the_clusters = []
    remainder_mask = mask
    for x in range(0, lim_x):
        for y in range(0, lim_y):
            if remainder_mask[x, y, 0] == 1:
                current_cluster = []
                current_cluster.append([x, y])
                neighbors_to_scan = []
                remainder_mask[x, y, 0] = 0
                neighbors_to_scan.append([x + 1, y])
                neighbors_to_scan.append([x - 1, y])
                neighbors_to_scan.append([x, y + 1])
                neighbors_to_scan.append([x, y - 1])
                while len(neighbors_to_scan) > 0:
                    for index, neighbor in enumerate(neighbors_to_scan):
                        if neighbor[0] >= lim_x or neighbor[1] >= lim_y:
                            del neighbors_to_scan[index]
                            break
                        if remainder_mask[neighbor[0], neighbor[1], 0] == 1 and neighbor not in current_cluster:
                            current_cluster.append([neighbor[0], neighbor[1]])
                            remainder_mask[neighbor[0], neighbor[1], 0] = 0
                            if 0 < (neighbor[0] + 1) < lim_x and (neighbor[1]) < lim_y:
                                neighbors_to_scan.append([neighbor[0] + 1, neighbor[1]])

                            if 0 < (neighbor[0] - 1) < lim_x and (neighbor[1]) < lim_y:
                                neighbors_to_scan.append([neighbor[0] - 1, neighbor[1]])

                            if 0 < (neighbor[0]) < lim_x and (neighbor[1] + 1) < lim_y:
                                neighbors_to_scan.append([neighbor[0], neighbor[1] + 1])

                            if 0 < (neighbor[0]) < lim_x and (neighbor[1] - 1) < lim_y:
                                neighbors_to_scan.append([neighbor[0], neighbor[1] - 1])
                            del neighbors_to_scan[index]
                            break
                        else:
                            del neighbors_to_scan[index]
                            break
                the_clusters.append(current_cluster)
    the_clusters_to_keep = []
    if len(the_clusters) > 0:
        for the_cluster in the_clusters:
            if len(the_cluster) >= MIN_CLUSTER_SIZE:
                the_clusters_to_keep.append(the_cluster)
    return the_clusters_to_keep



pickle_train_files = [f for f in listdir(PICKLE_PATH) if isfile(join(PICKLE_PATH, f))]

#bugi = pickle_train_files.index('H25823-10G HES_2015-08-19 13_06_27_coordinate_tissue_predictions_pickle.obj')
#del pickle_train_files[bugi]

for current_pickle_filename in pickle_train_files:
    #current_pickle_filename = 'H10537-10A HES_2015-08-19 16_30_19_coordinate_tissue_predictions_pickle.obj'
    print(current_pickle_filename)
    current_pickle_file = pickle.load(open(PICKLE_PATH+current_pickle_filename, 'rb'))
    if FULL:
        current_wsi_filename = current_pickle_filename[:-41] + '.scn_FULL_25x.jpeg'
    else:
        current_wsi_filename = current_pickle_filename[:-41] + '.scn_25x.jpeg'
    current_jpeg_file = cv2.imread(WSI_PATH+current_wsi_filename)
    lim_x, lim_y, dim = current_jpeg_file.shape
    current_wsi_pickle = all_wsi_pickle[current_pickle_filename[:-41]+'.scn']
    remove_cols_left = current_wsi_pickle['remove_cols_left']
    remove_rows_top = current_wsi_pickle['remove_rows_top']
    new_width= current_wsi_pickle['new_width']
    new_height= current_wsi_pickle['new_height']

    if TOT_nBackground >= MAX_NUMBER_OF_TILES_BACKGROUND:
        print('     Reach maximum Background tiles')
        INCLUDE_BACKGROUND = False

    if TOT_nBlood >= MAX_NUMBER_OF_TILES_BLOOD:
        print('     Reach maximum Blood tiles')
        INCLUDE_BLOOD = False

    if TOT_nDamaged >= MAX_NUMBER_OF_TILES_DAMAGED:
        print('     Reach maximum Damaged tiles')
        INCLUDE_DAMAGED = False

    if TOT_nMuscle >= MAX_NUMBER_OF_TILES_MUSCLE:
        print('     Reach maximum Muscle tiles')
        INCLUDE_MUSCLE = False

    if TOT_nStroma >= MAX_NUMBER_OF_TILES_STROMA:
        print('     Reach maximum Stroma tiles')
        INCLUDE_STROMA = False
    if TOT_nUrothelium >= MAX_NUMBER_OF_TILES_UROTHELIUM:
        print('     Reach maximum Urothelium tiles')
        INCLUDE_UROTHELIUM = False




    BACKGROUND      = False
    BLOOD           = False
    DAMAGED         = False
    MUSCLE          = False
    STROMA          = False
    UROTHELIUM      = False

    background_tiles    = 0
    blood_tiles         = 0
    damaged_tiles       = 0
    muscle_tiles        = 0
    stroma_tiles        = 0
    urothelium_tiles    = 0

    nBackground = 0
    nBlood = 0
    nDamaged = 0
    nMuscle = 0
    nStroma = 0
    nUrothelium = 0

    background_mask     = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])
    blood_mask          = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])
    damaged_mask        = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])
    muscle_mask         = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])
    stroma_mask         = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])
    urothelium_mask     = np.zeros([int(np.ceil(lim_x/8)), int(np.ceil(lim_y/8)), 2])

    background_mask_to_keep     = np.zeros([background_mask.shape[0],   background_mask.shape[1], 3])
    blood_mask_to_keep          = np.zeros([blood_mask.shape[0],        blood_mask.shape[1], 3])
    damaged_mask_to_keep        = np.zeros([damaged_mask.shape[0],      damaged_mask.shape[1], 3])
    muscle_mask_to_keep         = np.zeros([muscle_mask.shape[0],       muscle_mask.shape[1], 3])
    stroma_mask_to_keep         = np.zeros([stroma_mask.shape[0],       stroma_mask.shape[1], 3])
    urothelium_mask_to_keep     = np.zeros([urothelium_mask.shape[0],   urothelium_mask.shape[1], 3])

    current_output_pickle = dict()
    tile_counter = 0
    # scan all initial tiles
    for tile in current_pickle_file:
        current_pickle_path = current_pickle_file[tile]['path']
        if FULL:
            x = current_pickle_file[tile]['coordinates_25x'][1]
            y = current_pickle_file[tile]['coordinates_25x'][0]
        else:
            x = current_pickle_file[tile]['coordinates_25x'][1] - remove_rows_top
            y = current_pickle_file[tile]['coordinates_25x'][0] - remove_cols_left
        shifted_y = y + shift
        shifted_x = x + shift

        if current_pickle_file[tile]['label'] == 'Background' and INCLUDE_BACKGROUND:
            BACKGROUND = True
            background_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                background_mask[int((shifted_x / 8)), int(shifted_y / 8)] = [1, tile]

        elif current_pickle_file[tile]['label'] == 'Blood' and INCLUDE_BLOOD:
            BLOOD = True
            blood_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                blood_mask[int((shifted_x / 8)), int(shifted_y / 8)] = [1,tile]

        elif current_pickle_file[tile]['label'] == 'Damaged' and INCLUDE_DAMAGED:
            DAMAGED = True
            damaged_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                damaged_mask[int((shifted_x/8)), int(shifted_y/8)] = [1,tile]

        elif current_pickle_file[tile]['label'] == 'Muscle' and INCLUDE_MUSCLE:
            MUSCLE = True
            muscle_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                muscle_mask[int((shifted_x/8)), int(shifted_y/8)] = [1,tile]

        elif current_pickle_file[tile]['label'] == 'Stroma' and INCLUDE_STROMA:
            STROMA = True
            stroma_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                stroma_mask[int((shifted_x/8)), int(shifted_y/8)] = [1,tile]

        elif current_pickle_file[tile]['label'] == 'Urothelium' and INCLUDE_UROTHELIUM:
            UROTHELIUM = True
            urothelium_tiles += 1
            if 0 < (shifted_x/8) < lim_x/8 and 0 < (shifted_y/8) < lim_y/8:
                urothelium_mask[int((shifted_x/8)), int(shifted_y/8)] = [1,tile]
        length, height = [7, 7]
        for i in range(0, length+1):
            for j in range(0, height+1):
                if i == length or i == 0 or j == height or j == 0:
                    if 0 < (shifted_x + j) < lim_x and 0 < (shifted_y + i) < lim_y:
                        if current_pickle_file[tile]['label'] == 'Background' and INCLUDE_BACKGROUND:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = [np.floor(BACKGROUND_EDGE_MARKER[0] * 0.1), np.floor(BACKGROUND_EDGE_MARKER[1] * 0.1), np.floor(BACKGROUND_EDGE_MARKER[2] * 0.1)]

                        if current_pickle_file[tile]['label'] == 'Blood' and INCLUDE_BLOOD:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = [np.floor(BLOOD_EDGE_MARKER[0] * 0.5), np.floor(BLOOD_EDGE_MARKER[1] * 0.5), np.floor(BLOOD_EDGE_MARKER[2] * 0.5)]

                        if current_pickle_file[tile]['label'] == 'Damaged' and INCLUDE_DAMAGED:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = DAMAGED_EDGE_MARKER

                        if current_pickle_file[tile]['label'] == 'Muscle' and INCLUDE_MUSCLE:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = MUSCLE_EDGE_MARKER

                        if current_pickle_file[tile]['label'] == 'Stroma' and INCLUDE_STROMA:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = STROMA_EDGE_MARKER

                        if current_pickle_file[tile]['label'] == 'Urothelium' and INCLUDE_UROTHELIUM:
                            current_jpeg_file[shifted_x + j, shifted_y + i] = UROTHELIUM_EDGE_MARKER


    # BACKGROUND CLUSTERING
    if BACKGROUND and background_tiles >= MIN_TILES_BACKGROUND:
        clusters = find_clusters_iteration(background_mask, MIN_CLUSTER_SIZE_BACKGROUND)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' background clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(background_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_BACKGROUND and AVG_CLUSTER_PROBABILITY_RANGE_BACKGROUND[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_BACKGROUND[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_BACKGROUND/len(clusters_to_keep))
            max_x, max_y, dims = background_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_BACKGROUND[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_BACKGROUND[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    background_mask_to_keep[cx, cy] = [255, 255, 255]
                    TOT_nBackground += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = current_jpeg_file[x + i, y + j] - [125, 125, 125]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      background_mask_to_keep[cx-1, cy, 0] == 255 and background_mask_to_keep[cx-1, cy, 1] == 255 and background_mask_to_keep[cx-1, cy, 2] == 255 and \
                                    background_mask_to_keep[cx+1, cy, 0] == 255 and background_mask_to_keep[cx+1, cy, 1] == 255 and background_mask_to_keep[cx+1, cy, 2] == 255 and \
                                    background_mask_to_keep[cx, cy-1, 0] == 255 and background_mask_to_keep[cx, cy-1, 1] == 255 and background_mask_to_keep[cx, cy-1, 2] == 255 and \
                                    background_mask_to_keep[cx, cy+1, 0] == 255 and background_mask_to_keep[cx, cy+1, 1] == 255 and background_mask_to_keep[cx, cy+1, 2] == 255:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nBackground += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(background_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nBackground += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(background_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total background tiles for current WSI:', nBackground)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_BACKGROUND_MASK.png', background_mask_to_keep)
            if DEBUG:
                INCLUDE_BACKGROUND = False
        else:
            BACKGROUND = False
            print('     Found no background clusters large enough, discarded ',background_tiles,'tiles')
    else:
        BACKGROUND = False
        if INCLUDE_BACKGROUND:
            print('     Not enough background tiles, discarded ',background_tiles,'tiles')

    # BLOOD CLUSTERING
    if BLOOD and blood_tiles >= MIN_TILES_BLOOD:
        clusters = find_clusters_iteration(blood_mask, MIN_CLUSTER_SIZE_BLOOD)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' blood clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(blood_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_BLOOD and AVG_CLUSTER_PROBABILITY_RANGE_BLOOD[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_BLOOD[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_BLOOD/len(clusters_to_keep))
            max_x, max_y, dims = blood_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_BLOOD[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_BLOOD[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    blood_mask_to_keep[cx, cy] = BLOOD_EDGE_MARKER
                    TOT_nBlood += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = [np.floor(current_jpeg_file[x + i, y + j, 0] * BLOOD_EDGE_MARKER[0]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 1] * BLOOD_EDGE_MARKER[1]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 2] * BLOOD_EDGE_MARKER[2])]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      blood_mask_to_keep[cx-1, cy, 0] == BLOOD_EDGE_MARKER[0] and blood_mask_to_keep[cx-1, cy, 1] == BLOOD_EDGE_MARKER[1] and blood_mask_to_keep[cx-1, cy, 2] == BLOOD_EDGE_MARKER[2] and \
                                    blood_mask_to_keep[cx+1, cy, 0] == BLOOD_EDGE_MARKER[0] and blood_mask_to_keep[cx+1, cy, 1] == BLOOD_EDGE_MARKER[1] and blood_mask_to_keep[cx+1, cy, 2] == BLOOD_EDGE_MARKER[2] and \
                                    blood_mask_to_keep[cx, cy-1, 0] == BLOOD_EDGE_MARKER[0] and blood_mask_to_keep[cx, cy-1, 1] == BLOOD_EDGE_MARKER[1] and blood_mask_to_keep[cx, cy-1, 2] == BLOOD_EDGE_MARKER[2] and \
                                    blood_mask_to_keep[cx, cy+1, 0] == BLOOD_EDGE_MARKER[0] and blood_mask_to_keep[cx, cy+1, 1] == BLOOD_EDGE_MARKER[1] and blood_mask_to_keep[cx, cy+1, 2] == BLOOD_EDGE_MARKER[2]:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nBlood += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(blood_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nBlood += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(blood_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total blood tiles for current WSI:', nBlood)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_BLOOD_MASK.png', blood_mask_to_keep)
            if DEBUG:
                INCLUDE_BLOOD = False
        else:
            BLOOD = False
            print('     Found no blood clusters large enough, discarded ',blood_tiles,'tiles')
    else:
        BLOOD = False
        if INCLUDE_BLOOD:
            print('     Not enough blood tiles, discarded ',blood_tiles,'tiles')






    # DAMAGED CLUSTERING
    if DAMAGED and damaged_tiles >= MIN_TILES_DAMAGED:
        clusters = find_clusters_iteration(damaged_mask, MIN_CLUSTER_SIZE_DAMAGED)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' damaged clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(damaged_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_DAMAGED and AVG_CLUSTER_PROBABILITY_RANGE_DAMAGED[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_DAMAGED[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_DAMAGED/len(clusters_to_keep))
            max_x, max_y, dims = damaged_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_DAMAGED[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_DAMAGED[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    damaged_mask_to_keep[cx, cy] = DAMAGED_EDGE_MARKER
                    TOT_nDamaged += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = [np.floor(current_jpeg_file[x + i, y + j, 0] * DAMAGED_EDGE_MARKER[0]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 1] * DAMAGED_EDGE_MARKER[1]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 2] * DAMAGED_EDGE_MARKER[2])]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      damaged_mask_to_keep[cx-1, cy, 0] == DAMAGED_EDGE_MARKER[0] and damaged_mask_to_keep[cx-1, cy, 1] == DAMAGED_EDGE_MARKER[1] and damaged_mask_to_keep[cx-1, cy, 2] == DAMAGED_EDGE_MARKER[2] and \
                                    damaged_mask_to_keep[cx+1, cy, 0] == DAMAGED_EDGE_MARKER[0] and damaged_mask_to_keep[cx+1, cy, 1] == DAMAGED_EDGE_MARKER[1] and damaged_mask_to_keep[cx+1, cy, 2] == DAMAGED_EDGE_MARKER[2] and \
                                    damaged_mask_to_keep[cx, cy-1, 0] == DAMAGED_EDGE_MARKER[0] and damaged_mask_to_keep[cx, cy-1, 1] == DAMAGED_EDGE_MARKER[1] and damaged_mask_to_keep[cx, cy-1, 2] == DAMAGED_EDGE_MARKER[2] and \
                                    damaged_mask_to_keep[cx, cy+1, 0] == DAMAGED_EDGE_MARKER[0] and damaged_mask_to_keep[cx, cy+1, 1] == DAMAGED_EDGE_MARKER[1] and damaged_mask_to_keep[cx, cy+1, 2] == DAMAGED_EDGE_MARKER[2]:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nDamaged += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(damaged_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nDamaged += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(damaged_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total damaged tiles for current WSI:', nDamaged)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_DAMAGED_MASK.png', damaged_mask_to_keep)
            if DEBUG:
                INCLUDE_DAMAGED = False
        else:
            DAMAGED = False
            print('     Found no damaged clusters large enough, discarded ',damaged_tiles,'tiles')
    else:
        DAMAGED = False
        if INCLUDE_DAMAGED:
            print('     Not enough damaged tiles, discarded ',damaged_tiles,'tiles')








    # MUSCLE CLUSTERING
    if MUSCLE and muscle_tiles >= MIN_TILES_MUSCLE:
        clusters = find_clusters_iteration(muscle_mask, MIN_CLUSTER_SIZE_MUSCLE)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' muscle clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(muscle_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_MUSCLE and AVG_CLUSTER_PROBABILITY_RANGE_MUSCLE[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_MUSCLE[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_MUSCLE/len(clusters_to_keep))
            max_x, max_y, dims = muscle_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_MUSCLE[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_MUSCLE[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    muscle_mask_to_keep[cx, cy] = MUSCLE_EDGE_MARKER
                    TOT_nMuscle += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = [np.floor(current_jpeg_file[x + i, y + j, 0] * MUSCLE_EDGE_MARKER[0]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 1] * MUSCLE_EDGE_MARKER[1]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 2] * MUSCLE_EDGE_MARKER[2])]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      muscle_mask_to_keep[cx-1, cy, 0] == MUSCLE_EDGE_MARKER[0] and muscle_mask_to_keep[cx-1, cy, 1] == MUSCLE_EDGE_MARKER[1] and muscle_mask_to_keep[cx-1, cy, 2] == MUSCLE_EDGE_MARKER[2] and \
                                    muscle_mask_to_keep[cx+1, cy, 0] == MUSCLE_EDGE_MARKER[0] and muscle_mask_to_keep[cx+1, cy, 1] == MUSCLE_EDGE_MARKER[1] and muscle_mask_to_keep[cx+1, cy, 2] == MUSCLE_EDGE_MARKER[2] and \
                                    muscle_mask_to_keep[cx, cy-1, 0] == MUSCLE_EDGE_MARKER[0] and muscle_mask_to_keep[cx, cy-1, 1] == MUSCLE_EDGE_MARKER[1] and muscle_mask_to_keep[cx, cy-1, 2] == MUSCLE_EDGE_MARKER[2] and \
                                    muscle_mask_to_keep[cx, cy+1, 0] == MUSCLE_EDGE_MARKER[0] and muscle_mask_to_keep[cx, cy+1, 1] == MUSCLE_EDGE_MARKER[1] and muscle_mask_to_keep[cx, cy+1, 2] == MUSCLE_EDGE_MARKER[2]:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nMuscle += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(muscle_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nMuscle += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(muscle_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total muscle tiles for current WSI:', nMuscle)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_MUSCLE_MASK.png', muscle_mask_to_keep)
            if DEBUG:
                INCLUDE_MUSCLE = False
        else:
            MUSCLE = False
            print('     Found no muscle clusters large enough, discarded ',muscle_tiles,'tiles')
    else:
        MUSCLE = False
        if INCLUDE_MUSCLE:
            print('     Not enough muscle tiles, discarded ',muscle_tiles,'tiles')









    # STROMA CLUSTERING
    if STROMA and stroma_tiles >= MIN_TILES_STROMA:
        clusters = find_clusters_iteration(stroma_mask, MIN_CLUSTER_SIZE_STROMA)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' stroma clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(stroma_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_STROMA and AVG_CLUSTER_PROBABILITY_RANGE_STROMA[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_STROMA[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_STROMA/len(clusters_to_keep))
            max_x, max_y, dims = stroma_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_STROMA[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_STROMA[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    stroma_mask_to_keep[cx, cy] = STROMA_EDGE_MARKER
                    TOT_nStroma += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = [np.floor(current_jpeg_file[x + i, y + j, 0] * STROMA_EDGE_MARKER[0]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 1] * STROMA_EDGE_MARKER[1]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 2] * STROMA_EDGE_MARKER[2])]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      stroma_mask_to_keep[cx-1, cy, 0] == STROMA_EDGE_MARKER[0] and stroma_mask_to_keep[cx-1, cy, 1] == STROMA_EDGE_MARKER[1] and stroma_mask_to_keep[cx-1, cy, 2] == STROMA_EDGE_MARKER[2] and \
                                    stroma_mask_to_keep[cx+1, cy, 0] == STROMA_EDGE_MARKER[0] and stroma_mask_to_keep[cx+1, cy, 1] == STROMA_EDGE_MARKER[1] and stroma_mask_to_keep[cx+1, cy, 2] == STROMA_EDGE_MARKER[2] and \
                                    stroma_mask_to_keep[cx, cy-1, 0] == STROMA_EDGE_MARKER[0] and stroma_mask_to_keep[cx, cy-1, 1] == STROMA_EDGE_MARKER[1] and stroma_mask_to_keep[cx, cy-1, 2] == STROMA_EDGE_MARKER[2] and \
                                    stroma_mask_to_keep[cx, cy+1, 0] == STROMA_EDGE_MARKER[0] and stroma_mask_to_keep[cx, cy+1, 1] == STROMA_EDGE_MARKER[1] and stroma_mask_to_keep[cx, cy+1, 2] == STROMA_EDGE_MARKER[2]:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nStroma += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(stroma_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nStroma += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(stroma_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total stroma tiles for current WSI:', nStroma)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_STROMA_MASK.png', stroma_mask_to_keep)
            if DEBUG:
                INCLUDE_STROMA = False
        else:
            STROMA = False
            print('     Found no stroma clusters large enough, discarded ',stroma_tiles,'tiles')
    else:
        STROMA = False
        if INCLUDE_STROMA:
            print('     Not enough stroma tiles, discarded ',stroma_tiles,'tiles')









    # UROTHELIUM CLUSTERING
    if UROTHELIUM and urothelium_tiles >= MIN_TILES_UROTHELIUM:
        clusters = find_clusters_iteration(urothelium_mask, MIN_CLUSTER_SIZE_UROTHELIUM)
        length, height = [6, 6]
        if len(clusters) > 0:
            print('     Found', len(clusters), ' urothelium clusters:')
            probability_array = []
            for index, cluster in enumerate(clusters):
                current_cluster_probability = 0
                for tile in cluster:
                    current_cluster_probability += current_pickle_file[int(urothelium_mask[tile[0], tile[1], 1])]['probability']
                probability_array.append([current_cluster_probability/len(cluster),index])
            probability_array = sorted(probability_array, reverse=REVERSE)
            clusters_to_keep = []
            for index, cluster in enumerate(probability_array):
                if index < MAX_NUMBER_OF_CLUSTERS_UROTHELIUM and AVG_CLUSTER_PROBABILITY_RANGE_UROTHELIUM[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_UROTHELIUM[1]:
                    clusters_to_keep.append(clusters[cluster[1]])

            number_of_tiles_per_cluster = round(MAX_TILES_PER_WSI_UROTHELIUM/len(clusters_to_keep))
            max_x, max_y, dims = urothelium_mask_to_keep.shape
            extra_tiles = 0
            if len(probability_array) > len(clusters_to_keep):
                print('         - Discarded', len(clusters)-len(clusters_to_keep),'clusters')

            for index, cluster in enumerate(clusters_to_keep):
                if len(cluster) < number_of_tiles_per_cluster:
                    extra_tiles += number_of_tiles_per_cluster-len(cluster)
            for index, cluster in enumerate(clusters_to_keep):
              #  if AVG_CLUSTER_PROBABILITY_RANGE_UROTHELIUM[0] <= (probability_array[index][0]) <= AVG_CLUSTER_PROBABILITY_RANGE_UROTHELIUM[1]:
                tile_per_cluster_counter = 0
                for tile in cluster:
                    x = tile[0] * 8 + height - 1
                    y = tile[1] * 8 + length - 1
                    cx = tile[0]
                    cy = tile[1]
                    urothelium_mask_to_keep[cx, cy] = UROTHELIUM_EDGE_MARKER
                    TOT_nUrothelium += 1
                    if HIGHLIGHT_INNER_PIXELS:
                        for i in range(0, length):
                            for j in range(0, height):
                                if 0 < (x + i) < lim_x and 0 < (y + j) < lim_y:
                                    current_jpeg_file[x + i, y + j] = [np.floor(current_jpeg_file[x + i, y + j, 0] * UROTHELIUM_EDGE_MARKER[0]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 1] * UROTHELIUM_EDGE_MARKER[1]),
                                                                       np.floor(current_jpeg_file[x + i, y + j, 2] * UROTHELIUM_EDGE_MARKER[2])]
                for tile in cluster:
                    cx = tile[0]
                    cy = tile[1]
                    if 1 < cx < max_x-1 and 1 < cy < max_y-1:
                        if ONLY_INCLUDE_TILES_INSIDE_CLUSTER:
                            if      urothelium_mask_to_keep[cx-1, cy, 0] == UROTHELIUM_EDGE_MARKER[0] and urothelium_mask_to_keep[cx-1, cy, 1] == UROTHELIUM_EDGE_MARKER[1] and urothelium_mask_to_keep[cx-1, cy, 2] == UROTHELIUM_EDGE_MARKER[2] and \
                                    urothelium_mask_to_keep[cx+1, cy, 0] == UROTHELIUM_EDGE_MARKER[0] and urothelium_mask_to_keep[cx+1, cy, 1] == UROTHELIUM_EDGE_MARKER[1] and urothelium_mask_to_keep[cx+1, cy, 2] == UROTHELIUM_EDGE_MARKER[2] and \
                                    urothelium_mask_to_keep[cx, cy-1, 0] == UROTHELIUM_EDGE_MARKER[0] and urothelium_mask_to_keep[cx, cy-1, 1] == UROTHELIUM_EDGE_MARKER[1] and urothelium_mask_to_keep[cx, cy-1, 2] == UROTHELIUM_EDGE_MARKER[2] and \
                                    urothelium_mask_to_keep[cx, cy+1, 0] == UROTHELIUM_EDGE_MARKER[0] and urothelium_mask_to_keep[cx, cy+1, 1] == UROTHELIUM_EDGE_MARKER[1] and urothelium_mask_to_keep[cx, cy+1, 2] == UROTHELIUM_EDGE_MARKER[2]:    # if all neighbors are same class
                                if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                    tile_counter += 1
                                    tile_per_cluster_counter += 1
                                    nUrothelium += 1
                                    current_output_pickle[tile_counter] = current_pickle_file[int(urothelium_mask[tile[0], tile[1], 1])]
                                    if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                        extra_tiles -= 1
                        else:
                            if tile_per_cluster_counter < (number_of_tiles_per_cluster + extra_tiles):
                                tile_counter += 1
                                tile_per_cluster_counter += 1
                                nUrothelium += 1
                                current_output_pickle[tile_counter] = current_pickle_file[int(urothelium_mask[tile[0], tile[1], 1])]
                                if tile_per_cluster_counter > number_of_tiles_per_cluster:
                                    extra_tiles -= 1


                    space = spaces[:- len(str(tile_per_cluster_counter))]
                print('         Added cluster', index + 1, 'which contains', tile_per_cluster_counter, space,'tiles with an average probability of', round((probability_array[index][0])*100, 3), '%')
            print('             Total urothelium tiles for current WSI:', nUrothelium)
            if SAVE_INDIVIDUAL_MASKS:
                cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_cluster_UROTHELIUM_MASK.png', urothelium_mask_to_keep)
            if DEBUG:
                INCLUDE_UROTHELIUM = False
        else:
            UROTHELIUM = False
            print('     Found no urothelium clusters large enough, discarded ',urothelium_tiles,'tiles')
    else:
        UROTHELIUM = False
        if INCLUDE_UROTHELIUM:
            print('     Not enough urothelium tiles, discarded ',urothelium_tiles,'tiles')




    if BACKGROUND or BLOOD or DAMAGED or MUSCLE or STROMA or UROTHELIUM:
        if SAVE_OVERVIEW:
            cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '.png', current_jpeg_file)
        if SAVE_MAIN_MASK:
            main_mask = background_mask_to_keep + blood_mask_to_keep + damaged_mask_to_keep + muscle_mask_to_keep + stroma_mask_to_keep + urothelium_mask_to_keep
            # for x in range(0, background_mask.shape[0]):
            #     for y in range(0, background_mask.shape[1]):
            #         main_mask[x,y,0] = blood_mask[x,y,0] + damaged_mask[x,y,0] + muscle_mask[x,y,0] + stroma_mask[x,y,0] + urothelium_mask[x,y,0]
            #         main_mask[x,y,1] = blood_mask[x,y,0] + damaged_mask[x,y,0] + muscle_mask[x,y,0] + stroma_mask[x,y,0] + urothelium_mask[x,y,0]
            #         main_mask[x,y,2] = blood_mask[x,y,2] + damaged_mask[x,y,0] + muscle_mask[x,y,0] + stroma_mask[x,y,0] + urothelium_mask[x,y,0]

            cv2.imwrite(OUTPUT_IMG_FOLDER + current_pickle_filename[:-41] + '_clusters_MASK.png', main_mask)
        if SAVE_MODIFIED_PICKLE_FILES:
            with open(OUTPUT_PICKLE_FOLDER + current_pickle_filename[:-41] + '_pickle.obj', 'wb') as handle:
                pickle.dump(current_output_pickle, handle, protocol=pickle.HIGHEST_PROTOCOL)




    if not INCLUDE_BACKGROUND and not INCLUDE_BLOOD and not INCLUDE_DAMAGED and not INCLUDE_MUSCLE and not INCLUDE_STROMA and not INCLUDE_UROTHELIUM:
        print(datetime.now() - startTime)
        break#exit()


print(datetime.now() - startTime)







attachments/python_files/main_prep.py

import MyFunctions
import preprocess_image
import preprocess_region
import image_information
import create_fcn_masks
import pickle
import sys
import os

# region PROGRAM INFORMATION
# The images you want to preprocess and split up should be put in
# subfolders of images after which class they belong, e.g. dataset/img1/img1.scn. Foldername should be the same as the filename without the filetype-extension.
# The resulting split up images will then be put into the folder dataset/img1/img1_save/tile128_128.png
# Files created by this program, have the following naming convention:
#   Different parts of the filename is separated by the special character '#'. Example of a tile would be:
#   filename#xPos#yPos#.jpeg
#   H264-12-06-256#128#256#.jpeg
#
# none	-lvl5
# thumb	-lvl4
# lvl7	-
# lvl6	-lvl3 (6.25x)
# lvl5	-
# lvl4	-lvl2 (25x) (good for making overview images)
# lvl3	-
# lvl2	-lvl1 (100x)
# lvl1	-
# base	-lvl0 (400x)
# endregion

# region SETTINGS, PARAMETERS AND PATHS

REMOVE_WHITE_BACKGROUND = True      # If SCN file has white background, this function removes it.
ENABLE_LOGGING          = True      # Enable logging of information to file while running the program.
TILE_SIZE               = 128       # Final size of each tile image.
OVERLAPPING_TILES       = False     # True=tiles are halfway-overlapped. False=No overlap
SAVE_OVERVIEW_IMG       = True     # Save an overview image after removing white background
#########
SAVE_DELETE_IMG         = False     # Enable this to also save the deleted tile images.
#########
DI_SCALE_PREPROCESSING  = False     # Enable this to preprocess WSI for use with Di-Scale model (saves 400x and 100x tiles)
TRI_SCALE_PREPROCESSING = True     # Enable this to preprocess WSI for use with Tri-Scale model (saves 400x, 100x and 25x tiles)
PADDING_AROUND_IMG_SIZE  = 0       # Include padding around image when removing white background


# ------------------------------- SETTINGS --------------------------------------------------------------------------------------
# Mode 0 - Preprocess regions (Binary mask, XML, save overview, save delete img, save regions, keep inside/outside of region, remove white, overlapping tiles,
PREPROCESS_REGIONS              = True            # Choose this option to preprocess regions in the image.
KEEP_INSIDE_OF_REGION           = True          # If a XML file is found, should the masked area be kept or not? True=Everything around is masked out. False=The region is masked.
SAVE_REGION_IMG                 = True         # True=Save an image of the full image after binary mask have been applied. False=Do not save image.
REGION_MARGIN_SIZE              = 200           # A small margin around regions
SAVE_BACKGROUND_AS_CLASS        = False         # When extracting background class, set this to TRUE. Remember to enable SAVE_DELETE_IMG.
SAVE_FORMAT_REGION              = 'coordinates' # How to save tiles. 'jpeg'=save tiles as JPEG images. 'coordinates'=save tiles coordinates in a dict
REDUCE_TO_ONE_REGION_ONLY       = False          # For Debugging. Save time by only preprocessing one region in each WSI. False=disable function.
ONLY_EXTRACT_N_TILES            = 'no'            # For Debugging. Save time by only extracting N tiles. Specify an int to how many tiles. Set to random string to disable. (Setting to False will not work)
FIND_OPTIMAL_START_COORDINATES  = True         # TAKES A LONG TIME. Will search through each region many times to find the best staring coordinates.
XML_FROM_HISTOLOGY              = True          # if xml files has been created on the histology.ux.uis.no webpage, xml coordinates must be rotated 90 degrees clockwise

# Mode 1 - Preprocess image (save overview, save delete img, mono/di/tri-scale, padding for multiscale, remove white, overlapping tiles, search blocks, reduced size,
PREPROCESS_IMAGE         = False        # Choose this option to preprocess entire image.
SEARCH_BLOCK_SIZE        = 2048      # Size of search block, performed before making tiles. Only when processing entire image, not for regions.
REDUCE_SIZE              = True  # Reduce size of saved search blocks. Used to not save all tiles in image.
TILE_SAVE_PERCENTAGE     = 0.05 # How many percent of tiles to save (i.e. only save 10% of all tiles.
USE_SEARCH_BLOCKS        = True
SAVE_FORMAT_IMAGE        = 'coordinates'    # How to save tiles. 'jpeg'=save tiles as JPEG images. 'coordinates'=save tiles coordinates in a dict

# Mode 2 - Image information
SAVE_IMAGE_INFORMATION = False

# Mode 3 - Combine dict files
COMBINE_DICT_FILES  = False
READ_ONLY           = True

# Mode 4 - Create FCN Masks
CREATE_FCN_MASKS                    = False         # Choose this option to preprocess regions in the image.
KEEP_INSIDE_OF_REGION_FCN           = True         # If a XML file is found, should the masked area be kept or not? True=Everything around is masked out. False=The region is masked.
SAVE_REGION_IMG_FCN                 = False         # True=Save an image of the full image after binary mask have been applied. False=Do not save image.
REGION_MARGIN_SIZE_FCN              = 100           # A small margin around regions
SAVE_BACKGROUND_AS_CLASS_FCN        = False         # When extracting background class, set this to TRUE. Remember to enable SAVE_DELETE_IMG.
SAVE_FORMAT_REGION_FCN              = 'coordinates' # How to save tiles. 'jpeg'=save tiles as JPEG images. 'coordinates'=save tiles coordinates in a dict
REDUCE_TO_ONE_REGION_ONLY_FCN       = False          # For Debugging. Save time by only preprocessing one region in each WSI. False=disable function.
ONLY_EXTRACT_N_TILES_FCN            = 'no'            # For Debugging. Save time by only extracting N tiles. Specify an int to how many tiles. Set to random string to disable. (Setting to False will not work)
FIND_OPTIMAL_START_COORDINATES_FCN  = False         # TAKES A LONG TIME. Will search through each region many times to find the best staring coordinates.
#MASK_SAVE_PATH_FCN                  = '2_labelled_masks_400x/'

# ------------------------------- PATHS --------------------------------------------------------------------------------------
INPUT_ROOT_PATH                 = 'C:/Users/ond/Documents/MSc/Master/TO_BE_PREP/'
#SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/PREPPED/Background/'
#SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/PREPPED/Blood/'
#SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/PREPPED/Damaged/'
#SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/PREPPED/Muscle/'
#SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/PREPPED/Stroma/'
SAVE_ROOT_PATH                  = 'C:/Users/ond/Documents/MSc/Master/markeringer/PICKLE_best_start/Blood/'
if not os.path.isdir(SAVE_ROOT_PATH):
    os.mkdir(SAVE_ROOT_PATH)
MASK_ROOT_PATH                  = 'Masks/'
#SAVE_ROOT_PATH                 = '../../Dataset/WSI2/6_wsi_tissue_predict_tiles(di-scale)/'
ALL_DICTS_TO_BE_COMBINED_PATH   = 'combine_dicts/'
LOG_PATH                        = 'C:/Users/ond/Documents/MSc/Master/dataset/Logs/'                       # Path where to save logs
FILE_NAME                       = os.path.splitext(os.path.basename(sys.argv[0]))[0]    # Name of this file
SUMMARY_IMAGE_FILE              = 'Summary/summary_image.csv'   # A CSV file that includes summary of each model. Can be opened in Excel.
SUMMARY_REGION_FILE             = 'Summary/summary_region.csv'  # A CSV file that includes summary of each model. Can be opened in Excel.
SUMMARY_INFO_FILE               = 'Summary/summary_info.csv'    # A CSV file that includes summary of each model. Can be opened in Excel.
list_of_all_tiles               = dict()
# endregion

# region PROGRAM INIT
# ------------------------------- PROGRAM INITIALIZATION --------------------------------------------------------------------------------------
# Start logging
if ENABLE_LOGGING:
    MyFunctions.start_logging(LOG_PATH, FILE_NAME)

# Program init
MyFunctions.program_init(SUMMARY_IMAGE_FILE)
# endregion

# region MODE 0 - PREPROCESS REGION
if PREPROCESS_REGIONS:
    # Update indexes
    class_index = 0

    if REDUCE_TO_ONE_REGION_ONLY:
        print('')
        print('WARNING! REDUCE_TO_ONE_REGION_ONLY set to True. Only PreProcessing one region per WSI!')
        print('')

    if isinstance(ONLY_EXTRACT_N_TILES, int):
        print('')
        print('WARNING! ONLY_EXTRACT_N_TILES active. Only extracting {} tiles per region!'.format(ONLY_EXTRACT_N_TILES))
        print('')

    # Search through the input directory for all class folders
    for current_class in os.listdir(INPUT_ROOT_PATH):
        # Update indexes
        class_index += 1
        wsi_index = 0

        # Search through for all WSI in each class folder
        for current_wsi in os.listdir(INPUT_ROOT_PATH + current_class):
            # Update indexes
            wsi_index += 1
            print('Preprocessing class {}/{}, WSI {}/{}.'.format(class_index, len(os.listdir(INPUT_ROOT_PATH)), wsi_index, len(os.listdir(INPUT_ROOT_PATH+current_class))))
            print(current_wsi)
            # Get all files in current folder
            current_folder_files = [f for f in os.listdir(INPUT_ROOT_PATH + current_class + '/' + current_wsi) if os.path.isfile(os.path.join(INPUT_ROOT_PATH + current_class + '/' + current_wsi, f))]

            # Process one file at the time
            for current_filename in current_folder_files:

                # Remove extension from filename
                current_filename_no_extension = os.path.splitext(current_filename)[0]

                if current_filename_no_extension == current_wsi:
                    # Check that the current file is an image file, and not an XML file.
                    if os.path.splitext(current_filename)[1] in {'.scn', '.tif', '.jpeg', '.jpg', '.bmp', '.png'}:
                        MyFunctions.myPrint('Loaded {}. Starting preprocessing'.format(current_filename))

                        # Update current paths. Also check if directory for saving images exist, if not, create one.
                        current_image_path, current_saved_tiles_path_400x, current_saved_tiles_path_100x, current_saved_tiles_path_25x, \
                        current_black_mask_tiles_path, current_deleted_tiles_path, current_metadata_path, \
                        mask_save_path_fcn_400x = MyFunctions.image_init(
                            filename_no_extension=current_filename_no_extension,
                            input_root_path=INPUT_ROOT_PATH + current_class + '/',
                            CLASS_NAME=current_class,
                            DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                            TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                            SAVE_DELETE_IMG=SAVE_DELETE_IMG,
                            SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                            SAVE_FORMAT_IMAGE=SAVE_FORMAT_REGION,
                            MASK_ROOT_PATH=MASK_ROOT_PATH)

                        # Define path for XML file
                        current_xml_path = '{}{}/{}/{}.xml'.format(INPUT_ROOT_PATH, current_class, current_filename_no_extension, current_filename_no_extension)

                        # Check that the XML file exist.
                        if os.path.exists(current_xml_path):
                            MyFunctions.myPrint('Found XML file for {}.'.format(current_filename))
                            binaryMask = True
                        else:
                            MyFunctions.myPrint('No XML file found for {}.'.format(current_filename))
                            binaryMask = False

                        # Preprocess current image
                        preprocess_region.preprocess_region(
                            remove_white_background=REMOVE_WHITE_BACKGROUND,
                            save_delete_img=SAVE_DELETE_IMG,
                            xml_path=current_xml_path,
                            tile_size=TILE_SIZE,
                            filename=current_filename,
                            saved_tiles_path_400x=current_saved_tiles_path_400x,
                            black_mask_tiles_path=current_black_mask_tiles_path,
                            deleted_tiles_path=current_deleted_tiles_path,
                            KEEP_INSIDE_OF_REGION=KEEP_INSIDE_OF_REGION,
                            SAVE_REGION_IMG=SAVE_REGION_IMG,
                            SUMMARY_FILE=SUMMARY_REGION_FILE,
                            metadata_path=current_metadata_path,
                            INPUT_ROOT_PATH=INPUT_ROOT_PATH,
                            CLASS_NAME=current_class,
                            OVERLAPPING_TILES=OVERLAPPING_TILES,
                            image_path=current_image_path,
                            saved_tiles_path_100x=current_saved_tiles_path_100x,
                            saved_tiles_path_25x=current_saved_tiles_path_25x,
                            PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE,
                            DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                            TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                            REGION_MARGIN_SIZE=REGION_MARGIN_SIZE,
                            SAVE_BACKGROUND_AS_CLASS=SAVE_BACKGROUND_AS_CLASS,
                            SAVE_FORMAT=SAVE_FORMAT_REGION,
                            REDUCE_TO_ONE_REGION_ONLY=REDUCE_TO_ONE_REGION_ONLY,
                            current_class=current_class,
                            ONLY_EXTRACT_N_TILES=ONLY_EXTRACT_N_TILES,
                            filename_no_extension=current_filename_no_extension,
                            SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                            SAVE_OVERVIEW_IMG=SAVE_OVERVIEW_IMG,
                            FIND_OPTIMAL_START_COORDINATES=FIND_OPTIMAL_START_COORDINATES,
                            XML_FROM_HISTOLOGY=XML_FROM_HISTOLOGY)

# endregion

# region MODE 1 - PREPROCESS IMAGE
if PREPROCESS_IMAGE:
    # Search through the directory for all the files

    for current_folder in os.listdir(INPUT_ROOT_PATH):

        # Get all files in current folder
        current_folder_files = [f for f in os.listdir(INPUT_ROOT_PATH + current_folder) if os.path.isfile(os.path.join(INPUT_ROOT_PATH + current_folder, f))]

        # Process one file at the time
        for current_filename in current_folder_files:

            # Remove extension from filename
            current_filename_no_extension = os.path.splitext(current_filename)[0]

            if current_filename_no_extension == current_folder:
                # Check that the current file is an image file, and not an XML file.
                if os.path.splitext(current_filename)[1] in {'.scn', '.tif', '.jpeg', '.jpg', '.bmp', '.png'}:
                    MyFunctions.myPrint('Loaded {}. Starting preprocessing'.format(current_filename))

                    # Update current paths. Also check if directory for saving images exist, if not, create one.
                    current_image_path, current_saved_tiles_path_400x, current_saved_tiles_path_100x, current_saved_tiles_path_25x, \
                        current_black_mask_tiles_path, current_deleted_tiles_path, current_metadata_path = MyFunctions.image_init(
                                                            filename_no_extension=current_filename_no_extension,
                                                            input_root_path=INPUT_ROOT_PATH,
                                                            CLASS_NAME='unlabelled',
                                                            DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                                                            TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                                                            SAVE_DELETE_IMG=SAVE_DELETE_IMG,
                                                            SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                                                            SAVE_FORMAT_IMAGE=SAVE_FORMAT_IMAGE)

                    # Define path for XML file
                    current_xml_path = '{}{}/{}.xml'.format(INPUT_ROOT_PATH, current_filename_no_extension, current_filename_no_extension)

                    # Check that the XML file exist.
                    if os.path.exists(current_xml_path):
                        MyFunctions.myPrint('Found XML file for {}.'.format(current_filename))
                        binaryMask = True
                    else:
                        MyFunctions.myPrint('No XML file found for {}.'.format(current_filename))
                        binaryMask = False

                    # Preprocess current image
                    preprocess_image.preprocess_image(
                        remove_white_background=REMOVE_WHITE_BACKGROUND,
                        save_delete_img=SAVE_DELETE_IMG,
                        tile_size=TILE_SIZE,
                        filename=current_filename,
                        saved_tiles_path_400x=current_saved_tiles_path_400x,
                        black_mask_tiles_path=current_black_mask_tiles_path,
                        deleted_tiles_path=current_deleted_tiles_path,
                        SUMMARY_FILE=SUMMARY_IMAGE_FILE,
                        metadata_path=current_metadata_path,
                        INPUT_ROOT_PATH=INPUT_ROOT_PATH,
                        OVERLAPPING_TILES=OVERLAPPING_TILES,
                        image_path=current_image_path,
                        saved_tiles_path_100x=current_saved_tiles_path_100x,
                        saved_tiles_path_25x=current_saved_tiles_path_25x,
                        PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE,
                        SAVE_OVERVIEW_IMG=SAVE_OVERVIEW_IMG,
                        DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                        TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                        SEARCH_BLOCK_SIZE=SEARCH_BLOCK_SIZE,
                        REDUCE_SIZE=REDUCE_SIZE,
                        TILE_SAVE_PERCENTAGE=TILE_SAVE_PERCENTAGE,
                        USE_SEARCH_BLOCKS=USE_SEARCH_BLOCKS,
                        SAVE_FORMAT=SAVE_FORMAT_IMAGE,
                        filename_no_extension=current_filename_no_extension)

# endregion

# region MODE 2 - SAVE IMAGE INFORMATION
if SAVE_IMAGE_INFORMATION is True:
    # Search through the directory for all the files

    for current_folder in os.listdir(INPUT_ROOT_PATH):

        # Get all files in current folder
        current_folder_files = [f for f in os.listdir(INPUT_ROOT_PATH + current_folder) if os.path.isfile(os.path.join(INPUT_ROOT_PATH + current_folder, f))]

        # Process one file at the time
        for current_filename in current_folder_files:

            # Remove extension from filename
            current_filename_no_extension = os.path.splitext(current_filename)[0]

            if current_filename_no_extension == current_folder:
                # Check that the current file is an image file, and not an XML file.
                if os.path.splitext(current_filename)[1] in {'.scn', '.tif', '.jpeg', '.jpg', '.bmp', '.png'}:
                    MyFunctions.myPrint('Loaded {}. Starting preprocessing'.format(current_filename))

                    # Update current paths. Also check if directory for saving images exist, if not, create one.
                    current_image_path, current_saved_tiles_path_400x, current_saved_tiles_path_100x, current_saved_tiles_path_25x,\
                        current_black_mask_tiles_path, current_deleted_tiles_path, current_metadata_path = MyFunctions.image_init(
                                                        filename_no_extension=current_filename_no_extension,
                                                        input_root_path=INPUT_ROOT_PATH,
                                                        CLASS_NAME='unlabelled',
                                                        DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                                                        TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                                                        SAVE_DELETE_IMG=SAVE_DELETE_IMG,
                                                        SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                                                        SAVE_FORMAT_IMAGE=None)

                    # Preprocess current image
                    image_information.get_image_info(
                        remove_white_background=REMOVE_WHITE_BACKGROUND,
                        filename=current_filename,
                        SUMMARY_INFO_FILE=SUMMARY_INFO_FILE,
                        metadata_path=current_metadata_path,
                        image_path=current_image_path,
                        PADDING=PADDING_AROUND_IMG_SIZE,
                        DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                        TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING)

# endregion

#MODE 3 - COMBINE DICT FILES
if COMBINE_DICT_FILES:

    #  Create a new dict to rule them all
    new_main_dict = dict()

    # Find all existing dicts inside folder
    all_dicts_list = os.listdir(ALL_DICTS_TO_BE_COMBINED_PATH)

    # Only print content of each dict to console, not saving anything.
    if READ_ONLY:
        dict_counter = dict()
        # Loop through each dict, restore them and add them to the new main dict
        for dict in all_dicts_list:
            dict_counter.clear()
            # Restore dict data
            pickle_reader = open(ALL_DICTS_TO_BE_COMBINED_PATH + dict, 'rb')
            list_of_all_tiles_dict = pickle.load(pickle_reader)
            pickle_reader.close()

            for index, value in list_of_all_tiles_dict.items():
                #print(value)
                if value['label'] in dict_counter:
                    # Key in dict
                    dict_counter[value['label']] += 1
                else:
                    # key not in dict
                    dict_counter[value['label']] = 1
            print('')
            print(dict)
            for class_name, n_value in dict_counter.items():
                print('\t{} - {} tiles'.format(class_name, n_value))
        exit()

    # Loop through each dict, restore them and add them to the new main dict
    for dict in all_dicts_list:
        # Restore dict data
        pickle_reader = open(ALL_DICTS_TO_BE_COMBINED_PATH + dict, 'rb')
        list_of_all_tiles_dict = pickle.load(pickle_reader)
        pickle_reader.close()

        # Find last index value
        last_dict_index = len(new_main_dict)

        # Add data to main dict
        for index, value in list_of_all_tiles_dict.items():
            #if not value['label'] == 'Stroma':
            new_main_dict[last_dict_index + index] = value

    # Save as new pickle file
    pickle_writer = open('combine_dicts/new_main_dict_pickle.obj', 'wb')
    pickle.dump((new_main_dict), pickle_writer)
    pickle_writer.close()

# region MODE 4 - Create FCN masks
if CREATE_FCN_MASKS:
    # Update indexes
    class_index = 0

    if REDUCE_TO_ONE_REGION_ONLY_FCN:
        print('')
        print('WARNING! REDUCE_TO_ONE_REGION_ONLY set to True. Only PreProcessing one region per WSI!')
        print('')

    if isinstance(ONLY_EXTRACT_N_TILES_FCN, int):
        print('')
        print('WARNING! ONLY_EXTRACT_N_TILES active. Only extracting {} tiles per region!'.format(ONLY_EXTRACT_N_TILES_FCN))
        print('')

    # Search through the input directory for all class folders
    for current_class in os.listdir(INPUT_ROOT_PATH):
        # Update indexes
        class_index += 1
        wsi_index = 0

        # Search through for all WSI in each class folder
        for current_wsi in os.listdir(INPUT_ROOT_PATH + current_class):
            # Update indexes
            wsi_index += 1
            print('Preprocessing class {}/{}, WSI {}/{}.'.format(class_index, len(os.listdir(INPUT_ROOT_PATH)), wsi_index, len(os.listdir(INPUT_ROOT_PATH+current_class))))

            # Get all files in current folder
            current_folder_files = [f for f in os.listdir(INPUT_ROOT_PATH + current_class + '/' + current_wsi) if os.path.isfile(os.path.join(INPUT_ROOT_PATH + current_class + '/' + current_wsi, f))]

            # Process one file at the time
            for current_filename in current_folder_files:

                # Remove extension from filename
                current_filename_no_extension = os.path.splitext(current_filename)[0]

                if current_filename_no_extension == current_wsi:
                    # Check that the current file is an image file, and not an XML file.
                    if os.path.splitext(current_filename)[1] in {'.scn', '.tif', '.jpeg', '.jpg', '.bmp', '.png'}:
                        MyFunctions.myPrint('Loaded {}. Starting preprocessing'.format(current_filename))

                        # Update current paths. Also check if directory for saving images exist, if not, create one.
                        current_image_path, current_saved_tiles_path_400x, current_saved_tiles_path_100x, current_saved_tiles_path_25x, \
                            current_black_mask_tiles_path, current_deleted_tiles_path, current_metadata_path, mask_save_path_fcn_400x = MyFunctions.image_init(
                                                            filename_no_extension=current_filename_no_extension,
                                                            input_root_path=INPUT_ROOT_PATH + current_class + '/',
                                                            CLASS_NAME=current_class,
                                                            DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                                                            TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                                                            SAVE_DELETE_IMG=SAVE_DELETE_IMG,
                                                            SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                                                            SAVE_FORMAT_IMAGE=SAVE_FORMAT_REGION_FCN,
                                                            MASK_ROOT_PATH=MASK_ROOT_PATH)

                        # Define path for XML file
                        current_xml_path = '{}{}/{}/{}.xml'.format(INPUT_ROOT_PATH, current_class, current_filename_no_extension, current_filename_no_extension)

                        # Check that the XML file exist.
                        if os.path.exists(current_xml_path):
                            MyFunctions.myPrint('Found XML file for {}.'.format(current_filename))
                            binaryMask = True
                        else:
                            MyFunctions.myPrint('No XML file found for {}.'.format(current_filename))
                            binaryMask = False

                        # Preprocess current image
                        create_fcn_masks.create_masks(
                            remove_white_background=REMOVE_WHITE_BACKGROUND,
                            save_delete_img=SAVE_DELETE_IMG,
                            xml_path=current_xml_path,
                            tile_size=TILE_SIZE,
                            filename=current_filename,
                            saved_tiles_path_400x=current_saved_tiles_path_400x,
                            black_mask_tiles_path=current_black_mask_tiles_path,
                            deleted_tiles_path=current_deleted_tiles_path,
                            KEEP_INSIDE_OF_REGION=KEEP_INSIDE_OF_REGION_FCN,
                            SAVE_REGION_IMG=SAVE_REGION_IMG_FCN,
                            SUMMARY_FILE=SUMMARY_REGION_FILE,
                            metadata_path=current_metadata_path,
                            INPUT_ROOT_PATH=INPUT_ROOT_PATH,
                            CLASS_NAME=current_class,
                            OVERLAPPING_TILES=OVERLAPPING_TILES,
                            image_path=current_image_path,
                            saved_tiles_path_100x=current_saved_tiles_path_100x,
                            saved_tiles_path_25x=current_saved_tiles_path_25x,
                            PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE,
                            DI_SCALE_PREPROCESSING=DI_SCALE_PREPROCESSING,
                            TRI_SCALE_PREPROCESSING=TRI_SCALE_PREPROCESSING,
                            REGION_MARGIN_SIZE=REGION_MARGIN_SIZE_FCN,
                            SAVE_BACKGROUND_AS_CLASS=SAVE_BACKGROUND_AS_CLASS_FCN,
                            SAVE_FORMAT=SAVE_FORMAT_REGION_FCN,
                            REDUCE_TO_ONE_REGION_ONLY=REDUCE_TO_ONE_REGION_ONLY_FCN,
                            current_class=current_class,
                            ONLY_EXTRACT_N_TILES=ONLY_EXTRACT_N_TILES_FCN,
                            filename_no_extension=current_filename_no_extension,
                            SAVE_ROOT_PATH=SAVE_ROOT_PATH,
                            SAVE_OVERVIEW_IMG=SAVE_OVERVIEW_IMG,
                            FIND_OPTIMAL_START_COORDINATES=FIND_OPTIMAL_START_COORDINATES_FCN,
                            MASK_SAVE_PATH_FCN=mask_save_path_fcn_400x)

