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Abstract

In response to stressful situations, the body activates its sympathetic nervous system with the
sudden release of hormones. This increases the presence of adrenaline and noradrenaline which
improves muscle strength and endurance. The response is the ”fight-or-flight” reflex that pre-
pares the body to endure emergency situations. The effect is recognizable in increased blood
pressure, heart rate and breathing. In everyday life, stress can be triggered by deadlines at work
or experienced by a student about to deliver their thesis. A small amount of stress can be helpful
to motivate and endure difficult situations. However, being exposed to stress over an extended
period of time can lead to depression and may increase risk of early development of dementia
such as Alzheimer’s disease.

It is hypothesized that being constantly stressed for a prolonged time can affect the signalling
between the neurons of the brain. The signalling is a chemical process that uses chemical
neurotransmitters stored inside spherical synaptic vesicles. The signal transportation within
synapses involves the physical movement of the vesicles towards the pre-synaptic membrane
called the active zone. It has been shown that stress influences the distribution of synaptic
vesicles.

The objective of this thesis was to develop an automatic synaptic vesicle detection algorithm for
use on microscopy images of rat brains. The proposed system is based on a concept of using a
Convolutional Neural Network and Compressed Sensing (CNNCS) to predict the synaptic vesi-
cle centers. The neural network is trained to approximate compressed signed distance arrays
from different observation axes uniformly distributed around the input image. The approx-
imated compressed signal can be decoded and reconstructed into predicted synaptic vesicle
positions in the original image.

Based on the experiments and results, the framework of the system has proven to be robust.
However, the different neural networks that has been evaluated has not been able to predict
these encoded signals significantly accurate due to lack of diversity in the dataset. The best
neural network has a mean squared error of 1.61× 10−2 which needs to be reduced to 1× 10−4

in order for the system to be able to predict accurate synaptic vesicle positions.
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Chapter 1
Introduction

1.1 Motivation

In response to stressful situations, the body activates its sympathetic nervous system with the
sudden release of hormones. This increases the presence of adrenaline and noradrenaline which
improves muscle strength and endurance. The response is the ”fight-or-flight” reflex that pre-
pares the body to endure emergency situations. The effect is recognizable in increased blood
pressure, heart rate and breathing. In everyday life, stress can be triggered by deadlines at work
or experienced by a student about to deliver their thesis. A small amount of stress can be helpful
to motivate and endure difficult situations. However, being exposed to stress over an extended
period of time can lead to depression and may increase risk of early development of dementia
such as Alzheimer’s disease[2].

It is hypothesized that being constantly stressed for a prolonged time can affect the signalling
between the neurons of the brain. The signalling is a chemical process that uses chemical
neurotransmitters stored inside spherical synaptic vesicles. The signal transportation within
synapses involves the physical movement of the vesicles towards the pre-synaptic membrane
called the active zone. It has been shown that stress influences the distribution of synaptic
vesicles[3].

Rats are observed to respond with similar behaviour to stress as humans. They also possess
similar nervous system as humans and is therefore good candidates for conducting such exper-
iments.

1.2 Thesis Objective

In order to be able to study the distribution of synaptic vesicles in the brains, the first step is to
detect the position of the synaptic vesicles. This work is usually for a neuroscientist to do, and
is an expensive and time consuming process. Therefore, an automatic synaptic vesicle detection

1



Chapter 1. Introduction

method has been requested.

This thesis focuses on developing an automatic synaptic vesicle detection method for microscopy
ssTEM images of rat brains.

1.3 Related Work

In 2017, a method using a small CNN to model synapses in anisotropic images was published
with the article ”Toward Streaming Synapse Detection with Compositional ConvNets”[4]. Raw
electron microscopy (EM) images are fed into small parallel CNNs that has each been trained
to recognise specific elements of synapses. In the paper, three parallel marginal CNNs looking
for neuron membrane, intercellular cleft and synaptic vesicles are combined into a composi-
tional CNN. The method does not discriminate each synaptic vesicle but produces asymmetric
densities of vesicles.

Laptev, Veznehnevets, Dwivedi and Buhmann uses a combination of the SIFT Flow algorithm
and a random forest classifier to segment ssTEM images in ”Anisotropic ssTEM Image Segmen-
tation Using Dense Correspondence across Sections”[5]. The SIFT Flow algorithm is used for
feature extraction through the volume of the stacked images and a random forest classifier pre-
dicts probabilities of the cell membrane positions in each image based on the extracted features.
Their best result has a pixel error of 7.9× 10−2[5].

An other approach by Dahl and Larsen presents a dictionary learning method for segmenting
images[6]. The dictionary is trained on image patches with different textures and labels. Each
image patch has a corresponding atom in a label dictionary, and by finding the nearest atom
for a image test patch a label patch probability is attached the associated image region. With
overlapping patches, several probabilities is attached to each image pixel. The method is shown
to be robust to noise, and only experiencing a decline in performance when adding around 15%
Gaussian noise[6].

An interesting approach regarding image segmentation is the proposed system from the arti-
cle ”Fully Convolutional Networks for Semantic Segmentation”[7]. The developed method is a
tuned CNN where the FC layers are transformed into conv layers. Such models has the advan-
tage of processing inputs of arbitrary size because of the system only containing conv layers.
The output is trained to approximate ground truth segmented images. The result is pixel-wise
predictions for the test images. The method is proved to perform better than popular region-
based CNNs (R-CNN) on multiple benchmark segmentation datasets[7].

Xue and Ray introduced a convolutional neural network that combines compressed sensing
(CNNCS) to detect cells in microscopy images[8]. The annotated positions in the images are
measured from different observation axes uniformly distributed around the images with signed
distances. The signed distance arrays are then compressed into an encoded signal with com-
pressed sensing. A CNN is trained to predict the encoded signal, and the output from the model
can be reconstructed into image points that corresponds to the cell centers. The proposed CN-
NCS framework exceeds the accuracy of the state-of-the-art methods on different datasets used

2



1.4 Proposed Method Overview

for microscopy cell detection. In comparison to the rat brain images, the size of the cells are
much bigger than the vesicles. The vesicles also have closer locations to each other and the
contrast in the images are different.

1.4 Proposed Method Overview

Using a CNNCS to predict the synaptic vesicle positions is the proposed solution to the synaptic
vesicle detection problem. It has never been used to predict synaptic vesicle positions before,
but was the chosen method because of the structure matching the available annotations for
synaptic vesicles in the dataset. The method is designed to predict the center positions. Con-
trary, known existing methods are looking for the synaptic vesicle density regions. In Figure
1.1, an overview of the proposed method is shown.

Labelled images

Unlabelled images

Autoencoder

Encoder Decoder

Encoder

+

Processing 
AlexNet

x
y

ApproximateA-1

Post-Processing

ClusteringReconstruction Decoding

+

Histogram  
equalization
Gaussian 
smoothing 

Matrix 
A 

Overlapping patches Signed distances Compression
Image patches

yImage patches 

x y

Non-overlapping patches Random rotation

+

+

Pre-Processing

+ ξ + ξ

+ ξ

Training

Testing

Neural Networks

yy

y

Figure 1.1: Overview of the proposed system. The pre-processed encoded signals, y, is used to train
the neural networks to approximate similar signals that can be transformed to image points in the post-
processing.
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Chapter 1. Introduction

1.5 Thesis Outline

The thesis consists of seven chapters with different sections and subsections plus appendices.
The figures used are mainly developed from the dataset and made by the author unless otherwise
stated. Below are the different chapters described with a short summary.

• Chapter 1: Introduction

– This chapter describes the thesis outline, objective and related works.

• Chapter 2: Background

– This chapter contains an introduction of the theoretical background for the devel-
oped system.

• Chapter 3: Data and Materials

– The chapter represents the original data and materials used in the proposed method
and experiments.

• Chapter 4: Proposed Method

– This chapter presents the proposed method with details

• Chapter 5: Experiments and Results

– This chapter contains the conducted experiments and their results.

• Chapter 6: Discussion

– In this part the results from the experiments are discussed with the constructed sys-
tem.

• Chapter 7: Conclusion and Future Work

– Here the reader is presented with a conclusion on the system performance and sug-
gestions on future work.

• Appendix: Program Files

– This part contains a brief description of the python code used in the thesis.

4



Chapter 2
Background

This chapter contains the background information on subjects necessary to fully understand the
proposed system that will be explained in later chapters. In particular, this includes the theory
behind artificial neural networks, signed distances and compressed sensing.

2.1 Biological Neural Networks

A nervous system in a brain consists of intricate patterns of neurons. Neurons are the processing
units in the system. Within one cubic millimetre there can be a dense network of more than 104

neurons[9, Chapter 1.1]. The density may vary over the sections of the brain, but over all the
network of neurons makes the processing of information possible.

Soma

Dendrites

Axon
Nerve Ending

Figure 2.1: Illustration of a biological neuron.
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Chapter 2. Background

A neuron can be described by three functionally distinct parts as illustrated in Figure 2.1. The
dendrites functions as the input receiver. The information gathered from the dendrites are pro-
cessed inside the soma. The soma activates the axon if the total input arriving is beyond a certain
threshold, adding a non-linearity. The axon and nerve ending is then transmitting a signal spike
to dendrites of other neurons.

2.1.1 Synaptic Transmission

The neurons interacts through the axon terminals and dendrites. A dendrite connected to an
axon terminal forms a synaptic transmission. The pre-synaptic neuron is the cell that is con-
nected with its axon terminal. Upon arrival of the signal spike from the soma, the synaptic
vesicles physically moves towards the pre-synaptic membrane and releases the stored neuro-
transmitters. The post-synaptic neuron captures the neurotransmitters with the post-synaptic
receptors. The area between the post- and pre-synaptic neuron is called the synaptic cleft or
active region. Figure 2.2 provides a brief explanation of a synaptic transmission.

Pre-Synaptic

Post-Synaptic

Synaptic Cleft

Axon Terminal

Dendrite

Synaptic Vesicle

Neurotransmitter

Neurotransmitter Receptors

Figure 2.2: Illustration of a synaptic chemical transmission.

2.2 Artificial Neural Networks

The idea of artificial neural networks, that is so prominent in machine learning today, is to
mathematically synthesize neural networks that is seen in all advanced biological beings. The
large increase in common computer processing power over the past few decades has been the
key to its modern success. In particular an artificial neural network consist of three types of
layers; input layer, hidden layer and output layer. In order to be described as a deep neural
network the system needs to include all of these layers. In Figure 2.3, an artificial neural network
containing all of those layers is shown.
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Input layer

Hidden layer 

Output layer

Figure 2.3: An artificial neural net with input layer, hidden layer and output layer.

The input layer is the layer that interacts with the external environment and represents this with
a pattern to the rest of the network. The body of the model is constructed by one or more hidden
layers that process the input pattern and encode it into the output layer. The output layer process
and transmits the information gathered from the hidden layers according to the structure it is
given. In a traditional neural network the output corresponds to the predicted label of the inputs.
In Figure 2.4, an overview of one artificial neuron is visualized.

a1

a2 

ad
wjd

wj2

wj1

1

wj0

netj yj

Bias

Inputs

Weights

Activation function Output

Figure 2.4: An artificial neuron.

Similar to the biological neural networks the artificial neural networks contains artificial neurons
or perceptrons. These components are based on the assumption that they mimic the biological
process. A neuron at one layer combines the signals from the neurons in the previous layer
and uses an activation function before forwarding the signal. All the inputs are multiplied with
individual weights, that is to be updated during the training. The weighted inputs are summed in
the neuron and in this process it can also be added off-sets or biases that also get updated during
training as in Figure 2.4. In Equation 2.1, the netj is the perceptron j prior to the activation
function[10, p. 285].
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netj =
d∑

i=1

aiwji + wj0 =
d∑

i=0

aiwji ≡ wT
j a (2.1)

Where a denotes an array containing d ai from the previous layer, and wji denotes the weights
and biases for the hidden unit, or perceptron, j. With the activation function as well, the hidden
neuron j produces the output, zj , as in Equation 2.2[10, p. 285].

zj = f(netj) (2.2)

Where the function generates a crucial non-linearity for the outputs. The activation function,
f(· ), can have different properties and is further discussed in Subsection 2.2.1.

2.2.1 Activation Function

The activation function is the element that ensures non-linearity in the perceptrons. In Equation
2.2, the activation function is the described relation between the output yj and the perceptron
netj . Another desired property of the activation function is for it to be differentiable for the
gradient based optimization methods. Some typical non-linear activation functions includes:

Sigmoid Function

f(netj) =
1

1 + e−netj
(2.3)

Tanh Function

f(netj) = tanh(netj) =
enetj − e−netj
enetj + e−netj

(2.4)

ReLU (Rectified Linear Unit) Function

f(netj) = max(0, netj) (2.5)

2.2.2 Fully-Connected Layer

When a layer in neural network is referred to as a FC layer, it is equivalent to the traditional
structure with neurons as presented in section 2.2. Here the neurons of the fully-connected
layers have weighted inputs and activation functions as presented in Equations 2.1 and 2.2. The

8



2.2 Artificial Neural Networks

term fully connected means that the netj variable of all neurons of a layer is a function of all
the outputs from the prvious layer.

2.2.3 Convolutional Layer

A convolutional layer consists of one or multiple filter kernels containing weights as in the
FC layers. These are convolved with the input and produces an output that is forwarded to
the activation function. Processing images in a neural network is typically performed as 2D-
convolution in the conv layers. In Equation 2.6, a general formula for 2D-convolution is ex-
pressed.

o(i, j) = a ∗ h =
∑
m

∑
n

a(i−m, j − n)h(m,n) (2.6)

Here the 2D-input, a, is convolved with a kernel-filter, h, which produces the output, p. The
output dimensions is determined by the striding and padding in the convolution in addition
to the input dimensions. The stride of a convolution is the number of elements the window
moves after each computation. The padding extends or cuts the edges in the input in order to
obtain an integer size. The padding which extends the inputs with zeros, zero padding, is often
referred to as same-padding, and the technique of removing elements is the valid-padding. The
output dimension for each convolved dimension can be computed prior to the convolution by
the expression in Equation 2.7.

output size =
input size− kernel size + 2× padding

strides
+ 1 (2.7)

Since the convolutional layer is spatial, kernel-filter has a smaller dimension than the input, the
operation can be seen as doing a feature extraction. One convolutional layer can have multiple
kernels, and each kernel together with the activation is said to produce different feature maps or
activation maps. A convolutional neural network (CNN) consits of convolutional layers at the
beginning and uses fully-connected layers to further process the features obtained in the feature
maps.

2.2.4 Deconvolutional Layer

A deconvolutional operation is the backward process that of a convolutional operation. A de-
convolutional layer is often used for up-sampling of feature maps produced from convolutional
layers. In order to understand the process behind a deconvolutional layer it has to be studied
how a regular convolution can be transformed into a convolution matrix. For example, a kernel
of size 2× 2 as in the first part of the Expression 2.8, convolved with a input of size 3× 3, can
be expressed as the convolutional matrix of size 4 × 9 in the last part of Expression 2.8, times
the flattened input of size 9× 1.
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h =

[
h1 h2
h3 h4

]
→


h1 h2 0 h3 h4 0 0 0 0
0 h1 h2 0 h3 h4 0 0 0
0 0 0 h1 h2 0 h3 h4 0
0 0 0 0 h1 h2 0 h3 h4

 (2.8)

The convolution matrix is a special case of the Toeplitz matrix. Both operations in Equation 2.9
and 2.10 produces the same output, only with different shapes.

o = h ∗ a =

[
h1 h2
h3 h4

]
∗

a1 a2 a3
a4 a5 a6
a7 a8 a9

 =

[
o1 o2
o3 o4

]
(2.9)

o = Ha =


h1 h2 0 h3 h4 0 0 0 0
0 h1 h2 0 h3 h4 0 0 0
0 0 0 h1 h2 0 h3 h4 0
0 0 0 0 h1 h2 0 h3 h4





a1
a2
a3
a4
a5
a6
a7
a8
a9


=


o1
o2
o3
o4

 (2.10)

In a transpose convolution the objective is to neutralize the convolution operation. The operation
in Equation 2.10 is the base for the transposed operator. By transposing the convolution matrix,
the input can be estimated by the output, o. The Equation 2.11 shows the transpose operation.

â = HTo =



h1 0 0 0
h2 h1 0 0
0 h2 0 0
h3 0 h1 0
h4 h3 h2 h1
0 h4 0 h2
0 0 h3 0
0 0 h4 h3
0 0 0 h4




o1
o2
o3
o4

 =



a1
a2
a3
a4
a5
a6
a7
a8
a9


(2.11)

The last step is to reshape a back to 3× 3. The weights in the transpose matrix does not have to
be equal to the ones in the original convolution matrix. There are other methods for reshaping
the output of convolution back to the input size. Those other methods includes for instance:

• Nearest neighbour interpolation

• Bilinear interpolation

• Bicubic interpolation

One issue with the deconvolutional layer is that it causes checkerboard artefacts in the produced
output image.
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2.2 Artificial Neural Networks

2.2.5 Pooling Layer

The pooling layer is a spatial feature extractor. A pooling layer can have various properties. It
can be a max pooling, average pooling or a `2-norm pooling layer. Of those techniques, the
max pooling is the most common and is also typically superior in image processing[11]. The
operation is used to downsample the input and to prevent overfitting. In Figure 2.5, the max
pooling is demonstrated with strides of 2.

1 2

3 4

8 7

6 5 4 8

0 2

1 1

2 2

3

2

1

3

Figure 2.5: Max pooling with strides of 2. Left is the input matrix and right is the produced downsam-
pling with only the most dominant value from each block.

The input matrix of 4× 4 is reduced to the output matrix of size 2× 2. Only the biggest value
is kept from each block.

2.2.6 Autoencoder

An autoencoder is a special case of a neural network where the goal is to be able to reconstruct
the input as an output[12, p. 499 - 523]. Although the problem may seem easy, it is often not
the output that is the desired element. The model consists of two parts; an encoding part and
a decoding part. The encoding part reduces the amount of data, but learns to keep the most
valuable information, such that the decoding part is able to approximate the input. In Figure
2.6, the structure of an autoencoder is illustrated.

Output layerInput layer

h

Figure 2.6: An autoencoder with an encoder and a decoder part.
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The encoder part can be described as an encoding function as in Equation 2.12[12, p. 499].

h = u(a) (2.12)

Where a is the input and u the hidden layer that describes a. The compressed data in the hidden
layer h, green part of Figure 2.6, has the most important property of data reduction from the
input. The decoding section is then reconstructing the signal as in Equation 2.13[12, p. 499 -
500].

â = g(h) (2.13)

Where â is the reconstructed a by the compact information stored in the hidden layer h.

For training of an autoencoder the goal is to minimize the difference between the input and
the reconstructed output. On the contrary, it is not perfect reconstruction that is desired, but an
approximation that stores the key features in the hidden layer h[12, p. 499 - 500].

2.2.7 Loss Functions

In order to evaluate the weights and biases in the neural network after each iteration; a loss
function is used. A loss function measures the performance of the output against the desired
output or label. The result is then used in a back-propagated cost function to update the weights
in the network. In Figure 2.7, outputs from a neural network is compared to labels.

z1

zk

Hidden layer 

Output layer

zd 

Label

t1

tk

td

Figure 2.7: A neural network is evaluated on how similar the output is to the label

The loss function is described in Equation 2.14.

loss = L(tk, zk) (2.14)
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2.2 Artificial Neural Networks

Where L is the loss function with the target value or desired output tk and the produced output
from the network zk for element k in the in the label and output. The loss function can have
different properties depending on the output types. For probability outputs and classification
structures, the cross-entropy and Hinge loss function are common loss functions. For regression
problems it is more common to implement squared error or absolute error. Squared error or `2-
norm loss is calculated as in Equation 2.15.

L(tk, zk) = (tk − zk)2 (2.15)

Where N is the total length of the output and targeted value. The absolute error or `1-norm loss
is formulated as in Equation 2.16.

L(tk, zk) = |tk − zk| (2.16)

Since the `2-norm loss squares the difference, it is more sensitive to big output differences
caused by dataset outliers. Therefore, the `1-norm is more robust except if the outliers is impor-
tant for the system. In image restoring, the `1-norm loss can be shown to yeld better results on
uniform images[13]. However, `2-norm loss is generally always used in image processing[13].

2.2.8 Back-Propagation

In supervised learning the goal is to update the networks weights and biases to bring the out-
put of the presented input closer to the desired value. There are different methods of doing
back-propagation. The simplest method is Stochastic Back-Propagation, where one epoch cor-
responds to the training data being presented once and the weights being updated for each[10,
p. 294]. In Batch Back-Propagation however, the weights are only updated after each epoch[10,
p. 294 - 295]. This is usually the best training method, but since it takes more time to converge
it is more feasible with smaller batches when the data is big. Therefore, Mini-Batch Back-
Propagation is more suitable. The batch is here divided into smaller mini-batches, and the
weights are updated after each mini-batch is completed. This allows more updates during one
epoch, but not as many as Stochastic Back-Propagation. During Mini-Batch Back-Propagation
the mini-batch loss or cost is calculated after each mini-batch as in Equation 2.17.

J(w) =
1

bd

bd∑
k

L(tk, zk) (2.17)

Where d is the dimension of the output and where b is the mini-batch size. The cost function can
either be the sum or average of the loss. The averaging is more robust for noisy systems. The
learning rule of back-propagation is based on gradient descents. The weights, w, is typically
initialized with random values or through Xavier initializing which is more optimized based on
the activation functions for each layer, such that the variance of the output is equal to that of the
weights[14]. Afterwards, the weights are updated in the direction that reduces the cost function.
This is pointed out in Equation 2.18[10, p. 290].

4 w = −η ∂J
∂w

(2.18)
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Where η is the learning rate and ∂J
∂w is the gradient or partial derivative of J with respect to w.

The weights are therefore iteratively updated as in Equation 2.19[10, p. 291].

w(m+ 1) = w(m) +4w (2.19)

This is the updating algorithm if all the weights are equally the cause of the loss. In other words;
if the model only consists of two layers. If a hidden layer is present as well, the sensitivity of
each neuron to the cost is introduced with the chain rule. This leads to Equation 2.20 for hidden
layer to output layer weights[10, p. 291].

∂J

∂wkj

=
∂J

∂netk

∂netk
∂wkj

= −δk
∂netk
∂wkj

(2.20)

Where the sensitivity of the neuron k is given as δk. The sensitivity describes how much the
overall loss changes with activation of the neuron[10, p. 291]. The updating of the input to
hidden also depends on the chain rule as in Equation 2.21[10, p. 291].

∂J

∂wij

=
∂J

∂yj

∂yj
∂netj

∂netj
∂wij

(2.21)

2.2.9 Dropout

The term dropout, refers to the dropping out of neurons in neural networks. In training, a neuron
is present with a probability, p. If the same model is tested, the neurons are always present but
the output is weighted with p[15]. In Figure 2.8, dropout in training and testing of a neural
network is illustrated respectively.

Input layer

Hidden layer 

Output layer

Input layer

Hidden layer 

Output layer
*p *p

Training Testing

Figure 2.8: Dropout in training of a neural network.
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The technique was introduced to prevent overfitting. By randomly removing connections in
each iteration the system is not given the chance to settle into an overfitted state. Too much
dropout may not be desired either as this can affect the performance. The goal is to find the
dropout probability that prevents overfitting, but also is not destroying the model.

2.2.10 Training of Neural Networks

The training of a neural network should be stopped after reaching the global minima. However,
there could be reasons for stopping before if it results in overfitting. Overfitting occurs when the
performance of the training is improving, but not the validation. A method for preventing this
was discussed in Subsection 2.2.9. In Figure 2.9, a training session with validation is shown.

Validation

Training

Loss

Step 

Figure 2.9: Training and validation curves[1].

When the training reaches the area around the yellow sign in Figure 2.9, the validation cost is at
its minimum. If the training continues after this, only the training loss improves and the session
starts to overfit. To avoid this type of overfitting, the session should be stopped at the yellow
sign, or if not already included, dropout could be implemented in a new session.

2.3 Signed Distances

A Signed Distance Function (SDF) is the shortest distance between a closed curve or front and
the surrounding points. The distance is signed as positive or negative depending on the point
being inside or outside the curve. In Figure 2.10, the signed distances for each pixel to a closed
curve is illustrated.
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Figure 2.10: Signed distances of an object.

In the right image of Figure 2.10, a closed structure is shown. In the left image, the signed
distances for the pixel positions are calculated. The SDF can generally be expressed as in
Equation 2.22[16][17].

Γ(px, py,Ω) =


d(px, py, δΩ), if (px, py) ∈ Ω\δΩ
0, if (px, py) ∈ δΩ
−d(px, py, δΩ), if (px, py) ∈ R2\Ω

(2.22)

Where Ω is the front with boundary δΩ that represent the closed structure. The distances can be
measured as city block distances, as in Figure 2.10 or with Euclidean distances. An Euclidean
distance can be considered as the hypotenuse length between to points in xy-plane, the city
block measures this as the sum of the distance in the x- and y-direction.

In general, SDF is a common technique used in image processing, game developing, geometric
computing, reconstruction of surfaces, etc[16].

2.4 Compressed Sensing

Compressed Sensing, or Compressive Sensing (CS) is a compression method that can signifi-
cally reduce the number of samples in the observed sparse signal and still be able to reconstruct
it[18]. By reconstructing through approximation, the method can be able to reconstruct sig-
nals from fewer samples than required in the Nyquist Sampling Theorem. The research was
not a known field before 2006, but since then has been a key concept for high-dimensional
signal compression applied in various areas of mathematics, computer science and electrical
engineering[19].
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2.4 Compressed Sensing

2.4.1 Encoding

The mathematical concept of CS encoding is to randomly undersample the observed sparse
signal. This concept relies on the sparsity of the observed signal and the incoherence of the
undersampling sensing matrix A. The compressed signal of an observed signal x, y, can be
formulated as Equation 2.23[19].

y = Ax (2.23)

The compressed signal y has dimension M , the sensing matrix A has dimensions M × N and
the observed signal x has dimension N , where M << N . Sometimes the observed signal x
is not sparse itself, but this can be obtained by a transformation domain. The sparsity can be
obtained through a direct transformation, Ψ. The compressed signal, y, can then be expressed
as in Equation 2.24[18].

y = AΨ−1X (2.24)

Where X is the transform domain coefficients of x, X = Ψx. The matrix A is the incoherence
matrix with size M × N . The signal sparsity K, is the number of non-zero elements of N
samples. With M << N and M > 2K the output vector y is the compressed signal of length
M .

The matrix Ψ−1 is the inverse transform matrix. The transformation can be a Discrete Fourier
Transform (DFT), Discrete Cosine Transform (DCT), Wavelet Transform etc[18]. A key for
making the reconstruction as accurate as possible is to make sure the coherence between the
rows of A and the columns of Ψ is minimized[18].

2.4.2 The Sensing Matrix

The accuracy of the reconstruction relies on the construction of the sensing matrix A. For a
desirable result, the incoherence has to satisfy the restricted isometry property (RIP), as stated
in Subsection 2.4.3.

One approach that satisfies these constraints is by using the Discrete Fourier Transformation
(DFT) matrix. The formula for DFT is seen as in Equation 2.25.

y[k] = ΣN−1
n=0 x[n]W kn

N (2.25)

Where W kn
N = ej

2πkn
N . This can be expressed with DFT coefficients as a matrix of size N ×N

as in Equation 2.26.
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y[0]
y[1]
y[2]

...
y[N − 1]

 =


1 1 1 · · · 1

1 W 1
N W 2

N · · · W
(N−1)
N

1 W 2
N W 4

N · · · W
2(N−1)
N

...
...

... . . . ...
1 W

(N−1)
N W

2(N−1)
N · · · W

(N−1)2
N




x[0]
x[1]
x[2]

...
x[N − 1]

 (2.26)

Under-sampling with the DFT matrix is done by skipping rows uniformly. This can be obtained
by using a sampling factor such that k = kq in the DFT coefficient. The dimensions of the
matrix is then changed to M × N where M = N

q
. The undersample DFT matrix is expressed

as in Equation 2.27.


y[0]
y[1]
y[2]

...
y[M − 1]

 =


1 1 1 · · · 1
1 W q W 2q · · · W q(N−1)

1 W 2q W 4q · · · W 2q(N−1)

...
...

... . . . ...
1 W (M−1) W 2(M−1) · · · W (M−1)(N−1)




x[0]
x[1]
x[2]

...
x[N − 1]

 (2.27)

In addition to the undersampled DFT matrix there are some other standard sensing matrices:

• Gaussian ensembles: Let the elements in the sensing matrix be randomly sampled from
a zero mean Gaussian distribution[20].

• Bernoulli ensembles: Let the elements in the sensing matrix be randomly sampled from
a Bernoulli distribution[20].

2.4.3 Restricted Isometry Property

CS relies on the randomness of the sensing matrix. The restricted isometry property (RIP) con-
trols how well the measurements from any sparse input can be distinguished from other mea-
surements with inputs of the same sparsity. The sensing matrix, A, has to satisfy the condition
in Equation 2.28[21].

(1− δk)|‖x‖|22 ≤ |‖Ax‖|22 ≥ (1− δk)|‖x‖|22 (2.28)

Where the expression should be held for all x ∈ RN . The global restricted isometry constant,
δk should be found in the interval

[
0, 1
]
.
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2.4.4 Decoding

Although the idea of CS is quite new, some of the reconstruction approaches or decoding algo-
rithms in use today dates back to even the early 1970’s[18].

Since the sensing matrix in Equation 2.23 has dimensionsM×N , with the conditionM << N ,
it is an under-determined system with infinitely many solutions. But since x is known to be
sparse, the reconstruction algorithms can often benefit from looking for the sparsest solution.

Convex Optimizations

The sparsity of a signal can be described by using the `0-norm as in Equation 2.29[18].

‖x‖0 = lim
p→0

N∑
i=l

|xi|P =
N∑

i=l,xi 6=0

1 = K (2.29)

If the sparsest solution is the desired x, the recovery algorithm can use the knowledge of y to
minimise the `0-norm as in Equation 2.30.

min
x
‖x‖0 subject to y = Ax (2.30)

But as this is said to be NP − hard because of unavoidable combinatorial search, the `1-norm
is more feasible and the closest norm[19]. Therefore, the minimization changes to the Basis
Pursuit in Equation 2.31.

min
x
‖x‖1 subject to y = Ax (2.31)

For cases where the system is exposed to noise, a conic constraint as in Equation 2.32 is
required[19].

min
x
‖x‖1 subject to ‖Ax− y‖22 ≤ ε (2.32)

Convex optimization algorithms adapted to CS include the following:

• interior-point methods

• projected gradient methods

• iterative thresholding
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Greedy algorithms

Greedy algorithms are also a group of algorithms that can be used for finding the sparsest
solution of the reconstruction problem. These algorithms are known to be less computational
complex than the `1 optimization techniques, but they are also usually less precise[18].

The most common greedy algorithm is the Orthogonal Matching Pursuit, which succeeded the
Matching Pursuit when introduced[19].

2.5 Clustering

When multiple observation axes is applied for the proposed system, the synapse vesicle posi-
tions can be predicted through the densities of the reconstructed image points. The clustering
must be able to distinguish close densities.

2.5.1 Mean Shift Clustering

A mean shift procedure shifts the data points into the average of the neighbourhood[22]. It
aims to locate the mean of local density groups. The clustering method iterates with a window
translating towards the local feature density maximum. The kernel can usually be a Gaussian
kernel or a flat kernel that has the λ-ball function as illustrated in Equation 2.33[22].

K(x) =

{
1, if ‖x‖ ≤ λ

0, if ‖x‖ ≥ λ
(2.33)

Where λ is the bandwidth of the local region and determines the window size. The kernel is
used to update the mean of the window as in Equation 2.34[22].

m(x) =

∑
s∈S K(s− x)s∑
s∈S K(s− x)

(2.34)

Where s is the data points located in the finite euclidean dataset S. The updated cluster mean is
then given as m(x) and the mean shift is equivalent to m(x)− x for the previous cluster mean
x. The process iterates until the translation converges. The algorithm does not have a preset
number of clusters, uses multiple searches converging towards the different cluster centers. The
bandwidth can be set manually or automatic updated for each set of data points. In Figure 2.11,
the method is applied to two nearby feature densities.
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Figure 2.11: Mean shift clustering applied to a dataset of 1000 points.

The blue data points is clustered into two cluster centers, in red, with automatic approximated
bandwidth.
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Chapter 3
Data and Materials

This chapter contains description of the data and materials that the thesis is based on.

3.1 Animals and Treatment

The data were obtained from male Sprague-Dawley rats (175-200g). These animals were caged
pairwise, under a 12 hour day/night cycle. The temperature was constant at 25°C, and the rats
were given food and water. Treatment endured for 14 days straight with antidepressant (de-
sipramine, DMI; 10 mg/kg), injected through drinking water. From 5 days before and every 2
days in the experiment the average water consumption was monitored. The procedures involv-
ing animals were conducted in accordance with the European Community Council Directive
86/609/EEC and approved by Italian legislation on animal experimentation (Decreto Ministeri-
ale 124/2003-A).

The animals were exposed to to foot-shock stress 24 hours after the last drug injection. The
control group were put in the same environment but without the delivered shocks.