# endregion

# region LOG
# ------------------------------- LOGGING END --------------------------------------------------------------------------------------
if ENABLE_LOGGING:
    MyFunctions.end_logging()
# endregion







attachments/python_files/mode_7c.py

# region IMPORTS
# -------------------  GPU Stuff  ---------------------
from keras.optimizers import Adadelta
from keras.optimizers import Adagrad
from keras.optimizers import Adamax
from keras.optimizers import Nadam
from keras.optimizers import Adam
from keras.optimizers import SGD
# -------------------  My files  ---------------------
from my_constants import X_scale_400x_100x, Y_scale_400x_100x, X_scale_400x_25x, Y_scale_400x_25x, X_scale_25x_100x, Y_scale_25x_100x
import my_functions
# -------------------  Other  ---------------------
from xml.etree import ElementTree
from keras.utils.vis_utils import plot_model
import matplotlib

matplotlib.use('Agg')  # Force matplotlib to not use any Xwindows backend.
import matplotlib.pyplot as plt
from skimage.transform import resize
from skimage.morphology import remove_small_objects
from skimage.color import rgb2gray
from skimage import img_as_bool
from shutil import copy
from PIL import Image
import numpy as np
import operator
import pickle
import time
import csv
import os

# -------------------  PyVips  ---------------------
# vipshome = 'C:/Users/2918257/Downloads/Vips/vips-dev-w64-all-8.7.3/vips-dev-8.7/bin'
# os.environ['PATH'] = vipshome + ';' + os.environ['PATH']
os.environ['VIPS_WARNING'] = ''
import pyvips
Vips = pyvips
# endregion


def tissue_prediction(current_run_path, METADATA_FOLDER, MODEL_WEIGHT_FOLDER, N_CHANNELS, IMG_WIDTH, IMG_HEIGHT, NOISY_INPUT, N_WORKERS,
                      WHAT_MODEL_TO_LOAD, WHAT_MODEL_EPOCH_TO_LOAD, TISSUE_TO_BE_PREDICTED_WSI_PATH, TILE_SIZE, copy2folder_flag,
                      CLASSES_TO_COPY_NAME, wsi_index, total_no_of_wsi, PROBABILITY_FILENAME, PROBABILITY_FOLDER, UNDEFINED_CLASS_THRESHOLD,
                      PROBABILITY_IMAGES_PICKLE_FILE, USE_MULTIPROCESSING, MAX_QUEUE_SIZE, batch_size, SMALL_DATASET_DEBUG_MODE,
                      RUN_NEW_PREDICTION, wsi_name, wsi_path, ALL_MODEL_PARAMETERS_MDTTTL_PICKLE_FILE, TRAINING_DATA_MDTTTL_PICKLE_FILE,
                      ALL_MODEL_PARAMETERS_CVTTL_PICKLE_FILE, PREDICT_WINDOW_SIZE, SAVE_SCN_OVERVIEW, SUMMARY_PREDICTIONS_CSV_FILE,
                      LABELLED_DATASET_400x_PATH, MODE_TISSUE_PREDICTION_FOLDER, MODEL_MAKE_HEAT_MAPS, MODEL_MAKE_COLOR_MAP, HEATMAP_THRESHOLD,
                      HEATMAP_SIGMA, HEAT_MAPS_FOLDER, override_predict_region, binary_classification, MODELS_AND_LOSS_ARRAY_MDTTTL_PICKLE_FILE,
                      COORDINATES_PREDICTION_FOLDER, saved_tiles_downsample_technique_TPSCN, MAX_SAVED_TILES_DICT_LENGTH, HNUMBER_WITH_CUSTOM_LABELS_DICT_PICKLE_FILE,
                      USE_XY_POSITION_FROM_BACKGROUND_MASK, SAVE_PROBABILITY_MAPS, OVERWRITE_BACKGROUND_MASK, ALL_MODEL_PARAMETERS_MDTTTL2_PICKLE_FILE,
                      MODELS_AND_LOSS_ARRAY_MDTTTL2_PICKLE_FILE, TRAINING_DATA_PICKLE_FILE):

    # region FILE INIT
    # Start timer
    current_start_time = time.time()

    # Find diagnostic information for current WSI
    # Restore label dict
    #HNUMBER_WITH_CUSTOM_LABELS_DICT = my_functions.pickle_load(current_run_path + METADATA_FOLDER + HNUMBER_WITH_CUSTOM_LABELS_DICT_PICKLE_FILE)


    # if wsi_name.split("-")[0] in HNUMBER_WITH_CUSTOM_LABELS_DICT.keys():
    #     current_wsi_who73 = HNUMBER_WITH_CUSTOM_LABELS_DICT[wsi_name.split("-")[0]]['WHO73']
    #     current_wsi_recurrence = HNUMBER_WITH_CUSTOM_LABELS_DICT[wsi_name.split("-")[0]]['Recurrence']
    #     current_wsi_stage = HNUMBER_WITH_CUSTOM_LABELS_DICT[wsi_name.split("-")[0]]['Stage']
    #     current_wsi_progression = HNUMBER_WITH_CUSTOM_LABELS_DICT[wsi_name.split("-")[0]]['Progression']
    #     current_wsi_who04 = HNUMBER_WITH_CUSTOM_LABELS_DICT[wsi_name.split("-")[0]]['WHO04']
    # else:
    current_wsi_who73 = 'N/A'
    current_wsi_recurrence = 'N/A'
    current_wsi_stage = 'N/A'
    current_wsi_progression = 'N/A'
    current_wsi_who04 = 'N/A'

    if binary_classification is True:
        N_CLASSES = 2
        NAME_OF_CLASSES = ['Urothelium', 'Other']
        # Find background index position
        try:
            background_index = int(NAME_OF_CLASSES.index('Other'))
        except:
            my_functions.my_print('Failed to find background index. Stopping program.', error=True)
            exit()
    elif binary_classification is False:
        N_CLASSES = 6#len(os.listdir(LABELLED_DATASET_400x_PATH))
        NAME_OF_CLASSES = ['Background', 'Blood','Damaged','Muscle','Stroma','Urothelium']#my_functions.name_of_classes(DATASET=LABELLED_DATASET_400x_PATH)
        # Find background index position
        try:
            background_index = int(NAME_OF_CLASSES.index('Background'))
        except:
            my_functions.my_print('Failed to find background index. Stopping program.', error=True)
            exit()

    total_summary_array = []
    dict_of_all_predicted_coordinates_dict = dict()

    # Define summary path
    summary_path = current_run_path + MODE_TISSUE_PREDICTION_FOLDER
    os.makedirs(summary_path, exist_ok=True)

    # Define coordinates folder path
    coordinate_folder_path = COORDINATES_PREDICTION_FOLDER
    os.makedirs(coordinate_folder_path, exist_ok=True)

    # Make an array for top row in summary CSV file containing IMAGE_NAME and name of each class
    csv_array = ['IMAGE_NAME']
    for i in range(len(NAME_OF_CLASSES)):
        csv_array.append(NAME_OF_CLASSES[i])

    csv_array.append('UNDEFINED_CLASS')
    csv_array.append('TIME')
    csv_array.append('PREDICT_WINDOW_SIZE')

    # Create a new csv file
    if not os.path.isfile(summary_path + SUMMARY_PREDICTIONS_CSV_FILE):
        try:
            with open(summary_path + SUMMARY_PREDICTIONS_CSV_FILE, 'w') as csvfile:
                csv_writer = csv.writer(csvfile, delimiter=';', quotechar='|', quoting=csv.QUOTE_MINIMAL)
                csv_writer.writerow(csv_array)
        except Exception as e:
            my_functions.my_print('Error writing to file', error=True)
            my_functions.my_print(e, error=True)

    # Create summary folders
    filename1_folder = TISSUE_TO_BE_PREDICTED_WSI_PATH + wsi_name + '/' + PROBABILITY_FOLDER
    os.makedirs(filename1_folder, exist_ok=True)

    filename2_folder = summary_path + wsi_name + '/' + PROBABILITY_FOLDER
    os.makedirs(filename2_folder, exist_ok=True)

    # Save overview image
    fileName = '{}{}/{}#overview.jpeg'.format(summary_path, wsi_name, wsi_name)
    if SAVE_SCN_OVERVIEW is True and not os.path.exists(fileName):
        image_25x = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)
        remove_cols_left, remove_rows_top, new_width, new_height = my_functions.remove_white_background(input_img=image_25x,
                                                                                                        PADDING=0,
                                                                                                        OVERRIDE_X_INSIDE=0,
                                                                                                        OVERRIDE_Y_INSIDE=0,
                                                                                                        TILE_SIZE=TILE_SIZE)
        overview_img = image_25x.extract_area(remove_cols_left, remove_rows_top, new_width, new_height)
        overview_img.jpegsave(fileName, Q=100)
    # endregion

    # region FIND CORRECT MODE
    # Check if pickle files exists
    MDTTTL_exist = os.path.isfile(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_MDTTTL_PICKLE_FILE)
    MDTTTL2_exist = os.path.isfile(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_MDTTTL2_PICKLE_FILE)
    CVTTTL_exist = os.path.isfile(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_CVTTL_PICKLE_FILE)
    All_exist =  MDTTTL_exist + MDTTTL2_exist + CVTTTL_exist
    print(MDTTTL_exist + MDTTTL2_exist + CVTTTL_exist)
    print(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_MDTTTL2_PICKLE_FILE)
    # Check that only one model have been trained
    assert All_exist == 1, 'Either no models trained or more than one model trained. stopping program'

    # If ONLY MONO/DI/TRI model file exist
    if MDTTTL_exist:
        MODELS_AND_LOSS_ARRAY = my_functions.pickle_load(current_run_path + METADATA_FOLDER + MODELS_AND_LOSS_ARRAY_MDTTTL_PICKLE_FILE)
        ALL_MODEL_PARAMETERS = my_functions.pickle_load(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_MDTTTL_PICKLE_FILE)
    elif MDTTTL2_exist:
        MODELS_AND_LOSS_ARRAY = my_functions.pickle_load(current_run_path + METADATA_FOLDER + MODELS_AND_LOSS_ARRAY_MDTTTL2_PICKLE_FILE)
        ALL_MODEL_PARAMETERS = my_functions.pickle_load(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_MDTTTL2_PICKLE_FILE)
    # If ONLY Cross-validation model file exist
    elif CVTTTL_exist:
        ALL_MODEL_PARAMETERS = my_functions.pickle_load(current_run_path + METADATA_FOLDER + ALL_MODEL_PARAMETERS_CVTTL_PICKLE_FILE)
    # No models found, stopping program.
    else:
        my_functions.my_print('No models found, need a model to do ROI extraction. stopping program', error=True)
        exit()
    # endregion

    # region FIND CORRECT MODEL NO
    if WHAT_MODEL_TO_LOAD in ['Best', 'best']:
        # Load best model. Sort all transfer learning models by lowest validation loss, and choose best model.
        MODELS_AND_LOSS_ARRAY_SORTED = sorted(MODELS_AND_LOSS_ARRAY.items(), key=operator.itemgetter(1), reverse=False)
        MODEL_TO_USE = MODELS_AND_LOSS_ARRAY_SORTED[0][0]
    elif isinstance(WHAT_MODEL_TO_LOAD, int):
        # Load specific model
        MODEL_TO_USE = WHAT_MODEL_TO_LOAD
    else:
        my_functions.my_print('Error in WHAT_MODEL_TO_LOAD. stopping program', error=True)
        exit()
    # endregion

    # Loop through models until the model we want
    for current_model in ALL_MODEL_PARAMETERS:

        # Check if current_model is the model we want to use
        if current_model['ID'] == MODEL_TO_USE:

            # region LOAD MODEL AND DATASET
            if MDTTTL_exist or MDTTTL2_exist or CVTTTL_exist:
                # Read hyperparameters of current model
                current_model_no = current_model['ID']
                current_base_model = current_model['base_model']
                current_layer_config = current_model['layer_config']
                current_optimizer = current_model['optimizer']
                current_learning_rate = current_model['learning_rate']
                current_n_neurons1 = current_model['n_neurons1']
                current_n_neurons2 = current_model['n_neurons2']
                current_n_neurons3 = current_model['n_neurons3']
                current_dropout = current_model['dropout']
                current_freeze_base_model = current_model['freeze_base_model']
                current_base_model_pooling = current_model['base_model_pooling']
                current_scale_to_use = current_model['which_scale_to_use']
                current_model_mode = current_model['model_mode']

                # We need to process the current SCN image to find width, height, offset_x and offset_y.
                # x_inside_400x = int(metadata_root.find('metadata_root/x_inside').attrib['a400x'])
                # y_inside_400x = int(metadata_root.find('metadata_root/y_inside').attrib['a400x'])

                # 400x region config
                if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
                    full_image = Vips.Image.new_from_file(wsi_path, level=0).flatten().rot(1)
                    full_image_100 = Vips.Image.new_from_file(wsi_path, level=1).flatten().rot(1)
                    full_image_25 = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)

                    # Process SCN image
                    scn_offset_400x_x, scn_offset_400x_y, scn_width, scn_height = my_functions.remove_white_background(input_img=full_image,
                                                                                                                       PADDING=0,
                                                                                                                       OVERRIDE_X_INSIDE=0,
                                                                                                                       OVERRIDE_Y_INSIDE=0,
                                                                                                                       TILE_SIZE=TILE_SIZE)

                    scn_offset_100x_x, scn_offset_100x_y, _, _ = my_functions.remove_white_background(input_img=full_image_100,
                                                                                                      PADDING=0,
                                                                                                      OVERRIDE_X_INSIDE=0,
                                                                                                      OVERRIDE_Y_INSIDE=0,
                                                                                                      TILE_SIZE=TILE_SIZE)

                    scn_offset_25x_x, scn_offset_25x_y, _, _ = my_functions.remove_white_background(input_img=full_image_25,
                                                                                                    PADDING=0,
                                                                                                    OVERRIDE_X_INSIDE=0,
                                                                                                    OVERRIDE_Y_INSIDE=0,
                                                                                                    TILE_SIZE=TILE_SIZE)
                    scn_offset_x = scn_offset_400x_x
                    scn_offset_y = scn_offset_400x_y
                # 100x region config
                elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
                    # full_image = Vips.Image.new_from_file(wsi_path, level=1).flatten().rot(1)
                    full_image_400 = Vips.Image.new_from_file(wsi_path, level=0).flatten().rot(1)
                    full_image = Vips.Image.new_from_file(wsi_path, level=1).flatten().rot(1)
                    full_image_25 = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)

                    # Process SCN image
                    scn_offset_400x_x, scn_offset_400x_y, _, _ = my_functions.remove_white_background(input_img=full_image_400,
                                                                                                      PADDING=0,
                                                                                                      OVERRIDE_X_INSIDE=0,
                                                                                                      OVERRIDE_Y_INSIDE=0,
                                                                                                      TILE_SIZE=TILE_SIZE)

                    scn_offset_100x_x, scn_offset_100x_y, scn_width, scn_height = my_functions.remove_white_background(input_img=full_image,
                                                                                                                       PADDING=0,
                                                                                                                       OVERRIDE_X_INSIDE=0,
                                                                                                                       OVERRIDE_Y_INSIDE=0,
                                                                                                                       TILE_SIZE=TILE_SIZE)



                    scn_offset_25x_x, scn_offset_25x_y, _, _ = my_functions.remove_white_background(input_img=full_image_25,
                                                                                                    PADDING=0,
                                                                                                    OVERRIDE_X_INSIDE=0,
                                                                                                    OVERRIDE_Y_INSIDE=0,
                                                                                                    TILE_SIZE=TILE_SIZE)

                    scn_offset_x = scn_offset_100x_x
                    scn_offset_y = scn_offset_100x_y
                # 25x region config
                elif current_scale_to_use == '25x':
                    # full_image = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)
                    full_image_400 = Vips.Image.new_from_file(wsi_path, level=0).flatten().rot(1)
                    full_image_100 = Vips.Image.new_from_file(wsi_path, level=1).flatten().rot(1)
                    full_image = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)

                    # Process SCN image
                    scn_offset_400x_x, scn_offset_400x_y, _, _ = my_functions.remove_white_background(input_img=full_image_400,
                                                                                                      PADDING=0,
                                                                                                      OVERRIDE_X_INSIDE=0,
                                                                                                      OVERRIDE_Y_INSIDE=0,
                                                                                                      TILE_SIZE=TILE_SIZE)

                    scn_offset_100x_x, scn_offset_100x_y, _, _ = my_functions.remove_white_background(input_img=full_image_100,
                                                                                                      PADDING=0,
                                                                                                      OVERRIDE_X_INSIDE=0,
                                                                                                      OVERRIDE_Y_INSIDE=0,
                                                                                                      TILE_SIZE=TILE_SIZE)

                    scn_offset_25x_x, scn_offset_25x_y, scn_width, scn_height = my_functions.remove_white_background(input_img=full_image,
                                                                                                                     PADDING=0,
                                                                                                                     OVERRIDE_X_INSIDE=0,
                                                                                                                     OVERRIDE_Y_INSIDE=0,
                                                                                                                     TILE_SIZE=TILE_SIZE)

                    scn_offset_x = scn_offset_25x_x
                    scn_offset_y = scn_offset_25x_y

                # Define new variables
                all_x_pos = []
                all_y_pos = []
                all_xy_pos_in_scn_img = []
                all_xy_pos_center_in_scn_img = []
                all_xy_pos_in_scn_set_as_background_from_mask = []

                # Process region
                if override_predict_region:

                    # 400x coordinates (7170)
                    # x_pos_min = 63500
                    # x_pos_max = 68876
                    # y_pos_min = 30000
                    # y_pos_max = 34992

                    # 400x coordinates (11638)
                    # x_pos_min = 106150
                    # x_pos_max = 111200
                    # y_pos_min = 36750
                    # y_pos_max = 42000

                    # 400x coordinates (23454)
                    x_pos_min = 72200
                    x_pos_max = 104500
                    y_pos_min = 800
                    y_pos_max = 22800

                    # 400x region config
                    if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
                        # We don't need to do anything as the coordinates are already at 400x
                        # Calculate region width/height
                        region_width = x_pos_max - x_pos_min
                        region_height = y_pos_max - y_pos_min

                        my_functions.my_print('Region coordinates: x: {}. y: {}'.format(x_pos_min, y_pos_min))
                    # 100x region config
                    elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
                        # We need to transform the region coordinates from 400x to 100x. To do this we need to find coordinates of centre of region first.
                        # Calculate region width/height
                        region_width = x_pos_max - x_pos_min
                        region_height = y_pos_max - y_pos_min

                        # Find centre, and transform from 400x to 100x
                        region_centre_100x_x = int((x_pos_min + region_width / 2) * X_scale_400x_100x)
                        region_centre_100x_y = int((y_pos_min + region_height / 2) * Y_scale_400x_100x)

                        # Calculate region width/height
                        region_width = int(region_width * X_scale_400x_100x)
                        region_height = int(region_height * Y_scale_400x_100x)

                        # Go from centre of region, to top-left corner
                        x_pos_min = int(region_centre_100x_x - region_width / 2)
                        y_pos_min = int(region_centre_100x_y - region_height / 2)

                        # Calculate max position
                        x_pos_max = x_pos_min + region_width
                        y_pos_max = y_pos_min + region_height

                        my_functions.my_print('Region coordinates(100x): x: {}. y: {}'.format(x_pos_min, y_pos_min))
                    # 25x region config
                    elif current_scale_to_use == '25x':
                        # We need to transform the region coordinates from 400x to 25x. To do this we need to find coordinates of centre of region first.
                        # Calculate region width/height
                        region_width = x_pos_max - x_pos_min
                        region_height = y_pos_max - y_pos_min

                        # Find centre, and transform from 400x to 25x
                        region_centre_25x_x = int((x_pos_min + region_width / 2) * X_scale_400x_25x)
                        region_centre_25x_y = int((y_pos_min + region_height / 2) * Y_scale_400x_25x)

                        # Calculate region width/height
                        region_width = int(region_width * X_scale_400x_25x)
                        region_height = int(region_height * Y_scale_400x_25x)

                        # Go from centre of region, to top-left corner
                        x_pos_min = int(region_centre_25x_x - (region_width / 2))
                        y_pos_min = int(region_centre_25x_y - (region_height / 2))

                        # Calculate max position
                        x_pos_max = x_pos_min + region_width
                        y_pos_max = y_pos_min + region_height

                        my_functions.my_print('Region coordinates(25x): x: {}. y: {}'.format(x_pos_min, y_pos_min))

                    # Remove parts of the boarder on the right-hand side, and bottom part, to make sure that an n tiles fits
                    # scn_width = ((x_pos_max-x_pos_min) // TILE_SIZE) * TILE_SIZE
                    # scn_height = ((y_pos_max-y_pos_min) // TILE_SIZE) * TILE_SIZE
                    scn_width = x_pos_max - x_pos_min
                    scn_height = y_pos_max - y_pos_min

                    # Remove parts of the boarder on the right-hand side, and bottom part, to make sure that an n tiles fits
                    # region_width = (region_width // TILE_SIZE) * TILE_SIZE
                    # region_height = (region_height // TILE_SIZE) * TILE_SIZE

                    # Extract region
                    region_img = full_image.extract_area(scn_offset_x + x_pos_min,
                                                         scn_offset_y + y_pos_min,
                                                         scn_width,
                                                         scn_height)

                    # Save region
                    fileName = summary_path + 'region.jpeg'
                    region_img.jpegsave(fileName, Q=100)

                    my_functions.my_print('Region size: {}, {}'.format(region_width, region_height))
                # Process entire WSI
                else:
                    x_pos_min = 0
                    x_pos_max = scn_width
                    y_pos_min = 0
                    y_pos_max = scn_height
                    my_functions.my_print('WSI size: {}, {}'.format(scn_width, scn_height))

                    # Calculate region width/height
                    region_width = x_pos_max - x_pos_min
                    region_height = y_pos_max - y_pos_min

                # Create an array of all possible x-coordinates
                for x_pos in range(x_pos_min, x_pos_max - TILE_SIZE, PREDICT_WINDOW_SIZE):
                    all_x_pos.append(x_pos)
                # Create an array of all possible y-coordinates
                for y_pos in range(y_pos_min, y_pos_max - TILE_SIZE, PREDICT_WINDOW_SIZE):
                    all_y_pos.append(y_pos)
                my_functions.my_print('Number of tiles in x- and y-direction: {}, {}'.format(len(all_x_pos), len(all_y_pos)))

                # Calculate probability map size
                prob_width = len(all_x_pos)
                prob_height = len(all_y_pos)

                # region BACKGROUND MASK
                mask_filename = wsi_path.replace(wsi_name + '.scn', "") + '/background_mask_25x.obj'
                if not os.path.exists(mask_filename) or OVERWRITE_BACKGROUND_MASK is True:
                    # Create a numpy background mask
                    # Shape is (height, width) e.g. like (3712, 4864)
                    # The mask only contain binary values. Example output from np.unique() = (array([0., 1.]), array([14409914,  3645254]))
                    background_mask = my_functions.create_wsi_binary_mask(wsi_path=wsi_path,
                                                                          TILE_SIZE=TILE_SIZE,
                                                                          override_predict_region=override_predict_region,
                                                                          x_pos_min=x_pos_min,
                                                                          y_pos_min=y_pos_min,
                                                                          x_pos_max=x_pos_max,
                                                                          y_pos_max=y_pos_max,
                                                                          current_scale_to_use=current_scale_to_use,
                                                                          region_width=region_width,
                                                                          region_height=region_height)

                    # Save mask before resize
                    fig1 = plt.figure(figsize=(10, 8))
                    ax1 = fig1.add_subplot(1, 1, 1)
                    ax1.imshow(background_mask)
                    ax1.set_title("Background mask before resize/padding")
                    filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_name + '/'
                    filename = filename_folder + 'Background_mask_before_resize_and_padding.png'
                    plt.savefig(filename)

                    # Save background mask
                    my_functions.pickle_save(background_mask, mask_filename)
                else:
                    # Restore existing background map
                    background_mask = my_functions.pickle_load(mask_filename)

                mask_resized_filename = wsi_path.replace(wsi_name + '.scn', "") + '/background_mask_25x_resized_{}_{}.obj'.format(TILE_SIZE, PREDICT_WINDOW_SIZE)
                if not os.path.exists(mask_resized_filename) or OVERWRITE_BACKGROUND_MASK is True:
                    # Resize background mask
                    # Output of np.unique after resize = (array([0.00000000e+00, 6.11126705e-12, 1.05783861e-11, ..., 1.00000000e+00, 1.00000000e+00, 1.00000000e+00]), array([94695,     3,     3, ...,     3,    48,    60]))
                    # Output of np.unique after img_as_bool = (array([False,  True]), array([170163,  46485]))
                    my_functions.my_print('Resizing background mask')
                    background_mask_resized = img_as_bool(resize(background_mask, (prob_height, prob_width, 3)))

                    # Save mask after resize
                    fig2 = plt.figure(figsize=(10, 8))
                    plt.tick_params(axis='both', which='both', bottom=False, top=False, left=False, right=False, labelbottom=False, labelleft=False)
                    ax2 = fig2.add_subplot(1, 1, 1)
                    ax2.imshow(rgb2gray(background_mask_resized), cmap='gray')
                    ax2.set_title("Background mask after resize")
                    filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_name + '/'
                    filename = filename_folder + 'Background_mask_after_resize.png'
                    plt.savefig(filename, bbox_inches='tight', pad_inches=0)

                    # Save background mask
                    my_functions.pickle_save(background_mask_resized, mask_resized_filename)
                else:
                    # Restore existing background map
                    background_mask_resized = my_functions.pickle_load(mask_resized_filename)
                # endregion

                my_functions.my_print('Background mask before resize/padding width:{}, height:{}'.format(background_mask.shape[1], background_mask.shape[0]))
                my_functions.my_print('Background mask after resize (before padding) width:{}, height:{}'.format(background_mask_resized.shape[1],
                                                                                                                 background_mask_resized.shape[0]))

                if USE_XY_POSITION_FROM_BACKGROUND_MASK is True:
                    # Pad background mask
                    #background_mask_resized_padded = np.pad(array=background_mask_resized, pad_width=48, mode='edge')

                    # my_functions.my_print('Background mask after resize and padding width:{}, height:{}'.format(background_mask_resized_padded.shape[1],
                    #                                                                                           background_mask_resized_padded.shape[0]))

                    # Pad right/bottom side of background mask to allow for an even number of tiles inside.
                    #pad_size_x = (round(background_mask_resized_padded.shape[1] / TILE_SIZE) * TILE_SIZE) - background_mask_resized_padded.shape[1]
                    #pad_size_y = (round(background_mask_resized_padded.shape[0] / TILE_SIZE) * TILE_SIZE) - background_mask_resized_padded.shape[0]

                    #print(pad_size_x)
                    #print(pad_size_y)

                    # background_mask_resized_padded = np.pad(array=background_mask_resized_padded, pad_width=[(pad_size_y, 0),(pad_size_x, 0)], mode='edge')
                    # my_functions.my_print('Background mask after resize and padding width:{}, height:{}'.format(background_mask_resized_padded.shape[1],
                    #                                                                                           background_mask_resized_padded.shape[0]))

                    # Save mask after padding
                    # fig3 = plt.figure(figsize=(10, 8))
                    # plt.tick_params(axis='both', which='both', bottom=False, top=False, left=False, right=False, labelbottom=False, labelleft=False)
                    # ax3 = fig3.add_subplot(1, 1, 1)
                    # ax3.imshow(rgb2gray(background_mask_resized), cmap='gray')
                    # ax3.set_title("Background mask after resize and padding)")
                    # filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_name + '/'
                    # filename = filename_folder + 'Background_mask_after_resize_and_padding.png'
                    # plt.savefig(filename, bbox_inches='tight', pad_inches=0)



                    # Create a new list with all xy-positions in current SCN image
                    for y_pos in all_y_pos:
                        for x_pos in all_x_pos:
                            # 400x region config
                            if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
                                # Coordinate 400x, top-left corner of tile
                                #x_pos_25x = ((x_pos + (TILE_SIZE / 2)) * X_scale_400x_25x) - (TILE_SIZE / 2)
                                #y_pos_25x = ((y_pos + (TILE_SIZE / 2)) * Y_scale_400x_25x) - (TILE_SIZE / 2)
                                x_pos_temp = x_pos / PREDICT_WINDOW_SIZE
                                y_pos_temp = y_pos / PREDICT_WINDOW_SIZE
                                # my_functions.my_print('Coordinate at 400x (top-left): {}, {}'.format(x_400x, y_400x))
                            # 100x region config
                            elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
                                # Coordinate 100x, top-left corner of tile
                                #x_pos_25x = ((x_pos + (TILE_SIZE / 2)) * X_scale_25x_100x) - (TILE_SIZE / 2) +48
                                #y_pos_25x = ((y_pos + (TILE_SIZE / 2)) * Y_scale_25x_100x) - (TILE_SIZE / 2) +48
                                x_pos_temp = x_pos / PREDICT_WINDOW_SIZE
                                y_pos_temp = y_pos / PREDICT_WINDOW_SIZE
                                # my_functions.my_print('Coordinate at 100x (top-left): {}, {}'.format(x_100x, y_100x))
                            # 25x region config
                            elif current_scale_to_use == '25x':
                                # Coordinate 25x, top-left corner of tile
                                x_pos_25x = x_pos
                                y_pos_25x = y_pos
                                # my_functions.my_print('Coordinate at 25x (top-left): {}, {}'.format(x_25x, y_25x))

                            if background_mask_resized[int(y_pos_temp), int(x_pos_temp)][0] == 1:
                                # Not background. Add to list
                                # Create a new list with all xy-positions in current SCN image
                                all_xy_pos_in_scn_img.append((x_pos, y_pos))

                                # Create a new list with all xy-positions in current SCN image (center of tile)
                                all_xy_pos_center_in_scn_img.append((x_pos + (TILE_SIZE // 2), y_pos + (TILE_SIZE // 2)))
                            else:
                                all_xy_pos_in_scn_set_as_background_from_mask.append((x_pos, y_pos))

                    # for mask_row in range(background_mask.shape[0]):
                    #     for mask_column in range(background_mask.shape[1]):
                    #
                    #         if background_mask[mask_row, mask_column] == 1:
                    #
                    #             # 400x region config
                    #             if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
                    #                 # Coordinate 400x, top-left corner of tile
                    #                 x_pos = scn_offset_400x_x + ((mask_row + (TILE_SIZE / 2)) / X_scale_400x_25x) - (TILE_SIZE / 2)
                    #                 y_pos = scn_offset_400x_y + ((mask_column + (TILE_SIZE / 2)) / Y_scale_400x_25x) - (TILE_SIZE / 2)
                    #                 #my_functions.my_print('Coordinate at 400x (top-left): {}, {}'.format(x_400x, y_400x))
                    #             # 100x region config
                    #             elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
                    #                 # Coordinate 100x, top-left corner of tile
                    #                 x_pos = scn_offset_100x_x + ((mask_row + (TILE_SIZE / 2)) / X_scale_25x_100x) - (TILE_SIZE / 2)
                    #                 y_pos = scn_offset_100x_y + ((mask_column + (TILE_SIZE / 2)) / Y_scale_25x_100x) - (TILE_SIZE / 2)
                    #                 #my_functions.my_print('Coordinate at 100x (top-left): {}, {}'.format(x_100x, y_100x))
                    #             # 25x region config
                    #             elif current_scale_to_use == '25x':
                    #                 # Coordinate 25x, top-left corner of tile
                    #                 x_pos = scn_offset_25x_x + mask_row
                    #                 y_pos = scn_offset_25x_y + mask_column
                    #                 #my_functions.my_print('Coordinate at 25x (top-left): {}, {}'.format(x_25x, y_25x))
                    #
                    #             # Create a new list with all xy-positions in current SCN image
                    #             all_xy_pos_in_scn_img.append((x_pos, y_pos))
                    #
                    #             # Create a new list with all xy-positions in current SCN image (center of tile)
                    #             all_xy_pos_center_in_scn_img.append((x_pos + (TILE_SIZE // 2), y_pos + (TILE_SIZE // 2)))
                elif USE_XY_POSITION_FROM_BACKGROUND_MASK is False:
                    # Create a new list with all xy-positions in current SCN image
                    for y_pos in all_y_pos:
                        for x_pos in all_x_pos:
                            all_xy_pos_in_scn_img.append((x_pos, y_pos))
                            # Create a new list with all xy-positions in current SCN image (center of tile)
                            all_xy_pos_center_in_scn_img.append((x_pos + (TILE_SIZE // 2), y_pos + (TILE_SIZE // 2)))

                if SMALL_DATASET_DEBUG_MODE is True:
                    all_xy_pos_in_scn_img = all_xy_pos_in_scn_img[0:64]
                    all_xy_pos_center_in_scn_img = all_xy_pos_center_in_scn_img[0:64]

                predict_dataset_size = len(all_xy_pos_in_scn_img)
                my_functions.my_print('Loaded {} tiles from WSI {}.'.format(predict_dataset_size, wsi_path))

                # Define name of the model
                if current_model_mode == 'mono':
                    current_model_to_load = 'Model_' + str(current_model_no) + '_' + current_model_mode + '_' + current_scale_to_use + '/'

                    current_keras_model, _ = my_functions.get_mono_scale_model(img_width=IMG_WIDTH,
                                                                               img_height=IMG_HEIGHT,
                                                                               n_channels=N_CHANNELS,
                                                                               N_CLASSES=N_CLASSES,
                                                                               base_model=current_base_model,
                                                                               layer_config=current_layer_config,
                                                                               n_neurons1=current_n_neurons1,
                                                                               n_neurons2=current_n_neurons2,
                                                                               n_neurons3=current_n_neurons3,
                                                                               freeze_base_model=current_freeze_base_model,
                                                                               base_model_pooling=current_base_model_pooling,
                                                                               dropout=current_dropout)

                    # Create a data generator
                    predict_generator = my_functions.mode_7c_mono_coordinates_generator(all_xy_pos_in_scn_img=all_xy_pos_in_scn_img,
                                                                                        batch_size=batch_size,
                                                                                        n_classes=N_CLASSES,
                                                                                        shuffle=False,
                                                                                        TILE_SIZE=TILE_SIZE,
                                                                                        scn_path=wsi_path,
                                                                                        scn_offset_x=scn_offset_x,
                                                                                        scn_offset_y=scn_offset_y,
                                                                                        which_scale_to_use=current_scale_to_use)
                elif str(current_model_mode) == 'di':
                    current_model_to_load = 'Model_' + str(current_model_no) + '_' + current_model_mode + '_' + current_scale_to_use[0] + '_' + current_scale_to_use[1] + '/'

                    current_keras_model, _ = my_functions.get_di_scale_model(img_width=IMG_WIDTH,
                                                                             img_height=IMG_HEIGHT,
                                                                             n_channels=N_CHANNELS,
                                                                             N_CLASSES=N_CLASSES,
                                                                             base_model=current_base_model,
                                                                             layer_config=current_layer_config,
                                                                             n_neurons1=current_n_neurons1,
                                                                             n_neurons2=current_n_neurons2,
                                                                             n_neurons3=current_n_neurons3,
                                                                             freeze_base_model=current_freeze_base_model,
                                                                             base_model_pooling=current_base_model_pooling,
                                                                             dropout=current_dropout)

                    # Create a data generator
                    predict_generator = my_functions.mode_7c_di_coordinates_generator(all_xy_pos_in_scn_img=all_xy_pos_center_in_scn_img,
                                                                                      batch_size=batch_size,
                                                                                      n_classes=N_CLASSES,
                                                                                      shuffle=False,
                                                                                      TILE_SIZE=TILE_SIZE,
                                                                                      scn_path=wsi_path,
                                                                                      scn_offset_x=scn_offset_x,
                                                                                      scn_offset_y=scn_offset_y,
                                                                                      which_scale_to_use=current_scale_to_use)
                elif current_model_mode == 'tri':
                    current_model_to_load = 'Model_' + str(current_model_no) + '_' + current_model_mode + '_25x_100x_400x/'

                    current_keras_model, _ = my_functions.get_tri_scale_model(img_width=IMG_WIDTH,
                                                                              img_height=IMG_HEIGHT,
                                                                              n_channels=N_CHANNELS,
                                                                              N_CLASSES=N_CLASSES,
                                                                              base_model=current_base_model,
                                                                              layer_config=current_layer_config,
                                                                              n_neurons1=current_n_neurons1,
                                                                              n_neurons2=current_n_neurons2,
                                                                              n_neurons3=current_n_neurons3,
                                                                              freeze_base_model=current_freeze_base_model,
                                                                              base_model_pooling=current_base_model_pooling,
                                                                              dropout=current_dropout)

                    # Create a data generator
                    predict_generator = my_functions.mode_7c_tri_coordinates_generator(all_xy_pos_in_scn_img=all_xy_pos_center_in_scn_img,
                                                                                       batch_size=batch_size,
                                                                                       n_classes=N_CLASSES,
                                                                                       shuffle=False,
                                                                                       TILE_SIZE=TILE_SIZE,
                                                                                       scn_path=wsi_path,
                                                                                       scn_offset_x=scn_offset_x,
                                                                                       scn_offset_y=scn_offset_y,
                                                                                       which_scale_to_use=current_scale_to_use)

                # Define path of pickle training data
                model_training_data_pickle_path = current_run_path + METADATA_FOLDER + 'Model_' + str(current_model_no) + TRAINING_DATA_MDTTTL_PICKLE_FILE
            # endregion

            # region LOAD WEIGHTS
            # Define path where weights are saved
            if CVTTTL_exist:
                weight_save_path_to_load = current_run_path + MODEL_WEIGHT_FOLDER + current_model_to_load + '/Fold_1/'
            else:
                weight_save_path_to_load = current_run_path + MODEL_WEIGHT_FOLDER + current_model_to_load

            # Check if there exist some weights we can load.
            if len(os.listdir(weight_save_path_to_load)) >= 1:
                # Load weights into model
                if WHAT_MODEL_EPOCH_TO_LOAD in ['Last', 'last']:
                    # Load weights from last epoch
                    all_weights = os.listdir(weight_save_path_to_load)
                    all_weights = sorted(all_weights, key=lambda a: int(a.split("_")[1].split(".")[0]))
                    weight_to_load = all_weights[-1]
                elif WHAT_MODEL_EPOCH_TO_LOAD in ['Best', 'best']:
                    # Load weights from best epoch
                    # Restore data
                    pickle_reader = open(current_run_path + METADATA_FOLDER + 'Model_' + str(current_model_no) + TRAINING_DATA_PICKLE_FILE, 'rb')
                    (batch_data, epochs_data, current_best_train_loss_data, current_best_train_acc_data,
                     current_best_val_loss_data, current_best_val_acc_data, current_best_val_acc_epoch_data, current_best_val_loss_epoch_data,
                     epoch_time_start_data, current_best_train_acc_epoch, current_best_train_loss_epoch) = pickle.load(pickle_reader)
                    pickle_reader.close()
                # Save best epoch number
                    weight_to_load = 'Epoch_' + str(current_best_val_acc_epoch_data) + '.h5'
                elif isinstance(WHAT_MODEL_EPOCH_TO_LOAD, int):
                    # Load weights from a specific epoch
                    weight_to_load = 'Epoch_' + str(WHAT_MODEL_EPOCH_TO_LOAD) + '.h5'
                else:
                    my_functions.my_print('Error in WHAT_MODEL_EPOCH_TO_LOAD. stopping program', error=True)
                    exit()

                weight_filename = weight_save_path_to_load + weight_to_load
                my_functions.my_print('\tLoading weights: {}'.format(weight_filename))
                current_keras_model.load_weights(weight_filename)
            else:
                my_functions.my_print('Found no weights to load in folder. stopping program', error=True)
                exit()
            # endregion

            # region OPTIMIZER, LOSS, COMPILING AND PLOTTING OF MODEL
            my_functions.my_print('\t')
            my_functions.my_print('Starting tissue prediction - {}, Freeze:{}, Layer_{}, optimizer:{}, learning rate:{}, '
                                  'batch size:{}, n_neurons1:{}, n_neurons2:{}, n_neurons3:{}, dropout:{}, noise:{}'.format(
                current_model_to_load, current_freeze_base_model, current_layer_config, current_optimizer,
                current_learning_rate, batch_size, current_n_neurons1, current_n_neurons2,
                current_n_neurons3, current_dropout, NOISY_INPUT))

            # Define optimizer
            if current_optimizer == 'adam':
                my_optimist = Adam(lr=current_learning_rate, beta_1=0.9, beta_2=0.999, epsilon=None, decay=0.0, amsgrad=False)
            elif current_optimizer == 'adamax':
                my_optimist = Adamax(lr=current_learning_rate, beta_1=0.9, beta_2=0.999, epsilon=None, decay=0.0)
            elif current_optimizer == 'nadam':
                my_optimist = Nadam(lr=current_learning_rate, beta_1=0.9, beta_2=0.999, epsilon=None, schedule_decay=0.004)
            elif current_optimizer == 'adadelta':
                my_optimist = Adadelta(lr=current_learning_rate, rho=0.95, epsilon=None, decay=0.0)
            elif current_optimizer == 'adagrad':
                my_optimist = Adagrad(lr=current_learning_rate, epsilon=None, decay=0.0)
            elif current_optimizer == 'SGD':
                my_optimist = SGD(lr=current_learning_rate, decay=1e-6, momentum=0.9, nesterov=True)
            else:
                my_optimist = None
                my_functions.my_print('Error on choosing optimizer. stopping program', error=True)
                exit()

            # Compile the model
            # For for info on loss function, see https://github.com/keras-team/keras/blob/master/keras/losses.py
            current_keras_model.compile(optimizer=my_optimist,
                                        loss='categorical_crossentropy',
                                        metrics=['accuracy'])
            # endregion

            # region RUNNING OR LOADING PREDICTIONS
            all_predictions_filename = '/Predictions_window{}_undefined-class-threshold{}.obj'.format(PREDICT_WINDOW_SIZE, UNDEFINED_CLASS_THRESHOLD)
            # Use model to predict WSI
            if RUN_NEW_PREDICTION:
                # Run prediction on all tiles in image
                all_predictions = current_keras_model.predict_generator(generator=predict_generator,
                                                                        max_queue_size=MAX_QUEUE_SIZE,
                                                                        workers=N_WORKERS,
                                                                        use_multiprocessing=USE_MULTIPROCESSING,
                                                                        verbose=1)

                my_functions.my_print('Prediction complete.')

                # Backup all data
                my_functions.pickle_save(all_predictions, summary_path + wsi_name + all_predictions_filename)

            elif not RUN_NEW_PREDICTION:
                # RESTORE PREDICTIONS
                if os.path.exists(summary_path + wsi_name + all_predictions_filename):
                    all_predictions = my_functions.pickle_load(summary_path + wsi_name + all_predictions_filename)
                else:
                    my_functions.my_print('Missing Predictions_window{}_undefined-class-threshold{}.obj file. Is RUN_NEW_PREDICTION set to FALSE? Stopping program', error=True)
                    exit()
            # endregion

    # region USE PREDICTIONS TO MAKE PROBABILITY MAPS
    # Make a new array of same size as number of classes. Loop trough and zero out each element
    count_prediction_all_classes = NAME_OF_CLASSES[:]
    count_prediction_undefined_class = 0
    for i in range(N_CLASSES):
        count_prediction_all_classes[i] = 0

    # Calculate probability map size
    #prob_width = len(all_x_pos)
    #prob_height = len(all_y_pos)
    my_functions.my_print('Probability map width:{}, height:{}'.format(prob_width, prob_height))

    # Make a empty list to store the probability array in
    probability_image_all_classes_list = []
    colormap_image_all_classes_list = []
    for _ in range(N_CLASSES):
        probability_image_all_classes_list.append(np.zeros(shape=(prob_height, prob_width), dtype=float))
        colormap_image_all_classes_list.append(np.zeros(shape=(prob_height, prob_width), dtype=float))

    # For the undefined class, we one need one array
    probability_image_undefined_class_list = [np.zeros(shape=(prob_height, prob_width), dtype=float)]

    # Loop through all coordinates of current image
    for xy_pos_index, current_xy_pos in enumerate(all_xy_pos_in_scn_img):

        # Update probability arrays for current position
        for i in range(N_CLASSES):
            probability_image_all_classes_list[i][
                (current_xy_pos[1] - y_pos_min) // PREDICT_WINDOW_SIZE,
                (current_xy_pos[0] - x_pos_min) // PREDICT_WINDOW_SIZE
            ] = round(all_predictions[xy_pos_index][i], 3)

        # Check if the largest prediction is below the threshold. If yes, it is defined as undefined class. Add prediction to the array.
        curr_max_pred = max(all_predictions[xy_pos_index])


        if curr_max_pred < UNDEFINED_CLASS_THRESHOLD:
            probability_image_undefined_class_list[0][
                (current_xy_pos[1] - y_pos_min) // PREDICT_WINDOW_SIZE,
                (current_xy_pos[0] - x_pos_min) // PREDICT_WINDOW_SIZE
            ] = round(1 - max(all_predictions[xy_pos_index]), 3)
            count_prediction_undefined_class += 1
        else:
            for i in range(N_CLASSES):
                if curr_max_pred == all_predictions[xy_pos_index][i]:
                    colormap_image_all_classes_list[i][
                        (current_xy_pos[1] - y_pos_min) // PREDICT_WINDOW_SIZE,
                        (current_xy_pos[0] - x_pos_min) // PREDICT_WINDOW_SIZE
                    ] = 1

            # If current image is same class as copy_to_folder_class, we need to copy the image to this folder
            pred_class_index = int(np.argmax(all_predictions[xy_pos_index], axis=0))

            # Update counter for current classified tile
            count_prediction_all_classes[pred_class_index] += 1

            # If the current tile is classified as copy_to_folder_class, copy the tile to separate folder.
            if copy2folder_flag is True and NAME_OF_CLASSES[pred_class_index] in CLASSES_TO_COPY_NAME:

                # Transform 400x coordinates to 100x and 25x
                if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
                    # Calculate coordinate of the middle-pixel value of the tile on 400x image
                    image_400x_tile_center_x = current_xy_pos[0] + (TILE_SIZE / 2)
                    image_400x_tile_center_y = current_xy_pos[1] + (TILE_SIZE / 2)

                    # Transform the coordinate from the 400x image to the 100x image
                    image_100x_tile_center_x = image_400x_tile_center_x * X_scale_400x_100x
                    image_100x_tile_center_y = image_400x_tile_center_y * Y_scale_400x_100x

                    # Transform the coordinate from the 400x image to the 25x image
                    image_25x_tile_center_x = image_400x_tile_center_x * X_scale_400x_25x
                    image_25x_tile_center_y = image_400x_tile_center_y * Y_scale_400x_25x
                # Transform 100x coordinates to 400x and 25x
                elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
                    # Calculate coordinate of the middle-pixel value of the tile on 100x image
                    image_100x_tile_center_x = current_xy_pos[0] + (TILE_SIZE / 2)
                    image_100x_tile_center_y = current_xy_pos[1] + (TILE_SIZE / 2)

                    # Transform the coordinate from the 100x image to the 400x image
                    image_400x_tile_center_x = image_100x_tile_center_x / X_scale_400x_100x
                    image_400x_tile_center_y = image_100x_tile_center_y / Y_scale_400x_100x

                    # Transform the coordinate from the 100x image to the 25x image
                    image_25x_tile_center_x = image_100x_tile_center_x * X_scale_25x_100x
                    image_25x_tile_center_y = image_100x_tile_center_y * Y_scale_25x_100x
                # Transform 25x coordinates to 400x and 100x
                elif current_scale_to_use == '25x':
                    # Calculate coordinate of the middle-pixel value of the tile on 25x image
                    image_25x_tile_center_x = current_xy_pos[0] + (TILE_SIZE / 2)
                    image_25x_tile_center_y = current_xy_pos[1] + (TILE_SIZE / 2)

                    # Transform the coordinate from the 100x image to the 400x image
                    image_400x_tile_center_x = image_25x_tile_center_x / X_scale_400x_25x
                    image_400x_tile_center_y = image_25x_tile_center_y / Y_scale_400x_25x

                    # Transform the coordinate from the 100x image to the 25x image
                    image_100x_tile_center_x = image_25x_tile_center_x * X_scale_25x_100x
                    image_100x_tile_center_y = image_25x_tile_center_y * Y_scale_25x_100x

                # Save tile to coordinate dict
                my_functions.save_tile_coordinate(tile_dict=dict_of_all_predicted_coordinates_dict,
                                                  tissue_type=NAME_OF_CLASSES[pred_class_index],
                                                  x_pos_400x=scn_offset_400x_x + image_400x_tile_center_x - (TILE_SIZE / 2),
                                                  y_pos_400x=scn_offset_400x_y + image_400x_tile_center_y - (TILE_SIZE / 2),
                                                  x_pos_100x=scn_offset_100x_x + image_100x_tile_center_x - (TILE_SIZE / 2),
                                                  y_pos_100x=scn_offset_100x_y + image_100x_tile_center_y - (TILE_SIZE / 2),
                                                  x_pos_25x=scn_offset_25x_x + image_25x_tile_center_x - (TILE_SIZE / 2),
                                                  y_pos_25x=scn_offset_25x_y + image_25x_tile_center_y - (TILE_SIZE / 2),
                                                  wsi_filename=wsi_name,
                                                  probability=curr_max_pred)

                ####

    if USE_XY_POSITION_FROM_BACKGROUND_MASK is True:
        for xy_pos_index, current_xy_pos in enumerate(all_xy_pos_in_scn_set_as_background_from_mask):
            # Update probability arrays for background position
            probability_image_all_classes_list[background_index][
                (current_xy_pos[1] - y_pos_min) // PREDICT_WINDOW_SIZE,
                (current_xy_pos[0] - x_pos_min) // PREDICT_WINDOW_SIZE
            ] = 1

            # Update colormap for background positions
            colormap_image_all_classes_list[background_index][
                (current_xy_pos[1] - y_pos_min) // PREDICT_WINDOW_SIZE,
                (current_xy_pos[0] - x_pos_min) // PREDICT_WINDOW_SIZE
            ] = 1

            # Update counter for current classified tile
            count_prediction_all_classes[background_index] += 1
    # endregion

    # region SAVE PROBABILITY MAPS AND SUMMARY

    # Downsample list
    if saved_tiles_downsample_technique_TPSCN in ['Downsample', 'downsample']:
        dict_length = len(dict_of_all_predicted_coordinates_dict)
        step_size = dict_length // MAX_SAVED_TILES_DICT_LENGTH
        n = 0
        while n < dict_length:
            if not n % step_size == 0:
                dict_of_all_predicted_coordinates_dict.pop(n)
            n += 1

    # Save predicted coordinates dict as pickle
    my_functions.pickle_save(dict_of_all_predicted_coordinates_dict, coordinate_folder_path + wsi_name + '_coordinate_tissue_predictions_pickle.obj')

    # Save class probability image
    if SAVE_PROBABILITY_MAPS:
        for i in range(N_CLASSES):
            img = Image.fromarray(probability_image_all_classes_list[i])

            # Resize image
            if (scn_width // TILE_SIZE) >= 240 or (scn_height // TILE_SIZE) >= 240:
                img = img.resize((240, 240))

            filename1 = filename1_folder + PROBABILITY_FILENAME + NAME_OF_CLASSES[i] + '.tiff'
            filename2 = filename2_folder + PROBABILITY_FILENAME + NAME_OF_CLASSES[i] + '.tiff'
            img.save(filename1)
            img.save(filename2)

        # Save undefined class probability image
        img = Image.fromarray(probability_image_undefined_class_list[0])

        # Resize image
        if (scn_width // TILE_SIZE) >= 240 or (scn_height // TILE_SIZE) >= 240:
            img = img.resize((240, 240))

        filename1 = filename1_folder + PROBABILITY_FILENAME + 'Undefined.tiff'
        filename2 = filename2_folder + PROBABILITY_FILENAME + 'Undefined.tiff'
        img.save(filename1)
        img.save(filename2)

    all_probability_images = dict()
    all_colormap_images = dict()

    # Append the probability image to the file and save probability images to pickle
    temp = probability_image_all_classes_list.copy()
    temp.append(probability_image_undefined_class_list[0])
    all_probability_images[wsi_name] = temp
    my_functions.pickle_save(all_probability_images, current_run_path + METADATA_FOLDER + PROBABILITY_IMAGES_PICKLE_FILE)

    # Append the colormap image to the file and save colormap images to pickle
    temp = colormap_image_all_classes_list.copy()
    temp.append(probability_image_undefined_class_list[0])
    all_colormap_images[wsi_name] = temp
    my_functions.pickle_save(all_colormap_images, current_run_path + METADATA_FOLDER + 'colormap_' + PROBABILITY_IMAGES_PICKLE_FILE)

    # Copy the overview image into the summary path folder, if it exist
    if os.path.isfile(TISSUE_TO_BE_PREDICTED_WSI_PATH + wsi_name + '/' + wsi_name + '#overview.jpeg'):
        src = TISSUE_TO_BE_PREDICTED_WSI_PATH + wsi_name + '/' + wsi_name + '#overview.jpeg'
        dst = summary_path + wsi_name + '/'
        copy(src, dst)

    # Create a new array of same size as the CSV array
    summary_arr = [0] * len(csv_array)

    # The first entry in the array is the name of the current image. This was the last to be appended to the folders_used array.
    summary_arr[0] = wsi_name

    # Insert the number of classified tiles for each class
    for i in range(N_CLASSES):
        summary_arr[i + 1] = count_prediction_all_classes[i]

    # Add number of undefined classes
    summary_arr[N_CLASSES + 1] = count_prediction_undefined_class

    # Calculate elapse time for current run
    elapse_time = time.time() - current_start_time
    m, s = divmod(elapse_time, 60)
    h, m = divmod(m, 60)
    model_time = '%02d:%02d:%02d' % (h, m, s)

    # noinspection PyTypeChecker
    summary_arr[-2] = model_time
    summary_arr[-1] = PREDICT_WINDOW_SIZE

    # Append results to new list
    total_summary_array.append(summary_arr)

    # Write result to summary file
    try:
        with open(summary_path + SUMMARY_PREDICTIONS_CSV_FILE, 'a', newline='') as csvfile:
            csv_writer = csv.writer(csvfile, delimiter=';', quotechar='|', quoting=csv.QUOTE_MINIMAL)
            csv_writer.writerow(summary_arr)
    except Exception as e:
        my_functions.my_print('Error writing to file', error=True)
        my_functions.my_print(e, error=True)

    # Print report of predictions
    my_functions.my_print('')
    my_functions.my_print(csv_array)
    for item in total_summary_array:
        my_functions.my_print(item)
    my_functions.my_print('')

    # endregion

    # region CREATE HEATMAPS AND COLORMAP
    if MODEL_MAKE_HEAT_MAPS:
        my_functions.make_heatmap(current_run_path=current_run_path,
                                  METADATA_FOLDER=METADATA_FOLDER,
                                  N_CLASSES=N_CLASSES,
                                  NAME_OF_CLASSES=NAME_OF_CLASSES,
                                  MODE_TISSUE_PREDICTION_FOLDER=MODE_TISSUE_PREDICTION_FOLDER,
                                  HEAT_MAPS_FOLDER=HEAT_MAPS_FOLDER,
                                  HEATMAP_SIGMA=HEATMAP_SIGMA,
                                  HEATMAP_THRESHOLD=HEATMAP_THRESHOLD,
                                  PREDICT_WINDOW_SIZE=PREDICT_WINDOW_SIZE)

    if MODEL_MAKE_COLOR_MAP:
        my_functions.make_colormap(current_run_path=current_run_path,
                                   METADATA_FOLDER=METADATA_FOLDER,
                                   n_classes=N_CLASSES,
                                   NAME_OF_CLASSES=NAME_OF_CLASSES,
                                   threshold=HEATMAP_THRESHOLD,
                                   HEATMAP_SIGMA=HEATMAP_SIGMA,
                                   MODE_TISSUE_PREDICTION_FOLDER=MODE_TISSUE_PREDICTION_FOLDER,
                                   binary_classification=binary_classification,
                                   background_mask_resized=background_mask_resized)
    # endregion

    # region FINISH
    # Print out results
    my_functions.my_print('Finished classifying image {}/{}: {}'.format(wsi_index + 1, total_no_of_wsi, summary_arr))
    my_functions.my_print('')
    my_functions.my_print('')
    # endregion







attachments/python_files/MyFunctions.py

from xml.etree import ElementTree           # Used with XML files
import logging                              # Datalogging
import datetime                             # Time
import time                                 # Timing
import csv                                  # Creating and writing to CSV files
import os                                   # Used to check files and folders
import glob
from PIL import Image
import numpy as np
import math


# Function runs when program starts
def program_init(SUMMARY_IMAGE_FILE):
    # Check if summary directory exist, if not, create one.
    if not os.path.exists(SUMMARY_IMAGE_FILE.split('/')[0]):
        os.makedirs(SUMMARY_IMAGE_FILE.split('/')[0])

# Function that runs whenever a new image is loaded
def image_init(filename_no_extension, input_root_path, CLASS_NAME, DI_SCALE_PREPROCESSING, TRI_SCALE_PREPROCESSING,
               SAVE_DELETE_IMG, SAVE_ROOT_PATH, SAVE_FORMAT_IMAGE, MASK_ROOT_PATH):
    # Define paths
    current_image_path = '{}{}/'.format(input_root_path, filename_no_extension)
    #current_unlabelled_tiles_path = '{}{}/'.format(input_root_path, unlabelled_tiles_path)
    #current_labelled_tiles_path = '{}{}/'.format(input_root_path, labelled_tiles_path)
    #current_working_path = '{}{}/'.format(input_root_path, os.path.splitext(filename_no_extension)[0])
    #current_save_path_400x = '{}/400x/{}/{}'.format(SAVE_ROOT_PATH, filename_no_extension, CLASS_NAME)
    current_save_path_400x = '{}/400x/{}'.format(SAVE_ROOT_PATH, filename_no_extension)
    mask_save_path_fcn_400x = '{}/400x/{}'.format(MASK_ROOT_PATH, filename_no_extension)
    #current_save_path = '../Dataset/WSI_tri-scale/2_labelled_tiles/{}'.format(CLASS_NAME)
    #current_save_path_100x = '../Dataset/WSI_tri-scale/2_labelled_tiles_100x/{}'.format(CLASS_NAME)
    #current_save_path_25x = '../Dataset/WSI_tri-scale/2_labelled_tiles_25x/{}'.format(CLASS_NAME)
    #current_save_path_100x = '{}/{}/saved tiles (100x)'.format(SAVE_ROOT_PATH, filename_no_extension)
    current_save_path_100x = '{}/100x/{}/{}'.format(SAVE_ROOT_PATH, filename_no_extension, CLASS_NAME)
    #current_save_path_25x = '{}/{}/saved tiles (25x)'.format(SAVE_ROOT_PATH, filename_no_extension)
    current_save_path_25x = '{}/25x/{}/{}'.format(SAVE_ROOT_PATH, filename_no_extension, CLASS_NAME)
    current_mask_path = '{}/{}/deleted black mask tiles'.format(SAVE_ROOT_PATH, filename_no_extension)
    current_delete_path = '{}/{}/deleted background tiles'.format(SAVE_ROOT_PATH, filename_no_extension)
    current_metadata_path = "{}/{}#metadata.xml".format(current_image_path, filename_no_extension)

    # Create folders
    if SAVE_FORMAT_IMAGE is 'jpeg':
        if not os.path.exists(current_save_path_400x):
            os.makedirs(current_save_path_400x)

        if not os.path.exists(mask_save_path_fcn_400x):
            os.makedirs(mask_save_path_fcn_400x)

        if (DI_SCALE_PREPROCESSING and not os.path.exists(current_save_path_100x)) or (TRI_SCALE_PREPROCESSING and not os.path.exists(current_save_path_100x)):
            os.makedirs(current_save_path_100x)

        if TRI_SCALE_PREPROCESSING and not os.path.exists(current_save_path_25x):
            os.makedirs(current_save_path_25x)

        if SAVE_DELETE_IMG and not os.path.exists(current_mask_path):
            os.makedirs(current_mask_path)

        if SAVE_DELETE_IMG and not os.path.exists(current_delete_path):
            os.makedirs(current_delete_path)
    elif SAVE_FORMAT_IMAGE is 'coordinates':
        if not os.path.exists(SAVE_ROOT_PATH):
            os.makedirs(SAVE_ROOT_PATH)


    # Get (x_inside, y_inside) values from CSV file (if it exist)
    x_inside_400x, y_inside_400x, x_inside_100x, y_inside_100x, x_inside_25x, y_inside_25x = csv_2_dict_function(current_image_path)

    if not os.path.isfile(current_metadata_path):
        # Create XML file to store information about the image
        metadata_root = ElementTree.Element("metadata_root")
        metadata_doc = ElementTree.SubElement(metadata_root, "metadata_doc")

        # Build the XML structure
        ElementTree.SubElement(metadata_doc, "size", height="1", width="2")
        ElementTree.SubElement(metadata_doc, "x_inside", a400x=x_inside_400x, a100x=x_inside_100x, a25x=x_inside_25x)
        ElementTree.SubElement(metadata_doc, "y_inside", a400x=y_inside_400x, a100x=y_inside_100x, a25x=y_inside_25x)
        current_metadata_xmlfile = ElementTree.ElementTree(metadata_root)
        current_metadata_xmlfile.write(current_metadata_path)

    return current_image_path, current_save_path_400x, current_save_path_100x, current_save_path_25x, current_mask_path, current_delete_path, current_metadata_path, mask_save_path_fcn_400x

def readXML(path, mask_width, padding, REDUCE_TO_ONE_REGION_ONLY):
    # This function read the coordinates from the XML file created by the ImageScope SCN viewer
    # program, and returns a array list. The function is made generic and can read an
    # arbitrary number of polygons from the XML file.
    # Rune Wetteland - 09.02.2017

    # Temporary variables used in the function
    #temp1_x = []
    #temp1_y = []
    temp2_x = []
    #temp2_y = []
    dict_list = {}
    xml_liste = []

    # Parse the root of the XML file structure
    root = ElementTree.parse(path).getroot()

    # Iterate through the XML file to get the data
    for Region in root.iter('Region'):

        # Lag en ny key i dictionary for hver region
        dict_list[Region.get('Id')] = {}

        # Reset values. Viktig, for hvis ikke overskrives de samme dataene.
        temp_x = []
        temp_y = []

        for current_vertex in Region.find('Vertices'):

            if int(float(current_vertex.get('X'))) <= mask_width:
                # Sett inn i mask1
                temp_x.append(int(float(current_vertex.get('X')) + padding))
                temp_y.append(int(float(current_vertex.get('Y')) + padding))
            elif int(float(current_vertex.get('X'))) > mask_width:
                # Sett inn i mask2
                temp2_x.append(int(current_vertex.get('X')) + padding - mask_width)
                #temp2_y.append(int(current_vertex.get('Y')))

            # Legg verdiene inn i dictionary
            dict_list[Region.get('Id')]['X'] = temp_x
            dict_list[Region.get('Id')]['Y'] = temp_y

        if REDUCE_TO_ONE_REGION_ONLY:
            break

    # Konverter dictionary om til en liste. Slaar sammen X og Y koordinater til tuples.
    for list_items in dict_list.keys():
        xml_liste.append(list(zip(dict_list[list_items]['X'], dict_list[list_items]['Y'])))

    # Returner listen
    return xml_liste

def readXML_HISTOLOGY(path, mask_width, REDUCE_TO_ONE_REGION_ONLY, OFFSET_X, OFFSET_Y, current_image_400x_height, current_image_400x_width, current_image_400x_height_inner, current_image_400x_width_inner):
    # This function read the coordinates from the XML file created by the Histology webpage
    # histology.ux.uis.no, and returns a array list.
    # Temporary variables used in the function
    #temp1_x = []
    #temp1_y = []
    temp2_x = []
    #temp2_y = []
    dict_list = {}
    xml_liste = []
    current_class_id_counter = 0
    # Parse the root of the XML file structure
    root = ElementTree.parse(path).getroot()
    #print(root)
    for Region in root.iter('Region'):
        if Region.get('tags') in path.split('/'): # if current Class == same path as we're in...
            dict_list[current_class_id_counter] = {}
            temp_x = []
            temp_y = []
            for current_vertex in Region.find('Vertices'):
                px = round(int(float(current_vertex.get('X')))) - OFFSET_Y
                py = (current_image_400x_width - current_image_400x_width_inner - OFFSET_X) + current_image_400x_width_inner - round(int(float(current_vertex.get('Y'))))
                temp_x.append(px)
                temp_y.append(py)
                # if int(float(current_vertex.get('X'))) <= mask_width:
                #     # Sett inn i mask1
                #     px = round(int(float(current_vertex.get('X')))) - OFFSET_Y
                #     py = (current_image_400x_width - current_image_400x_width_inner - OFFSET_X) + current_image_400x_width_inner - round(int(float(current_vertex.get('Y'))))
                #     temp_x.append(px)
                #     temp_y.append(py)
                # elif int(float(current_vertex.get('X'))) > mask_width:
                #     # Sett inn i mask2
                #     temp2_x.append(round(int(float(current_vertex.get('X')))) - mask_width - OFFSET_Y)# - OFFSET_X)
                #     #temp2_y.append(int(current_vertex.get('Y')))

                # Legg verdiene inn i dictionary
                dict_list[current_class_id_counter]['X'] = temp_y
                dict_list[current_class_id_counter]['Y'] = temp_x
            #print(dict_list[current_class_id_counter])
            current_class_id_counter += 1
            if REDUCE_TO_ONE_REGION_ONLY:
                break

    # Konverter dictionary om til en liste. Slaar sammen X og Y koordinater til tuples.
    for list_items in dict_list.keys():
        xml_liste.append(list(zip(dict_list[list_items]['X'], dict_list[list_items]['Y'])))

    # Returner listen
    #print('XML list =',xml_liste)
    return xml_liste




def start_logging(log_path, file_name):
    # Check if directory for logs exist, if not, create one.
    if not os.path.exists(log_path):
        os.makedirs(log_path)

    # Test start time
    global start_time
    start_time = time.time()
    start_time_formatted = datetime.datetime.fromtimestamp(start_time).strftime('%Y-%m-%d %H:%M:%S')
    start_time_logger = datetime.datetime.fromtimestamp(start_time).strftime('%Y-%m-%d %H-%M-%S')

    # Create a logger
    logg_navn = '{0}{1}-{2}.log'.format(log_path, start_time_logger, file_name)
    logging.basicConfig(filename=logg_navn, level=logging.INFO)

    # Test start
    print("\n")
    print('Program started at {}'.format(start_time_formatted))
    logging.info('Program started at {}'.format(start_time_formatted))

def myPrint(msg, error=False):
    if not error:
        #logging.debug(msg)
        logging.info(msg)
        print(msg)
    else:
        logging.error(msg)
        print(msg)

def end_logging():
    end_time = time.time()
    end_time_formatted = datetime.datetime.fromtimestamp(end_time).strftime('%Y-%m-%d %H:%M:%S')
    myPrint('\t')
    myPrint("Program finished at: {}".format(end_time_formatted))
    elapse_time = end_time - start_time
    m, s = divmod(elapse_time, 60)
    h, m = divmod(m, 60)
    myPrint('Total time(H:M:S): %02d:%02d:%02d' % (h, m, s))

def tic():
    return time.time()

def toc(time_start):
    time_end = time.time() - time_start
    m, s = divmod(time_end, 60)
    total_runtime = '%02d:%02d' % (m, s)
    print(total_runtime)

def remove_white_background(input_img, PADDING_AROUND_IMG_SIZE, OVERRIDE_X_INSIDE, OVERRIDE_Y_INSIDE):
    myPrint('Starting removing white background')

    # Reset variables
    remove_rows_top = 0
    remove_rows_bottom = 0
    remove_cols_left = 0
    remove_cols_right = 0

    white_background_vector = [250, 251, 252, 253, 254, 255]

    # Search for a point within the SCN image which is not white.
    a = 10
    jump_x = [i * (input_img.width // a + 1) for i in list(range(1, a))]
    jump_y = [i * (input_img.height // a + 1) for i in list(range(1, a))]

    for curr_jmp_y in jump_y:
        for curr_jmp_x in jump_x:
            if not input_img(curr_jmp_x - 1, curr_jmp_y)[1] in white_background_vector:
                break
        if not input_img(curr_jmp_x - 1, curr_jmp_y)[1] in white_background_vector:
            break

    if OVERRIDE_X_INSIDE == 0:
        x_inside = curr_jmp_x
    else:
        x_inside = OVERRIDE_X_INSIDE

    if OVERRIDE_Y_INSIDE == 0:
        y_inside = curr_jmp_y
    else:
        y_inside = OVERRIDE_Y_INSIDE

    ##### REMOVE HORIZONTAL WHITE LINES (TOP AND DOWN)
    if input_img(x_inside, 0)[1] in white_background_vector:
        first = 0
        last = y_inside
        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            #print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(x_inside, midpoint)[1] in white_background_vector:
                # print('if statement True')
                first = midpoint + 1
            else:
                # print('if statement False')
                last = midpoint - 1
        # print('midpoint', midpoint)
        remove_rows_top = midpoint - 1
    ##### END HORIZONTAL WHITE LINES (TOP AND DOWN)
    ##### REMOVE HORIZONTAL WHITE LINES (BOTTOM AND UP)
    if input_img(x_inside, (input_img.height - 1))[1] in white_background_vector:
        # first = (current_image.height // 2) - 5000
        first = y_inside
        last = input_img.height

        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            # if current_image(((current_image.width // current_divide_constant)-(current_image.width//4)), midpoint)[1] == 255:
            if input_img(x_inside, midpoint)[1] in white_background_vector:
                # print('if statement True')
                last = midpoint - 1
            else:
                # print('if statement False')
                first = midpoint + 1

        remove_rows_bottom = midpoint
    ##### END HORIZONTAL WHITE LINES (BOTTOM AND UP)
    ##### REMOVE VERTICAL WHITE LINES (VENSTRE MOT HoYRE)
    if input_img(0, y_inside)[1] == 255:
        first = 0
        last = x_inside

        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(midpoint, y_inside)[1] == 255:
                first = midpoint + 1
            else:
                last = midpoint - 1
        remove_cols_left = midpoint - 1

    ##### END VERTICAL WHITE LINES (VENSTRE MOT HOYRE)
    ##### REMOVE VERTICAL WHITE LINES (HOYRE MOT VENSTRE)
    if input_img(input_img.width - 1, y_inside)[1] == 255:
        first = x_inside
        last = input_img.width
        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(midpoint, y_inside)[1] == 255:
                last = midpoint - 1
            else:
                first = midpoint + 1
        remove_cols_right = midpoint + 1
    ##### END VERTICAL WHITE LINES (HOYRE MOT VENSTRE)

    # Calculate new width/height of image and crop.
    if remove_rows_bottom != 0:
        # Calculate new width/height
        #new_width = ((input_img.width - remove_cols_left - (input_img.width - remove_cols_right)) // tile_size) * tile_size
        new_width = (input_img.width - remove_cols_left - (input_img.width - remove_cols_right))
        #new_height = ((input_img.height - remove_rows_top - (input_img.height - remove_rows_bottom)) // tile_size) * tile_size
        new_height = (input_img.height - remove_rows_top - (input_img.height - remove_rows_bottom))

        # Make sure that new width/height is an even number, if not remove one extra line.
        #if new_width % 2 != 0:
            #new_width -= 1

        #if new_height % 2 != 0:
            #new_height -= 1

        # Include a border around image (to extract 25x tiles later)
        remove_cols_left = remove_cols_left - PADDING_AROUND_IMG_SIZE
        remove_rows_top = remove_rows_top - PADDING_AROUND_IMG_SIZE
        new_width = new_width + 2 * PADDING_AROUND_IMG_SIZE
        new_height = new_height + 2 * PADDING_AROUND_IMG_SIZE



        #####################

        #print(remove_cols_left)
        #print(remove_rows_top)
        #exit()
        #####################



        # Remove white background around the image
        input_img = input_img.extract_area(remove_cols_left, remove_rows_top, new_width, new_height)

        # Rotate image 90 degree (necessary because aperio imagescope does this, and the region coordinates need to match)
        #input_img = input_img.rot(1)

        myPrint('Finished removing white background. New height:{}, width:{}'.format(new_height, new_width))
        return input_img, remove_cols_left, remove_rows_top
    else:
        myPrint('No white background found around image. No cropping done.')
        return input_img






def offset_calibration_routine(wsi_calibration_point_x, wsi_calibration_point_y, offset_400x_x, offset_400x_y, offset_100x_x, offset_100x_y, offset_25x_x, offset_25x_y,
                               X_scale_400x_100x, Y_scale_400x_100x, X_scale_400x_25x, Y_scale_400x_25x, current_image_400x, current_image_100x, current_image_25x,
                               metadata_path, padding):

    myPrint('Starting Offset Calibration')

    # Size of extracted window, and also line draw length
    extract_width = 300
    extract_height = 300

    # Start X,Y coordinates of extracted window
    extraxt_x_400x = int(wsi_calibration_point_x - (extract_width // 2) + offset_400x_x + padding)
    extraxt_y_400x = int(wsi_calibration_point_y - (extract_height // 2) + offset_400x_y + padding)
    extraxt_x_100x = int((wsi_calibration_point_x * X_scale_400x_100x) - (extract_width // 2) + offset_100x_x + padding)
    extraxt_y_100x = int((wsi_calibration_point_y * Y_scale_400x_100x) - (extract_height // 2) + offset_100x_y + padding)
    extraxt_x_25x = int(wsi_calibration_point_x * X_scale_400x_25x - (extract_width // 2) + offset_25x_x + padding)
    extraxt_y_25x = int(wsi_calibration_point_y * Y_scale_400x_25x - (extract_height // 2) + offset_25x_y + padding)

    # Extract tiles
    myPrint("Extracting tile from ({},{})".format((extraxt_x_400x), (extraxt_y_400x)))
    current_image_400x_tile = current_image_400x.extract_area(extraxt_x_400x, extraxt_y_400x, extract_width, extract_width)

    myPrint("Extracting tile from ({},{})".format(extraxt_x_100x, extraxt_y_100x))
    current_image_100x_tile = current_image_100x.extract_area(extraxt_x_100x, extraxt_y_100x, extract_width, extract_height)

    myPrint("Extracting tile from ({},{})".format(extraxt_x_25x, extraxt_y_25x))
    current_image_25x_tile = current_image_25x.extract_area(extraxt_x_25x, extraxt_y_25x, extract_width, extract_height)


    # Coordinate of draw line cross
    start_horizontal_x_40 = 0
    start_horizontal_y_40 = extract_height // 2
    end_horizontal_x_40 = extract_width
    end_horizontal_y_40 = extract_height // 2

    start_vertical_x_40 = extract_width // 2
    start_vertical_y_40 = 0
    end_vertical_x_40 = extract_width // 2
    end_vertical_y_40 = extract_height

    start_horizontal_x_10 = 0
    start_horizontal_y_10 = extract_height // 2
    end_horizontal_x_10 = extract_width
    end_horizontal_y_10 = extract_height // 2

    start_vertical_x_10 = extract_width // 2
    start_vertical_y_10 = 0
    end_vertical_x_10 = extract_width // 2
    end_vertical_y_10 = extract_height

    start_horizontal_x_2 = 0
    start_horizontal_y_2 = extract_height // 2
    end_horizontal_x_2 = extract_width
    end_horizontal_y_2 = extract_height // 2

    start_vertical_x_2 = extract_width // 2
    start_vertical_y_2 = 0
    end_vertical_x_2 = extract_width // 2
    end_vertical_y_2 = extract_height

    # Draw horizontal line in 400x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_horizontal_x_40, start_horizontal_y_40, end_horizontal_x_40, end_horizontal_y_40))
    current_image_400x_tile = current_image_400x_tile.draw_line(0.0, start_horizontal_x_40, start_horizontal_y_40, end_horizontal_x_40, end_horizontal_y_40)

    # Draw vertical line in 400x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_vertical_x_40, start_vertical_y_40, end_vertical_x_40, end_vertical_y_40))
    current_image_400x_tile = current_image_400x_tile.draw_line(0.0, start_vertical_x_40, start_vertical_y_40, end_vertical_x_40, end_vertical_y_40)

    # Draw horizontal line in 100x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_horizontal_x_10, start_horizontal_y_10, end_horizontal_x_10, end_horizontal_y_10))
    current_image_100x_tile = current_image_100x_tile.draw_line(0.0, start_horizontal_x_10, start_horizontal_y_10, end_horizontal_x_10, end_horizontal_y_10)

    # Draw vertical line in 100x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_vertical_x_10, start_vertical_y_10, end_vertical_x_10, end_vertical_y_10))
    current_image_100x_tile = current_image_100x_tile.draw_line(0.0, start_vertical_x_10, start_vertical_y_10, end_vertical_x_10, end_vertical_y_10)

    # Draw horizontal line in 25x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_horizontal_x_2, start_horizontal_y_2, end_horizontal_x_2, end_horizontal_y_2))
    current_image_25x_tile = current_image_25x_tile.draw_line(0.0, start_horizontal_x_2, start_horizontal_y_2, end_horizontal_x_2, end_horizontal_y_2)

    # Draw vertical line in 25x WSI cross
    myPrint("Drawing line from ({},{}) to ({},{})".format(start_vertical_x_2, start_vertical_y_2, end_vertical_x_2, end_vertical_y_2))
    current_image_25x_tile = current_image_25x_tile.draw_line(0.0, start_vertical_x_2, start_vertical_y_2, end_vertical_x_2, end_vertical_y_2)

    fileName_400x = 'Calibrate_400x#x-offset_{}#y-offset_{}.jpeg'.format(offset_400x_x, offset_400x_y)
    fileName_100x = 'Calibrate_100x#x-offset_{}#y-offset_{}.jpeg'.format(offset_100x_x, offset_100x_y)
    fileName_25x = 'Calibrate_25x#x-offset_{}#y-offset_{}.jpeg'.format(offset_25x_x, offset_25x_y)
    current_image_400x_tile.jpegsave(fileName_400x, Q=100)
    current_image_100x_tile.jpegsave(fileName_100x, Q=100)
    current_image_25x_tile.jpegsave(fileName_25x, Q=100)

    myPrint("Center point in WSI is ({},{})".format(wsi_calibration_point_x, wsi_calibration_point_y))
    myPrint("Center point in 400x is ({},{})".format(start_horizontal_x_40 + (extract_width / 2), start_horizontal_y_40 + (extract_width / 2)))
    myPrint("Center point in 100x is ({},{})".format(start_horizontal_x_10 + (extract_width / 2), start_horizontal_y_10 + (extract_width / 2)))
    myPrint("Center point in 25x is ({},{})".format(start_horizontal_x_2 + (extract_width / 2), start_horizontal_y_2 + (extract_width / 2)))

    # Save image height/width to metadata file. Parse the root of the XML file structure
    metadata_root = ElementTree.parse(metadata_path)

    # Find the correct attribute to update
    current_attribute = metadata_root.find('metadata_doc/offset')
    current_attribute.set('x_400x', str(offset_400x_x))
    current_attribute.set('y_400x', str(offset_400x_y))
    current_attribute.set('x_100x', str(offset_100x_x))
    current_attribute.set('y_100x', str(offset_100x_y))

    # Save the XML document
    metadata_root.write(metadata_path)

def csv_2_dict_function(current_image_path):
    x_inside_400x = y_inside_400x = x_inside_100x = y_inside_100x = x_inside_25x = y_inside_25x = 0

    # Search for all CSV files in dataset folder (should only be one file, containing list of labels)
    csv_label_file = [i for i in glob.glob(current_image_path + '*.csv')]

    # Check that one file was found
    if len(csv_label_file) == 1:
        # Read from CSV file
        with open(csv_label_file[0]) as csvfile:

            # Jump over first line (header info)
            next(csvfile, None)

            # Create a reader
            readCSV = csv.reader(csvfile, delimiter=';')

            # Go through each row of the file
            for row in readCSV:
                # Read values from file
                if row[0] == '400x':
                    x_inside_400x = row[1]
                    y_inside_400x = row[2]
                elif row[0] == '100x':
                    x_inside_100x = row[1]
                    y_inside_100x = row[2]
                elif row[0] == '25x':
                    x_inside_25x = row[1]
                    y_inside_25x = row[2]
                else:
                    print('No')

    return str(x_inside_400x), str(y_inside_400x), str(x_inside_100x), str(y_inside_100x), str(x_inside_25x), str(y_inside_25x)

def save_tile_coordinate(tile_dict, label, x_pos_400x, y_pos_400x, x_pos_100x, y_pos_100x, x_pos_25x, y_pos_25x, wsi_filename):
        id_number = len(tile_dict.keys())
        tile_dict[id_number] = dict()

        # Save coordinates in array (so deep learning model can extract tile directly)
        tile_dict[id_number]['path'] = wsi_filename
        tile_dict[id_number]['coordinates_400x'] = (int(x_pos_400x), int(y_pos_400x))
        tile_dict[id_number]['coordinates_100x'] = (int(x_pos_100x), int(y_pos_100x))
        tile_dict[id_number]['coordinates_25x'] = (int(x_pos_25x), int(y_pos_25x))
        tile_dict[id_number]['label'] = label

def save_tile_jpeg(tile, x_pos, y_pos, cropped_xml, magnification_scale, jpeg_save_path, wsi_filename, crop_x_min, REGION_MARGIN_SIZE):
    filename = '{}/{}#{}#{}#{}.jpg'.format(jpeg_save_path, os.path.splitext(wsi_filename)[0], int(x_pos), int(y_pos), magnification_scale)

    # Save tile
    tile.jpegsave(filename, Q=100)
    #tile.jpegsave("zz_original.jpg", Q=100)


def save_mask(mask, x_pos, y_pos, cropped_xml, magnification_scale, jpeg_save_path, wsi_filename, crop_x_min, REGION_MARGIN_SIZE):
    filename = '{}/{}#{}#{}#{}.npy'.format(jpeg_save_path, os.path.splitext(wsi_filename)[0], int(x_pos), int(y_pos), magnification_scale)

    # Save mask
    #Image.fromarray(mask).convert("L").save(filename)
    #Image.fromarray(mask).save(filename)
    #im.save(filename)
    np.save(filename, mask)

    return filename






attachments/python_files/my_functions.py

# region IMPORTS
# -------------------  My files  ---------------------
from my_constants import format_to_dtype, X_scale_400x_25x, X_scale_400x_100x, Y_scale_400x_25x, Y_scale_400x_100x, Y_scale_25x_100x, X_scale_25x_100x
# -------------------  GPU Stuff  ---------------------
from keras.preprocessing.image import ImageDataGenerator
import keras
from keras.applications.vgg16 import VGG16
from keras.applications.vgg19 import VGG19
from keras.applications.xception import Xception
from keras.applications.resnet50 import ResNet50
from keras.applications.inception_v3 import InceptionV3
from keras.applications.inception_resnet_v2 import InceptionResNetV2
from keras.models import Model
from keras.layers import Flatten
from keras.layers import Dense
from keras.layers import Conv2D
from keras.layers import Conv2DTranspose
from keras.layers import Dropout
from keras.layers import MaxPooling2D
from keras.layers import Reshape
from keras.layers import UpSampling2D
from keras.layers import Input
from keras.layers import GlobalAveragePooling2D
from keras.layers import GlobalMaxPooling2D
from keras.layers import InputSpec
from keras.engine import Layer
from keras.models import *
from keras.layers import *
from keras.callbacks import CSVLogger
from keras import backend as K
import tensorflow as tf
# -------------------  Other  ---------------------
from sklearn.metrics import confusion_matrix
from sklearn.metrics import classification_report
import skimage
from PIL import ImageFilter
import matplotlib.patches as mpatches
import random
import operator
from skimage.io import imread
from skimage.transform import resize
from skimage.morphology import remove_small_objects
from skimage.color import rgb2gray
from skimage import img_as_bool
import inspect
import platform
from shutil import copyfile
import re
import csv
import scipy
import scipy.misc
import numpy as np
import matplotlib

matplotlib.use('Agg')  # Force matplotlib to not use any Xwindows backend.
import matplotlib.pyplot as plt
import itertools
import datetime
import logging

my_logger = logging.getLogger('rune_logger')
import time
import math
import pickle
import glob
import os
from xml.etree import ElementTree

# -------------------  PyVips  ---------------------
#vipshome = 'C:/Users/2918257/Downloads/Vips/vips-dev-w64-all-8.7.3/vips-dev-8.7/bin'
vipshome = '../vips-dev-w64-all-8.9.0/vips-dev-8.9/bin'

os.environ['PATH'] = vipshome + ':' + os.environ['PATH']
# os.environ['VIPS_WARNING'] = ''
import pyvips

Vips = pyvips


# endregion


# region INIT / HELP FUNCTIONS
def init_file(SAVED_DATA_FOLDER, LOG_FOLDER, FILE_NAME, START_NEW_MODEL, CONTINUE_FROM_MODEL, METADATA_FOLDER, MODELS_CORRELATION_FOLDER):
    # Function that runs in the beginning of the program
    if START_NEW_MODEL in [True, 'True', 'true']:
        # Start a new model
        my_print('Starting new project')

        # Make a new folder to save current run inside
        current_run_path = '{}{}'.format(SAVED_DATA_FOLDER, datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d_%H-%M-%S/'))
        os.makedirs(current_run_path, exist_ok=True)

    elif START_NEW_MODEL in [False, 'False', 'false']:
        # Check to see that previous projects exists
        if os.listdir(SAVED_DATA_FOLDER).__len__() == 0:
            my_print('No previous projects found. Please start a new project by setting START_NEW_MODEL to True. Stopping program.')
            exit()
        else:
            my_print('Continue previous project')

        if CONTINUE_FROM_MODEL == 'last':
            project_list = os.listdir(SAVED_DATA_FOLDER)
            project_list.sort()
            current_run_path = '{}{}'.format(SAVED_DATA_FOLDER, project_list[-1] + '/')
        elif CONTINUE_FROM_MODEL in os.listdir(SAVED_DATA_FOLDER):
            current_run_path = '{}{}/'.format(SAVED_DATA_FOLDER, CONTINUE_FROM_MODEL)
        else:
            my_print('Project specified in CONTINUE_FROM_MODEL not found. Stopping program.')
            exit()
    else:
        my_print('Wrong format of START_NEW_MODEL. Please choose True or False. Stopping program.')
        exit()

    # Check if SAVED_DATA_FOLDER exist. If not, create one
    os.makedirs(SAVED_DATA_FOLDER, exist_ok=True)

    # Create metadata folder
    os.makedirs(current_run_path + METADATA_FOLDER, exist_ok=True)

    # Check if MODELS_CORRELATION_FOLDER exist. If not, create one
    os.makedirs(MODELS_CORRELATION_FOLDER, exist_ok=True)

    # Make a new folder for logs
    current_log_path = '{0}{1}'.format(current_run_path, LOG_FOLDER)
    os.makedirs(current_log_path, exist_ok=True)

    # Test start time
    global start_time
    start_time = time.time()
    start_time_formatted = datetime.datetime.fromtimestamp(start_time).strftime('%Y-%m-%d %H:%M:%S')
    start_time_logger = datetime.datetime.fromtimestamp(start_time).strftime('%Y-%m-%d %H-%M-%S')

    # Create a logger (logger is created in top of file (import section))
    my_logger_path = '{0}{1}-{2}.log'.format(current_log_path, start_time_logger, FILE_NAME)
    my_logger.setLevel(level=logging.DEBUG)
    fh = logging.FileHandler(my_logger_path)

    # create formatter
    # fh_formatter = logging.Formatter('%(asctime)s %(levelname)s %(lineno)d:%(filename)s(%(process)d) - %(message)s')

    # add formatter to fh
    # fh.setFormatter(fh_formatter)

    # add FileHandler to logger
    my_logger.addHandler(fh)

    # Print test start
    my_print('Program started at {}'.format(start_time_formatted))

    return current_run_path


def my_print(msg, visible=True, error=False):
    # Function that both prints a message to console and to a log file
    if not error:
        my_logger.info(msg)
        if visible:
            print(msg)
    else:
        msg = 'ERROR: {}'.format(msg)
        my_logger.error(msg)
        print(msg)


def name_of_classes(DATASET):
    # Get the name of each class (Name of each folder)
    name_of_classes = ['Background','Blood','Damaged','Muscle','Stroma','Urothelium']#os.listdir(DATASET)
    name_of_classes.sort()

    return name_of_classes


def create_keras_logger(summary_path, model_name):
    # Create a log to save epoches/accuracy/loss
    log_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    log_name = '{}{}keras_log_{}.csv'.format(summary_path, model_name, log_timestamp)
    csv_logger = CSVLogger(log_name, append=True, separator=';')

    return csv_logger


def sample_floats(low, high, k=1):
    """ Return a k-length list of unique random floats
        in the range of low <= x <= high
    """
    result = []
    seen = set()
    for i in range(k):
        x = random.uniform(low, high)
        while x in seen:
            x = random.uniform(low, high)
        seen.add(x)
        result.append(x)
    return result


def get_random_floats(low, high, N):
    # Check that user did not put in MAX value in MIN position.
    if low > high:
        temporary_value = low
        low = high
        high = temporary_value

    x = sample_floats(low, high, N)
    random.shuffle(x)
    return x


def get_random_integers(low, high, N):
    # Check that user did not put in MAX value in MIN position.
    if low > high:
        temporary_value = low
        low = high
        high = temporary_value

    x = random.sample(range(low, high), N)
    random.shuffle(x)
    return x


def get_interpolated_range(low, high, N, dtype):
    # Check that user did not put in MAX value in MIN position.
    if low > high:
        temporary_value = low
        low = high
        high = temporary_value

    x = np.linspace(low, high, num=N, endpoint=True, dtype=dtype)
    random.shuffle(x)
    return x


def image_size_factors(n):
    # When plotting the latent vector, it needs to be reshaped into a matrix, this function will find the optimal size of the matrix

    # Finds the prime factors of 'n'
    pFact, limit, check, num = [], int(math.sqrt(n)) + 1, 2, n
    if n == 1:
        return [1]
    for check in range(2, limit):
        while num % check == 0:
            pFact.append(check)
            num /= check
    if num > 1:
        pFact.append(num)

    # Calculate how to divide the array on two
    if not pFact[-1] == 2:
        length_array = (len(pFact) // 2) + 1
    else:
        length_array = (len(pFact) // 2)

    # Multiply all the factors together
    a = 1
    for i in range(length_array):
        a *= pFact[i]

    b = 1
    for i in range(length_array, len(pFact)):
        b *= pFact[i]

    return int(a), int(b)


def csv_2_dict_label_function(DATASET_ROOT, DATASET_MAIN_FOLDER_NAME, current_run_path, METADATA_PATH,
                              HNUMBER_WITH_CUSTOM_LABELS_DICT_PICKLE_FILE, label_name_to_index_dict_PICKLE_FILE):
    # Search for all CSV files in dataset folder (should only be one file, containing list of labels)

    csv_label_file = [i for i in glob.glob(DATASET_ROOT + DATASET_MAIN_FOLDER_NAME + '*.csv')]

    # Check that one file was found
    if len(csv_label_file) > 1:
        my_print('Found more than one CSV Label file in dataset folder. Stopping program.')
        exit()

    # Declare variables
    FILENAME_WITH_CUSTOM_LABELS_DICT = dict()
    label_name_to_index_dict = dict()
    # label_name_to_index_dict['Color'] = dict()
    # label_name_to_index_dict['Dot'] = dict()
    label_name_to_index_dict['WHO73'] = dict()
    label_name_to_index_dict['WHO04'] = dict()
    label_name_to_index_dict['Stage'] = dict()
    label_name_to_index_dict['Recurrence'] = dict()
    label_name_to_index_dict['Progression'] = dict()

    errors = 0
    n_rows = 0
    # dot = 0
    # color = 0
    who73 = 0
    who04 = 0
    stage = 0
    recurrence = 0
    progression = 0
    print(csv_label_file)
    # Read from CSV file
    with open(csv_label_file[0]) as csvfile:

        # Jump over first line (header info)
        next(csvfile, None)

        # Create a reader
        readCSV = csv.reader(csvfile, delimiter=';')

        # Go through each row of the file
        for row in readCSV:

            n_rows += 1
            H_number = 'H' + row[0]
            # H_number = row[0]

            # WHO73
            if row[1] == 'Grade 1':
                who73 = 0
                label_name_to_index_dict['WHO73']['Grade_1'] = who73
            elif row[1] == 'Grade 2':
                who73 = 1
                label_name_to_index_dict['WHO73']['Grade_2'] = who73
            elif row[1] == 'Grade 3':
                who73 = 2
                label_name_to_index_dict['WHO73']['Grade_3'] = who73
            else:
                errors += 1

            # WHO04
            if row[2] == 'High grade':
                who04 = 0
                label_name_to_index_dict['WHO04']['High_grade'] = who04
            elif row[2] == 'Low grade':
                who04 = 1
                label_name_to_index_dict['WHO04']['Low_grade'] = who04
            else:
                errors += 1

            # Stage
            if row[3] == 'TA':
                stage = 0
                label_name_to_index_dict['Stage']['TA'] = stage
            elif row[3] == 'T1':
                stage = 1
                label_name_to_index_dict['Stage']['T1'] = stage
            else:
                errors += 1

            # Recurrence
            if row[4] in ['NO', 'No', 'no']:
                recurrence = 0
                label_name_to_index_dict['Recurrence']['No'] = recurrence
            elif row[4] in ['YES', 'Yes', 'yes']:
                recurrence = 1
                label_name_to_index_dict['Recurrence']['Yes'] = recurrence
            else:
                errors += 1

            # Progression
            if row[5] in ['NO', 'No', 'no']:
                progression = 0
                label_name_to_index_dict['Progression']['No'] = progression
            elif row[5] in ['YES', 'Yes', 'yes']:
                progression = 1
                label_name_to_index_dict['Progression']['Yes'] = progression
            else:
                errors += 1

            # Insert values into temporary dict
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number] = {}
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['WHO73'] = who73
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['WHO04'] = who04
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['Recurrence'] = recurrence
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['Progression'] = progression
            FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['Stage'] = stage
            # FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['Color'] = color
            # FILENAME_WITH_CUSTOM_LABELS_DICT[H_number]['Dot'] = dot

    if errors > 0:
        my_print('Found {} errors in {} rows'.format(errors, n_rows))
    else:
        my_print('Saved {} rows from csv file'.format(n_rows))

    # Save dict with pickle
    pickle_writer = open(current_run_path + METADATA_PATH + HNUMBER_WITH_CUSTOM_LABELS_DICT_PICKLE_FILE, 'wb')
    pickle.dump(FILENAME_WITH_CUSTOM_LABELS_DICT, pickle_writer)
    pickle_writer.close()

    # Save dict with pickle
    pickle_writer = open(current_run_path + METADATA_PATH + label_name_to_index_dict_PICKLE_FILE, 'wb')
    pickle.dump(label_name_to_index_dict, pickle_writer)
    pickle_writer.close()


def variable_type(input_variable):
    if isinstance(input_variable, int):
        variable_type = 'int'
    elif isinstance(input_variable, float):
        variable_type = 'float'
    elif isinstance(input_variable, str):
        variable_type = 'str'
    elif isinstance(input_variable, list):
        variable_type = 'list'
    elif isinstance(input_variable, tuple):
        variable_type = 'tuple'
    elif isinstance(input_variable, dict):
        variable_type = 'dict'
    elif input_variable is None:
        variable_type = 'None'
    else:
        variable_type = 'unknown'

    if isinstance(input_variable, int):
        if isinstance(input_variable, bool):
            variable_type = 'bool'

    frame = inspect.currentframe().f_back
    s = inspect.getframeinfo(frame).code_context[0]
    variable_name = re.search(r"\((.*)\)", s).group(1)

    my_print('Variable {} is of type {}'.format(variable_name, variable_type))


def remove_white_background(input_img, PADDING, OVERRIDE_X_INSIDE, OVERRIDE_Y_INSIDE, TILE_SIZE):
    # myPrint('Starting removing white background')

    # Reset variables
    remove_rows_top = 0
    remove_rows_bottom = 0
    remove_cols_left = 0
    remove_cols_right = 0

    white_background_vector = [250, 251, 252, 253, 254, 255]

    # Search for a point within the SCN image which is not white.
    a = 10
    jump_x = [i * (input_img.width // a + 1) for i in list(range(1, a))]
    jump_y = [i * (input_img.height // a + 1) for i in list(range(1, a))]

    for curr_jmp_y in jump_y:
        for curr_jmp_x in jump_x:
            if not input_img(curr_jmp_x - 1, curr_jmp_y)[1] in white_background_vector:
                break
        if not input_img(curr_jmp_x - 1, curr_jmp_y)[1] in white_background_vector:
            break

    if OVERRIDE_X_INSIDE == 0:
        x_inside = curr_jmp_x
    else:
        x_inside = OVERRIDE_X_INSIDE

    if OVERRIDE_Y_INSIDE == 0:
        y_inside = curr_jmp_y
    else:
        y_inside = OVERRIDE_Y_INSIDE

    ##### REMOVE HORIZONTAL WHITE LINES (TOP AND DOWN)
    if input_img(x_inside, 0)[1] in white_background_vector:
        first = 0
        last = y_inside
        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # my_functions.my_print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(x_inside, midpoint)[1] in white_background_vector:
                # my_functions.my_print('if statement True')
                first = midpoint + 1
            else:
                # my_functions.my_print('if statement False')
                last = midpoint - 1
        # my_functions.my_print('midpoint', midpoint)
        remove_rows_top = midpoint - 1
    ##### END HORIZONTAL WHITE LINES (TOP AND DOWN)
    ##### REMOVE HORIZONTAL WHITE LINES (BOTTOM AND UP)
    if input_img(x_inside, (input_img.height - 1))[1] in white_background_vector:
        # first = (current_image.height // 2) - 5000
        first = y_inside
        last = input_img.height

        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # my_functions.my_print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            # if current_image(((current_image.width // current_divide_constant)-(current_image.width//4)), midpoint)[1] == 255:
            if input_img(x_inside, midpoint)[1] in white_background_vector:
                # my_functions.my_print('if statement True')
                last = midpoint - 1
            else:
                # my_functions.my_print('if statement False')
                first = midpoint + 1

        remove_rows_bottom = midpoint
    ##### END HORIZONTAL WHITE LINES (BOTTOM AND UP)
    ##### REMOVE VERTICAL WHITE LINES (VENSTRE MOT HoYRE)
    if input_img(0, y_inside)[1] == 255:
        first = 0
        last = x_inside

        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # my_functions.my_print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(midpoint, y_inside)[1] == 255:
                first = midpoint + 1
            else:
                last = midpoint - 1
        remove_cols_left = midpoint - 1

    ##### END VERTICAL WHITE LINES (VENSTRE MOT HOYRE)
    ##### REMOVE VERTICAL WHITE LINES (HOYRE MOT VENSTRE)
    if input_img(input_img.width - 1, y_inside)[1] == 255:
        first = x_inside
        last = input_img.width
        while first <= last:
            midpoint = (first + last) // 2  # Using floor division
            # my_functions.my_print('first {}, midpoint {}, last {}'.format(first, midpoint, last))
            if input_img(midpoint, y_inside)[1] == 255:
                last = midpoint - 1
            else:
                first = midpoint + 1
        remove_cols_right = midpoint + 1
    ##### END VERTICAL WHITE LINES (HOYRE MOT VENSTRE)

    # Calculate new width/height of image and crop.
    if remove_rows_bottom != 0:
        # Calculate new width/height
        # new_width = ((input_img.width - remove_cols_left - (input_img.width - remove_cols_right)) // TILE_SIZE) * TILE_SIZE
        new_width = (input_img.width - remove_cols_left - (input_img.width - remove_cols_right))
        # new_height = ((input_img.height - remove_rows_top - (input_img.height - remove_rows_bottom)) // TILE_SIZE) * TILE_SIZE
        new_height = (input_img.height - remove_rows_top - (input_img.height - remove_rows_bottom))

        # Make sure that n tiles fit in the new width/height. This trims off some pixles on the edges.
        new_width = (new_width // TILE_SIZE) * TILE_SIZE
        new_height = (new_height // TILE_SIZE) * TILE_SIZE

        # Make sure that new width/height is an even number, if not remove one extra line.
        # if new_width % 2 != 0:
        # new_width -= 1

        # if new_height % 2 != 0:
        # new_height -= 1

        # Include a border around image (to extract 25x tiles later)
        remove_cols_left = remove_cols_left - PADDING
        remove_rows_top = remove_rows_top - PADDING
        new_width = new_width + 2 * PADDING
        new_height = new_height + 2 * PADDING

        # Remove white background around the image
        # input_img = input_img.extract_area(remove_cols_left, remove_rows_top, new_width, new_height)

        # fileName = 'testimg.jpeg'
        # input_img.jpegsave(fileName, Q=100)

        # Rotate image 90 degree
        # input_img = input_img.rot(1)

        # myPrint('Finished removing white background. New heigth:{}, width:{}'.format(new_height, new_width))
        return remove_cols_left, remove_rows_top, new_width, new_height


def give_color_to_seg_img(current_mask, n_classes):
    '''
    current_mask : (input_width,input_height,3)
    '''

    if len(current_mask.shape) == 3:
        current_mask = current_mask[:, :, 0]
    seg_img = np.zeros((current_mask.shape[0], current_mask.shape[1], 3)).astype('float')

    # colors = sns.color_palette("hls", n_classes)
    colors = [(0.86, 0.3712, 0.33999999999999997), (0.86, 0.6312, 0.33999999999999997), (0.8287999999999999, 0.86, 0.33999999999999997),
              (0.5688000000000001, 0.86, 0.33999999999999997),
              (0.33999999999999997, 0.86, 0.3712), (0.33999999999999997, 0.86, 0.6312), (0.33999999999999997, 0.8287999999999999, 0.86),
              (0.33999999999999997, 0.5688000000000001, 0.86),
              (0.3712, 0.33999999999999997, 0.86), (0.6311999999999998, 0.33999999999999997, 0.86), (0.86, 0.33999999999999997, 0.8287999999999999),
              (0.86, 0.33999999999999997, 0.5688000000000001)]

    for c in range(n_classes):
        segc = (current_mask == c)
        seg_img[:, :, 0] += (segc * (colors[c][0]))
        seg_img[:, :, 1] += (segc * (colors[c][1]))
        seg_img[:, :, 2] += (segc * (colors[c][2]))

    return seg_img


def IoU(y_true, y_pred):
    ## mean Intersection over Union
    ## Mean IoU = TP/(FN + TP + FP)

    IoUs = []
    Nclass = int(np.max(y_true)) + 1
    for c in range(Nclass):
        TP = np.sum((y_true == c) & (y_pred == c))
        FP = np.sum((y_true != c) & (y_pred == c))
        FN = np.sum((y_true == c) & (y_pred != c))
        IoU = TP / float(TP + FP + FN)
        # my_functions.my_print("class {:02.0f}: #TP={:6.0f}, #FP={:6.0f}, #FN={:5.0f}, IoU={:4.3f}".format(c, TP, FP, FN, IoU))
        IoUs.append(IoU)
    mIoU = np.mean(IoUs)
    # my_functions.my_print("_________________")
    # my_functions.my_print("Mean IoU: {:4.3f}".format(mIoU))
    return mIoU


def create_wsi_binary_mask(wsi_path, TILE_SIZE, override_predict_region, x_pos_min, y_pos_min, x_pos_max, y_pos_max,
                           current_scale_to_use, region_width, region_height):
    my_print('Creating binary background mask.')