3.1.1 Selection of fields of view

From the rat brains six trapezoid-shaped regional samples from dorsal medial prefrontal cortex
in both left and right hemisphere were systematically randomly selected. A cross grid was then
randomly superimposed over the sections. From the tissue, ultra thin sections were cut with a
thickness of 45± 5 nm. A Morgagni Transmission Electron Microscope 268 was used to view
them. For each block of sections two fields of view were selected. These were first magnified
with 11000×, and later with 18000×. All asymmetric synapses were sampled. In succession,
the even and odd numbered synapses went under a final enlargement of 28000×. The synapses
were followed through the sections of each block and the process stopped when the synapses
ceased to be visible.
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3.2 Data

In total the experiment was conducted with 24 different rats. From the acquired data, the images
in sections has been aligned for statistical analysis purposes. The images also underwent bias
field correction. Images from four of the rats has been manually annotated by neuroscientists
associated with Aarhus University. In the following experiments conducted in this thesis, the
data are divided into to two sets:

• Unlabelled data

– Containing 20 rats, can be used together with unsupervised methods

• Labelled data

– Containing 4 rats, consists of the images with annotations

Each rat is identified with NNxx, where xx is the number of the rat. In the original data this
identification ranges from NN01 to NN24. In Figure 3.1, an example of an image from the
acquired data is shown. The blue ellipse roughly circumference the synaptic vesicles.

Pre-Synaptic Neuron

Synaptic Cleft Post-Synaptic  
Neuron

Synaptic Vesicles

Figure 3.1: An image from the acquired dataset. The vesicles, blue area, are here easily distinguished
from other patterns.

Each cut has a thickness of 45 ± 5 nm. Synaptic vesicles in rat hippocampus are studied to
have a diameter of 39.0± 2.3 nm[23]. That indicates that synaptic vesicles can not be followed
through the cuts and that a detection algorithm should be based on 2D images rather than 3D.
In Figure 3.2, two consecutive images are shown.
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3.2 Data

(a) First image. (b) Second image.

Figure 3.2: Images from a cylindrical cut with depth interval of 45± 5 nm.

From the figure it is verified that the same synaptic vesicles do not appear in two consecutive
images. The images look similar despite the new synaptic vesicles and the small changes in the
environment. The changes in the synaptic vesicles is equivalent to the changes of other small
elements in the cylindrical cut. Hence, the diversity between each cut is minimal.

3.2.1 Labelled Data

The labelled data consists of 68 images from 4 different rats with annotations that point out the
center of the vesicles. The images came in three different sizes; 877 × 533, 1377 × 1033 and
1177 × 833. The data origins from 7 different locations for cylindrical cuts into the rat brains.
These are annotated as displayed in Figure 3.3.

Figure 3.3: The annotated synaptic vesicles(red) from afftransformedimage15 in cut C1 from rat NN11.

In addition to the annotated synaptic vesicles, red points in Figure 3.3, there are several un-
labelled vesicles. The annotated synaptic vesicles are the vesicles belonging to visible active
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regions. The distribution of images from the different rats and cylindrical cuts can be seen in
Table 3.1.

Rat Cut Synapse(s) Number of images Containing vesicles
NN11 C1 9 7 7
NN11 C4 2, 4 and 6 14 14
NN11 C4 7 20 17
NN11 C6 5 and 7 17 11
NN15 C1 1, 3 and 5 10 9
NN23 C6 1 and 3 4 4
NN24 C2 6 11 6

Total: 4 7 13 83 68

Table 3.1: Distribution and origin for the 68 images with annotated vesicles

As seen in Table 3.1, there is only 68 images containing annotations for the vesicles. In order
to maximize the dataset potential data augmentation methods are of need.

3.2.2 Bias Field Correction

The original images contains uneven background illumination. The captured images can be
shown to have additive bias fields[3]. The annotated images was already processed with bias
correction. To make the unlabelled dataset more similar to the labelled data bias correction
has been used on this dataset as well with the same method. The bias field was estimated as a
quadratic bias field fitted with least squares and removed from the images.

26



Chapter 4
Proposed Method

This chapter introduces the proposed system and describes the different modules in detail. First
pre-processing with image processing, data augmentation, signed distance transformation and
signal compression is described. Following this, an introduction of the neural network structures
are presented. Before the post-processing is explained.
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4.1 System Overview

The proposed system is designed to predict positions of synaptic vesicles in rat brains. The
system consists of three main steps: pre-processing, neural networks and post-processing. The
pre-processing part extracts image patches from the labelled and unlabelled datasets and encod-
eds the vesicle positions into encoded signals that is used for training of the neural networks.
The neural networks are mainly trained to match the pre-processed encoded signals. In addi-
tion, an autoencoder is trained on the unlabelled image patches to perform feature extraction. In
the post-processing part the predicted encoded signals is decoded and reconstructed into image
positions. If the system uses multiple observation axes, the reconstructed image points are clus-
tered into predicted synaptic vesicle center positions. In Figure 4.1, an overview of the proposed
system is given.

Labelled images

Unlabelled images

Autoencoder

Encoder Decoder

Encoder

+

Processing 
AlexNet

x
y

ApproximateA-1

Post-Processing

ClusteringReconstruction Decoding

+

Histogram  
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A 

Overlapping patches Signed distances Compression
Image patches

yImage patches 
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+

+

Pre-Processing

+ ξ + ξ

+ ξ
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Testing

Neural Networks
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Figure 4.1: Overview of the proposed system including pre-processing, neural networks and post-
processing.

The pre-processed encoded signals, y, is used to train the neural networks to produce similar
signals for all input images. The trained model is then tested with image patches and outputs
a prediction of the encoded signal. Since the model is approximating the encoded signals the
results are expected to contain approximation error, ξ. The aim of the training is to reduce this
approximation error.
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4.2 Pre-Processing

The original images from the unlabelled and labelled datasets are pre-processed to highlight
the distinctness between elements in the images through histogram equalization. The images
contains noise and is therefore smoothed with a Gaussian kernel. Data augmentation is used to
maximize the number of training samples for the neural networks. And the encoded signals are
produced from the labelled dataset together with image patches. In Figure 4.2, a schema of the
pre-processing is shown.

Labelled images

Unlabelled images

Histogram  
equalization
Gaussian 
smoothing 

Matrix 
A 

Overlapping patches Signed distances Compression
Image patches

yImage patches 

x y

Non-overlapping patches Random rotation

+

+

Pre-Processing

Figure 4.2: Overview of the pre-processing.

4.2.1 Histogram Equalization

In order to increase the feature distinctness in the images, histogram equalization was applied
to the images. This process distributes the image intensities over the full specter of the image,
such that each intensity has the same probability. In Figure 4.3, the histogram equalization of
an image is shown.

Figure 4.3: Histogram equalization of a brain tissue image.

In the image to the right in Figure 4.3 histogram equalization has been applied. The contrast
has increased and the structures in the image has become more distinct. In Figure 4.4, the
corresponding histograms to the images in Figure 4.3 are shown respectively.
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Figure 4.4: Histogram of image before and after histogram equalization

It is clear that the histogram to the right has been distributed over a much wider area than the
original distribution in the image to the left. The new distribution have equal probability over
small patches throughout the 256 different image intensities.

4.2.2 Gaussian Smoothing

The images was further pre-processed with Gaussian smoothing. Instead of doing a mean fil-
tering where every point inside kernel function is equally weighted, the Gaussian smoothing
weighs the points as in a Gaussian distribution. In Equation 4.1, the Gaussian function for a 2D
distribution is expressed.

G(x, y) =
1

2πσ2
e−

x2+y2

2σ2 (4.1)

Parameters for the construction of the Gaussian kernel involves kernel size and standard devi-
ation. In the smoothing of the data, the kernel size was chosen as 3 × 3. The rows of Pascal’s
triangle was used to approximate the elements in the kernel. Pascal’s triangle with three rows
can be visualized as in Figure 4.5.

1
1 1

1 12

Pascal's triangle

Figure 4.5: Pascal’s triangle with 3 rows.
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The corresponding Gaussian kernel can then expressed as in Equation 4.2.

k =
1

16

1 2 1
2 4 2
1 2 1

 (4.2)

From the N ×N Gaussian kernel the standard deviation can be calculated as in Equation 4.3.

σ =
2N−1(

N−1
N−1

2

)√
2π

=
4(

2
1

)√
2π
≈ 0.8 (4.3)

The images where smoothed with a 3 × 3 Gaussian kernel with a standard deviation of 0.8 as
shown in Figure 4.6.

Figure 4.6: Histogram equalization and smoothing applied onto the image to the left.

In Figure 4.6, the image (left) is histogram equalized (middle) and smoothed (right).
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4.2.3 Data Augmentation

Data augmentation is technique used to prevent overfitting caused by lack of training data.
Figure 4.7 demonstrates how overlapping patches is extracted from the original image (center)
with mirror padding.

Figure 4.7: Overlapping patches with mirror padding.

The image is firstly mirrored in the horisontal-, vertical- and both axes together with the annota-
tion data. A window of a set size is then translating from the top left corner of the center image
to the bottom right corner as shown with purple arrows in Figure 4.7. The windows containing
vesicles from the image or padding is extracted as image patches for an augmented dataset. The
size of the translation step decides the amount of overlapping and the amount of generated data
patches.

Making patches of 128× 128 that overlaps with 112 pixels in both directions gives the number
of patches as seen in Table 4.1.
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4.2 Pre-Processing

Rat Cut Synapse(s) Patches containing vesicles
NN11 C1 9 1 465
NN11 C4 2, 4 and 6 4 691
NN11 C4 7 8 651
NN11 C6 5 and 7 2 656
NN15 C1 1, 3 and 5 2 921
NN23 C6 1 and 3 1 084
NN24 C2 6 1 755

Total: 4 7 13 23 223

Table 4.1: Image patches with overlapping that contains annotated vesicles.

The dataset containing unlabelled images is augmented with non-overlapping image patches.
This is equivalent to putting a grid over each image of the desired size. To match the annotated
images, the image patch size was set to 128 × 128. This resulted in 52065 non-overlapping
image patches.

Augmentation by Rotation

The unlabelled images are further augmented with random rotations. The reason for not doing
rotational augmentation on the annotated data is because it is later introduced signed distances
with multiple observation axes. If the annotated image patch is rotated, it will still produce the
same signed distance arrays (if there are a sufficient amount of observation axes).

One random rotation for an unlabelled image patch with mirror padding follows the procedure
in Figure 4.8.

(a) Mirror padding without rotation. (b) Random rotation.

Figure 4.8: Rotation of an image patch (purple).
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The total amount of unlabelled image patches is with random rotations raised to 104130.

4.2.4 Signed Distances

The positions is annotated for the synaptic vesicles. The neural network predicts these through
a positional array. For an image of size 128 × 128 a positional array containing all pixels
corresponds to a flattened array of length 16384 for storing positions. To reduce the size of
this array, the positions can be transformed by using signed distances from multiple observation
axes. The signed distances are produced as illustrated in Figure 4.9.

ϕ 

Figure 4.9: Encoding of positions with one observation axis (oa).

The blue line is the observation axis with center in the yellow point. In the lower parts of
the image patch, two vesicles can be observed. The distance r corresponds to the offset from
the center of the observation axis to the point on the tangent which is placed the closest to
each vesicle, illustrated by the black dashed line in Figure 4.9. The signed distance d is the
perpendicular distance between the observation axis tangent and the vesicles. In Equation 4.4,
the radius r is calculated.

r = (py − oay)cosφ+ (px− oax)sinφ (4.4)

Where px and py is the coordinates for the vesicles, and φ is the angle for the observation axis,
where the center of the observation axis is denoted oa, as in Figure 4.9. Equation 4.5 is the
formula for the signed distance from the tangent of the observation axis.

d = −(py − oay)sinφ+ (px− oax)cosφ (4.5)
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4.2 Pre-Processing

With one observation axis the system is vulnerable to noise. To reduce this vulnerability it is
introduced multiple observation axis as in Figure 4.10.
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Multiple Observation Axes

oa-line
d
r
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Vesicle

Figure 4.10: Image patch with 18 observation axes.

Each observation axis is placed at a circle around center of the image with a radius of R =√
(m/2)2 + (n/2)2. All the vesicle positions are stored in one array for each observation axis.

With an array of length 2R, one vesicle position is stored as element number R + r with the
element being d.
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4.2.5 Encoding

In order to further compress the output layer of the neural net, the sparsity of the signed dis-
tance array can be exploited. With CS the reduction in size of samples can be greater than
the Nyquist Sampling theorem. In Figure 4.11, the signed distance array x is sampled by the
underdetermined sampling matrix A.

Figure 4.11: Compressed sensing performed on a sparse array.

Here the dot product of the sensing matrix and the signed distance array results in an encoded
signal y. The reduction in size is determined by the amount of rows in matrix A. If A has the
size M ×N , the corresponding encoded signal y is of size M . The incoherence of the sensing
matrix plays a big part in how well the decoding algorithm is able to distinguish signals of same
sparsity. Therefore, the sensing matrix has to satisfy the restricted isometry property (RIP) from
Subsection 2.4.3.

For multiple observation axes the encoding is done separate for each. The resulting encoded
signals are then concatenated into one array.

4.3 Neural Networks

The neural networks task is to approximate and predict the encoded signals. The system does
not consist of a regular classifier as in typical neural network systems. Instead the output pro-
duces as many elements as in the length of the encoded signal. Therefore, the output can be
expressed as the encoded signal with approximation error as noise as in Equation 4.6.

yout = y + ξ = Ax+ ξ (4.6)
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Where yout is the produced output, y is the ground truth encoded signal and ξ is the approxima-
tion error generated by the model.The smaller the approximation error, the better the system can
predict the location of the synapse vesicles. To track the progress of the training and updating
of the weights it was introduced a cost function of squared error loss as in Equation 2.15. For
the system this is implemented as in Equation 4.7.

J(w) =
1

M

M−1∑
k=0

ξ2k (4.7)

Where ξk is the kth element of the approximation error array of total length as the encoded
signal length, M .

The search for finding the most optimal model was based on three main categories:

• Feature extracting with encoder of autoencoder trained on unlabelled dataset, followed
with processing layers trained on labelled dataset

• Pre-trained AlexNet-structure with trainable weights and biases

• Pre-trained AlexNet-structure without trainable weights and biases

4.3.1 Autoencoder

To benefit from the amount of unlabelled data, an autoencoder is used to pre-train the first
feature extracting or convolving layers of the model. The aim for the autoencoder is to reduce
the size of the input images but still keep the most important information so it is possible to
reconstruct the input. In Figure 4.12, An autoencoder consisting of an encoder and a decoder
part is shown.

Autoencoder

Encoder Decoder

Figure 4.12: Structure of an autoencoder. With an encoder and a decoder part.

Encoding Constraint

Traditional lossy autoencoders compresses the input with a compression percentage beyond
90% in the hidden layer. But as the main goal of the proposed system is to calculate the positions
of the synaptic vesicles, it can be beneficial to lower the compression percentage in order to not
lose too much valuable features about them. The vesicles are small and traditional autoencoders
will benefit from removing their features in order to maintain high compression without losing
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too much about the whole image. The compressed encoding output is constrained to have a size
of 16× 16× 16. This constraint has the compression percentage as in Equation 4.8.

Compression = 1− Encoded output size
Input size

= 1− 16× 16× 16

128× 128× 1
= 0.75 = 75% (4.8)

It was also decided that the autoencoder should pre-train 4 convolutional layers that could be
used in addition to added layers for the detection problem.

4.3.2 Processing Layers

After the autoencoder is finished training for feature extraction from the unlabelled dataset, the
encoder part is used to produce compact features for more processing. The encoder part is
used on the labelled dataset with added processing layers which is then trained to estimate the
encoded signals. An overview of this structure is illustrated in Figure 4.13.

Autoencoder

Encoder Decoder

Encoder

+

Processing 

+ ξ

y

Figure 4.13: Overview of A+PL structure.

In traditional neural networks the output is structured to predict labels of the inputs with proba-
bilities ranging from 0 to 1. To be able to predict the encoded signals the network is tuned into
a regressor that outputs continuous values. The number of outputs of the neural network has
to match the size of the encoded signal array. Using CS sensing matrices with means around
zero and signed distance arrays, the encoded signals can be expected to contain both positive
and negative continuous values. Therefore, the activation of the output layer has to be able to
produce negative values which is not obtained using functions such as ReLU.
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To find the model that predicts these encoded signals the best, different structures and parame-
ters is evaluated to find the network that produces the least cost. For a CNN these parameters
corresponds to the list in Table 4.2.

Parameter: Description:
Batch size Number of samples in each mini-batch
Epochs Number of times the entire training set is processed
Learning rate Determines magnitude of the updating direction in gradient descent
Dropout Probability of leaving a neuron out in training
Number of conv layers Number of feature extracting layers
Number of filter kernels Number of produced feature maps from a conv layer
Kernel size Size of the 2D kernels
Pooling Type of downsampling
Number of fc layers Number of processing layers
Number of neurons Number of units in a fc layer
Activation functions Type of non-linearity for each layer

Table 4.2: Parameters that can be evaluated in a CNN model.

4.3.3 AlexNet

In the paper that demonstrated CNNCS-models, the pre-trained model of AlexNet was used[8][24].
This model consists of 5 conv layers followed by 3 FC layers. Designed by the SuperVision
Group for the 2012 ImageNet competition; where they won with 10.8 percentage points to the
runner-up[25]. The competition tasks involved image classification and detection using bound-
ing boxes. The trained weights and biases used in the ImageNet competition is available on-
line1. Figure 4.14 displays a brief overview of the AlexNet structure, which is further explained
in Table 4.3.

AlexNet

+ ξ

y

Figure 4.14: Overview of the AlexNet structure.

1http://www.cs.toronto.edu/˜guerzhoy/tf_alexnet/
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Param\Layer: Conv1: Conv2: Conv3: Conv4: Conv5: FC6: FC7: FC8:
Groups 1 2 1 2 2
Kernel size

[
11, 11

] [
5, 5
] [

3, 3
] [

3, 3
] [

3, 3
]

Stride
[
4, 4
]

Nk 96 256 384 384 256
Pooling max max max
Pooling size

[
3, 3
] [

3, 3
] [

3, 3
]

Pooling stride
[
2, 2
] [

2, 2
] [

2, 2
]

lrn used used
Af ReLU ReLU ReLU ReLU ReLU ReLU ReLU
Nn 4096 4096 os

Table 4.3: Overview of the AlexNet structure. Abbreviations: param = parameters, nk = number of
kernels, af = activation function, lrn = local response normalization, nn = number of neurons, os =
output size.

The network is trained on colour images and is therefore tuned with a new input layer that
fits the monochrome rat brain images, but the attributes from the original structure is kept.
Because of the difference in input size, the output from the conv layers vary from the original
model, the first FC layer is modified and reinitialized with random weights following the Xavier
initializer[14]. The last layer is also modified into the dimensions of the encoded signal. This
means that the tuned model has the pre-trained layers from the original AlexNet in layers conv2,
conv3, conv4, conv5 and fc7.

The parameters that can be evaluated for AlexNet is listed in Table 4.4.

Parameter: Description:
Batch size Number of samples in each mini-batch
Epochs Number of times the entire training set is processed
Learning rate Determines magnitude of the updating direction in gradient descent
pre-trained weights Trainable or not trainable pre-trained weights

Table 4.4: Parameters that can be evaluated in the AlexNet model.

4.4 Post-Processing

The output from the model described is decoded back to signed distances using CS reconstruc-
tion algorithms. Each vesicle should have one estimated position for each observation axis.
All reconstructed points is clustered into predicted positions. A brief overview of the post-
processing is illustrated in Figure 4.15.
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Figure 4.15: Overview of the post-processing.

4.4.1 Decoding of Compressed Signals

To reconstruct the signed distances from the predicted encoded signals the basis pursuit from
Equation 2.31 is used. The equation states that the optimization algorithm should minimize the
`1-norm of the reconstructed array as expressed in Equation 4.9.

min
x
‖x‖1 subject to y = Ax (4.9)

Where the signed distance array, x, is found from the sensing matrix, A, and the encoded signal
y.

The optimization problem is solved with a primal-dual interior-point method from the CVXPY
package in python called ECOS[26] [27].

In Figure 4.16, the original sparse signed distances of four observation axes is encoded into four
smaller arrays and then reconstructed with and without noise.
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Figure 4.16: Original signal of 4 observation axes compressed and then reconstructed with `1-
minimization.

4.4.2 Reconstruction of Signed Distances

From the decoded signed distances the image positions is reconstructed. Here the input param-
eters is the reconstructed r and d, which was discussed in Subsection 4.2.4. In addition, the
knowledge of the observation axes is also kept from the first transformation. The reconstruction
is therefore possible with the Equations 4.10 and 4.11.

px = oax + rsinφ+ dcosφ (4.10)

py = oay + rcosφ− dsinφ (4.11)

Where px and py are the predicted vesicle positions, r and d is the radius and distance shown
in Figure 4.9 and φ is the angle between the observation axis and the x-axis.

4.4.3 Clustering

To predict the vesicle centers with multiple observation axes, clustering is used to combine the
corresponding points from the different axes. In the proposed system this is implemented with
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mean shift clustering. It takes the reconstructed image points and bandwidth as input parame-
ters. The bandwidth is the size of the window used for clustering. By automatic calculations
for every batch of input points the optimized local bandwidth can be found. This works well if
it is more vesicles present than used observation axes. For example if there are only one vesicle
and three observation axes this will often result in two or three clusters due to the bandwidth
being too low. Instead, the bandwidth were calculated for a dataset exposed to noise and used
globally. In Figure 4.17, an image with two close vesicles is shown with mean shift clustering.

Figure 4.17: Mean shift clustering with a preset bandwidth of 10.0.

In the figure it is used four observation axes with added noise. The blue points are the ground
truth vesicle positions, the purple are all the points from the observation axes and the green
points are the cluster centers. The bandwidth of 10.0 is able to distinguish the two nearby
vesicles.

4.5 Implementation

The proposed system is implemented in a python environment. The data augmentation and
training of neural networks has been performed on the Unix servers at the University of Sta-
vanger, due to more computational power. The Gorina 4 server is available for students and
consists of three Tesla P100 GPUs. The server is linux based and mainly intended for machine
learning purposes. In Figure 4.18, the workflow of the thesis can be shown.
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Figure 4.18: Overview of the implemented system.

The python environment on the local computer is cloned into the Unix servers through a remote
repository. This lets development of code to be done at the local computer and the running on
the Unix server. Results are transferred through secure shell (SSH) back to the local computer.
The python libraries is described under:

• Numpy[28]

– Numpy is the numerical and mathematical backbone of all calculations done

• OpenCV[29]

– OpenCV is used in the image processing and for reading and writing data

• TensorFlow[30]

– TensorFlow is the library for all processing and construction of neural networks

• CVXPY[26]

– CVXPY is the convex optimization library that implements the ECOS solver
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• Sklearn[31]

– Sklearn is the scikit-learn library in python and here used for mean shift clustering

• Pandas[32]

– Pandas is used for loading the annotations and for storing results from experiments
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Chapter 5
Experiments and Results

The chapter ”Experiments and Results”, consists of the experiments and evaluations conducted
that verifies the performance of the proposed method. This includes experiments on compres-
sion error, robustness to noise, finding the optimal autoencoder structure and evaluations of best
neural network structure.

5.1 Compression Error

With compressed sensing it is possible to encode and reconstruct signals accurately if the origi-
nal signal is sparse and the resctricted isometry property is fulfilled. To test how the compression
loss can impact the image positions, 100 signed distance arrays from 100 image patches (one
array each) was encoded and reconstructed with different compression rates. The reconstructed
signal was then transformed into pixel positions as well as the original signed distance array
for ground truth. The error was calculated in euclidean loss. In the experiment the arrays were
shown to have a mean k sparsity of 10.1. The testing was done with one Bernoulli sensing
matrix with a success probability of 0.5 and a Gaussian sensing matrix with standard deviation
of 0.1. The results can be shown in Figure 5.1.
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Figure 5.1: Mean Error in image positions for each compression rate.

The result shows that with both ensembles the compression rate can be 2 without impacting the
reconstruction. This means that the total amount of labelling data can be halved, which again
speeds up the training.

5.2 Robustness to Noise

In the proposed system, a neural network is approximating the compressed signals from the
signed distances. This means that the environment is exposed to approximation error. The
neural network output can therefore be expressed as in Equation 4.6 and 5.1.

yout = Ax+ ξ (5.1)

Where ξ is the added noise corresponding to the approximation error. The model wants to
minimize ξ, but as it is very unlikely that it learns perfect approximation, it is necessary to study
how robust the remaining framework of the system is to noise. It was therefore experimented
with how Gaussian noise with different standard deviations would impact the system.

The experiment tested hundred images with different number of observation axes. The encoded
signals were added Gaussian noise with the standard deviations presented in Table 5.1.

48



5.2 Robustness to Noise

Parameter: Description:
Images 100
Sensing Matrices Gaussian,Bernoulli
Observation Axes 1, 4, 8, 16, 32
Noise Type Gaussian
Standard Deviations 0, 0.0001, 0.001, 0.01, 0.1, 1

Table 5.1: Parameters used in the experiment.

The signals were then reconstructed into signed distances, and further into pixel-positions be-
fore they were clustered to represent the vesicle positions. The precision were measured with
the Euclidean distance to the original positions. This was further processed into the mean error
for all vesicles in the hundred images. The results can be shown in Figure 5.2.
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Figure 5.2: Shows the relation between noise and error in the predicted synaptic vesicle positions for 1,
4, 8, 16 and 32 observation axes with Bernoulli and Gaussian ensembles.

As it can be seen from the figure, the more observation axes the more robust the system are to
noise. All the different setups misses the vesicles with fever than a mean of 5 pixels with the
standard deviation being smaller than 0.01. It can also be seen that the Bernoulli ensemble is
slightly better until the noise reaches a standard deviation of 0.1.

The impact of the noise can also be interpreted from the images in Figure 5.3. The reconstructed
image points and predicted vesicle centers with and without noise using four observation axes
are visualized. The blue dots are the original positions, the green are the cluster centers and the
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purple pixels corresponds to all points from the nonzero elements of the reconstructed signed
distances.

(a) No noise. (b) SD = 0.0001, cost = 1× 10−8.

(c) SD = 0.001, cost = 1× 10−6. (d) SD = 0.01, cost = 1× 10−4.

(e) SD = 0.1, cost = 1× 10−2. (f) SD = 1, cost = 1.

Figure 5.3: Visualization of the impact noise has on the system with four observation axes.
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5.3 Evaluation of Autoencoder

5.2.1 Evaluation of Robustness to Cost

In Equation 4.7, the MSE cost of the output from the neural network was the mean of the
squared approximation error. Figure 5.4 illustrates how different cost values from the neural
network could impact the post-processing.
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Figure 5.4: Visualization of the relation between cost in the approximated compressed signal and the
corresponding image positions.

From Figure 5.4 it is visualized that the system predicts the positions within a radius of 5 pixels
with cost up to 1 × 10−4 for all numbers of observation axes and with both Bernoulli and
Gaussian matrices. It is also seen that the Bernoulli matrix is more robust to higher cost than
the Gaussian.

5.3 Evaluation of Autoencoder

The autoencoder is supposed to train the first feature extracting layers of the model. To minimize
the amount of structures that is tested, some parameters of the neural net are kept constant. The
structure was set with four convolutional layers in the encoder, including max pooling as pooling
and ReLU as activation function for all layers. Max pooling is used because it is expected to
perform the best with CNN[11]. Also the mini-batch size is kept at 100 and the input size is
128 × 128. The input data pipeline is constructed from the unlabelled dataset, which is from
different rats than the labelled data. In Table 5.2, the rest of the tested encoder parameters are
shown.
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Parameter: Description:
Train set 104130 image patches
Epochs 100
Learning rates 0.1, 0.01, 0.001, 0.0001
Filter kernels (Encoder)

[
64, 32, 32, 16

]
,
[
32, 64, 32, 16

]
,
[
32, 32, 64, 16

]
,
[
64, 64, 32, 16

]
Filter size (Encoder)

[
3× 3

]
Output size layer d× d

[
64, 64, 32, 16

]
,
[
64, 32, 32, 16

]
,
[
64, 32, 16, 16

]
Table 5.2: Parameters used in testing of autoencoder.

The encoder part is mirrored into the decoder part. This means that the decoder starts from the
size of 16 × 16 × 16 for all model structures and outputs an image of 128 × 128. The only
significant difference is that deconvolutional layers replaces the convolutional. The models
were trained with Adam optimizer and a MSE mini-batch cost function[33].

5.3.1 Verification of Best Autoencoder

The different autoencoders were evaluated on the training curve. The best structure was further
trained to 200 epochs. The training curve can be shown in Figure 5.5.

Step

Cost

Figure 5.5: Training curve of the autoencoder with best structure. The learning rate was 0.001 and the
layers in the encoder part had output dimensions

[
64×64×64, 32×32×32, 32×32×32, 16×16×16

]
.

The model was tested with some input patches as seen in Figure 5.6.
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5.4 Evaluation of Processing Layers

(a) Input image of autoencoder. (b) Output image of autoen-
coder.

Figure 5.6: Input image to autoencoder and corresponding output image.

The output in Figure 5.6b resembles the the input in Figure 5.6a. The noticeable difference is
the checkerboard artefacts that is caused by the deconvolutional layers in the decoder part of
the autoencoder. This makes the output image look blurred. The autoencoder encoder part was
implemented with the processing layers.

5.4 Evaluation of Processing Layers

The structure of the processing layers combined with the encoder part of the autoencoder is
firstly based on AlexNet with 5 convolutional layers and 3 fully-connected layers. At the first
evaluation this structure will be used to generate the best parameters for learning rate, dropout,
activation on output layer and amount of filter kernels in the fifth conv layer. Here the first four
conv layers origins from the autoencoder and the fifth conv layer together with the three fc layers
are added and only trained on the labelled data. The best networks from the first evaluation and
further evaluation is later tested with leave-one-out cross validation on the different rats from
the labelled dataset. The first evaluation used the parameters in Table 5.3.

Parameter: Description:
Train set 22068 image patches and encoded signals
Validation set 1154 image patches and encoded signals
Epochs 100
Learning rates 0.1, 0.01, 0.001, 0.0001
Layer sizes

[
256, 4096, 4096, 360

]
,
[
192, 6144, 4096, 360

]
,
[
128, 8192, 4096, 360

]
Activations on hidden layers

[
ReLU,ReLU,ReLU

]
Activation on output layer None, Sigmoid, Tanh
Dropout 0.15, 0.20, 0.25

Table 5.3: Structures evaluated together with encoder part of autoencoder. Blue numbers are number of
convolutional kernels in the convolutional layer.
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From this evaluation the best performing parameters will be kept for further evaluation. The
structures are evaluated on the validation cost of the last five iterations. This lets more data to
be used in training which means that the chances of the networks converging is increased. The
validation image patches originates from random images from all rats and image patches from
one image is only used in either the training set or validation set never both. The models were
trained with the Adam optimizer trying to minimize the MSE cost for each mini-batch[33].

5.4.1 Result of First Evaluation

To measure the performance of the neural network models the cost from the training and vali-
dation is stored for every 100 iteration. The training and validation curves of the five best model
structures are visualized in Figure 5.7

Cost

Step

Figure 5.7: The five best models with training and validation curves. The last converging curves, green
and grey, are the validation and training curves of structure number 22. The rest of the top structures are
located by the blue curves.

Four out of the five best structures converges within the 200 first steps. The last structure with
the biggest learning rate converges after 20000 step. The five best structures are shown in Table
5.4.

M: LR: DO: Layer Sizes: Activations:
112 0.0001 0.15

[
192, 6144, 4096, 360

] [
ReLU,ReLU,ReLU,None

]
128 0.0001 0.2

[
128, 8192, 4096, 360

] [
ReLU,ReLU,ReLU, Tanh

]
58 0.01 0.15

[
192, 6144, 4096, 360

] [
ReLU,ReLU,ReLU,None

]
76 0.001 0.15

[
256, 4096, 4096, 360

] [
ReLU,ReLU,ReLU,None

]
22 0.1 0.15

[
256, 4096, 4096, 360

] [
ReLU,ReLU,ReLU,None

]
Table 5.4: Top five structures from first test in descending order with the top being the best.

The cost of the training curves from the best five structures are shown in Figure 5.8.
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Cost

Step

Figure 5.8: Training curves of five best models. Green curve is model 22, grey is 76, top blue is 58, red
is 128 and bottom blue is 112.

The curves are smoothed in order to be able to distinguish them. The original values are still
visible in the background. From the original values the variance of the curves is big with values
ranging from 0.0185 to 0.014. This indicates that there are insufficient amount of training data
to train with. The bias is also unsatisfying with a mean cost of 1.65× 10−2, which in Figure 5.4
and 5.3 corresponds to a random distribution of points. This suggests that more model structures
must be tested. In Figure 5.9, the corresponding validation curves are plotted.

Cost

Step

Figure 5.9: Validation curves of five best models. Grey curve corresponds to model 22, top green is 76,
orange is 58, blue is 128 and bottom green is 112.

From the validation curves the overall mean cost is lowered from the training, but is still located
between 0.0160 and 0.0165. The variance is close to the variance of the training.

In total, the first test evaluated 107 structures with the training and validation set as in Table
5.3. As it can be seen from Table 5.4, four out of the five best performers had no activation on
the output layer. The last structure out of those five had Tanh as activation. Also four out of
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the five best structures had a dropout in training of 0.15 with the last having 0.20. It can also be
shown that both the two best structures had a learning rate of 1 × 10−4. The biggest learning
rate used was the last to converge as it can be seen in Figure 5.7, where structure number 22 is
the green and grey curves. Out of the three best structures two had 192 filter kernels in the fifth
conv layer.