    # Load image
    full_image_25x = Vips.Image.new_from_file(wsi_path, level=2).flatten().rot(1)

    # Remove white background
    scn_offset_x, scn_offset_y, scn_width, scn_height = remove_white_background(input_img=full_image_25x,
                                                                                PADDING=0,
                                                                                OVERRIDE_X_INSIDE=0,
                                                                                OVERRIDE_Y_INSIDE=0,
                                                                                TILE_SIZE=TILE_SIZE)

    if override_predict_region:

        # 400x region config
        if (current_scale_to_use == '400x') or (current_scale_to_use[1] == '400x') or (current_scale_to_use == ['25x', '100x', '400x']):
            region_width_400x = region_width
            region_height_400x = region_height

            region_400x_centre_x = (x_pos_min + region_width_400x / 2)
            region_400x_centre_y = (y_pos_min + region_height_400x / 2)

            region_25x_centre_x = region_400x_centre_x * X_scale_400x_25x
            region_25x_centre_y = region_400x_centre_y * Y_scale_400x_25x

            region_width_25x = region_width_400x * X_scale_400x_25x
            region_height_25x = region_height_400x * Y_scale_400x_25x

            region_25x_start_x = region_25x_centre_x - region_width_25x / 2
            region_25x_start_y = region_25x_centre_y - region_height_25x / 2

            current_image = full_image_25x.extract_area(scn_offset_x + region_25x_start_x,
                                                        scn_offset_y + region_25x_start_y,
                                                        region_width_25x,
                                                        region_height_25x)

            my_print('Background mask coordinates: x: {}. y: {}'.format(x_pos_min * X_scale_400x_25x, y_pos_min * Y_scale_400x_25x))
        # 100x region config
        elif (current_scale_to_use == '100x') or (current_scale_to_use[1] == '100x'):
            region_width_100x = region_width
            region_height_100x = region_height

            region_100x_centre_x = (x_pos_min + region_width_100x / 2)
            region_100x_centre_y = (y_pos_min + region_height_100x / 2)

            region_25x_centre_x = region_100x_centre_x * X_scale_25x_100x
            region_25x_centre_y = region_100x_centre_y * Y_scale_25x_100x

            region_width_25x = region_width_100x * X_scale_25x_100x
            region_height_25x = region_height_100x * Y_scale_25x_100x

            region_25x_start_x = region_25x_centre_x - region_width_25x / 2
            region_25x_start_y = region_25x_centre_y - region_height_25x / 2

            current_image = full_image_25x.extract_area(scn_offset_x + region_25x_start_x,
                                                        scn_offset_y + region_25x_start_y,
                                                        region_width_25x,
                                                        region_height_25x)
            my_print('Background mask coordinates: x: {}. y: {}'.format(x_pos_min * X_scale_400x_100x, y_pos_min * Y_scale_400x_100x))
        # 25x region config
        elif current_scale_to_use == '25x':
            region_width_25x = region_width
            region_height_25x = region_height

            # region_100x_centre_x = (x_pos_min + region_width_25x / 2)
            # region_100x_centre_y = (y_pos_min + region_height_25x / 2)
            #
            # region_25x_centre_x = region_100x_centre_x * X_scale_25x_100x
            # region_25x_centre_y = region_100x_centre_y * Y_scale_25x_100x
            #
            # region_width_25x = region_width_100x * X_scale_25x_100x
            # region_height_25x = region_height_100x * Y_scale_25x_100x
            #
            # region_25x_start_x = region_25x_centre_x - region_width_25x / 2
            # region_25x_start_y = region_25x_centre_y - region_height_25x / 2

            current_image = full_image_25x.extract_area(scn_offset_x + x_pos_min,
                                                        scn_offset_y + y_pos_min,
                                                        region_width_25x,
                                                        region_height_25x)
            my_print('Background mask coordinates: x:{}, y:{}'.format(x_pos_min, y_pos_min))

        # if current_scale_to_use == '25x':
        #     current_image = current_image.extract_area(x_pos_min,
        #                                                y_pos_min,
        #                                                ((x_pos_max + TILE_SIZE) - (x_pos_min)),
        #                                                ((y_pos_max + TILE_SIZE) - (y_pos_min)))
        # elif (current_scale_to_use[0] == '25x' and current_scale_to_use[1] == '100x' and current_scale_to_use[2] == None) or current_scale_to_use == '100x':
        #     current_image = current_image.extract_area(x_pos_min * X_scale_25x_100x,
        #                                                y_pos_min * Y_scale_25x_100x,
        #                                                ((x_pos_max+TILE_SIZE) * X_scale_25x_100x - x_pos_min * X_scale_25x_100x),
        #                                                ((y_pos_max+TILE_SIZE) * Y_scale_25x_100x - y_pos_min * Y_scale_25x_100x))
        # else:
        #     current_image = current_image.extract_area(x_pos_min * X_scale_400x_25x,
        #                                                y_pos_min * Y_scale_400x_25x,
        #                                                ((x_pos_max+TILE_SIZE) * X_scale_400x_25x - (x_pos_min * X_scale_400x_25x)),
        #                                                ((y_pos_max+TILE_SIZE) * Y_scale_400x_25x - (y_pos_min * Y_scale_400x_25x)))
    else:
        # Remove white background around the image
        current_image = full_image_25x.extract_area(scn_offset_x, scn_offset_y, scn_width, scn_height)

    # TESTING
    # current_image_25x = current_image_25x.extract_area(1880, 540, 32, 32) # tissue
    # current_image_25x = current_image_25x.extract_area(1707, 577, 25, 25) # vanskelig bakgrunn
    # current_image_25x = current_image_25x.extract_area(1660, 680, 64, 64)  # bakgrunn
    # overview_filename = '{}/{}#overview.jpeg'.format(wsi_folder, wsi_name)
    # current_image_25x.jpegsave(overview_filename, Q=100)

    # Write tile to memory and convert to numpy array
    tile_numpy = np.ndarray(buffer=current_image.write_to_memory(),
                            dtype=format_to_dtype[current_image.format],
                            shape=[current_image.height, current_image.width, current_image.bands])

    # Create a blank mask
    current_tile_mask = np.zeros(shape=(current_image.height, current_image.width))

    # Go through each pixel of tile, and set class in mask
    for row_pixel in range(0, current_image.height):
        for column_pixel in range(0, current_image.width):
            # Background
            if tile_numpy[row_pixel][column_pixel][1] > 195:
                current_tile_mask[row_pixel, column_pixel] = 0
            # Everything else (current class)
            else:
                current_tile_mask[row_pixel, column_pixel] = 1

    return current_tile_mask


def save_tile_coordinate(tile_dict, tissue_type, x_pos_400x, y_pos_400x, x_pos_100x, y_pos_100x, x_pos_25x, y_pos_25x, wsi_filename, probability):
    id_number = len(tile_dict.keys())
    tile_dict[id_number] = dict()

    # Save coordinates in array (so deep learning model can extract tile directly)
    tile_dict[id_number]['path'] = wsi_filename
    tile_dict[id_number]['coordinates_400x'] = (int(x_pos_400x), int(y_pos_400x))
    tile_dict[id_number]['coordinates_100x'] = (int(x_pos_100x), int(y_pos_100x))
    tile_dict[id_number]['coordinates_25x'] = (int(x_pos_25x), int(y_pos_25x))
    tile_dict[id_number]['tissue_type'] = tissue_type
    tile_dict[id_number]['probability'] = probability

def pickle_load(path):
    # pickle_reader = open(path, 'rb')
    # output = pickle.load(pickle_reader)
    # pickle_reader.close()
    with open(path, 'rb') as handle:
        output = pickle.load(handle)
    return output

def pickle_save(variable_to_save, path):
    # pickle_writer = open(path, 'wb')
    # pickle.dump(variable_to_save, pickle_writer)
    # pickle_writer.close()
    with open(path, 'wb') as handle:
        pickle.dump(variable_to_save, handle, protocol=pickle.HIGHEST_PROTOCOL)

# endregion


# region DATASET
def mode_0_unlabelled_generator(path, img_width, img_height, color_mode, batch_size, TRAIN_VALIDATION_SPLIT, shuffle):
    # Check if dataset folder exist
    if not os.path.isdir(path):
        my_print('Dataset folder: {}'.format(path), error=True)
        my_print('No dataset folder found. stopping program', error=True)
        exit()

    my_unlabelled_datagen = ImageDataGenerator(
        featurewise_center=False,
        samplewise_center=False,
        featurewise_std_normalization=False,
        samplewise_std_normalization=False,
        zca_whitening=False,
        zca_epsilon=1e-06,
        rotation_range=0.0,
        width_shift_range=0.0,
        height_shift_range=0.0,
        brightness_range=None,
        shear_range=0.0,
        zoom_range=0.0,
        channel_shift_range=0.0,
        fill_mode='nearest',
        cval=0.0,
        horizontal_flip=False,
        vertical_flip=False,
        rescale=None,
        preprocessing_function=None,
        data_format=None,
        validation_split=TRAIN_VALIDATION_SPLIT)

    my_print('Unlabelled training data:')

    train_generator = my_unlabelled_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=None,
        class_mode=None,
        batch_size=batch_size,
        shuffle=shuffle,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset='training',
        interpolation='nearest')

    my_print('Unlabelled verification data:')

    validation_generator = my_unlabelled_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=None,
        class_mode=None,
        batch_size=batch_size,
        shuffle=shuffle,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset='validation',
        interpolation='nearest')

    # Get size of datasets
    train_dataset_size = train_generator.n
    validation_dataset_size = validation_generator.n

    return train_generator, validation_generator, train_dataset_size, validation_dataset_size


def mode_0_example_images_generator(path, img_width, img_height, color_mode, name_of_classes):
    # Check if dataset folder exist
    if not os.path.isdir(path):
        my_print('Dataset folder: {}'.format(path), error=True)
        my_print('No dataset folder found. stopping program', error=True)
        exit()

    # Check that folder contains only 10 images.
    n = 0
    for folder in os.listdir(path):
        n += len(os.listdir(path + folder))

    assert n == 10, 'Wrong number of plot images in folder. Make sure the folder contains 10 images.'

    my_example_datagen = ImageDataGenerator(
        featurewise_center=False,
        samplewise_center=False,
        featurewise_std_normalization=False,
        samplewise_std_normalization=False,
        zca_whitening=False,
        zca_epsilon=1e-06,
        rotation_range=0.0,
        width_shift_range=0.0,
        height_shift_range=0.0,
        brightness_range=None,
        shear_range=0.0,
        zoom_range=0.0,
        channel_shift_range=0.0,
        fill_mode='nearest',
        cval=0.0,
        horizontal_flip=False,
        vertical_flip=False,
        rescale=None,
        preprocessing_function=None,
        data_format=None,
        validation_split=None)

    my_print('Plot images:')

    example_generator = my_example_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=name_of_classes,
        class_mode='categorical',
        batch_size=10,
        shuffle=False,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset=None,
        interpolation='nearest')

    return example_generator


def mode_1_labelled_generator(path, img_width, img_height, color_mode, batch_size, shuffle, NAME_OF_CLASSES, TRAIN_VALIDATION_SPLIT):
    # Check if dataset folder exist
    if not os.path.isdir(path):
        my_print('Dataset folder: {}'.format(path), error=True)
        my_print('No dataset folder found. stopping program', error=True)
        exit()

    my_labelled_datagen = ImageDataGenerator(
        featurewise_center=False,
        samplewise_center=False,
        featurewise_std_normalization=False,
        samplewise_std_normalization=False,
        zca_whitening=False,
        zca_epsilon=1e-06,
        rotation_range=0.0,
        width_shift_range=0.0,
        height_shift_range=0.0,
        brightness_range=None,
        shear_range=0.0,
        zoom_range=0.0,
        channel_shift_range=0.0,
        fill_mode='nearest',
        cval=0.0,
        horizontal_flip=False,
        vertical_flip=False,
        rescale=None,
        preprocessing_function=None,
        data_format=None,
        validation_split=TRAIN_VALIDATION_SPLIT)

    my_print('Labelled training data:')

    train_generator = my_labelled_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=NAME_OF_CLASSES,
        class_mode='categorical',
        batch_size=batch_size,
        shuffle=shuffle,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset='training',
        interpolation='nearest')

    my_print('Labelled verification data:')

    validation_generator = my_labelled_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=NAME_OF_CLASSES,
        class_mode='categorical',
        batch_size=batch_size,
        shuffle=shuffle,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset='validation',
        interpolation='nearest')

    # Get size of datasets
    train_dataset_size = train_generator.n
    validation_dataset_size = validation_generator.n

    return train_generator, validation_generator, train_dataset_size, validation_dataset_size


class mode_2_mono_tiles_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(img_files_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Read image
            img_400x = skimage.io.imread(img_file_400x)

            # my_functions.my_print(img_400x)

            X_img_400x.append(img_400x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        return X_400x, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2_mono_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, test_flag, TILE_SIZE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        # self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.test_flag = test_flag
        self.tile_size = TILE_SIZE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.tile_dicts) / self.batch_size))
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(tile_dicts_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image
            # full_image_400x = Vips.Image.new_from_file(tile_dict[1]['path'], level=0)
            full_image_400x = Vips.Image.new_from_file(tile_dict[1]['path'])
            # full_image_400x = full_image_400x.flatten()

            # Extract tile
            tile_400x = full_image_400x.extract_area(tile_dict[1]['coordinates'][0], tile_dict[1]['coordinates'][1], self.tile_size, self.tile_size)

            # Write tile to memory and convert to numpy array
            tile_400x_numpy = np.ndarray(buffer=tile_400x.write_to_memory(),
                                         dtype=format_to_dtype[tile_400x.format],
                                         shape=[tile_400x.height, tile_400x.width, tile_400x.bands])

            X_img_400x.append(tile_400x_numpy)
            if tile_dict[1]['label'] == 'normal':
                y[i] = 0
            else:
                y[i] = 1

        X_400x = np.array(X_img_400x)
        return X_400x, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2_example_mono_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        X, y = self.__data_generation(img_files_temp)

        return X, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file in enumerate(img_files_temp):
            # Read image
            img = skimage.io.imread(img_file)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img.append(img)
            y[i] = self.labels[img_file]

        X = np.array(X_img)
        return X, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2b_tissue_labelled_di_cv_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle, WHICH_SCALE_TO_USE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.which_scale_to_use = WHICH_SCALE_TO_USE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_one, X_two], y = self.__data_generation(img_files_temp)

        return [X_one, X_two], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_one = []
        X_img_two = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_one in enumerate(img_files_temp):
            # Create filepath for 100x images
            img_file_two = img_file_one.replace(str(self.which_scale_to_use[0]), str(self.which_scale_to_use[1]))

            # Read image
            img_one = skimage.io.imread(img_file_one)
            img_two = skimage.io.imread(img_file_two)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_one.append(img_one)
            X_img_two.append(img_two)
            y[i] = self.labels[img_file_one]

        X_one = np.array(X_img_one)
        X_two = np.array(X_img_two)
        return [X_one, X_two], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2b_tissue_labelled_tri_cv_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle, WHICH_SCALE_TO_USE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.which_scale_to_use = WHICH_SCALE_TO_USE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_one, X_two, X_three], y = self.__data_generation(img_files_temp)

        return [X_one, X_two, X_three], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_one = []
        X_img_two = []
        X_img_three = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_one in enumerate(img_files_temp):
            # Create filepath for 100x images
            img_file_two = img_file_one.replace("400x", "100x")
            img_file_three = img_file_one.replace("400x", "25x")

            # Read image
            img_one = skimage.io.imread(img_file_one)
            img_two = skimage.io.imread(img_file_two)
            img_three = skimage.io.imread(img_file_three)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_one.append(img_one)
            X_img_two.append(img_two)
            X_img_three.append(img_three)
            y[i] = self.labels[img_file_one]

        X_one = np.array(X_img_one)
        X_two = np.array(X_img_two)
        X_three = np.array(X_img_three)
        return [X_one, X_two, X_three], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2b_mono_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.TILE_SIZE = TILE_SIZE
        # self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.on_epoch_end()

        if which_scale_to_use == '400x':
            self.img_one_level = 0
            self.coordinate_scale = 'coordinates_400x'
        elif which_scale_to_use == '100x':
            self.img_one_level = 1
            self.coordinate_scale = 'coordinates_100x'
        elif which_scale_to_use == '25x':
            self.img_one_level = 2
            self.coordinate_scale = 'coordinates_25x'

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(tile_dicts_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate 90 degree so that the coordinated line up correctly
            full_image = Vips.Image.new_from_file(tile_dict['path'], level=self.img_one_level).flatten().rot(1)

            # Extract tile
            tile = full_image.extract_area(tile_dict[self.coordinate_scale][0], tile_dict[self.coordinate_scale][1], self.TILE_SIZE, self.TILE_SIZE)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile = tile.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile = tile.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile = tile.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile = tile.rot(1)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile = tile.rot(3)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile = tile.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile = tile.rot(2)
                tile = tile.flip(1)

            # Write tile to memory and convert to numpy array
            tile_numpy = np.ndarray(buffer=tile.write_to_memory(),
                                    dtype=format_to_dtype[tile.format],
                                    shape=[tile.height, tile.width, tile.bands])

            X_img.append(tile_numpy)
            y[i] = self.name_of_classes.index(tile_dict['label'])
        X_tile_array = np.array(X_img)
        return X_tile_array, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2b_di_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.on_epoch_end()

        if which_scale_to_use[0] == '400x':
            self.img_one_level = 0
            self.coordinate_one_scale = 'coordinates_400x'
        elif which_scale_to_use[0] == '100x':
            self.img_one_level = 1
            self.coordinate_one_scale = 'coordinates_100x'
        elif which_scale_to_use[0] == '25x':
            self.img_one_level = 2
            self.coordinate_one_scale = 'coordinates_25x'

        if which_scale_to_use[1] == '400x':
            self.img_two_level = 0
            self.coordinate_two_scale = 'coordinates_400x'
        elif which_scale_to_use[1] == '100x':
            self.img_two_level = 1
            self.coordinate_two_scale = 'coordinates_100x'
        elif which_scale_to_use[1] == '25x':
            self.img_two_level = 2
            self.coordinate_two_scale = 'coordinates_25x'

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        [X_one, X_two], y = self.__data_generation(tile_dicts_temp)

        return [X_one, X_two], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img_one = []
        X_img_two = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate image 90 degree so that the coordinated line up correctly
            full_image_one = Vips.Image.new_from_file(tile_dict['path'], level=self.img_one_level).flatten().rot(1)
            full_image_two = Vips.Image.new_from_file(tile_dict['path'], level=self.img_two_level).flatten().rot(1)

            # Extract tile
            tile_one = full_image_one.extract_area(tile_dict[self.coordinate_one_scale][0], tile_dict[self.coordinate_one_scale][1], self.tile_size, self.tile_size)
            tile_two = full_image_two.extract_area(tile_dict[self.coordinate_two_scale][0], tile_dict[self.coordinate_two_scale][1], self.tile_size, self.tile_size)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile_one = tile_one.rot(1)
                tile_two = tile_two.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile_one = tile_one.rot(2)
                tile_two = tile_two.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile_one = tile_one.rot(3)
                tile_two = tile_two.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile_one = tile_one.rot(1)
                tile_one = tile_one.flip(0)

                tile_two = tile_two.rot(1)
                tile_two = tile_two.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile_one = tile_one.rot(3)
                tile_one = tile_one.flip(0)

                tile_two = tile_two.rot(3)
                tile_two = tile_two.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile_one = tile_one.flip(1)
                tile_two = tile_two.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile_one = tile_one.rot(2)
                tile_one = tile_one.flip(1)

                tile_two = tile_two.rot(2)
                tile_two = tile_two.flip(1)

            # Write tile to memory and convert to numpy array
            X_img_one.append(np.ndarray(buffer=tile_one.write_to_memory(),
                                        dtype=format_to_dtype[tile_one.format],
                                        shape=[tile_one.height, tile_one.width, tile_one.bands]))

            # Write tile to memory and convert to numpy array
            X_img_two.append(np.ndarray(buffer=tile_two.write_to_memory(),
                                        dtype=format_to_dtype[tile_two.format],
                                        shape=[tile_two.height, tile_two.width, tile_two.bands]))

            y[i] = self.name_of_classes.index(tile_dict['label'])

        X_tile_one_array = np.array(X_img_one)
        X_tile_two_array = np.array(X_img_two)
        return [X_tile_one_array, X_tile_two_array], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_2b_tri_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        [X_one, X_two, X_three], y = self.__data_generation(tile_dicts_temp)

        return [X_one, X_two, X_three], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate image 90 degree so that the coordinated line up correctly
            full_image_400x = Vips.Image.new_from_file(tile_dict['path'], level=0).flatten().rot(1)
            full_image_100x = Vips.Image.new_from_file(tile_dict['path'], level=1).flatten().rot(1)
            full_image_25x = Vips.Image.new_from_file(tile_dict['path'], level=2).flatten().rot(1)

            # Extract tile
            tile_400x = full_image_400x.extract_area(tile_dict['coordinates_400x'][0], tile_dict['coordinates_400x'][1], self.tile_size, self.tile_size)
            tile_100x = full_image_100x.extract_area(tile_dict['coordinates_100x'][0], tile_dict['coordinates_100x'][1], self.tile_size, self.tile_size)
            tile_25x = full_image_25x.extract_area(tile_dict['coordinates_25x'][0], tile_dict['coordinates_25x'][1], self.tile_size, self.tile_size)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile_400x = tile_400x.rot(1)
                tile_100x = tile_100x.rot(1)
                tile_25x = tile_25x.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile_400x = tile_400x.rot(2)
                tile_100x = tile_100x.rot(2)
                tile_25x = tile_25x.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile_400x = tile_400x.rot(3)
                tile_100x = tile_100x.rot(3)
                tile_25x = tile_25x.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile_400x = tile_400x.rot(1)
                tile_400x = tile_400x.flip(0)

                tile_100x = tile_100x.rot(1)
                tile_100x = tile_100x.flip(0)

                tile_25x = tile_25x.rot(1)
                tile_25x = tile_25x.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile_400x = tile_400x.rot(3)
                tile_400x = tile_400x.flip(0)

                tile_100x = tile_100x.rot(3)
                tile_100x = tile_100x.flip(0)

                tile_25x = tile_25x.rot(3)
                tile_25x = tile_25x.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile_400x = tile_400x.flip(1)
                tile_100x = tile_100x.flip(1)
                tile_25x = tile_25x.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile_400x = tile_400x.rot(2)
                tile_400x = tile_400x.flip(1)

                tile_100x = tile_100x.rot(2)
                tile_100x = tile_100x.flip(1)

                tile_25x = tile_25x.rot(2)
                tile_25x = tile_25x.flip(1)

            # Write tile to memory and convert to numpy array
            X_img_400x.append(np.ndarray(buffer=tile_400x.write_to_memory(),
                                         dtype=format_to_dtype[tile_400x.format],
                                         shape=[tile_400x.height, tile_400x.width, tile_400x.bands]))

            X_img_100x.append(np.ndarray(buffer=tile_100x.write_to_memory(),
                                         dtype=format_to_dtype[tile_100x.format],
                                         shape=[tile_100x.height, tile_100x.width, tile_100x.bands]))

            X_img_25x.append(np.ndarray(buffer=tile_25x.write_to_memory(),
                                        dtype=format_to_dtype[tile_25x.format],
                                        shape=[tile_25x.height, tile_25x.width, tile_25x.bands]))

            y[i] = self.name_of_classes.index(tile_dict['label'])

        X_tile_400x_array = np.array(X_img_400x)
        X_tile_100x_array = np.array(X_img_100x)
        X_tile_25x_array = np.array(X_img_25x)
        return [X_tile_400x_array, X_tile_100x_array, X_tile_25x_array], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_3_di_tiles_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle, test_flag):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.test_flag = test_flag
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):

            # Create filepath for 100x images
            if self.test_flag is False:
                img_file_100x = img_file_400x.replace("2_labelled_tiles_400x", "2_labelled_tiles_100x")
                # img_file_25x = img_file_400x.replace("2_labelled_tiles_400x", "2_labelled_tiles_25x")
            elif self.test_flag is True:
                img_file_100x = img_file_400x.replace("3_test_tiles_400x", "3_test_tiles_100x")
                # img_file_25x = img_file_400x.replace("3_test_tiles_400x", "3_test_tiles_25x")

            # Replace filename
            img_file_100x = img_file_100x.replace("40x", "10x")
            # img_file_25x = img_file_25x.replace("40x", "2x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)
            # img_25x = skimage.io.imread(img_file_25x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        return [X_400x, X_100x], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_3_example_di_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Get file paths
            img_file_100x = img_file_400x.replace("400x", "100x")
            img_file_100x = img_file_100x.replace("40x", "10x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        return [X_400x, X_100x], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_4_tri_tiles_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle, test_flag):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.test_flag = test_flag
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x, X_25x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x, X_25x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file in enumerate(img_files_temp):

            # Create filepath for 25x and 100x images
            if self.test_flag is False:
                img_file_100x = img_file.replace("2_labelled_tiles_400x", "2_labelled_tiles_100x")
                img_file_25x = img_file.replace("2_labelled_tiles_400x", "2_labelled_tiles_25x")
            elif self.test_flag is True:
                img_file_100x = img_file.replace("3_test_tiles_400x", "3_test_tiles_100x")
                img_file_25x = img_file.replace("3_test_tiles_400x", "3_test_tiles_25x")

            img_file_100x = img_file_100x.replace("40x", "10x")
            img_file_25x = img_file_25x.replace("40x", "2x")

            # Read image
            img_400x = skimage.io.imread(img_file)
            img_100x = skimage.io.imread(img_file_100x)
            img_25x = skimage.io.imread(img_file_25x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            X_img_25x.append(img_25x)
            y[i] = self.labels[img_file]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        X_25x = np.array(X_img_25x)
        return [X_400x, X_100x, X_25x], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_4_example_tri_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x, X_25x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x, X_25x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Get file paths
            img_file_100x = img_file_400x.replace("400x", "100x")
            img_file_25x = img_file_400x.replace("400x", "25x")

            img_file_100x = img_file_100x.replace("40x", "10x")
            img_file_25x = img_file_25x.replace("40x", "2x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)
            img_25x = skimage.io.imread(img_file_25x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            X_img_25x.append(img_25x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        X_25x = np.array(X_img_25x)
        return [X_400x, X_100x, X_25x], keras.utils.to_categorical(y, num_classes=self.n_classes)


def mode_5_test_generator(path, img_width, img_height, color_mode, batch_size, shuffle, NAME_OF_CLASSES):
    my_print('')
    # Check if dataset folder exist
    if not os.path.isdir(path):
        my_print('Dataset folder: {}'.format(path), error=True)
        my_print('No dataset folder found. stopping program', error=True)
        exit()

    my_labelled_datagen = ImageDataGenerator(
        featurewise_center=False,
        samplewise_center=False,
        featurewise_std_normalization=False,
        samplewise_std_normalization=False,
        zca_whitening=False,
        zca_epsilon=1e-06,
        rotation_range=0.0,
        width_shift_range=0.0,
        height_shift_range=0.0,
        brightness_range=None,
        shear_range=0.0,
        zoom_range=0.0,
        channel_shift_range=0.0,
        fill_mode='nearest',
        cval=0.0,
        horizontal_flip=False,
        vertical_flip=False,
        rescale=None,
        preprocessing_function=None,
        data_format=None,
        validation_split=None)

    my_print('Labelled test data:')

    test_generator = my_labelled_datagen.flow_from_directory(
        directory=path,
        target_size=(img_width, img_height),
        color_mode=color_mode,
        classes=NAME_OF_CLASSES,
        class_mode='categorical',
        batch_size=batch_size,
        shuffle=shuffle,
        seed=None,
        save_to_dir=None,
        save_prefix='',
        save_format='png',
        follow_links=False,
        subset=None,
        interpolation='nearest')

    # Get size of datasets
    test_dataset_size = test_generator.n

    return test_generator, test_dataset_size


class mode_7_unlabelled_mono_predict_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, batch_size, shuffle):
        self.img_files = img_files
        self.batch_size = batch_size
        self.shuffle = shuffle
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        X_400x = self.__data_generation(img_files_temp)

        return X_400x

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Create filepath for 25x and 100x images
            # img_file_100x = img_file_400x.replace("400x", "100x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)

        X_400x = np.array(X_img_400x)
        return X_400x


class mode_7_unlabelled_di_predict_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, batch_size, shuffle):
        self.img_files = img_files
        self.batch_size = batch_size
        self.shuffle = shuffle
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x] = self.__data_generation(img_files_temp)

        return [X_400x, X_100x]

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Create filepath for 25x and 100x images
            img_file_100x = img_file_400x.replace("400x", "100x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        return [X_400x, X_100x]


class mode_7_unlabelled_tri_predict_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, batch_size, shuffle):
        self.img_files = img_files
        self.batch_size = batch_size
        self.shuffle = shuffle
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x, X_25x] = self.__data_generation(img_files_temp)

        return [X_400x, X_100x, X_25x]

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Create filepath for 25x and 100x images
            img_file_100x = img_file_400x.replace("400x", "100x")
            img_file_25x = img_file_400x.replace("400x", "25x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)
            img_25x = skimage.io.imread(img_file_25x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            X_img_25x.append(img_25x)

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        X_25x = np.array(X_img_25x)
        return [X_400x, X_100x, X_25x]


class mode_7c_mono_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, all_xy_pos_in_scn_img, batch_size, n_classes, shuffle, TILE_SIZE, scn_path, scn_offset_x, scn_offset_y, which_scale_to_use):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.all_xy_pos_in_scn_img = all_xy_pos_in_scn_img
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.scn_path = scn_path
        self.scn_offset_x = scn_offset_x
        self.scn_offset_y = scn_offset_y
        self.which_scale_to_use = which_scale_to_use
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.all_xy_pos_in_scn_img) / self.batch_size)) + 1
        return int(np.ceil(len(self.all_xy_pos_in_scn_img) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        all_xy_pos_in_scn_img_temp = [self.all_xy_pos_in_scn_img[k] for k in indexes]

        # Generate data
        X_400x = self.__data_generation(all_xy_pos_in_scn_img_temp)

        return X_400x

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.all_xy_pos_in_scn_img))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, all_xy_pos_in_scn_img_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []

        # Read image
        if self.which_scale_to_use == '400x':
            full_image = Vips.Image.new_from_file(self.scn_path, level=0).flatten().rot(1)
        elif self.which_scale_to_use == '100x':
            full_image = Vips.Image.new_from_file(self.scn_path, level=1).flatten().rot(1)
        elif self.which_scale_to_use == '25x':
            full_image = Vips.Image.new_from_file(self.scn_path, level=2).flatten().rot(1)

        # Generate data
        for i, current_xy_pos in enumerate(all_xy_pos_in_scn_img_temp):
            # my_functions.my_print(self.scn_offset_x+current_xy_pos[0])
            # my_functions.my_print(self.scn_offset_y + current_xy_pos[1])

            # Extract tile
            tile_400x = full_image.extract_area(self.scn_offset_x + current_xy_pos[0], self.scn_offset_y + current_xy_pos[1], self.tile_size, self.tile_size)
            # tile_400x = full_image.extract_area(self.scn_offset_x + current_xy_pos[1], self.scn_offset_y + current_xy_pos[0], self.tile_size, self.tile_size)

            # Write tile to memory and convert to numpy array
            X_img_400x.append(np.ndarray(buffer=tile_400x.write_to_memory(),
                                         dtype=format_to_dtype[tile_400x.format],
                                         shape=[tile_400x.height, tile_400x.width, tile_400x.bands]))

        X_400x = np.array(X_img_400x)
        return X_400x


class mode_7c_di_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, all_xy_pos_in_scn_img, batch_size, n_classes, shuffle, TILE_SIZE, scn_path, scn_offset_x, scn_offset_y, which_scale_to_use):
        # Initialization
        self.all_xy_pos_in_scn_img = all_xy_pos_in_scn_img
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.scn_path = scn_path
        self.scn_offset_x = scn_offset_x
        self.scn_offset_y = scn_offset_y
        self.which_scale_to_use = which_scale_to_use
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.all_xy_pos_in_scn_img) / self.batch_size)) + 1
        return int(np.ceil(len(self.all_xy_pos_in_scn_img) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        all_xy_pos_in_scn_img_temp = [self.all_xy_pos_in_scn_img[k] for k in indexes]

        # Generate data
        [X_one, X_two] = self.__data_generation(all_xy_pos_in_scn_img_temp)

        return [X_one, X_two]

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.all_xy_pos_in_scn_img))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, all_xy_pos_in_scn_img_temp):
        """Generates data containing batch_size samples."""
        X_img_one = []
        X_img_two = []

        # Read image one
        if self.which_scale_to_use[0] == '400x':
            full_image_400x = Vips.Image.new_from_file(self.scn_path, level=0).flatten().rot(1)
        elif self.which_scale_to_use[0] == '100x':
            full_image_100x = Vips.Image.new_from_file(self.scn_path, level=1).flatten().rot(1)
        elif self.which_scale_to_use[0] == '25x':
            full_image_25x = Vips.Image.new_from_file(self.scn_path, level=2).flatten().rot(1)

        # Read image two
        if self.which_scale_to_use[1] == '400x':
            full_image_400x = Vips.Image.new_from_file(self.scn_path, level=0).flatten().rot(1)
        elif self.which_scale_to_use[1] == '100x':
            full_image_100x = Vips.Image.new_from_file(self.scn_path, level=1).flatten().rot(1)
        elif self.which_scale_to_use[1] == '25x':
            full_image_25x = Vips.Image.new_from_file(self.scn_path, level=2).flatten().rot(1)

        if self.which_scale_to_use[0] == '25x' and self.which_scale_to_use[1] == '100x':
            # Generate data for 25x/100x
            # for i, current_xy_center_pos_400x in enumerate(all_xy_pos_in_scn_img_temp):
            for i, current_xy_center_pos_100x in enumerate(all_xy_pos_in_scn_img_temp):
                # Transform the coordinate from the 400x image to the 100x image
                # image_x100_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_100x) - (self.tile_size / 2))
                # image_x100_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_100x) - (self.tile_size / 2))
                image_x100_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_100x[0])) - (self.tile_size / 2))
                image_x100_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_100x[1])) - (self.tile_size / 2))

                # Transform the coordinate from the 100x image to the 25x image
                # image_x25_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_25x) - (self.tile_size / 2))
                # image_x25_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_25x) - (self.tile_size / 2))
                image_x25_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_100x[0]) * X_scale_25x_100x) - (self.tile_size / 2))
                image_x25_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_100x[1]) * Y_scale_25x_100x) - (self.tile_size / 2))

                # Extract first tile
                tile_one = full_image_25x.extract_area(image_x25_tile_x_pos, image_x25_tile_y_pos, self.tile_size, self.tile_size)

                # Extract second tile
                tile_two = full_image_100x.extract_area(image_x100_tile_x_pos, image_x100_tile_y_pos, self.tile_size, self.tile_size)
                # tile_two = full_image_100x.extract_area(int((self.scn_offset_x + current_xy_center_pos_100x[0]) - (self.tile_size / 2)),
                #                                         int((self.scn_offset_y + current_xy_center_pos_100x[1]) - (self.tile_size / 2)),
                #                                         self.tile_size, self.tile_size)

                # Write tile to memory and convert to numpy array
                X_img_one.append(np.ndarray(buffer=tile_one.write_to_memory(),
                                            dtype=format_to_dtype[tile_one.format],
                                            shape=[tile_one.height, tile_one.width, tile_one.bands]))

                X_img_two.append(np.ndarray(buffer=tile_two.write_to_memory(),
                                            dtype=format_to_dtype[tile_two.format],
                                            shape=[tile_two.height, tile_two.width, tile_two.bands]))
        else:
            # Generate data for 25x/400x and 100x/400x
            for i, current_xy_center_pos_400x in enumerate(all_xy_pos_in_scn_img_temp):

                # Transform the coordinate from the 400x image to the 100x image
                image_x100_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_100x) - (self.tile_size / 2))
                image_x100_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_100x) - (self.tile_size / 2))

                # Transform the coordinate from the 40x image to the 25x image
                image_x25_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_25x) - (self.tile_size / 2))
                image_x25_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_25x) - (self.tile_size / 2))

                # Extract first tile
                if self.which_scale_to_use[0] == '400x':
                    tile_one = full_image_400x.extract_area((current_xy_center_pos_400x[0] - self.tile_size / 2),
                                                            (current_xy_center_pos_400x[1] - self.tile_size / 2),
                                                            self.tile_size, self.tile_size)
                elif self.which_scale_to_use[0] == '100x':
                    tile_one = full_image_100x.extract_area(image_x100_tile_x_pos, image_x100_tile_y_pos, self.tile_size, self.tile_size)
                elif self.which_scale_to_use[0] == '25x':
                    tile_one = full_image_25x.extract_area(image_x25_tile_x_pos, image_x25_tile_y_pos, self.tile_size, self.tile_size)

                # Extract second tile
                if self.which_scale_to_use[1] == '400x':
                    tile_two = full_image_400x.extract_area((current_xy_center_pos_400x[0] - self.tile_size / 2),
                                                            (current_xy_center_pos_400x[1] - self.tile_size / 2),
                                                            self.tile_size, self.tile_size)
                elif self.which_scale_to_use[1] == '100x':
                    tile_two = full_image_100x.extract_area(image_x100_tile_x_pos, image_x100_tile_y_pos, self.tile_size, self.tile_size)
                elif self.which_scale_to_use[1] == '25x':
                    tile_two = full_image_25x.extract_area(image_x25_tile_x_pos, image_x25_tile_y_pos, self.tile_size, self.tile_size)

                # Write tile to memory and convert to numpy array
                X_img_one.append(np.ndarray(buffer=tile_one.write_to_memory(),
                                            dtype=format_to_dtype[tile_one.format],
                                            shape=[tile_one.height, tile_one.width, tile_one.bands]))

                X_img_two.append(np.ndarray(buffer=tile_two.write_to_memory(),
                                            dtype=format_to_dtype[tile_two.format],
                                            shape=[tile_two.height, tile_two.width, tile_two.bands]))

        X_one = np.array(X_img_one)
        X_two = np.array(X_img_two)
        return [X_one, X_two]


class mode_7c_tri_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, all_xy_pos_in_scn_img, batch_size, n_classes, shuffle, TILE_SIZE, scn_path, scn_offset_x, scn_offset_y,
                 which_scale_to_use):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.all_xy_pos_in_scn_img = all_xy_pos_in_scn_img
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.scn_path = scn_path
        self.scn_offset_x = scn_offset_x
        self.scn_offset_y = scn_offset_y
        self.which_scale_to_use = which_scale_to_use
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.all_xy_pos_in_scn_img) / self.batch_size)) + 1
        return int(np.ceil(len(self.all_xy_pos_in_scn_img) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        all_xy_pos_in_scn_img_temp = [self.all_xy_pos_in_scn_img[k] for k in indexes]

        # Generate data
        [X_400x, X_100x, X_25x] = self.__data_generation(all_xy_pos_in_scn_img_temp)

        return [X_400x, X_100x, X_25x]

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.all_xy_pos_in_scn_img))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, all_xy_pos_in_scn_img_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []

        # Read image
        full_image_400x = Vips.Image.new_from_file(self.scn_path, level=0).flatten().rot(1)
        full_image_100x = Vips.Image.new_from_file(self.scn_path, level=1).flatten().rot(1)
        full_image_25x = Vips.Image.new_from_file(self.scn_path, level=2).flatten().rot(1)

        # Generate data
        for i, current_xy_center_pos_400x in enumerate(all_xy_pos_in_scn_img_temp):
            # Transform the coordinate from the 400x image to the 100x image
            image_x100_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_100x) - (self.tile_size / 2))
            image_x100_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_100x) - (self.tile_size / 2))

            # Transform the coordinate from the 40x image to the 25x image
            image_x25_tile_x_pos = int(((self.scn_offset_x + current_xy_center_pos_400x[0]) * X_scale_400x_25x) - (self.tile_size / 2))
            image_x25_tile_y_pos = int(((self.scn_offset_y + current_xy_center_pos_400x[1]) * Y_scale_400x_25x) - (self.tile_size / 2))

            # Extract first tile
            tile_400x = full_image_400x.extract_area((current_xy_center_pos_400x[0] - self.tile_size / 2),
                                                     (current_xy_center_pos_400x[1] - self.tile_size / 2),
                                                     self.tile_size, self.tile_size)
            tile_100x = full_image_100x.extract_area(image_x100_tile_x_pos, image_x100_tile_y_pos, self.tile_size, self.tile_size)
            tile_25x = full_image_25x.extract_area(image_x25_tile_x_pos, image_x25_tile_y_pos, self.tile_size, self.tile_size)

            # Write tile to memory and convert to numpy array
            X_img_400x.append(np.ndarray(buffer=tile_400x.write_to_memory(),
                                         dtype=format_to_dtype[tile_400x.format],
                                         shape=[tile_400x.height, tile_400x.width, tile_400x.bands]))

            X_img_100x.append(np.ndarray(buffer=tile_100x.write_to_memory(),
                                         dtype=format_to_dtype[tile_100x.format],
                                         shape=[tile_100x.height, tile_100x.width, tile_100x.bands]))

            X_img_25x.append(np.ndarray(buffer=tile_25x.write_to_memory(),
                                        dtype=format_to_dtype[tile_25x.format],
                                        shape=[tile_25x.height, tile_25x.width, tile_25x.bands]))

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        X_25x = np.array(X_img_25x)
        return [X_400x, X_100x, X_25x]


class mode_8_mono_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes, label):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.TILE_SIZE = TILE_SIZE
        # self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.label = label
        self.on_epoch_end()

        if which_scale_to_use == '400x':
            self.img_one_level = 0
            self.coordinate_scale = 'coordinates_400x'
        elif which_scale_to_use == '100x':
            self.img_one_level = 1
            self.coordinate_scale = 'coordinates_100x'
        elif which_scale_to_use == '25x':
            self.img_one_level = 2
            self.coordinate_scale = 'coordinates_25x'

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(tile_dicts_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate 90 degree so that the coordinated line up correctly
            full_image = Vips.Image.new_from_file(tile_dict['path'], level=self.img_one_level).flatten().rot(1)

            # Extract tile
            tile = full_image.extract_area(tile_dict[self.coordinate_scale][0], tile_dict[self.coordinate_scale][1], self.TILE_SIZE, self.TILE_SIZE)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile = tile.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile = tile.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile = tile.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile = tile.rot(1)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile = tile.rot(3)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile = tile.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile = tile.rot(2)
                tile = tile.flip(1)

            # Write tile to memory and convert to numpy array
            tile_numpy = np.ndarray(buffer=tile.write_to_memory(),
                                    dtype=format_to_dtype[tile.format],
                                    shape=[tile.height, tile.width, tile.bands])

            X_img.append(tile_numpy)
            #y[i] = self.name_of_classes.index(tile_dict[self.label])
            y[i] = tile_dict[self.label]

        X_tile_array = np.array(X_img)
        return X_tile_array, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_8_di_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes, label):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.label = label
        self.on_epoch_end()

        if which_scale_to_use[0] == '400x':
            self.img_one_level = 0
            self.coordinate_one_scale = 'coordinates_400x'
        elif which_scale_to_use[0] == '100x':
            self.img_one_level = 1
            self.coordinate_one_scale = 'coordinates_100x'
        elif which_scale_to_use[0] == '25x':
            self.img_one_level = 2
            self.coordinate_one_scale = 'coordinates_25x'

        if which_scale_to_use[1] == '400x':
            self.img_two_level = 0
            self.coordinate_two_scale = 'coordinates_400x'
        elif which_scale_to_use[1] == '100x':
            self.img_two_level = 1
            self.coordinate_two_scale = 'coordinates_100x'
        elif which_scale_to_use[1] == '25x':
            self.img_two_level = 2
            self.coordinate_two_scale = 'coordinates_25x'

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        [X_one, X_two], y = self.__data_generation(tile_dicts_temp)

        return [X_one, X_two], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img_one = []
        X_img_two = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate image 90 degree so that the coordinated line up correctly
            full_image_one = Vips.Image.new_from_file(tile_dict['path'], level=self.img_one_level).flatten().rot(1)
            full_image_two = Vips.Image.new_from_file(tile_dict['path'], level=self.img_two_level).flatten().rot(1)

            # Extract tile
            tile_one = full_image_one.extract_area(tile_dict[self.coordinate_one_scale][0], tile_dict[self.coordinate_one_scale][1], self.tile_size, self.tile_size)
            tile_two = full_image_two.extract_area(tile_dict[self.coordinate_two_scale][0], tile_dict[self.coordinate_two_scale][1], self.tile_size, self.tile_size)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile_one = tile_one.rot(1)
                tile_two = tile_two.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile_one = tile_one.rot(2)
                tile_two = tile_two.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile_one = tile_one.rot(3)
                tile_two = tile_two.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile_one = tile_one.rot(1)
                tile_one = tile_one.flip(0)

                tile_two = tile_two.rot(1)
                tile_two = tile_two.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile_one = tile_one.rot(3)
                tile_one = tile_one.flip(0)

                tile_two = tile_two.rot(3)
                tile_two = tile_two.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile_one = tile_one.flip(1)
                tile_two = tile_two.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile_one = tile_one.rot(2)
                tile_one = tile_one.flip(1)

                tile_two = tile_two.rot(2)
                tile_two = tile_two.flip(1)

            # Write tile to memory and convert to numpy array
            X_img_one.append(np.ndarray(buffer=tile_one.write_to_memory(),
                                        dtype=format_to_dtype[tile_one.format],
                                        shape=[tile_one.height, tile_one.width, tile_one.bands]))

            # Write tile to memory and convert to numpy array
            X_img_two.append(np.ndarray(buffer=tile_two.write_to_memory(),
                                        dtype=format_to_dtype[tile_two.format],
                                        shape=[tile_two.height, tile_two.width, tile_two.bands]))

            #y[i] = self.name_of_classes.index(tile_dict['label'])
            y[i] = tile_dict[self.label]

        X_tile_one_array = np.array(X_img_one)
        X_tile_two_array = np.array(X_img_two)
        return [X_tile_one_array, X_tile_two_array], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_8_tri_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes, label):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.label = label
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        [X_one, X_two, X_three], y = self.__data_generation(tile_dicts_temp)

        return [X_one, X_two, X_three], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []
        y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate image 90 degree so that the coordinated line up correctly
            full_image_400x = Vips.Image.new_from_file(tile_dict['path'], level=0).flatten().rot(1)
            full_image_100x = Vips.Image.new_from_file(tile_dict['path'], level=1).flatten().rot(1)
            full_image_25x = Vips.Image.new_from_file(tile_dict['path'], level=2).flatten().rot(1)

            # Extract tile
            tile_400x = full_image_400x.extract_area(tile_dict['coordinates_400x'][0], tile_dict['coordinates_400x'][1], self.tile_size, self.tile_size)
            tile_100x = full_image_100x.extract_area(tile_dict['coordinates_100x'][0], tile_dict['coordinates_100x'][1], self.tile_size, self.tile_size)
            tile_25x = full_image_25x.extract_area(tile_dict['coordinates_25x'][0], tile_dict['coordinates_25x'][1], self.tile_size, self.tile_size)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile_400x = tile_400x.rot(1)
                tile_100x = tile_100x.rot(1)
                tile_25x = tile_25x.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile_400x = tile_400x.rot(2)
                tile_100x = tile_100x.rot(2)
                tile_25x = tile_25x.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile_400x = tile_400x.rot(3)
                tile_100x = tile_100x.rot(3)
                tile_25x = tile_25x.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile_400x = tile_400x.rot(1)
                tile_400x = tile_400x.flip(0)

                tile_100x = tile_100x.rot(1)
                tile_100x = tile_100x.flip(0)

                tile_25x = tile_25x.rot(1)
                tile_25x = tile_25x.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile_400x = tile_400x.rot(3)
                tile_400x = tile_400x.flip(0)

                tile_100x = tile_100x.rot(3)
                tile_100x = tile_100x.flip(0)

                tile_25x = tile_25x.rot(3)
                tile_25x = tile_25x.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile_400x = tile_400x.flip(1)
                tile_100x = tile_100x.flip(1)
                tile_25x = tile_25x.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile_400x = tile_400x.rot(2)
                tile_400x = tile_400x.flip(1)

                tile_100x = tile_100x.rot(2)
                tile_100x = tile_100x.flip(1)

                tile_25x = tile_25x.rot(2)
                tile_25x = tile_25x.flip(1)

            # Write tile to memory and convert to numpy array
            X_img_400x.append(np.ndarray(buffer=tile_400x.write_to_memory(),
                                         dtype=format_to_dtype[tile_400x.format],
                                         shape=[tile_400x.height, tile_400x.width, tile_400x.bands]))

            X_img_100x.append(np.ndarray(buffer=tile_100x.write_to_memory(),
                                         dtype=format_to_dtype[tile_100x.format],
                                         shape=[tile_100x.height, tile_100x.width, tile_100x.bands]))

            X_img_25x.append(np.ndarray(buffer=tile_25x.write_to_memory(),
                                        dtype=format_to_dtype[tile_25x.format],
                                        shape=[tile_25x.height, tile_25x.width, tile_25x.bands]))

            #y[i] = self.name_of_classes.index(tile_dict['label'])
            y[i] = tile_dict[self.label]

        X_tile_400x_array = np.array(X_img_400x)
        X_tile_100x_array = np.array(X_img_100x)
        X_tile_25x_array = np.array(X_img_25x)
        return [X_tile_400x_array, X_tile_100x_array, X_tile_25x_array], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_8_example_mono_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, WHAT_LABELS_TO_USE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.what_labels_to_use = WHAT_LABELS_TO_USE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(img_files_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Read image
            img_400x = skimage.io.imread(img_file_400x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        return X_400x, keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_8_example_di_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, WHAT_LABELS_TO_USE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.what_labels_to_use = WHAT_LABELS_TO_USE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Get file paths
            img_file_100x = img_file_400x.replace("400x", "100x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        return [X_400x, X_100x], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_8_example_tri_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, WHAT_LABELS_TO_USE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = False
        self.what_labels_to_use = WHAT_LABELS_TO_USE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch
        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        [X_400x, X_100x, X_25x], y = self.__data_generation(img_files_temp)

        return [X_400x, X_100x, X_25x], y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_400x = []
        X_img_100x = []
        X_img_25x = []
        y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):
            # Get file paths
            img_file_100x = img_file_400x.replace("400x", "100x")
            img_file_25x = img_file_400x.replace("400x", "25x")

            # Read image
            img_400x = skimage.io.imread(img_file_400x)
            img_100x = skimage.io.imread(img_file_100x)
            img_25x = skimage.io.imread(img_file_25x)

            # Resize
            # img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)

            # Normalization
            # for ch in range(self.n_channels):
            #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]

            # if self.shuffle:
            # Some image augmentation codes
            ###### You can put your preprocessing codes here. #####

            X_img_400x.append(img_400x)
            X_img_100x.append(img_100x)
            X_img_25x.append(img_25x)
            y[i] = self.labels[img_file_400x]

        X_400x = np.array(X_img_400x)
        X_100x = np.array(X_img_100x)
        X_25x = np.array(X_img_25x)
        return [X_400x, X_100x, X_25x], keras.utils.to_categorical(y, num_classes=self.n_classes)


class mode_10_CV_FCN_mono_coordinates_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE, which_scale_to_use, name_of_classes):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.tile_dicts = tile_dicts
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        # self.which_scale_to_use = which_scale_to_use
        self.name_of_classes = name_of_classes
        self.on_epoch_end()

        if which_scale_to_use == '400x':
            self.img_one_level = 0
            self.coordinate_scale = 'coordinates_400x'
        elif which_scale_to_use == '100x':
            self.img_one_level = 1
            self.coordinate_scale = 'coordinates_100x'
        elif which_scale_to_use == '25x':
            self.img_one_level = 2
            self.coordinate_scale = 'coordinates_25x'

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # Added one to allow last batch smaller
        # return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
        return int(np.ceil(len(self.tile_dicts) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        # Modified to allow smaller last batch
        if ((index + 1) * self.batch_size) > len(self.indexes):
            indexes = self.indexes[index * self.batch_size:]
        else:
            indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        tile_dicts_temp = [self.tile_dicts[k] for k in indexes]

        # Generate data
        X, Y = self.__data_generation(tile_dicts_temp)

        return X, Y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.tile_dicts))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, tile_dicts_temp):
        """Generates data containing batch_size samples."""
        X_img = []
        Y_img = []
        # y = np.empty((len(tile_dicts_temp)), dtype=int)

        # Generate data
        for i, tile_dict in enumerate(tile_dicts_temp):

            # Read image, flatten and rotate 90 degree so that the coordinated line up correctly
            full_image = Vips.Image.new_from_file(tile_dict['path'], level=self.img_one_level).flatten().rot(1)

            # Extract tile
            tile = full_image.extract_area(tile_dict[self.coordinate_scale][0], tile_dict[self.coordinate_scale][1], self.tile_size, self.tile_size)

            # Augmentation
            if tile_dict['augmentarg'] == '1':
                pass
            elif tile_dict['augmentarg'] == '2':
                # rot90
                tile = tile.rot(1)
            elif tile_dict['augmentarg'] == '3':
                # rot180
                tile = tile.rot(2)
            elif tile_dict['augmentarg'] == '4':
                # rot270
                tile = tile.rot(3)
            elif tile_dict['augmentarg'] == '5':
                # rot90_flipHoriz
                tile = tile.rot(1)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '6':
                # rot270_flipHoriz
                tile = tile.rot(3)
                tile = tile.flip(0)
            elif tile_dict['augmentarg'] == '7':
                # flipVert
                tile = tile.flip(1)
            elif tile_dict['augmentarg'] == '8':
                # rot180_flipVert
                tile = tile.rot(2)
                tile = tile.flip(1)

            # Write tile to memory and convert to numpy array
            # tile_numpy = np.ndarray(buffer=tile.write_to_memory(), dtype=self.dtype_format, shape=[self.TILE_SIZE, self.TILE_SIZE, 3])
            X_img.append(np.ndarray(buffer=tile.write_to_memory(),
                                    dtype=format_to_dtype[tile.format],
                                    shape=[tile.height, tile.width, tile.bands]))

            # X_img.append(tile_numpy)
            # y[i] = self.name_of_classes.index(tile_dict['label'])
            temp = np.load(tile_dict['label'])

            seg_labels = np.zeros((self.tile_size, self.tile_size, self.n_classes))

            for c in range(self.n_classes):
                seg_labels[:, :, c] = (temp == c).astype(int)
            ##seg_labels = np.reshape(seg_labels, ( width*height,nClasses  ))
            Y_img.append(seg_labels)
            # Y_img.append(temp)

        X_tile_array = np.array(X_img)
        Y_tile_array = np.array(Y_img)
        return X_tile_array, Y_tile_array


class mode_10_CV_FCN_mono_jpeg_generator(keras.utils.Sequence):
    """Generates data for Keras."""

    def __init__(self, img_files, labels, batch_size, n_classes, shuffle, TILE_SIZE):
        """Initialization.