5.4.2 Further Evaluation

In further evaluation, more layers were added and more combinations with kernel- and layer
sizes were evaluated. The best performing parameters from the first evaluation was put as the
base for the next evaluation. Further evaluation was done with the new parameters shown in
Table 5.5.

Parameter: Description:
Train set 22068 image patches and encoded signals
Validation set 1154 image patches and encoded signals
Epochs 100
Learning rate 0.0001
Number of conv layers 1, 2
Number of kernels in conv 1 192
Number of kernels in conv 2 192, 128
Tested kernel sizes 3× 3, 5× 5
Number of fc layers 3, 4
Neurons in fc 1 6144, 4096
Neurons in fc 2 4096, 2048
Neurons in fc 3 2048, 1024
Neurons in output layer 360
Activation on hidden to output layer Tanh,ReLU
Activation on output layer None
Activation on rest ReLU
Dropout 0.15

Table 5.5: Parameters evaluated in the extended evaluation of processing layers.

The layers are added to the encoder part of the autoencoder again, and evaluated on the mean
of the last five costs in validation. In the evaluation 145 different structures were evaluated.
Combined with the first evaluation 252 structures were evaluated.

5.4.3 Best Results

The top five results from both evaluations of structures can be seen in Table 5.7.
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Model: Validation cost:
138 1.538× 10−2

112 1.539× 10−2

128 1.540× 10−2

260 1.545× 10−2

244 1.546× 10−2

Table 5.6: Cost from test set.

The table shows that it is small differences between the best structures. The best performing
neural networks and their parameters are shown in Table 5.7.

M: LR: DO: Layer Sizes: Activations:
138 0.0001 0.15

[
192, 6144, 4096, 2048, 360

] [
ReLU,ReLU,ReLU,ReLU,None

]
112 0.0001 0.15

[
192, 6144, 4096, 360

] [
ReLU,ReLU,ReLU,None

]
128 0.0001 0.2

[
128, 8192, 4096, 360

] [
ReLU,ReLU,ReLU, Tanh

]
260 0.0001 0.15

[
192, 128, 6144, 4096, 2048, 360

] [
ReLU,ReLU,ReLU, Tanh,None

]
244 0.0001 0.15

[
192, 192, 6144, 4096, 2048, 360

] [
ReLU,ReLU,ReLU, Tanh,None

]
Table 5.7: Top five structures from first test in descending order. First from top is best. Blue numbers
are the amount of filter kernels in the conv layers.

It can be seen from Table 5.7 that the two best structures has very similar structures. The only
difference is the number of FC layers.

5.5 Evaluation of AlexNet

In the paper that first suggested the CNNCS model, they demonstrated the state of the art per-
formance with the pre-trained AlexNet model[8]. The model consists of 5 conv layers and 3 FC
layers. The last layer is tuned into the size of the encoded signal and has no activation. In Table
5.8, the parameters used in testing of AlexNet is shown.

Parameter: Description:
Train set 22068 image patches and encoded signals
Validation set 1154 image patches and encoded signals
Epochs 100
Learning rates 0.1, 0.01, 0.001, 0.0001
Trainable weights True, False

Table 5.8: Parameters used in the experiment.

In total 8 different AlexNet structures were evaluated. The training set and validation set were
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the same as used in the evaluation of A + PL structures. It was also here used Adam optimzer
and MSE cost function[33].

5.5.1 Best Results

The trained structures were tested with the same test set as the A + PL structures. The results
of this is shown in Table 5.9.

Model: Validation cost: Learning rate: Trainable weights:
8 1.622× 10−2 0.0001 False
2 1.643× 10−2 0.01 True
4 1.647× 10−2 0.0001 True
5 1.652× 10−2 0.1 False
6 1.667× 10−2 0.01 False

Table 5.9: Top five structures of AlexNet.

The table shows that with non trainable pre-trained weights and with a learning rate of 0.0001
the AlexNet model performs the best.

5.6 Verification of the Best Result

The best result from evaluations of A + PL and AlexNet were further evaluated. In the previous
experiments they were run once over a training set combining images from all the rats. In order
to verify the results, the best structures will be evaluated with leave-one-out cross validation,
which is illustrated in Figure 5.10.
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5.6 Verification of the Best Result

Rat NN11 Rat NN15 Rat NN23 Rat NN24

Run: 

1

Rat NN11 Rat NN15 Rat NN23 Rat NN242

Rat NN11 Rat NN15 Rat NN23 Rat NN244

TestTrain

Figure 5.10: Leave-one-out cross validation as conducted in the experiment. The purple boxes corre-
sponds to training data and the grey are used as test set.

This is done by leaving one rat out as test set and train on the combined images of the other rats.
This is repeated until all rats have been in the test set. The performance is then evaluated by the
combined results.

Type/Model: NN11: NN15: NN23: NN24 Total:
A+PL/138 1.652× 10−2 1.387× 10−2 1.845× 10−2 1.429× 10−2 1.611× 10−2

A+PL/112 1.652× 10−2 1.387× 10−2 1.845× 10−2 1.429× 10−2 1.610× 10−2

AlexNet/8 1.873× 10−2 1.743× 10−2 2.116× 10−2 1.781× 10−2 1.860× 10−2

Table 5.10: Results of leave-one-out cross validation.

The results shows that the A + PL structure number 112 has the best overall performance.
According to the results the A + PL is also expected to yield better results in general than a
pre-trained AlexNet network.

The top performing structure is implemented in the system and produces predicted positions as
displayed in Figure 5.11.
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(a) Reconstructed points from rat NN11. (b) Reconstructed points from rat NN15.

(c) Reconstructed points from rat NN23. (d) Reconstructed points from rat NN24.

Figure 5.11: Reconstructed image points, where blue points are the original vesicle positions and where
purple points corresponds to the predicted positions.

The predicted synaptic vesicle positions from Figure 5.11 is not inside the image patch. Instead
the visible non-zero elements are close to the location of the observation axes. In Figure 5.11a,
the reconstructed images are more noisy than the rest. This is not because of overfitting, but
because the biggest rat dataset is used for testing. This means that there are few samples left
for training, and the model never learns to approximate the zeros of the signed distances in the
encoded signal. Oddly enough, this does not put the cost of the test set into bigger numbers.
This may be because of the noisy points acting more similar to the random projected encoded
signed distances.
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Discussion

In this chapter the results of the experiments are summarized and further discussed. The overall
performance relies on every part of the system functioning in harmony. Addressing which parts
that can be held responsible for good or bad performance is a step to improve a future similar
system.

6.1 Dataset

A problem concerning most machine learning applications is the amount of available data. In
the experiments conducted with neural networks, the training and validation curves are experi-
encing high variances. This is a indication that the amount of training data is insufficient. Also
the data that is annotated only originates from 7 cylindrical cuts from 4 different rat brains. In
Figure 3.2 two consecutive images from the same cut is displayed. The consecutive images
have small differences because of the brain structure thickness. This can make it difficult for
a neural network to map the coherence between changes in the encoded signals to the changes
in the images. For processing the images as 2D data the diversity should be greater to make it
easier for the neural network to learn the coherence.

If the images from each cut were to be processed as 3D data only the diversity between the cuts
would have mattered. But since the synaptic vesicles has a smaller diameter than the thickness
between each image they won’t appear in two consecutive images. Therefore, 3D processing of
the data is not preferable over 2D processing.

6.1.1 Pre-Processing

The goal with the pre-processing was to optimize the data for the neural network. The data
was bias corrected to remove the additive bias field. With histogram equalization the synaptic
vesicles becomes more distinct in the images. The Gaussian smoothing is added because of the
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existing noise in the images.

6.1.2 Data Augmentation

After the image processing, the images were split into 128× 128 image patches with and with-
out overlapping. The original images was in different shapes, in order to process them in a CNN
with FC layers the images either had to be resized or split into equal dimensions during aug-
mentation. The unlabelled images was split into non-overlapping tiles and further augmented
with one random rotation each. The non-overlapping ensured that an increase in similarity be-
tween the already similar image patches was avoided. The annotated images were augmented
with overlapping due to the insufficient number of images. Due to the fact that only some parts
of the images had annotated synaptic vesicles, only the image patches containing annotations
were kept. It was proposed to use overlapping of 99.2% or 127 pixels at each translation which
would correspond to almost 4.5 million image patches. But as all of these images would origi-
nate from the same 68 images the small diversity would not have defended the amount of data.
Therefore, overlapping with 87.5% or 112 pixels at each translation was used resulting in 23223
image patches instead.

6.2 Compressed Sensing

Both the encoding and decoding of CS was shown to not generate error in the reconstructed
image points with a compression rate up to 2.0. In the decoding process the basis pursuit was
the applied minimization problem for the recovery algorithm. However, other methods such as
Lasso could have been applied but where not looked into in this thesis[34].

6.3 Neural Networks

From the results, illustrated by the figures in Figure 5.11, it is clear that the best neural network
model is not able to learn the signed distances in the encoded signal. A great variety of struc-
tures were evaluated, but none were able to learn the actual synaptic vesicle positions. This is
reflected in the training and validation curves in figures 5.8 and 5.9, where the models struggles
to converge.

6.3.1 Autoencoder

Traditional autoencoders are looking for every feature that can be helpful to reconstruct the
input and later to classify the total image. In the CNNCS model the goal is not to classify the
whole image but to generate predictions on positions of a few elements in it. An autoencoder
should therefore be used with caution. When the encoder parts compress the image data with
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75% there is a chance that valuable features contained about the synaptic vesicles gets removed
in the optimization process of the autoencoder.

6.3.2 Processing Layers

The performance of the processing layers depends on the ability to learn the random projection
caused by CS combined with the ability of extracting information of the synaptic vesicles from
the autoencoders encoder part. The best model structure has a test cost corresponding to 1.610×
10−2, which through experiments conducted on the framework of the system is not satisfactory.
In total; 252 different structures were tested. Training without encoder part from an autoencoder
quickly turns into overfitting. This indicates that for small datasets it is beneficial to use an
autoencoder to prevent the aforementioned problem.

6.3.3 AlexNet

The use of a pre-trained AlexNet with tuned structure was first suggested by Xue and Ray on
cell detection using CNNCS[8]. Due to the similarity between their cell images and the synaptic
vesicle images it was reasonable that the same structure would be able to predict the synaptic
vesicle positions as well. But in reality, with the dataset available it actually performs worse
than the A + PL structure. That none of the models are able to accurately predict the encoded
signals suggests that the problem is not with the neural network, but with the training data.
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Chapter 7
Conclusion and Future Work

7.1 Conclusion

The objective of this thesis was to develop an automatic synaptic vesicle detection algorithm
that could be used to investigate the impact the stress has on the neural signalling in brains.
The developed method is based on a CNN to predict encoded positions of the present synaptic
vesicles in the input images. Through the conducted experiments the framework of the system
has proven to be robust. However, the CNN has not been able to produce significantly accurate
outputs that matches the compressed signed distances. With extended evaluation of different
parameters, the best structure matches the encoded signals with a mean squared error cost of
1.610 × 10−2 after leave-one-out cross validation. To be able to predict precise positions of
synaptic vesicles, the neural network needs to produce signals with cost from 1.0 × 10−4 and
below. The training curve of the CNN model has a very high variance due to insufficient training
data and data augmentation has not been of great help. The reason can be low diversity in the
available dataset as the images are from only 7 cylindrical cuts in 4 rat brains and each slice has
45 nm thickness preventing sufficient variety in the data.

7.2 Future Work

In future work, it could be investigated if extended transferred learning by pre-training the CNN
to match encoded signals from bigger and more diverse datasets could improve the results. An
other solution can be trying to impose the sensing matrix in the network structure by extending
one of the processing layers into the elements of the sensing matrix.
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Appendix

Program Files

Attached in attachments.7z are the program files.
The python scripts can be described by:

• main AE cnncs.py

– Python script for training neural network with encoder part from autoencoder

• main alexnet.py

– File for training AlexNet structures

• main auto test.py

– File for training different autoencoder structures

• main cnncs.py

– Code for training CNNCS

• main cnncs test.py

– Code for testing CNNCS

• main decode.py

– Python script for reconstructing outputs of neural network into image positions

• main synth.py

– Code for training on synthetic data

• cnncs.py

– Framework file for all training of neural networks

• dataAugmentationRotation.py
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attachments/.DS_Store





attachments/cnncs.py

import matplotlib as plt
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import cv2
import numpy as np
import pandas as pd



def _input_parser(image_paths, ground_paths):
    '''
    :param image_paths: path with images
    :param ground_paths: path with ground
    :return: decoded image files
    '''
    image_content = tf.read_file(image_paths)
    ground_content = tf.read_file(ground_paths)

    images = tf.image.decode_png(image_content) # , channels=3)
    grounds = tf.image.decode_png(ground_content) # , channel=1)

    return images, grounds

def _input_parser_cs(image_paths, labels):
    image_content = tf.read_file(image_paths)

    images = tf.image.decode_png(image_content)

    return images, labels

def _input_normalizer(image, ground):
    '''
    :param image: image input
    :param ground: ground image input
    :return: normalized image and ground image
    '''
    image = tf.cast(image, tf.float32)
    image = image / 255.0

    ground = tf.cast(ground, tf.float32)
    ground = ground / 255.0
    ground = tf.cast(ground, tf.float32)

    return image, ground

def _input_normalizer_cs(image, label):
    image = tf.cast(image, tf.float32)
    image = image / 255.0

    return image, label



def plotNNFilter(units, OUT_DIR_PATH, name):
    '''
    :param units: outputs of TensorFlow layer
    :param name: name of layer
    :return: saves tensor as images
    '''
    filters = units.shape[0]
    n = units.shape[1]
    m = units.shape[2]
    #print(units[:, :, 0])
    # plt.figure(1, figsize=(224,224))
    # n_columns = 0
    # n_rows = math.ceil(filters / n_columns) + 1
    for i in range(0, filters):
        #cv2.namedWindow(str(i), cv2.WINDOW_NORMAL)
        #cv2.imshow(str(i), units[i, :, :])
        a = units[i, :, :]
        #print(a.shape)
        cv2.imwrite(OUT_DIR_PATH + '/Deconv2d_4_' + name + str(i) + '.jpg', a*255)
    #cv2.waitKey(0)
    #cv2.destroyAllWindows()

def getDataSynthCNNCS(DATA_PATH, LABEL_PATH, epochs, batch_size, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            if (x[:6] != 'synth6'):
                image_paths.append(os.path.join(DATA_PATH, x))
                labels.append(df[x].values)
            else:
                image_paths_val.append(os.path.join(DATA_PATH, x))
                labels_val.append(df[x].values)
                print(x)
        #if (len(labels_val) >= 2) and (len(labels) >= 4):
            #break
    size = len(image_paths)
    size_val = len(image_paths_val)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(batch_size)
    data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)


    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data = data.shuffle(batch_size)
    data = data.batch(batch_size)
    data = data.repeat(epochs)

    print('Validation data size: {} Training data size: {}'.format(size_val, size))

    return data, data_val, size, size_val

def getDataCNNCS(DATA_PATH, LABEL_PATH, epochs, batch_size, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            if (x[:34] != 'affTransformedImage_NN11_C1_syn915') and (x[:37] != 'affTransformedImage_N15_C1_syn1_3_514') and (x[:35] != 'affTransformedImage_N23_C6_syn1_315') and (x[:32] != 'affTransformedImage_N24_C2_syn65'):
                image_paths.append(os.path.join(DATA_PATH, x))
                labels.append(df[x].values)
            elif (x == 'affTransformedImage_NN11_C1_syn915_1.png'):
                #image_paths_val.append(os.path.join(DATA_PATH, x))
                #labels_val.append(df[0].values)
                print('affTransformedImage_NN11_C1_syn915_1.png is not part of the dataset')
            else:
                image_paths_val.append(os.path.join(DATA_PATH, x))
                labels_val.append(df[x].values)
                print(x)
        #if (len(labels_val) >= 2) and (len(labels) >= 4):
            #break
    size = len(image_paths)
    size_val = len(image_paths_val)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(batch_size)
    data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)


    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data = data.shuffle(batch_size)
    data = data.batch(batch_size)
    data = data.repeat(epochs)

    print('Validation data size: {} Training data size: {}'.format(size_val, size))

    return data, data_val, size, size_val

def getDataCNNCS_Test(DATA_PATH, LABEL_PATH, epochs, batch_size, leave, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png') and x != 'affTransformedImage_NN11_C1_syn915_1.png':
            if leave == 'affTransformedImage_NN11':
                if x[:24] != leave and x[:24] != 'affTransformedImage_N11_':
                    image_paths.append(os.path.join(DATA_PATH, x))
                    labels.append(df[x].values)
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    print(x)
            else:
                if x[:24] != leave:
                    image_paths.append(os.path.join(DATA_PATH, x))
                    labels.append(df[x].values)
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    print(x)
    size = len(image_paths)
    size_val = len(image_paths_val)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(batch_size)
    data_val = data_val.repeat(1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)


    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data = data.shuffle(batch_size)
    data = data.batch(batch_size)
    data = data.repeat(epochs)

    print('Validation data size: {} Training data size: {}'.format(size_val, size))

    return data, data_val, size, size_val

def getDataSynth_AE(DATA_PATH, LABEL_PATH, epochs, batch_size, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    tf.reset_default_graph()
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    # image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            if (x[:6] != 'synth6'):
                image_paths.append(os.path.join(DATA_PATH, x))
                labels.append(df[x].values)
            else:
                image_paths_val.append(os.path.join(DATA_PATH, x))
                labels_val.append(df[x].values)
                print(x)
                # if (len(labels_val) >= 2) and (len(labels) >= 4):
                # break
    size = len(image_paths)
    size_val = len(image_paths_val)
    # print(image_paths)
    # print(labels)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    # data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(1)
    # data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)

    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    # data = data.shuffle(batch_size)
    data = data.batch(1)
    # data = data.repeat(epochs)
    print('First: data output types: {}'.format(data.output_types))
    print('First:data output shapes: {}'.format(data.output_shapes))
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    # tf.add_to_collection('init_op', init_op)
    init_val = iterator.make_initializer(data_val)

    '''Creating Bottlenecks'''
    print('Creating Bottlenecks')
    image_data = []
    label_data = []
    image_val_data = []
    label_val_data = []

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'

    with tf.Session(config=config) as sess:
        sess = restoreModel(sess, '208200', '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_1')
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            if op.name[:6] == 'Conv_4':
                print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        output = graph.get_tensor_by_name('Conv_4/Conv_4_pool/MaxPool:0')
        sess.run(init_op)
        while 1:
            try:
                im, la = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of dataset')
                break
            ima = sess.run(output, feed_dict={'input_image:0': im})
            image_data.append(ima)
            label_data.append(la)
        sess.run(init_val)
        while 1:
            try:
                valim, valla = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of validation set')
                break
            valima = sess.run(output, feed_dict={'input_image:0': valim})
            image_val_data.append(valima)
            label_val_data.append(valla)
    tf.reset_default_graph()
    size = len(image_data)
    size_val = len(image_val_data)

    labval = np.array(label_val_data)
    lab = np.array(label_data)
    imdat = np.array(image_data)
    imdatval = np.array(image_val_data)

    data_tens = tf.constant(imdat)
    data_val_tens = tf.constant(imdatval)
    label_tens = tf.constant(lab, dtype=tf.float32)
    label_val_tens = tf.constant(labval, dtype=tf.float32)

    data_r = Dataset.from_tensor_slices((data_tens, label_tens))
    data_val_r = Dataset.from_tensor_slices((data_val_tens, label_val_tens))

    data_r = data_r.shuffle(batch_size)
    data_r = data_r.batch(batch_size)
    data_r = data_r.repeat(epochs)

    data_val_r = data_val_r.shuffle(batch_size)
    data_val_r = data_val_r.batch(batch_size)
    data_val_r = data_val_r.repeat(int(epochs * (size / size_val)) + 1)

    return data_r, data_val_r, size, size_val

def getDataCNNCS_AE_Test(DATA_PATH, LABEL_PATH, epochs, batch_size, leave, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    tf.reset_default_graph()
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png') and x != 'affTransformedImage_NN11_C1_syn915_1.png':
            if leave == 'affTransformedImage_NN11':
                if x[:24] != leave and x[:24] != 'affTransformedImage_N11_':
                    image_paths.append(os.path.join(DATA_PATH, x))
                    labels.append(df[x].values)
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    print(x)
            else:
                if x[:24] != leave:
                    image_paths.append(os.path.join(DATA_PATH, x))
                    labels.append(df[x].values)
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    print(x)
        #if (len(labels_val) >= 2) and (len(labels) >= 4):
            #break
    size = len(image_paths)
    size_val = len(image_paths_val)
    #print(image_paths)
    #print(labels)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    #data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(1)
    #data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)


    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    #data = data.shuffle(batch_size)
    data = data.batch(1)
    #data = data.repeat(epochs)
    print('First: data output types: {}'.format(data.output_types))
    print('First:data output shapes: {}'.format(data.output_shapes))
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    #tf.add_to_collection('init_op', init_op)
    init_val = iterator.make_initializer(data_val)

    '''Creating Bottlenecks'''
    print('Creating Bottlenecks')
    image_data = []
    label_data = []
    image_val_data = []
    label_val_data = []

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'

    with tf.Session(config=config) as sess:
        sess = restoreModel(sess, '208200', '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_1')
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            if op.name[:6] == 'Conv_4':
                print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        output = graph.get_tensor_by_name('Conv_4/Conv_4_pool/MaxPool:0')
        sess.run(init_op)
        while 1:
            try:
                im, la = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of dataset')
                break
            ima = sess.run(output, feed_dict={'input_image:0': im})
            image_data.append(ima)
            label_data.append(la)
        sess.run(init_val)
        while 1:
            try:
                valim, valla = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of validation set')
                break
            valima = sess.run(output, feed_dict={'input_image:0': valim})
            image_val_data.append(valima)
            label_val_data.append(valla)
    tf.reset_default_graph()
    size = len(image_data)
    size_val = len(image_val_data)

    labval = np.array(label_val_data)
    lab = np.array(label_data)
    imdat = np.array(image_data)
    imdatval = np.array(image_val_data)

    data_tens = tf.constant(imdat)
    data_val_tens = tf.constant(imdatval)
    label_tens = tf.constant(lab, dtype=tf.float32)
    label_val_tens = tf.constant(labval, dtype=tf.float32)

    data_r = Dataset.from_tensor_slices((data_tens, label_tens))
    data_val_r = Dataset.from_tensor_slices((data_val_tens, label_val_tens))

    data_r = data_r.shuffle(batch_size)
    data_r = data_r.batch(batch_size)
    data_r = data_r.repeat(epochs)

    data_val_r = data_val_r.shuffle(1)
    data_val_r = data_val_r.batch(1)
    data_val_r = data_val_r.repeat(1)

    return data_r, data_val_r, size, size_val

def getDataCNNCS_AE(DATA_PATH, LABEL_PATH, epochs, batch_size, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    tf.reset_default_graph()
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            if (x[:34] != 'affTransformedImage_NN11_C1_syn915') and (x[:37] != 'affTransformedImage_N15_C1_syn1_3_514') and (x[:35] != 'affTransformedImage_N23_C6_syn1_315') and (x[:32] != 'affTransformedImage_N24_C2_syn65'):
                image_paths.append(os.path.join(DATA_PATH, x))
                labels.append(df[x].values)
            elif (x == 'affTransformedImage_NN11_C1_syn915_1.png'):
                #image_paths_val.append(os.path.join(DATA_PATH, x))
                #labels_val.append(df[0].values)
                print('affTransformedImage_NN11_C1_syn915_1.png is not part of the dataset')
            else:
                image_paths_val.append(os.path.join(DATA_PATH, x))
                labels_val.append(df[x].values)
                print(x)
        #if (len(labels_val) >= 2) and (len(labels) >= 4):
            #break
    size = len(image_paths)
    size_val = len(image_paths_val)
    #print(image_paths)
    #print(labels)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    #data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(1)
    #data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)


    '''Training set'''
    lab_np = np.array(labels)

    lab_tensor = tf.constant(lab_np)
    ima_tensor = tf.constant(image_paths)


    data = Dataset.from_tensor_slices((ima_tensor, lab_tensor))

    data = data.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data = data.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    #data = data.shuffle(batch_size)
    data = data.batch(1)
    #data = data.repeat(epochs)
    print('First: data output types: {}'.format(data.output_types))
    print('First:data output shapes: {}'.format(data.output_shapes))
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    #tf.add_to_collection('init_op', init_op)
    init_val = iterator.make_initializer(data_val)

    '''Creating Bottlenecks'''
    print('Creating Bottlenecks')
    image_data = []
    label_data = []
    image_val_data = []
    label_val_data = []

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'

    with tf.Session(config=config) as sess:
        sess = restoreModel(sess, '208200', '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_1')
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            if op.name[:6] == 'Conv_4':
                print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        output = graph.get_tensor_by_name('Conv_4/Conv_4_pool/MaxPool:0')
        sess.run(init_op)
        while 1:
            try:
                im, la = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of dataset')
                break
            ima = sess.run(output, feed_dict={'input_image:0': im})
            image_data.append(ima)
            label_data.append(la)
        sess.run(init_val)
        while 1:
            try:
                valim, valla = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of validation set')
                break
            valima = sess.run(output, feed_dict={'input_image:0': valim})
            image_val_data.append(valima)
            label_val_data.append(valla)
    tf.reset_default_graph()
    size = len(image_data)
    size_val = len(image_val_data)

    labval = np.array(label_val_data)
    lab = np.array(label_data)
    imdat = np.array(image_data)
    imdatval = np.array(image_val_data)

    data_tens = tf.constant(imdat)
    data_val_tens = tf.constant(imdatval)
    label_tens = tf.constant(lab, dtype=tf.float32)
    label_val_tens = tf.constant(labval, dtype=tf.float32)

    data_r = Dataset.from_tensor_slices((data_tens, label_tens))
    data_val_r = Dataset.from_tensor_slices((data_val_tens, label_val_tens))

    data_r = data_r.shuffle(batch_size)
    data_r = data_r.batch(batch_size)
    data_r = data_r.repeat(epochs)

    data_val_r = data_val_r.shuffle(batch_size)
    data_val_r = data_val_r.batch(batch_size)
    data_val_r = data_val_r.repeat(int(epochs*(size/size_val)) + 1)

    return data_r, data_val_r, size, size_val

def data_val(DATA_PATH, LABEL_PATH, leave, epochs=1, batch_size=1, num_threads=2):
    '''
    :param DATA_PATH:
    :param LABEL_PATH:
    :param epochs:
    :param batch_size:
    :param num_threads:
    :return:
    '''
    tf.reset_default_graph()
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')

    image_paths_val = []
    image_names = []
    labels_val = []

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png') and x != 'affTransformedImage_NN11_C1_syn915_1.png':
            if leave == 'affTransformedImage_NN11':
                if x[:24] != leave and x[:24] != 'affTransformedImage_N11_':
                    #image_paths.append(os.path.join(DATA_PATH, x))
                    #labels.append(df[x].values)
                    print('lol')
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    image_names.append(x)
                    print(x)
                    print('lol')
            else:
                if x[:24] != leave:
                    #image_paths.append(os.path.join(DATA_PATH, x))
                    #labels.append(df[x].values)
                    afafaffafa = 1
                else:
                    image_paths_val.append(os.path.join(DATA_PATH, x))
                    labels_val.append(df[x].values)
                    image_names.append(x)
                    print(x)
            #break
    #size = len(image_paths)
    size_val = len(image_paths_val)
    #print(image_paths)
    #print(labels)

    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=1)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=1)

    #data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(1)
    #data_val = data_val.repeat(int(epochs*(size/size_val)) + 1)



    print('First: data output types: {}'.format(data_val.output_types))
    print('First:data output shapes: {}'.format(data_val.output_shapes))
    iterator = Iterator.from_structure(data_val.output_types, data_val.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    init_val = iterator.make_initializer(data_val)

    '''Creating Bottlenecks'''
    print('Creating Bottlenecks')
    image_val_data = []
    label_val_data = []

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'

    with tf.Session(config=config) as sess:
        sess = restoreModel(sess, '208200', '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_1')
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            if op.name[:6] == 'Conv_4':
                print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        output = graph.get_tensor_by_name('Conv_4/Conv_4_pool/MaxPool:0')
        sess.run(init_val)
        while 1:
            try:
                valim, valla = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of validation set')
                break
            valima = sess.run(output, feed_dict={'input_image:0': valim})
            image_val_data.append(valima)
            label_val_data.append(valla)
    tf.reset_default_graph()
    size_val = len(image_val_data)

    labval = np.array(label_val_data)
    imdatval = np.array(image_val_data)

    data_val_tens = tf.constant(imdatval)
    label_val_tens = tf.constant(labval, dtype=tf.float32)

    data_val_r = Dataset.from_tensor_slices((data_val_tens, label_val_tens))


    #data_val_r = data_val_r.shuffle(batch_size)
    data_val_r = data_val_r.batch(batch_size)
    data_val_r = data_val_r.repeat(epochs)

    return data_val_r, size_val, image_names

def data_val_128(DATA_PATH, LABEL_PATH, epochs=1, batch_size=1, num_threads=2):
    print('loading csv file')
    df = pd.read_csv(LABEL_PATH)
    print('Finished loading csv')
    labels = []
    image_paths = []
    image_paths_val = []
    labels_val = []
    image_names = []
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png') and not x[:20] == 'affTransformedImage15']

    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            if (x[:34] != 'affTransformedImage_NN11_C1_syn915') and (x[:37] != 'affTransformedImage_N15_C1_syn1_3_514') and (x[:35] != 'affTransformedImage_N23_C6_syn1_315') and (x[:32] != 'affTransformedImage_N24_C2_syn65'):
                t = 0
            elif (x == 'affTransformedImage_NN11_C1_syn915_1.png'):
                #image_paths_val.append(os.path.join(DATA_PATH, x))
                #labels_val.append(df[0].values)
                print('affTransformedImage_NN11_C1_syn915_1.png is not part of the dataset')
            else:
                image_paths_val.append(os.path.join(DATA_PATH, x))
                labels_val.append(df[x].values)
                image_names.append(x)
        #if (len(labels_val) >= 2) and (len(labels) >= 4):
            #break
    size_val = len(image_paths_val)
    '''Validation set'''
    lab_val_np = np.array(labels_val)

    lab_val_tensor = tf.constant(lab_val_np)
    ima_val_tensor = tf.constant(image_paths_val)

    data_val = Dataset.from_tensor_slices((ima_val_tensor, lab_val_tensor))

    data_val = data_val.map(_input_parser_cs, num_threads=num_threads, output_buffer_size=batch_size)
    data_val = data_val.map(_input_normalizer_cs, num_threads=num_threads, output_buffer_size=batch_size)

    data_val = data_val.shuffle(batch_size)
    data_val = data_val.batch(batch_size)
    data_val = data_val.repeat(epochs)

    return data_val, size_val, image_names

def getData(DATA_PATH, epochs, batch_size, num_threads=2):
    '''
    :param DATA_PATH: image path
    :param GROUND_PATH: ground path
    :return: data batch
    '''
    # Create list of PATHS
    #image_paths = [os.path.join(DATA_PATH, x) for x in os.listdir(DATA_PATH) if x.endswith('.png')]
    image_paths = []
    for x in os.listdir(DATA_PATH):
        if x.endswith('.png'):
            image_paths.append(os.path.join(DATA_PATH, x))
    size = len(image_paths)
    '''AutoEncoder'''
    ground_paths = image_paths
    # ground_paths = [os.path.join(GROUND_PATH, x) for x in os.listdir(GROUND_PATH) if x.endswith('.png')]
    # Convert lists of paths to tensors for tensorflow
    images_name_tensor = tf.constant(image_paths)
    if ground_paths is not False:
        grounds_name_tensor = tf.constant(ground_paths)
    else:
        grounds_name_tensor = ground_paths

    # Create dataset out of the two
    if grounds_name_tensor is not False:
        data = Dataset.from_tensor_slices((images_name_tensor, grounds_name_tensor))
    else:
        data = Dataset.from_tensor_slices(images_name_tensor)

    print(images_name_tensor.get_shape)

    # Parse
    data = data.map(_input_parser, num_threads=num_threads, output_buffer_size=batch_size)

    # Normalize 0-1
    data = data.map(_input_normalizer, num_threads=num_threads, output_buffer_size=batch_size)

    # Shuffle queue
    data = data.shuffle(batch_size)
    # Create a batch of data
    data = data.batch(batch_size) #padded_batch
    # Make reinitilaizible
    data = data.repeat(epochs)

    return data, size

def setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH):
    '''
    :param TB_DIR_PATH: TensorBoard path
    :param MODEL_DIR_PATH: Model directory path
    :param OUT_DIR_PATH: Out path
    :return:
    '''
    if not os.path.exists(TB_DIR_PATH):
        os.makedirs(TB_DIR_PATH)

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

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

def fc_layer(in_tensor, input_dim, output_dim, lay_name, act=tf.nn.relu):
    initializer = tf.contrib.layers.xavier_initializer()
    with tf.name_scope(lay_name):
        with tf.name_scope('weights'):
            weights = tf.Variable(initializer([input_dim, output_dim]), name=lay_name + '_weights')
        #    variable_summaries(weights)
        with tf.name_scope('biases'):
            biases = tf.Variable(tf.constant(0.1, shape=[output_dim]))
        #    variable_summaries(biases)
        with tf.name_scope('Wx_plus_b'):
            preactivate = tf.add(tf.matmul(in_tensor, weights), biases, name='preactivate')
            tf.summary.histogram('pre_activations', preactivate)
        with tf.name_scope('activation'):
            if not act == 0:
                activations = act(preactivate, name='activation')
            else:
                activations = preactivate
            tf.summary.histogram('activations', activations)
        return activations


def conv2d_layer(in_tensor, filters, padding, kernel, act, lay_name, pool, pool_str):
    initializer = tf.contrib.layers.xavier_initializer_conv2d
    with tf.name_scope(lay_name):
        conv2d = tf.layers.conv2d(inputs=in_tensor, filters=filters, padding=padding, kernel_size=kernel,
                                  activation=act, name=lay_name, kernel_initializer=initializer(kernel))
        if pool:
            return tf.layers.max_pooling2d(conv2d, pool_size=[pool, pool], strides=[pool_str, pool_str], padding=padding, name=lay_name + '_pool')
        else:
            return conv2d

def conv2d_layer_s(in_tensor, filters, padding, kernel, act, lay_name, pool, pool_str, stride):
    initializer = tf.contrib.layers.xavier_initializer_conv2d
    with tf.name_scope(lay_name):
        conv2d = tf.layers.conv2d(inputs=in_tensor, filters=filters, padding=padding, strides=stride, kernel_size=kernel,
                                  activation=act, name=lay_name, kernel_initializer=initializer(kernel))
        if pool:
            return tf.layers.max_pooling2d(conv2d, pool_size=[pool, pool], strides=[pool_str, pool_str], padding=padding, name=lay_name + '_pool')
        else:
            return conv2d

def conv2d_layer_norm_s(in_tensor, filters, padding, kernel, act, lay_name, pool, pool_str, stride, norm_radius, norm_alpha, norm_beta, norm_bias=1.0):
    initializer = tf.contrib.layers.xavier_initializer_conv2d
    with tf.name_scope(lay_name):
        conv2d = tf.layers.conv2d(inputs=in_tensor, filters=filters, padding=padding, strides=stride, kernel_size=kernel,
                                  activation=act, name=lay_name, kernel_initializer=initializer(kernel))
        conv2d = tf.nn.local_response_normalization(conv2d, depth_radius=norm_radius, bias=norm_bias, alpha=norm_alpha, beta=norm_beta, name=lay_name + '_norm')
        if pool:
            return tf.layers.max_pooling2d(conv2d, pool_size=[pool, pool], strides=[pool_str, pool_str], padding=padding, name=lay_name + '_pool')
        else:
            return conv2d

def deconv2d_layer(in_tensor, filters, strides, padding, kernel, act, lay_name, pool, pool_str):
    initializer = tf.contrib.layers.xavier_initializer_conv2d
    with tf.name_scope(lay_name):
        deconv2d = tf.layers.conv2d_transpose(inputs=in_tensor, filters=filters, strides=strides, padding=padding,
                                              kernel_size=kernel, activation=act, name=lay_name, kernel_initializer=initializer(kernel))
        if pool:
            return tf.layers.max_pooling2d(deconv2d, pool_size=[pool, pool], strides=[pool_str, pool_str], padding=padding, name=lay_name + '_pool')
        else:
            return deconv2d

def deconv2d_layer_final(in_tensor, filters, strides, padding, kernel, act, lay_name, pool, pool_str):
    initializer = tf.contrib.layers.xavier_initializer_conv2d
    with tf.name_scope(lay_name):
        deconv2d_f = tf.layers.conv2d_transpose(inputs=in_tensor, filters=filters, strides=strides, padding=padding,
                                                kernel_size=kernel, activation=act, name=lay_name, kernel_initializer=initializer(kernel))
        if pool:
            return tf.layers.max_pooling2d(deconv2d_f, pool_size=[pool, pool], strides=[pool_str, pool_str], padding=padding, name=lay_name + '_pool')
        else:
            return deconv2d_f

'''Functions for AlexNet:'''
# from: https://kratzert.github.io/2017/02/24/finetuning-alexnet-with-tensorflow.html

def conv2d_layer_AN(input, filter_h, filter_w, kernels, stridey, stridex, lay_name, padding='SAME', groups=1):
    input_ch = int(input.get_shape()[-1])

    convolve = lambda i, k: tf.nn.conv2d(i, k, strides=[1, stridey, stridex, 1], padding=padding)

    with tf.variable_scope(lay_name) as scope:
        weights = tf.get_variable('weights', shape=[filter_h, filter_w, input_ch/groups, kernels])
        biases = tf.get_variable('biases', shape=[kernels])

        if groups==1:
            conv = convolve(input, weights)
        else:
            input_gr = tf.split(axis=3, num_or_size_splits=groups, value=input)
            weight_gr = tf.split(axis=3, num_or_size_splits=groups, value=weights)
            output_gr = [convolve(i, k) for i, k in zip(input_gr, weight_gr)]

            conv = tf.concat(axis=3, values=output_gr)

        bias = tf.reshape(tf.nn.bias_add(conv, biases), conv.get_shape().as_list())

        relu = tf.nn.relu(bias, name=scope.name)

        return relu

def fc_layer_AN(input, size_in, size_out, lay_name, relu=True):
    with tf.variable_scope(lay_name) as scope:
        weights = tf.get_variable('weights', shape=[size_in, size_out], trainable=True)
        biases = tf.get_variable('biases', [size_out], trainable=True)

        act = tf.nn.xw_plus_b(input, weights, biases, name=scope.name)

        if relu==True:
            relu = tf.nn.relu(act)
            return relu
        else:
            return act

def max_pooling(input, filter_h, filter_w, stridey, stridex, lay_name, padding='SAME'):
    return tf.nn.max_pool(input, ksize=[1, filter_h, filter_w, 1], strides=[1, stridey, stridex, 1], padding=padding, name=lay_name)

def lr_norm(input, radius, alpha, beta, lay_name, bias=1.0):
    return tf.nn.local_response_normalization(input, depth_radius=radius, alpha=alpha, beta=beta, bias=bias, name=lay_name)

def makeModel_ALEXNET(BATCH_SIZE, OUT_DIR, LEARNING_RATE, sess):
    acts = tf.sigmoid
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[100, 128, 128, 1], name='input_image')
    in_y = tf.placeholder(tf.float32, shape=[100, 360], name='label')

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')

    conv1 = conv2d_layer_AN(in_x, 11, 11, 96, 4, 4, padding='VALID', lay_name='conv1')
    norm1 = lr_norm(conv1, 2, 1e-05, 0.75, lay_name='norm1')
    pool1 = max_pooling(norm1, 3, 3, 2, 2, padding='VALID', lay_name='pool1')

    conv2 = conv2d_layer_AN(pool1, 5, 5, 256, 1, 1, groups=2, lay_name='conv2')
    norm2 = lr_norm(conv2, 2, 1e-05, 0.75, lay_name='norm2')
    pool2 = max_pooling(norm2, 3, 3, 2, 2, padding='VALID', lay_name='pool2')

    conv3 = conv2d_layer_AN(pool2, 3, 3, 384, 1, 1, lay_name='conv3')

    conv4 = conv2d_layer_AN(conv3, 3, 3, 384, 1, 1, groups=2, lay_name='conv4')

    conv5 = conv2d_layer_AN(conv4, 3, 3, 256, 1, 1, groups=2, lay_name='conv5')
    pool5 = max_pooling(conv5, 3, 3, 2, 2, padding='VALID', lay_name='pool5')

    cshape = pool5.get_shape().as_list()
    cdim = np.prod(cshape[1::])
    flat = tf.reshape(pool5, [-1, cdim])
    fc6 = fc_layer(flat, cdim, 4096, 'fc_6',act)
    #fc6 = fc_layer_AN(flat, cdim, 4096, lay_name='fc6')
    dr6 = tf.nn.dropout(fc6, 1 - dropout)

    fc7 = fc_layer_AN(dr6, 4096, 4096, lay_name='fc7')
    dr7 = tf.nn.dropout(fc7, 1 - dropout)

    fc8 = fc_layer(dr7, 4096, 360, 'fc_8', act)

    weights_dict = np.load('bvlc_alexnet.npy', encoding='bytes').item()

    for op_name in weights_dict:
        if op_name != 'fc8' and op_name != 'fc6' and op_name != 'conv1':
            with tf.variable_scope(op_name, reuse=True):
                for data in weights_dict[op_name]:

                    if len(data.shape) == 1:

                        var = tf.get_variable('biases', trainable=False)
                        sess.run(var.assign(data))
                    else:
                        print(op_name)
                        var = tf.get_variable('weights', trainable=False)
                        sess.run(var.assign(data))


    newModel_an('Not trainable', LEARNING_RATE, OUT_DIR)

    return in_x, conv1, conv2, conv3, conv4, conv5, fc6, fc7, fc8, in_y, sess

def makeModelCNNCS_128(BATCH_SIZE, OUT_DIR, LEARNING_RATE):
    acts = tf.sigmoid
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='input_image')
    in_y = tf.placeholder(tf.float32, shape=[None, 360], name='label')

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')

    conv2d_1 = conv2d_layer_s(in_x, 96, padding, [5, 5], act, 'Conv_1', pool=3, pool_str=2, stride=[2, 2])
    conv2d_1 = tf.nn.dropout(conv2d_1, 1 - dropout)
    conv2d_2 = conv2d_layer(conv2d_1, 256, padding, [5, 5], act, 'Conv_2', pool=3, pool_str=2)
    conv2d_2 = tf.nn.dropout(conv2d_2, 1 - dropout)
    conv2d_3 = conv2d_layer(conv2d_2, 384, padding, [3, 3], act, 'Conv_3', pool=0, pool_str=0)
    conv2d_3 = tf.nn.dropout(conv2d_3, 1 - dropout)
    conv2d_4 = conv2d_layer(conv2d_3, 384, padding, [3, 3], act, 'Conv_4', pool=0, pool_str=0)
    conv2d_4 = tf.nn.dropout(conv2d_4, 1 - dropout)
    conv2d_5 = conv2d_layer(conv2d_4, 256, padding, [3, 3], act, 'Conv_5', pool=0, pool_str=0)


    '''shape = in_x.get_shape().as_list()
    dim = np.prod(shape[1::])
    in_3 = tf.reshape(in_x, [-1, 16, 16, 16])
    in_3 = tf.nn.dropout(in_3, 1 - dropout)
    conv_1 = conv2d_layer(in_3, 256, padding, [3, 3], act, 'Conv_1', pool=2, pool_str=2)'''
    cshape = conv2d_5.get_shape().as_list()
    cdim = np.prod(cshape[1::])
    flat = tf.reshape(conv2d_5, [-1, cdim])
    flat = tf.nn.dropout(flat, 1 - dropout)
    #flat = tf.nn.dropout(flat, 1 - dropout)
    fc_layer_1 = fc_layer(flat, cdim, 4096, 'fc_1', act)
    fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
    fc_layer_2 = fc_layer(fc_layer_1, 4096, 4096, 'fc_2', act)
    fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
    fc_layer_3 = fc_layer(fc_layer_2, 4096, 360, 'fc_3', act=0)

    print(conv2d_1.get_shape())
    print(conv2d_2.get_shape())
    print(conv2d_3.get_shape())
    print(conv2d_4.get_shape())
    print(conv2d_5.get_shape())
    print(flat.get_shape())
    print(fc_layer_1.get_shape())
    print(fc_layer_2.get_shape())
    print(fc_layer_3.get_shape())

    newModel(BATCH_SIZE, LEARNING_RATE, OUT_DIR)

    return in_x, conv2d_1, conv2d_2, conv2d_3, conv2d_4, conv2d_5, fc_layer_1, fc_layer_2, fc_layer_3, in_y, dropout

def makeModelCNNCS(BATCH_SIZE, OUT_DIR, LEARNING_RATE):
    act = tf.sigmoid

    in_x = tf.placeholder(tf.float32, shape=[None, 1, 16, 16, 16], name='input_image')
    in_y = tf.placeholder(tf.float32, shape=[None, 1, 360], name='label')

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')

    #conv2d_1 = conv2d_layer(in_x, 32, padding, [3, 3], act, 'Conv_1', pool=2, pool_str=2)
    #conv2d_2 = conv2d_layer(conv2d_1, 64, padding, [3, 3], act, 'Conv_2', pool=2, pool_str=1)
    #conv2d_3 = conv2d_layer(conv2d_2, 64, padding, [3, 3], act, 'Conv_3', pool=2, pool_str=2)
    #conv2d_4 = conv2d_layer(conv2d_3, 64, padding, [3, 3], act, 'Conv_4', pool=2, pool_str=1)
    #conv2d_1 = conv2d_layer(in_x, 32, padding, [3, 3], act, 'Conv_1', pool=2, pool_str=1)
    conv2d_1 = 1

    shape = in_x.get_shape().as_list()
    dim = np.prod(shape[1::])
    flat = tf.reshape(in_x, [-1, dim])
    flat = tf.nn.dropout(flat, 1 - dropout)
    fc_layer_1 = fc_layer(flat, dim, 6000, 'fc_1', act)
    fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
    fc_layer_2 = fc_layer(fc_layer_1, 6000, 17100, 'fc_2', act)
    fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
    fc_layer_3 = fc_layer(fc_layer_2, 17100, 360, 'fc_3', act=0)

    print(flat.get_shape())
    print(fc_layer_1.get_shape())
    print(fc_layer_2.get_shape())
    print(fc_layer_3.get_shape())

    newModel(BATCH_SIZE, LEARNING_RATE, OUT_DIR)

    return in_x, conv2d_1, fc_layer_1, fc_layer_2, fc_layer_3, in_y, dropout

def makeModelCNNCS_c(BATCH_SIZE, N_Conv, N_Fc, Kernel_size, N_Kernels, N_neurons, activ_conv, activ, drop, OUT_DIR, LEARNING_RATE):
    acts = tf.sigmoid
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[None, 1, 16, 16, 16], name='input_image')
    in_y = tf.placeholder(tf.float32, shape=[None, 1, 360], name='label')

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')

    #conv2d_1 = conv2d_layer(in_x, 32, padding, [3, 3], act, 'Conv_1', pool=2, pool_str=2)
    #conv2d_2 = conv2d_layer(conv2d_1, 64, padding, [3, 3], act, 'Conv_2', pool=2, pool_str=1)
    #conv2d_3 = conv2d_layer(conv2d_2, 64, padding, [3, 3], act, 'Conv_3', pool=2, pool_str=2)
    #conv2d_4 = conv2d_layer(conv2d_3, 64, padding, [3, 3], act, 'Conv_4', pool=2, pool_str=1)
    #conv2d_1 = conv2d_layer(in_x, 32, padding, [3, 3], act, 'Conv_1', pool=2, pool_str=1)
    conv2d_1 = 1

    if N_Conv == 1:
        shape = in_x.get_shape().as_list()
        dim = np.prod(shape[1::])
        in_3 = tf.reshape(in_x, [-1, 16, 16, 16])
        in_3 = tf.nn.dropout(in_3, 1 - dropout)
        conv_1 = conv2d_layer(in_3, N_Kernels[0], padding, [Kernel_size[0], Kernel_size[0]], activ_conv[0], 'Conv_1', pool=0, pool_str=0)
        cshape = conv_1.get_shape().as_list()
        cdim = np.prod(cshape[1::])
        flat = tf.reshape(conv_1, [-1, cdim])
        flat = tf.nn.dropout(flat, 1 - dropout)
    elif N_Conv == 2:
        shape = in_x.get_shape().as_list()
        dim = np.prod(shape[1::])
        in_3 = tf.reshape(in_x, [-1, 16, 16, 16])
        in_3 = tf.nn.dropout(in_3, 1 - dropout)
        conv_1 = conv2d_layer(in_3, N_Kernels[0], padding, [Kernel_size[0], Kernel_size[0]], activ_conv[0], 'Conv_1', pool=0, pool_str=0)
        conv_2 = conv2d_layer(conv_1, N_Kernels[1], padding, [Kernel_size[0], Kernel_size[0]], activ_conv[1], 'Conv_2', pool=0, pool_str=0)
        cshape = conv_2.get_shape().as_list()
        cdim = np.prod(cshape[1::])
        flat = tf.reshape(conv_2, [-1, cdim])
        flat = tf.nn.dropout(flat, 1 - dropout)
    if N_Fc == 3:
        fc_layer_1 = fc_layer(flat, cdim, N_neurons[0], 'fc_1', activ[0, 0])
        fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
        fc_layer_2 = fc_layer(fc_layer_1, N_neurons[0], N_neurons[1], 'fc_2', activ[0, 1])
        fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
        fc_layer_final = fc_layer(fc_layer_2, N_neurons[1], N_neurons[2], 'fc_3', activ[0, 2])
    if N_Fc == 4:
        fc_layer_1 = fc_layer(flat, cdim, N_neurons[0], 'fc_1', activ[0, 0])
        fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
        fc_layer_2 = fc_layer(fc_layer_1, N_neurons[0], N_neurons[1], 'fc_2', activ[0, 1])
        fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
        fc_layer_3 = fc_layer(fc_layer_2, N_neurons[1], N_neurons[2], 'fc_3', activ[0, 2])
        fc_layer_3 = tf.nn.dropout(fc_layer_3, 1 - dropout)
        fc_layer_final = fc_layer(fc_layer_3, N_neurons[2], N_neurons[3], 'fc_final', activ[0, 3])
    if N_Fc == 5:
        fc_layer_1 = fc_layer(flat, cdim, N_neurons[0], 'fc_1', activ[0, 0])
        fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
        fc_layer_2 = fc_layer(fc_layer_1, N_neurons[0], N_neurons[1], 'fc_2', activ[0, 1])
        fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
        fc_layer_3 = fc_layer(fc_layer_2, N_neurons[1], N_neurons[2], 'fc_3', activ[0, 2])
        fc_layer_3 = tf.nn.dropout(fc_layer_3, 1 - dropout)
        fc_layer_4 = fc_layer(fc_layer_3, N_neurons[2], N_neurons[3], 'fc_4', activ[0, 3])
        fc_layer_4 = tf.nn.dropout(fc_layer_4, 1 - dropout)
        fc_layer_final = fc_layer(fc_layer_4, N_neurons[3], N_neurons[4], 'fc_final', activ[0, 4])


    print(flat.get_shape())
    print(fc_layer_1.get_shape())
    print(fc_layer_2.get_shape())
    print(fc_layer_final.get_shape())

    newModel(BATCH_SIZE, N_Conv, N_neurons, activ_conv, activ, N_Kernels, [Kernel_size, Kernel_size],  drop, LEARNING_RATE, OUT_DIR)

    return in_x, conv_1, fc_layer_1, fc_layer_2, fc_layer_final, in_y, dropout

def makeModel(BATCH_SIZE, LEARNING_RATE):
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='input_image') # shape=[None, None, None, 1]
    in_y = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='ground_truth') # shape=[None, None, None, 1]

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')
    conv2d_1 = conv2d_layer(in_x, 16, padding, [3, 3], None, 'Conv_1', pool=2) # Not padding the pooling
    conv2d_2 = conv2d_layer(conv2d_1, 16, padding, [3, 3], None, 'Conv_2', pool=2)
    conv2d_3 = conv2d_layer(conv2d_2, 16, padding, [3, 3], None, 'Conv_3', pool=2)
    #conv2d_4 = conv2d_layer(conv2d_3, 16, padding, [3, 3], None, 'Conv_4', pool=3)
    deconv2d_1 = deconv2d_layer(conv2d_3, 16, [2, 2], padding, [3, 3], None, 'Deconv_1', pool=0)
    deconv2d_2 = deconv2d_layer(deconv2d_1, 16, [2, 2], padding, [3, 3], None, 'Deconv_2', pool=0)
    deconv2d_3 = deconv2d_layer_final(deconv2d_2, 1, [2, 2], padding, [3, 3], None, 'Deconv_3', pool=0)
    #deconv2d_4 = deconv2d_layer_final(deconv2d_2, 1, [3, 3], padding, [3, 3], None, 'Deconv_4', pool=0)

    print(conv2d_1.get_shape())
    print(conv2d_2.get_shape())
    print(conv2d_3.get_shape())
    print(deconv2d_1.get_shape())
    print(deconv2d_2.get_shape())
    print(deconv2d_3.get_shape())

    newModel(BATCH_SIZE, LEARNING_RATE)

    return in_x, conv2d_1, conv2d_2, conv2d_3, deconv2d_1, deconv2d_2, deconv2d_3, in_y

def makeModel_1(BATCH_SIZE, LEARNING_RATE, filter_kernels, strides, out):
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='input_image') # shape=[None, None, None, 1]
    in_y = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='ground_truth') # shape=[None, None, None, 1]

    padding = 'same'
    conv2d_1 = conv2d_layer(in_x, filter_kernels[0, 0], padding, [3, 3], act, 'Conv_1', pool=2, pool_str=strides[0, 0])
    conv2d_2 = conv2d_layer(conv2d_1, filter_kernels[0, 1], padding, [3, 3], act, 'Conv_2', pool=2, pool_str=strides[0, 1])
    conv2d_3 = conv2d_layer(conv2d_2, filter_kernels[0, 2], padding, [3, 3], act, 'Conv_3', pool=2, pool_str=strides[0, 2])
    conv2d_4 = conv2d_layer(conv2d_3, filter_kernels[0, 3], padding, [3, 3], act, 'Conv_4', pool=2, pool_str=strides[0, 3])

    deconv2d_1 = deconv2d_layer(conv2d_4, filter_kernels[0, 3], [strides[0, 3], strides[0, 3]], padding, [3, 3], act, 'Deconv_1', pool=0, pool_str=0)
    deconv2d_2 = deconv2d_layer(deconv2d_1, filter_kernels[0, 2], [strides[0, 2], strides[0, 2]], padding, [3, 3], act, 'Deconv_2', pool=0, pool_str=0)
    deconv2d_3 = deconv2d_layer(deconv2d_2, filter_kernels[0, 1], [strides[0, 1], strides[0, 1]], padding, [3, 3], act, 'Deconv_3', pool=0, pool_str=0)
    deconv2d_4 = deconv2d_layer_final(deconv2d_3, 1, [strides[0, 0], strides[0, 0]], padding, [3, 3], act, 'Deconv_4', pool=0, pool_str=0)

    newModel_1(LEARNING_RATE, filter_kernels, strides, out)

    return in_x, conv2d_1, conv2d_2, conv2d_3, conv2d_4, deconv2d_1, deconv2d_2, deconv2d_3, deconv2d_4, in_y

def makeModel_AE_AN(BATCH_SIZE, LEARNING_RATE, OUT_DIR):
    act = tf.nn.relu

    in_x = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='input_image')  # shape=[None, None, None, 1]
    in_y = tf.placeholder(tf.float32, shape=[None, 128, 128, 1], name='ground_truth')

    padding = 'same'

    dropout = tf.placeholder(tf.float32, name='dropout')

    conv2d_1 = conv2d_layer_s(in_x, 96, padding, [5, 5], act, 'Conv_1', pool=3, pool_str=2, stride=[2, 2])
    conv2d_1 = tf.nn.dropout(conv2d_1, 1 - dropout)
    conv2d_2 = conv2d_layer(conv2d_1, 256, padding, [5, 5], act, 'Conv_2', pool=3, pool_str=2)
    conv2d_2 = tf.nn.dropout(conv2d_2, 1 - dropout)
    conv2d_3 = conv2d_layer(conv2d_2, 384, padding, [3, 3], act, 'Conv_3', pool=0, pool_str=0)
    conv2d_3 = tf.nn.dropout(conv2d_3, 1 - dropout)
    conv2d_4 = conv2d_layer(conv2d_3, 384, padding, [3, 3], act, 'Conv_4', pool=0, pool_str=0)
    conv2d_4 = tf.nn.dropout(conv2d_4, 1 - dropout)
    conv2d_5 = conv2d_layer(conv2d_4, 16, padding, [3, 3], act, 'Conv_5', pool=0, pool_str=0)
    #conv2d_5 = 1

    '''cshape = conv2d_4.get_shape().as_list()
    cdim = np.prod(cshape[1::])
    flat = tf.reshape(conv2d_4, [-1, cdim])
    flat = tf.nn.dropout(flat, 1 - dropout)
    #flat = tf.nn.dropout(flat, 1 - dropout)
    fc_layer_1 = fc_layer(flat, cdim, 1024, 'fc_1', act)
    fc_layer_1 = tf.nn.dropout(fc_layer_1, 1 - dropout)
    #fc_layer_2 = fc_layer(fc_layer_1, 4096, 4096, 'fc_2', act)
    #fc_layer_2 = tf.nn.dropout(fc_layer_2, 1 - dropout)
    #fc_layer_3 = fc_layer(fc_layer_2, 4096, 4096, 'fc_3', act)
    #fc_layer_3 = tf.nn.dropout(fc_layer_3, 1 - dropout)
    fc_layer_4 = fc_layer(fc_layer_1, 1024, cdim, 'fc_2', act)
    fc_layer_4 = tf.nn.dropout(fc_layer_4, 1 - dropout)
    deconv_in = tf.reshape(fc_layer_4, [-1, 16, 16, 4])'''
    conv2d_5 = tf.nn.dropout(conv2d_5, 1 - dropout)

    #deconv2d_1 = 1

    deconv2d_1 = deconv2d_layer(conv2d_5, 16, [1, 1], padding, [3, 3], act, 'Deconv_1', pool=0, pool_str=0)
    deconv2d_1 = tf.nn.dropout(deconv2d_1, 1 - dropout)
    deconv2d_2 = deconv2d_layer(deconv2d_1, 384, [1, 1], padding, [3, 3], act, 'Deconv_2', pool=0, pool_str=0)
    deconv2d_2 = tf.nn.dropout(deconv2d_2, 1 - dropout)
    deconv2d_3 = deconv2d_layer(deconv2d_2, 384, [1, 1], padding, [3, 3], act, 'Deconv_3', pool=0, pool_str=0)
    deconv2d_3 = tf.nn.dropout(deconv2d_3, 1 - dropout)
    deconv2d_4 = deconv2d_layer(deconv2d_3, 256, [1, 1], padding, [5, 5], act, 'Deconv_4', pool=0, pool_str=0)
    deconv2d_4 = tf.nn.dropout(deconv2d_4, 1 - dropout)
    deconv2d_5 = deconv2d_layer(deconv2d_4, 256, [2, 2], padding, [3, 3], act, 'Deconv_5', pool=0, pool_str=0)
    deconv2d_5 = tf.nn.dropout(deconv2d_5, 1 - dropout)
    deconv2d_6 = deconv2d_layer(deconv2d_5, 96, [2, 2], padding, [5, 5], act, 'Deconv_6', pool=0, pool_str=0)
    deconv2d_6 = tf.nn.dropout(deconv2d_6, 1 - dropout)
    deconv2d_7 = deconv2d_layer_final(deconv2d_6, 1, [2, 2], padding, [3, 3], act, 'Deconv_7', pool=0, pool_str=0)




    print(conv2d_1.get_shape())
    print(conv2d_2.get_shape())
    print(conv2d_3.get_shape())
    print(conv2d_4.get_shape())
    #print(conv2d_5.get_shape())
    #print(deconv2d_1.get_shape())
    print(deconv2d_2.get_shape())
    print(deconv2d_3.get_shape())
    print(deconv2d_4.get_shape())
    print(deconv2d_5.get_shape())
    print(deconv2d_6.get_shape())
    print(deconv2d_7.get_shape())


    newModel(BATCH_SIZE, LEARNING_RATE, OUT_DIR)
    return in_x, conv2d_1, conv2d_2, conv2d_3, conv2d_4, conv2d_5, deconv2d_1, deconv2d_2, deconv2d_3, deconv2d_4, deconv2d_5, deconv2d_6, deconv2d_7, in_y


def restoreModel(sess, step_str, directory):
    imported_meta = tf.train.import_meta_graph(directory + '/model.ckpt-' + step_str + '.meta')
    #saver = tf.train.Saver()
    imported_meta.restore(sess, directory + '/model.ckpt-' + step_str) #208200')
    #saver.restore(sess, directory + '/model.ckpt')
    # sess.run(tf.global_variables_initializer())
    return sess

def saveModel(sess, directory, i):
    saver = tf.train.Saver(max_to_keep=1)
    save_path = saver.save(sess, directory + '/model.ckpt', global_step=i)

def newModel(BATCH_SIZE, N_Conv, N_neurons, activ_conv, activ, N_Kernels, kern_size,  drop, LEARNING_RATE, OUT_DIR_PATH):
    out_textfile = OUT_DIR_PATH + '/run.txt'
    out_file = open(out_textfile, "w")
    out_file.write('Modell: CNNCS \nBatch size: {} \nNumber of Conv Layers: {} \nNumber of Fc Layers: {} \nNumber of kernels: {} \nKernel size: {} \nDropout: {} \nActivation Functions: {} '.format(BATCH_SIZE, N_Conv, N_neurons, activ, N_Kernels, kern_size,  drop, LEARNING_RATE))
    out_file.close()

def newModel_an(train, LEARNING, OUT_DIR_PATH):
    out_textfile = OUT_DIR_PATH + '/run.txt'
    out_file = open(out_textfile, "w")
    out_file.write('Model: AlexNet \nLearning Rate: {} \nTrainable: {}'.format(LEARNING, train))
    out_file.close()

def newModel_1(LEARNING, FILTER, STRIDES, OUT_DIR):
    out_textfile = OUT_DIR + '/model_param.txt'
    out_file = open(out_textfile, "w")
    out_file.write('Modell: Auto \nLearning Rate: {} \nFilter Kernels: {} \nStrides {}'.format(LEARNING, FILTER, STRIDES))
    out_file.close()

def retraining(sess, next_element, init_op, loss, optimizer, merged, lastlayer_str, init_test, epochs, nepochs, DATA_SIZE, BATCH_SIZE, OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH):
    print('Began training')
    total_loss = []
    out_textfile = OUT_DIR_PATH + '/run.txt'
    sess.run(init_op)

    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Train',
                                         sess.graph)
    '''Training'''
    for i in range((epochs * (int(DATA_SIZE / BATCH_SIZE))) + 1, (nepochs * (int(DATA_SIZE / BATCH_SIZE)))+ (epochs * (int(DATA_SIZE / BATCH_SIZE))) + 1):
        try:
            im, gr = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of dataset')
            # sess.run(iterator.initializer)
            # im, gr = sess.run(next_element)
            break
        # im, gr = sess.run(next_element, feed_dict={handle: training_handle})


        _, l, summary = sess.run([optimizer, loss, merged],
                                 feed_dict={'input_image:0': im, 'ground_truth:0': gr, 'dropout:0': 0})

        if (i == ((nepochs * (int(DATA_SIZE / BATCH_SIZE)))+ (epochs * (int(DATA_SIZE / BATCH_SIZE))))):
            units = sess.run(lastlayer_str, feed_dict={'input_image:0': im}) # 'Deconv_3/Deconv_3/conv2d_transpose:0'

            # print(units)
            print(units.shape)

            plotNNFilter(im, OUT_DIR_PATH,'auto_input' + str(i))

            plotNNFilter(units, OUT_DIR_PATH, 'auto' + str(i))
            '''
            filters = im.shape[2]
            n = im.shape[1]
            m = im.shape[0]
            print(im[:, :, 0])
            # plt.figure(1, figsize=(224,224))
            # n_columns = 0
            # n_rows = math.ceil(filters / n_columns) + 1
            for i in range(0, filters):
                # cv2.namedWindow(str(i), cv2.WINDOW_NORMAL)
                # cv2.imshow(str(i), im[:, :, i])
                a = im[:, :, i]
                print(a.shape)
                cv2.imwrite('Im_' + str(i) + '.jpg', a * 255)'''
            # for op in sess.graph.get_operations():
            # print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        # Display logs per step
        print('Auto: Step %i: Minibatch Loss: %f' % (i, l))
        train_writer.add_summary(summary, i)
        total_loss.append(l)
        out_file = open(out_textfile, "a")
        out_file.write('\nTraining: Step %i: Minibatch Loss: %f' % (i, l))
        out_file.close()
    saveModel(sess, MODEL_DIR_PATH, i)
    print('Finished training')
    if (init_test != 0):
        sess.run(init_test)
        imt, grt = sess.run(next_element)
        imgla = sess.run(lastlayer_str, feed_dict={'input_image:0': imt})
        plotNNFilter(imgla, OUT_DIR_PATH,'auto_test')

    return sess


def training(sess, next_element, init_op, loss, optimizer, merged, lastlayer_str, init_test, epochs, dr, DATA_SIZE, BATCH_SIZE, OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH):
    print('Began training')
    total_loss = []
    train_graph = []
    #out_textfile = OUT_DIR_PATH + '/run.txt'
    sess.run(tf.global_variables_initializer())
    sess.run(init_op)
    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Train',
                                         sess.graph)
    '''Training'''
    for i in range(1, (epochs * (int(DATA_SIZE / BATCH_SIZE))) + 1):
        try:
            im, gr = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of dataset')
            # sess.run(iterator.initializer)
            # im, gr = sess.run(next_element)
            break
        # im, gr = sess.run(next_element, feed_dict={handle: training_handle})


        _, l, summary  = sess.run([optimizer, loss, merged], feed_dict={'input_image:0': im, 'ground_truth:0': gr}) #, 'dropout:0': dr})

        if (i == ((epochs * (int (DATA_SIZE/BATCH_SIZE))))):
            units = sess.run(lastlayer_str, feed_dict={'input_image:0': im}) # 'Deconv_3/Deconv_3/conv2d_transpose:0'