        Args:
            img_files: A list of path to image files.
            labels: A dictionary of corresponding labels.
        """
        self.img_files = img_files
        self.labels = labels
        self.batch_size = batch_size
        self.n_classes = n_classes
        self.shuffle = shuffle
        self.tile_size = TILE_SIZE
        self.on_epoch_end()

    def __len__(self):
        """Denotes the number of batches per epoch."""
        # return int(np.floor(len(self.img_files) / self.batch_size))
        return int(np.ceil(len(self.img_files) / self.batch_size))

    def __getitem__(self, index):
        """Generate one batch of data."""
        # Generate indexes of the batch

        indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]

        # Find list of IDs
        img_files_temp = [self.img_files[k] for k in indexes]

        # Generate data
        X_400x, y = self.__data_generation(img_files_temp)

        return X_400x, y

    def on_epoch_end(self):
        """Updates indexes after each epoch."""
        self.indexes = np.arange(len(self.img_files))
        if self.shuffle is True:
            np.random.shuffle(self.indexes)

    def __data_generation(self, img_files_temp):
        """Generates data containing batch_size samples."""
        X_img_list = []
        Y_img_list = []
        # y = np.empty((len(img_files_temp)), dtype=int)

        # Generate data
        for i, img_file_400x in enumerate(img_files_temp):

            # Read image
            X_img = skimage.io.imread(img_file_400x)
            X_img_list.append(X_img)

            mask_filename = img_file_400x.replace(".jpg", ".npy")
            mask_filename = mask_filename.replace("2_labelled_imgs_400x", "2_labelled_masks_400x")

            temp = np.load(mask_filename)

            seg_labels = np.zeros((self.tile_size, self.tile_size, self.n_classes))

            for c in range(self.n_classes):
                seg_labels[:, :, c] = (temp == c).astype(int)
            ##seg_labels = np.reshape(seg_labels, ( width*height,nClasses  ))
            Y_img_list.append(seg_labels)
            # Y_img.append(temp)

        X_tile_array = np.array(X_img_list)
        Y_tile_array = np.array(Y_img_list)
        return X_tile_array, Y_tile_array


# endregion


# region DEEP LEARNING / NEURAL NETWORKS
def list_of_AE_models(SEARCH_METHOD, LAYER_CONFIG, OPTIMIZER, LEARNING_RATE_AE, N_FEATURE_MAPS_AE, DROPOUT_AE, N_RANDOM_MODELS):
    # Check that SEARCH_METHOD only contains one item
    if len(SEARCH_METHOD) > 1:
        my_print('Error in SEARCH_METHOD. Can only contain one item. Stopping program.', error=True)
        exit()

    my_dict_AE = dict()
    my_dict_random_AE = dict()
    AE_ALL_MODEL_PARAMETERS = []
    AE_MODELS_AND_LOSS_ARRAY = {}
    n = 0

    if SEARCH_METHOD[0] in ['GRID', 'Grid', 'grid']:
        # Create list of all autoencoder models
        for layer in LAYER_CONFIG:
            for optimizer in OPTIMIZER:
                for lr in LEARNING_RATE_AE:
                    for n_feature_maps in N_FEATURE_MAPS_AE:
                        for dropout in DROPOUT_AE:
                            my_dict_AE.update(dict(ID=n, layer_config=layer, optimizer=optimizer, learning_rate=lr,
                                                   n_feature_maps=n_feature_maps, dropout=dropout, trained_epoches=0, early_stopping=0))
                            AE_ALL_MODEL_PARAMETERS.append(my_dict_AE.copy())
                            n = n + 1
    elif SEARCH_METHOD[0] in ['RANDOM', 'Random', 'random']:

        if len(LEARNING_RATE_AE) == 2:
            learning_rate_list = get_random_floats(LEARNING_RATE_AE[0], LEARNING_RATE_AE[1], N_RANDOM_MODELS)
        elif len(LEARNING_RATE_AE) == 1:
            learning_rate_list = LEARNING_RATE_AE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_FEATURE_MAPS_AE) == 2:
            n_feature_maps_list = get_random_integers(N_FEATURE_MAPS_AE[0], N_FEATURE_MAPS_AE[1], N_RANDOM_MODELS)
        elif len(N_FEATURE_MAPS_AE) == 1:
            n_feature_maps_list = N_FEATURE_MAPS_AE * N_RANDOM_MODELS
        else:
            my_print('Error in N_FEATURE_MAPS_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT_AE) == 2:
            dropout_list = get_random_floats(DROPOUT_AE[0], DROPOUT_AE[1], N_RANDOM_MODELS)
        elif len(DROPOUT_AE) == 1:
            dropout_list = DROPOUT_AE * N_RANDOM_MODELS
        else:
            my_print('Error in DROPOUT_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all autoencoder models
        n = 0
        for layer in LAYER_CONFIG:
            for optimizer in OPTIMIZER:
                for lr, dropout, feature_map in zip(learning_rate_list, dropout_list, n_feature_maps_list):
                    my_dict_random_AE.update(dict(ID=n, layer_config=layer, optimizer=optimizer, learning_rate=lr,
                                                  n_feature_maps=feature_map, dropout=dropout, trained_epoches=0, early_stopping=0))
                    AE_ALL_MODEL_PARAMETERS.append(my_dict_random_AE.copy())
                    n = n + 1
    elif SEARCH_METHOD[0] in ['INTERPOLATE', 'Interpolate', 'interpolate']:

        if len(LEARNING_RATE_AE) == 2:
            learning_rate_list = get_interpolated_range(LEARNING_RATE_AE[0], LEARNING_RATE_AE[1], N_RANDOM_MODELS, dtype=float)
        elif len(LEARNING_RATE_AE) == 1:
            learning_rate_list = LEARNING_RATE_AE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_FEATURE_MAPS_AE) == 2:
            n_feature_maps_list = get_interpolated_range(N_FEATURE_MAPS_AE[0], N_FEATURE_MAPS_AE[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_FEATURE_MAPS_AE) == 1:
            n_feature_maps_list = N_FEATURE_MAPS_AE * N_RANDOM_MODELS
        else:
            my_print('Error in N_FEATURE_MAPS_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT_AE) == 2:
            dropout_list = get_interpolated_range(DROPOUT_AE[0], DROPOUT_AE[1], N_RANDOM_MODELS, dtype=float)
        elif len(DROPOUT_AE) == 1:
            dropout_list = DROPOUT_AE * N_RANDOM_MODELS
        else:
            my_print('Error in DROPOUT_AE. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all autoencoder models
        n = 0
        for layer in LAYER_CONFIG:
            for optimizer in OPTIMIZER:
                for lr, dropout, feature_map in zip(learning_rate_list, dropout_list, n_feature_maps_list):
                    my_dict_random_AE.update(dict(ID=n, layer_config=layer, optimizer=optimizer, learning_rate=lr,
                                                  n_feature_maps=feature_map, dropout=dropout, trained_epoches=0, early_stopping=0))
                    AE_ALL_MODEL_PARAMETERS.append(my_dict_random_AE.copy())
                    n = n + 1
    elif SEARCH_METHOD[0] in ['SHEET-MUSIC', 'Sheet-Music', 'Sheet-music', 'sheetmusic']:
        my_print('Sheet-music function have not been implemented for autoencoder. Contact system administrator. Stopping program.', error=True)
        exit()
    else:
        my_print('Error in SEARCH_METHOD. Must contain GRID, RANDOM or INTERPOLATE. Stopping program.', error=True)
        exit()

    return AE_ALL_MODEL_PARAMETERS, AE_MODELS_AND_LOSS_ARRAY


def list_of_CF_models(SEARCH_METHOD, LAYER_CONFIG, freeze_base_model, OPTIMIZER, LEARNING_RATE_CF, N_NEURONS_FIRST_LAYER,
                      N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER, DROPOUT_CF, N_RANDOM_MODELS,
                      TRAIN_N_BEST_AE_MODELS, AE_MODELS_AND_LOSS_ARRAY, train_on_TAE_epoch):
    # Check that at least one autoencoder model have been trained
    if len(AE_MODELS_AND_LOSS_ARRAY) == 0:
        my_print('No autoencoder model found, cant train classifier. Error in AE_MODELS_AND_LOSS_ARRAY. Stopping program.', error=True)
        exit()

    # Check that SEARCH_METHOD only contains one item
    if len(SEARCH_METHOD) > 1:
        my_print('Error in SEARCH_METHOD. Can only contain one item. Stopping program.', error=True)
        exit()

    # Check that all elements in train_on_TAE_epoch are valid
    for epoch_items in train_on_TAE_epoch:
        cond1 = isinstance(epoch_items, int)
        cond2 = epoch_items in ['BEST', 'Best', 'best']
        cond3 = epoch_items in ['LAST', 'Last', 'last']
        if not cond1 and not cond2 and not cond3:
            my_print('Error in train_on_TAE_epoch. Can only contain (Best), (Last) or integer. Stopping program.', error=True)
            exit()

    my_dict_CF = dict()
    my_dict_random_CF = dict()
    CF_ALL_MODEL_PARAMETERS = []
    my_dict_list_of_AE_and_CF_models = dict()
    CF_MODELS_AND_LOSS_ARRAY = {}
    LIST_OF_AE_AND_CF_MODELS = []

    if SEARCH_METHOD[0] in ['GRID', 'Grid', 'grid']:
        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for TAE_epoch in train_on_TAE_epoch:
                for freeze in freeze_base_model:
                    for optimizer in OPTIMIZER:
                        for lr in LEARNING_RATE_CF:
                            for n_neurons1 in N_NEURONS_FIRST_LAYER:
                                for n_neurons2 in N_NEURONS_SECOND_LAYER:
                                    for n_neurons3 in N_NEURONS_THIRD_LAYER:
                                        for dropout in DROPOUT_CF:
                                            my_dict_CF.update(dict(ID=n, layer_config=layer, base_model="Encoder", optimizer=optimizer, learning_rate=lr,
                                                                   n_neurons1=n_neurons1, n_neurons2=n_neurons2, n_neurons3=n_neurons3,
                                                                   dropout=dropout, freeze_base_model=freeze, TAE_epoch=TAE_epoch, base_model_pooling="N/A", trained_epoches=0,
                                                                   early_stopping=0))
                                            CF_ALL_MODEL_PARAMETERS.append(my_dict_CF.copy())
                                            n = n + 1
    elif SEARCH_METHOD[0] in ['RANDOM', 'Random', 'random']:

        if len(LEARNING_RATE_CF) == 2:
            learning_rate_list = get_random_floats(LEARNING_RATE_CF[0], LEARNING_RATE_CF[1], N_RANDOM_MODELS)
        elif len(LEARNING_RATE_CF) == 1:
            learning_rate_list = LEARNING_RATE_CF * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT_CF) == 2:
            dropout_list = get_random_floats(DROPOUT_CF[0], DROPOUT_CF[1], N_RANDOM_MODELS)
        elif len(DROPOUT_CF) == 1:
            dropout_list = DROPOUT_CF * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_random_integers(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_random_integers(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_random_integers(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for TAE_epoch in train_on_TAE_epoch:
                for freeze in freeze_base_model:
                    for optimizer in OPTIMIZER:
                        for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                            my_dict_random_CF.update(dict(ID=n, layer_config=layer, base_model="Encoder", optimizer=optimizer, learning_rate=lr,
                                                          n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout,
                                                          freeze_base_model=freeze, TAE_epoch=TAE_epoch, base_model_pooling="N/A", trained_epoches=0,
                                                          early_stopping=0))
                            CF_ALL_MODEL_PARAMETERS.append(my_dict_random_CF.copy())
                            n = n + 1
    elif SEARCH_METHOD[0] in ['INTERPOLATE', 'Interpolate', 'interpolate']:
        if len(LEARNING_RATE_CF) == 2:
            learning_rate_list = get_interpolated_range(LEARNING_RATE_CF[0], LEARNING_RATE_CF[1], N_RANDOM_MODELS, dtype=float)
        elif len(LEARNING_RATE_CF) == 1:
            learning_rate_list = LEARNING_RATE_CF * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT_CF) == 2:
            dropout_list = get_interpolated_range(DROPOUT_CF[0], DROPOUT_CF[1], N_RANDOM_MODELS, dtype=float)
        elif len(DROPOUT_CF) == 1:
            dropout_list = DROPOUT_CF * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_interpolated_range(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_interpolated_range(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_interpolated_range(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for TAE_epoch in train_on_TAE_epoch:
                for freeze in freeze_base_model:
                    for optimizer in OPTIMIZER:
                        for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                            my_dict_random_CF.update(dict(ID=n, layer_config=layer, base_model="Encoder", optimizer=optimizer, learning_rate=lr,
                                                          n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout,
                                                          freeze_base_model=freeze, TAE_epoch=TAE_epoch, base_model_pooling="N/A", trained_epoches=0, early_stopping=0))
                            CF_ALL_MODEL_PARAMETERS.append(my_dict_random_CF.copy())
                            n = n + 1
    elif SEARCH_METHOD[0] in ['SHEET-MUSIC', 'Sheet-Music', 'Sheet-music', 'sheetmusic']:

        # Check that all vectors have the same length, or has a length of one.
        my_list = [LEARNING_RATE, DROPOUT, N_NEURONS_FIRST_LAYER, N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER]
        list_max_size = max(len(x) for x in my_list)

        # Go through each list and check that length is okay
        for curr_list in my_list:
            if len(curr_list) != list_max_size:
                if len(curr_list) != 1:
                    my_print('One hyperparameter list have the wrong size. All list must have equal length, or have length of 1. Stopping program.', error=True)
                    exit()

        if len(LEARNING_RATE) >= 2:
            learning_rate_list = LEARNING_RATE
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * list_max_size
        else:
            my_print('Error in LEARNING_RATE. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) >= 2:
            dropout_list = DROPOUT
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * list_max_size
        else:
            my_print('Error in dropout_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) >= 2:
            n_neurons1_list = N_NEURONS_FIRST_LAYER
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) >= 2:
            n_neurons2_list = N_NEURONS_SECOND_LAYER
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) >= 2:
            n_neurons3_list = N_NEURONS_THIRD_LAYER
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * list_max_size
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for TAE_epoch in train_on_TAE_epoch:
                for freeze in freeze_base_model:
                    for optimizer in OPTIMIZER:
                        for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                            my_dict_random_CF.update(dict(ID=n, layer_config=layer, base_model="Encoder", optimizer=optimizer, learning_rate=lr,
                                                          n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout,
                                                          freeze_base_model=freeze, TAE_epoch=TAE_epoch, base_model_pooling="N/A", trained_epoches=0, early_stopping=0))
                            CF_ALL_MODEL_PARAMETERS.append(my_dict_random_CF.copy())
                            n = n + 1
    else:
        my_print('Error in SEARCH_METHOD. Must contain GRID, RANDOM, INTERPOLATE or SHEET-MUSIC. Stopping program.', error=True)
        exit()

    # Sort all autoencoder models by lowest validation loss, and remove models not to be trained
    AE_MODELS_AND_LOSS_ARRAY_SORTED = sorted(AE_MODELS_AND_LOSS_ARRAY.items(), key=operator.itemgetter(1), reverse=False)
    N_BEST_AE_MODELS = AE_MODELS_AND_LOSS_ARRAY_SORTED[:TRAIN_N_BEST_AE_MODELS]

    # Create a list of the best autoencoder models, and all classifier models.
    n = 0
    for AE, loss in N_BEST_AE_MODELS:
        for CF in range(len(CF_ALL_MODEL_PARAMETERS)):
            my_dict_list_of_AE_and_CF_models.update(dict(ID=n, AE=AE, CF=CF, AE_loss=loss, trained_epoches=0, early_stopping=0))
            LIST_OF_AE_AND_CF_MODELS.append(my_dict_list_of_AE_and_CF_models.copy())
            n = n + 1

    return CF_ALL_MODEL_PARAMETERS, LIST_OF_AE_AND_CF_MODELS, CF_MODELS_AND_LOSS_ARRAY


def list_of_TL_models(SEARCH_METHOD, LAYER_CONFIG, BASE_MODEL, OPTIMIZER, LEARNING_RATE, N_NEURONS_FIRST_LAYER,
                      N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER, DROPOUT, N_RANDOM_MODELS, freeze_base_model, BASE_MODEL_POOLING):
    # Check that SEARCH_METHOD only contains one item
    if len(SEARCH_METHOD) > 1:
        my_print('Error in SEARCH_METHOD. Can only contain one item. Stopping program.', error=True)
        exit()

    my_dict_TL = dict()
    my_dict_random_TL = dict()
    TL_MODEL_PARAMETERS = []
    TL_MODELS_AND_LOSS_ARRAY = {}

    if SEARCH_METHOD[0] in ['GRID', 'Grid', 'grid']:
        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr in LEARNING_RATE:
                                for n_neurons1 in N_NEURONS_FIRST_LAYER:
                                    for n_neurons2 in N_NEURONS_SECOND_LAYER:
                                        for n_neurons3 in N_NEURONS_THIRD_LAYER:
                                            for dropout in DROPOUT:
                                                my_dict_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                                       n_neurons1=n_neurons1, n_neurons2=n_neurons2, n_neurons3=n_neurons3,
                                                                       dropout=dropout, freeze_base_model=freeze, base_model_pooling=base_model_pooling, trained_epoches=0,
                                                                       early_stopping=0))
                                                TL_MODEL_PARAMETERS.append(my_dict_TL.copy())
                                                n = n + 1
    elif SEARCH_METHOD[0] in ['RANDOM', 'Random', 'random']:

        if len(LEARNING_RATE) == 2:
            learning_rate_list = get_random_floats(LEARNING_RATE[0], LEARNING_RATE[1], N_RANDOM_MODELS)
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) == 2:
            dropout_list = get_random_floats(DROPOUT[0], DROPOUT[1], N_RANDOM_MODELS)
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_random_integers(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_random_integers(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_random_integers(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2,
                                                              n_neurons3=neuron3, dropout=dropout, freeze_base_model=freeze, base_model_pooling=base_model_pooling,
                                                              trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    elif SEARCH_METHOD[0] in ['INTERPOLATE', 'Interpolate', 'interpolate']:
        if len(LEARNING_RATE) == 2:
            learning_rate_list = get_interpolated_range(LEARNING_RATE[0], LEARNING_RATE[1], N_RANDOM_MODELS, dtype=float)
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) == 2:
            dropout_list = get_interpolated_range(DROPOUT[0], DROPOUT[1], N_RANDOM_MODELS, dtype=float)
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_interpolated_range(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_interpolated_range(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_interpolated_range(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout, freeze_base_model=freeze,
                                                              base_model_pooling=base_model_pooling, trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    elif SEARCH_METHOD[0] in ['SHEET-MUSIC', 'Sheet-Music', 'Sheet-music', 'sheetmusic']:

        # Check that all vectors have the same length, or has a length of one.
        my_list = [LEARNING_RATE, DROPOUT, N_NEURONS_FIRST_LAYER, N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER]
        list_max_size = max(len(x) for x in my_list)

        # Go through each list and check that length is okay
        for curr_list in my_list:
            if len(curr_list) != list_max_size:
                if len(curr_list) != 1:
                    my_print('One hyperparameter list have the wrong size. All list must have equal length, or have length of 1. Stopping program.', error=True)
                    exit()

        if len(LEARNING_RATE) >= 2:
            learning_rate_list = LEARNING_RATE
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * list_max_size
        else:
            my_print('Error in LEARNING_RATE. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) >= 2:
            dropout_list = DROPOUT
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * list_max_size
        else:
            my_print('Error in dropout_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) >= 2:
            n_neurons1_list = N_NEURONS_FIRST_LAYER
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) >= 2:
            n_neurons2_list = N_NEURONS_SECOND_LAYER
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) >= 2:
            n_neurons3_list = N_NEURONS_THIRD_LAYER
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * list_max_size
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout,
                                                              freeze_base_model=freeze, base_model_pooling=base_model_pooling, trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    else:
        my_print('Error in SEARCH_METHOD. Must contain GRID, RANDOM, INTERPOLATE or SHEET-MUSIC. Stopping program.', error=True)
        exit()

    return TL_MODEL_PARAMETERS, TL_MODELS_AND_LOSS_ARRAY


def list_of_CVTL_models(SEARCH_METHOD, LAYER_CONFIG, BASE_MODEL, OPTIMIZER, LEARNING_RATE, N_NEURONS_FIRST_LAYER,
                        N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER, DROPOUT, N_RANDOM_MODELS, freeze_base_model,
                        BASE_MODEL_POOLING, which_model_mode_to_use, which_scale_to_use_mono, which_scale_to_use_di,
                        augmentation_multiplier, WHAT_LABELS_TO_USE):
    # Check that SEARCH_METHOD only contains one item
    if len(SEARCH_METHOD) > 1:
        my_print('Error in SEARCH_METHOD. Can only contain one item. Stopping program.', error=True)
        exit()

    my_dict_TL = dict()
    my_dict_random_TL = dict()
    TL_MODEL_PARAMETERS = []
    TL_MODELS_AND_LOSS_ARRAY = {}

    if SEARCH_METHOD[0] in ['GRID', 'Grid', 'grid']:
        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr in LEARNING_RATE:
                                for n_neurons1 in N_NEURONS_FIRST_LAYER:
                                    for n_neurons2 in N_NEURONS_SECOND_LAYER:
                                        for n_neurons3 in N_NEURONS_THIRD_LAYER:
                                            for dropout in DROPOUT:
                                                for aug_mult in augmentation_multiplier:
                                                    for label in WHAT_LABELS_TO_USE:
                                                        if 'mono' in which_model_mode_to_use:
                                                            for scale_in_mono in which_scale_to_use_mono:
                                                                my_dict_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                                                       n_neurons1=n_neurons1, n_neurons2=n_neurons2, n_neurons3=n_neurons3, dropout=dropout,
                                                                                       freeze_base_model=freeze, base_model_pooling=base_model_pooling,
                                                                                       which_scale_to_use=scale_in_mono, trained_epoches=0, early_stopping=0,
                                                                                       augment_multiplier=aug_mult, model_mode='mono', model_trained_flag=0, fold_trained_flag=0,
                                                                                       what_labels_to_use=label))
                                                                TL_MODEL_PARAMETERS.append(my_dict_TL.copy())
                                                                n = n + 1

                                                        if 'di' in which_model_mode_to_use:
                                                            for scale_in_di in which_scale_to_use_di:
                                                                my_dict_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                                                       n_neurons1=n_neurons1, n_neurons2=n_neurons2, n_neurons3=n_neurons3, dropout=dropout,
                                                                                       freeze_base_model=freeze, base_model_pooling=base_model_pooling,
                                                                                       which_scale_to_use=scale_in_di, trained_epoches=0, early_stopping=0,
                                                                                       augment_multiplier=aug_mult, model_mode='di', model_trained_flag=0, fold_trained_flag=0,
                                                                                       what_labels_to_use=label))
                                                                TL_MODEL_PARAMETERS.append(my_dict_TL.copy())
                                                                n = n + 1

                                                        if 'tri' in which_model_mode_to_use:
                                                            my_dict_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                                                   n_neurons1=n_neurons1, n_neurons2=n_neurons2, n_neurons3=n_neurons3, dropout=dropout,
                                                                                   freeze_base_model=freeze, base_model_pooling=base_model_pooling,
                                                                                   which_scale_to_use=['25x', '100x', '400x'], trained_epoches=0, early_stopping=0,
                                                                                   augment_multiplier=aug_mult, model_mode='tri', model_trained_flag=0, fold_trained_flag=0,
                                                                                   what_labels_to_use=label))
                                                            TL_MODEL_PARAMETERS.append(my_dict_TL.copy())
                                                            n = n + 1
    elif SEARCH_METHOD[0] in ['RANDOM', 'Random', 'random']:

        if len(LEARNING_RATE) == 2:
            learning_rate_list = get_random_floats(LEARNING_RATE[0], LEARNING_RATE[1], N_RANDOM_MODELS)
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) == 2:
            dropout_list = get_random_floats(DROPOUT[0], DROPOUT[1], N_RANDOM_MODELS)
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_random_integers(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_random_integers(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_random_integers(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2,
                                                              n_neurons3=neuron3, dropout=dropout, freeze_base_model=freeze, base_model_pooling=base_model_pooling,
                                                              trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    elif SEARCH_METHOD[0] in ['INTERPOLATE', 'Interpolate', 'interpolate']:
        if len(LEARNING_RATE) == 2:
            learning_rate_list = get_interpolated_range(LEARNING_RATE[0], LEARNING_RATE[1], N_RANDOM_MODELS, dtype=float)
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * N_RANDOM_MODELS
        else:
            my_print('Error in LEARNING_RATE. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) == 2:
            dropout_list = get_interpolated_range(DROPOUT[0], DROPOUT[1], N_RANDOM_MODELS, dtype=float)
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * N_RANDOM_MODELS
        else:
            my_print('Error in dropout_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) == 2:
            n_neurons1_list = get_interpolated_range(N_NEURONS_FIRST_LAYER[0], N_NEURONS_FIRST_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) == 2:
            n_neurons2_list = get_interpolated_range(N_NEURONS_SECOND_LAYER[0], N_NEURONS_SECOND_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or two items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) == 2:
            n_neurons3_list = get_interpolated_range(N_NEURONS_THIRD_LAYER[0], N_NEURONS_THIRD_LAYER[1], N_RANDOM_MODELS, dtype=int)
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * N_RANDOM_MODELS
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or two items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout, freeze_base_model=freeze,
                                                              base_model_pooling=base_model_pooling, trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    elif SEARCH_METHOD[0] in ['SHEET-MUSIC', 'Sheet-Music', 'Sheet-music', 'sheetmusic']:

        # Check that all vectors have the same length, or has a length of one.
        my_list = [LEARNING_RATE, DROPOUT, N_NEURONS_FIRST_LAYER, N_NEURONS_SECOND_LAYER, N_NEURONS_THIRD_LAYER]
        list_max_size = max(len(x) for x in my_list)

        # Go through each list and check that length is okay
        for curr_list in my_list:
            if len(curr_list) != list_max_size:
                if len(curr_list) != 1:
                    my_print('One hyperparameter list have the wrong size. All list must have equal length, or have length of 1. Stopping program.', error=True)
                    exit()

        if len(LEARNING_RATE) >= 2:
            learning_rate_list = LEARNING_RATE
        elif len(LEARNING_RATE) == 1:
            learning_rate_list = LEARNING_RATE * list_max_size
        else:
            my_print('Error in LEARNING_RATE. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(DROPOUT) >= 2:
            dropout_list = DROPOUT
        elif len(DROPOUT) == 1:
            dropout_list = DROPOUT * list_max_size
        else:
            my_print('Error in dropout_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_FIRST_LAYER) >= 2:
            n_neurons1_list = N_NEURONS_FIRST_LAYER
        elif len(N_NEURONS_FIRST_LAYER) == 1:
            n_neurons1_list = N_NEURONS_FIRST_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_FIRST_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_SECOND_LAYER) >= 2:
            n_neurons2_list = N_NEURONS_SECOND_LAYER
        elif len(N_NEURONS_SECOND_LAYER) == 1:
            n_neurons2_list = N_NEURONS_SECOND_LAYER * list_max_size
        else:
            my_print('Error in N_NEURONS_SECOND_LAYER. must contain one or more items. Stopping program.', error=True)
            exit()

        if len(N_NEURONS_THIRD_LAYER) >= 2:
            n_neurons3_list = N_NEURONS_THIRD_LAYER
        elif len(N_NEURONS_THIRD_LAYER) == 1:
            n_neurons3_list = N_NEURONS_THIRD_LAYER * list_max_size
        else:
            my_print('Error in n_neurons_third_layer_CF. must contain one or more items. Stopping program.', error=True)
            exit()

        # Create list of all classifier models
        n = 0
        for layer in LAYER_CONFIG:
            for base_model in BASE_MODEL:
                for freeze in freeze_base_model:
                    for base_model_pooling in BASE_MODEL_POOLING:
                        for optimizer in OPTIMIZER:
                            for lr, dropout, neuron1, neuron2, neuron3 in zip(learning_rate_list, dropout_list, n_neurons1_list, n_neurons2_list, n_neurons3_list):
                                my_dict_random_TL.update(dict(ID=n, layer_config=layer, base_model=base_model, optimizer=optimizer, learning_rate=lr,
                                                              n_neurons1=neuron1, n_neurons2=neuron2, n_neurons3=neuron3, dropout=dropout,
                                                              freeze_base_model=freeze, base_model_pooling=base_model_pooling, trained_epoches=0, early_stopping=0))
                                TL_MODEL_PARAMETERS.append(my_dict_random_TL.copy())
                                n = n + 1
    else:
        my_print('Error in SEARCH_METHOD. Must contain GRID, RANDOM, INTERPOLATE or SHEET-MUSIC. Stopping program.', error=True)
        exit()

    return TL_MODEL_PARAMETERS, TL_MODELS_AND_LOSS_ARRAY


def get_autoencoder_model(img_width, img_height, n_channels, layer_config, current_n_feature_maps, dropout, input_tensor=None):
    # Model input
    if input_tensor is None:
        image_input = Input(shape=(img_width, img_height, n_channels), name='input1')
    else:
        image_input = input_tensor

    # Define model architecture
    if layer_config == 'config1':
        encoder = Conv2D(filters=current_n_feature_maps,
                         kernel_size=3,
                         strides=(1, 1),
                         padding='SAME',
                         data_format=None,
                         dilation_rate=(1, 1),
                         activation='relu',
                         use_bias=True,
                         kernel_initializer='glorot_uniform',
                         bias_initializer='zeros',
                         kernel_regularizer=None,
                         bias_regularizer=None,
                         activity_regularizer=None,
                         kernel_constraint=None,
                         bias_constraint=None,
                         name='my_conv_1')(image_input)

        encoder = MaxPooling2D(pool_size=(2, 2),
                               strides=None,
                               padding='valid',
                               data_format=None,
                               name='my_pool_1')(encoder)

        encoder = Dropout(rate=dropout, noise_shape=None, seed=None)(encoder)

        encoder = Conv2D(filters=current_n_feature_maps,
                         kernel_size=3,
                         strides=(1, 1),
                         padding='SAME',
                         data_format=None,
                         dilation_rate=(1, 1),
                         activation='relu',
                         use_bias=True,
                         kernel_initializer='glorot_uniform',
                         bias_initializer='zeros',
                         kernel_regularizer=None,
                         bias_regularizer=None,
                         activity_regularizer=None,
                         kernel_constraint=None,
                         bias_constraint=None,
                         name='my_conv_2')(encoder)

        encoder = MaxPooling2D(pool_size=(2, 2),
                               strides=None,
                               padding='valid',
                               data_format=None,
                               name='my_pool_2')(encoder)

        encoder = Dropout(rate=dropout, noise_shape=None, seed=None)(encoder)

        resize_size = encoder._keras_shape
        encoder = Flatten(name='flatten')(encoder)

        encoder = Dense(units=(resize_size[1] * resize_size[2] * resize_size[3]) // 2,
                        activation='relu',
                        use_bias=True,
                        kernel_initializer='glorot_uniform',
                        bias_initializer='zeros',
                        kernel_regularizer=None,
                        bias_regularizer=None,
                        activity_regularizer=None,
                        kernel_constraint=None,
                        bias_constraint=None,
                        name='my_dense_1')(encoder)

        encoder = Dropout(rate=dropout, noise_shape=None, seed=None)(encoder)

        encoder = Dense(units=(resize_size[1] * resize_size[2] * resize_size[3]) // 4,
                        activation='relu',
                        use_bias=True,
                        kernel_initializer='glorot_uniform',
                        bias_initializer='zeros',
                        kernel_regularizer=None,
                        bias_regularizer=None,
                        activity_regularizer=None,
                        kernel_constraint=None,
                        bias_constraint=None,
                        name='my_dense_2')(encoder)

        encoder = Dropout(rate=dropout, noise_shape=None, seed=None)(encoder)

        latent_vector = Dense(units=(resize_size[1] * resize_size[2] * resize_size[3]) // 8,
                              activation='relu',
                              use_bias=True,
                              kernel_initializer='glorot_uniform',
                              bias_initializer='zeros',
                              kernel_regularizer=None,
                              bias_regularizer=None,
                              activity_regularizer=None,
                              kernel_constraint=None,
                              bias_constraint=None,
                              name='latent_vector')(encoder)

        latent_size = latent_vector._keras_shape[1]

        decoder = Dense(units=(resize_size[1] * resize_size[2] * resize_size[3]) // 4,
                        activation='relu',
                        use_bias=True,
                        kernel_initializer='glorot_uniform',
                        bias_initializer='zeros',
                        kernel_regularizer=None,
                        bias_regularizer=None,
                        activity_regularizer=None,
                        kernel_constraint=None,
                        bias_constraint=None)(latent_vector)

        decoder = Dropout(rate=dropout, noise_shape=None, seed=None)(decoder)

        decoder = Dense(units=(resize_size[1] * resize_size[2] * resize_size[3]) // 2,
                        activation='relu',
                        use_bias=True,
                        kernel_initializer='glorot_uniform',
                        bias_initializer='zeros',
                        kernel_regularizer=None,
                        bias_regularizer=None,
                        activity_regularizer=None,
                        kernel_constraint=None,
                        bias_constraint=None)(decoder)

        decoder = Dropout(rate=dropout, noise_shape=None, seed=None)(decoder)

        decoder = Dense(units=resize_size[1] * resize_size[2] * resize_size[3],
                        activation='relu',
                        use_bias=True,
                        kernel_initializer='glorot_uniform',
                        bias_initializer='zeros',
                        kernel_regularizer=None,
                        bias_regularizer=None,
                        activity_regularizer=None,
                        kernel_constraint=None,
                        bias_constraint=None)(decoder)

        decoder = Reshape(target_shape=(resize_size[1], resize_size[2], resize_size[3]))(decoder)

        decoder = UpSampling2D(size=(2, 2), data_format=None)(decoder)

        decoder = Dropout(rate=dropout, noise_shape=None, seed=None)(decoder)

        decoder = Conv2DTranspose(filters=current_n_feature_maps,
                                  kernel_size=3,
                                  strides=(1, 1),
                                  padding='SAME',
                                  data_format=None,
                                  activation='relu',
                                  use_bias=True,
                                  kernel_initializer='glorot_uniform',
                                  bias_initializer='zeros',
                                  kernel_regularizer=None,
                                  bias_regularizer=None,
                                  activity_regularizer=None,
                                  kernel_constraint=None,
                                  bias_constraint=None,
                                  name='my_deconv_1')(decoder)

        decoder = UpSampling2D(size=(2, 2), data_format=None)(decoder)

        decoder = Dropout(rate=dropout, noise_shape=None, seed=None)(decoder)

        my_output = Conv2DTranspose(filters=n_channels,
                                    kernel_size=3,
                                    strides=(1, 1),
                                    padding='SAME',
                                    data_format=None,
                                    activation='relu',
                                    use_bias=True,
                                    kernel_initializer='glorot_uniform',
                                    bias_initializer='zeros',
                                    kernel_regularizer=None,
                                    bias_regularizer=None,
                                    activity_regularizer=None,
                                    kernel_constraint=None,
                                    bias_constraint=None,
                                    name='my_output')(decoder)
    elif layer_config == 'config2':
        encoder = Conv2D(filters=current_n_feature_maps, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(image_input)

        encoder = MaxPooling2D(pool_size=(2, 2), strides=None, padding='same', data_format=None)(encoder)

        encoder = Conv2D(filters=current_n_feature_maps // 2, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(encoder)

        encoder = MaxPooling2D(pool_size=(2, 2), strides=None, padding='same', data_format=None)(encoder)

        encoder = Conv2D(filters=current_n_feature_maps // 2, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(encoder)

        latent_vector = MaxPooling2D(pool_size=(2, 2), strides=None, padding='same', data_format=None)(encoder)

        latent_size = latent_vector._keras_shape[1]

        decoder = Conv2D(filters=current_n_feature_maps // 2, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(latent_vector)

        decoder = UpSampling2D(size=(2, 2), data_format=None)(decoder)

        decoder = Conv2D(filters=current_n_feature_maps // 2, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(decoder)

        decoder = UpSampling2D(size=(2, 2), data_format=None)(decoder)

        decoder = Conv2D(filters=current_n_feature_maps, kernel_size=3, strides=1, padding='SAME', data_format=None,
                         dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                         kernel_constraint=None, bias_constraint=None)(decoder)

        # my_functions.my_print(decoder._keras_shape)

        decoder = UpSampling2D(size=(2, 2), data_format=None)(decoder)

        # my_functions.my_print(decoder._keras_shape)

        my_output = Conv2D(filters=n_channels, kernel_size=3, strides=1, padding='SAME', data_format=None,
                           dilation_rate=(1, 1), activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                           bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None, activity_regularizer=None,
                           kernel_constraint=None, bias_constraint=None, name='my_output')(decoder)
    else:
        my_print('Error in layer_config. Please choose another layer.', error=True)
        exit()

    # Define the models
    autoencoder_model = Model(image_input, my_output)
    encoder_model = Model(image_input, latent_vector)

    # create a placeholder for the latent vector
    # latent_vector_placeholder = Input(shape=(latent_size,))

    # retrieve the last layer of the autoencoder model
    # decoder_layer = autoencoder_model.layers[-1]

    # create the decoder model
    # decoder_model = Model(latent_vector_placeholder, decoder_layer(latent_vector_placeholder))

    return autoencoder_model, encoder_model, latent_size


def get_classifier_model(img_width, img_height, n_channels, N_CLASSES, layer_config, layer_config_AE, n_feature_maps_AE, dropout_AE,
                         n_neurons1, n_neurons2, n_neurons3, freeze_base_model, weight_save_path_AE, WHAT_AE_MODEL_EPOCH_TO_LOAD,
                         current_run_path, METADATA_PATH, model_no_AE, TRAINING_DATA_TAE_PICKLE_FILE):
    # Model input
    image_input = Input(shape=(img_width, img_height, n_channels), name='input2')

    # Get encoder model (Make sure to only specify ONE parameter for which autoencoder model to use)
    autoencoder_model, _, latent_size = get_autoencoder_model(img_width=img_width,
                                                              img_height=img_height,
                                                              n_channels=n_channels,
                                                              layer_config=layer_config_AE,
                                                              current_n_feature_maps=n_feature_maps_AE,
                                                              dropout=dropout_AE,
                                                              input_tensor=image_input)

    all_weights = os.listdir(weight_save_path_AE)
    all_weights = sorted(all_weights, key=lambda a: int(a.split("_")[1].split(".")[0]))

    if WHAT_AE_MODEL_EPOCH_TO_LOAD in ['LAST', 'Last', 'last']:
        # Define path for last saved weights
        last_weight = all_weights[-1]
        weight_filename = weight_save_path_AE + last_weight
    elif WHAT_AE_MODEL_EPOCH_TO_LOAD in ['BEST', 'Best', 'best']:
        # Restore training data (to get which epoch was the best
        pickle_reader = open(current_run_path + METADATA_PATH + str(model_no_AE) + TRAINING_DATA_TAE_PICKLE_FILE, 'rb')
        (batch_data, epochs_data, current_best_train_loss_data, current_best_train_acc_data, current_best_val_loss_data,
         current_best_val_acc_data, current_best_val_loss_epoch_data, epoch_time_start_data) = pickle.load(pickle_reader)
        pickle_reader.close()

        # Define path for best saved weights
        best_weight_filename = 'Epoch_' + str(current_best_val_loss_epoch_data) + '.h5'
        weight_filename = weight_save_path_AE + best_weight_filename

    elif isinstance(WHAT_AE_MODEL_EPOCH_TO_LOAD, int):
        # Define path for saved weights
        best_weight_filename = 'Epoch_' + str(WHAT_AE_MODEL_EPOCH_TO_LOAD) + '.h5'
        weight_filename = weight_save_path_AE + best_weight_filename
    else:
        my_print('Error in WHAT_AE_MODEL_EPOCH_TO_LOAD. Stopping program.', error=True)
        exit()

    # Check that file exist
    if not os.path.isfile(weight_filename):
        my_print('Autoencoder weightfile not found, jumping over this model.', error=True)
        return _, _, 'ERROR'

    # Load weights into autoencoder model
    autoencoder_model.load_weights(weight_filename)

    # Freeze all convolutional layers
    if freeze_base_model is True:
        for layer in autoencoder_model.layers:
            layer.trainable = False

    # Get last layer of base model
    last_layer = autoencoder_model.get_layer('latent_vector').output

    # Define model architecture
    if layer_config == 'config1':
        my_dense = Dense(units=n_neurons1, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense1')(last_layer)

    elif layer_config == 'config2':
        my_dense = Dense(units=n_neurons1, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense1')(last_layer)

        my_dense = Dense(units=n_neurons2, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense2')(my_dense)

    elif layer_config == 'config3':
        my_dense = Dense(units=n_neurons1, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense3')(last_layer)

        my_dense = Dense(units=n_neurons2, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense2')(my_dense)

        my_dense = Dense(units=n_neurons3, activation='relu', use_bias=True, kernel_initializer='glorot_uniform',
                         bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                         activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_dense1')(my_dense)
    else:
        my_print('Error in layer_config. Please choose another layer.', error=True)
        exit()

    # OUTPUT CLASSIFIER LAYER
    my_output = Dense(units=N_CLASSES, activation='softmax', use_bias=True, kernel_initializer='glorot_uniform',
                      bias_initializer='zeros', kernel_regularizer=None, bias_regularizer=None,
                      activity_regularizer=None, kernel_constraint=None, bias_constraint=None, name='my_output')(my_dense)

    # Define the models
    classifier_model = Model(image_input, my_output)

    return classifier_model, latent_size, 'OK'


def get_mono_scale_model(img_width, img_height, n_channels, N_CLASSES, base_model, layer_config, n_neurons1,
                         n_neurons2, n_neurons3, freeze_base_model, base_model_pooling, dropout):
    # Model input
    image_input = Input(shape=(img_width, img_height, n_channels), name='input2')

    # VGG16
    if base_model in ['vgg16', 'VGG16', 'Vgg16']:
        # Check that input size is valid for this base model.
        if img_width >= 48 and img_height >= 48:
            TL_base_model = VGG16(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.get_layer('block5_pool').output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 48. Stopping program.', error=True)
            exit()

    # VGG19
    elif base_model in ['vgg19', 'VGG19', 'Vgg19']:
        # Check that input size is valid for this base model.
        if img_width >= 48 and img_height >= 48:
            TL_base_model = VGG19(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.get_layer('block5_pool').output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 48. Stopping program.', error=True)
            exit()

    # XCEPTION
    elif base_model in ['Xception', 'xception']:
        # Check that input size is valid for this base model.
        if img_width >= 71 and img_height >= 71:
            TL_base_model = Xception(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 71. Stopping program.', error=True)
            exit()

    # RESNET50 (base model is 175 layers)
    elif base_model in ['ResNet50', 'Resnet50', 'resnet50', 'resnet']:
        # Check that input size is valid for this base model.
        if img_width >= 197 and img_height >= 197:
            TL_base_model = ResNet50(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 197. Stopping program.', error=True)
            exit()

    # INCEPTIONV3
    elif base_model in ['InceptionV3', 'Inception', 'inception']:
        # Check that input size is valid for this base model.
        if img_width >= 139 and img_height >= 139:
            TL_base_model = InceptionV3(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 139. Stopping program.', error=True)
            exit()

    # INCEPTIONRESNETV2
    elif base_model in ['InceptionResNetV2', 'InceptionresnetV2', 'Inceptionresnet', 'inceptionresnetV2', 'inceptionresnet']:
        # Check that input size is valid for this base model.
        if img_width >= 139 and img_height >= 139:
            TL_base_model = InceptionResNetV2(input_tensor=image_input, include_top=False, weights='imagenet', pooling=None)
            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            last_layer = TL_base_model.output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                flatten_layer = GlobalAveragePooling2D()(last_layer)
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                flatten_layer = GlobalMaxPooling2D()(last_layer)
            elif base_model_pooling in ['NONE', 'None', 'none']:
                flatten_layer = Flatten(name='flatten')(last_layer)
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 139. Stopping program.', error=True)
            exit()
    else:
        my_print('Error in transfer learning base_model. Please choose another base model. Stopping program.', error=True)
        exit()

    # Get size of "latent vector"
    latent_vector_size = 1
    if base_model_pooling in ['NONE', 'None', 'none']:
        for n in range(1, 4):
            latent_vector_size *= last_layer.get_shape().as_list()[n]
    elif base_model_pooling in ['AVG', 'Avg', 'avg', 'MAX', 'Max', 'max']:
        latent_vector_size = flatten_layer.get_shape().as_list()[1]

    # Freeze all convolutional layers
    if freeze_base_model is True:
        for layer in TL_base_model.layers:
            layer.trainable = False

        # for layer in TL_base_model.layers[:25]:
        # layer.trainable = False

    # Define new classifier architecture
    if layer_config == 'config0':
        my_dense = flatten_layer
    elif layer_config == 'config1':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(flatten_layer)
    elif layer_config == 'config2':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(flatten_layer)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
    elif layer_config == 'config3':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(flatten_layer)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dense(n_neurons3, activation='relu', name='my_dense3')(my_dense)
    elif layer_config == 'config4':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(flatten_layer)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
    elif layer_config == 'config5':
        my_dense = Conv2D(n_neurons1, (7, 7), activation='relu', padding='same', name='fc1')(flatten_layer)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
        my_dense = Conv2D(n_neurons2, (1, 1), activation='relu', padding='same', name='fc2')(my_dense)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
    elif layer_config == 'config6':
        n = 4096
        IMAGE_ORDERING = "channels_last"
        o = (Conv2D(n, (7, 7), activation='relu', padding='same', name="conv6", data_format=IMAGE_ORDERING))(last_layer)
        conv7 = (Conv2D(n, (1, 1), activation='relu', padding='same', name="conv7", data_format=IMAGE_ORDERING))(o)

        ## 4 times upsamping for pool4 layer
        conv7_4 = Conv2DTranspose(N_CLASSES, kernel_size=(4, 4), strides=(4, 4), use_bias=False, data_format=IMAGE_ORDERING)(conv7)
        ## (None, 224, 224, 10)

        pool3 = TL_base_model.get_layer('block3_pool').output
        pool4 = TL_base_model.get_layer('block4_pool').output

        ## 2 times upsampling for pool411
        pool411 = (Conv2D(N_CLASSES, (1, 1), activation='relu', padding='same', name="pool4_11", data_format=IMAGE_ORDERING))(pool4)
        pool411_2 = (Conv2DTranspose(N_CLASSES, kernel_size=(2, 2), strides=(2, 2), use_bias=False, data_format=IMAGE_ORDERING))(pool411)

        pool311 = (Conv2D(N_CLASSES, (1, 1), activation='relu', padding='same', name="pool3_11", data_format=IMAGE_ORDERING))(pool3)

        o = Add(name="add")([pool411_2, pool311, conv7_4])
        o = Conv2DTranspose(N_CLASSES, kernel_size=(8, 8), strides=(8, 8), use_bias=False, data_format=IMAGE_ORDERING)(o)
        o = (Activation('softmax'))(o)

        # Define the models
        TL_classifier_model = Model(image_input, o)

        return TL_classifier_model, latent_vector_size
    else:
        my_print('Error in layer_config. Please choose another layer.', error=True)
        exit()

    # OUTPUT CLASSIFIER LAYER
    my_output = Dense(N_CLASSES, activation='softmax', name='my_output')(my_dense)

    # Define the models
    TL_classifier_model = Model(image_input, my_output)

    return TL_classifier_model, latent_vector_size


def get_di_scale_model(img_width, img_height, n_channels, N_CLASSES, base_model, layer_config, n_neurons1,
                       n_neurons2, n_neurons3, freeze_base_model, base_model_pooling, dropout):
    # Model input
    image_input_400x = Input(shape=(img_width, img_height, n_channels), name='input_400x')
    image_input_100x = Input(shape=(img_width, img_height, n_channels), name='input_100x')

    # VGG16
    if base_model in ['vgg16', 'VGG16', 'Vgg16']:
        # Check that input size is valid for this base model.
        if img_width >= 48 and img_height >= 48:

            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            # last_layer_10x = base_model_10x.get_layer('block5_pool').output
            # last_layer_40x = base_model_40x.get_layer('block5_pool').output

            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='avg')
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='avg')

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output
            elif base_model_pooling in ['MAX', 'Max', 'max']:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='max')
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='max')

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output
            elif base_model_pooling in ['NONE', 'None', 'none', None]:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling=None)
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling=None)

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output

                # Get size of "latent vector"
                latent_vector_size = 1
                for n in range(1, 4):
                    latent_vector_size *= last_layer_400x.get_shape().as_list()[n]

                last_layer_400x = Flatten(name='flatten_400x')(last_layer_400x)
                last_layer_100x = Flatten(name='flatten_100x')(last_layer_100x)

            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 48. Stopping program.', error=True)
            exit()

    # XCEPTION
    elif base_model in ['Xception', 'xception']:
        # Check that input size is valid for this base model.
        if img_width >= 71 and img_height >= 71:

            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            # last_layer = TL_base_model.output
            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:
                base_model_400x = Xception(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='avg')
                base_model_100x = Xception(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='avg')
                # Remove the existing classifier from the model, get the last convolutional/pooling layer.
                last_layer_400x = base_model_400x.output
                last_layer_100x = base_model_100x.output
            elif base_model_pooling in ['MAX', 'Max', 'max']:
                base_model_400x = Xception(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='max')
                base_model_100x = Xception(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='max')
                # Remove the existing classifier from the model, get the last convolutional/pooling layer.
                last_layer_400x = base_model_400x.output
                last_layer_100x = base_model_100x.output
            elif base_model_pooling in ['NONE', 'None', 'none']:
                base_model_400x = Xception(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling=None)
                base_model_100x = Xception(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling=None)
                # Remove the existing classifier from the model, get the last convolutional/pooling layer.
                last_layer_400x = base_model_400x.output
                last_layer_100x = base_model_100x.output
            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 71. Stopping program.', error=True)
            exit()

    else:
        my_print('Error in transfer learning base_model. Please choose another base model. Stopping program.', error=True)
        exit()

    # Get size of "latent vector"
    if base_model_pooling in ['AVG', 'Avg', 'avg', 'MAX', 'Max', 'max']:
        latent_vector_size = last_layer_400x.get_shape().as_list()[1]

    # Rename all layers in first model
    for layer in base_model_100x.layers:
        layer.name = layer.name + str("_10x")

    # Freeze all convolutional layers
    if freeze_base_model is True:
        for layer in base_model_400x.layers:
            layer.trainable = False

        for layer in base_model_100x.layers:
            layer.trainable = False

        # for layer in TL_base_model.layers[:25]:
        # layer.trainable = False

    # Concatenate models
    x = keras.layers.concatenate([last_layer_400x, last_layer_100x], axis=-1)

    # Define new classifier architecture
    if layer_config == 'config1':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
    elif layer_config == 'config2':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
    elif layer_config == 'config3':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dense(n_neurons3, activation='relu', name='my_dense3')(my_dense)
    elif layer_config == 'config4':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
    else:
        my_print('Error in layer_config. Please choose another layer.', error=True)
        exit()

    # OUTPUT CLASSIFIER LAYER
    my_output = Dense(N_CLASSES, activation='softmax', name='my_output')(my_dense)

    # Define the models
    TL_classifier_model = Model(inputs=[image_input_400x, image_input_100x], outputs=my_output)

    return TL_classifier_model, latent_vector_size


def get_tri_scale_model(img_width, img_height, n_channels, N_CLASSES, base_model, layer_config, n_neurons1,
                        n_neurons2, n_neurons3, freeze_base_model, base_model_pooling, dropout):
    # Model input
    image_input_400x = Input(shape=(img_width, img_height, n_channels), name='input_400x')
    image_input_100x = Input(shape=(img_width, img_height, n_channels), name='input_100x')
    image_input_25x = Input(shape=(img_width, img_height, n_channels), name='input_25x')

    # VGG16
    if base_model in ['vgg16', 'VGG16', 'Vgg16']:
        # Check that input size is valid for this base model.
        if img_width >= 48 and img_height >= 48:

            # Remove the existing classifier from the model, get the last convolutional/pooling layer.
            # last_layer_10x = base_model_10x.get_layer('block5_pool').output
            # last_layer_40x = base_model_40x.get_layer('block5_pool').output

            # FLATTEN LAYER
            if base_model_pooling in ['AVG', 'Avg', 'avg']:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='avg')
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='avg')
                base_model_25x = VGG16(input_tensor=image_input_25x, include_top=False, weights='imagenet', pooling='avg')

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output
                last_layer_25x = base_model_25x.layers[-1].output
            elif base_model_pooling in ['MAX', 'Max', 'max']:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling='max')
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling='max')
                base_model_25x = VGG16(input_tensor=image_input_25x, include_top=False, weights='imagenet', pooling='max')

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output
                last_layer_25x = base_model_25x.layers[-1].output
            elif base_model_pooling in ['NONE', 'None', 'none', None]:

                base_model_400x = VGG16(input_tensor=image_input_400x, include_top=False, weights='imagenet', pooling=None)
                base_model_100x = VGG16(input_tensor=image_input_100x, include_top=False, weights='imagenet', pooling=None)
                base_model_25x = VGG16(input_tensor=image_input_25x, include_top=False, weights='imagenet', pooling=None)

                last_layer_400x = base_model_400x.layers[-1].output
                last_layer_100x = base_model_100x.layers[-1].output
                last_layer_25x = base_model_25x.layers[-1].output

                # Get size of "latent vector"
                latent_vector_size = 1
                for n in range(1, 4):
                    latent_vector_size *= last_layer_400x.get_shape().as_list()[n]

                last_layer_400x = Flatten(name='flatten_400x')(last_layer_400x)
                last_layer_100x = Flatten(name='flatten_100x')(last_layer_100x)
                last_layer_25x = Flatten(name='flatten_25x')(last_layer_25x)

            else:
                my_print('Error in base_model_pooling_MSTL. Stopping program.', error=True)
                exit()
        else:
            my_print('Error in input size for this transfer learning base model. Minimum size is 48. Stopping program.', error=True)
            exit()
    else:
        my_print('Error in transfer learning base_model. Please choose another base model. Stopping program.', error=True)
        exit()

    # Get size of "latent vector"
    if base_model_pooling in ['AVG', 'Avg', 'avg', 'MAX', 'Max', 'max']:
        latent_vector_size = last_layer_400x.get_shape().as_list()[1]

    # Rename all layers in first model
    for layer in base_model_100x.layers:
        layer.name = layer.name + str("_100x")

    # Rename all layers in second model
    for layer in base_model_25x.layers:
        layer.name = layer.name + str("_25x")

    # Freeze all convolutional layers
    if freeze_base_model is True:
        for layer in base_model_400x.layers:
            layer.trainable = False

        for layer in base_model_100x.layers:
            layer.trainable = False

        for layer in base_model_25x.layers:
            layer.trainable = False

        # for layer in TL_base_model.layers[:25]:
        # layer.trainable = False

    # Add fully-connected layers after each VGG16 and before concatenation
    # last_layer_40x = Dense(512, activation='relu', name='pre_dense_40x')(last_layer_40x)
    # last_layer_10x = Dense(512, activation='relu', name='pre_dense_10')(last_layer_10x)
    # last_layer_2x = Dense(512, activation='relu', name='pre_dense_2x')(last_layer_2x)

    # Concatenate models
    x = keras.layers.concatenate([last_layer_400x, last_layer_100x, last_layer_25x], axis=-1)

    # Define new classifier architecture
    if layer_config == 'config0':
        my_dense = x
    elif layer_config == 'config1':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
    elif layer_config == 'config2':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
    elif layer_config == 'config3':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dense(n_neurons3, activation='relu', name='my_dense3')(my_dense)
    elif layer_config == 'config4':
        my_dense = Dense(n_neurons1, activation='relu', name='my_dense1')(x)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
        my_dense = Dense(n_neurons2, activation='relu', name='my_dense2')(my_dense)
        my_dense = Dropout(rate=dropout, noise_shape=None, seed=None)(my_dense)
    else:
        my_print('Error in layer_config. Please choose another layer.', error=True)
        exit()

    # OUTPUT CLASSIFIER LAYER
    my_output = Dense(N_CLASSES, activation='softmax', name='my_output')(my_dense)

    # Define the models
    TL_classifier_model = Model(inputs=[image_input_400x, image_input_100x, image_input_25x], outputs=my_output)

    return TL_classifier_model, latent_vector_size


# endregion


# region PLOTTING / SAVING
def save_confusion_matrix(classes, y_pred, name_of_classes, epoch, summary_path, current_model_name, folder_name, title='Confusion matrix', cmap=plt.cm.Blues):
    # This function prints and plots the confusion matrix.
    cm_label = []
    for p in range(len(name_of_classes)):
        cm_label.append(p)

    cm = confusion_matrix(y_true=classes,
                          y_pred=y_pred,
                          labels=cm_label)

    plt.imshow(cm, interpolation='nearest', cmap=cmap)
    plt.title(title)
    plt.colorbar()
    tick_marks = np.arange(len(name_of_classes))
    plt.xticks(tick_marks, name_of_classes, rotation=45)
    plt.yticks(tick_marks, name_of_classes)

    thresh = cm.max() / 2.
    for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):
        plt.text(j, i, cm[i, j],
                 horizontalalignment="center",
                 color="white" if cm[i, j] > thresh else "black")

    plt.tight_layout()
    plt.ylabel('True label')
    plt.xlabel('Predicted label')

    # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plot_filepath = '{}{}/{}/'.format(summary_path, current_model_name, folder_name)
    os.makedirs(plot_filepath, exist_ok=True)
    plt.savefig(plot_filepath + 'Confusion_matrix_epoch_' + str(epoch) + '.png', dpi=200)
    plt.close()
    plt.cla()


def save_classification_report(classes, y_pred, name_of_classes, summary_path, current_model_name, classification_reports, epochs):
    # Create a classification report folder
    path = summary_path + current_model_name + classification_reports
    os.makedirs(path, exist_ok=True)

    CR = classification_report(y_true=classes,
                               y_pred=y_pred,
                               target_names=name_of_classes,
                               digits=6)

    # Parse the classification report, so we can save it to a CSV file
    tmp = list()
    for row in CR.split("\n"):
        parsed_row = [x for x in row.split("  ") if len(x) > 0]
        if len(parsed_row) > 0:
            tmp.append(parsed_row)

    # Add an empty item to line up header in CSV file
    tmp[0].insert(0, '')

    # Save to CSV
    with open(path + 'validation_classification_report_' + str(epochs) + '.csv', 'w') as newFile:
        newFileWriter = csv.writer(newFile, delimiter=';', lineterminator='\r', quoting=csv.QUOTE_MINIMAL)
        for rows in range(len(tmp)):
            newFileWriter.writerow(tmp[rows])


def save_autoencoder_images(input, model, current_epoch, summary_path, current_model_name, FIGURE_PATH, n_channels):
    # how many images we will display
    n = 10

    f, a = plt.subplots(2, n, figsize=(n, 3))
    a[0][0].set_title('Input images (epoch {})'.format(current_epoch), loc='left')
    a[1][0].set_title('Reconstructed images', loc='left')

    # Check if image in grayscale or RGB
    if n_channels == 1:
        # Save 10 Grayscale images
        for i in range(n):
            curr_img = np.expand_dims(input[0][i], axis=0)
            pred = model.predict(x=curr_img)
            pred_sq = pred[0, :, :, :]
            a[0][i].imshow(np.squeeze(input[0][i]), cmap='gray')
            a[1][i].imshow(np.squeeze(pred_sq), cmap='gray')
            a[0][i].axis('off')
            a[1][i].axis('off')
    elif n_channels == 3:
        # Save 10 RGB images
        for i in range(n):
            curr_img = np.expand_dims(input[0][i], axis=0)
            pred = model.predict(x=curr_img)
            pred_sq = pred[0, :, :, :]
            # a[0][i].imshow(255 - input[0][i].astype(np.uint8))
            a[0][i].imshow(input[0][i].astype(np.uint8))
            a[1][i].imshow(pred_sq.astype(np.uint8))
            a[0][i].axis('off')
            a[1][i].axis('off')

    plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plot_filepath = '{}{}{}/'.format(summary_path, current_model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)
    f.savefig(plot_filepath + 'reconstruction_epoch_' + str(current_epoch) + '_' + plot_timestamp + '.png', dpi=200)
    plt.close(f)
    plt.cla()


def save_latent_vector_images(input, model, current_epoch, summary_path, current_model_name, FIGURE_PATH, n_channels):
    # how many digits we will display
    n = 10
    # Save 10 RGB images
    f, a = plt.subplots(2, n, figsize=(n, 3))
    a[0][0].set_title('Input images (epoch {})'.format(current_epoch), loc='left')
    a[1][0].set_title('Latent vector', loc='left')

    # Check if image in grayscale or RGB
    if n_channels == 1:
        for i in range(n):
            curr_img = np.expand_dims(input[0][i], axis=0)
            latent_space = model.predict(x=curr_img)
            length, width = image_size_factors(np.shape(latent_space)[1])
            a[0][i].imshow(np.squeeze(input[0][i]), cmap='gray')
            a[1][i].imshow(latent_space[0].reshape(length, width), cmap='gray')
            a[0][i].axis('off')
            a[1][i].axis('off')
    elif n_channels == 3:
        for i in range(n):
            curr_img = np.expand_dims(input[0][i], axis=0)
            latent_space = model.predict(x=curr_img)
            length, width = image_size_factors(np.shape(latent_space)[1])
            # a[0][i].imshow(255 - input[0][i].astype(np.uint8))
            a[0][i].imshow(input[0][i].astype(np.uint8))
            a[1][i].imshow(latent_space[0].reshape(length, width), cmap='gray')
            a[0][i].axis('off')
            a[1][i].axis('off')

    plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plot_filepath = '{}{}{}/'.format(summary_path, current_model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)
    f.savefig(plot_filepath + 'latent_vector_epoch_' + str(current_epoch) + '_' + plot_timestamp + '.png', dpi=200)
    plt.close(f)
    plt.cla()


def my_plot_misclassifications(current_epoch, image_400x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                               SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image_400x together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(2, n_plots, figsize=(10, 3), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image_400x index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                # a[1][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[1][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[1][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[1][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[1][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[1][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[1][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[1][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            # Plot image_400x and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image_400x