            #print(units)
            print(units.shape)

            plotNNFilter(im, OUT_DIR_PATH,'input_auto' + str(i))

            plotNNFilter(units, OUT_DIR_PATH, 'auto' + str(i))
            '''
            filters = im.shape[2]
            n = im.shape[1]
            m = im.shape[0]
            print(im[:, :, 0])
            # plt.figure(1, figsize=(224,224))
            # n_columns = 0
            # n_rows = math.ceil(filters / n_columns) + 1
            for i in range(0, filters):
                # cv2.namedWindow(str(i), cv2.WINDOW_NORMAL)
                # cv2.imshow(str(i), im[:, :, i])
                a = im[:, :, i]
                print(a.shape)
                cv2.imwrite('Im_' + str(i) + '.jpg', a * 255)'''
            # for op in sess.graph.get_operations():
                # print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))



        # Display logs per step
        print('Auto: Step %i: Minibatch Loss: %f' % (i, l))
        if i%10==0:
            train_writer.add_summary(summary, i)
            total_loss.append(l)
            train_graph.append(l)
        #out_file = open(out_textfile, "a")
        #out_file.write('\nTraining: Step %i: Minibatch Loss: %f' % (i, l))
        #out_file.close()
    saveModel(sess, MODEL_DIR_PATH, i)
    if (init_test != 0):
        sess.run(init_test)
        imt, grt = sess.run(next_element)
        imgla = sess.run(lastlayer_str, feed_dict={'input_image:0': imt})
        plotNNFilter(imgla, OUT_DIR_PATH, 'auto_test')

    return sess, train_graph

def training_cs(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, DATA_SIZE, BATCH_SIZE, OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH, dr):
    print('Began training')
    total_loss = []
    val_loss_all = []
    out_textfile = OUT_DIR_PATH + '/run.txt'
    sess.run(tf.global_variables_initializer())

    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Train',
                                         sess.graph)
    val_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Val')
    '''Training'''
    for i in range(1, (epochs * (int(DATA_SIZE / BATCH_SIZE))) + 1):
        sess.run(init_op)
        try:
            im, la = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of dataset')
            # sess.run(iterator.initializer)
            # im, gr = sess.run(next_element)
            break
        # im, gr = sess.run(next_element, feed_dict={handle: training_handle})


        _, l, l1, summary = sess.run([optimizer, loss, l1loss, merged],
                                 feed_dict={'input_image:0': im, 'label:0': la, 'dropout:0': dr})
        total_loss.append(l)
        if i % 100:
            train_writer.add_summary(summary, i)
        sess.run(init_val)
        try:
            valim, valla = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of validation dataset')

        val_loss, val_l1loss, summary = sess.run([loss, l1loss, merged], feed_dict={'input_image:0': valim, 'label:0': valla, 'dropout:0': 0.0})
        val_loss_all.append(val_loss)
        if i % 100:
            val_writer.add_summary(summary, i)






        # Display logs per step
        print('Auto: Step %i: Minibatch Loss: %f Validation: %f' % (i, l, val_loss))

        total_loss.append(l)
        out_file = open(out_textfile, "a")
        out_file.write('\nTraining: Step %i: Minibatch Loss: %f Validation: %f' % (i, l, val_loss))
        out_file.close()
    mean_l = np.mean(total_loss[-5:])
    mean_val = np.mean(val_loss_all[-5:])
    out_file = open(out_textfile, "a")
    out_file.write('\nMEAN of last five: Train: %f Validation: %f' % (mean_l, mean_val))
    out_file.close()
    saveModel(sess, MODEL_DIR_PATH, i)

    return sess

def training_cs_test(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, DATA_SIZE, BATCH_SIZE, OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH, dr):
    print('Began training')
    total_loss = []
    val_loss_all = []
    out_textfile = OUT_DIR_PATH + '/run.txt'
    sess.run(tf.global_variables_initializer())

    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Train',
                                         sess.graph)
    #val_writer = tf.summary.FileWriter(TB_DIR_PATH + '/Val')
    '''Training'''
    for i in range(1, (epochs * (int(DATA_SIZE / BATCH_SIZE))) + 1):
        sess.run(init_op)
        try:
            im, la = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of dataset')
            # sess.run(iterator.initializer)
            # im, gr = sess.run(next_element)
            break
        # im, gr = sess.run(next_element, feed_dict={handle: training_handle})


        _, l, l1, summary = sess.run([optimizer, loss, l1loss, merged],
                                 feed_dict={'input_image:0': im, 'label:0': la, 'dropout:0': dr})
        if i % 100:
            train_writer.add_summary(summary, i)

        #if i % 100:
            #val_writer.add_summary(summary, i)






        # Display logs per step
        print('Auto: Step %i: Minibatch Loss: %f' % (i, l))

        total_loss.append(l)
        out_file = open(out_textfile, "a")
        out_file.write('\nTraining: Step %i: Minibatch Loss: %f ' % (i, l))
        out_file.close()
    sess.run(init_val)
    while True:
        try:
            valim, valla = sess.run(next_element)
        except tf.errors.OutOfRangeError:
            print('Reached end of test dataset')
            break
        print(valla.shape)
        if valla.shape == (100, 360):
            val_loss, val_l1loss, summary = sess.run([loss, l1loss, merged], feed_dict={'input_image:0': valim, 'label:0': valla, 'dropout:0': 0.0})
        out_file = open(out_textfile, "a")
        out_file.write('\nTraining: Step %i: Test: %f' % (i, val_loss))
        out_file.close()
        val_loss_all.append(val_loss)
        print('Test: {}'.format(val_loss))
    saveModel(sess, MODEL_DIR_PATH, i)
    meanlossval = np.mean(val_loss_all)
    out_file = open(out_textfile, "a")
    out_file.write('\nMean of test data: %f' % (meanlossval))
    out_file.close()


    return sess, val_loss_all








attachments/dataAugmentationRotation.py

import cv2
import numpy as np
import os
import random

def imageRot(path, out):
    num_im = 0
    for IMAGE in os.listdir(path):
        if IMAGE.endswith('.png'):
            num_im += 1
            print(num_im)
            img = cv2.imread(path + IMAGE, -1)
            print(img.dtype)
            empty = np.zeros((128, 128), np.uint8)
            hori = cv2.flip(img, 0)
            vert = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            res = np.concatenate((empty, hori), 1)
            res1 = np.concatenate((res, empty), 1)
            res2 = np.concatenate((vert, img), 1)
            res3 = np.concatenate((res2, vert), 1)
            res4 = np.concatenate((res1, res3), 0)
            res5 = np.concatenate((res4, res1), 0)
            #cv2.imshow('res', res5)

            image_center = tuple(np.array(res5.shape[1::-1]) / 2)
            ang = random.randint(1, 360)
            print(ang)
            rot_mat = cv2.getRotationMatrix2D(image_center, ang, 1.0)
            result = cv2.warpAffine(res5, rot_mat, res5.shape[1::-1], flags=cv2.INTER_LINEAR)

            imsection = result[128:256, 128:256]

            cv2.imwrite(out + IMAGE[:-4] + '_' +str(ang) + '.png', imsection)
            cv2.imwrite(out + IMAGE, img)
            #cv2.imshow('result', result)



            #cv2.imshow('section', imsection)



            #cv2.imshow('im', img)
            '''
            cv2.imshow('hori', hori)
            cv2.imshow('vert', vert)
            cv2.imshow('both', both)
            '''

            #cv2.waitKey(0)



if __name__ == '__main__':
     imageRot('../../auto_bc_hesmo/', '../../auto_rot/')







attachments/dilatepoints.py

import cv2

if __name__ == '__main__':
    im = cv2.imread('/Users/simentofteberg/Dropbox/Apps/drawio/testaffTransformedImage_N23_C6_syn1_313_125.png', -1)
    imn = im
    for i in range(0, 2*128):
        for j in range(0, 2*128):
            if im[i, j, 0] == 255 and im[i, j, 1] == 0 and im[i, j, 2] == 0:
                imn[i - 1:i + 1, j - 1:j + 1, 0] = 255
                imn[i - 1:i + 1, j - 1:j + 1, 1] = 0
                imn[i - 1:i + 1, j - 1:j + 1, 2] = 0
            if im[i, j, 0] == 255 and im[i, j, 1] == 0 and im[i, j, 2] == 255:
                imn[i - 1:i + 1, j - 1:j + 1, 0] = 255
                imn[i - 1:i + 1, j - 1:j + 1, 1] = 0
                imn[i - 1:i + 1, j - 1:j + 1, 2] = 255
            if im[i, j, 0] == 0 and im[i, j, 1] == 255 and im[i, j, 2] == 0:
                imn[i - 1:i + 1, j - 1:j + 1, 0] = 0
                imn[i - 1:i + 1, j - 1:j + 1, 1] = 255
                imn[i - 1:i + 1, j - 1:j + 1, 2] = 0



    cv2.imshow('win', imn)
    cv2.waitKey(0)
    cv2.imwrite('/Users/simentofteberg/Dropbox/Apps/drawio/testaffTransformedImage_N23_C6_syn1_313_125_dil.png', imn)







attachments/main_AE.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import cv2


os.environ['CUDA_VISIBLE_DEVICES'] = '1'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/AE_200_4_16x16x16_1'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_1'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/AE_200_4_16x16x16_1'

IMAGE_DIR_PATH = '../../auto_rot'#'/Volumes/Seagate Backup Plus Drive/AutoEncoder_RatBrains_HistEqSmo_Augmented' # TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'


epochs = 200
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-3


def main():
    tf.reset_default_graph()

    data_a, size = cnncs.getData(IMAGE_DIR_PATH, epochs, BATCH_SIZE)

    # Create iterator
    iterator = Iterator.from_structure(data_a.output_types, data_a.output_shapes)

    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data_a)
    #tf.add_to_collection('init_op', init_op)


    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)

    filter_kernels = [64, 32, 32, 16]
    strides = [2, 1, 2, 2]

    layers = cnncs.makeModel_1(BATCH_SIZE, LEARNING_RATE, filter_kernels, strides)

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'

    with tf.Session(config=config) as sess:
        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(layers[9] - layers[8], 2), name='Loss')
        tf.summary.scalar('loss', loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        sess = cnncs.training(sess=sess, next_element=next_element, init_op=init_op, init_test=0, merged=merged, loss=loss, optimizer=optimizer,
                        lastlayer_str='Deconv_4/Deconv_4/conv2d_transpose:0', epochs=epochs, DATA_SIZE=size, BATCH_SIZE=BATCH_SIZE, OUT_DIR_PATH=OUT_DIR_PATH, TB_DIR_PATH=TB_DIR_PATH, MODEL_DIR_PATH=MODEL_DIR_PATH)




    '''RESTORING'''

    '''with tf.Session(config=tf.ConfigProto(log_device_placement=True)) as sess:
        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(layers[7] - layers[6], 2))
        tf.summary.scalar('loss', loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.GradientDescentOptimizer(LEARNING_RATE).minimize(loss)
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        sess = training(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer)
        sess.run(tf.global_variables_initializer())
        sess.run(init_op)

        sess = cnncs.restoreModel(sess, MODEL_DIR_PATH)
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        grtensor = graph.get_tensor_by_name('ground_truth:0')
        inputpl = graph.get_tensor_by_name('input_image:0')
        dconv3 = graph.get_tensor_by_name('Deconv_3/Deconv_3/conv2d_transpose:0')

        sess.run(init_test)
        imt, grt = sess.run(next_element)
        imgla = sess.run(dconv3, feed_dict={inputpl: imt})
        cnncs.plotNNFilter(imgla, 'retrain_test_again')


        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(grtensor - dconv3, 2))
        tf.summary.scalar('loss', loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.GradientDescentOptimizer(LEARNING_RATE).minimize(loss)
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        for u in range(0, 100):
            im, gr = sess.run(tens_test)

            _, l, summary = sess.run([optimizer, loss, merged],
                                     feed_dict={'input_image:0': im, 'ground_truth:0': gr, 'dropout:0': 0})

            print('test {}'.format(l))

        sess = cnncs.retraining(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer,
                        merged=merged, init_test=init_test, epochs=epochs, nepochs=nepochs, DATA_SIZE=DATA_SIZE, BATCH_SIZE=BATCH_SIZE)'''
        # sess = training(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer, merged=merged, init_test=init_test)



if __name__ == '__main__':
    main()






attachments/main_AE_cnncs.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import numpy as np

os.environ['CUDA_VISIBLE_DEVICES'] = '0'

OUT_DIR_PATH_O = '../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_'
MODEL_DIR_PATH_O = '../../OUTPUT_TRAIN/MODEL_DIR/cnncs_16x16x16_360_'
TB_DIR_PATH_O = '../../OUTPUT_TRAIN/TB_DIR/cnncs_16x16x16_360_'

DATA_PATH = '../../Transformed_Signed_Distances_16_HE/'# TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_16_norm.csv'

epochs = 100
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-4

def main():
    num_a = 178
    drop = 0.15
    fc1 = [6144, 4096]
    fc2 = [4096, 2048]
    fc3 = [2048, 1024]
    fc4 = [1024, 512]
    fcfinal = [360]
    conv_filters = [192, 128]
    conv_filters1 = [192]
    kernel_size = [3, 5]
    conv_act = [tf.nn.relu, tf.nn.relu]
    num_conv = 0
    while num_conv < 3:
        for num_conv in range(1, 4):
            num_conv += 1 # Stopped with bug after first

            if num_conv == 3:
                break
            elif num_conv == 2:
                for conv_filt in conv_filters1:
                    for kernel in kernel_size:
                        for conv_filt1 in conv_filters:
                            kernels = [kernel, kernel]
                            conv_filts = [conv_filt, conv_filt1]
                            for num_fc in range(3, 5):
                                if num_fc == 3:
                                    for fc_1 in fc1:
                                        for fc_2 in fc2:
                                            for fc_final in fcfinal:
                                                for fc_act in np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0],
                                                                         [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                    fc = [fc_1, fc_2, fc_final]
                                                    num_a += 1
                                                    TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                    MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                    OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                    tf.reset_default_graph()

                                                    data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                        DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs,
                                                        batch_size=BATCH_SIZE)

                                                    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
                                                    layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=num_conv,
                                                                                    N_Fc=num_fc,
                                                                                    Kernel_size=kernels,
                                                                                    N_Kernels=conv_filts,
                                                                                    N_neurons=fc,
                                                                                    activ_conv=conv_act,
                                                                                    activ=fc_act, drop=drop,
                                                                                    OUT_DIR=OUT_DIR_PATH,
                                                                                    LEARNING_RATE=LEARNING_RATE)
                                                    # Create iterator
                                                    print('data output types: {}'.format(data.output_types))
                                                    print('data output shapes: {}'.format(data.output_shapes))
                                                    iterator = Iterator.from_structure(data.output_types,
                                                                                       data.output_shapes)
                                                    # Next element Op
                                                    next_element = iterator.get_next()

                                                    # Data set init. op
                                                    init_op = iterator.make_initializer(data)
                                                    # tf.add_to_collection('init_op', init_op)
                                                    init_val = iterator.make_initializer(data_val)

                                                    '''Less GPU Memory'''
                                                    config = tf.ConfigProto()
                                                    config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                    config.gpu_options.allow_growth = True
                                                    config.gpu_options.allocator_type = 'BFC'
                                                    # session = tf.Session(config=config)

                                                    with tf.Session(config=config) as sess:
                                                        with tf.name_scope('loss'):
                                                            loss = tf.reduce_mean(tf.pow(layers[5] - layers[4], 2),
                                                                                  name='Loss')
                                                        tf.summary.scalar('loss', loss)

                                                        with tf.name_scope('l1_loss'):
                                                            l1loss = tf.reduce_mean(tf.abs(layers[5] - layers[4]),
                                                                                    name='L1_loss')
                                                        tf.summary.scalar('l1_loss', l1loss)

                                                        with tf.name_scope('optimizer'):
                                                            optimizer = tf.train.AdamOptimizer(
                                                                LEARNING_RATE).minimize(loss, name='Optimizer')
                                                        merged = tf.summary.merge_all()
                                                        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                                                             sess.graph)

                                                        sess = cnncs.training_cs(sess, next_element, init_op, loss,
                                                                                 l1loss, optimizer, merged,
                                                                                 init_val, epochs, size, BATCH_SIZE,
                                                                                 OUT_DIR_PATH, TB_DIR_PATH,
                                                                                 MODEL_DIR_PATH, drop)
                                elif num_fc == 4:
                                    for fc_1 in fc1:
                                        for fc_2 in fc2:
                                            for fc_3 in fc3:
                                                for fc_final in fcfinal:
                                                    for fc_act in np.matrix(
                                                            [[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0],
                                                             [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                        fc = [fc_1, fc_2, fc_3, fc_final]
                                                        num_a += 1
                                                        TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                        MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                        OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                        tf.reset_default_graph()

                                                        data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                            DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH,
                                                            epochs=epochs, batch_size=BATCH_SIZE)

                                                        cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH,
                                                                              OUT_DIR_PATH)
                                                        layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=num_conv,
                                                                                        N_Fc=num_fc,
                                                                                        Kernel_size=kernels,
                                                                                        N_Kernels=conv_filts,
                                                                                        N_neurons=fc,
                                                                                        activ_conv=conv_act,
                                                                                        activ=fc_act, drop=drop,
                                                                                        OUT_DIR=OUT_DIR_PATH,
                                                                                        LEARNING_RATE=LEARNING_RATE)
                                                        # Create iterator
                                                        print('data output types: {}'.format(data.output_types))
                                                        print('data output shapes: {}'.format(data.output_shapes))
                                                        iterator = Iterator.from_structure(data.output_types,
                                                                                           data.output_shapes)
                                                        # Next element Op
                                                        next_element = iterator.get_next()

                                                        # Data set init. op
                                                        init_op = iterator.make_initializer(data)
                                                        # tf.add_to_collection('init_op', init_op)
                                                        init_val = iterator.make_initializer(data_val)

                                                        '''Less GPU Memory'''
                                                        config = tf.ConfigProto()
                                                        config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                        config.gpu_options.allow_growth = True
                                                        config.gpu_options.allocator_type = 'BFC'
                                                        # session = tf.Session(config=config)

                                                        with tf.Session(config=config) as sess:
                                                            with tf.name_scope('loss'):
                                                                loss = tf.reduce_mean(
                                                                    tf.pow(layers[5] - layers[4], 2), name='Loss')
                                                            tf.summary.scalar('loss', loss)

                                                            with tf.name_scope('l1_loss'):
                                                                l1loss = tf.reduce_mean(
                                                                    tf.abs(layers[5] - layers[4]), name='L1_loss')
                                                            tf.summary.scalar('l1_loss', l1loss)

                                                            with tf.name_scope('optimizer'):
                                                                optimizer = tf.train.AdamOptimizer(
                                                                    LEARNING_RATE).minimize(loss, name='Optimizer')
                                                            merged = tf.summary.merge_all()
                                                            train_writer = tf.summary.FileWriter(
                                                                TB_DIR_PATH + '/train',
                                                                sess.graph)

                                                            sess = cnncs.training_cs(sess, next_element, init_op,
                                                                                     loss, l1loss, optimizer,
                                                                                     merged, init_val, epochs, size,
                                                                                     BATCH_SIZE,
                                                                                     OUT_DIR_PATH, TB_DIR_PATH,
                                                                                     MODEL_DIR_PATH, drop)

                                elif num_fc == 5:
                                    for fc_1 in fc1:
                                        for fc_2 in fc2:
                                            for fc_3 in fc3:
                                                for fc_4 in fc4:
                                                    for fc_final in fcfinal:
                                                        for fc_act in np.matrix(
                                                                [[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0],
                                                                 [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                            fc = [fc_1, fc_2, fc_3, fc_4, fc_final]
                                                            num_a += 1
                                                            TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                            MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                            OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                            tf.reset_default_graph()

                                                            data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                                DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH,
                                                                epochs=epochs, batch_size=BATCH_SIZE)

                                                            cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH,
                                                                                  OUT_DIR_PATH)
                                                            layers = cnncs.makeModelCNNCS_c(BATCH_SIZE,
                                                                                            N_Conv=num_conv,
                                                                                            N_Fc=num_fc,
                                                                                            Kernel_size=kernels,
                                                                                            N_Kernels=conv_filts,
                                                                                            N_neurons=fc,
                                                                                            activ_conv=conv_act,
                                                                                            activ=fc_act, drop=drop,
                                                                                            OUT_DIR=OUT_DIR_PATH,
                                                                                            LEARNING_RATE=LEARNING_RATE)
                                                            # Create iterator
                                                            print('data output types: {}'.format(data.output_types))
                                                            print(
                                                                'data output shapes: {}'.format(data.output_shapes))
                                                            iterator = Iterator.from_structure(data.output_types,
                                                                                               data.output_shapes)
                                                            # Next element Op
                                                            next_element = iterator.get_next()

                                                            # Data set init. op
                                                            init_op = iterator.make_initializer(data)
                                                            # tf.add_to_collection('init_op', init_op)
                                                            init_val = iterator.make_initializer(data_val)

                                                            '''Less GPU Memory'''
                                                            config = tf.ConfigProto()
                                                            config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                            config.gpu_options.allow_growth = True
                                                            config.gpu_options.allocator_type = 'BFC'
                                                            # session = tf.Session(config=config)

                                                            with tf.Session(config=config) as sess:
                                                                with tf.name_scope('loss'):
                                                                    loss = tf.reduce_mean(
                                                                        tf.pow(layers[5] - layers[4], 2),
                                                                        name='Loss')
                                                                tf.summary.scalar('loss', loss)

                                                                with tf.name_scope('l1_loss'):
                                                                    l1loss = tf.reduce_mean(
                                                                        tf.abs(layers[5] - layers[4]),
                                                                        name='L1_loss')
                                                                tf.summary.scalar('l1_loss', l1loss)

                                                                with tf.name_scope('optimizer'):
                                                                    optimizer = tf.train.AdamOptimizer(
                                                                        LEARNING_RATE).minimize(loss,
                                                                                                name='Optimizer')
                                                                merged = tf.summary.merge_all()
                                                                train_writer = tf.summary.FileWriter(
                                                                    TB_DIR_PATH + '/train',
                                                                    sess.graph)

                                                                sess = cnncs.training_cs(sess, next_element,
                                                                                         init_op, loss, l1loss,
                                                                                         optimizer, merged,
                                                                                         init_val, epochs, size,
                                                                                         BATCH_SIZE,
                                                                                         OUT_DIR_PATH, TB_DIR_PATH,
                                                                                         MODEL_DIR_PATH, drop)
            elif num_conv == 1:
                for conv_filt in conv_filters1:
                    for kernel in kernel_size:
                        kernels = [kernel]
                        conv_filts = [conv_filt]
                        for num_fc in range(3, 5):
                            if num_fc == 3:
                                for fc_1 in fc1:
                                    for fc_2 in fc2:
                                        for fc_final in fcfinal:
                                            for fc_act in np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0], [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                fc = [fc_1, fc_2, fc_final]
                                                num_a += 1
                                                TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                tf.reset_default_graph()

                                                data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                    DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs,
                                                    batch_size=BATCH_SIZE)

                                                cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
                                                layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=num_conv,
                                                                                N_Fc=num_fc, Kernel_size=kernels,
                                                                                N_Kernels=conv_filts, N_neurons=fc,
                                                                                activ_conv=conv_act, activ=fc_act,
                                                                                drop=drop, OUT_DIR=OUT_DIR_PATH,
                                                                                LEARNING_RATE=LEARNING_RATE)
                                                # Create iterator
                                                print('data output types: {}'.format(data.output_types))
                                                print('data output shapes: {}'.format(data.output_shapes))
                                                iterator = Iterator.from_structure(data.output_types,
                                                                                   data.output_shapes)
                                                # Next element Op
                                                next_element = iterator.get_next()

                                                # Data set init. op
                                                init_op = iterator.make_initializer(data)
                                                # tf.add_to_collection('init_op', init_op)
                                                init_val = iterator.make_initializer(data_val)

                                                '''Less GPU Memory'''
                                                config = tf.ConfigProto()
                                                config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                config.gpu_options.allow_growth = True
                                                config.gpu_options.allocator_type = 'BFC'
                                                # session = tf.Session(config=config)

                                                with tf.Session(config=config) as sess:
                                                    with tf.name_scope('loss'):
                                                        loss = tf.reduce_mean(tf.pow(layers[5] - layers[4], 2),
                                                                              name='Loss')
                                                    tf.summary.scalar('loss', loss)

                                                    with tf.name_scope('l1_loss'):
                                                        l1loss = tf.reduce_mean(tf.abs(layers[5] - layers[4]),
                                                                                name='L1_loss')
                                                    tf.summary.scalar('l1_loss', l1loss)

                                                    with tf.name_scope('optimizer'):
                                                        optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss,
                                                                                                                   name='Optimizer')
                                                    merged = tf.summary.merge_all()
                                                    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                                                         sess.graph)

                                                    sess = cnncs.training_cs(sess, next_element, init_op, loss, l1loss,
                                                                             optimizer, merged, init_val, epochs, size,
                                                                             BATCH_SIZE,
                                                                             OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH,
                                                                             drop)
                            elif num_fc == 4:
                                for fc_1 in fc1:
                                    for fc_2 in fc2:
                                        for fc_3 in fc3:
                                            for fc_final in fcfinal:
                                                for fc_act in np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0], [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                    fc = [fc_1, fc_2, fc_3, fc_final]
                                                    num_a += 1
                                                    TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                    MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                    OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                    tf.reset_default_graph()

                                                    data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                        DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs,
                                                        batch_size=BATCH_SIZE)

                                                    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
                                                    layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=num_conv,
                                                                                    N_Fc=num_fc, Kernel_size=kernels,
                                                                                    N_Kernels=conv_filts, N_neurons=fc,
                                                                                    activ_conv=conv_act, activ=fc_act,
                                                                                    drop=drop,
                                                                                    OUT_DIR=OUT_DIR_PATH,
                                                                                    LEARNING_RATE=LEARNING_RATE)
                                                    # Create iterator
                                                    print('data output types: {}'.format(data.output_types))
                                                    print('data output shapes: {}'.format(data.output_shapes))
                                                    iterator = Iterator.from_structure(data.output_types,
                                                                                       data.output_shapes)
                                                    # Next element Op
                                                    next_element = iterator.get_next()

                                                    # Data set init. op
                                                    init_op = iterator.make_initializer(data)
                                                    # tf.add_to_collection('init_op', init_op)
                                                    init_val = iterator.make_initializer(data_val)

                                                    '''Less GPU Memory'''
                                                    config = tf.ConfigProto()
                                                    config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                    config.gpu_options.allow_growth = True
                                                    config.gpu_options.allocator_type = 'BFC'
                                                    # session = tf.Session(config=config)

                                                    with tf.Session(config=config) as sess:
                                                        with tf.name_scope('loss'):
                                                            loss = tf.reduce_mean(tf.pow(layers[5] - layers[4], 2),
                                                                                  name='Loss')
                                                        tf.summary.scalar('loss', loss)

                                                        with tf.name_scope('l1_loss'):
                                                            l1loss = tf.reduce_mean(tf.abs(layers[5] - layers[4]),
                                                                                    name='L1_loss')
                                                        tf.summary.scalar('l1_loss', l1loss)

                                                        with tf.name_scope('optimizer'):
                                                            optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(
                                                                loss, name='Optimizer')
                                                        merged = tf.summary.merge_all()
                                                        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                                                             sess.graph)

                                                        sess = cnncs.training_cs(sess, next_element, init_op, loss,
                                                                                 l1loss, optimizer, merged, init_val,
                                                                                 epochs, size, BATCH_SIZE,
                                                                                 OUT_DIR_PATH, TB_DIR_PATH,
                                                                                 MODEL_DIR_PATH, drop)

                            elif num_fc == 5:
                                for fc_1 in fc1:
                                    for fc_2 in fc2:
                                        for fc_3 in fc3:
                                            for fc_4 in fc4:
                                                for fc_final in fcfinal:
                                                    for fc_act in np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0], [tf.nn.relu, tf.nn.relu, tf.tanh, 0]]):
                                                        fc = [fc_1, fc_2, fc_3, fc_4, fc_final]
                                                        num_a += 1
                                                        TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                                                        MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                                                        OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)

                                                        tf.reset_default_graph()

                                                        data, data_val, size, size_val = cnncs.getDataCNNCS_AE(
                                                            DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs,
                                                            batch_size=BATCH_SIZE)

                                                        cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
                                                        layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=num_conv,
                                                                                        N_Fc=num_fc,
                                                                                        Kernel_size=kernels,
                                                                                        N_Kernels=conv_filts,
                                                                                        N_neurons=fc,
                                                                                        activ_conv=conv_act,
                                                                                        activ=fc_act, drop=drop,
                                                                                        OUT_DIR=OUT_DIR_PATH,
                                                                                        LEARNING_RATE=LEARNING_RATE)
                                                        # Create iterator
                                                        print('data output types: {}'.format(data.output_types))
                                                        print('data output shapes: {}'.format(data.output_shapes))
                                                        iterator = Iterator.from_structure(data.output_types,
                                                                                           data.output_shapes)
                                                        # Next element Op
                                                        next_element = iterator.get_next()

                                                        # Data set init. op
                                                        init_op = iterator.make_initializer(data)
                                                        # tf.add_to_collection('init_op', init_op)
                                                        init_val = iterator.make_initializer(data_val)

                                                        '''Less GPU Memory'''
                                                        config = tf.ConfigProto()
                                                        config.gpu_options.per_process_gpu_memory_fraction = 1.0
                                                        config.gpu_options.allow_growth = True
                                                        config.gpu_options.allocator_type = 'BFC'
                                                        # session = tf.Session(config=config)

                                                        with tf.Session(config=config) as sess:
                                                            with tf.name_scope('loss'):
                                                                loss = tf.reduce_mean(tf.pow(layers[5] - layers[4], 2),
                                                                                      name='Loss')
                                                            tf.summary.scalar('loss', loss)

                                                            with tf.name_scope('l1_loss'):
                                                                l1loss = tf.reduce_mean(tf.abs(layers[5] - layers[4]),
                                                                                        name='L1_loss')
                                                            tf.summary.scalar('l1_loss', l1loss)

                                                            with tf.name_scope('optimizer'):
                                                                optimizer = tf.train.AdamOptimizer(
                                                                    LEARNING_RATE).minimize(loss, name='Optimizer')
                                                            merged = tf.summary.merge_all()
                                                            train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                                                                 sess.graph)

                                                            sess = cnncs.training_cs(sess, next_element, init_op, loss,
                                                                                     l1loss, optimizer, merged,
                                                                                     init_val, epochs, size, BATCH_SIZE,
                                                                                     OUT_DIR_PATH, TB_DIR_PATH,
                                                                                     MODEL_DIR_PATH, drop)








if __name__ == '__main__':
    main()






attachments/main_alexnet.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os

os.environ['CUDA_VISIBLE_DEVICES'] = '2'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/AlexNet_synth_200_'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/AlexNet_synth_200_'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/AlexNet_synth_200_'

#DATA_PATH = '../../Transformed_Signed_Distances_16_HE/'# TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
#LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_PATH = '../../Synthetic_data_200/'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_synthetic_200.csv'


epochs = 1000
#nepochs = 40
BATCH_SIZE = 100
LEARNING_RATES = [1E-1, 1E-2, 1E-3, 1E-4]
#DATA_SIZE = 104130

def main():
    num_a = 2
    for LEARNING_RATE in LEARNING_RATES:
        if LEARNING_RATE == 1E-4:
            num_a += 1
            TB_DIR_PATH_N = TB_DIR_PATH + str(num_a)
            MODEL_DIR_PATH_N = MODEL_DIR_PATH + str(num_a)
            OUT_DIR_PATH_N = OUT_DIR_PATH + str(num_a)


            tf.reset_default_graph()

            '''Less GPU Memory'''
            config = tf.ConfigProto()
            config.gpu_options.per_process_gpu_memory_fraction = 1.0
            config.gpu_options.allow_growth = True
            config.gpu_options.allocator_type = 'BFC'
            #session = tf.Session(config=config)

            with tf.Session(config=config) as sess:
                cnncs.setSummaryPaths(TB_DIR_PATH_N, MODEL_DIR_PATH_N, OUT_DIR_PATH_N)
                layers = cnncs.makeModel_ALEXNET(BATCH_SIZE, OUT_DIR_PATH_N, LEARNING_RATE, sess)
                sess = layers[10]
                data, data_val, size, size_val = cnncs.getDataSynthCNNCS(DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs, batch_size=BATCH_SIZE)
                # Create iterator
                iterator = Iterator.from_structure(data.output_types, data.output_shapes)

                # Next element Op
                next_element = iterator.get_next()

                # Data set init. op
                init_op = iterator.make_initializer(data)
                #tf.add_to_collection('init_op', init_op)
                init_val = iterator.make_initializer(data_val)

                with tf.name_scope('loss'):
                    loss = tf.reduce_mean(tf.pow(layers[9] - layers[8], 2), name='Loss')
                tf.summary.scalar('loss', loss)

                with tf.name_scope('l1_loss'):
                    l1loss = tf.reduce_mean(tf.abs(layers[9] - layers[8]), name='L1_loss')
                tf.summary.scalar('l1_loss', l1loss)

                with tf.name_scope('optimizer'):
                    optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
                merged = tf.summary.merge_all()

                sess = cnncs.training_cs(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, size,
                                         BATCH_SIZE,
                                         OUT_DIR_PATH_N, TB_DIR_PATH_N, MODEL_DIR_PATH_N, 0.5)
if __name__ == '__main__':
    main()






attachments/main_auto_test.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import numpy as np
import cv2


os.environ['CUDA_VISIBLE_DEVICES'] = '0'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/AE_200_4_16x16x16_'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/AE_200_4_16x16x16_'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/AE_200_4_16x16x16_'

IMAGE_DIR_PATH = '../../auto_rot'#'/Volumes/Seagate Backup Plus Drive/AutoEncoder_RatBrains_HistEqSmo_Augmented' # TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'



epochs = 100
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATES = [1E-1, 1E-2, 1E-3, 1E-4]


def main():
    model_nr = 1
    for LEARNING_RATE in LEARNING_RATES:
        filter_kernels = np.matrix([[64, 32, 32, 16], [32, 64, 32, 16], [32, 32, 64, 16], [64, 64, 32, 16]])
        strides = np.matrix([[2, 1, 2, 2], [2, 2, 1, 2], [2, 2, 2, 1]])
        for i in range(0, 4): #Filter Kernels
            for j in range(0, 3): #Strides
                model_nr += 1
                TB_DIR_PATH_N = TB_DIR_PATH + str(model_nr)
                MODEL_DIR_PATH_N = MODEL_DIR_PATH + str(model_nr)
                OUT_DIR_PATH_N = OUT_DIR_PATH + str(model_nr)
                tf.reset_default_graph()

                data_a, size = cnncs.getData(IMAGE_DIR_PATH, epochs, BATCH_SIZE)

                # Create iterator
                iterator = Iterator.from_structure(data_a.output_types, data_a.output_shapes)

                # Next element Op
                next_element = iterator.get_next()

                # Data set init. op
                init_op = iterator.make_initializer(data_a)
                #tf.add_to_collection('init_op', init_op)


                cnncs.setSummaryPaths(TB_DIR_PATH_N, MODEL_DIR_PATH_N, OUT_DIR_PATH_N)



                layers = cnncs.makeModel_1(BATCH_SIZE, LEARNING_RATE, filter_kernels[i, :], strides[j, :], OUT_DIR_PATH_N)

                '''Less GPU Memory'''
                config = tf.ConfigProto()
                config.gpu_options.per_process_gpu_memory_fraction = 1.0
                config.gpu_options.allow_growth = True
                config.gpu_options.allocator_type = 'BFC'

                with tf.Session(config=config) as sess:
                    with tf.name_scope('loss'):
                        loss = tf.reduce_mean(tf.pow(layers[9] - layers[8], 2), name='Loss')
                    tf.summary.scalar('loss', loss)

                    with tf.name_scope('optimizer'):
                        optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
                    merged = tf.summary.merge_all()
                    train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                         sess.graph)

                    sess = cnncs.training(sess=sess, next_element=next_element, init_op=init_op, init_test=0, merged=merged, loss=loss, optimizer=optimizer,
                                    lastlayer_str='Deconv_4/Deconv_4/conv2d_transpose:0', epochs=epochs, DATA_SIZE=size, dr=0, BATCH_SIZE=BATCH_SIZE, OUT_DIR_PATH=OUT_DIR_PATH_N, TB_DIR_PATH=TB_DIR_PATH_N, MODEL_DIR_PATH=MODEL_DIR_PATH_N)




    '''RESTORING'''

    '''with tf.Session(config=tf.ConfigProto(log_device_placement=True)) as sess:
        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(layers[7] - layers[6], 2))
        tf.summary.scalar('loss', loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.GradientDescentOptimizer(LEARNING_RATE).minimize(loss)
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        sess = training(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer)
        sess.run(tf.global_variables_initializer())
        sess.run(init_op)

        sess = cnncs.restoreModel(sess, MODEL_DIR_PATH)
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

        grtensor = graph.get_tensor_by_name('ground_truth:0')
        inputpl = graph.get_tensor_by_name('input_image:0')
        dconv3 = graph.get_tensor_by_name('Deconv_3/Deconv_3/conv2d_transpose:0')

        sess.run(init_test)
        imt, grt = sess.run(next_element)
        imgla = sess.run(dconv3, feed_dict={inputpl: imt})
        cnncs.plotNNFilter(imgla, 'retrain_test_again')


        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(grtensor - dconv3, 2))
        tf.summary.scalar('loss', loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.GradientDescentOptimizer(LEARNING_RATE).minimize(loss)
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        for u in range(0, 100):
            im, gr = sess.run(tens_test)

            _, l, summary = sess.run([optimizer, loss, merged],
                                     feed_dict={'input_image:0': im, 'ground_truth:0': gr, 'dropout:0': 0})

            print('test {}'.format(l))

        sess = cnncs.retraining(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer,
                        merged=merged, init_test=init_test, epochs=epochs, nepochs=nepochs, DATA_SIZE=DATA_SIZE, BATCH_SIZE=BATCH_SIZE)'''
        # sess = training(sess=sess, next_element=next_element, init_op=init_op, loss=loss, optimizer=optimizer, merged=merged, init_test=init_test)



if __name__ == '__main__':
    main()






attachments/main_cnncs.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os

os.environ['CUDA_VISIBLE_DEVICES'] = '2'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_19'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/cnncs_16x16x16_360_19'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/cnncs_16x16x16_360_19'

DATA_PATH = '../../Transformed_Signed_Distances_16_HE/'# TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_16_norm.csv'

epochs = 200
#nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-4
#DATA_SIZE = 104130

def main():
    tf.reset_default_graph()
    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
    layers = cnncs.makeModelCNNCS_128(BATCH_SIZE, OUT_DIR_PATH, LEARNING_RATE)
    data, data_val, size, size_val = cnncs.getDataCNNCS(DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs, batch_size=BATCH_SIZE)
    # Create iterator
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)

    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    #tf.add_to_collection('init_op', init_op)
    init_val = iterator.make_initializer(data_val)



    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'
    #session = tf.Session(config=config)

    with tf.Session(config=config) as sess:
        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(layers[9] - layers[8], 2), name='Loss')
        tf.summary.scalar('loss', loss)

        with tf.name_scope('l1_loss'):
            l1loss = tf.reduce_mean(tf.abs(layers[9] - layers[8]), name='L1_loss')
        tf.summary.scalar('l1_loss', l1loss)

        with tf.name_scope('optimizer'):
            optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
        merged = tf.summary.merge_all()

        sess = cnncs.training_cs(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, size, BATCH_SIZE,
                        OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH, 0.2)
if __name__ == '__main__':
    main()






attachments/main_cnncs_test.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import numpy as np
import pandas as pd

os.environ['CUDA_VISIBLE_DEVICES'] = '2'

OUT_DIR_PATH_O = '../../OUTPUT_TRAIN/OUT_DIR/cnncs_AlexNet_test_'
MODEL_DIR_PATH_O = '../../OUTPUT_TRAIN/MODEL_DIR/cnncs_AlexNet_test_'
TB_DIR_PATH_O = '../../OUTPUT_TRAIN/TB_DIR/cnncs_AlexNet_test_'

DATA_PATH = '../../Transformed_Signed_Distances_16_HE/'# TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_16_norm.csv'

epochs = 10
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-4
leave_one_out = ['affTransformedImage_NN11', 'affTransformedImage_N15_', 'affTransformedImage_N23_', 'affTransformedImage_N24_']

def main():
    num_a = 21
    drop = 0.15
    test_loss_all = []
    #Layer_SIZES = np.matrix([[256, 4096, 4096, 360], [192, 6144, 4096, 360], [128, 8192, 4096, 360]])
    #Activations = np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0], [tf.nn.relu, tf.nn.relu, tf.nn.relu, tf.sigmoid], [tf.nn.relu, tf.nn.relu, tf.nn.relu, tf.tanh]])
    activa = np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0],
               [tf.nn.relu, tf.nn.relu, tf.tanh, 0]])
    for pr in range(0, 4):



        num_a += 1
        TB_DIR_PATH = TB_DIR_PATH_O + leave_one_out[pr]
        MODEL_DIR_PATH = MODEL_DIR_PATH_O + leave_one_out[pr]
        OUT_DIR_PATH = OUT_DIR_PATH_O + leave_one_out[pr]

        tf.reset_default_graph()

        data, data_val, size, size_val = cnncs.getDataCNNCS_Test(DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs, batch_size=BATCH_SIZE, leave=leave_one_out[pr])#cnncs.getDataCNNCS_AE_Test(DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs, batch_size=BATCH_SIZE, leave=leave_one_out[pr])

        cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
        '''layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, N_Conv=1,
                                                                                        N_Fc=4,
                                                                                        Kernel_size=[3],
                                                                                        N_Kernels=[192],
                                                                                        N_neurons=[6144, 4096, 2048, 360],
                                                                                        activ_conv=[tf.nn.relu, tf.nn.relu],
                                                                                        activ=activa[0, :], drop=0.15,
                                                                                        OUT_DIR=OUT_DIR_PATH,
                                                                                        LEARNING_RATE=LEARNING_RATE)'''

        # Create iterator
        print('data output types: {}'.format(data.output_types))
        print('data output shapes: {}'.format(data.output_shapes))
        iterator = Iterator.from_structure(data.output_types, data.output_shapes)
        # Next element Op
        next_element = iterator.get_next()

        # Data set init. op
        init_op = iterator.make_initializer(data)
        #tf.add_to_collection('init_op', init_op)
        init_val = iterator.make_initializer(data_val)

        '''Less GPU Memory'''
        config = tf.ConfigProto()
        config.gpu_options.per_process_gpu_memory_fraction = 1.0
        config.gpu_options.allow_growth = True
        config.gpu_options.allocator_type = 'BFC'
        #session = tf.Session(config=config)

        with tf.Session(config=config) as sess:
            layers = cnncs.makeModel_ALEXNET(BATCH_SIZE, OUT_DIR_PATH, LEARNING_RATE, sess)
            sess = layers[10]
            with tf.name_scope('loss'):
                loss = tf.reduce_mean(tf.pow(layers[9] - layers[8], 2), name='Loss')
            tf.summary.scalar('loss', loss)

            with tf.name_scope('l1_loss'):
                l1loss = tf.reduce_mean(tf.abs(layers[9] - layers[8]), name='L1_loss')
            tf.summary.scalar('l1_loss', l1loss)


            with tf.name_scope('optimizer'):
                optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
            merged = tf.summary.merge_all()
            train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                                 sess.graph)

            sess, test_loss = cnncs.training_cs_test(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, size, BATCH_SIZE,
                            OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH, drop)
            test_loss_all += test_loss
    print('Test Mean: {}, Test STD: {}, Test MAX: {}, Test MIN: {}'.format(np.mean(test_loss_all), np.std(test_loss_all), np.max(test_loss_all), np.min(test_loss_all)))
    result_test = []
    result_test.append(np.mean(test_loss_all))
    result_test.append(np.std(test_loss_all))
    result_test.append(np.max(test_loss_all))
    result_test.append(np.min(test_loss_all))

    df = pd.DataFrame(result_test)
    df.to_csv(OUT_DIR_PATH + '/all_loss_test.csv', index=None)

if __name__ == '__main__':
    main()






attachments/main_decode.py

import cnncs
import pandas as pd
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import numpy as np
import cvxpy as cvx
import math
import cv2
from scipy.cluster.hierarchy import dendrogram, linkage, fcluster, fclusterdata, to_tree
from sklearn.cluster import MeanShift, estimate_bandwidth

os.environ['CUDA_VISIBLE_DEVICES'] = '0'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_test_affTransformedImage_NN11/decoded'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/cnncs_16x16x16_360_test_affTransformedImage_NN11'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/cnncs_16x16x16_360_test_affTransformedImage_NN11'

DATA_PATH = '../../Transformed_Signed_Distances_16_HE/'# TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_16_norm.csv'

DATA_SENS_MAT = '../sensing_matrices/sens_0_01_90x180.csv'

epochs = 200
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-3
step_str = '11400'

def clusterMeanShift(ox, oy, quantile):
    x = []
    y = []
    for t in range(0, len(ox)):
        if ox[t] < 128 + 5 and ox[t] > -5 and oy[t] < 128 + 5 and oy[t] > -5:
            x.append(ox[t])
            y.append(oy[t])
    if not x:
        return np.array(x), np.array(y)
    elif len(x) == 1 or len(x) == 2 or len(x) == 3:
        return np.array(x), np.array(y)
    else:
        '''bandwidth = 0
        range_q = np.arange(quantile, 0.9, 0.05)
        for quant in range_q:
            bandwidth = estimate_bandwidth(np.transpose([x, y]), quantile=quant)
            if bandwidth > 0:
                break'''
        bandwidth = 10
        ms = MeanShift(bandwidth=bandwidth, bin_seeding=True)
        ms.fit(np.transpose([x, y]))
        labels = ms.labels_
        cluster_centers = ms.cluster_centers_

        labels_unique = np.unique(labels)
        n_clusters_ = len(labels_unique)

        print("number of estimated clusters : %d" % n_clusters_)

        cent_cl = np.transpose(cluster_centers)
        meanx, meany = cent_cl
        return meanx, meany

def reconstruct(encoded, A):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

    approx_n = np.array(np.transpose(encoded))
    print(len(approx_n))
    print(approx_n.shape)
    vx = cvx.Variable(2 * int(R))
    objective = cvx.Minimize(cvx.norm(vx, 1))
    constraints = [A * vx == approx_n]
    prob = cvx.Problem(objective, constraints)
    result = prob.solve(verbose=True)
    reconst = vx.value
    #optimized.append(np.array(vx.value * (2 * R)))
    return reconst

def image_points(recon, res_enc):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    x = []
    y = []

    sparse = 0
    for i in range(0, res_enc):
        approx = recon[i]
        for k in range(0, len(approx)):
            if math.pow(approx[k, 0] * 180, 2) > 1e-4:
                sparse += 1
                print('in')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - approx[k, 0] * 180 * math.sin(
                    LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + approx[k, 0] * 180 * math.cos(
                    LineP[i, 0])).astype("int")
                x.append(temp_x)
                y.append(temp_y)
                print('x: {}, y: {}'.format(temp_x, temp_y))
    return x, y

def evaluate_euclid(x, y, rx, ry):
    error = []
    for l in range(0, len(x)):
        dist = []
        for m in range(0, len(rx)):
            euclid = np.sqrt(np.power((x[l] - rx[m]), 2) + np.power((y[l] - ry[m]), 2))
            dist.append(euclid)
        if not dist:
            dist.append(np.sqrt(2*np.power(128, 2)))
        error.append(min(dist))
    #mean_error = np.mean(error)

    return error

def main():
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    data, size, names = cnncs.data_val(DATA_PATH, LABEL_PATH, leave='affTransformedImage_NN11')
    #data, size, names = cnncs.data_val_128(DATA_PATH, LABEL_PATH)
    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
    # layers = cnncs.makeModelCNNCS(BATCH_SIZE, OUT_DIR_PATH, LEARNING_RATE)
    # Create iterator
    print('data output types: {}'.format(data.output_types))
    print('data output shapes: {}'.format(data.output_shapes))
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    #tf.add_to_collection('init_op', init_op)

    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

    res_enc = 4
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    print(LineP)

    sensA = np.matrix(sens)
    error = []

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'
    #session = tf.Session(config=config)

    with tf.Session(config=config) as sess:
        sess = cnncs.restoreModel(sess, step_str, MODEL_DIR_PATH)
        graph = tf.get_default_graph()
        for op in sess.graph.get_operations():
            if op.name[:15] == 'fc_3/Wx_plus_b/':
                print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))
        output = graph.get_tensor_by_name('fc_3/Wx_plus_b/MatMul:0')
        sess.run(init_op)
        for p in range(0, size + 1):
            try:
                im, la = sess.run(next_element)
            except tf.errors.OutOfRangeError:
                print('Reached end of dataset')
                break
            approx = sess.run(output, feed_dict={'input_image:0': im, 'dropout:0': 0})
            name = names[p]
            np.array(la)

            reconst_sig = []
            recon_gr = []
            for i in range(90, 360 + 1, 90):
                approx_n = np.array(approx[0, (i - 90):i])
                reconst_sig.append(reconstruct(approx_n, sensA))

                la_n = la[0, 0, (i - 90):i]
                recon_gr.append(reconstruct(la_n, sensA))
                #print(recon_gr)

            rx, ry = image_points(reconst_sig, res_enc)
            x, y = clusterMeanShift(rx, ry, 0.3)
            rox, roy = image_points(recon_gr, res_enc)
            ox, oy = clusterMeanShift(rox, roy, 0.3)

            test_im = cv2.imread(DATA_PATH + '/' + name, -1)
            im_c1 = cv2.cvtColor(test_im, cv2.COLOR_GRAY2RGB)
            m, n = test_im.shape
            empty = np.zeros([2*m, 2*n, 3])
            for b in range(64, 128+64):
                for h in range(64, 128+64):
                    empty[b, h, 0] = im_c1[b - 64, h - 64, 0]
                    empty[b, h, 1] = im_c1[b - 64, h - 64, 1]
                    empty[b, h, 2] = im_c1[b - 64, h - 64, 2]
            im_c2 = empty
            for k in range(0, len(rx)):
                if rx[k] < 128 + 64 and rx[k] > -64 and ry[k] < 128 + 64 and ry[k] > -64:
                    im_c2[64 + rx[k], 64 + ry[k], 0] = 255
                    im_c2[64 + rx[k], 64 + ry[k], 1] = 0
                    im_c2[64 + rx[k], 64 + ry[k], 2] = 255
            for k in range(0, len(x)):
                if np.round(x[k]).astype('int') < 128 + 64 and np.round(x[k]).astype('int') > -64 and np.round(y[k]).astype('int') < 128 + 64 and np.round(y[k]).astype('int') > -64:
                    im_c2[64 + np.round(x[k]).astype('int'), 64 + np.round(y[k]).astype('int'), 0] = 0
                    im_c2[64 + np.round(x[k]).astype('int'), 64 + np.round(y[k]).astype('int'), 1] = 255
                    im_c2[64 + np.round(x[k]).astype('int'), 64 + np.round(y[k]).astype('int'), 2] = 0
            for k in range(0, len(ox)):
                if np.round(ox[k]).astype('int') < 128 + 64 and np.round(ox[k]).astype('int') > -64 and np.round(oy[k]).astype('int') < 128 + 64 and np.round(oy[k]).astype('int') > -64:
                    im_c2[64 + np.round(ox[k]).astype('int'), 64 + np.round(oy[k]).astype('int'), 0] = 255
                    im_c2[64 + np.round(ox[k]).astype('int'), 64 + np.round(oy[k]).astype('int'), 1] = 0
                    im_c2[64 + np.round(ox[k]).astype('int'), 64 + np.round(oy[k]).astype('int'), 2] = 0
            ror = evaluate_euclid(ox, oy, x, y)
            error = sum(error, ror)

            cv2.imwrite(OUT_DIR_PATH + '/test' + name, im_c2)
            for op in sess.graph.get_operations():
                if op.name[:15] == 'fc_3/Wx_plus_b/':
                    print('Tensor name: {} Tensor value: {}'.format(op.name, op.values()))

            if p == 4:
                break

    print(error)
    print('Mean Error: {}'.format(np.mean(error)))





    '''print(sensA)
    optimized = []
    optimized_ctrl = []
    la = np.array(la)
    for i in range(90, 360 + 1, 90):
        print(i)
        approx_n = np.array(approx[0, (i - 90):i])
        print(len(approx_n))
        print(approx_n.shape)
        vx = cvx.Variable(2 * int(R))
        objective = cvx.Minimize(cvx.norm(vx, 1))
        constraints = [sensA * vx == approx_n]
        prob = cvx.Problem(objective, constraints)
        result = prob.solve(verbose=True)
        optimized.append(np.array(vx.value*(2*R)))
    for i in range(90, 360 + 1, 90):
        la_n = la[0, 0, (i - 90):i] #la[0, (i - 90):i]
        print(len(la_n))
        print(la_n.shape)
        vy = cvx.Variable(2 * int(R))
        objective = cvx.Minimize(cvx.norm(vy, 1))
        constraints = [sensA * vy == la_n]
        prob = cvx.Problem(objective, constraints)
        result = prob.solve(verbose=True)
        optimized_ctrl.append(np.array(vy.value * (2 * R)))
    #im = cv2.imread(DATA_PATH + '/' + name, -1)
    #cv2.imwrite(OUT_DIR_PATH + '/opt' + name, im)



    print('Optimized:')
    #print(optimized[1])
    optimized = np.array(optimized)
    print(optimized.shape)
    x = []
    y = []
    for i in range(0, res_enc):
        print(i)
        for k in range(0, len(optimized[i])):
            if math.pow(optimized[i, k], 2) > 1e-4:
                print('in')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - optimized[i, k] * math.sin(
                    LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + optimized[i, k] * math.cos(
                    LineP[i, 0])).astype("int")
                x.append(temp_x)
                y.append(temp_y)
            #print(optimized[i, k])
        #print(len(optimized[i]))
    test_im = cv2.imread(DATA_PATH + '/' + name, -1)
    im_c1 = cv2.cvtColor(test_im, cv2.COLOR_GRAY2RGB)
    print(x)
    print(y)
    for k in range(0, len(x)):
        if x[k] < 128 and x[k] > 0 and y[k] < 128 and y[k] > 0:
            im_c1[x[k], y[k], 0] = 0
            im_c1[x[k], y[k], 1] = 0
            im_c1[x[k], y[k], 2] = 255
    cv2.imwrite(OUT_DIR_PATH + '/test' + name, im_c1)




    print('Control:')
    optimized_ctrl = np.array(optimized_ctrl)
    #print(optimized_ctrl.shape)
    x_ctrl = []
    y_ctrl = []
    for i in range(0, res_enc):
        #print(i)
        for k in range(0, len(optimized_ctrl[i])):
            if math.pow(optimized_ctrl[i, k], 2) > 1e-4:
                #print('inside')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - optimized_ctrl[i, k] * math.sin(LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + optimized_ctrl[i, k] * math.cos(LineP[i, 0])).astype("int")
                x_ctrl.append(temp_x)
                y_ctrl.append(temp_y)
            #print(optimized_ctrl[i, k])
        #print(len(optimized_ctrl[i]))
    test_im = cv2.imread(DATA_PATH + '/' + name, -1)
    im_c1 = cv2.cvtColor(test_im, cv2.COLOR_GRAY2RGB)
    #print(optimized_ctrl)
    #print(x_ctrl)
    #print(y_ctrl)
    for k in range(0, len(x_ctrl)):
        if x_ctrl[k] < 128 and x_ctrl[k] > 0 and y_ctrl[k] < 128 and y_ctrl[k] > 0:
            im_c1[x_ctrl[k], y_ctrl[k], 0] = 0
            im_c1[x_ctrl[k], y_ctrl[k], 1] = 0
            im_c1[x_ctrl[k], y_ctrl[k], 2] = 255
    cv2.imwrite(OUT_DIR_PATH + '/ctrl_' + name, im_c1)'''








if __name__ == '__main__':
    main()






attachments/main_synth.py

import cnncs
import tensorflow as tf
from tensorflow.contrib.data import Dataset, Iterator
import os
import numpy as np

os.environ['CUDA_VISIBLE_DEVICES'] = '0'

OUT_DIR_PATH = '../../OUTPUT_TRAIN/OUT_DIR/cnncs_ae_synth_200_1'
MODEL_DIR_PATH = '../../OUTPUT_TRAIN/MODEL_DIR/cnncs_ae_synth_200_1'
TB_DIR_PATH = '../../OUTPUT_TRAIN/TB_DIR/cnncs_ae_synth_200_1'

DATA_PATH = '../../Synthetic_data_200/' # TracEM2/sections-180-220' # AutoEncoder_RatBrains_HistEqSmo'
LABEL_PATH = '../../encoded_signal/encoded_signal_4_OA_synthetic_200.csv'

epochs = 400
nepochs = 40
BATCH_SIZE = 100
LEARNING_RATE = 1E-4

def main():
    num_a = 21
    Layer_SIZES = np.matrix([[256, 4096, 4096, 360], [192, 6144, 4096, 360], [128, 8192, 4096, 360]])
    Activations = np.matrix([[tf.nn.relu, tf.nn.relu, tf.nn.relu, 0], [tf.nn.relu, tf.nn.relu, tf.nn.relu, tf.sigmoid], [tf.nn.relu, tf.nn.relu, tf.nn.relu, tf.tanh]])
    '''for LEARNING_RATE in LEARNING_RATES:

        for i in range(0, 3):  # Filter Kernels
            for j in range(0, 3):  # Strides
                for drop in [0.15, 0.20, 0.25]:


                    num_a += 1
                    TB_DIR_PATH = TB_DIR_PATH_O + str(num_a)
                    MODEL_DIR_PATH = MODEL_DIR_PATH_O + str(num_a)
                    OUT_DIR_PATH = OUT_DIR_PATH_O + str(num_a)'''

    tf.reset_default_graph()

    data, data_val, size, size_val = cnncs.getDataSynth_AE(DATA_PATH=DATA_PATH, LABEL_PATH=LABEL_PATH, epochs=epochs, batch_size=BATCH_SIZE)

    cnncs.setSummaryPaths(TB_DIR_PATH, MODEL_DIR_PATH, OUT_DIR_PATH)
    layers = cnncs.makeModelCNNCS_c(BATCH_SIZE, Layer_SIZES[1, :], Activations[0, :], 0.15, OUT_DIR_PATH, LEARNING_RATE)
    # Create iterator
    print('data output types: {}'.format(data.output_types))
    print('data output shapes: {}'.format(data.output_shapes))
    iterator = Iterator.from_structure(data.output_types, data.output_shapes)
    # Next element Op
    next_element = iterator.get_next()

    # Data set init. op
    init_op = iterator.make_initializer(data)
    #tf.add_to_collection('init_op', init_op)
    init_val = iterator.make_initializer(data_val)

    '''Less GPU Memory'''
    config = tf.ConfigProto()
    config.gpu_options.per_process_gpu_memory_fraction = 1.0
    config.gpu_options.allow_growth = True
    config.gpu_options.allocator_type = 'BFC'
    #session = tf.Session(config=config)

    with tf.Session(config=config) as sess:
        with tf.name_scope('loss'):
            loss = tf.reduce_mean(tf.pow(layers[5] - layers[4], 2), name='Loss')
        tf.summary.scalar('loss', loss)

        with tf.name_scope('l1_loss'):
            l1loss = tf.reduce_mean(tf.abs(layers[5] - layers[4]), name='L1_loss')
        tf.summary.scalar('l1_loss', l1loss)


        with tf.name_scope('optimizer'):
            optimizer = tf.train.AdamOptimizer(LEARNING_RATE).minimize(loss, name='Optimizer')
        merged = tf.summary.merge_all()
        train_writer = tf.summary.FileWriter(TB_DIR_PATH + '/train',
                                             sess.graph)

        sess = cnncs.training_cs(sess, next_element, init_op, loss, l1loss, optimizer, merged, init_val, epochs, size, BATCH_SIZE,
                        OUT_DIR_PATH, TB_DIR_PATH, MODEL_DIR_PATH, 0.15)

if __name__ == '__main__':
    main()






attachments/matHistEqSmoth.py

import cv2
import numpy as np
import os

DATA_PATH = '../../auto_bc/'
DATA_PATH_HiEq = '../../auto_bc_hesmo/'

def main():
    count = 0
    for IMAGE in os.listdir(DATA_PATH):
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            oi = 0
            oj = 0
            for i in range(128, (m + 1), 128):
                print('i: {} oi: {}'.format(i, oi))
                for j in range(128, (n + 1), 128):
                    print('j: {} oj: {}'.format(j, oj))
                    cimg = img[(i-128):i, (j-128):j]
                    oj = j
                    count += 1
                    cv2.imwrite(DATA_PATH_HiEq + str(count) + '.png', cimg)
                    print('Number of images: {}'.format(count))

                    #break
                oi = i

            print('Number of images: {}'.format(count))


if __name__ == '__main__':
    main()







attachments/PY_dataset_sd/matDATAvesicles_NN11_C1_syn9.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math


DATA_RELATIVE = '../'
#/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C1-syn9/Annotated/syn1
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Transformed/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2)# Normalized distance

    return sigDist

def main():
    stepsize = 16
    DATA_START = True
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    ini = 1
    tot = 0
    flag = False
    first = False
    for q in range(15, 22):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        # IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0]))) #(patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0]))) #(patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            full2[m:m+10, n:n+10] = 255
            '''Find ves-points'''
            for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        pr = 1
                        #npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break

            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2*m + 127), stepsize):
                for k in range(n, (2*n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    #print('k: {}'.format(k))
                    #print('j: {}'.format(j))
                    #print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5), np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                                # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                            restK = k - n*2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                            restJ = j - 2*m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                restJ = 2*m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2*m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True


                    if first:
                        tot += 1
                        num_b += 1
                        print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b, tot))
                        #full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_NN11_C1_syn9' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)
                        if DATA_START:
                            print(encoded)
                            df = pd.DataFrame(encoded)
                            print(df)
                            '''When in use'''
                            #df.to_csv(DATA_CSV_OUT, index=None)
                            DATA_START = False
                        else:
                            #df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                            df[IMAGE_N] = encoded #pd.DataFrame(encoded)
                            #df.to_csv(DATA_CSV_OUT, index=None)
                        #print(encoded)
                        #print(encoded.shape)
                        if num_b == 113:
                            cv2.imwrite('../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_3/decoded/' + IMAGE_N, section2)

                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        #print(sensY)
                        #print(sensY.shape)
                        first = False
                        #break
                #if first:
                    #break

            #print(sigDist)
            if section.size:
                p, q = section.shape
                #print(section.shape)
                #cv2.imshow('section', section)
                #cv2.imshow('section2', section2)

            #cv2.imshow('full image', full)
            #cv2.imshow('full image 2', full2)
            #print(vx)
            #print(vy)
            ''' when in use'''
            #df.to_csv(DATA_CSV_OUT, index=None)

            #cv2.waitKey(0)


            #break
            '''for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                    for j in vx.index:
                        try:
                            npgt[np.round(vy[j]).astype("int"), np.round(vx[j]).astype("int"), 1] = 255
                        except ValueError:
                            print('ValueError: may be out of image indexing')
                if ves.size or rel.size:
                    kernel = np.ones((3, 3), np.uint8)
                    img_dilation = cv2.dilate(npgt, kernel, iterations=1)
                    cv2.imshow('Ground Truth', img_dilation)
                    # cv2.imwrite(DATA_PATH_GTR + IMAGENEW, img_dilation)
                    cv2.waitKey(0)
                    break'''
        #break


if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN11_C4_syn2_4_6.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

#/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Transformed

DATA_RELATIVE = '../'

DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn2/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn2/VesPointsAll.csv'
DATA_PATH_ACT_SYN3 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN3 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
DATA_PATH_ACT_SYN4 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN4 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C4-syn2&4&6/Transformed/'
#DATA_PATH_GTR = '/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) # Normalized data

    return sigDist

def main():
    stepsize = 16

    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    act3Sheet = pd.read_csv(DATA_PATH_ACT_SYN3)
    ves3Sheet = pd.read_csv(DATA_PATH_VES_SYN3)
    act4Sheet = pd.read_csv(DATA_PATH_ACT_SYN4)
    ves4Sheet = pd.read_csv(DATA_PATH_VES_SYN4)

    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values

    tot = 0
    flag = False
    first = False

    # print(firstSheet)
    ini = 1

    for q in range(8, 22):
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        #IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'

        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3), np.uint8)
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            full2[m:m + 10, n:n + 10] = 255
            for i in range(ini, 1000):
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                rel3 = act3Sheet[act3Sheet["z"] == (i - 252)]
                ves3 = ves3Sheet[ves3Sheet["z"] == (i - 234)]
                rel4 = act4Sheet[act4Sheet["z"] == (i - 270)]
                ves4 = ves4Sheet[ves4Sheet["z"] == (i - 270)]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    y = rel["x"]
                    x = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if rel3.size:
                    if not ves.size and not rel.size:
                        ini = i + 1
                    print(str(i) + 'act3')
                    x3 = rel3["x"]
                    y3 = rel3["y"]
                if ves3.size:
                    if not ves.size and not rel.size and not rel3.size:
                        ini = i + 1
                    print(str(i) + 'ves3')
                    vx3 = ves3["x"]
                    vy3 = ves3["y"]
                if rel4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size:
                        ini = i + 1
                    print(str(i) + 'act4')
                    x4 = rel4["x"]
                    y4 = rel4["y"]
                if ves4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size and not rel4.size:
                        ini = i + 1
                    print(str(i) + 'ves4')
                    vx4 = ves4["x"]
                    vy4 = ves4["y"]
                if ves.size or rel.size or ves3.size or rel3.size or ves4.size or rel4.size:
                    break
            if not ves.size and not ves3.size and not ves4.size:
                print('Image does not contain any vesicles')
                break
            else:
                if ves.size and ves3.size and ves4.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3, vy4)))
                    vy = vy[0]
                elif ves.size and ves3.size and not ves4.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3)))
                    vy = vy[0]
                elif ves.size and not ves3.size and ves4.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy4)))
                    vy = vy[0]
                elif not ves.size and ves3.size and ves4.size:
                    vx = pd.DataFrame(np.concatenate((vx3, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy3, vy4)))
                    vy = vy[0]
                elif not ves.size and ves3.size and not ves4.size:
                    vx = vx3
                    vy = vy3
                elif not ves.size and not ves3.size and ves4.size:
                    vx = vx4
                    vy = vy4
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2*m + 127), stepsize):
                for k in range(n, (2*n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    #print('k: {}'.format(k))
                    #print('j: {}'.format(j))
                    #print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5), np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                                # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                            restK = k - n*2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                            restJ = j - 2*m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                restJ = 2*m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2*m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True


                    if first:
                        tot += 1
                        num_b += 1
                        print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b, tot))
                        #full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N11_C4_syn2_4_6' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        #df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded #pd.DataFrame(encoded)
                        #df.to_csv(DATA_CSV_OUT, index=None)
                        #print(encoded)
                        #print(encoded.shape)