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[1][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[1][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[0][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[0][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[1][i].set_yticks(classes)  # Set number of y-ticks
            a[1][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[1][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[1][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image_400x

            for tic in a[1][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[1][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_di_scale_misclassifications(current_epoch, image_400x, image_100x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                        SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image_400x together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(3, n_plots, figsize=(10, 4), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image_400x index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                a[1][current_plot].set_title('Input images', loc='left', fontsize=12)
                # a[2][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[2][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[2][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[2][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[2][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[2][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[2][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[2][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[2][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[2][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks
            a[1][current_plot].set_yticks([])  # Remove y-ticks
            a[1][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            a[1][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            # Plot image_400x and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
                a[1][current_plot].imshow(np.squeeze(image_100x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image_400x
                a[1][current_plot].imshow(image_100x[current_img].astype(np.uint8))  # plot image_400x

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[2][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[2][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[1][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[1][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[2][i].set_yticks(classes)  # Set number of y-ticks
            a[2][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[2][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[2][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image_400x

            for tic in a[2][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[2][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        # fig.savefig(plot_filepath + plot_timestamp + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(current_figure) + '.png', dpi=200)
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_tri_scale_misclassifications(current_epoch, image_400x, image_100x, image_25x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                         SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(4, n_plots, figsize=(10, 5), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images 400x - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                a[1][current_plot].set_title('Input images 100x', loc='left', fontsize=12)
                a[2][current_plot].set_title('Input images 25x', loc='left', fontsize=12)
                # a[3][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[3][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[3][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[3][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[3][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[3][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[3][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[3][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[3][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[3][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks
            a[1][current_plot].set_yticks([])  # Remove y-ticks
            a[1][current_plot].set_xticks([])  # Remove x-ticks
            a[2][current_plot].set_yticks([])  # Remove y-ticks
            a[2][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            a[1][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            a[2][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            # Plot image and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image
                a[1][current_plot].imshow(np.squeeze(image_100x[current_img].astype(np.uint8)), cmap='gray')  # plot image
                a[2][current_plot].imshow(np.squeeze(image_25x[current_img].astype(np.uint8)), cmap='gray')  # plot image
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image
                a[1][current_plot].imshow(image_100x[current_img].astype(np.uint8))  # plot image
                a[2][current_plot].imshow(image_25x[current_img].astype(np.uint8))  # plot image

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[3][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[3][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[2][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[2][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[3][i].set_yticks(classes)  # Set number of y-ticks
            a[3][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[3][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[3][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image

            for tic in a[3][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[3][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        # fig.savefig(plot_filepath + plot_timestamp + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_example_tissue_mono_scale(current_epoch, image_400x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                      SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(2, n_plots, figsize=(10, 3), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image_400x index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                # a[1][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[1][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[1][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[1][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[1][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[1][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[1][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[1][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            # Plot image_400x and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image_400x

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[1][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[1][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[0][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[0][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[1][i].set_yticks(classes)  # Set number of y-ticks
            a[1][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[1][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[1][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image_400x

            for tic in a[1][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[1][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_example_diagnostic_mono_scale(current_epoch, image_400x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                          SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image_400x together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(2, n_plots, figsize=(10, 3), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image_400x index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                # a[1][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[1][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[1][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[1][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[1][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[1][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[1][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[1][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[1][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            # Plot image_400x and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image_400x

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[1][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[1][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[0][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[0][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[1][i].set_yticks(classes)  # Set number of y-ticks
            a[1][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[1][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[1][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[1][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image_400x

            for tic in a[1][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[1][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_example_diagnostic_di_scale(current_epoch, image_400x, image_100x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                        SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image_400x together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(3, n_plots, figsize=(10, 4), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image_400x index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images 400x - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                a[1][current_plot].set_title('Input images 100x', loc='left', fontsize=12)
                # a[2][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[2][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[2][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[2][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[2][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[2][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[2][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[2][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[2][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[2][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks
            a[1][current_plot].set_yticks([])  # Remove y-ticks
            a[1][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            a[1][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image_400x
            a[1][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image_400x

            # Plot image_400x and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
                a[1][current_plot].imshow(np.squeeze(image_100x[current_img].astype(np.uint8)), cmap='gray')  # plot image_400x
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image_400x
                a[1][current_plot].imshow(image_100x[current_img].astype(np.uint8))  # plot image_400x

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[2][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[2][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[1][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[1][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[2][i].set_yticks(classes)  # Set number of y-ticks
            a[2][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[2][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[2][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image_400x
            a[2][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image_400x

            for tic in a[2][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[2][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        # fig.savefig(plot_filepath + plot_timestamp + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(current_figure) + '.png', dpi=200)
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def my_plot_example_diagnostic_tri_scale(current_epoch, image_400x, image_100x, image_25x, y_true, y_pred, N_CLASSES_CF, NAME_OF_CLASSES,
                                         SUMMARY_PATH, model_name, FIGURE_PATH, n_channels, name_of_classes_array, prediction_type):
    # Plot input image together with my_pred and save to plot_filepath

    # Calculate number of plots
    if len(y_true) > 10:
        n_figures = math.ceil(len(y_true) / 10)
    else:
        n_figures = 1

    # Create path and check that folder exist
    # plot_filepath = '{}{}{}/{}/'.format(current_model_path, SUMMARY_PATH, FIGURE_PATH, folder)
    plot_filepath = '{}{}{}/'.format(SUMMARY_PATH, model_name, FIGURE_PATH)
    os.makedirs(plot_filepath, exist_ok=True)

    # Make a vector with the same number as classes
    classes = []
    for i in range(N_CLASSES_CF):
        classes.append(i)

    # Plot each figure
    for current_figure in range(n_figures):

        # Calculate number of sub-plots in current figure
        if current_figure == n_figures - 1:
            n_plots = len(y_true) - 10 * (n_figures - 1)
        else:
            n_plots = 10

        # Make a new figure
        fig, a = plt.subplots(4, n_plots, figsize=(10, 5), squeeze=False)

        # Loop through each sub-plot
        for current_plot in range(n_plots):

            # Update current image index
            current_img = 10 * current_figure + current_plot

            if current_plot == 0:
                a[0][current_plot].set_title('Input images 400x - {} (epoch {})'.format(prediction_type, current_epoch), loc='left', fontsize=12)
                a[1][current_plot].set_title('Input images 100x', loc='left', fontsize=12)
                a[2][current_plot].set_title('Input images 25x', loc='left', fontsize=12)
                # a[3][current_plot].set_title('Prediction', loc='left', fontsize=12)
                a[3][current_plot].set_yticks(classes)  # Set number of y-ticks
                # a[3][i].set_yticklabels(['Class 0:', 'Class 1:'])  # Set label of y-ticks
                a[3][current_plot].set_yticklabels(name_of_classes_array)  # Set label of y-ticks
                a[3][current_plot].set_xticks([0, 1])  # specify x-ticks
                a[3][current_plot].set_xticklabels(['0%', '100%'])  # Set label of y-ticks
            else:
                a[3][current_plot].set_xticks([0, 1])  # Set number of y-ticks
                a[3][current_plot].set_xticklabels([''])  # Set label of y-ticks
                a[3][current_plot].set_yticks(classes)  # Set number of y-ticks
                a[3][current_plot].set_yticklabels([''])  # Set label of y-ticks

            a[0][current_plot].set_yticks([])  # Remove y-ticks
            a[0][current_plot].set_xticks([])  # Remove x-ticks
            a[1][current_plot].set_yticks([])  # Remove y-ticks
            a[1][current_plot].set_xticks([])  # Remove x-ticks
            a[2][current_plot].set_yticks([])  # Remove y-ticks
            a[2][current_plot].set_xticks([])  # Remove x-ticks

            a[0][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[0][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            a[1][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[1][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            a[2][current_plot].spines['top'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['right'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['bottom'].set_linewidth(0)  # remove boarder around image
            a[2][current_plot].spines['left'].set_linewidth(0)  # remove boarder around image

            # Plot image and bar chart
            # Keras generated images is in a float64 format, which appears to be fine for Keras, but not for Matplotlib.
            # Casting the NumPy array to a uint8 for correct colors
            if n_channels == 1:
                a[0][current_plot].imshow(np.squeeze(image_400x[current_img].astype(np.uint8)), cmap='gray')  # plot image
                a[1][current_plot].imshow(np.squeeze(image_100x[current_img].astype(np.uint8)), cmap='gray')  # plot image
                a[2][current_plot].imshow(np.squeeze(image_25x[current_img].astype(np.uint8)), cmap='gray')  # plot image
            elif n_channels == 3:
                a[0][current_plot].imshow(image_400x[current_img].astype(np.uint8))  # plot image
                a[1][current_plot].imshow(image_100x[current_img].astype(np.uint8))  # plot image
                a[2][current_plot].imshow(image_25x[current_img].astype(np.uint8))  # plot image

            # Create a vector for the true label, used to draw on the bar chart.
            y_true_draw_vector = [0] * len(NAME_OF_CLASSES)
            y_true_draw_vector[y_true[current_img]] = 1

            # Draw the vectors on the bar chart.
            a[3][current_plot].barh(classes, y_true_draw_vector, align='center', color='green', edgecolor='None')  # plot horizontal bar graph
            a[3][current_plot].barh(classes, np.round(y_pred[current_img], 1), height=0.5, color='red', align='center', edgecolor='None')  # plot horizontal bar graph

            # Plot axis label
            if current_plot == 0:
                a[2][current_plot].set_xlabel('True class: ' + str(y_true[current_img]), fontsize=8)  # set the xlabel
            else:
                a[2][current_plot].set_xlabel(y_true[current_img], fontsize=8)  # set the xlabel

            # a[3][i].set_yticks(classes)  # Set number of y-ticks
            a[3][current_plot].tick_params(axis='both', which='major', labelsize=6)
            # a[3][i].set_xlabel('score', fontsize=8)             # Set xlabel

            a[3][current_plot].spines['top'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['right'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['bottom'].set_linewidth(0.2)  # specify boarder width around image
            a[3][current_plot].spines['left'].set_linewidth(0.2)  # specify boarder width around image

            for tic in a[3][current_plot].xaxis.get_major_ticks():
                tic.tick1line.set_visible = False
            for tic in a[3][current_plot].yaxis.get_major_ticks():
                tic.tick1line.set_visible = False

            # Go to next plot
            current_plot += 1

        # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
        # fig.savefig(plot_filepath + plot_timestamp + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(current_figure) + '.png', dpi=200)
        # fig.savefig(plot_filepath + 'Figure_' + str(image_index) + '.png', dpi=200)
        fig.savefig(plot_filepath + 'Epoch_' + str(current_epoch) + '_Figure_' + str(current_figure) + '.png', dpi=200)
        plt.close(fig)
        plt.cla()


def plot_confusion_matrix(cm, epoch, classes, SUMMARY_PATH, folder_name, title='Confusion matrix', cmap=plt.cm.Blues):
    # This function prints and plots the confusion matrix.
    plt.imshow(cm, interpolation='nearest', cmap=cmap)
    plt.title(title)
    plt.colorbar()
    tick_marks = np.arange(len(classes))
    plt.xticks(tick_marks, classes, rotation=45)
    plt.yticks(tick_marks, classes)

    thresh = cm.max() / 2.
    for i, j in itertools.product(range(cm.shape[0]), range(cm.shape[1])):
        plt.text(j, i, cm[i, j],
                 horizontalalignment="center",
                 color="white" if cm[i, j] > thresh else "black")

    plt.tight_layout()
    plt.ylabel('True label')
    plt.xlabel('Predicted label')

    # plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plot_filepath = '{}{}/'.format(SUMMARY_PATH, folder_name)
    os.makedirs(plot_filepath, exist_ok=True)
    plt.savefig(plot_filepath + 'Confusion_matrix_epoch_' + str(epoch) + '.png', dpi=200)
    plt.close()
    plt.cla()


def save_history_plot(history, path, mode, model_no):
    # summarize history for accuracy
    plt.plot(history.history['accuracy'])
    plt.plot(history.history['val_accuracy'])
    title = '{} - model {} - accuracy'.format(mode, model_no)
    plt.title(title)
    plt.ylabel('accuracy')
    # plt.ylim(0.6, 1.05)  # set the ylim to ymin, ymax
    plt.xlabel('epoch')
    plt.legend(['train', 'validation'], loc='lower right')
    plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plt.savefig(path + 'accuracy_plot_ ' + plot_timestamp + '.png', dpi=200)
    plt.close()
    plt.cla()

    # summarize history for loss
    plt.plot(history.history['loss'])
    plt.plot(history.history['val_loss'])
    title = '{} - model {} - loss'.format(mode, model_no)
    plt.title(title)
    plt.ylabel('loss')
    # plt.ylim(-0.5, 1)  # set the ylim to ymin, ymax
    plt.xlabel('epoch')
    plt.legend(['train', 'validation'], loc='upper right')
    plt.savefig(path + 'loss_plot_' + plot_timestamp + '.png', dpi=200)
    plt.close()
    plt.cla()


def save_history_plot_only_training(history, path, mode, model_no):
    # summarize history for accuracy
    plt.plot(history.history['accuracy'])
    title = '{} - model {} - accuracy'.format(mode, model_no)
    plt.title(title)
    plt.ylabel('accuracy')
    # plt.ylim(0.6, 1.05)  # set the ylim to ymin, ymax
    plt.xlabel('epoch')
    plt.legend(['train'], loc='lower right')
    plot_timestamp = datetime.datetime.fromtimestamp(time.time()).strftime('%Y-%m-%d %H-%M-%S')
    plt.savefig(path + 'accuracy_plot_ ' + plot_timestamp + '.png', dpi=200)
    plt.close()
    plt.cla()

    # summarize history for loss
    plt.plot(history.history['loss'])
    title = '{} - model {} - loss'.format(mode, model_no)
    plt.title(title)
    plt.ylabel('loss')
    # plt.ylim(-0.5, 1)  # set the ylim to ymin, ymax
    plt.xlabel('epoch')
    plt.legend(['train'], loc='upper right')
    plt.savefig(path + 'loss_plot_' + plot_timestamp + '.png', dpi=200)
    plt.close()
    plt.cla()


def make_heatmap(current_run_path, METADATA_FOLDER, N_CLASSES, NAME_OF_CLASSES, MODE_TISSUE_PREDICTION_FOLDER,
                 HEAT_MAPS_FOLDER, HEATMAP_SIGMA, HEATMAP_THRESHOLD, PREDICT_WINDOW_SIZE):
    my_print('Making heatmaps')

    # overlap_n = pow(2, TILE_OVERLAP_SIZE_TPSCN)

    # Check if we have previously generated list of classifier models
    if os.path.isfile(current_run_path + METADATA_FOLDER + 'PROBABILITY_IMAGES_PICKLE.obj'):
        # File exist, load parameters.
        pickle_reader = open(current_run_path + METADATA_FOLDER + 'PROBABILITY_IMAGES_PICKLE.obj', 'rb')
        all_probability_images = pickle.load(pickle_reader)
        pickle_reader.close()
    else:
        my_print('No probability pickle file to make heatmaps from. Stopping program.', error=True)
        exit()

    # Check that data exist in the probability images
    if len(all_probability_images) == 0:
        my_print('Probability pickle file is empty. Stopping program.', error=True)
        exit()

    name_of_all_classes = NAME_OF_CLASSES.copy()
    name_of_all_classes.append('undefined')

    # Loop through all probability images
    for wsi_prob_map in all_probability_images:
        filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_prob_map + '/' + HEAT_MAPS_FOLDER
        os.makedirs(filename_folder, exist_ok=True)

        # Set own color map
        # from matplotlib.colors import LinearSegmentedColormap
        # temp = cm.get_cmap('jet')
        # my_cmap.set_under('white')
        # rgba = my_cmap(0.01)
        # my_cmap = matplotlib.cm.get_cmap('jet')
        # my_cmap._init()
        # my_cmap._lut[:, -1] = np.linspace(0, 0.8, 255 + 4)

        #####################################################

        # colormaps: 'jet', 'seismic', 'hot', 'inferno', 'magma', 'plasma', 'viridis'.
        # See full list here: https://matplotlib.org/api/pyplot_summary.html

        # create a colormap that consists of
        # - 1/5 : custom colormap, ranging from white to the first color of the colormap
        # - 4/5 : existing colormap

        # set upper part: 4 * 256/4 entries
        upper = matplotlib.cm.jet(np.arange(256))

        # set lower part: 1 * 256/4 entries
        # - initialize all entries to 1 to make sure that the alpha channel (4th column) is 1
        lower = np.ones((int(256 / 4), 4))
        # - modify the first three columns (RGB):
        #   range linearly between white (1,1,1) and the first color of the upper colormap
        for i in range(3):
            lower[:, i] = np.linspace(1, upper[0, i], lower.shape[0])

        # combine parts of colormap
        my_cmap = np.vstack((lower, upper))

        # convert to matplotlib colormap
        my_cmap = matplotlib.colors.ListedColormap(my_cmap, name='myColorMap', N=my_cmap.shape[0])

        ##################################################

        # Loop through all classes for each probability map
        for current_class in range(N_CLASSES + 1):
            # Filter the image
            if HEATMAP_SIGMA > 0:
                current_heatmap = scipy.ndimage.filters.gaussian_filter(all_probability_images[wsi_prob_map][current_class], sigma=HEATMAP_SIGMA)

            # Apply threshold to one of the lists. Set all values below threshold to zero
            if HEATMAP_THRESHOLD > 0:
                for row in current_heatmap:
                    row[row < HEATMAP_THRESHOLD] = 0

            # current_heatmap = scipy.ndimage.morphology.grey_erosion(input=current_heatmap,
            #                                                         size=(5, 5),
            #                                                         footprint=None,
            #                                                         structure=None,
            #                                                         output=None,
            #                                                         mode='reflect',
            #                                                         cval=0.0,
            #                                                         origin=0)

            title = 'Size:{}, Sigma:{}, Thres:{}, Class:{}'.format(PREDICT_WINDOW_SIZE, HEATMAP_SIGMA, HEATMAP_THRESHOLD, name_of_all_classes[current_class])
            filename = filename_folder + 'sigma_' + str(HEATMAP_SIGMA) + '_thres_' + str(HEATMAP_THRESHOLD) + '_' + \
                       name_of_all_classes[current_class] + '_heatmap_' + str(random.getrandbits(6)) + '.png'

            # Create a new figure
            fig, (ax, cax) = plt.subplots(ncols=2, figsize=(6, 4), gridspec_kw={"width_ratios": [1, 0.05]})
            fig.subplots_adjust(wspace=0.1)

            # Create heat map
            im = ax.imshow(current_heatmap, interpolation='none', cmap=my_cmap, vmin=0, vmax=1)

            # plt.contourf(filtered_img, n_levels, vmin=0, vmax=1, cmap=my_cmap, origin='upper')
            # plt.pcolormesh(filtered_img, cmap=my_cmap, vmin=0, vmax=1)

            # Add contour lines
            # plt.contour(all_probability_images[wsi_prob_map][current_class], 2, colors='K')

            # Remove x,y-ticks
            ax.tick_params(
                axis='both',  # changes apply to the x-axis
                which='both',  # both major and minor ticks are affected
                bottom=False,  # ticks along the bottom edge are off
                left=False,  # ticks along left side are off
                top=False,  # ticks along the top edge are off
                labelleft=False,  # labels along the left edge are off
                labelbottom=False)  # labels along the bottom edge are off

            # Set the title
            ax.set_title(title)

            # plt.ylim(plt.ylim()[::-1])

            # Add a colorbar
            # plt.colorbar(boundaries=np.linspace(0,1,5))
            # plt.colorbar(ticks=np.linspace(-.1, 2.0, 15, endpoint=True))
            # plt.colorbar(cs, ticks=[0, 0.25, 0.5, 0.75, 1])

            # from mpl_toolkits.axes_grid1.inset_locator import InsetPosition
            # ip = InsetPosition(ax3, [1.05, 0, 0.05, 1])
            # cax.set_axes_locator(ip)

            # cbar_ax = fig.add_axes([0.85, 0.15, 0.05, 0.7])
            # fig.colorbar(c, cax=cbar_ax)
            fig.colorbar(im, cax=cax)
            # cbar.ax.set_yticklabels(['0%', '50%', '100%'])  # vertically oriented colorbar

            # fig.tight_layout()

            # Save heat map with title/colorbar
            plt.savefig(filename, dpi=200)
            plt.close()
            plt.cla()


def make_colormap(current_run_path, METADATA_FOLDER, n_classes, NAME_OF_CLASSES, threshold, HEATMAP_SIGMA, MODE_TISSUE_PREDICTION_FOLDER,
                  binary_classification, background_mask_resized):
    my_print('Making colormap')

    # Check if we have previously generated list of classifier models
    if os.path.isfile(current_run_path + METADATA_FOLDER + 'PROBABILITY_IMAGES_PICKLE.obj'):
        # File exist, load parameters.
        pickle_reader = open(current_run_path + METADATA_FOLDER + 'PROBABILITY_IMAGES_PICKLE.obj', 'rb')
        all_probability_images = pickle.load(pickle_reader)
        pickle_reader.close()

        pickle_reader = open(current_run_path + METADATA_FOLDER + 'colormap_PROBABILITY_IMAGES_PICKLE.obj', 'rb')
        all_colormap_images = pickle.load(pickle_reader)
        pickle_reader.close()
    else:
        my_print('No probability pickle file to make colormaps from. Stopping program.', error=True)
        exit()

    # Get seg mask width/height
    for wsi_name, m in all_probability_images.items():
        wsi_prob_map = wsi_name
        seg_mask_width = m[0].shape[1]
        seg_mask_heights = m[0].shape[0]
        break

    if binary_classification is True:
        NAME_OF_CLASSES = ['Other', 'Urothelium']

        temp_list = []
        temp_list.append(all_colormap_images[wsi_prob_map][1])
        temp_list.append(all_colormap_images[wsi_prob_map][0])
        temp_list.append(all_colormap_images[wsi_prob_map][2])

        all_colormap_images = dict()
        all_colormap_images[wsi_prob_map] = temp_list

    NAME_OF_CLASSES.append('Undefined')

    # Apply threshold to one of the lists. Set all values below threshold to zero
    # for wsi_name, curr_prob_img_stack in all_probability_images.items():
    for wsi_name, curr_prob_img_stack in all_colormap_images.items():
        for cur_class in range(len(NAME_OF_CLASSES)):
            curr_prob_img = curr_prob_img_stack[cur_class]
            for row in curr_prob_img:
                row[row < threshold] = 0
                row[row >= threshold] = cur_class

    if binary_classification is True:
        colors = [
            (0, 0, 0),  # Black     - Other
            (0.96078, 0.51, 0.18823),  # Orange    - Urothelium
            (0.5, 0.5, 0.5)  # Grey      - Undefined
        ]
    elif binary_classification is False:
        colors = [
            (0, 0, 0),  # Black     - Background
            (0.5, 0, 0),  # Maroon    - Blood
            (0, 0.51, 0.7843),  # Blue      - Damaged
            (0.23529, 0.70588, 0.294117),  # Green     - Muscle
            (0.9412, 0.196, 0.9019),  # Magenta   - Stroma
            (0.96078, 0.51, 0.18823),  # Orange    - Urothelium
            (0.5, 0.5, 0.5)  # Grey      - Undefined
        ]

    # Backup color
    # (1, 0.98, 0.7843),  # Beige

    # Create an empty mask of same size as image
    # seg_img = np.zeros(shape=(seg_mask_heights, seg_mask_width, 3)).astype('float')
    seg_img = np.zeros(shape=(seg_mask_heights, seg_mask_width, 3))

    # for wsi_name, curr_prob_img_stack in all_probability_images.items():
    for wsi_name, curr_prob_img_stack in all_colormap_images.items():
        # if binary_classification is False:
        for c in range(len(NAME_OF_CLASSES)):
            segc = (curr_prob_img_stack[c] == c)
            seg_img[:, :, 0] += (segc * (colors[c][0]))
            seg_img[:, :, 1] += (segc * (colors[c][1]))
            seg_img[:, :, 2] += (segc * (colors[c][2]))
        # elif binary_classification is True:
        #     segc_0 = (curr_prob_img_stack[0] == 0)
        #     segc_1 = (curr_prob_img_stack[1] == 1)
        #
        #     seg_img[:, :, 0] += (segc_1 * (colors[0][0]))
        #     seg_img[:, :, 1] += (segc_1 * (colors[0][1]))
        #     seg_img[:, :, 2] += (segc_1 * (colors[0][2]))
        #
        #     seg_img[:, :, 0] += (segc_0 * (colors[1][0]))
        #     seg_img[:, :, 1] += (segc_0 * (colors[1][1]))
        #     seg_img[:, :, 2] += (segc_0 * (colors[1][2]))
        #
        #     segc = (curr_prob_img_stack[2] == 2)
        #     seg_img[:, :, 0] += (segc * (colors[2][0]))
        #     seg_img[:, :, 1] += (segc * (colors[2][1]))
        #     seg_img[:, :, 2] += (segc * (colors[2][2]))

    # Rotate image
    # seg_img = np.rot90(seg_img)
    # seg_img = np.flipud(seg_img)

    # Multiply with binary mask
    seg_img_mask = np.multiply(seg_img, background_mask_resized)

    # Create legend
    legend_patch = []
    for n in range(len(NAME_OF_CLASSES)):
        legend_patch.append(mpatches.Patch(color=colors[n], label=NAME_OF_CLASSES[n]))

    # Create first seg image
    fig = plt.figure(figsize=(10, 8))
    ax = fig.add_subplot(1, 1, 1)
    ax.imshow(seg_img)
    ax.set_title("Segmentation Image before background mask")
    ax.legend(handles=legend_patch, loc='lower left')
    filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_prob_map + '/'
    filename = filename_folder + 'Colormap_thres_' + str(threshold) + '_' + str(random.getrandbits(6)) + '.png'
    plt.savefig(filename)

    # Create second seg image (with mask)
    fig2 = plt.figure(figsize=(10, 8))
    ax2 = fig2.add_subplot(1, 1, 1)
    ax2.imshow(seg_img_mask)

    plt.tick_params(axis='both', which='both', bottom=False, top=False, left=False, right=False, labelbottom=False, labelleft=False)

    # ax2.set_title("Sementation Image (with background mask)")
    ax2.legend(handles=legend_patch, loc='lower left')
    filename_folder = current_run_path + MODE_TISSUE_PREDICTION_FOLDER + wsi_prob_map + '/'
    filename = filename_folder + 'Colormap_thres_' + str(threshold) + '_' + str(random.getrandbits(6)) + '_mask.png'
    plt.savefig(filename, bbox_inches='tight', pad_inches=0)


def extract_n_example_imgs_from_dataset(DATASET_PATH, SAVE_PATH, WHAT_LABELS_TO_USE, train_label_dict, MULTISCALE_MODE_DTL):
    if MULTISCALE_MODE_DTL in ['MONO', 'Mono', 'mono', 'Mono-scale', 'mono-scale']:
        os.makedirs(SAVE_PATH + WHAT_LABELS_TO_USE + '/Mono-scale/', exist_ok=True)
        counter = 0
        for filename, class_info in train_label_dict.items():
            src = filename
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Mono-scale/' + str(class_info) + '/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1]
            copyfile(src=src, dst=dst)
            counter += 1
            if counter == 600:
                break

    elif MULTISCALE_MODE_DTL in ['DI', 'Di', 'di', 'Di-scale', 'di-scale']:
        counter = 0
        for filename, class_info in train_label_dict.items():
            # Copy 400x image
            src_400x = filename
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Di-scale/' + str(class_info) + '/400x/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1]
            copyfile(src=src_400x, dst=dst)

            # Copy 100x image
            src_100x = src_400x.replace("400x", "100x")
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Di-scale/' + str(class_info) + '/100x/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1].replace("400x", "100x")
            copyfile(src=src_100x, dst=dst)

            counter += 1
            if counter == 600:
                break
    elif MULTISCALE_MODE_DTL in ['TRI', 'Tri', 'tri', 'Tri-scale', 'tri-scale']:
        counter = 0
        for filename, class_info in train_label_dict.items():
            # Copy 400x image
            src_400x = filename
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Tri-scale/' + str(class_info) + '/400x/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1]
            copyfile(src=src_400x, dst=dst)

            # Copy 100x image
            src_100x = src_400x.replace("400x", "100x")
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Tri-scale/' + str(class_info) + '/100x/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1].replace("400x", "100x")
            copyfile(src=src_100x, dst=dst)

            # Copy 25x image
            src_25x = src_400x.replace("400x", "25x")
            dst_folder = SAVE_PATH + WHAT_LABELS_TO_USE + '/Tri-scale/' + str(class_info) + '/25x/'
            os.makedirs(dst_folder, exist_ok=True)
            dst = dst_folder + filename.split('/')[-1].replace("400x", "25x")
            copyfile(src=src_25x, dst=dst)

            counter += 1
            if counter == 600:
                break


def plot_fcn_mask_predictions(n_plots, n_classes, original_image, y_pred, y_true):
    for i in range(n_plots):
        # current_image = (X_test[i] + 1) * (255.0 / 2)

        fig = plt.figure(figsize=(20, 8))
        ax = fig.add_subplot(1, 3, 1)
        # ax.imshow(current_image / 255.0)
        # ax.imshow(current_image)
        ax.imshow(original_image[i].astype(np.uint8))  # plot image_400x
        ax.set_title("original")

        ax = fig.add_subplot(1, 3, 2)
        ax.imshow(give_color_to_seg_img(y_pred[i], n_classes))
        # ax.imshow(predicted_mask)
        ax.set_title("predicted class")

        ax = fig.add_subplot(1, 3, 3)
        ax.imshow(give_color_to_seg_img(y_true[i], n_classes))
        # ax.imshow(segtest)
        ax.set_title("true class")
        # plt.show()
        plt.savefig("result_{}.jpg".format(i))


# endregion


# region EXPERIMENTAL
def resize_images_bilinear(X, height_factor=1, width_factor=1, target_height=None, target_width=None, data_format='default'):
    '''Resizes the images contained in a 4D tensor of shape
    - [batch, channels, height, width] (for 'channels_first' data_format)
    - [batch, height, width, channels] (for 'channels_last' data_format)
    by a factor of (height_factor, width_factor). Both factors should be
    positive integers.
    '''
    if data_format == 'default':
        data_format = K.image_data_format()
    if data_format == 'channels_first':
        original_shape = K.int_shape(X)
        if target_height and target_width:
            new_shape = tf.constant(np.array((target_height, target_width)).astype('int32'))
        else:
            new_shape = tf.shape(X)[2:]
            new_shape *= tf.constant(np.array([height_factor, width_factor]).astype('int32'))
        X = K.permute_dimensions(X, [0, 2, 3, 1])
        X = tf.image.resize_bilinear(X, new_shape)
        X = K.permute_dimensions(X, [0, 3, 1, 2])
        if target_height and target_width:
            X.set_shape((None, None, target_height, target_width))
        else:
            X.set_shape((None, None, original_shape[2] * height_factor, original_shape[3] * width_factor))
        return X
    elif data_format == 'channels_last':
        original_shape = K.int_shape(X)
        if target_height and target_width:
            new_shape = tf.constant(np.array((target_height, target_width)).astype('int32'))
        else:
            new_shape = tf.shape(X)[1:3]
            new_shape *= tf.constant(np.array([height_factor, width_factor]).astype('int32'))
        X = tf.image.resize_bilinear(X, new_shape)
        if target_height and target_width:
            X.set_shape((None, target_height, target_width, None))
        else:
            X.set_shape((None, original_shape[1] * height_factor, original_shape[2] * width_factor, None))
        return X
    else:
        raise Exception('Invalid data_format: ' + data_format)


class BilinearUpSampling2D(Layer):
    def __init__(self, size=(1, 1), target_size=None, data_format='default', **kwargs):
        if data_format == 'default':
            data_format = K.image_data_format()
        self.size = tuple(size)
        if target_size is not None:
            self.target_size = tuple(target_size)
        else:
            self.target_size = None
        assert data_format in {'channels_last', 'channels_first'}, 'data_format must be in {tf, th}'
        self.data_format = data_format
        self.input_spec = [InputSpec(ndim=4)]
        super(BilinearUpSampling2D, self).__init__(**kwargs)

    def compute_output_shape(self, input_shape):
        if self.data_format == 'channels_first':
            width = int(self.size[0] * input_shape[2] if input_shape[2] is not None else None)
            height = int(self.size[1] * input_shape[3] if input_shape[3] is not None else None)
            if self.target_size is not None:
                width = self.target_size[0]
                height = self.target_size[1]
            return (input_shape[0],
                    input_shape[1],
                    width,
                    height)
        elif self.data_format == 'channels_last':
            width = int(self.size[0] * input_shape[1] if input_shape[1] is not None else None)
            height = int(self.size[1] * input_shape[2] if input_shape[2] is not None else None)
            if self.target_size is not None:
                width = self.target_size[0]
                height = self.target_size[1]
            return (input_shape[0],
                    width,
                    height,
                    input_shape[3])
        else:
            raise Exception('Invalid data_format: ' + self.data_format)

    def call(self, x, mask=None):
        if self.target_size is not None:
            return resize_images_bilinear(x, target_height=self.target_size[0], target_width=self.target_size[1], data_format=self.data_format)
        else:
            return resize_images_bilinear(x, height_factor=self.size[0], width_factor=self.size[1], data_format=self.data_format)

    def get_config(self):
        config = {'size': self.size, 'target_size': self.target_size}
        base_config = super(BilinearUpSampling2D, self).get_config()
        return dict(list(base_config.items()) + list(config.items()))


def softmax_sparse_crossentropy_ignoring_last_label(y_true, y_pred):
    y_pred = K.reshape(y_pred, (-1, K.int_shape(y_pred)[-1]))
    log_softmax = tf.nn.log_softmax(y_pred)

    y_true = K.one_hot(tf.to_int32(K.flatten(y_true)), K.int_shape(y_pred)[-1] + 1)
    unpacked = tf.unstack(y_true, axis=-1)
    y_true = tf.stack(unpacked[:-1], axis=-1)

    cross_entropy = -K.sum(y_true * log_softmax, axis=1)
    cross_entropy_mean = K.mean(cross_entropy)

    return cross_entropy_mean


def sparse_accuracy_ignoring_last_label(y_true, y_pred):
    nb_classes = K.int_shape(y_pred)[-1]
    y_pred = K.reshape(y_pred, (-1, nb_classes))

    y_true = K.one_hot(tf.to_int32(K.flatten(y_true)), nb_classes + 1)
    unpacked = tf.unstack(y_true, axis=-1)
    legal_labels = ~tf.cast(unpacked[-1], tf.bool)
    y_true = tf.stack(unpacked[:-1], axis=-1)

    return K.sum(tf.to_float(legal_labels & K.equal(K.argmax(y_true, axis=-1), K.argmax(y_pred, axis=-1)))) / K.sum(tf.to_float(legal_labels))

# class tissue_CV_labelled_mono_openslide_SCN_generator(keras.utils.Sequence):
#     """Generates data for Keras."""
#     def __init__(self, tile_dicts, batch_size, n_classes, shuffle, augment, augmentArgs, TILE_SIZE, name_of_classes):
#         """Initialization.
#
#         Args:
#             img_files: A list of path to image files.
#             labels: A dictionary of corresponding labels.
#         """
#         self.batch_size = batch_size
#         self.n_channels = 3
#         self.n_classes = n_classes
#         self.shuffle = shuffle
#         self.augment = augment
#         self.augmentArgs = augmentArgs
#         self.TILE_SIZE = (TILE_SIZE, TILE_SIZE)
#         self.offset = int((TILE_SIZE - 128) / 2)
#         self.tile_dicts = tile_dicts
#         self.name_of_classes = name_of_classes
#         self.on_epoch_end()
#
#     def __len__(self):
#         """Denotes the number of batches per epoch."""
#         #return int(np.floor(len(self.tile_dicts) / self.batch_size)) + 1
#         return int(np.ceil(len(self.tile_dicts) / self.batch_size))
#
#     def __getitem__(self, index):
#         """Generate one batch of data."""
#         # Generate indexes of the batch
#
#         if ((index + 1) * self.batch_size) > len(self.indexes):
#             indexes = self.indexes[index * self.batch_size:]
#         else:
#             indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]
#
#         # Find list of IDs
#         tile_dicts_temp = [self.tile_dicts[k] for k in indexes]
#
#         # Generate data
#         xBatch, yLabel = self.__data_generation(tile_dicts_temp)
#
#         return xBatch, yLabel
#
#     def on_epoch_end(self):
#         """Updates indexes after each epoch."""
#         self.indexes = np.arange(len(self.tile_dicts))
#         if self.shuffle is True:
#             np.random.shuffle(self.indexes)
#
#     def __data_generation(self, tile_dicts_temp):
#         """Generates data containing batch_size samples."""
#         xBatch = np.empty((len(tile_dicts_temp), *self.TILE_SIZE, self.n_channels))
#         yLabel = np.empty((len(tile_dicts_temp)), dtype=int)
#
#         # Generate data
#         for i, tile_dict in enumerate(tile_dicts_temp):
#             # Read image
#             #tileType = tile_dict['path'].split("_")[0]
#             #slide_path = os.path.join(self.root, '{}/{}.tif'.format(tileType, tile_dict['path']))
#             #my_functions.my_print(slide_path)
#             slide = openslide.OpenSlide(tile_dict['path'])
#
#             # Extract tile
#             (xCoord, yCoord) = tile_dict['coordinates_400x']
#             tile = np.array(slide.read_region((xCoord, yCoord), 0, self.TILE_SIZE))
#             augmentedTile = augment.augment_image(tile[:, :, :3], **self.augmentArgs) if self.augment else tile[:, :, :3]/255
#             xBatch[i, ] = augmentedTile
#             yLabel[i] = self.name_of_classes.index(tile_dict['label'])
#             slide.close()
#
#         return xBatch, keras.utils.to_categorical(yLabel, num_classes=self.n_classes)
# class camelyon_tissue_labelled_mono_generator(keras.utils.Sequence):
#     """Generates data for Keras."""
#
#     def __init__(self, tile_dicts, batch_size, n_classes, shuffle, test_flag, TILE_SIZE):
#         """Initialization.
#
#         Args:
#             img_files: A list of path to image files.
#             labels: A dictionary of corresponding labels.
#         """
#         self.tile_dicts = tile_dicts
#         #self.labels = labels
#         self.batch_size = batch_size
#         self.n_classes = n_classes
#         self.shuffle = shuffle
#         self.test_flag = test_flag
#         self.TILE_SIZE = TILE_SIZE
#         self.on_epoch_end()
#
#     def __len__(self):
#         """Denotes the number of batches per epoch."""
#         #return int(np.floor(len(self.tile_dicts) / self.batch_size))
#         return int(np.ceil(len(self.tile_dicts) / self.batch_size))
#
#     def __getitem__(self, index):
#         """Generate one batch of data."""
#         # Generate indexes of the batch
#
#         indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]
#
#         # Find list of IDs
#         tile_dicts_temp = [self.tile_dicts[k] for k in indexes]
#
#         # Generate data
#         X_400x, y = self.__data_generation(tile_dicts_temp)
#
#         return X_400x, y
#
#     def on_epoch_end(self):
#         """Updates indexes after each epoch."""
#         self.indexes = np.arange(len(self.tile_dicts))
#         if self.shuffle is True:
#             np.random.shuffle(self.indexes)
#
#     def __data_generation(self, tile_dicts_temp):
#         """Generates data containing batch_size samples."""
#         X_img_400x = []
#         y = np.empty((len(tile_dicts_temp)), dtype=int)
#         TILE_SIZE = 128
#
#         # map vips formats to np dtypes
#         format_to_dtype = {
#             'uchar': np.uint8,
#             'char': np.int8,
#             'ushort': np.uint16,
#             'short': np.int16,
#             'uint': np.uint32,
#             'int': np.int32,
#             'float': np.float32,
#             'double': np.float64,
#             'complex': np.complex64,
#             'dpcomplex': np.complex128,
#         }
#
#         # Generate data
#         for i, tile_dict in enumerate(tile_dicts_temp):
#
#             #my_functions.my_print(tile_dict[1])
#
#             # Read image
#             #full_image_400x = Vips.Image.new_from_file(tile_dict[1]['path'], level=0)
#             full_image_400x = Vips.Image.new_from_file(tile_dict[1]['path'])
#             #full_image_400x = full_image_400x.flatten()
#
#             # Extract tile
#             tile_400x = full_image_400x.extract_area(tile_dict[1]['coordinates'][0], tile_dict[1]['coordinates'][1], TILE_SIZE, TILE_SIZE)
#
#             # Write tile to memory and convert to numpy array
#             tile_400x_numpy = np.ndarray(buffer=tile_400x.write_to_memory(),
#                                          dtype=format_to_dtype[tile_400x.format],
#                                          shape=[tile_400x.height, tile_400x.width, tile_400x.bands])
#
#             X_img_400x.append(tile_400x_numpy)
#             if tile_dict[1]['label'] == 'normal':
#                 y[i] = 0
#             else:
#                 y[i] = 1
#
#         X_400x = np.array(X_img_400x)
#         return X_400x, keras.utils.to_categorical(y, num_classes=self.n_classes)
# class custom_unlabelled_mono_predict_generator(keras.utils.Sequence):
#     """Generates data for Keras."""
#
#     def __init__(self, img_files, batch_size):
#         self.img_files = img_files
#         self.batch_size = batch_size
#         self.shuffle = False
#         self.on_epoch_end()
#
#     def __len__(self):
#         """Denotes the number of batches per epoch."""
#         #return int(np.floor(len(self.img_files) / self.batch_size))
#         return int(np.ceil(len(self.img_files) / self.batch_size))
#
#     def __getitem__(self, index):
#         """Generate one batch of data."""
#         # Generate indexes of the batch
#         indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]
#
#         # Find list of IDs
#         img_files_temp = [self.img_files[k] for k in indexes]
#
#         # Generate data
#         [X_40x] = self.__data_generation(img_files_temp)
#
#         return [X_40x]
#
#     def on_epoch_end(self):
#         """Updates indexes after each epoch."""
#         self.indexes = np.arange(len(self.img_files))
#         if self.shuffle is True:
#             np.random.shuffle(self.indexes)
#
#     def __data_generation(self, img_files_temp):
#         """Generates data containing batch_size samples."""
#         X_img_400x = []
#
#         # Generate data
#         for i, img_file in enumerate(img_files_temp):
#
#             # Read image
#             img_400x = skimage.io.imread(img_file)
#
#             # Resize
#             #img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)
#
#             # Normalization
#             #for ch in range(self.n_channels):
#             #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]
#
#             #if self.shuffle:
#             # Some image augmentation codes
#             ###### You can put your preprocessing codes here. #####
#
#             X_img_400x.append(img_400x)
#
#         X_400x = np.array(X_img_400x)
#         return [X_400x]
# class custom_unlabelled_di_predict_generator(keras.utils.Sequence):
#     """Generates data for Keras."""
#
#     def __init__(self, img_files, batch_size):
#         self.img_files = img_files
#         self.batch_size = batch_size
#         self.shuffle = False
#         self.on_epoch_end()
#
#     def __len__(self):
#         """Denotes the number of batches per epoch."""
#         #return int(np.floor(len(self.img_files) / self.batch_size))
#         return int(np.ceil(len(self.img_files) / self.batch_size))
#
#     def __getitem__(self, index):
#         """Generate one batch of data."""
#         # Generate indexes of the batch
#         indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]
#
#         # Find list of IDs
#         img_files_temp = [self.img_files[k] for k in indexes]
#
#         # Generate data
#         [X_40x, X_10x] = self.__data_generation(img_files_temp)
#
#         return [X_40x, X_10x]
#
#     def on_epoch_end(self):
#         """Updates indexes after each epoch."""
#         self.indexes = np.arange(len(self.img_files))
#         if self.shuffle is True:
#             np.random.shuffle(self.indexes)
#
#     def __data_generation(self, img_files_temp):
#         """Generates data containing batch_size samples."""
#         X_img_400x = []
#         X_img_100x = []
#
#         # Generate data
#         for i, img_file in enumerate(img_files_temp):
#
#             # Create filepath for 2x and 10x images
#             img_file_100x = img_file.replace("400x", "100x")
#
#             # Read image
#             img_400x = skimage.io.imread(img_file)
#             img_100x = skimage.io.imread(img_file_100x)
#
#             # Resize
#             #img = skimage.transform.resize(img, output_shape=self.dim, mode='constant', preserve_range=True)
#
#             # Normalization
#             #for ch in range(self.n_channels):
#             #    img[:, :, ch] = (img[:, :, ch] - self.ave[ch]) / self.std[ch]
#
#             #if self.shuffle:
#             # Some image augmentation codes
#             ###### You can put your preprocessing codes here. #####
#
#             X_img_400x.append(img_400x)
#             X_img_100x.append(img_100x)
#
#         X_400x = np.array(X_img_400x)
#         X_100x = np.array(X_img_100x)
#         return [X_400x, X_100x]
# class mode_7b_labelled_mono_coordinates_generator(keras.utils.Sequence):
#     """Generates data for Keras."""
#
#     def __init__(self, tile_dicts, batch_size, n_classes, shuffle, TILE_SIZE):
#         """Initialization.
#
#         Args:
#             img_files: A list of path to image files.
#             labels: A dictionary of corresponding labels.
#         """
#         self.tile_dicts = tile_dicts
#         #self.labels = labels
#         self.batch_size = batch_size
#         self.n_classes = n_classes
#         self.shuffle = shuffle
#         self.TILE_SIZE = TILE_SIZE
#         self.on_epoch_end()
#
#     def __len__(self):
#         """Denotes the number of batches per epoch."""
#         #return int(np.floor(len(self.tile_dicts) / self.batch_size))
#         return int(np.ceil(len(self.tile_dicts) / self.batch_size))
#
#     def __getitem__(self, index):
#         """Generate one batch of data."""
#         # Generate indexes of the batch
#
#         indexes = self.indexes[index * self.batch_size:(index + 1) * self.batch_size]
#
#         # Find list of IDs
#         tile_dicts_temp = [self.tile_dicts[k] for k in indexes]
#
#         # Generate data
#         X_400x = self.__data_generation(tile_dicts_temp)
#
#         return X_400x
#
#     def on_epoch_end(self):
#         """Updates indexes after each epoch."""
#         self.indexes = np.arange(len(self.tile_dicts))
#         if self.shuffle is True:
#             np.random.shuffle(self.indexes)
#
#     def __data_generation(self, tile_dicts_temp):
#         """Generates data containing batch_size samples."""
#         X_img_400x = []
#
#         # map vips formats to np dtypes
#         format_to_dtype = {
#             'uchar': np.uint8,
#             'char': np.int8,
#             'ushort': np.uint16,
#             'short': np.int16,
#             'uint': np.uint32,
#             'int': np.int32,
#             'float': np.float32,
#             'double': np.float64,
#             'complex': np.complex64,
#             'dpcomplex': np.complex128,
#         }
#
#         #time.pause(0.1)
#
#         # Generate data
#         for i, tile_dict in enumerate(tile_dicts_temp):
#
#             # Read image
#             #full_image_400x = Vips.Image.new_from_file(tile_dict[1]['path'], level=0)
#             full_image_400x = Vips.Image.new_from_file(tile_dict['path'], level=0)
#             full_image_400x = full_image_400x.flatten()
#
#             # Extract tile
#             tile_400x = full_image_400x.extract_area(tile_dict['coordinates'][0], tile_dict['coordinates'][1], self.TILE_SIZE, self.TILE_SIZE)
#
#             # Write tile to memory and convert to numpy array
#             tile_400x_numpy = np.ndarray(buffer=tile_400x.write_to_memory(),
#                                          dtype=format_to_dtype[tile_400x.format],
#                                          shape=[tile_400x.height, tile_400x.width, tile_400x.bands])
#
#             X_img_400x.append(tile_400x_numpy)
#
#         X_400x = np.array(X_img_400x)
#         return X_400x

# endregion







attachments/python_files/PBST.py

import pickle
import os
from os import listdir
from os.path import isfile, join
import sys
from datetime import datetime
startTime = datetime.now()
import collections
PICKLE_PATH = 'train_all_strong/pickle/'

PROBABILITY_RANGE_BACKGROUND = [0.95, 1]  # This is removed with binary mask
PROBABILITY_RANGE_BLOOD = [0.8, 1]
PROBABILITY_RANGE_DAMAGED = [0.95, 1]
PROBABILITY_RANGE_MUSCLE = [0.95, 1]
PROBABILITY_RANGE_STROMA = [0.95, 1]
PROBABILITY_RANGE_UROTHELIUM = [0.95, 1]

MAX_NUMBER_OF_SAVED_TILES_BACKGROUND = 100000
MIN_TILES_PER_SCN_BACKGROUND = 200

MAX_NUMBER_OF_SAVED_TILES_BLOOD = 100000
MIN_TILES_PER_SCN_BLOOD = 200

MAX_NUMBER_OF_SAVED_TILES_DAMAGED = 100000
MIN_TILES_PER_SCN_DAMAGED = 200

MAX_NUMBER_OF_SAVED_TILES_MUSCLE = 100000
MIN_TILES_PER_SCN_MUSCLE = 200

MAX_NUMBER_OF_SAVED_TILES_STROMA = 100000
MIN_TILES_PER_SCN_STROMA = 200

MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM = 100000
MIN_TILES_PER_SCN_UROTHELIUM = 200



reverse=True                   # if more tiles in range than max number of tile, True = include the ones with highest probability, False = lowest probability

OUTPUT_FOLDER = PICKLE_PATH + 'probability/'
WSI_PATH = '../denne/'
vipshome = 'vips-dev-w64-all-8.9.0/vips-dev-8.9/bin'
os.environ['PATH'] = vipshome + ';' + os.environ['PATH']
import pyvips




# FOR DEBUG


LOAD_IMAGES = False
SAVE_ALL_CLASSIFIED_TILES_400x = False
SAVE_ALL_CLASSIFIED_TILES_100x = False
SAVE_ALL_CLASSIFIED_TILES_25x = False
SAVE = False # Don't change this

TOT_nWSI = 0
TOT_nBackground = 0
TOT_prob_sum_Background = 0
TOT_nBlood = 0
TOT_prob_sum_Blood = 0
TOT_nDamaged = 0
TOT_prob_sum_Damaged = 0
TOT_nMuscle = 0
TOT_prob_sum_Muscle = 0
TOT_nStroma = 0
TOT_prob_sum_Stroma = 0
TOT_nUrothelium = 0
TOT_prob_sum_Urothelium = 0

probability_warning = True
if not os.path.isdir(OUTPUT_FOLDER):
    os.mkdir(OUTPUT_FOLDER)
if SAVE_ALL_CLASSIFIED_TILES_400x:
    if not os.path.isdir(OUTPUT_FOLDER + 'Background'):
        os.mkdir(OUTPUT_FOLDER + 'Background')
    if not os.path.isdir(OUTPUT_FOLDER + 'Blood'):
        os.mkdir(OUTPUT_FOLDER + 'Blood')
    if not os.path.isdir(OUTPUT_FOLDER + 'Damaged'):
        os.mkdir(OUTPUT_FOLDER + 'Damaged')
    if not os.path.isdir(OUTPUT_FOLDER + 'Muscle'):
        os.mkdir(OUTPUT_FOLDER + 'Muscle')
    if not os.path.isdir(OUTPUT_FOLDER + 'Stroma'):
        os.mkdir(OUTPUT_FOLDER + 'Stroma')
    if not os.path.isdir(OUTPUT_FOLDER + 'Urothelium'):
        os.mkdir(OUTPUT_FOLDER + 'Urothelium')

all_background_array = []
all_blood_array = []
all_damaged_array = []
all_muscle_array = []
all_stroma_array = []
all_urothelium_array = []

pickle_files_in_dict_background = []
pickle_files_in_dict_blood = []
pickle_files_in_dict_damaged = []
pickle_files_in_dict_muscle = []
pickle_files_in_dict_stroma = []
pickle_files_in_dict_urothelium= []


print('Scanning input pickle files...')
pickle_train_files = [f for f in listdir(PICKLE_PATH) if isfile(join(PICKLE_PATH, f))]
for current_filename in pickle_train_files:
    TOT_nWSI += 1
    current_file = pickle.load(open(PICKLE_PATH + current_filename, 'rb'))
    current_number_of_tiles = len(current_file)
    if LOAD_IMAGES:
        current_image_400x = pyvips.Image.new_from_file(WSI_PATH + current_filename[:-41] + '.scn',
                                                        level=0).rot90().flatten()
        current_image_100x = pyvips.Image.new_from_file(WSI_PATH + current_filename[:-41] + '.scn',
                                                        level=1).rot90().flatten()
        current_image_25x = pyvips.Image.new_from_file(WSI_PATH + current_filename[:-41] + '.scn',
                                                       level=2).rot90().flatten()

    nBackground = 0
    prob_sum_Background = 0
    nBlood = 0
    prob_sum_Blood = 0
    nDamaged = 0
    prob_sum_Damaged = 0
    nMuscle = 0
    prob_sum_Muscle = 0
    nStroma = 0
    prob_sum_Stroma = 0
    nUrothelium = 0
    prob_sum_Urothelium = 0

    current_output_dict = dict()
    TILE_BREAK_Damaged = False
    TILE_BREAK_Urothelium = False

    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]  # Read current tile from input dict
        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        elif 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        if 'probability' in current_tile_dict:
            current_probability = current_tile_dict['probability']
        if current_class == 'Background':
            TOT_nBackground += 1
            nBackground += 1
            prob_sum_Background += current_probability
            TOT_prob_sum_Background += current_probability

        if current_class == 'Blood':
            TOT_nBlood += 1
            nBlood += 1
            prob_sum_Blood += current_probability
            TOT_prob_sum_Blood += current_probability

        if current_class == 'Damaged':
            TOT_nDamaged += 1
            nDamaged += 1
            prob_sum_Damaged += current_probability
            TOT_prob_sum_Damaged += current_probability

        if current_class == 'Muscle':
            TOT_nMuscle += 1
            nMuscle += 1
            prob_sum_Muscle += current_probability
            TOT_prob_sum_Muscle += current_probability

        if current_class == 'Stroma':
            TOT_nStroma += 1
            nStroma+=1
            prob_sum_Stroma += current_probability
            TOT_prob_sum_Stroma += current_probability

        if current_class == 'Urothelium':
            TOT_nUrothelium += 1
            nUrothelium += 1
            prob_sum_Urothelium += current_probability
            TOT_prob_sum_Urothelium += current_probability


    print(current_filename + ' contains ' + str(int(current_number_of_tiles)) + ' weakly labeled tiles.')
    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]  # Read current tile from input dict
        current_path = current_tile_dict['path']

        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        elif 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        else:
            exit('No class detected')
        current_coordinates_25x = current_tile_dict['coordinates_25x']
        current_coordinates_100x = current_tile_dict['coordinates_100x']
        current_coordinates_400x = current_tile_dict['coordinates_400x']
        if 'probability' in current_tile_dict:
            current_probability = current_tile_dict['probability']
        else:
            exit()



        if current_class == 'Background' and nBackground >= MIN_TILES_PER_SCN_BACKGROUND and PROBABILITY_RANGE_BACKGROUND[0] <= current_probability <= PROBABILITY_RANGE_BACKGROUND[1]:
            all_background_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_background:
                pickle_files_in_dict_background.append(current_path)

        if current_class == 'Blood' and nBlood >= MIN_TILES_PER_SCN_BLOOD and PROBABILITY_RANGE_BLOOD[0] <= current_probability <= PROBABILITY_RANGE_BLOOD[1]:
            all_blood_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_blood:
                pickle_files_in_dict_blood.append(current_path)

        if current_class == 'Damaged' and nDamaged >= MIN_TILES_PER_SCN_DAMAGED and PROBABILITY_RANGE_DAMAGED[0] <= current_probability <= PROBABILITY_RANGE_DAMAGED[1]:
            all_damaged_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_damaged:
                pickle_files_in_dict_damaged.append(current_path)

        if current_class == 'Muscle' and nMuscle >= MIN_TILES_PER_SCN_MUSCLE and PROBABILITY_RANGE_MUSCLE[0] <= current_probability <= PROBABILITY_RANGE_MUSCLE[1]:
            all_muscle_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_muscle:
                pickle_files_in_dict_muscle.append(current_path)

        if current_class == 'Stroma' and nStroma >= MIN_TILES_PER_SCN_STROMA and PROBABILITY_RANGE_STROMA[0] <= current_probability <= PROBABILITY_RANGE_STROMA[1]:
            all_stroma_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_stroma:
                pickle_files_in_dict_stroma.append(current_path)

        if current_class == 'Urothelium' and nUrothelium >= MIN_TILES_PER_SCN_UROTHELIUM and PROBABILITY_RANGE_UROTHELIUM [0] <= current_probability <= PROBABILITY_RANGE_UROTHELIUM[1]:
            all_urothelium_array.append([current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x])
            if current_path not in pickle_files_in_dict_urothelium:
                pickle_files_in_dict_urothelium.append(current_path)

    spaces='               '
    nBa=spaces[:-5-len(str(nBackground))]
    nBl=spaces[:-len(str(nBlood))]
    nDa=spaces[:-2-len(str(nDamaged))]
    nMu=spaces[:-1-len(str(nMuscle))]
    nSt=spaces[:-1-len(str(nStroma))]
    nUr=spaces[:-5-len(str(nUrothelium))]


    if nBackground >= MIN_TILES_PER_SCN_BACKGROUND:
        print('     Class: Background, number of tiles: ' + str(nBackground), ',',nBa,'avg. probability: ',
              prob_sum_Background / nBackground)
    if nBlood >= MIN_TILES_PER_SCN_BLOOD:
        print('     Class: Blood, number of tiles: ' + str(nBlood), ',',nBl,'avg. probability: ',
              prob_sum_Blood / nBlood)
    if nDamaged >= MIN_TILES_PER_SCN_DAMAGED:
        print('     Class: Damaged, number of tiles: ' + str(nDamaged),',',nDa, 'avg. probability: ',
              prob_sum_Damaged / nDamaged)
    if nMuscle >= MIN_TILES_PER_SCN_MUSCLE:
        print('     Class: Muscle, number of tiles: ' + str(nMuscle),',',nMu, 'avg. probability: ',
              prob_sum_Muscle / nMuscle)
    if nStroma >= MIN_TILES_PER_SCN_STROMA:
        print('     Class: Stroma, number of tiles: ' + str(nStroma),',',nSt, 'avg. probability: ',
              prob_sum_Stroma / nStroma)
    if nUrothelium >= MIN_TILES_PER_SCN_UROTHELIUM:
        print('     Class: Urothelium, number of tiles: ' + str(nUrothelium),',',nUr, 'avg. probability: ',
              prob_sum_Urothelium / nUrothelium)
print('')
print('-----------------------------------------------------------------------------------------')
print('Out of ' + str(TOT_nWSI) + ' WSIs, the following number of tiles found:')

spaces='               '
nBa=spaces[:-5-len(str(TOT_nBackground))]
nBl=spaces[:-len(str(TOT_nBlood))]
nDa=spaces[:-2-len(str(TOT_nDamaged))]
nMu=spaces[:-1-len(str(TOT_nMuscle))]
nSt=spaces[:-1-len(str(TOT_nStroma))]
nUr=spaces[:-5-len(str(TOT_nUrothelium))]

if TOT_nBackground > 0:
    print('     Class: Background, number of tiles: ' + str(TOT_nBackground), ',',nBa, 'avg. probability: ',
          TOT_prob_sum_Background / TOT_nBackground)
if TOT_nBlood > 0:
    print('     Class: Blood, number of tiles: ' + str(TOT_nBlood),  ',',nBl, 'avg. probability: ',
          TOT_prob_sum_Blood / TOT_nBlood)
if TOT_nDamaged > 0:
    print('     Class: Damaged, number of tiles: ' + str(TOT_nDamaged),  ',',nDa, 'avg. probability: ',
          TOT_prob_sum_Damaged / TOT_nDamaged)
if TOT_nMuscle > 0:
    print('     Class: Muscle, number of tiles: ' + str(TOT_nMuscle),  ',',nMu, 'avg. probability: ',
          TOT_prob_sum_Muscle / TOT_nMuscle)
if TOT_nStroma > 0:
    print('     Class: Stroma, number of tiles: ' + str(TOT_nStroma),  ',',nSt, 'avg. probability: ',
          TOT_prob_sum_Stroma / TOT_nStroma)
if TOT_nUrothelium > 0:
    print('     Class: Urothelium, number of tiles: ' + str(TOT_nUrothelium),  ',',nUr, 'avg. probability: ',
          TOT_prob_sum_Urothelium / TOT_nUrothelium)




















print('')
print('-----------------------------------------------------------------------------------------')
print('Filtering pickle files...')