                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        #print(sensY)
                        #print(sensY.shape)
                        first = False
                        #break
                #if first:
                    #break

            #print(sigDist)
            if section.size:
                p, q = section.shape
                #print(section.shape)
                #cv2.imshow('section', section)
                #cv2.imshow('section2', section2)

            #cv2.imshow('full image', full)
            #cv2.imshow('full image 2', full2)
            #print(vx)
            #print(vy)
            #df.to_csv(DATA_CSV_OUT, index=None)

            #cv2.waitKey(0)


            #break



                    # break


'''
            imgbn = cv2.imread(DATA_PATH_GTR + IMAGENEW, -1)
            print(IMAGENEW + ' Shape: {} Type: {}'.format(imgbn.shape, imgbn.dtype))
            print(imgbn)
            imt = imgbn[:, :, 1]
            cv2.imshow(IMAGENEW, imt)
            cv2.waitKey(0)
            break

'''

if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN11_C4_syn7.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

DATA_RELATIVE = '../'

DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn6/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn6/VesPointsAll.csv'
DATA_PATH_ACT_SYN3 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn7/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN3 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn7/VesPointsAll.csv'
DATA_PATH_ACT_SYN4 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn8/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN4 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn8/VesPointsAll.csv'
DATA_PATH_ACT_SYN5 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn9/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN5 = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Annotated/syn9/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + '/data_original/NN11/C4-syn7/Transformed/'
#DATA_PATH_GTR = '/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn7/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) #Normalized data

    return sigDist

def main():
    stepsize = 16

    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    act3Sheet = pd.read_csv(DATA_PATH_ACT_SYN3)
    ves3Sheet = pd.read_csv(DATA_PATH_VES_SYN3)
    act4Sheet = pd.read_csv(DATA_PATH_ACT_SYN4)
    ves4Sheet = pd.read_csv(DATA_PATH_VES_SYN4)
    act5Sheet = pd.read_csv(DATA_PATH_ACT_SYN5)
    ves5Sheet = pd.read_csv(DATA_PATH_VES_SYN5)

    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values

    tot = 0
    flag = False
    first = False

    # print(firstSheet)
    ini = 1

    for q in range(9, 29):
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        IMAGENEW = 'affTransformedImage' + str(q) + '.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m,n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3), np.uint8)
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            for i in range(ini, 1000):
                rel = actSheet[actSheet["z"] == (i - 36)]
                ves = vesSheet[vesSheet["z"] == (i)]
                rel3 = act3Sheet[act3Sheet["z"] == (i - 18)]
                ves3 = ves3Sheet[ves3Sheet["z"] == (i)]
                rel4 = act4Sheet[act4Sheet["z"] == (i)]
                ves4 = ves4Sheet[ves4Sheet["z"] == (i)]
                rel5 = act5Sheet[act5Sheet["z"] == (i - 54)]
                ves5 = ves5Sheet[ves5Sheet["z"] == (i)]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if rel3.size:
                    if not ves.size and not rel.size:
                        ini = i + 1
                    print(str(i) + 'act3')
                    x3 = rel3["x"]
                    y3 = rel3["y"]
                if ves3.size:
                    if not ves.size and not rel.size and not rel3.size:
                        ini = i + 1
                    print(str(i) + 'ves3')
                    vx3 = ves3["x"]
                    vy3 = ves3["y"]
                if rel4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size:
                        ini = i + 1
                    print(str(i) + 'act4')
                    x4 = rel4["x"]
                    y4 = rel4["y"]
                if ves4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size and not rel4.size:
                        ini = i + 1
                    print(str(i) + 'ves4')
                    vx4 = ves4["x"]
                    vy4 = ves4["y"]
                if rel5.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size and not rel4.size and not ves4.size:
                        ini = i + 1
                    print(str(i) + 'act5')
                    x5 = rel5["x"]
                    y5 = rel5["y"]
                if ves5.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size and not rel4.size and not ves4.size and not rel5.size:
                        ini = i + 1
                    print(str(i) + 'ves5')
                    vx5 = ves5["x"]
                    vy5 = ves5["y"]
                if ves.size or rel.size or ves3.size or rel3.size or ves4.size or rel4.size or ves5.size or rel5.size:
                    break
            if not ves.size and not ves3.size and not ves4.size and not ves5.size:
                print('Image does not contain any vesicles')
                break
            else:
                if ves.size and ves3.size and ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3, vx4, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3, vy4, vy5)))
                    vy = vy[0]
                elif ves.size and ves3.size and ves4.size and not ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3, vy4)))
                    vy = vy[0]
                elif ves.size and ves3.size and not ves4.size and not ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3)))
                    vy = vy[0]
                elif ves.size and not ves3.size and ves4.size and not ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy4)))
                    vy = vy[0]
                elif not ves.size and ves3.size and ves4.size and not ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx3, vx4)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy3, vy4)))
                    vy = vy[0]
                elif ves.size and not ves3.size and not ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy5)))
                    vy = vy[0]
                elif not ves.size and ves3.size and not ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx3, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy3, vy5)))
                    vy = vy[0]
                elif not ves.size and not ves3.size and ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx4, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy4, vy5)))
                    vy = vy[0]
                elif ves.size and ves3.size and not ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3, vy5)))
                    vy = vy[0]
                elif not ves.size and ves3.size and ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx3, vx4, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy3, vy4, vx5)))
                    vy = vy[0]
                elif ves.size and not ves3.size and ves4.size and ves5.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx4, vx5)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy3, vy4, vy5)))
                    vy = vy[0]
                elif not ves.size and ves3.size and not ves4.size and not ves5.size:
                    vx = vx3
                    vy = vy3
                elif not ves.size and not ves3.size and ves4.size and not ves5.size:
                    vx = vx4
                    vy = vy4
                elif not ves.size and not ves3.size and not ves4.size and ves5.size:
                    vx = vx5
                    vy = vy5
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2*m + 127), stepsize):
                for k in range(n, (2*n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    #print('k: {}'.format(k))
                    #print('j: {}'.format(j))
                    #print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5), np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                                # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                            restK = k - n*2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                            restJ = j - 2*m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                if (px >= 0) and (px <= 128) and (py >= 0) and (py <= 128):
                                    print('px: {} , py {} type:5'.format(px, py))
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                restJ = 2*m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                if (px >= 0) and (px <= 128) and (py >= 0) and (py <= 128):
                                    print('px: {} , py {} type:8'.format(px, py))
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                        if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2*m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True


                    if first:
                        tot += 1
                        num_b += 1
                        print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b, tot))
                        #full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N11_C4_syn7' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        #df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded #pd.DataFrame(encoded)
                        #df.to_csv(DATA_CSV_OUT, index=None)
                        #print(encoded)
                        #print(encoded.shape)
                        '''THIS IS IMPORTANT WHEN USING UNIX'''
                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        #print(sensY)
                        #print(sensY.shape)
                        first = False
                        #break
                #if first:
                    #break

            #print(sigDist)
            if section.size:
                p, q = section.shape
                #print(section.shape)
                #cv2.imshow('section', section)
                #cv2.imshow('section2', section2)

            #cv2.imshow('full image', full)
            #cv2.imshow('full image 2', full2)
            #print(vx)
            #print(vy)
            '''THIS IS IMPORTANT WHEN USING UNIX'''
            #df.to_csv(DATA_CSV_OUT, index=None)

            #cv2.waitKey(0)


            #break



                    # break


'''
            imgbn = cv2.imread(DATA_PATH_GTR + IMAGENEW, -1)
            print(IMAGENEW + ' Shape: {} Type: {}'.format(imgbn.shape, imgbn.dtype))
            print(imgbn)
            imt = imgbn[:, :, 1]
            cv2.imshow(IMAGENEW, imt)
            cv2.waitKey(0)
            break

'''

if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN11_C6_syn5_7.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

DATA_RELATIVE = '../'

DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C6-syn5&7/Annotated/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C6-syn5&7/Annotated/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C6-syn5&7/Transformed/'
#DATA_PATH_GTR = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C6-syn5&7/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))


        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) #Normalized data

    return sigDist

def main():
    stepsize = 16

    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    tot = 0
    flag = False
    first = False
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values

    ini = 1
    for q in range(14, 31):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0]))) #(patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0]))) #(patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            for i in range(ini, 1000):
                # print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2 * m + 127), stepsize):
                for k in range(n, (2 * n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    # print('k: {}'.format(k))
                    # print('j: {}'.format(j))
                    # print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j - 128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k - 128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                            np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                            # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and ((k - 2 * n) > 0):
                            restK = k - n * 2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - 2 * m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2 * n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - 2 * n) > 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                restJ = 2 * m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2 * m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True

                    if first:
                        tot += 1
                        num_b += 1
                        print(
                            'j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b,
                                                                                                        tot))
                        # full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N11_C6_syn5_7' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        # df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded  # pd.DataFrame(encoded)
                        # df.to_csv(DATA_CSV_OUT, index=None)
                        # print(encoded)
                        # print(encoded.shape)
                        '''THIS IS IMPORTANT WHEN USING UNIX'''
                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        # print(sensY)
                        # print(sensY.shape)
                        first = False
                        # break
                        # if first:
                        # break

            # print(sigDist)
            if section.size:
                p, q = section.shape
                # print(section.shape)
                # cv2.imshow('section', section)
                # cv2.imshow('section2', section2)

            # cv2.imshow('full image', full)
            # cv2.imshow('full image 2', full2)
            # print(vx)
            # print(vy)
            '''THIS IS IMPORTANT WHEN USING UNIX'''
            #df.to_csv(DATA_CSV_OUT, index=None)

            # cv2.waitKey(0)


            # break



            # break

        '''
                    imgbn = cv2.imread(DATA_PATH_GTR + IMAGENEW, -1)
                    print(IMAGENEW + ' Shape: {} Type: {}'.format(imgbn.shape, imgbn.dtype))
                    print(imgbn)
                    imt = imgbn[:, :, 1]
                    cv2.imshow(IMAGENEW, imt)
                    cv2.waitKey(0)
                    break

        '''

if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN15_C1_syn1_3_5.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

DATA_RELATIVE = '../'
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN15/C1-syn1&3&5/Annotated/syn1/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN15/C1-syn1&3&5/Annotated/syn1/VesPointsAll.csv'
DATA_PATH_ACT_SYN3 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN15/C1-syn1&3&5/Annotated/syn2/ActPointsAllInterp.csv'
DATA_PATH_VES_SYN3 = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN15/C1-syn1&3&5/Annotated/syn2/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN15/C1-syn1&3&5/Transformed/'
#DATA_PATH_GTR = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN15/C1-syn1&3&5/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) # Normalized data

    return sigDist

def main():
    stepsize = 16
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    act3Sheet = pd.read_csv(DATA_PATH_ACT_SYN3)
    ves3Sheet = pd.read_csv(DATA_PATH_VES_SYN3)
    # act4Sheet = pd.read_csv(DATA_PATH_ACT_SYN4)
    # ves4Sheet = pd.read_csv(DATA_PATH_VES_SYN4)

    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values

    tot = 0
    flag = False
    first = False
    # print(firstSheet)
    ini = 1

    for q in range(13, 23):
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3), np.uint8)
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            full2[m:m + 10, n:n + 10] = 255
            for i in range(ini, 1000):
                rel = actSheet[actSheet["z"] == (i - 36)]
                ves = vesSheet[vesSheet["z"] == (i - 18)]
                rel3 = act3Sheet[act3Sheet["z"] == (i - 18)]
                ves3 = ves3Sheet[ves3Sheet["z"] == (i)]
                # rel4 = act4Sheet[act4Sheet["z"] == (i - 270)]
                # ves4 = ves4Sheet[ves4Sheet["z"] == (i - 270)]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if rel3.size:
                    if not ves.size and not rel.size:
                        ini = i + 1
                    print(str(i) + 'act3')
                    x3 = rel3["x"]
                    y3 = rel3["y"]
                if ves3.size:
                    if not ves.size and not rel.size and not rel3.size:
                        ini = i + 1
                    print(str(i) + 'ves3')
                    vx3 = ves3["x"]
                    vy3 = ves3["y"]
                '''
                if rel4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size:
                        ini = i + 1
                    print(str(i) + 'act4')
                    x4 = rel4["x"]
                    y4 = rel4["y"]
                    for j in x4.index:
                        npgt[np.round(y4[j]).astype("int"), np.round(x4[j]).astype("int"), 0] = 255
                if ves4.size:
                    if not ves.size and not rel.size and not rel3.size and not ves3.size and not rel4.size:
                        ini = i + 1
                    print(str(i) + 'ves4')
                    vx4 = ves4["x"]
                    vy4 = ves4["y"]
                    for j in vx4.index:
                        try:
                            npgt[np.round(vy4[j]).astype("int"), np.round(vx4[j]).astype("int"), 1] = 255
                        except ValueError:
                            print('ValueError: may be out of image indexing')
                '''
                if ves.size or rel.size or ves3.size or rel3.size: #or ves4.size or rel4.size:
                    break
            if not ves.size and not ves3.size:
                print('Image does not contain any vesicles')
                break
            else:
                if ves.size and ves3.size:
                    vx = pd.DataFrame(np.concatenate((vx, vx3)))
                    vx = vx[0]
                    vy = pd.DataFrame(np.concatenate((vy, vy3)))
                    vy = vy[0]
                elif not ves.size and ves3.size:
                    vx = vx3
                    vy = vy3
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2 * m + 127), stepsize):
                for k in range(n, (2 * n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    # print('k: {}'.format(k))
                    # print('j: {}'.format(j))
                    # print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j - 128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k - 128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                            np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                            # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and ((k - 2 * n) > 0):
                            restK = k - n * 2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - 2 * m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2 * n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - 2 * n) > 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                restJ = 2 * m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2 * m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True

                    if first:
                        tot += 1
                        num_b += 1
                        print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b,
                                                                                                          tot))
                        # full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N15_C1_syn1_3_5' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        # df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded  # pd.DataFrame(encoded)
                        # df.to_csv(DATA_CSV_OUT, index=None)
                        # print(encoded)
                        # print(encoded.shape)

                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        # print(sensY)
                        # print(sensY.shape)
                        first = False
                        # break
                        # if first:
                        # break

            # print(sigDist)
            if section.size:
                p, q = section.shape
                # print(section.shape)
                # cv2.imshow('section', section)
                # cv2.imshow('section2', section2)

            # cv2.imshow('full image', full)
            # cv2.imshow('full image 2', full2)
            # print(vx)
            # print(vy)
            #df.to_csv(DATA_CSV_OUT, index=None)


if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN23_C6_syn1_3.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

DATA_RELATIVE = '../'
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN23/C6-syn1&3/Annotated/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN23/C6-syn1&3/Annotated/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN23/C6-syn1&3/Transformed/'
#DATA_PATH_GTR = '/data_original/NN23/C6-syn1&3/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))


        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) # Normalized data

    return sigDist

def main():
    stepsize = 16
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    tot = 0
    flag = False
    first = False
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values

    ini = 1
    for q in range(13, 17):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            for i in range(ini, 1000):
                # print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2 * m + 127), stepsize):
                for k in range(n, (2 * n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    # print('k: {}'.format(k))
                    # print('j: {}'.format(j))
                    # print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j - 128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k - 128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                            np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                            # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and ((k - 2 * n) > 0):
                            restK = k - n * 2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - 2 * m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2 * n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - 2 * n) > 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                restJ = 2 * m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2 * m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True

                    if first:
                        tot += 1
                        num_b += 1
                        print(
                            'j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b,
                                                                                                        tot))
                        # full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N23_C6_syn1_3' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        # df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded  # pd.DataFrame(encoded)
                        # df.to_csv(DATA_CSV_OUT, index=None)
                        # print(encoded)
                        # print(encoded.shape)
                        '''THIS IS IMPORTANT WHEN USING UNIX'''
                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        # print(sensY)
                        # print(sensY.shape)
                        first = False
                        # break
                        # if first:
                        # break

            # print(sigDist)
            if section.size:
                p, q = section.shape
                # print(section.shape)
                # cv2.imshow('section', section)
                # cv2.imshow('section2', section2)

            # cv2.imshow('full image', full)
            # cv2.imshow('full image 2', full2)
            # print(vx)
            # print(vy)
            '''THIS IS IMPORTANT WHEN USING UNIX'''
            #df.to_csv(DATA_CSV_OUT, index=None)


if __name__ == '__main__':
    main()






attachments/PY_dataset_sd/matDATAvesicles_NN24_C2_syn6.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math

DATA_RELATIVE = '../'
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN24/C2-syn6/Annotated/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN24/C2-syn6/Annotated/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN24/C2-syn6/Transformed/'
# DATA_PATH_GTR = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN24/C2-syn6/Annotated/Ground_Tr/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))


        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2) # Normalized data

    return sigDist

def main():
    stepsize = 16
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    tot = 0
    flag = False
    first = False
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    print('loading csv file')
    df = pd.read_csv(DATA_CSV_OUT)
    print('Finished loading csv')
    sens = df1.values
    ini = 1
    for q in range(2, 13):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            for i in range(ini, 1000):
                # print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break
            print(vx)
            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2 * m + 127), stepsize):
                for k in range(n, (2 * n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    # print('k: {}'.format(k))
                    # print('j: {}'.format(j))
                    # print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j - 128))) and (
                            ((vx[ind] + n) <= k) and ((vx[ind] + n) >= k - 128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                            np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                            # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2 * m) < 0) and ((k - 2 * n) > 0):
                            restK = k - n * 2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - n) > 0) and (((k - 128) - 2 * n) < 0):
                            restJ = j - 2 * m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2 * n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and ((k - 2 * n) > 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] > n - (k - 2 * n)):
                                restK = 2 * n - (k - 128)
                                restJ = 2 * m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2 * m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2 * m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2 * m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True

                    if first:
                        tot += 1
                        num_b += 1
                        print(
                            'j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b,
                                                                                                        tot))
                        # full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_N24_C2_syn6' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)

                        # df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[IMAGE_N] = encoded  # pd.DataFrame(encoded)
                        # df.to_csv(DATA_CSV_OUT, index=None)
                        # print(encoded)
                        # print(encoded.shape)
                        '''THIS IS IMPORTANT WHEN USING UNIX'''
                        cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        # print(sensY)
                        # print(sensY.shape)
                        first = False
                        # break
                        # if first:
                        # break

            # print(sigDist)
            if section.size:
                p, q = section.shape
                # print(section.shape)
                # cv2.imshow('section', section)
                # cv2.imshow('section2', section2)

            # cv2.imshow('full image', full)
            # cv2.imshow('full image 2', full2)
            # print(vx)
            # print(vy)
            '''THIS IS IMPORTANT WHEN USING UNIX'''
            #df.to_csv(DATA_CSV_OUT, index=None)


if __name__ == '__main__':
    main()






attachments/synthVesicle.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math
from scipy.cluster.hierarchy import dendrogram, linkage, fcluster, fclusterdata, to_tree
from sklearn.cluster import MeanShift, estimate_bandwidth
import cvxpy as cvx

DATA_RELATIVE = '../'

DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Synthetic_data_200/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'encoded_signal/encoded_signal_4_OA_synthetic_200.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for res in range(0, res_enc):
        r = round(((py - LineP[res, 2]) * math.cos((LineP[res, 0]))) + ((px - LineP[res, 1]) * math.sin(LineP[res, 0])))

        distance = - ((py - LineP[res, 2]) * math.sin((LineP[res, 0]))) + ((px - LineP[res, 1]) * math.cos(LineP[res, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[res, int(R) + int(r)] = distance/(R*2)# Normalized distance

    return sigDist

def RandomMatrixRotation():
    rv = np.random.rand(3)
    R = np.zeros([3, 3])
    theta = rv[0] * np.pi * 2
    phi   = rv[1] * np.pi * 2
    z     = rv[2] * 2.0
    r  = np.sqrt(z)
    Vx = np.sin(phi) * r
    Vy = np.cos(phi) * r
    Vz = np.sqrt(2.0 - z)

    st = np.sin(theta)
    ct = np.cos(theta)
    Sx = Vx * ct - Vy * st
    Sy = Vx * st + Vy * ct

    R[0, 0] = Vx * Sx - ct
    R[0, 1] = Vx * Sy - st
    R[0, 2] = Vx * Vz

    R[1, 0] = Vy * Sx + st
    R[1, 1] = Vy * Sy - ct
    R[1, 2] = Vy * Vz

    R[2, 0] = Vz * Sx
    R[2, 1] = Vz * Sy
    R[2, 2] = 1.0 - z
    return R

def main():
    w = 128
    h = 128
    cytosolGray = 209
    membraneGray = 120
    vesicleGray = 90
    membraneWidth = 6
    DATA_START = True
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    '''it = cv2.imread('Train/affTransformedImage15.jpg', -1)
    hi = cv2.equalizeHist(it)
    blur = cv2.GaussianBlur(hi, (3, 3), 0.8)
    cv2.imshow('win', it[260:290, 540:560])
    cv2.waitKey(0)
    print((it[260:290, 540:560]))'''
    for i in range(0, 200000):
        patch_size = 128
        Rn = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

        res_enc = 4
        LineP = np.zeros([res_enc, 3])
        for res in range(0, res_enc):
            LineP[res, 0] = (2 * math.pi / res_enc) * res
            LineP[res, 1] = ((patch_size / 2) + Rn * math.cos((LineP[res, 0])))  # (patch_size / 2)
            LineP[res, 2] = ((patch_size / 2) - Rn * math.sin((LineP[res, 0])))  # (patch_size / 2)

        sigDist = np.zeros([res_enc, 2 * int(Rn)])
        sensY = np.zeros([res_enc, int(Rn)])

        amount_ves = np.random.randint(1, 15)
        mem = np.random.randint(2, 4)
        im = np.zeros((h, w, 3))
        im[:, :, :] = cytosolGray / 255
        for t in range(0, amount_ves):
            #radix = np.random.randint(6, 17)
            #radiy = np.random.randint(6, 17)
            radii = np.random.rand(3)
            center = np.random.randint(1, h-1, 2)
            centerz = np.random.randint(0, 2)
            print(center)
            sigDist = encodePoint(res_enc, center[0], center[1], LineP, sigDist, Rn)


            '''Make ellipsoid'''
            for k in range(0, len(radii)):
                radii[k] = radii[k]*1.5 + 5.0

            max_rad = np.max(radii)
            radii = np.power(radii, 2)

            R = RandomMatrixRotation()
            D = np.zeros([3, 3])

            D[0, 0] = 1/radii[0]
            D[1, 1] = 1/radii[1]
            D[2, 2] = 1/radii[2]
            H = (np.transpose(R).dot(D)).dot(R)
            #print(H)
            kStart = np.max([np.floor(centerz - max_rad), 1])
            kEnd = np.min([np.ceil(centerz + max_rad), 100])
            #print('kstart: {}, kend: {}'.format(kStart, kEnd))

            jStart = np.max([np.floor(center[0] - max_rad), 1])
            jEnd = np.min([np.ceil(center[0] + max_rad), h])

            lStart = np.max([np.floor(center[1] - max_rad), 1])
            lEnd = np.min([np.ceil(center[1] + max_rad), w])

            for k in range(0, 3):
                #print(k)
                for j in range(jStart.astype('int'), jEnd.astype('int')):
                    for l in range(lStart.astype('int'), lEnd.astype('int')):
                        x = [l - center[1], j - center[0], k - centerz]
                        #print(np.absolute(((np.transpose(x).dot(H)).dot(x)) - 1))
                        #if np.sqrt(np.sum(np.power(x, 2))) < 10:
                        if np.absolute(((np.transpose(x).dot(H)).dot(x)) - 1) < 0.25:
                            scaling = 1 - np.power((np.absolute(((np.transpose(x).dot(H)).dot(x)) - 1)*4), 2)
                            #scaling = 1
                            im[l, j, k] = scaling * vesicleGray/255
                            #print('inside: {}, {}, {}'.format(l, j, k))
            #im[center[1]:center[1] + 5, center[0]:center[0] + 5, 2] = 1
            #im[center[1]:center[1] + 5, center[0]:center[0] + 5, 1] = 0
            #im[center[1]:center[1] + 5, center[0]:center[0] + 5, 0] = 0


        #cv2.imshow('win', im[:, :, 1])
        #cv2.waitKey(0)
        for n in range(0, mem):
            coef = np.random.rand(3)*0.5

            center_m = np.random.rand(3)

            center_m[0] = center_m[0] * w
            center_m[1] = center_m[1] * h
            center_m[2] = center_m[2] * 10

            a = coef[0]
            b = coef[1]
            c = coef[2]

            d2 = -(a * center_m[0] + b * center_m[1] + c * center_m[2])

            plane_norm = np.sqrt(np.sum(np.power(coef, 2)))

            for k in range(0, 3):
                z = k # Don't mind this
                cz_tmp = c * z
                for j in range(0, h):
                    y = j
                    by_tmp = b * y
                    for l in range(0, w):
                        x = l
                        dis = abs((a * x + by_tmp + cz_tmp + d2) / plane_norm)
                        if dis < membraneWidth / 2:

                            scaling = 1 - np.power((dis / membraneWidth / 2), 2)
                            im[l, j, k] = scaling * membraneGray / 255.0

        im += np.random.normal(0, 0.01, [128, 128, 3])
        imb = cv2.GaussianBlur(im, (3, 3), 1.5)
        imb += np.random.normal(0, 0.01, [128, 128, 3])
        #cv2.imshow('win', imb[:, :, :])
        #cv2.imwrite('synth_ves.png', imb[:, :, 1]*255)
        #cv2.waitKey(0)
        #imeq = cv2.equalizeHist(imb)
        IMAGE_N = 'synth' + str(i) + '.png'
        encoded = []
        for res in range(0, res_enc):
            sensY[res, :] = sens.dot(sigDist[res, :])
            encoded = np.concatenate((encoded, sensY[res, :]), 0)
        if DATA_START:
            print(encoded)
            df = pd.DataFrame(encoded)
            print(df)
            '''When in use'''
            df.to_csv(DATA_CSV_OUT, index=None)
            DATA_START = False

        df[IMAGE_N] = encoded
        cv2.imwrite(DATA_OUT + IMAGE_N, imb[:, :, 1]*255)
    df.to_csv(DATA_CSV_OUT, index=None)










if __name__ == '__main__':
    main()






attachments/testClusterData.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math


DATA_RELATIVE = '../'
#/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C1-syn9/Annotated/syn1
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Transformed/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/ClusterTest/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/ClusterTest/testCluster.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2)# Normalized distance

    return sigDist

def main():
    stepsize = 16
    DATA_START = True
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    ini = 1
    tot = 0
    flag = False
    first = False
    for q in range(15, 17):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        # IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 4
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0]))) #(patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0]))) #(patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            full2[m:m+10, n:n+10] = 255
            '''Find ves-points'''
            for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        pr = 1
                        #npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break
            '''Check if section contains ves-points'''
            if q > 15:
                num_b = 0
                for j in range(m, (2*m + 127), stepsize):
                    for k in range(n, (2*n + 127), stepsize):
                        section = full[j - 128:j, k - 128:k]
                        section2 = cv2.cvtColor(section, cv2.COLOR_GRAY2RGB)
                        #print('k: {}'.format(k))
                        #print('j: {}'.format(j))
                        #print('New section')
                        sigDist = np.zeros([res_enc, 2 * int(R)])
                        sensY = np.zeros([res_enc, 2 * int(R)])

                        for ind in vx.index:
                            if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                                px = (vx[ind] + n) - (k - 128)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:1'.format(px, py))
                                section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                                # if (py < 80):
                                    # first = True
                            if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                                restJ = j - m
                                insJ = 128 - restJ

                                if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                    px = (vx[ind] + n) - (k - 128)
                                    py = (insJ - vy[ind])
                                    print('px: {} , py {} type:2'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                                restK = k - n
                                insK = 128 - restK

                                if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                    px = (insK - vx[ind])
                                    py = (vy[ind] + m) - (j - 128)
                                    print('px: {} , py {} type:3'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                                restK = k - n*2
                                insK = n - restK

                                if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                    diff = (vx[ind] - insK)
                                    px = (128 - diff)
                                    py = (vy[ind] + m) - (j - 128)
                                    print('px: {} , py {} type:4'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                                restJ = j - 2*m
                                insJ = m - restJ
                                if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                    diff = (vy[ind] - insJ)
                                    px = (vx[ind] + n) - (k - 128)
                                    py = (128 - diff)
                                    print('px: {} , py {} type:5'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                                if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                    restJ = m - (j - 128)
                                    restK = n - (k - 128)
                                    px = restK - vx[ind]
                                    py = restJ - vy[ind]
                                    print('px: {} , py {} type:6'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                                if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                    restK = 2*n - (k - 128)
                                    px = (n - vx[ind]) + restK
                                    py = (m - (j - 128)) - vy[ind]
                                    print('px: {} , py {} type:7'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                                if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                    restK = 2*n - (k - 128)
                                    restJ = 2*m - (j - 128)
                                    px = (n - vx[ind]) + restK
                                    py = (m - vy[ind]) + restJ
                                    print('px: {} , py {} type:8'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                                if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                    restK = n - (k - 128)
                                    restJ = vy[ind] - (m - (k - 2*m))
                                    px = restK - vx[ind]
                                    py = 128 - restJ
                                    print('px: {} , py {} type:9'.format(px, py))
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 0] = 255
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 1] = 0
                                    section2[np.round(py).astype("int"), np.round(px).astype("int"), 2] = 0
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True


                        if first:
                            tot += 1
                            num_b += 1
                            print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b, tot))
                            #full2[j - 128:j, k - 128:k] = 0
                            IMAGE_N = 'affTransformedImage_NN11_C1_syn9' + str(q) + '_' + str(num_b) + '.png'
                            encoded = []
                            for i in range(0, res_enc):
                                sensY[i, :] = sigDist[i, :] #sens.dot(sigDist[i, :])
                                encoded = np.concatenate((encoded, sensY[i, :]), 0)
                            if DATA_START:
                                print(encoded)
                                df = pd.DataFrame(encoded)
                                print(df)
                                '''When in use'''
                                df.to_csv(DATA_CSV_OUT, index=None)
                                DATA_START = False
                            df[IMAGE_N] = encoded #pd.DataFrame(encoded)
                                #df.to_csv(DATA_CSV_OUT, index=None)
                            #print(encoded)
                            #print(encoded.shape)
                            #if num_b == 113:
                                #cv2.imwrite('../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_3/decoded/' + IMAGE_N, section2)

                            cv2.imwrite(DATA_OUT + IMAGE_N, section2)

                            #print(sensY)
                            #print(sensY.shape)
                            first = False
                            if tot == 10:
                                break
                            #break
                    if tot == 10:
                        break

                #print(sigDist)
                if section.size:
                    p, q = section.shape
                    #print(section.shape)
                    #cv2.imshow('section', section)
                    #cv2.imshow('section2', section2)

                #cv2.imshow('full image', full)
                #cv2.imshow('full image 2', full2)
                #print(vx)
                #print(vy)
                ''' when in use'''
                df.to_csv(DATA_CSV_OUT, index=None)

            #cv2.waitKey(0)


            #break
            '''for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                    for j in vx.index:
                        try:
                            npgt[np.round(vy[j]).astype("int"), np.round(vx[j]).astype("int"), 1] = 255
                        except ValueError:
                            print('ValueError: may be out of image indexing')
                if ves.size or rel.size:
                    kernel = np.ones((3, 3), np.uint8)
                    img_dilation = cv2.dilate(npgt, kernel, iterations=1)
                    cv2.imshow('Ground Truth', img_dilation)
                    # cv2.imwrite(DATA_PATH_GTR + IMAGENEW, img_dilation)
                    cv2.waitKey(0)
                    break'''
        #break


if __name__ == '__main__':
    main()






attachments/testClusterPlot.py

import os
import pandas as pd
import numpy as np
from matplotlib import pyplot as plt
import matplotlib.cm as cm
import cv2
import math
from scipy.cluster.hierarchy import dendrogram, linkage, fcluster, fclusterdata, to_tree
from sklearn.cluster import MeanShift, estimate_bandwidth
from sklearn.datasets.samples_generator import make_blobs
from itertools import cycle
import cvxpy as cvx