# Likt antall tiles per pasient
# benytt flere pasienter


all_background_array = sorted(all_background_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_BACKGROUND > len(all_background_array):
    MAX_NUMBER_OF_SAVED_TILES_BACKGROUND = len(all_background_array)
all_background_array = all_background_array[0:MAX_NUMBER_OF_SAVED_TILES_BACKGROUND]
sys.stdout.write("\r %f" % round(100*(1/6),6))

all_blood_array = sorted(all_blood_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_BLOOD > len(all_blood_array):
    MAX_NUMBER_OF_SAVED_TILES_BLOOD = len(all_blood_array)
all_blood_array = all_blood_array[0:MAX_NUMBER_OF_SAVED_TILES_BLOOD]
sys.stdout.flush()
sys.stdout.write("\r %f" % round(100*(2/6),6))

all_damaged_array = sorted(all_damaged_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_DAMAGED > len(all_damaged_array):
    MAX_NUMBER_OF_SAVED_TILES_DAMAGED = len(all_damaged_array)
all_damaged_array = all_damaged_array[0:MAX_NUMBER_OF_SAVED_TILES_DAMAGED]
sys.stdout.flush()
sys.stdout.write("\r %f" % round(100*(3/6),6))

all_muscle_array = sorted(all_muscle_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_MUSCLE > len(all_muscle_array):
    MAX_NUMBER_OF_SAVED_TILES_MUSCLE = len(all_muscle_array)
all_muscle_array = all_muscle_array[0:MAX_NUMBER_OF_SAVED_TILES_MUSCLE]
sys.stdout.flush()
sys.stdout.write("\r %f" % round(100*(4/6),6))

all_stroma_array = sorted(all_stroma_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_STROMA > len(all_stroma_array):
    MAX_NUMBER_OF_SAVED_TILES_STROMA = len(all_stroma_array)
all_stroma_array = all_stroma_array[0:MAX_NUMBER_OF_SAVED_TILES_STROMA]
sys.stdout.flush()
sys.stdout.write("\r %f" % round(100*(5/6),6))

all_urothelium_array = sorted(all_urothelium_array, reverse=reverse)
if MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM > len(all_urothelium_array):
    MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM = len(all_urothelium_array)
all_urothelium_array = all_urothelium_array[0:MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM]
sys.stdout.flush()
sys.stdout.write("\r %f" % round(100*(6/6),6))
























print('')
print('-----------------------------------------------------------------------------------------')
print('Assembling output pickle files...')

TOT_nWSI = 0
TOT_nBackground = 0
TOT_prob_sum_Background = 0
TOT_nBlood = 0
TOT_prob_sum_Blood = 0
TOT_nDamaged = 0
TOT_prob_sum_Damaged = 0
TOT_nMuscle = 0
TOT_prob_sum_Muscle = 0
TOT_nStroma = 0
TOT_prob_sum_Stroma = 0
TOT_nUrothelium = 0
TOT_prob_sum_Urothelium = 0
spaces = '               '





background_dicts = collections.defaultdict(dict)
blood_dicts = collections.defaultdict(dict)
damaged_dicts = collections.defaultdict(dict)
muscle_dicts = collections.defaultdict(dict)
stroma_dicts = collections.defaultdict(dict)
urothelium_dicts = collections.defaultdict(dict)


for item in all_background_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_background.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Background'
    tile_dict['probability'] = current_probability
    background_dicts[current_path_index][current_tile] = tile_dict


for item in all_blood_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_blood.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Blood'
    tile_dict['probability'] = current_probability
    blood_dicts[current_path_index][current_tile] = tile_dict

for item in all_damaged_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_damaged.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Damaged'
    tile_dict['probability'] = current_probability
    damaged_dicts[current_path_index][current_tile] = tile_dict


for item in all_muscle_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_muscle.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Muscle'
    tile_dict['probability'] = current_probability
    muscle_dicts[current_path_index][current_tile] = tile_dict


for item in all_stroma_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_stroma.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Stroma'
    tile_dict['probability'] = current_probability
    stroma_dicts[current_path_index][current_tile] = tile_dict


for item in all_urothelium_array:
    current_probability, current_tile, current_path, current_coordinates_25x, current_coordinates_100x, current_coordinates_400x = item
    current_path_index = pickle_files_in_dict_urothelium.index(current_path)
    tile_dict = dict()
    tile_dict['path'] = current_path
    tile_dict['coordinates_400x'] = current_coordinates_400x
    tile_dict['coordinates_100x'] = current_coordinates_100x
    tile_dict['coordinates_25x'] = current_coordinates_25x
    tile_dict['label'] = 'Urothelium'
    tile_dict['probability'] = current_probability
    urothelium_dicts[current_path_index][current_tile] = tile_dict








for current_filename in pickle_train_files:
    current_filename_path = current_filename[:-41] + '.scn'
    nBackground = 0
    prob_sum_Background = 0
    nBlood = 0
    prob_sum_Blood = 0
    nDamaged = 0
    prob_sum_Damaged = 0
    nMuscle = 0
    prob_sum_Muscle = 0
    nStroma = 0
    prob_sum_Stroma = 0
    nUrothelium = 0
    prob_sum_Urothelium = 0
    current_output_dict_cnt = 0
    if current_filename_path in pickle_files_in_dict_background or \
            current_filename_path in pickle_files_in_dict_blood or \
            current_filename_path in pickle_files_in_dict_damaged or \
            current_filename_path in pickle_files_in_dict_muscle or \
            current_filename_path in pickle_files_in_dict_stroma or \
            current_filename_path in pickle_files_in_dict_urothelium:
        TOT_nWSI += 1
        current_output_dict = dict()
        SAVE=True

    if current_filename_path in pickle_files_in_dict_background:
        current_path_index = pickle_files_in_dict_background.index(current_filename_path)
        for tile in background_dicts[current_path_index]:
            current_output_dict[tile] = background_dicts[current_path_index][tile]
            nBackground += 1
            TOT_nBackground += 1
            prob_sum_Background += current_probability
            TOT_prob_sum_Background += current_probability
            current_output_dict_cnt += 1

    if current_filename_path in pickle_files_in_dict_blood:
        current_path_index = pickle_files_in_dict_blood.index(current_filename_path)
        for tile in blood_dicts[current_path_index]:
            current_output_dict[tile] = blood_dicts[current_path_index][tile]
            nBlood += 1
            TOT_nBlood += 1
            prob_sum_Blood += current_probability
            TOT_prob_sum_Blood += current_probability
            current_output_dict_cnt += 1

    if current_filename_path in pickle_files_in_dict_damaged:
        current_path_index = pickle_files_in_dict_damaged.index(current_filename_path)
        for tile in damaged_dicts[current_path_index]:
            current_output_dict[tile] = damaged_dicts[current_path_index][tile]
            nDamaged += 1
            TOT_nDamaged += 1
            prob_sum_Damaged += current_probability
            TOT_prob_sum_Damaged += current_probability
            current_output_dict_cnt += 1

    if current_filename_path in pickle_files_in_dict_muscle:
        current_path_index = pickle_files_in_dict_muscle.index(current_filename_path)
        for tile in muscle_dicts[current_path_index]:
            current_output_dict[tile] = muscle_dicts[current_path_index][tile]
            nMuscle += 1
            TOT_nMuscle += 1
            prob_sum_Muscle += current_probability
            TOT_prob_sum_Muscle += current_probability
            current_output_dict_cnt += 1

    if current_filename_path in pickle_files_in_dict_stroma:
        current_path_index = pickle_files_in_dict_stroma.index(current_filename_path)
        for tile in stroma_dicts[current_path_index]:
            current_output_dict[tile] = stroma_dicts[current_path_index][tile]
            nStroma += 1
            TOT_nStroma += 1
            prob_sum_Stroma += current_probability
            TOT_prob_sum_Stroma += current_probability
            current_output_dict_cnt += 1

    if current_filename_path in pickle_files_in_dict_urothelium:
        current_path_index = pickle_files_in_dict_urothelium.index(current_filename_path)
        for tile in urothelium_dicts[current_path_index]:
            current_output_dict[tile] = urothelium_dicts[current_path_index][tile]
            nUrothelium += 1
            TOT_nUrothelium += 1
            prob_sum_Urothelium += current_probability
            TOT_prob_sum_Urothelium += current_probability
            current_output_dict_cnt += 1

    if SAVE:
        with open(OUTPUT_FOLDER + current_filename[:-41] + '_pickle.obj', 'wb') as handle:
            pickle.dump(current_output_dict, handle, protocol=pickle.HIGHEST_PROTOCOL)
        SAVE = False




    nBa = spaces[:-5 - len(str(nBackground))]
    nBl = spaces[:-len(str(nBlood))]
    nDa = spaces[:-2 - len(str(nDamaged))]
    nMu = spaces[:-1 - len(str(nMuscle))]
    nSt = spaces[:-1 - len(str(nStroma))]
    nUr = spaces[:-5 - len(str(nUrothelium))]
    print('')
    print('Fetched',current_output_dict_cnt,'tiles from', current_filename,':')
    if nBackground > 0:
        print('     Class: Background, number of tiles: ' + str(nBackground), ',',nBa,'avg. probability: ',
              prob_sum_Background / nBackground)
    if nBlood > 0:
        print('     Class: Blood, number of tiles: ' + str(nBlood), ',',nBl,'avg. probability: ',
              prob_sum_Blood / nBlood)
    if nDamaged > 0:
        print('     Class: Damaged, number of tiles: ' + str(nDamaged),',',nDa, 'avg. probability: ',
              prob_sum_Damaged / nDamaged)
    if nMuscle > 0:
        print('     Class: Muscle, number of tiles: ' + str(nMuscle),',',nMu, 'avg. probability: ',
              prob_sum_Muscle / nMuscle)
    if nStroma > 0:
        print('     Class: Stroma, number of tiles: ' + str(nStroma),',',nSt, 'avg. probability: ',
              prob_sum_Stroma / nStroma)
    if nUrothelium > 0:
        print('     Class: Urothelium, number of tiles: ' + str(nUrothelium),',',nUr, 'avg. probability: ',
              prob_sum_Urothelium / nUrothelium)


print('')
print('-----------------------------------------------------------------------------------------')
print('Out of ' + str(TOT_nWSI) + ' WSIs, the following number of tiles matched criteria:')

nBa=spaces[:-5-len(str(TOT_nBackground))]
nBl=spaces[:-len(str(TOT_nBlood))]
nDa=spaces[:-2-len(str(TOT_nDamaged))]
nMu=spaces[:-1-len(str(TOT_nMuscle))]
nSt=spaces[:-1-len(str(TOT_nStroma))]
nUr=spaces[:-5-len(str(TOT_nUrothelium))]

if TOT_nBackground > 0:
    print('     Class: Background, number of tiles: ' + str(TOT_nBackground), ',',nBa, 'avg. probability: ',
          TOT_prob_sum_Background / TOT_nBackground)
if TOT_nBlood > 0:
    print('     Class: Blood, number of tiles: ' + str(TOT_nBlood),  ',',nBl, 'avg. probability: ',
          TOT_prob_sum_Blood / TOT_nBlood)
if TOT_nDamaged > 0:
    print('     Class: Damaged, number of tiles: ' + str(TOT_nDamaged),  ',',nDa, 'avg. probability: ',
          TOT_prob_sum_Damaged / TOT_nDamaged)
if TOT_nMuscle > 0:
    print('     Class: Muscle, number of tiles: ' + str(TOT_nMuscle),  ',',nMu, 'avg. probability: ',
          TOT_prob_sum_Muscle / TOT_nMuscle)
if TOT_nStroma > 0:
    print('     Class: Stroma, number of tiles: ' + str(TOT_nStroma),  ',',nSt, 'avg. probability: ',
          TOT_prob_sum_Stroma / TOT_nStroma)
if TOT_nUrothelium > 0:
    print('     Class: Urothelium, number of tiles: ' + str(TOT_nUrothelium),  ',',nUr, 'avg. probability: ',
          TOT_prob_sum_Urothelium / TOT_nUrothelium)


print(datetime.now() - startTime)








attachments/python_files/pickle_combiner.py

import pickle
from os import listdir
from os.path import isfile, join

INPUT_PICKLE_PATH = 'C:/Users/ond/Documents/MSc/Master/markeringer/PICKLE_best_start/'
OUTPUT_PICKLE_PATH = 'C:/Users/ond/Documents/MSc/Master/markeringer/PICKLE_best_start_output/'

pickle_files = [f for f in listdir(INPUT_PICKLE_PATH+'Background/') if isfile(join(INPUT_PICKLE_PATH+'Background/', f))]
max_ba = 500
for current_pickle_file in pickle_files:
    print(current_pickle_file)
    current_output_dict=dict()
    current_ba_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Background/'+current_pickle_file, 'rb'))
    current_bl_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Blood/'+current_pickle_file, 'rb'))
    current_da_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Damaged/'+current_pickle_file, 'rb'))
    current_mu_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Muscle/'+current_pickle_file, 'rb'))
    current_st_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Stroma/'+current_pickle_file, 'rb'))
    current_ur_pickle = pickle.load(open(INPUT_PICKLE_PATH+'Urothelium/'+current_pickle_file, 'rb'))

    tile_counter = 0
    ba_counter=0

    if len(current_ba_pickle) > 0:
        for current_tile in current_ba_pickle:
            ba_counter+=1
            if ba_counter<=max_ba:
                current_output_dict[tile_counter] = current_ba_pickle[current_tile]
                tile_counter+=1
        test=False

    if len(current_bl_pickle) > 0:
        for current_tile in current_bl_pickle:
            current_output_dict[tile_counter] = current_bl_pickle[current_tile]
            tile_counter+=1

    if len(current_da_pickle) > 0:
        for current_tile in current_da_pickle:
            current_output_dict[tile_counter] = current_da_pickle[current_tile]
            tile_counter+=1

    if len(current_mu_pickle) > 0:
        for current_tile in current_mu_pickle:
            current_output_dict[tile_counter] = current_mu_pickle[current_tile]
            tile_counter+=1

    if len(current_st_pickle) > 0:
        for current_tile in current_st_pickle:
            current_output_dict[tile_counter] = current_st_pickle[current_tile]
            tile_counter+=1

    if len(current_ur_pickle) > 0:
        for current_tile in current_ur_pickle:
            current_output_dict[tile_counter] = current_ur_pickle[current_tile]
            tile_counter+=1

    with open(OUTPUT_PICKLE_PATH + current_pickle_file, 'wb') as handle:
        pickle.dump(current_output_dict, handle, protocol=pickle.HIGHEST_PROTOCOL)






attachments/python_files/pickle_model_dupl.py

import pickle
import os
from os import listdir
from os.path import isfile, join
from datetime import datetime
import numpy as np
startTime = datetime.now()
PICKLE_PATH = 'train_all_strong/pickle/'

debug=False
reverse=True                   # if more tiles in range than max number of tile, True = include the ones with highest probability, False = lowest probability
OUTPUT_FOLDER = PICKLE_PATH + 'modified_100/'
spaces='               '
PROBABILITY_RANGE_BACKGROUND = [0.9995, 1]
PROBABILITY_RANGE_BLOOD =      [1, 1]
PROBABILITY_RANGE_DAMAGED =    [1, 1]
PROBABILITY_RANGE_MUSCLE =     [1, 1]
PROBABILITY_RANGE_STROMA =     [1, 1]
PROBABILITY_RANGE_UROTHELIUM = [1, 1]

# 100000
MAX_NUMBER_OF_SAVED_TILES_BACKGROUND = 130000    #150k sist, 50k tiles   # adjust this
MAX_NUMBER_PER_FILE_BACKGROUND = 1000               # wish, will collect more if MAX_NUMBER_OF_SAVED_TILES_BACKGROUND / tot # WSIs  > MAX_NUMBER_PER_FILE_BACKGROUND
MIN_TILES_PER_SCN_BACKGROUND = 50                  # demand for it to be included for this class

MAX_NUMBER_OF_SAVED_TILES_BLOOD = 180000
MAX_NUMBER_PER_FILE_BLOOD = 1000
MIN_TILES_PER_SCN_BLOOD = 50

MAX_NUMBER_OF_SAVED_TILES_DAMAGED = 48915
MAX_NUMBER_PER_FILE_DAMAGED = 1000
MIN_TILES_PER_SCN_DAMAGED = 50

MAX_NUMBER_OF_SAVED_TILES_MUSCLE = 48915
MAX_NUMBER_PER_FILE_MUSCLE = 1000
MIN_TILES_PER_SCN_MUSCLE = 50

MAX_NUMBER_OF_SAVED_TILES_STROMA = 90000
MAX_NUMBER_PER_FILE_STROMA = 1000
MIN_TILES_PER_SCN_STROMA = 50

MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM = 48915
MAX_NUMBER_PER_FILE_URUTELIUM = 1000
MIN_TILES_PER_SCN_UROTHELIUM = 50




TOT_nWSI = 0
TOT_nBackground = 0
TOT_prob_sum_Background = 0
TOT_nBlood = 0
TOT_prob_sum_Blood = 0
TOT_nDamaged = 0
TOT_prob_sum_Damaged = 0
TOT_nMuscle = 0
TOT_prob_sum_Muscle = 0
TOT_nStroma = 0
TOT_prob_sum_Stroma = 0
TOT_nUrothelium = 0
TOT_prob_sum_Urothelium = 0

if not os.path.isdir(OUTPUT_FOLDER):
    os.mkdir(OUTPUT_FOLDER)


all_background_array = []
all_blood_array = []
all_damaged_array = []
all_muscle_array = []
all_stroma_array = []
all_urothelium_array = []

pickle_files_in_dict_background = []
pickle_files_in_dict_blood = []
pickle_files_in_dict_damaged = []
pickle_files_in_dict_muscle = []
pickle_files_in_dict_stroma = []
pickle_files_in_dict_urothelium = []



print('Scanning input pickle files...')
pickle_train_files = [f for f in listdir(PICKLE_PATH) if isfile(join(PICKLE_PATH, f))]
if debug:
    pickle_train_files = pickle_train_files[0:10]
    MAX_NUMBER_OF_SAVED_TILES_BACKGROUND = 10000
    MAX_NUMBER_OF_SAVED_TILES_BLOOD = 10000
    MAX_NUMBER_OF_SAVED_TILES_DAMAGED = 10000
    MAX_NUMBER_OF_SAVED_TILES_MUSCLE = 10000
    MAX_NUMBER_OF_SAVED_TILES_STROMA = 10000
    MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM = 10000
# del pickle_train_files[isinstance('.DS_Store')]

LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP = []
LIST_WITH_ALL_BLOOD_SCN_TO_KEEP = []
LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP = []
LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP = []
LIST_WITH_ALL_STROMA_SCN_TO_KEEP = []
LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP = []
TOT_nWSI = 0

for current_filename in pickle_train_files:
    TOT_nWSI+=1
    current_file = pickle.load(open(PICKLE_PATH + current_filename, 'rb'))
    current_number_of_tiles = len(current_file)
    nBackground = 0
    nBlood = 0
    nDamaged = 0
    nMuscle = 0
    nStroma = 0
    nUrothelium = 0
    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]  # Read current tile from input dict
        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        elif 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        if 'probability' in current_tile_dict:
            current_probability = current_tile_dict['probability']
        else:
            quit('Tiles does not contain probability')
            # {'path': 'H10382-07B Nyttsnitt_2015-06-17 15_57_51', 'probability': 0.99990106, 'coordinates_400x': (107027, 14275), 'coordinates_100x': (26707, 3520), 'label': 'Background', 'coordinates_25x': (6628, 831)}

        if current_class == 'Background' and PROBABILITY_RANGE_BACKGROUND[0] <= current_probability <= PROBABILITY_RANGE_BACKGROUND[1]:
            nBackground += 1

        if current_class == 'Blood' and PROBABILITY_RANGE_BLOOD[0] <= current_probability <= PROBABILITY_RANGE_BLOOD[1]:
            nBlood += 1

        if current_class == 'Damaged' and PROBABILITY_RANGE_DAMAGED[0] <= current_probability <= PROBABILITY_RANGE_DAMAGED[1]:
            nDamaged += 1

        if current_class == 'Muscle' and PROBABILITY_RANGE_MUSCLE[0] <= current_probability <= PROBABILITY_RANGE_MUSCLE[1]:
            nMuscle += 1

        if current_class == 'Stroma' and PROBABILITY_RANGE_STROMA[0] <= current_probability <= PROBABILITY_RANGE_STROMA[1]:
            nStroma += 1

        if current_class == 'Urothelium' and PROBABILITY_RANGE_UROTHELIUM[0] <= current_probability <= PROBABILITY_RANGE_UROTHELIUM[1]:
            nUrothelium += 1

    if nBackground >= MIN_TILES_PER_SCN_BACKGROUND:
        LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP.append(current_filename)
    if nBlood >= MIN_TILES_PER_SCN_BLOOD:
        LIST_WITH_ALL_BLOOD_SCN_TO_KEEP.append(current_filename)
    if nDamaged >= MIN_TILES_PER_SCN_DAMAGED:
        LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP.append(current_filename)
    if nMuscle >= MIN_TILES_PER_SCN_MUSCLE:
        LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP.append(current_filename)
    if nStroma >= MIN_TILES_PER_SCN_STROMA:
        LIST_WITH_ALL_STROMA_SCN_TO_KEEP.append(current_filename)
    if nUrothelium >= MIN_TILES_PER_SCN_UROTHELIUM:
        LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP.append(current_filename)


if len(LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_ba = round(MAX_NUMBER_OF_SAVED_TILES_BACKGROUND/len(LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_ba = 0



if len(LIST_WITH_ALL_BLOOD_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_bl = round(MAX_NUMBER_OF_SAVED_TILES_BLOOD/len(LIST_WITH_ALL_BLOOD_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_bl = 0



if len(LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_da = round(MAX_NUMBER_OF_SAVED_TILES_DAMAGED/len(LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_da = 0



if len(LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_mu = round(MAX_NUMBER_OF_SAVED_TILES_MUSCLE/len(LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_mu = 0



if len(LIST_WITH_ALL_STROMA_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_st = round(MAX_NUMBER_OF_SAVED_TILES_STROMA/len(LIST_WITH_ALL_STROMA_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_st = 0



if len(LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP) >0:
    adjusted_max_tile_per_file_ur = round(MAX_NUMBER_OF_SAVED_TILES_UROTHELIUM/len(LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP))
else:
    adjusted_max_tile_per_file_ur = 0








print('Input WSIs      : ',TOT_nWSI)
print('nBackground WSIs: ',len(LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP)    , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_ba)
print('nBlood WSIs     : ',len(LIST_WITH_ALL_BLOOD_SCN_TO_KEEP)         , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_bl)
print('nDamaged WSIs   : ',len(LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP)       , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_da)
print('nMuscle WSIs    : ',len(LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP)       , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_mu)
print('nStroma WSIs    : ',len(LIST_WITH_ALL_STROMA_SCN_TO_KEEP)        , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_st)
print('nUrothelium WSIs: ',len(LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP)    , '  Linspaced tiles per WSI:', adjusted_max_tile_per_file_ur)



for current_filename in pickle_train_files:
    current_file = pickle.load(open(PICKLE_PATH + current_filename, 'rb'))
    current_number_of_tiles = len(current_file)

    nBackground = 0
    prob_sum_Background = 0
    nBlood = 0
    prob_sum_Blood = 0
    nDamaged = 0
    prob_sum_Damaged = 0
    nMuscle = 0
    prob_sum_Muscle = 0
    nStroma = 0
    prob_sum_Stroma = 0
    nUrothelium = 0
    prob_sum_Urothelium = 0

    LIST_WITH_ALL_BACKGROUND = []
    LIST_WITH_ALL_BLOOD = []
    LIST_WITH_ALL_DAMAGED = []
    LIST_WITH_ALL_MUSCLE = []
    LIST_WITH_ALL_STROMA = []
    LIST_WITH_ALL_UROTHELIUM = []

    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]  # Read current tile from input dict
        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        elif 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        current_probability = current_tile_dict['probability']

        ## count
        if current_class == 'Background' and PROBABILITY_RANGE_BACKGROUND[0] <= current_probability <= PROBABILITY_RANGE_BACKGROUND[1]:
            nBackground += 1
            LIST_WITH_ALL_BACKGROUND.append([current_probability, current_tile])

        if current_class == 'Blood' and PROBABILITY_RANGE_BLOOD[0] <= current_probability <= PROBABILITY_RANGE_BLOOD[1]:
            nBlood += 1
            LIST_WITH_ALL_BLOOD.append([current_probability, current_tile])

        if current_class == 'Damaged' and PROBABILITY_RANGE_DAMAGED[0] <= current_probability <= PROBABILITY_RANGE_DAMAGED[1]:
            nDamaged += 1
            LIST_WITH_ALL_DAMAGED.append([current_probability, current_tile])

        if current_class == 'Muscle' and PROBABILITY_RANGE_MUSCLE[0] <= current_probability <= PROBABILITY_RANGE_MUSCLE[1]:
            nMuscle += 1
            LIST_WITH_ALL_MUSCLE.append([current_probability, current_tile])

        if current_class == 'Stroma' and PROBABILITY_RANGE_STROMA[0] <= current_probability <= PROBABILITY_RANGE_STROMA[1]:
            nStroma += 1
            LIST_WITH_ALL_STROMA.append([current_probability, current_tile])

        if current_class == 'Urothelium' and PROBABILITY_RANGE_UROTHELIUM[0] <= current_probability <= PROBABILITY_RANGE_UROTHELIUM[1]:
            nUrothelium += 1
            LIST_WITH_ALL_UROTHELIUM.append([current_probability, current_tile])


    _nBackground = 0
    _nBlood = 0
    _nDamaged = 0
    _nMuscle = 0
    _nStroma = 0
    _nUrothelium = 0


    dict_tile_cnt=0
    current_output_dict = dict()



    ## BACKGROUND - Linspace
    if current_filename in LIST_WITH_ALL_BACKGROUND_SCN_TO_KEEP:
        if nBackground <= adjusted_max_tile_per_file_ba:    # ta alle og append diff til neste
            linspace_tiles_to_keep_ba = []
            for i in range(0, nBackground):
                linspace_tiles_to_keep_ba.append(LIST_WITH_ALL_BACKGROUND[i][1])
        else:                                               # ta nBackground linspaced tiles
            linspace_tiles_to_keep_ba = []
            linspace_index_ba = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_BACKGROUND)-1, num=adjusted_max_tile_per_file_ba)]
            for i in linspace_index_ba:
                linspace_tiles_to_keep_ba.append(LIST_WITH_ALL_BACKGROUND[i][1])
        for item in linspace_tiles_to_keep_ba:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Background += current_file[item]['probability']
            TOT_prob_sum_Background += current_file[item]['probability']
            _nBackground += 1
            TOT_nBackground += 1

    ## BLOOD - Linspace
    if current_filename in LIST_WITH_ALL_BLOOD_SCN_TO_KEEP:
        if nBlood <= adjusted_max_tile_per_file_bl:    # ta alle og append diff til neste
            linspace_tiles_to_keep_bl = []
            for i in range(0, nBlood):
                linspace_tiles_to_keep_bl.append(LIST_WITH_ALL_BLOOD[i][1])
        else:                                               # ta nBlood linspaced tiles
            linspace_tiles_to_keep_bl = []
            linspace_index_bl = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_BLOOD)-1, num=adjusted_max_tile_per_file_bl)]
            for i in linspace_index_bl:
                linspace_tiles_to_keep_bl.append(LIST_WITH_ALL_BLOOD[i][1])
        for item in linspace_tiles_to_keep_bl:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Blood += current_file[item]['probability']
            TOT_prob_sum_Blood += current_file[item]['probability']
            _nBlood += 1
            TOT_nBlood += 1

    ## DAMAGED - Linspace
    if current_filename in LIST_WITH_ALL_DAMAGED_SCN_TO_KEEP:
        if nDamaged <= adjusted_max_tile_per_file_da:    # ta alle og append diff til neste
            linspace_tiles_to_keep_da = []
            for i in range(0, nDamaged):
                linspace_tiles_to_keep_da.append(LIST_WITH_ALL_DAMAGED[i][1])
        else:                                               # ta nDamaged linspaced tiles
            linspace_tiles_to_keep_da = []
            linspace_index_da = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_DAMAGED)-1, num=adjusted_max_tile_per_file_da)]
            for i in linspace_index_da:
                linspace_tiles_to_keep_da.append(LIST_WITH_ALL_DAMAGED[i][1])
        for item in linspace_tiles_to_keep_da:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Damaged += current_file[item]['probability']
            TOT_prob_sum_Damaged += current_file[item]['probability']
            _nDamaged += 1
            TOT_nDamaged += 1

    ## MUSCLE - Linspace
    if current_filename in LIST_WITH_ALL_MUSCLE_SCN_TO_KEEP:
        if nDamaged <= adjusted_max_tile_per_file_mu:    # ta alle og append diff til neste
            linspace_tiles_to_keep_mu = []
            for i in range(0, nMuscle):
                linspace_tiles_to_keep_mu.append(LIST_WITH_ALL_MUSCLE[i][1])
        else:                                               # ta nDamaged linspaced tiles
            linspace_tiles_to_keep_mu = []
            linspace_index_mu = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_MUSCLE)-1, num=adjusted_max_tile_per_file_mu)]
            for i in linspace_index_mu:
                linspace_tiles_to_keep_mu.append(LIST_WITH_ALL_MUSCLE[i][1])
        for item in linspace_tiles_to_keep_mu:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Muscle += current_file[item]['probability']
            TOT_prob_sum_Muscle += current_file[item]['probability']
            _nMuscle += 1
            TOT_nMuscle += 1

    ## STROMA - Linspace
    if current_filename in LIST_WITH_ALL_STROMA_SCN_TO_KEEP:
        if nStroma <= adjusted_max_tile_per_file_st:    # ta alle og append diff til neste
            linspace_tiles_to_keep_st = []
            for i in range(0, nStroma):
                linspace_tiles_to_keep_st.append(LIST_WITH_ALL_STROMA[i][1])
        else:                                               # ta nStroma linspaced tiles
            linspace_tiles_to_keep_st = []
            linspace_index_st = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_STROMA)-1, num=adjusted_max_tile_per_file_st)]
            for i in linspace_index_st:
                linspace_tiles_to_keep_st.append(LIST_WITH_ALL_STROMA[i][1])
        for item in linspace_tiles_to_keep_st:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Stroma += current_file[item]['probability']
            TOT_prob_sum_Stroma += current_file[item]['probability']
            _nStroma += 1
            TOT_nStroma += 1

    ## UROTHELIUM - Linspace
    if current_filename in LIST_WITH_ALL_UROTHELIUM_SCN_TO_KEEP:
        if nUrothelium <= adjusted_max_tile_per_file_ur:    # ta alle og append diff til neure
            linspace_tiles_to_keep_ur = []
            for i in range(0, nUrothelium):
                linspace_tiles_to_keep_ur.append(LIST_WITH_ALL_UROTHELIUM[i][1])
        else:                                               # ta nUrothelium linspaced tiles
            linspace_tiles_to_keep_ur = []
            linspace_index_ur = [int(round(num)) for num in np.linspace(0, len(LIST_WITH_ALL_UROTHELIUM)-1, num=adjusted_max_tile_per_file_ur)]
            for i in linspace_index_ur:
                linspace_tiles_to_keep_ur.append(LIST_WITH_ALL_UROTHELIUM[i][1])
        for item in linspace_tiles_to_keep_ur:
            dict_tile_cnt += 1
            current_output_dict[dict_tile_cnt] = current_file[item]
            prob_sum_Urothelium += current_file[item]['probability']
            TOT_prob_sum_Urothelium += current_file[item]['probability']
            _nUrothelium += 1
            TOT_nUrothelium += 1

    nBa = spaces[:-5 - len(str(TOT_nBackground))]
    nBl = spaces[:-len(str(TOT_nBlood))]
    nDa = spaces[:-2 - len(str(TOT_nDamaged))]
    nMu = spaces[:-1 - len(str(TOT_nMuscle))]
    nSt = spaces[:-1 - len(str(TOT_nStroma))]
    nUr = spaces[:-5 - len(str(TOT_nUrothelium))]
    print(current_filename)
    if _nBackground >= 1:
        print('     Class: Background, number of tiles: ' + str(_nBackground), ',',nBa,'avg. probability: ',
              prob_sum_Background / _nBackground)
    if _nBlood >= 1:
        print('     Class: Blood, number of tiles: ' + str(_nBlood), ',',nBl,'avg. probability: ',
              prob_sum_Blood / _nBlood)
    if _nDamaged >= 1:
        print('     Class: Damaged, number of tiles: ' + str(_nDamaged),',',nDa, 'avg. probability: ',
              prob_sum_Damaged / _nDamaged)
    if _nMuscle >= 1:
        print('     Class: Muscle, number of tiles: ' + str(_nMuscle),',',nMu, 'avg. probability: ',
              prob_sum_Muscle / _nMuscle)
    if _nStroma >= 1:
        print('     Class: Stroma, number of tiles: ' + str(_nStroma),',',nSt, 'avg. probability: ',
              prob_sum_Stroma / _nStroma)
    if _nUrothelium >= 1:
        print('     Class: Urothelium, number of tiles: ' + str(_nUrothelium),',',nUr, 'avg. probability: ',
              prob_sum_Urothelium / _nUrothelium)

    with open(OUTPUT_FOLDER + current_filename[:-41] + '_pickle.obj', 'wb') as handle:
        pickle.dump(current_output_dict, handle, protocol=pickle.HIGHEST_PROTOCOL)





nBa=spaces[:-5-len(str(TOT_nBackground))]
nBl=spaces[:-len(str(TOT_nBlood))]
nDa=spaces[:-2-len(str(TOT_nDamaged))]
nMu=spaces[:-1-len(str(TOT_nMuscle))]
nSt=spaces[:-1-len(str(TOT_nStroma))]
nUr=spaces[:-5-len(str(TOT_nUrothelium))]

if TOT_nBackground > 0:
    print('Class: Background, number of tiles: ' + str(TOT_nBackground), ',',nBa, 'avg. probability: ',
          TOT_prob_sum_Background / TOT_nBackground)
else:
    print('Class: Background, no sufficient tiles!')
if TOT_nBlood > 0:
    print('Class: Blood, number of tiles: ' + str(TOT_nBlood),  ',',nBl, 'avg. probability: ',
          TOT_prob_sum_Blood / TOT_nBlood)
else:
    print('Class: Blood, no sufficient tiles!')
if TOT_nDamaged > 0:
    print('Class: Damaged, number of tiles: ' + str(TOT_nDamaged),  ',',nDa, 'avg. probability: ',
          TOT_prob_sum_Damaged / TOT_nDamaged)
else:
    print('Class: Damaged, no sufficient tiles!')
if TOT_nMuscle > 0:
    print('Class: Muscle, number of tiles: ' + str(TOT_nMuscle),  ',',nMu, 'avg. probability: ',
          TOT_prob_sum_Muscle / TOT_nMuscle)
else:
    print('Class: Muscle, no sufficient tiles!')
if TOT_nStroma > 0:
    print('Class: Stroma, number of tiles: ' + str(TOT_nStroma),  ',',nSt, 'avg. probability: ',
          TOT_prob_sum_Stroma / TOT_nStroma)
else:
    print('Class: Stroma, no sufficient tiles!')
if TOT_nUrothelium > 0:
    print('Class: Urothelium, number of tiles: ' + str(TOT_nUrothelium),  ',',nUr, 'avg. probability: ',
          TOT_prob_sum_Urothelium / TOT_nUrothelium)
else:
    print('Class: Urothelium, no sufficient tiles!')

print('pat most ur: ', current_filename)






attachments/python_files/pickle_modifier.py

import pickle
import os
from os import listdir
from os.path import isfile, join
import sys
# PATH & settings
INPUT_PICKLE_PATH = 'All_pickle_files_strong_label/'
NAME_OF_CLASSES = ['Muscle', 'Other']
OUTPUT_PICKLE_PATH = 'Output_modified_pickle_files/Binary_classification/' + NAME_OF_CLASSES[0] +'/'
TOT_nWSI = 0
TOT_nBinary = 0
TOT_nOther = 0

pickle_files = [f for f in listdir(INPUT_PICKLE_PATH) if  isfile(join(INPUT_PICKLE_PATH, f))]
print('---------------------------------------------------------------------------------')
print('---------------------------------------------------------------------------------')
print('                         ', NAME_OF_CLASSES)
print('---------------------------------------------------------------------------------')
print('---------------------------------------------------------------------------------')
for current_filename in pickle_files:
    TOT_nWSI += 1
    nBinary = 0
    nOther = 0
    current_output_dict = dict()
    current_file = pickle.load(open(INPUT_PICKLE_PATH + current_filename, 'rb'))
    print(current_filename[:-11])
    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]


        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        if 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        current_path = current_tile_dict['path']
        current_coordinates_25x = current_tile_dict['coordinates_25x']
        current_coordinates_100x = current_tile_dict['coordinates_100x']
        current_coordinates_400x = current_tile_dict['coordinates_400x']

        if current_class == NAME_OF_CLASSES[0]:
            current_output_dict[current_tile] = current_tile_dict
            TOT_nBinary += 1
            nBinary +=1
        else:
            other_dict = {'path': current_path,
                          'label': NAME_OF_CLASSES[1],
                          'coordinates_100x': current_coordinates_100x,
                          'coordinates_400x': current_coordinates_400x,
                          'coordinates_25x': current_coordinates_25x
                          }
            current_output_dict[current_tile] = other_dict
            TOT_nOther += 1
            nOther += 1
    if nBinary > 0:
        print(' -',NAME_OF_CLASSES[0] ,', number of tiles: ' + str(nBinary))
    if nOther > 0:
        print(' -',NAME_OF_CLASSES[1] ,', number of tiles: ' + str(nOther))

    with open(OUTPUT_PICKLE_PATH+current_filename[:-11]+'_pickle.obj', 'wb') as handle:
        pickle.dump(current_output_dict, handle, protocol=pickle.HIGHEST_PROTOCOL)


print('---------------------------------------------------------------------------------')
print('Number of pickle files: ' + str(TOT_nWSI))
print('     ',NAME_OF_CLASSES[0],': ' + str(TOT_nBinary))
print('     ',NAME_OF_CLASSES[1],': ' + str(TOT_nOther))






attachments/python_files/pickle_modifier2.py

import pickle
from datetime import datetime
startTime = datetime.now()

# REMOVES TILES!
PICKLE_PATH = 'tissue_groundtruth_coordinate_tiles_eq_split/test/'
pickle_file = 'H147-02 F_2013-07-04 11_33_50_pickle.obj'

#CLASS_TO_REMOVE = 'Background'
#CLASS_TO_REMOVE = 'Blood'
#CLASS_TO_REMOVE = 'Damaged'
#CLASS_TO_REMOVE = 'Muscle'
#CLASS_TO_REMOVE = 'Stroma'
CLASS_TO_REMOVE = 'Background'
NUMBER_OF_TILES_TO_REMOVE = 9999999999999999 # = all

output_dict_keep = dict()
output_dict_discard = dict()
input_dict = pickle.load(open(PICKLE_PATH+pickle_file, 'rb'))
delt = 0
for tile in input_dict:
    if delt < NUMBER_OF_TILES_TO_REMOVE and input_dict[tile]['label'] == CLASS_TO_REMOVE:
        output_dict_discard[tile] = input_dict[tile]
        delt += 1
    else:
        output_dict_keep[tile] = input_dict[tile]

with open(PICKLE_PATH + pickle_file, 'wb') as handle:
    pickle.dump(output_dict_keep, handle, protocol=pickle.HIGHEST_PROTOCOL)

with open(PICKLE_PATH+ pickle_file[:-4]+'_discarded_'+str(delt)+'_'+CLASS_TO_REMOVE+'_tiles.obj', 'wb') as handle:
    pickle.dump(output_dict_discard, handle, protocol=pickle.HIGHEST_PROTOCOL)

print('Deleted', delt, CLASS_TO_REMOVE,'tiles from', pickle_file)






attachments/python_files/plot_area_400.py

import pickle
import os
# PATH
vipshome = 'vips-dev-w64-all-8.9.0/vips-dev-8.9/bin'
os.environ['PATH'] = vipshome + ';' + os.environ['PATH']
import pyvips
import numpy as np
from PIL import Image
import my_functions
import matplotlib.pyplot as plt
import myfunctions_preprocess
format_to_dtype = {
    'uchar': np.uint8,
    'char': np.int8,
    'ushort': np.uint16,
    'short': np.int16,
    'uint': np.uint32,
    'int': np.int32,
    'float': np.float32,
    'double': np.float64,
    'complex': np.complex64,
    'dpcomplex': np.complex128,
}
dtype_to_format = {
    'uint8': 'uchar',
    'int8': 'char',
    'uint16': 'ushort',
    'int16': 'short',
    'uint32': 'uint',
    'int32': 'int',
    'float32': 'float',
    'float64': 'double',
    'complex64': 'complex',
    'complex128': 'dpcomplex',
}


SAVE_TILES = False
SAVE_INDIVIDUAL_TILES = False
PICKLE = 'FINAL_MODELS/__________'
WSI = 'final_wsi/__________'
output_folder   = '__________/zoom/'#_train_probability/'
x400_folder     = output_folder+'400x/'
x100_folder     = output_folder+'100x/'
x25_folder      = output_folder+'25x/'
if not os.path.isdir(output_folder):
    os.mkdir(output_folder)

if SAVE_INDIVIDUAL_TILES:
    if not os.path.isdir(x400_folder):
        os.mkdir(x400_folder)
    if not os.path.isdir(x100_folder):
        os.mkdir(x100_folder)
    if not os.path.isdir(x25_folder):
        os.mkdir(x25_folder)


pickle_file = pickle.load(open(PICKLE, 'rb'))
image_25x = pyvips.Image.new_from_file(WSI, level=2).rot(1).flatten()
original_height_25x = image_25x.height
original_width_25x = image_25x.width
remove_cols_left_25, remove_rows_top_25, new_width_25, new_height_25 = my_functions.remove_white_background(image_25x, 200, 0, 0, 128)
image_25x = image_25x.extract_area(remove_cols_left_25, remove_rows_top_25, new_width_25, new_height_25)

image_100x = pyvips.Image.new_from_file(WSI, level=1).rot(1).flatten()
original_height_100x = image_100x.height
original_width_100x = image_100x.width
remove_cols_left_100, remove_rows_top_100, new_width_100, new_height_100 = my_functions.remove_white_background(image_100x, 200, 0, 0, 128)
image_100x = image_100x.extract_area(remove_cols_left_100, remove_rows_top_100, new_width_100, new_height_100)

image_400x = pyvips.Image.new_from_file(WSI, level=0).rot(1).flatten()
original_height_400x = image_400x.height
original_width_400x = image_400x.width
remove_cols_left_400, remove_rows_top_400, new_width_400, new_height_400 = my_functions.remove_white_background(image_400x, 200, 0, 0, 128)
image_400x_preprocess, x_offset_400x, y_offset_400x = myfunctions_preprocess.remove_white_background(input_img=image_400x,
                                                                                               PADDING_AROUND_IMG_SIZE=200,
                                                                                               OVERRIDE_X_INSIDE=0,
                                                                                               OVERRIDE_Y_INSIDE=0)
image_400x = image_400x.extract_area(remove_cols_left_400, remove_rows_top_400, new_width_400, new_height_400)
print(new_width_400, new_height_400)


# HOW TO:
# Set TEST_AREA = True
# Set ax and ay as start coordinates for extraxting area bx*by; ay:height, ax:width
# Set TEST_AREA = False


ax= 45000
ay= 18000-200
bx=3000
by=2000+200
area_400x = image_400x.extract_area(ax, ay, bx, by)
area_400x_jpeg = np.ndarray(buffer=area_400x.write_to_memory(), dtype=format_to_dtype[area_400x.format], shape=[area_400x.height, area_400x.width, area_400x.bands])
TEST_AREA = False
PREDICTION_WINDOW_SIZE=64#128
classed = 'blod_TRAIN_ALL_PROB-AVG_100k-ea'
if TEST_AREA:
    img = Image.fromarray(area_400x_jpeg, 'RGB')
    img.save(output_folder + 'area_400x.jpeg')
    image_25x.jpegsave(output_folder + 'overview.jpeg', Q=100)
    exit()
cnt=0

relation_400_to_100 = [new_width_100/new_width_400, new_height_100/new_height_400]
relation_400_to_25 = [new_width_25/new_width_400, new_height_25 / new_height_400]

ba_max_tile = 50
bl_max_tile = 50
da_max_tile = 50
mu_max_tile = 50
st_max_tile = 50
ur_max_tile = 50
ba_tiles=0
bl_tiles=0
da_tiles=0
mu_tiles=0
st_tiles=0
ur_tiles=0

for current_tile in pickle_file:
    dont_save=True
    print(100*(current_tile/len(pickle_file)))
    current_tile_dict = pickle_file[current_tile]
    if 'label' in current_tile_dict:
        current_class = current_tile_dict['label']
    elif 'tissue_type' in current_tile_dict:
        current_class = current_tile_dict['tissue_type']
    else:
        exit('No class detected')

    current_coordinates_25x = current_tile_dict['coordinates_25x']
    current_coordinates_100x = current_tile_dict['coordinates_100x']
    current_coordinates_400x = current_tile_dict['coordinates_400x']
    if current_class == 'Background':
        CURRENT_MARKER = [0, 0, 0]
        ba_tiles+=1
    if current_class == 'Blood':
        CURRENT_MARKER = [255, 0, 0]
        bl_tiles+=1
    if current_class == 'Damaged':
        CURRENT_MARKER = [0, 255, 255]
        da_tiles+=1
    if current_class == 'Muscle':
        CURRENT_MARKER = [255, 0, 255]
        mu_tiles+=1
    if current_class == 'Stroma':
        CURRENT_MARKER = [255, 255, 0]
        st_tiles+=1
    if current_class == 'Urothelium':
        CURRENT_MARKER = [0, 0, 255]
        ur_tiles+=1

    if ba_tiles>ba_max_tile and current_class == 'Background':
        dont_save=False
    if bl_tiles>bl_max_tile and current_class == 'Blood':
        dont_save=False
    if da_tiles>da_max_tile and current_class == 'Damaged':
        dont_save=False
    if mu_tiles>mu_max_tile and current_class == 'Muscle':
        dont_save=False
    if st_tiles>st_max_tile and current_class == 'Stroma':
        dont_save=False
    if ur_tiles>ur_max_tile and current_class == 'Urothelium':
        dont_save=False

    y=current_coordinates_400x[1] - 7*PREDICTION_WINDOW_SIZE-32# + PREDICTION_WINDOW_SIZE#ta vekk
    x=current_coordinates_400x[0] - 8*PREDICTION_WINDOW_SIZE+32# 3*PREDICTION_WINDOW_SIZE# PREDICTION_WINDOW_SIZE #+ 3*PREDICTION_WINDOW_SIZE
    if 0 < y-ay-remove_rows_top_400-(PREDICTION_WINDOW_SIZE/2) < by and 0 < x-ax-remove_cols_left_400-(PREDICTION_WINDOW_SIZE/2) < bx:
        Ya = int(round(y-(PREDICTION_WINDOW_SIZE/2)))+4
        Xa = int(round(x-(PREDICTION_WINDOW_SIZE/2)))
        w = 1
        for i in range(0, PREDICTION_WINDOW_SIZE + 1):
            for j in range(0, PREDICTION_WINDOW_SIZE + 1):
                if i >= PREDICTION_WINDOW_SIZE-w or i <= w or j >= PREDICTION_WINDOW_SIZE-w or j <= w:
                    if 0 < (Ya - remove_rows_top_400 - ay  +i)<by and 0 < (Xa - remove_cols_left_400 - ax  +j) < bx:
                        area_400x_jpeg[Ya - remove_rows_top_400 - ay -int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax -int(PREDICTION_WINDOW_SIZE/2) +j] = CURRENT_MARKER
                else:
                    if 0 < (Ya - remove_rows_top_400 - ay  +i)<by and 0 < (Xa - remove_cols_left_400 - ax  +j) < bx:
                        area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,0] = area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,0]*0.66 + int(CURRENT_MARKER[0]*0.33)
                        area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,1] = area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,1]*0.66 + int(CURRENT_MARKER[1]*0.33)
                        area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,2] = area_400x_jpeg[Ya - remove_rows_top_400 - ay-int(PREDICTION_WINDOW_SIZE/2) + i, Xa - remove_cols_left_400 - ax-int(PREDICTION_WINDOW_SIZE/2) + j ,2]*0.66 + int(CURRENT_MARKER[2]*0.33)

    if SAVE_TILES and dont_save:
        cnt+=1
        plt.figure(cnt)

        #x400 = current_coordinates_400x[0]-remove_cols_left_400
        #y400 = current_coordinates_400x[1]-remove_rows_top_400
        x400 = current_coordinates_400x[0] - x_offset_400x
        y400 = current_coordinates_400x[1] - y_offset_400x
        current_tile_400x = image_400x.extract_area(x400, y400,128,128)
        #current_tile_400x = image_400x_preprocess.extract_area(x400, y400,128,128)
        combined_400 = np.ndarray(buffer=current_tile_400x.write_to_memory(), dtype=format_to_dtype[current_tile_400x.format], shape=[current_tile_400x.height, current_tile_400x.width, current_tile_400x.bands])


        x25 = current_coordinates_25x[0]-remove_cols_left_25#x400 * relation_400_to_25[0]     #      x100 * relation_100_to_25[0]  # round(new_width_25*relation_x)   #
        y25 = current_coordinates_25x[1]-remove_rows_top_25#y400 * relation_400_to_25[1]      #      y100 * relation_100_to_25[1]  # round(new_height_25*relation_y)  #
        current_tile_25x = image_25x.extract_area(x25, y25,128,128)
        combined_25 = np.ndarray(buffer=current_tile_25x.write_to_memory(), dtype=format_to_dtype[current_tile_25x.format], shape=[current_tile_25x.height, current_tile_25x.width, current_tile_25x.bands])


        x100 = current_coordinates_100x[0]-remove_cols_left_100#x400 * relation_400_to_100[0]
        y100 = current_coordinates_100x[1]-remove_rows_top_100#y400 * relation_400_to_100[1] #current_coordinates_100x[1]-remove_rows_top_100
        current_tile_100x = image_100x.extract_area(x100, y100,128,128)
        combined_100 = np.ndarray(buffer=current_tile_100x.write_to_memory(), dtype=format_to_dtype[current_tile_100x.format], shape=[current_tile_100x.height, current_tile_100x.width, current_tile_100x.bands])

        plt.subplot(311)
        plt.imshow(combined_25)
        plt.subplot(312)
        plt.imshow(combined_100)
        plt.subplot(313)
        plt.imshow(combined_400)
        plt.savefig(output_folder+current_class+'_'+str(cnt)+'.png')
        plt.close()
        if SAVE_INDIVIDUAL_TILES:
            current_tile_25x.jpegsave(x25_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)
            current_tile_100x.jpegsave(x100_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)
            current_tile_400x.jpegsave(x400_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)

img = Image.fromarray(area_400x_jpeg, 'RGB')
img.save(output_folder+classed+'_400x.jpeg')
image_25x.jpegsave(output_folder+'overview.jpeg', Q=100)







attachments/python_files/plot_pickle_to_wsi.py

import pickle
import os
vipshome = 'vips-dev-w64-all-8.9.0/vips-dev-8.9/bin'
os.environ['PATH'] = vipshome + ';' + os.environ['PATH']
import pyvips
import numpy as np
from PIL import Image
import my_functions
import matplotlib.pyplot as plt
import myfunctions_preprocess
format_to_dtype = {
    'uchar': np.uint8,
    'char': np.int8,
    'ushort': np.uint16,
    'short': np.int16,
    'uint': np.uint32,
    'int': np.int32,
    'float': np.float32,
    'double': np.float64,
    'complex': np.complex64,
    'dpcomplex': np.complex128,
}
dtype_to_format = {
    'uint8': 'uchar',
    'int8': 'char',
    'uint16': 'ushort',
    'int16': 'short',
    'uint32': 'uint',
    'int32': 'int',
    'float32': 'float',
    'float64': 'double',
    'complex64': 'complex',
    'complex128': 'dpcomplex',
}


SAVE_TILES = False
SAVE_INDIVIDUAL_TILES = False

WSI = 'train_all_strong/wsi/_______'
PICKLE = 'train_all_strong/pickle/_______'



output_folder   = 'plotted/'
x400_folder     = output_folder+'400x/'
x100_folder     = output_folder+'100x/'
x25_folder      = output_folder+'25x/'
if not os.path.isdir(output_folder):
    os.mkdir(output_folder)

if SAVE_INDIVIDUAL_TILES:
    if not os.path.isdir(x400_folder):
        os.mkdir(x400_folder)
    if not os.path.isdir(x100_folder):
        os.mkdir(x100_folder)
    if not os.path.isdir(x25_folder):
        os.mkdir(x25_folder)


pickle_file = pickle.load(open(PICKLE, 'rb'))
image_25x = pyvips.Image.new_from_file(WSI, level=2).rot(1).flatten()
original_height_25x = image_25x.height
original_width_25x = image_25x.width
remove_cols_left_25, remove_rows_top_25, new_width_25, new_height_25 = my_functions.remove_white_background(image_25x, 200, 0, 0, 128)
image_25x = image_25x.extract_area(remove_cols_left_25, remove_rows_top_25, new_width_25, new_height_25)

image_100x = pyvips.Image.new_from_file(WSI, level=1).rot(1).flatten()
original_height_100x = image_100x.height
original_width_100x = image_100x.width
remove_cols_left_100, remove_rows_top_100, new_width_100, new_height_100 = my_functions.remove_white_background(image_100x, 200, 0, 0, 128)
image_100x = image_100x.extract_area(remove_cols_left_100, remove_rows_top_100, new_width_100, new_height_100)

image_400x = pyvips.Image.new_from_file(WSI, level=0).rot(1).flatten()
original_height_400x = image_400x.height
original_width_400x = image_400x.width
remove_cols_left_400, remove_rows_top_400, new_width_400, new_height_400 = my_functions.remove_white_background(image_400x, 200, 0, 0, 128)
image_400x_preprocess, x_offset_400x, y_offset_400x = myfunctions_preprocess.remove_white_background(input_img=image_400x,
                                                                                               PADDING_AROUND_IMG_SIZE=200,
                                                                                               OVERRIDE_X_INSIDE=0,
                                                                                               OVERRIDE_Y_INSIDE=0)
image_400x = image_400x.extract_area(remove_cols_left_400, remove_rows_top_400, new_width_400, new_height_400)
print(remove_cols_left_400, remove_rows_top_400, new_width_400, new_height_400)

overview = np.ndarray(buffer=image_25x.write_to_memory(), dtype=format_to_dtype[image_25x.format], shape=[image_25x.height, image_25x.width, image_25x.bands])

cnt=0
relation_400_to_100 = [new_width_100/new_width_400, new_height_100/new_height_400]
relation_400_to_25 = [new_width_25/new_width_400, new_height_25 / new_height_400]


ba_max_tile = 50
bl_max_tile = 50
da_max_tile = 50
mu_max_tile = 50
st_max_tile = 50
ur_max_tile = 50
ba_tiles=0
bl_tiles=0
da_tiles=0
mu_tiles=0
st_tiles=0
ur_tiles=0

for current_tile in pickle_file:
    dont_save=True
    print(100*(current_tile/len(pickle_file)))
    current_tile_dict = pickle_file[current_tile]
    if 'label' in current_tile_dict:
        current_class = current_tile_dict['label']
    elif 'tissue_type' in current_tile_dict:
        current_class = current_tile_dict['tissue_type']
    else:
        exit('No class detected')

    current_coordinates_25x = current_tile_dict['coordinates_25x']
    current_coordinates_100x = current_tile_dict['coordinates_100x']
    current_coordinates_400x = current_tile_dict['coordinates_400x']
    if current_class == 'Background':
        CURRENT_MARKER = [0, 0, 0]
        ba_tiles+=1
    if current_class == 'Blood':
        CURRENT_MARKER = [255, 0, 0]
        bl_tiles+=1
    if current_class == 'Damaged':
        CURRENT_MARKER = [0, 255, 255]
        da_tiles+=1
    if current_class == 'Muscle':
        CURRENT_MARKER = [255, 0, 255]
        mu_tiles+=1
    if current_class == 'Stroma':
        CURRENT_MARKER = [255, 255, 0]
        st_tiles+=1
    if current_class == 'Urothelium':
        CURRENT_MARKER = [0, 0, 255]
        ur_tiles+=1

    if ba_tiles>ba_max_tile and current_class == 'Background':
        dont_save=False
    if bl_tiles>bl_max_tile and current_class == 'Blood':
        dont_save=False
    if da_tiles>da_max_tile and current_class == 'Damaged':
        dont_save=False
    if mu_tiles>mu_max_tile and current_class == 'Muscle':
        dont_save=False
    if st_tiles>st_max_tile and current_class == 'Stroma':
        dont_save=False
    if ur_tiles>ur_max_tile and current_class == 'Urothelium':
        dont_save=False


    length, height = [7, 7]
    for i in range(0, length + 1):
        for j in range(0, height + 1):
            if i == length or i == 0 or j == height or j == 0:
                #overview[int(round(current_coordinates_25x[1]))  - 4 + i, int(round(current_coordinates_25x[0])) - 4 + j] = CURRENT_MARKER
                #overview[int(round(current_coordinates_25x[1]))-remove_rows_top_25 - 4 + i, int(round(current_coordinates_25x[0]))-remove_cols_left_25- 4 + j] = CURRENT_MARKER
                overview[int(round(current_coordinates_25x[1]))-remove_rows_top_25 + i + 61-10, int(round(current_coordinates_25x[0]))-remove_cols_left_25 + j + 51] = CURRENT_MARKER



    if SAVE_TILES and dont_save:
        cnt+=1
        plt.figure(cnt)


        x400 = current_coordinates_400x[0] - x_offset_400x
        y400 = current_coordinates_400x[1] - y_offset_400x
        current_tile_400x = image_400x.extract_area(x400, y400,128,128)
        combined_400 = np.ndarray(buffer=current_tile_400x.write_to_memory(), dtype=format_to_dtype[current_tile_400x.format], shape=[current_tile_400x.height, current_tile_400x.width, current_tile_400x.bands])


        x25 = current_coordinates_25x[0]-remove_cols_left_25#x400 * relation_400_to_25[0]     #      x100 * relation_100_to_25[0]  # round(new_width_25*relation_x)   #
        y25 = current_coordinates_25x[1]-remove_rows_top_25#y400 * relation_400_to_25[1]      #      y100 * relation_100_to_25[1]  # round(new_height_25*relation_y)  #
        current_tile_25x = image_25x.extract_area(x25, y25,128,128)
        combined_25 = np.ndarray(buffer=current_tile_25x.write_to_memory(), dtype=format_to_dtype[current_tile_25x.format], shape=[current_tile_25x.height, current_tile_25x.width, current_tile_25x.bands])


        x100 = current_coordinates_100x[0]-remove_cols_left_100#x400 * relation_400_to_100[0]
        y100 = current_coordinates_100x[1]-remove_rows_top_100#y400 * relation_400_to_100[1] #current_coordinates_100x[1]-remove_rows_top_100
        current_tile_100x = image_100x.extract_area(x100, y100,128,128)
        combined_100 = np.ndarray(buffer=current_tile_100x.write_to_memory(), dtype=format_to_dtype[current_tile_100x.format], shape=[current_tile_100x.height, current_tile_100x.width, current_tile_100x.bands])

        plt.subplot(311)
        plt.imshow(combined_25)
        plt.subplot(312)
        plt.imshow(combined_100)
        plt.subplot(313)
        plt.imshow(combined_400)
        plt.savefig(output_folder+current_class+'_'+str(cnt)+'.png')
        plt.close()
        if SAVE_INDIVIDUAL_TILES:
            current_tile_25x.jpegsave(x25_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)
            current_tile_100x.jpegsave(x100_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)
            current_tile_400x.jpegsave(x400_folder+current_class+'_'+str(cnt)+'.jpeg', Q=100)

    #exit()
img = Image.fromarray(overview, 'RGB')
img.save(output_folder+'overview.jpeg')






attachments/python_files/preprocess_region.py

import os
vipshome = 'C:/Users/ond/Downloads/vips-dev-w64-all-8.9.0/vips-dev-8.9/bin'
os.environ['PATH'] = vipshome + ';' + os.environ['PATH']
print('path =', os.getenv('PATH'))
import MyFunctions
from time import gmtime, strftime
import pyvips
Vips = pyvips
from xml.etree import ElementTree           # Used with XML files
import pickle
import time                                 # Timing
import os                                   #
import math                                 # math
import csv                                  # Creating and writing to CSV files
import numpy as np
from PIL import Image

format_to_dtype = {
    'uchar': np.uint8,
    'char': np.int8,
    'ushort': np.uint16,
    'short': np.int16,
    'uint': np.uint32,
    'int': np.int32,
    'float': np.float32,
    'double': np.float64,
    'complex': np.complex64,
    'dpcomplex': np.complex128,
}

dtype_to_format = {
    'uint8': 'uchar',
    'int8': 'char',
    'uint16': 'ushort',
    'int16': 'short',
    'uint32': 'uint',
    'int32': 'int',
    'float32': 'float',
    'float64': 'double',
    'complex64': 'complex',
    'complex128': 'dpcomplex',
}


def preprocess_region(remove_white_background, save_delete_img, xml_path, tile_size, filename, saved_tiles_path_400x, black_mask_tiles_path,
                      deleted_tiles_path, KEEP_INSIDE_OF_REGION, SAVE_REGION_IMG, SUMMARY_FILE, metadata_path, INPUT_ROOT_PATH,
                      CLASS_NAME, OVERLAPPING_TILES, image_path, saved_tiles_path_100x, saved_tiles_path_25x, PADDING_AROUND_IMG_SIZE,
                      DI_SCALE_PREPROCESSING, TRI_SCALE_PREPROCESSING, REGION_MARGIN_SIZE, SAVE_BACKGROUND_AS_CLASS, SAVE_FORMAT,
                      REDUCE_TO_ONE_REGION_ONLY, current_class, ONLY_EXTRACT_N_TILES, filename_no_extension, SAVE_ROOT_PATH,
                      SAVE_OVERVIEW_IMG, FIND_OPTIMAL_START_COORDINATES, XML_FROM_HISTOLOGY):


    # This function pre-process the images in the folder "images".
    # First the function removes any white area/border around the images.
    # Then the function applies a binary mask (if XML file exist) to mask out any unwanted parts of the image.
    # Then the function splits the large image up into small tile-images and saves them as tiff images. The function
    # checks each tile of it should be saved or discarded.
    # Rune Wetteland - 14.02.2017


    # region PREPROCESSING INIT
    # Start main timer
    main_timer_start = time.time()

    # Variable to keep track if we have cropped the coordinates in XML files
    cropped_xml = False

    # Define scale between images
    X_scale_400x_100x = 0.25
    Y_scale_400x_100x = 0.25
    X_scale_400x_25x = 0.0625
    Y_scale_400x_25x = 0.0625

    # Variables to count total number of tiles in each case
    count_tiles_saved = 0
    count_background_tiles_deleted = 0
    count_mask_tiles_deleted = 0
    current_list_of_all_tiles_dict = dict()

    # Parameters
    current_image_path = '{}/{}'.format(image_path, filename)

    # Parse the root of the XML file structure
    metadata_root = ElementTree.parse(metadata_path)

    # Check if summary file exist, if not, create one.
    if not os.path.isfile(SUMMARY_FILE):
        try:
            with open(SUMMARY_FILE, 'w') as csvfile:
                csv_writer = csv.writer(csvfile, delimiter=';', quotechar='|', quoting=csv.QUOTE_MINIMAL)
                csv_writer.writerow(['FILENAME', 'BLACK_MASK_TILES_DELETED', 'BACKGROUND_TILES_DELETED', 'TILES_SAVED',
                                     'CLASS_NAME', 'TIME(H:M:S)', 'REGION_MARGIN_SIZE', 'TILE_SIZE', 'OVERLAPPING_TILES',
                                     'SAVE_DELETE_IMG', 'KEEP_INSIDE_OF_REGION', 'DI_SCALE_PREPROCESS', 'TRI_SCALE_PREPROCESS'])
        except Exception as e:
            MyFunctions.myPrint('Error writing to file', error=True)
            MyFunctions.myPrint(e, error=True)

    # endregion

    # region LOAD 400x IMAGE
    current_image_400x = Vips.Image.new_from_file(current_image_path, level=0)

    # Rotate image 90 degree (necessary because aperio imagescope does this, and the region coordinates need to match)
    current_image_400x = current_image_400x.rot(1)
    current_image_400x_height = current_image_400x.height
    current_image_400x_width = current_image_400x.width

    MyFunctions.myPrint('Current 400x image: {}, height:{} width:{}'.format(current_image_path, current_image_400x.height, current_image_400x.width))
    # Flatten image to remove alpha channel (only if SCN images)
    if filename[-3:] == 'scn':
        current_image_400x = current_image_400x.flatten()

    # Read the attributes from the metadata XML file
    x_inside_400x = int(metadata_root.find('metadata_doc/x_inside').attrib['a400x'])
    y_inside_400x = int(metadata_root.find('metadata_doc/y_inside').attrib['a400x'])

    # Remove white background
    if remove_white_background:
        print(x_inside_400x, y_inside_400x)
        current_image_400x, x_offset_400x, y_offset_400x = MyFunctions.remove_white_background(input_img=current_image_400x,
                                                                                               PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE,
                                                                                               OVERRIDE_X_INSIDE=x_inside_400x,
                                                                                               OVERRIDE_Y_INSIDE=y_inside_400x)

        # print(x_offset_400x, y_offset_400x, current_image_400x.width, current_image_400x.height)
        # exit()

    # Find original image width
    original_img_width = current_image_400x.width - 2 * PADDING_AROUND_IMG_SIZE
    original_img_height = current_image_400x.height - 2 * PADDING_AROUND_IMG_SIZE
    current_image_400x_height_inner = current_image_400x.height
    current_image_400x_width_inner = current_image_400x.width

    # Find the correct attribute to update
    current_attribute = metadata_root.find('metadata_doc/size')
    current_attribute.set('height', str(current_image_400x.height - 2 * PADDING_AROUND_IMG_SIZE))
    current_attribute.set('width', str(current_image_400x.width - 2 * PADDING_AROUND_IMG_SIZE))

    # Save the XML document
    metadata_root.write(metadata_path)
    # endregion

    # region LOAD 100x IMAGE
    if DI_SCALE_PREPROCESSING is True or TRI_SCALE_PREPROCESSING is True:
        current_image_100x = Vips.Image.new_from_file(current_image_path, level=1)

        # Rotate image 90 degree (necessary because aperio imagescope does this, and the region coordinates need to match)
        current_image_100x = current_image_100x.rot(1)

        MyFunctions.myPrint('Current 100x image: {}, height:{} width:{}'.format(current_image_path, current_image_100x.height, current_image_100x.width))
        # Flatten image to remove alpha channel (only if SCN images)
        if filename[-3:] == 'scn':
            current_image_100x = current_image_100x.flatten()

        # Read the attributes from the metadata XML file
        x_inside_100x = int(metadata_root.find('metadata_doc/x_inside').attrib['a100x'])
        y_inside_100x = int(metadata_root.find('metadata_doc/y_inside').attrib['a100x'])

        # Remove white background
        if remove_white_background:
            current_image_100x, x_offset_100x, y_offset_100x = MyFunctions.remove_white_background(input_img=current_image_100x,
                                                                                                   PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE*X_scale_400x_100x,
                                                                                                   OVERRIDE_X_INSIDE=x_inside_100x,
                                                                                                   OVERRIDE_Y_INSIDE=y_inside_100x)
    # endregion

    # region LOAD 25x IMAGE
    if TRI_SCALE_PREPROCESSING is True:
        current_image_25x = Vips.Image.new_from_file(current_image_path, level=2)

        # Rotate image 90 degree (necessary because aperio imagescope does this, and the region coordinates need to match)
        current_image_25x = current_image_25x.rot(1)

        MyFunctions.myPrint('Current 25x image: {}, height:{} width:{}'.format(current_image_path, current_image_25x.height, current_image_25x.width))
        # Flatten image to remove alpha channel (only if SCN images)
        if filename[-3:] == 'scn':
            current_image_25x = current_image_25x.flatten()

        # Read the attributes from the metadata XML file
        x_inside_25x = int(metadata_root.find('metadata_doc/x_inside').attrib['a25x'])
        y_inside_25x = int(metadata_root.find('metadata_doc/y_inside').attrib['a25x'])

        # Remove white background
        if remove_white_background:
            current_image_25x, x_offset_25x, y_offset_25x = MyFunctions.remove_white_background(input_img=current_image_25x,
                                                                                                PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE*X_scale_400x_25x,
                                                                                                OVERRIDE_X_INSIDE=x_inside_25x,
                                                                                            OVERRIDE_Y_INSIDE=y_inside_25x)


    # endregion

    # region OVERVIEW IMAGE
    if SAVE_OVERVIEW_IMG:
        if TRI_SCALE_PREPROCESSING is False:
            current_image_25x = Vips.Image.new_from_file(current_image_path, level=2)
            # Flatten image to remove alpha channel (only if SCN images)
            if filename[-3:] == 'scn':
                current_image_25x = current_image_25x.flatten()

            # Rotate image 90 degree (necessary because aperio imagescope does this, and the region coordinates need to match)
            current_image_25x = current_image_25x.rot(1)

            # Read the attributes from the metadata XML file
            x_inside_25x = int(metadata_root.find('metadata_doc/x_inside').attrib['a25x'])
            y_inside_25x = int(metadata_root.find('metadata_doc/y_inside').attrib['a25x'])

            # Remove white background2
            if remove_white_background:
                current_image_25x, _, _ = MyFunctions.remove_white_background(input_img=current_image_25x,
                                                                              PADDING_AROUND_IMG_SIZE=PADDING_AROUND_IMG_SIZE,
                                                                              OVERRIDE_X_INSIDE=x_inside_25x,
                                                                              OVERRIDE_Y_INSIDE=y_inside_25x)
        fileName = '{}/{}#overview.jpeg'.format(image_path, filename[:-4])
        current_image_25x.jpegsave(fileName, Q=100)
    # endregion

    # region PREPROCESSING
    MyFunctions.myPrint('Starting applying binary mask on 400x image')

    # Read XML file, make a list with all X- and Y-coordinates
    if XML_FROM_HISTOLOGY:
        xml_list = MyFunctions.readXML_HISTOLOGY(path=xml_path,
                                        mask_width=original_img_height,
                                        REDUCE_TO_ONE_REGION_ONLY=REDUCE_TO_ONE_REGION_ONLY,
                                        OFFSET_X=x_offset_400x,
                                        OFFSET_Y=y_offset_400x,
                                        current_image_400x_height=current_image_400x_height,
                                        current_image_400x_width=current_image_400x_width,
                                        current_image_400x_height_inner=current_image_400x_height_inner,
                                        current_image_400x_width_inner=current_image_400x_width_inner)
    else:
        xml_list = MyFunctions.readXML(path=xml_path,
                                       mask_width=original_img_width,
                                       padding=PADDING_AROUND_IMG_SIZE,
                                       REDUCE_TO_ONE_REGION_ONLY=REDUCE_TO_ONE_REGION_ONLY)

    # debug_image = np.ndarray(buffer=current_image_25x.write_to_memory(),
    #                dtype=format_to_dtype[current_image_25x.format],
    #                shape=[current_image_25x.height, current_image_25x.width, current_image_25x.bands])
    # for current_region_index, current_region in enumerate(xml_list):
    #     #MyFunctions.myPrint('Processing region {} of {}'.format(current_region_index + 1, len(xml_list)))
    #     for current_coordinate in current_region:
    #         current_x = current_coordinate[0]
    #         current_y = current_coordinate[1]
    #         debug_image[int(round(current_x*0.0625)), int(round(current_y*0.0625))] = [0,0,255]
    #         debug_image[int(round(current_x*0.0625))-1, int(round(current_y*0.0625))] = [0,0,255]
    #         debug_image[int(round(current_x*0.0625))+1, int(round(current_y*0.0625))] = [0,0,255]
    #         debug_image[int(round(current_x*0.0625)), int(round(current_y*0.0625))-1] = [0,0,255]
    #         debug_image[int(round(current_x*0.0625)), int(round(current_y*0.0625))+1] = [0,0,255]
    #
    # img = Image.fromarray(debug_image, 'RGB')
    # fileName = '{}/{}#test.jpeg'.format(image_path, filename[:-4])
    # img.save(fileName)
    # Process each region in the XML file
    for current_region_index, current_region in enumerate(xml_list):
        MyFunctions.myPrint('Processing region {} of {}'.format(current_region_index+1, len(xml_list)))

        # region DRAW POLYGON AND FLOOD OUTSIDE REGION
        # Define some variable which are too large. We will then read the XML file and adjust these variables.
        crop_x_max = 0
        crop_x_min = 500000
        crop_y_max = 0
        crop_y_min = 500000

        # Variables to count number of tiles in each case
        region_count_tiles_saved = 0
        region_count_background_tiles_deleted = 0
        region_count_mask_tiles_deleted = 0

        # Flag to determine if drawing first element
        first_element = True
        # Find box inside image that fits around current region

        for coordinate_index in range(len(xml_list[current_region_index])):
            if xml_list[current_region_index][coordinate_index][0] > crop_x_max:
                crop_x_max = xml_list[current_region_index][coordinate_index][0]

            # Check Smallest x-value
            if xml_list[current_region_index][coordinate_index][0] < crop_x_min:
                crop_x_min = xml_list[current_region_index][coordinate_index][0]

            # Check Largest y-value
            if xml_list[current_region_index][coordinate_index][1] > crop_y_max:
                crop_y_max = xml_list[current_region_index][coordinate_index][1]

            # Check Smallest y-value
            if xml_list[current_region_index][coordinate_index][1] < crop_y_min:
                crop_y_min = xml_list[current_region_index][coordinate_index][1]



        # Add some margin around
        crop_x_max = crop_x_max + REGION_MARGIN_SIZE
        crop_x_min = crop_x_min - REGION_MARGIN_SIZE
        crop_y_max = crop_y_max + REGION_MARGIN_SIZE
        crop_y_min = crop_y_min - REGION_MARGIN_SIZE

        # Adjust height/width to tile size
        region_width = math.ceil((crop_x_max-crop_x_min)/tile_size) * tile_size
        region_height = math.ceil((crop_y_max-crop_y_min)/tile_size) * tile_size

        # print(crop_x_min, crop_y_min, region_width, region_height)
        # #test= current_image_400x.extract_area(115633, 73430, 1152,1152)
        # test= current_image_400x.extract_area(crop_x_min, crop_y_min, region_width, region_height)
        # fileName_400x = '{}{}/{}/{}#400x#binarymask_region'.format(INPUT_ROOT_PATH, current_class, filename[:-4], os.path.splitext(filename)[0], filename[:-4])
        # print(fileName_400x)
        # test.jpegsave(fileName_400x + str(current_region_index) + '.jpeg')
        # exit()

        # Crop image
        print(crop_x_min, crop_y_min, region_width, region_height)
        current_region_img_400x = current_image_400x.extract_area(crop_x_min, crop_y_min, region_width, region_height)

        MyFunctions.myPrint('\tCropped 400x image height:{} width:{}'.format(current_region_img_400x.height, current_region_img_400x.width))

        # We need to also "crop" the regions by subtracting the maximum x- and y-values form each coordinate
        cropped_xml = True
        for coordinate_index in range(len(xml_list[current_region_index])):
            xml_list[current_region_index][coordinate_index] = ((xml_list[current_region_index][coordinate_index][0] - crop_x_min),
                (xml_list[current_region_index][coordinate_index][1] - crop_y_min))

        # Create a new binary mask filled with 1's
        MyFunctions.myPrint('\tCreating new black mask')
        vips_mask = Vips.Image.black(current_region_img_400x.width, current_region_img_400x.height)
        MyFunctions.myPrint('\tFlooding mask with 1s')
        vips_mask = vips_mask.draw_flood(1, 50, 50)

        # Draw lines between all coordinates in current region
        for coordinates in current_region:

            if first_element != True:
                # Draw a line from (last_x, last_y) to (x,y)
                vips_mask = vips_mask.draw_line(0.0, last_x, last_y, coordinates[0], coordinates[1])
            else:
                # If first time, set initial values and toggle flag
                first_element = False
                x_max = coordinates[0]
                x_min = coordinates[0]
                y_max = coordinates[1]
                y_min = coordinates[1]
                start_x = coordinates[0]
                start_y = coordinates[1]

            # Update last coordinates
            last_x = coordinates[0]
            last_y = coordinates[1]

            # Update max/min values
            if last_x > x_max:
                x_max = coordinates[0]
            elif last_x < x_min:
                x_min = coordinates[0]

            if last_y > y_max:
                y_max = coordinates[1]
            elif last_y < y_min:
                y_min = coordinates[1]

        # Reset first_element flag
        #first_element = True

        # Calculate flood x-y coordinates for current polygon
        mass_center_x = ((x_min + x_max) // 2)
        mass_center_y = ((y_min + y_max) // 2)

        if mass_center_x > start_x:
            # Calculate the angle
            flood_angle = (math.atan((mass_center_y - start_y) / (mass_center_x - start_x)))
        else:
            # Calculate the angle and add Pi to the value
            flood_angle = math.pi + (math.atan((mass_center_y - start_y) / (mass_center_x - start_x)))

        # Calculate the step-size to go away from start point and into the flood area.
        flood_length = current_region_img_400x.width // 100

        # Calculate the point that layes inside the polygon. The flood-function will start
        # flooding from this point and out towards the polygon border.
        flood_x = int(start_x + round(flood_length * math.cos(flood_angle), 0))
        flood_y = int(start_y + round(flood_length * math.sin(flood_angle), 0))

        # Flood the inside of the current polygon with 1s
        if KEEP_INSIDE_OF_REGION == True:
            # Start flooding with 0s from coordinate x=1, y=1.
            vips_mask = vips_mask.draw_flood(0, 1, 1)
        else:
            # Start flooding with 0s from coordinate x=flood_x, y=flood_y.
            vips_mask = vips_mask.draw_flood(0, flood_x, flood_y)

        # Draw the line that shows where to flood. Good for debugging when it floods wrong.
        #vips_mask = vips_mask.draw_line(200.0, start_x, start_y, flood_x, flood_y)

        # Apply binary mask on current image by multiplying the two together.
        # The two input images are cast up to the smallest common format. This means:
        # Before multiplying the image is uchar (0-255)
        # After multiplying the image is ushort (0-65535)
        #MyFunctions.myPrint('\tMultiplying current image with binary mask and casting image type to UCHAR')
        current_region_img_400x = current_region_img_400x.multiply(vips_mask)

        # We need to cast the image format back down to uchar.
        current_region_img_400x = current_region_img_400x.cast(0)

        if SAVE_REGION_IMG:
            current_image_after_mask_400x = current_region_img_400x
            # Resize image
            MyFunctions.myPrint('\tPreparing to save region img after binary mask is applied')
            if current_region_img_400x.width > 10000:
                current_image_after_mask_400x = current_image_after_mask_400x.resize(0.05)

            # Saving to saved folder
            fileName_400x = '{}{}/{}/400x#{}_binarymask_region'.format(INPUT_ROOT_PATH, current_class, filename[:-4], current_class)
            #print(INPUT_ROOT_PATH, current_class, filename[:-4], os.path.splitext(filename)[0], current_region_index+1) #os.path.splitext(filename)[0],
            current_image_after_mask_400x.jpegsave(fileName_400x+str(current_region_index)+'.jpeg')

        MyFunctions.myPrint('\tFinish applying binary mask on image. Starting splitting current region up in tiles.')
        # endregion

        # region INIT BEFORE EXTRACTING TILES
        # Calculate how many tiles there are room for in width/height. Define start (x,y) coordinates

        # Calculate stop and step size
        if OVERLAPPING_TILES:
            n_search_width = ((current_region_img_400x.width // tile_size) * tile_size) - 2*tile_size
            n_search_height = ((current_region_img_400x.height // tile_size) * tile_size) - 2*tile_size
            row_step = tile_size // 2
            column_step = tile_size // 2
        else:
            n_search_width = (current_region_img_400x.width // tile_size) * tile_size - tile_size
            n_search_height = (current_region_img_400x.height // tile_size) * tile_size - tile_size
            row_step = tile_size
            column_step = tile_size

        # Initial start coordinates
        start_x_coordinate = crop_x_min
        start_y_coordinate = crop_y_min
        best_start_x_coordinate = 0
        best_start_y_coordinate = 0

        if FIND_OPTIMAL_START_COORDINATES:

            xy_start_coordinate_high_score = 0

            temp_counter = 0

            # if CLASS_NAME in ['Stroma', 'Muscle']:
            #     search_step_size = 8
            # else:
            #     search_step_size = 32
            search_step_size = 16
            # Finding optimal start coordinates
            for current_start_y_coordinate in range(0, tile_size, search_step_size):
                for current_start_x_coordinate in range(0, tile_size, search_step_size):
                    # Reset counter
                    current_start_xy_save_counter = 0
                    temp_counter += 1
                    for current_row in range(current_start_y_coordinate, n_search_height, tile_size):
                        for current_column in range(current_start_x_coordinate, n_search_width, tile_size):

                            # Extract tile area of the image
                            current_tile_400x_with_mask = current_region_img_400x.extract_area(current_column, current_row, tile_size, tile_size)

                            # Find 10% threshold limit
                            current_tile_thresh = current_tile_400x_with_mask.percent(10)

                            # Check if tile contains tissue
                            if (20 <= current_tile_thresh <= 185):
                                # Update save counter
                                current_start_xy_save_counter += 1

                    # Check if current start coordinates are a new best
                    if current_start_xy_save_counter > xy_start_coordinate_high_score:
                        # Found new optimal set with start coordinates, save coordinates.
                        print('\tSearching {}/{} - Found {} tiles - new optimal set'.format(temp_counter, int((tile_size / search_step_size) ** 2), current_start_xy_save_counter))
                        best_start_x_coordinate = current_start_x_coordinate
                        best_start_y_coordinate = current_start_y_coordinate
                        xy_start_coordinate_high_score = current_start_xy_save_counter
                    else:
                        print('\tSearching {}/{} - Found {} tiles'.format(temp_counter, int((tile_size / search_step_size) ** 2), current_start_xy_save_counter))

        # endregion

        # region EXTRACT TILES
        # We will sort through the images two times. First time using 'search_size' and second
        # time using 'tile-size'. This is to sort out the background more efficiently.
        for current_row in range(best_start_y_coordinate, n_search_height, row_step):

            # Calculate current y-coordinate
            current_y_pos = start_y_coordinate + current_row

            MyFunctions.myPrint('\tExtracting tiles row {}/{}'.format(current_row, n_search_height))

            for current_column in range(best_start_x_coordinate, n_search_width, column_step):

                # Calculate current x-coordinate
                current_x_pos = start_x_coordinate + current_column

                # Extract tile area of the image
                current_tile_400x_with_mask = current_region_img_400x.extract_area(current_column, current_row, tile_size, tile_size)

                # Find 10% threshold limit
                current_tile_thresh = current_tile_400x_with_mask.percent(10)

                # If most of the pixel values are in the upper range of the image, it means that
                # most of the image consist of gray background. Delete image. Else, save image.
                # Check if tile consist of mostly binary mask. Save to mask_folder (if save_delete_img is True)
                if current_tile_thresh < 20:
                    # TILE IS BLACK MASK
                    region_count_mask_tiles_deleted += 1
                    #if save_delete_img:
                        #fileName_400x = '{}/{}#{}#{}#400x.jpg'.format(black_mask_tiles_path, os.path.splitext(filename)[0], current_y_pos, current_x_pos)
                        #current_tile_400x_with_mask.jpegsave(fileName_400x, Q=60)
                elif (current_tile_thresh < 185) and SAVE_BACKGROUND_AS_CLASS is False:
                    # TILE CONTAINS TISSUE, SAVE IT

                    # Calculate coordinate of the middle-pixel value of the tile on 400x image
                    image_400x_tile_center_x = current_x_pos + (tile_size / 2) + REGION_MARGIN_SIZE
                    image_400x_tile_center_y = current_y_pos + (tile_size / 2) + REGION_MARGIN_SIZE

                    # Extract the tile from the 400x image (transform from middle-pixel, to top-left pixel coordinate)
                    if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:
                        current_tile_400x = current_image_400x.extract_area(image_400x_tile_center_x - (tile_size / 2),
                                                                            image_400x_tile_center_y - (tile_size / 2),
                                                                            tile_size, tile_size)

                        MyFunctions.save_tile_jpeg(tile=current_tile_400x,
                                                   x_pos=x_offset_400x + image_400x_tile_center_x - (tile_size / 2),
                                                   y_pos=y_offset_400x + image_400x_tile_center_y - (tile_size / 2),
                                                   cropped_xml=cropped_xml,
                                                   magnification_scale='400x',
                                                   jpeg_save_path=saved_tiles_path_400x,
                                                   wsi_filename=filename,
                                                   crop_x_min=crop_x_min,
                                                   REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                    # Transform the coordinate from the 400x image to the 100x image
                    if DI_SCALE_PREPROCESSING is True or TRI_SCALE_PREPROCESSING is True:
                        image_100x_tile_center_x = (image_400x_tile_center_x * X_scale_400x_100x)
                        image_100x_tile_center_y = (image_400x_tile_center_y * Y_scale_400x_100x)

                        # Extract the tile from the 100x image (transform from middle-pixel, to top-left pixel coordinate)
                        if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:
                            current_tile_100x = current_image_100x.extract_area(image_100x_tile_center_x - (tile_size / 2),
                                                                                image_100x_tile_center_y - (tile_size / 2),
                                                                                tile_size, tile_size)

                            MyFunctions.save_tile_jpeg(tile=current_tile_100x,
                                                       x_pos=x_offset_100x + image_100x_tile_center_x - (tile_size / 2),
                                                       y_pos=y_offset_100x + image_100x_tile_center_y - (tile_size / 2),
                                                       cropped_xml=cropped_xml,
                                                       magnification_scale='100x',
                                                       jpeg_save_path=saved_tiles_path_100x,
                                                       wsi_filename=filename,
                                                       crop_x_min=crop_x_min,
                                                       REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                    # Transform the coordinate from the 400x image to the 25x image
                    if TRI_SCALE_PREPROCESSING is True:
                        image_25x_tile_center_x = (image_400x_tile_center_x * X_scale_400x_25x)
                        image_25x_tile_center_y = (image_400x_tile_center_y * Y_scale_400x_25x)

                        # Extract the tile from the 25x image (transform from middle-pixel, to top-left pixel coordinate)
                        if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:
                            current_tile_25x = current_image_25x.extract_area(image_25x_tile_center_x - (tile_size / 2),
                                                                              image_25x_tile_center_y - (tile_size / 2),
                                                                              tile_size, tile_size)

                            MyFunctions.save_tile_jpeg(tile=current_tile_25x,
                                                       x_pos=x_offset_25x + image_25x_tile_center_x - (tile_size / 2),
                                                       y_pos=y_offset_25x + image_25x_tile_center_y - (tile_size / 2),
                                                       cropped_xml=cropped_xml,
                                                       magnification_scale='25x',
                                                       jpeg_save_path=saved_tiles_path_25x,
                                                       wsi_filename=filename,
                                                       crop_x_min=crop_x_min,
                                                       REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                    # Save tiles
                    if SAVE_FORMAT in ['COORDINATES', 'Coordinates', 'coordinates']:
                        MyFunctions.save_tile_coordinate(tile_dict=current_list_of_all_tiles_dict,
                                                         label=CLASS_NAME,
                                                         x_pos_400x=x_offset_400x + image_400x_tile_center_x - (tile_size / 2),
                                                         y_pos_400x=y_offset_400x + image_400x_tile_center_y - (tile_size / 2),
                                                         x_pos_100x=x_offset_100x + image_100x_tile_center_x - (tile_size / 2),
                                                         y_pos_100x=y_offset_100x + image_100x_tile_center_y - (tile_size / 2),
                                                         x_pos_25x=x_offset_25x + image_25x_tile_center_x - (tile_size / 2),
                                                         y_pos_25x=y_offset_25x + image_25x_tile_center_y - (tile_size / 2),
                                                         wsi_filename=filename)

                    # Update save counter
                    region_count_tiles_saved += 1

                    # Break out if early stopping is enabled
                    if isinstance(ONLY_EXTRACT_N_TILES, int):
                        if region_count_tiles_saved >= ONLY_EXTRACT_N_TILES:
                            break
                else:
                    # TILE IS BACKGROUND
                    if save_delete_img:

                        # Check if should save tile in deleted_tiles_path or saved_tiles_path_400x
                        if SAVE_BACKGROUND_AS_CLASS is False:
                            fileName_400x = '{}/{}#{}#{}#400x.jpg'.format(deleted_tiles_path, os.path.splitext(filename)[0], current_y_pos, current_x_pos)
                            current_tile_400x_with_mask.jpegsave(fileName_400x, Q=60)
                            region_count_background_tiles_deleted += 1
                        elif SAVE_BACKGROUND_AS_CLASS is True:
                            # Calculate coordinate of the middle-pixel value of the tile on 400x image
                            image_400x_tile_center_x = current_x_pos + (tile_size / 2) + REGION_MARGIN_SIZE
                            image_400x_tile_center_y = current_y_pos + (tile_size / 2) + REGION_MARGIN_SIZE

                            # Extract the tile from the 25x image (transform from middle-pixel, to top-left pixel coordinate)
                            if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:
                                # Extract the tile from the 400x image (transform from middle-pixel, to top-left pixel coordinate)
                                current_tile_400x = current_image_400x.extract_area(image_400x_tile_center_x - (tile_size / 2),
                                                                                    image_400x_tile_center_y - (tile_size / 2),
                                                                                    tile_size, tile_size)

                                MyFunctions.save_tile_jpeg(tile=current_tile_400x,
                                                           x_pos=x_offset_400x + image_400x_tile_center_x - (tile_size / 2),
                                                           y_pos=y_offset_400x + image_400x_tile_center_y - (tile_size / 2),
                                                           cropped_xml=cropped_xml,
                                                           magnification_scale='400x',
                                                           jpeg_save_path=saved_tiles_path_400x,
                                                           wsi_filename=filename,
                                                           crop_x_min=crop_x_min,
                                                           REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                            if DI_SCALE_PREPROCESSING is True or TRI_SCALE_PREPROCESSING is True:
                                # Transform the coordinate from the 400x image to the 100x image
                                image_100x_tile_center_x = (image_400x_tile_center_x * X_scale_400x_100x)
                                image_100x_tile_center_y = (image_400x_tile_center_y * Y_scale_400x_100x)

                                if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:

                                    # Extract the tile from the 100x image (transform from middle-pixel, to top-left pixel coordinate)
                                    current_tile_100x = current_image_100x.extract_area(image_100x_tile_center_x - (tile_size / 2),
                                                                                        image_100x_tile_center_y - (tile_size / 2),
                                                                                        tile_size,
                                                                                        tile_size)

                                    MyFunctions.save_tile_jpeg(tile=current_tile_100x,
                                                               x_pos=x_offset_100x + image_100x_tile_center_x - (tile_size / 2),
                                                               y_pos=y_offset_100x + image_100x_tile_center_y - (tile_size / 2),
                                                               cropped_xml=cropped_xml,
                                                               magnification_scale='100x',
                                                               jpeg_save_path=saved_tiles_path_100x,
                                                               wsi_filename=filename,
                                                               crop_x_min=crop_x_min,
                                                               REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                            if TRI_SCALE_PREPROCESSING is True:
                                # Transform the coordinate from the 400x image to the 25x image
                                image_25x_tile_center_x = (image_400x_tile_center_x * X_scale_400x_25x)
                                image_25x_tile_center_y = (image_400x_tile_center_y * Y_scale_400x_25x)

                                # Extract the tile from the 25x image (transform from middle-pixel, to top-left pixel coordinate)
                                if SAVE_FORMAT in ['JPEG', 'Jpeg', 'jpeg']:
                                    current_tile_25x = current_image_25x.extract_area(image_25x_tile_center_x - (tile_size / 2),
                                                                                      image_25x_tile_center_y - (tile_size / 2),
                                                                                      tile_size, tile_size)

                                    MyFunctions.save_tile_jpeg(tile=current_tile_25x,
                                                               x_pos=x_offset_25x + image_25x_tile_center_x - (tile_size / 2),
                                                               y_pos=y_offset_25x + image_25x_tile_center_y - (tile_size / 2),
                                                               cropped_xml=cropped_xml,
                                                               magnification_scale='25x',
                                                               jpeg_save_path=saved_tiles_path_25x,
                                                               wsi_filename=filename,
                                                               crop_x_min=crop_x_min,
                                                               REGION_MARGIN_SIZE=REGION_MARGIN_SIZE)

                            # Save tiles
                            if SAVE_FORMAT in ['COORDINATES', 'Coordinates', 'coordinates']:
                                MyFunctions.save_tile_coordinate(tile_dict=current_list_of_all_tiles_dict,
                                                                 label=CLASS_NAME,
                                                                 x_pos_400x=x_offset_400x + image_400x_tile_center_x - (tile_size / 2),
                                                                 y_pos_400x=y_offset_400x + image_400x_tile_center_y - (tile_size / 2),
                                                                 x_pos_100x=x_offset_100x + image_100x_tile_center_x - (tile_size / 2),
                                                                 y_pos_100x=y_offset_100x + image_100x_tile_center_y - (tile_size / 2),
                                                                 x_pos_25x=x_offset_25x + image_25x_tile_center_x - (tile_size / 2),
                                                                 y_pos_25x=y_offset_25x + image_25x_tile_center_y - (tile_size / 2),
                                                                 wsi_filename=filename)

                        # Break out if early stopping is enabled
                        if isinstance(ONLY_EXTRACT_N_TILES, int):
                            if region_count_background_tiles_deleted >= ONLY_EXTRACT_N_TILES:
                                break

                    # Update counter
                    region_count_background_tiles_deleted += 1

            # Break out if early stopping is enabled
            if isinstance(ONLY_EXTRACT_N_TILES, int):
                if (region_count_tiles_saved >= ONLY_EXTRACT_N_TILES) or (region_count_background_tiles_deleted >= ONLY_EXTRACT_N_TILES):
                    print('Early stopping, breaking out of loop.')
                    break

        # Variables to count total number of tiles in each case
        count_tiles_saved += region_count_tiles_saved
        count_background_tiles_deleted += region_count_background_tiles_deleted
        count_mask_tiles_deleted += region_count_mask_tiles_deleted

        MyFunctions.myPrint('Tiles saved: {}'.format(region_count_tiles_saved))
        MyFunctions.myPrint('Tiles deleted: {}'.format(region_count_background_tiles_deleted))
        MyFunctions.myPrint('Masked tile deleted: {}'.format(region_count_mask_tiles_deleted))
        # endregion

    # endregion

    # region FINAL CALCULATIONS
    # Calculate total time for preprocessing
    total_time = time.time() - main_timer_start
    m, s = divmod(total_time, 60)
    h, m = divmod(m, 60)

    total_runtime = '%02d:%02d:%02d' % (h, m, s)

    # Save coordinates array to pickle
    pickle_filename = '{}{}_pickle.obj'.format(SAVE_ROOT_PATH, filename_no_extension)
    print('------ pickle filename:',pickle_filename)
    if not os.path.isfile(pickle_filename):
        # Save as new pickle file
        pickle_writer = open(pickle_filename, 'wb')
        pickle.dump(current_list_of_all_tiles_dict, pickle_writer)
        pickle_writer.close()
    else:
        # Update existing dict
        pickle_reader = open(pickle_filename, 'rb')
        list_of_all_tiles_dict = pickle.load(pickle_reader)
        pickle_reader.close()

        # Find last index value
        last_dict_index = len(list_of_all_tiles_dict)

        # Add data to main dict
        for index, value in current_list_of_all_tiles_dict.items():
            list_of_all_tiles_dict[last_dict_index + index] = value

        # Save as new pickle file
        pickle_writer = open(pickle_filename, 'wb')
        pickle.dump((list_of_all_tiles_dict), pickle_writer)
        pickle_writer.close()

    # Write result to summary.csv file
    try:
        with open(SUMMARY_FILE, 'a', newline='') as csvfile:
            csv_writer = csv.writer(csvfile, delimiter=';', quotechar='|', quoting=csv.QUOTE_MINIMAL)
            csv_writer.writerow([filename, count_mask_tiles_deleted, count_background_tiles_deleted, count_tiles_saved, CLASS_NAME, total_runtime,
                                 REGION_MARGIN_SIZE, tile_size, OVERLAPPING_TILES, save_delete_img, KEEP_INSIDE_OF_REGION,
                                 DI_SCALE_PREPROCESSING, TRI_SCALE_PREPROCESSING])
    except Exception as e:
        MyFunctions.myPrint('Error writing to file', error=True)
        MyFunctions.myPrint(e, error=True)
    # endregion







attachments/python_files/README.txt

=========================================================================================================================
Filename			Owner                   Description
-------------------------------------------------------------------------------------------------------------------------
CBST.py                         Author              	Select tiles through CBST method
PBST.py                         Author              	Select tiles through PBST method
pickle_combiner.py         	Author              	Combine one pickle file representing each class into one
pickle_model_dupl.py     	Author              	Similar to PBST, but sufficient tiles are linearly spaced per WSI
pickle_modifier.py         	Author              	Create pickle files for two-class binary models
pickle_modifier2.py       	Author              	Remove tiles from pickle files by certain criteria
plot_area_400.py             	Author              	Plot pickle files/tiles in an area of a WSI 
plot_pickle_to_wsi.py  		Author              	Plot pickle files/tiles in a whole WSI 
test_pickle_input.py     	Author              	Count all tiles in all pickle files in a directory
mode_7c.py                      R. Wetteland   		Added functionality to save probability for each tile
my_functions.py               	R. Wetteland   		Added functionality to save probability for each tile
main_prep.py                    R. Wetteland   		Added functionality to extract tiles from histology website
preprocess_region.py     	R. Wetteland   		Added functionality to extract tiles from histology website
MyFunctions.py                 	R. Wetteland   		Added functionality to extract tiles from histology website
=========================================================================================================================






attachments/python_files/test_pickle_input.py

import pickle
from os import listdir
from os.path import isfile, join
# PATH
PICKLE_PATH = 'C:/Users/ond/Documents/MSc/Master/2020.02-Macgyver4.0/train_all_strong/pickle/modified/fixed/'
PROBABILITY_MIN_BACKGROUND = 0#0.949396273186383
PROBABILITY_MIN_BLOOD =      0#0.9666432924285854
PROBABILITY_MIN_DAMAGED =    0#0.9789107169871514
PROBABILITY_MIN_MUSCLE =     0#0.9663679602542768
PROBABILITY_MIN_STROMA =     0#0.9481853883367758
PROBABILITY_MIN_UROTHELIUM = 0#0.97994887966497
highest_ur = 0
TOT_nBackground = 0
TOT_nBlood = 0
TOT_nDamaged = 0
TOT_nMuscle = 0
TOT_nStroma = 0
TOT_nUrothelium = 0
TOT_nOther = 0
nPickle = 0
pat_ba=0
pat_bl=0
pat_da=0
pat_mu=0
pat_st=0
pat_ur=0
pat_ot=0
prob_ba=0
prob_bl=0
prob_da=0
prob_mu=0
prob_st=0
prob_ur=0

pickle_train_files = [f for f in listdir(PICKLE_PATH) if  isfile(join(PICKLE_PATH, f))]

for current_filename in pickle_train_files:
    nPickle += 1
    current_file = pickle.load(open(PICKLE_PATH+current_filename, 'rb'))
    current_number_of_tiles = len(current_file)


    printBackground = True
    printBlood = True
    printDamaged = True
    printMuscle = True
    printStroma = True
    printUrothelium = True

    nBackground = 0
    nBlood = 0
    nDamaged = 0
    nMuscle = 0
    nStroma = 0
    nUrothelium = 0
    nOther = 0

    print(current_filename + ' contains ' + str(int(current_number_of_tiles)) + ' labelled tiles.')

    for current_tile in current_file:
        current_tile_dict = current_file[current_tile]

        if 'label' in current_tile_dict:
            current_class = current_tile_dict['label']
        elif 'tissue_type' in current_tile_dict:
            current_class = current_tile_dict['tissue_type']
        else:
            exit('No class detected')
        if 'probability' in current_tile_dict:
            current_probability = current_tile_dict['probability']
            probability_in_pickle = True
        else:
            probability_in_pickle = False
            current_probability = 0
            print('Tiles does not contain probability')
        #print(current_class)


        if current_class == 'Background':
            nBackground += 1
            TOT_nBackground += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_BACKGROUND:
                prob_ba += current_probability

        if current_class == 'Blood':
            nBlood += 1
            TOT_nBlood += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_BLOOD:
                prob_bl += current_probability

        if current_class == 'Damaged':
            nDamaged += 1
            TOT_nDamaged += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_DAMAGED:
               prob_da += current_probability

        if current_class == 'Muscle':
            nMuscle += 1
            TOT_nMuscle += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_MUSCLE:
             prob_mu += current_probability

        if current_class == 'Stroma':
            nStroma += 1
            TOT_nStroma += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_STROMA:
                prob_st += current_probability

        if current_class == 'Urothelium':
            nUrothelium += 1
            TOT_nUrothelium += 1
            if probability_in_pickle and current_probability >= PROBABILITY_MIN_UROTHELIUM:
                prob_ur += current_probability

        if current_class == 'Other':
            nOther += 1
            TOT_nOther += 1

    if nUrothelium > highest_ur:
        highest_ur = nUrothelium
        highest_pat_ur = current_filename

    if nBackground>0:
        print('     Background:     ' + str(nBackground))
        pat_ba+=1
    if nBlood>0:
        print('     Blood:          ' + str(nBlood))
        pat_bl+=1
    if nDamaged>0:
        print('     Damaged:        ' + str(nDamaged))
        pat_da+=1
    if nMuscle>0:
        print('     Muscle:         ' + str(nMuscle))
        pat_mu+=1
    if nStroma>0:
        print('     Stroma:         ' + str(nStroma))
        pat_st+=1
    if nUrothelium>0:
        print('     Urothelium:     ' + str(nUrothelium))
        pat_ur+=1
    if nOther>0:
        print('     Other:     ' + str(nOther))
        pat_ot+=1

if probability_in_pickle:
    print('----------------- TOTAL ------------------')
    print('Number of pickle files: ' + str(nPickle))
    print('Total Background:    ' + str(TOT_nBackground),', ',pat_ba,'patients, avg. prob = ',prob_ba/TOT_nBackground)
    print('Total Blood:         ' + str(TOT_nBlood),', ',pat_bl,'patients, avg. prob = ',prob_bl/TOT_nBlood)
    print('Total Damaged:       ' + str(TOT_nDamaged),', ',pat_da,'patients, avg. prob = ',prob_da/TOT_nDamaged)
    print('Total Muscle:        ' + str(TOT_nMuscle),', ',pat_mu,'patients, avg. prob = ',prob_mu/TOT_nMuscle)
    print('Total Stroma:        ' + str(TOT_nStroma),', ',pat_st,'patients, avg. prob = ',prob_st/TOT_nStroma)
    print('Total Urothelium:    ' + str(TOT_nUrothelium),', ',pat_ur,'patients, avg. prob = ',prob_ur/TOT_nUrothelium)
    print('Total Other:         ' + str(TOT_nOther),', ',pat_ot,'patients')
else:
    print('----------------- TOTAL ------------------')
    print('Number of pickle files: ' + str(nPickle))
    print('Total Background:    ' + str(TOT_nBackground),', ',pat_ba,'patients')
    print('Total Blood:         ' + str(TOT_nBlood),', ',pat_bl,'patients')
    print('Total Damaged:       ' + str(TOT_nDamaged),', ',pat_da,'patients')
    print('Total Muscle:        ' + str(TOT_nMuscle),', ',pat_mu,'patients')
    print('Total Stroma:        ' + str(TOT_nStroma),', ',pat_st,'patients')
    print('Total Urothelium:    ' + str(TOT_nUrothelium),', ',pat_ur,'patients')
    print('Total Other:         ' + str(TOT_nOther),', ',pat_ot,'patients')


print('')
print('Patient with most urothelium:', highest_pat_ur)