DATA = '/Users/simentofteberg/Dropbox/train_200_ae/ClusterTest/'

def fancy_dendrogram(*args, **kwargs):
    max_d = kwargs.pop('max_d', None)
    if max_d and 'color_threshold' not in kwargs:
        kwargs['color_threshold'] = max_d
    annotate_above = kwargs.pop('annotate_above', 0)

    ddata = dendrogram(*args, **kwargs)

    if not kwargs.get('no_plot', False):
        plt.title('Hierarchical Clustering Dendrogram (truncated)')
        plt.xlabel('sample index or (cluster size)')
        plt.ylabel('distance')
        for i, d, c in zip(ddata['icoord'], ddata['dcoord'], ddata['color_list']):
            x = 0.5 * sum(i[1:3])
            y = d[1]
            if y > annotate_above:
                plt.plot(x, y, 'o', c=c)
                plt.annotate("%.3g" % y, (x, y), xytext=(0, -5),
                             textcoords='offset points',
                             va='top', ha='center')
        if max_d:
            plt.axhline(y=max_d, c='k')
    return ddata

def reconstruct(encoded, A):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

    approx_n = np.array(np.transpose(encoded))
    print(len(approx_n))
    print(approx_n.shape)
    vx = cvx.Variable(2 * int(R))
    objective = cvx.Minimize(cvx.norm(vx, 1))
    constraints = [A * vx == approx_n]
    prob = cvx.Problem(objective, constraints)
    result = prob.solve(verbose=True)
    reconst = vx.value
    #optimized.append(np.array(vx.value * (2 * R)))
    return reconst

def clusterPoints(x, y, cutoff):
    cX = np.zeros([len(x), 2])
    cX[:, 0] = x
    cX[:, 1] = y
    clust = fclusterdata(cX, cutoff, criterion='distance')
    n = clust.max()
    indices = []
    for cluster_number in range(1, n + 1):
        indices.append(np.where(clust == cluster_number)[0])
    n_clust = clust.max()
    x1 = []
    y1 = []
    meanx = []  # np.empty([num_clusters, 2])
    meany = []
    #colors = cm.rainbow(np.linspace(0, 1, len(indices)))
    #plt.figure(figsize=(14, 7))
    #plt.title('Clusters')
    for k, ind in enumerate(indices):
        print("cluster", k + 1, "is", ind)

        for i in ind:
            x1.append(cX[i, 0])
            y1.append(cX[i, 1])
            print(cX[i, 0])

            #plt.scatter(cX[i, 0], cX[i, 1], color=colors[k])

        meanx.append(np.mean(x1))
        meany.append(np.mean(y1))

        x1.clear()
        y1.clear()
    #plt.show()
    print(meanx)
    return meanx, meany

def image_points(recon):
    res_enc = 4
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    x = []
    y = []

    sparse = 0
    for i in range(0, res_enc):
        approx = recon[i]
        for k in range(0, len(approx)):
            if math.pow(approx[k, 0]*180, 2) > 1e-4:
                sparse += 1
                print('in')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - approx[k, 0]* 180 * math.sin(
                    LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + approx[k, 0]* 180 * math.cos(
                    LineP[i, 0])).astype("int")
                x.append(temp_x)
                y.append(temp_y)
                print('x: {}, y: {}'.format(temp_x, temp_y))
    return x, y

def clusterMeanShift(x, y, quant):
    print(np.transpose([x, y]))
    bandwidth = estimate_bandwidth(np.transpose([x, y]), quantile=quant)
    #bandwidth = 10
    ms = MeanShift(bandwidth=bandwidth, bin_seeding=True)
    ms.fit(np.transpose([x, y]))
    labels = ms.labels_
    cluster_centers = ms.cluster_centers_

    labels_unique = np.unique(labels)
    n_clusters_ = len(labels_unique)

    print("number of estimated clusters : %d" % n_clusters_)

    cent_cl = np.transpose(cluster_centers)
    meanx, meany = cent_cl
    return meanx, meany

def main():
    df1 = pd.read_csv('sensing_matrices/sens_0_01_90x180.csv', header=None)
    im = cv2.imread(DATA + 'affTransformedImage_NN11_C1_syn916_5.png', -1)
    im2 = im.copy()
    section = np.zeros((128*2, 128*2, 3))
    for i in range(0, 128):
        for j in range(0, 128):
            section[64 + i, 64 + j, 0] = im2[i, j, 0]
            section[64 + i, 64 + j, 1] = im2[i, j, 1]
            section[64 + i, 64 + j, 2] = im2[i, j, 2]
    df = pd.read_csv(DATA + 'testCluster.csv')
    signed = df['affTransformedImage_NN11_C1_syn916_5.png']
    #print(signed.values)
    res_enc = 4
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    signed_sig = np.zeros([res_enc, 180])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
        signed_sig[i, :] = signed.values[i*180:(i + 1)*180]
    print(signed_sig.shape)
    A = df1.values#np.random.normal(0, 0.1, [90, 180])
    encoded_sig = np.zeros([res_enc, 90])
    reconst_sig = []
    rec_mat = np.zeros([res_enc, 180])
    for k in range(0, res_enc):
        encoded_sig[k, :] = A.dot(signed_sig[k, :])
        encoded_sig[k, :] += np.random.normal(0, 0.01, [90])
        siggg = reconstruct(encoded_sig[k, :], A)
        rec_mat[k, :] = siggg.reshape(180)
        reconst_sig.append(siggg)

    x, y = image_points(reconst_sig)
    print('size x: {} sixe y: {}'.format(len(x), len(y)))
    wx = []
    wy = []
    for i in range(0, len(x)):
        if x[i] > -64 and x[i] < (2 * 128 - 64) and y[i] > -64 and y[i] < (2 * 128 - 64):
            section[64 + x[i], 64 + y[i], 0] = 255
            section[64 + x[i], 64 + y[i], 1] = 0
            section[64 + x[i], 64 + y[i], 2] = 255
            if x[i] >= 0 and x[i] <= 128 and y[i] >= 0 and y[i] <= 128:
                wx.append(x[i])
                wy.append(y[i])

    #meanx, meany = clusterPoints(wx, wy, 15)
    meanx, meany = clusterMeanShift(wx, wy, 0.5) #0.5 not in use :)

    print(np.round(meany).astype('int'))
    for i in range(0, len(meanx)):
        if meanx[i] > -64 and meanx[i] < (2*128 - 64) and meany[i] > -64 and meany[i] < (2*128 - 64):
            section[64 + np.round(meanx[i]).astype('int'), 64 + np.round(meany[i]).astype('int'), 0] = 0
            section[64 + np.round(meanx[i]).astype('int'), 64 + np.round(meany[i]).astype('int'), 1] = 255
            section[64 + np.round(meanx[i]).astype('int'), 64 + np.round(meany[i]).astype('int'), 2] = 0
    #cv2.imshow('pred', section[128:192, 96:160, :])

    #cv2.imwrite('ClusterBand.png', section[128:192, 96:160, :])
    #cv2.waitKey(0)

    print(np.mean(np.power(np.random.normal(0, 0.1, [90]), 2)))
    '''plt.imshow(A[30:36, 20:21], interpolation='nearest', extent=[0, 10, 0, 60]).set_cmap('hot')
    plt.colorbar()
    plt.show()'''
    plt.subplot(3, 1, 1)
    plt.imshow(signed_sig*180, interpolation='nearest', extent=[0, 180, 0, 40])
    plt.axis('off')
    plt.colorbar()
    plt.title('Original Signal')
    plt.subplot(3, 1, 2)
    plt.imshow(encoded_sig, interpolation='nearest', extent=[0, 90, 0, 40]).set_cmap('hot')
    plt.axis('off')
    plt.colorbar()
    plt.title('Encoded Signal W/MSE cost of 1x10^-4')
    plt.subplot(3, 1, 3)
    plt.imshow(rec_mat*180, interpolation='nearest', extent=[0, 180, 0, 40])
    plt.axis('off')
    plt.colorbar()
    plt.title('Reconstructed Signal')

    plt.show()
    '''
    plt.scatter(wx, wy, c='p', label='Reconstructed')
    plt.scatter(meany, meanx, c='g', label='Cluster centers')'''

    centers = [[1, 2], [1, -1], [2, -2]]
    X, _ = make_blobs(n_samples=1000, centers=centers, cluster_std=0.6)

    ax, ay = clusterMeanShift(X[:, 0], X[:, 1], 0.2)


    '''plt.scatter(X[:, 0], X[:, 1], c='b', label='All data points')
    plt.scatter(ax, ay, c='r', label='Cluster centers')

    #plt.ylim(0, )

    plt.title('Mean Shift Clustering')
    plt.xlabel('px')
    plt.ylabel('py')


    plt.legend()
    plt.show()'''




    cX = np.column_stack((wx, wy))
    clust = linkage(cX, 'ward')

    fancy_dendrogram(
        clust,
        truncate_mode='lastp',
        p=12,
        leaf_rotation=90.,
        leaf_font_size=12.,
        show_contracted=True,
        annotate_above=15,
        max_d=10,  # plot a horizontal cut-off line
    )
    #plt.show()








if __name__ == '__main__':
    main()






attachments/testNoise.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math
from scipy.cluster.hierarchy import dendrogram, linkage, fcluster, fclusterdata, to_tree
from sklearn.cluster import MeanShift, estimate_bandwidth
import cvxpy as cvx


DATA_RELATIVE = '../'
#/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C1-syn9/Annotated/syn1
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Transformed/'
#DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_1_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_noise_1.csv'
DATA_4_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_noise_4.csv'
DATA_8_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_noise_8.csv'
DATA_16_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_noise_16.csv'
DATA_32_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_noise_32.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        true_r = int(R) + int(r)
        if true_r >= 180:
            true_r = 179
        sigDist[i, true_r] = distance/(R*2)# Normalized distance

    return sigDist

def reconstruct(encoded, A):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

    approx_n = np.array(np.transpose(encoded))
    print(len(approx_n))
    print(approx_n.shape)
    vx = cvx.Variable(2 * int(R))
    objective = cvx.Minimize(cvx.norm(vx, 1))
    constraints = [A * vx == approx_n]
    prob = cvx.Problem(objective, constraints)
    result = prob.solve(verbose=True)
    reconst = vx.value
    #optimized.append(np.array(vx.value * (2 * R)))
    return reconst

def clusterPoints(ox, oy, cutoff):
    x = []
    y = []
    for t in range(0, len(ox)):
        if ox[t] < 128 + 5 and ox[t] > -5 and oy[t] < 128 + 5 and oy[t] > -5:
            x.append(ox[t])
            y.append(oy[t])
    if not x:
        return None, None
    elif len(x) == 1:
        return x, y
    else:
        cX = np.zeros([len(x), 2])
        cX[:, 0] = x
        cX[:, 1] = y
        #print(cX)
        clust = fclusterdata(cX, cutoff, criterion='distance')
        n = clust.max()
        indices = []
        for cluster_number in range(1, n + 1):
            indices.append(np.where(clust == cluster_number)[0])
        n_clust = clust.max()
        x1 = []
        y1 = []
        meanx = []  # np.empty([num_clusters, 2])
        meany = []
        #colors = cm.rainbow(np.linspace(0, 1, len(indices)))
        #plt.figure(figsize=(14, 7))
        #plt.title('Clusters')
        for k, ind in enumerate(indices):
            #print("cluster", k + 1, "is", ind)

            for i in ind:
                x1.append(cX[i, 0])
                y1.append(cX[i, 1])
                print(cX[i, 0])

                #plt.scatter(cX[i, 0], cX[i, 1], color=colors[k])

            meanx.append(np.mean(x1))
            meany.append(np.mean(y1))

            x1.clear()
            y1.clear()
        #plt.show()
        #print(meanx)
        return meanx, meany

def clusterMeanShift(ox, oy, quantile):
    x = []
    y = []
    for t in range(0, len(ox)):
        if ox[t] < 128 + 5 and ox[t] > -5 and oy[t] < 128 + 5 and oy[t] > -5:
            x.append(ox[t])
            y.append(oy[t])
    if not x:
        return np.array(x), np.array(y)
    elif len(x) == 1 or len(x) == 2 or len(x) == 3:
        return np.array(x), np.array(y)
    else:
        '''bandwidth = 0
        range_q = np.arange(quantile, 0.9, 0.05)
        for quant in range_q:
            bandwidth = estimate_bandwidth(np.transpose([x, y]), quantile=quant)
            if bandwidth > 0:
                break'''
        bandwidth = 10
        ms = MeanShift(bandwidth=bandwidth, bin_seeding=True)
        ms.fit(np.transpose([x, y]))
        labels = ms.labels_
        cluster_centers = ms.cluster_centers_

        labels_unique = np.unique(labels)
        n_clusters_ = len(labels_unique)

        print("number of estimated clusters : %d" % n_clusters_)

        cent_cl = np.transpose(cluster_centers)
        meanx, meany = cent_cl
        return meanx, meany

def image_points(recon, res_enc):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    x = []
    y = []

    sparse = 0
    for i in range(0, res_enc):
        approx = recon[i]
        for k in range(0, len(approx)):
            if math.pow(approx[k, 0] * 180, 2) > 1e-4:
                sparse += 1
                print('in')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - approx[k, 0] * 180 * math.sin(
                    LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + approx[k, 0] * 180 * math.cos(
                    LineP[i, 0])).astype("int")
                x.append(temp_x)
                y.append(temp_y)
                print('x: {}, y: {}'.format(temp_x, temp_y))
    return x, y

def reconstruct(encoded, A):
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

    approx_n = np.array(np.transpose(encoded))
    print(len(approx_n))
    print(approx_n.shape)
    vx = cvx.Variable(2 * int(R))
    objective = cvx.Minimize(cvx.norm(vx, 1))
    constraints = [A * vx == approx_n]
    prob = cvx.Problem(objective, constraints)
    result = prob.solve(verbose=True)
    reconst = vx.value
    #optimized.append(np.array(vx.value * (2 * R)))
    return reconst

def evaluate_euclid(x, y, rx, ry):
    error = []
    for l in range(0, len(x)):
        dist = []
        for m in range(0, len(rx)):
            euclid = np.sqrt(np.power((x[l] - rx[m]), 2) + np.power((y[l] - ry[m]), 2))
            dist.append(euclid)
        if not dist:
            dist.append(np.sqrt(2*np.power(128, 2)))
        error.append(min(dist))
    mean_error = np.mean(error)

    return mean_error

def main():
    stepsize = 16
    DATA_START = True
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    sens_bern = np.random.binomial(1, 0.5, [90, 180])*2 - 1
    ini = 1
    tot = 0
    flag = False
    first = False
    for res_enc in [1, 4, 8, 16, 32]:
        mean_error = []
        mean_error_10 = []
        mean_error_1 = []
        mean_error_01 = []
        mean_error_001 = []
        mean_error_0001 = []
        mean_error_b = []
        mean_error_10_b = []
        mean_error_1_b = []
        mean_error_01_b = []
        mean_error_001_b = []
        mean_error_0001_b = []
        for q in range(15, 16):
            print(q)
            IMAGE = 'affTransformedImage' + str(q) + '.tif'
            # IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
            if IMAGE.endswith('.tif'):
                print(IMAGE)
                im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
                equ = cv2.equalizeHist(im)
                img = cv2.GaussianBlur(equ, (3, 3), 0.8)
                m, n = img.shape
                print(img.shape)
                npgt = np.zeros((m, n, 3))
                vert = cv2.flip(img, 0)
                hori = cv2.flip(img, 1)
                both = cv2.flip(img, -1)

                patch_size = 128
                R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

                LineP = np.zeros([res_enc, 3])
                for i in range(0, res_enc):
                    LineP[i, 0] = (2 * math.pi / res_enc) * i
                    LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0]))) #(patch_size / 2)
                    LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0]))) #(patch_size / 2)
                print(LineP)

                res = np.concatenate((both, hori, both), 0)
                res1 = np.concatenate((vert, img, vert), 0)
                res2 = np.concatenate((both, hori, both), 0)
                full = np.concatenate((res, res1, res2), 1)

                full2 = full.copy()
                full2[m:m+10, n:n+10] = 255
                '''Find ves-points'''
                for i in range(ini, 1000):
                    print('i: {}'.format(i))
                    rel = actSheet[actSheet["z"] == i]
                    ves = vesSheet[vesSheet["z"] == i]
                    if rel.size:
                        ini = i + 1
                        print(str(i) + 'act')
                        x = rel["x"]
                        y = rel["y"]
                        for j in x.index:
                            pr = 1
                            #npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                    if ves.size:
                        if not rel.size:
                            ini = i + 1
                        print(str(i) + 'ves')
                        vx = ves["x"]
                        vy = ves["y"]
                    if ves.size or rel.size:
                        break
                if not ves.size:
                    print('Image does not contain any vesicles')
                    break

                '''Check if section contains ves-points'''
                num_b = 0
                for j in range(m, (2*m + 127), stepsize):
                    for k in range(n, (2*n + 127), stepsize):
                        section = full[j - 128:j, k - 128:k]
                        section2 = section.copy()
                        #print('k: {}'.format(k))
                        #print('j: {}'.format(j))
                        #print('New section')
                        sigDist = np.zeros([res_enc, 2 * int(R)])

                        or_x = []
                        or_y = []
                        for ind in vx.index:
                            if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                                px = (vx[ind] + n) - (k - 128)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:1'.format(px, py))
                                or_x.append(py)
                                or_y.append(px)
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5), np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                                # if (py < 80):
                                    # first = True
                            if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                                restJ = j - m
                                insJ = 128 - restJ

                                if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                    px = (vx[ind] + n) - (k - 128)
                                    py = (insJ - vy[ind])
                                    print('px: {} , py {} type:2'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                                restK = k - n
                                insK = 128 - restK

                                if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                    px = (insK - vx[ind])
                                    py = (vy[ind] + m) - (j - 128)
                                    print('px: {} , py {} type:3'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                                restK = k - n*2
                                insK = n - restK

                                if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                    diff = (vx[ind] - insK)
                                    px = (128 - diff)
                                    py = (vy[ind] + m) - (j - 128)
                                    print('px: {} , py {} type:4'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                                restJ = j - 2*m
                                insJ = m - restJ
                                if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                    diff = (vy[ind] - insJ)
                                    px = (vx[ind] + n) - (k - 128)
                                    py = (128 - diff)
                                    print('px: {} , py {} type:5'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                                if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                    restJ = m - (j - 128)
                                    restK = n - (k - 128)
                                    px = restK - vx[ind]
                                    py = restJ - vy[ind]
                                    print('px: {} , py {} type:6'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                                if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                    restK = 2*n - (k - 128)
                                    px = (n - vx[ind]) + restK
                                    py = (m - (j - 128)) - vy[ind]
                                    print('px: {} , py {} type:7'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                                if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                    restK = 2*n - (k - 128)
                                    restJ = 2*m - (j - 128)
                                    px = (n - vx[ind]) + restK
                                    py = (m - vy[ind]) + restJ
                                    print('px: {} , py {} type:8'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True
                            if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                                if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                    restK = n - (k - 128)
                                    restJ = vy[ind] - (m - (k - 2*m))
                                    px = restK - vx[ind]
                                    py = 128 - restJ
                                    print('px: {} , py {} type:9'.format(px, py))
                                    or_x.append(py)
                                    or_y.append(px)
                                    section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                    np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                    sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                    first = True


                        if first:
                            tot += 1
                            num_b += 1
                            print('Number of signals: {}'.format(tot))
                            IMAGE_N = 'affTransformedImage_NN11_C1_syn9' + str(q) + '_' + str(num_b) + '.png'
                            for noise in [0, 0.0001, 0.001, 0.01, 0.1, 1]:
                                encoded = []
                                encoded_bern = []
                                sensY = np.zeros([res_enc, int(R)])
                                sensY_bern = np.zeros([res_enc, int(R)])
                                reconst_sig = []
                                reconst_sig_bern = []
                                for i in range(0, res_enc):
                                    sensY[i, :] = sens.dot(sigDist[i, :])
                                    sensY[i, :] += np.random.normal(0, noise, [90])
                                    sensY_bern[i, :] = sens_bern.dot(sigDist[i, :])
                                    sensY_bern[i, :] += np.random.normal(0, noise, [90])
                                    reconst_sig.append(reconstruct(sensY[i, :], sens))
                                    reconst_sig_bern.append(reconstruct(sensY_bern[i, :], sens_bern))
                                    #encoded = np.concatenate((encoded, sensY[i, :]), 0)
                                    #encoded_bern = np.concatenate((encoded_bern, sensY_bern[i, :]), 0)
                                rx, ry = image_points(reconst_sig, res_enc)
                                rxb, ryb = image_points(reconst_sig_bern, res_enc)
                                wx, wy = clusterMeanShift(rx, ry, 0.3)
                                wxb, wyb = clusterMeanShift(rxb, ryb, 0.3)
                                if not wx.any() and not wy.any():
                                    if noise == 0:
                                        mean_error.append(181)
                                        mean_error_b.append(181)
                                    elif noise == 0.0001:
                                        mean_error_0001.append(181)
                                        mean_error_0001_b.append(181)
                                    elif noise == 0.001:
                                        mean_error_001.append(181)
                                        mean_error_001_b.append(181)
                                    elif noise == 0.01:
                                        mean_error_01.append(181)
                                        mean_error_01_b.append(181)
                                    elif noise == 0.1:
                                        mean_error_1.append(181)
                                        mean_error_1_b.append(181)
                                    elif noise == 1:
                                        mean_error_10.append(181)
                                        mean_error_10_b.append(181)
                                else:
                                    if noise == 0:
                                        mean_error.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                                    elif noise == 0.0001:
                                        mean_error_0001.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_0001_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                                    elif noise == 0.001:
                                        mean_error_001.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_001_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                                    elif noise == 0.01:
                                        mean_error_01.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_01_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                                    elif noise == 0.1:
                                        mean_error_1.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_1_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                                    elif noise == 1:
                                        mean_error_10.append(evaluate_euclid(or_x, or_y, wx, wy))
                                        mean_error_10_b.append(evaluate_euclid(or_x, or_y, wxb, wyb))
                            first = False
                            if num_b == 100:
                                break
                    if num_b == 100:
                        break


        if DATA_START:
            #print(encoded)
            df32 = pd.DataFrame([180])
            df1 = pd.DataFrame([180])
            df4 = pd.DataFrame([180])
            df8 = pd.DataFrame([180])
            df16 = pd.DataFrame([180])

            '''When in use'''
            df1.to_csv(DATA_1_OUT, index=None)
            df4.to_csv(DATA_4_OUT, index=None)
            df8.to_csv(DATA_8_OUT, index=None)
            df16.to_csv(DATA_16_OUT, index=None)
            df32.to_csv(DATA_32_OUT, index=None)
            DATA_START = False

        if res_enc == 1:
            df1['1'] = [np.mean(mean_error_10)]
            df1['0.1'] = [np.mean(mean_error_1)]
            df1['0.01'] = [np.mean(mean_error_01)]
            df1['0.001'] = [np.mean(mean_error_001)]
            df1['0.0001'] = [np.mean(mean_error_0001)]
            df1['0'] = [np.mean(mean_error)]
            df1['1b'] = [np.mean(mean_error_10_b)]
            df1['0.1b'] = [np.mean(mean_error_1_b)]
            df1['0.01b'] = [np.mean(mean_error_01_b)]
            df1['0.001b'] = [np.mean(mean_error_001_b)]
            df1['0.0001b'] = [np.mean(mean_error_0001_b)]
            df1['0b'] = [np.mean(mean_error_b)]
            df1.to_csv(DATA_1_OUT, index=None)
        elif res_enc == 4:
            df4['1'] = [np.mean(mean_error_10)]
            df4['0.1'] = [np.mean(mean_error_1)]
            df4['0.01'] = [np.mean(mean_error_01)]
            df4['0.001'] = [np.mean(mean_error_001)]
            df4['0.0001'] = [np.mean(mean_error_0001)]
            df4['0'] = [np.mean(mean_error)]
            df4['1b'] = [np.mean(mean_error_10_b)]
            df4['0.1b'] = [np.mean(mean_error_1_b)]
            df4['0.01b'] = [np.mean(mean_error_01_b)]
            df4['0.001b'] = [np.mean(mean_error_001_b)]
            df4['0.0001b'] = [np.mean(mean_error_0001_b)]
            df4['0b'] = [np.mean(mean_error_b)]
            df4.to_csv(DATA_4_OUT, index=None)
        elif res_enc == 8:
            df8['1'] = [np.mean(mean_error_10)]
            df8['0.1'] = [np.mean(mean_error_1)]
            df8['0.01'] = [np.mean(mean_error_01)]
            df8['0.001'] = [np.mean(mean_error_001)]
            df8['0.0001'] = [np.mean(mean_error_0001)]
            df8['0'] = [np.mean(mean_error)]
            df8['1b'] = [np.mean(mean_error_10_b)]
            df8['0.1b'] = [np.mean(mean_error_1_b)]
            df8['0.01b'] = [np.mean(mean_error_01_b)]
            df8['0.001b'] = [np.mean(mean_error_001_b)]
            df8['0.0001b'] = [np.mean(mean_error_0001_b)]
            df8['0b'] = [np.mean(mean_error_b)]
            df8.to_csv(DATA_8_OUT, index=None)
        elif res_enc == 16:
            df16['1'] = [np.mean(mean_error_10)]
            df16['0.1'] = [np.mean(mean_error_1)]
            df16['0.01'] = [np.mean(mean_error_01)]
            df16['0.001'] = [np.mean(mean_error_001)]
            df16['0.0001'] = [np.mean(mean_error_0001)]
            df16['0'] = [np.mean(mean_error)]
            df16['1b'] = [np.mean(mean_error_10_b)]
            df16['0.1b'] = [np.mean(mean_error_1_b)]
            df16['0.01b'] = [np.mean(mean_error_01_b)]
            df16['0.001b'] = [np.mean(mean_error_001_b)]
            df16['0.0001b'] = [np.mean(mean_error_0001_b)]
            df16['0b'] = [np.mean(mean_error_b)]
            df16.to_csv(DATA_16_OUT, index=None)
        elif res_enc == 32:
            df32['1'] = [np.mean(mean_error_10)]
            df32['0.1'] = [np.mean(mean_error_1)]
            df32['0.01'] = [np.mean(mean_error_01)]
            df32['0.001'] = [np.mean(mean_error_001)]
            df32['0.0001'] = [np.mean(mean_error_0001)]
            df32['0'] = [np.mean(mean_error)]
            df32['1b'] = [np.mean(mean_error_10_b)]
            df32['0.1b'] = [np.mean(mean_error_1_b)]
            df32['0.01b'] = [np.mean(mean_error_01_b)]
            df32['0.001b'] = [np.mean(mean_error_001_b)]
            df32['0.0001b'] = [np.mean(mean_error_0001_b)]
            df32['0b'] = [np.mean(mean_error_b)]
            df32.to_csv(DATA_32_OUT, index=None)




    ''' when in use'''




if __name__ == '__main__':
    main()






attachments/testNoisePlot.py

import os
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import cv2
import math
import cvxpy as cvx

RES_GAUSS = '/Users/simentofteberg/Dropbox/train_200_ae/test.csv'
DATA_1_OUT = '/Users/simentofteberg/Dropbox/train_200_ae/TestData/test_noise_1.csv'
DATA_4_OUT = '/Users/simentofteberg/Dropbox/train_200_ae/TestData/test_noise_4.csv'
DATA_8_OUT = '/Users/simentofteberg/Dropbox/train_200_ae/TestData/test_noise_8.csv'
DATA_16_OUT = '/Users/simentofteberg/Dropbox/train_200_ae/TestData/test_noise_16.csv'
DATA_32_OUT = '/Users/simentofteberg/Dropbox/train_200_ae/TestData/test_noise_32.csv'


def main():
    df1 = pd.read_csv(DATA_1_OUT)
    df4 = pd.read_csv(DATA_4_OUT)
    df8 = pd.read_csv(DATA_8_OUT)
    df16 = pd.read_csv(DATA_16_OUT)
    df32 = pd.read_csv(DATA_32_OUT)

    obs1 = []
    obs4 = []
    obs8 = []
    obs16 = []
    obs32 = []
    obs1b = []
    obs4b = []
    obs8b = []
    obs16b = []
    obs32b = []

    sd = []
    loss1 = []
    loss2 = []
    loss3 = []
    loss4 = []
    loss5 = []
    for j in range(0, 100):
        loss1.append(np.power(np.random.normal(0, 0.0001, [90]), 2))
        loss2.append(np.power(np.random.normal(0, 0.001, [90]), 2))
        loss3.append(np.power(np.random.normal(0, 0.01, [90]), 2))
        loss4.append(np.power(np.random.normal(0, 0.1, [90]), 2))
        loss5.append(np.power(np.random.normal(0, 1, [90]), 2))
    print('Loss: 0, {}, {}, {}, {}, {}'.format(np.mean(loss1), np.mean(loss2), np.mean(loss3), np.mean(loss4), np.mean(loss5)))
    xaxis = [0, np.mean(loss1), np.mean(loss2), np.mean(loss3), np.mean(loss4), np.mean(loss5)]


    for i in [0, 0.0001, 0.001, 0.01, 0.1, 1]:
        obs1.append(df1[str(i)])
        obs4.append(df4[str(i)])
        obs8.append(df8[str(i)])
        obs16.append(df16[str(i)])
        obs32.append(df32[str(i)])
        obs1b.append(df1[str(i) + 'b'])
        obs4b.append(df4[str(i) + 'b'])
        obs8b.append(df8[str(i) + 'b'])
        obs16b.append(df16[str(i) + 'b'])
        obs32b.append(df32[str(i) + 'b'])

        sd.append(i)

    #fig = plt.figure()
    #ax = plt.axes()
    '''
    {'b', 'g', 'r', 'c', 'm', 'y', 'k', 'w'}'''


    plt.semilogx(sd, obs1, '-.', c='r', label='1-OA-Gaussian')
    plt.semilogx(sd, obs4, '-.', c='g', label='4-OA-Gaussian')
    plt.semilogx(sd, obs8, '-.', c='b', label='8-OA-Gaussian')
    plt.semilogx(sd, obs16, '-.', c='c', label='16-OA-Gaussian')
    plt.semilogx(sd, obs32, '-.', c='m', label='32-OA-Gaussian')
    plt.semilogx(sd, obs1b, '--', c='y', label='1-OA-Bernoulli')
    plt.semilogx(sd, obs4b, '--', c='k', label='4-OA-Bernoulli')
    plt.semilogx(sd, obs8b, '--', c='r', label='8-OA-Bernoulli')
    plt.semilogx(sd, obs16b, '--', c='b', label='16-OA-Bernoulli')
    plt.semilogx(sd, obs32b, '--', c='g', label='32-OA-Bernoulli')
    plt.ylim(0, 25)

    plt.title('Mean Error with Gaussian Noise and Mean Shift Clustering')
    plt.xlabel('Standard Deviation')
    plt.ylabel('Euclidean Mean Error')

    '''plt.semilogx(xaxis, obs1, '-.', c='r', label='1-OA-Gaussian')
    plt.semilogx(xaxis, obs4, '-.', c='g', label='4-OA-Gaussian')
    plt.semilogx(xaxis, obs8, '-.', c='b', label='8-OA-Gaussian')
    plt.semilogx(xaxis, obs16, '-.', c='c', label='16-OA-Gaussian')
    plt.semilogx(xaxis, obs32, '-.', c='m', label='32-OA-Gaussian')
    plt.semilogx(xaxis, obs1b, '--', c='y', label='1-OA-Bernoulli')
    plt.semilogx(xaxis, obs4b, '--', c='k', label='4-OA-Bernoulli')
    plt.semilogx(xaxis, obs8b, '--', c='r', label='8-OA-Bernoulli')
    plt.semilogx(xaxis, obs16b, '--', c='b', label='16-OA-Bernoulli')
    plt.semilogx(xaxis, obs32b, '--', c='g', label='32-OA-Bernoulli')
    plt.ylim(0, 25)

    plt.title('Mean Error with Gaussian Noise and Mean Shift Clustering')
    plt.xlabel('MSE - Cost')
    plt.ylabel('Euclidean Mean Error')'''

    plt.legend()
    plt.show()




if __name__ == '__main__':
    main()






attachments/testSensCompress.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math
import cvxpy as cvx

DATA_RELATIVE = '../'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_OA_16_norm.csv'
RES_GAUSS = DATA_RELATIVE + DATA_RELATIVE + 'TestData/sum_gaussian.csv'
MEAN_GAUSS = DATA_RELATIVE + DATA_RELATIVE + 'TestData/mean_gaussian.csv'
RES_BERN = DATA_RELATIVE + DATA_RELATIVE + 'TestData/sum_bernoulli.csv'
MEAN_BERN = DATA_RELATIVE + DATA_RELATIVE + 'TestData/mean_bernoulli.csv'
RES_DFT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/sum_dft.csv'
MEAN_DFT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/mean_dft.csv'
RES_SPARSE = DATA_RELATIVE + DATA_RELATIVE + 'TestData/ksparse.csv'

def dftmatrix(Nfft=32,N=None):
    'construct DFT matrix'
    k = np.arange(Nfft)
    if N is None: N = Nfft
    n = np.arange(N)
    U = np.matrix(np.exp(1j* 2*np.pi/Nfft *k*n[:,None])) # use numpy broadcasting to create matrix
    return U/np.sqrt(Nfft)

def reconstruct(encoded, A):
    res_enc = 1
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    print(LineP)
    approx_n = np.array(np.transpose(encoded))
    print(len(approx_n))
    print(approx_n.shape)
    vx = cvx.Variable(2 * int(R))
    objective = cvx.Minimize(cvx.norm(vx, 1))
    constraints = [A * vx == approx_n]
    prob = cvx.Problem(objective, constraints)
    result = prob.solve(verbose=True)
    reconst = np.array(vx.value)
    #optimized.append(np.array(vx.value * (2 * R)))
    return reconst

def evaluate(orig, approx):
    res_enc = 1
    patch_size = 128
    R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))
    LineP = np.zeros([res_enc, 3])
    for i in range(0, res_enc):
        LineP[i, 0] = (2 * math.pi / res_enc) * i
        LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0])))  # (patch_size / 2)
        LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0])))  # (patch_size / 2)
    x = []
    y = []
    rx = []
    ry = []
    sparse = 0
    for i in range(0, res_enc):
        print(i)
        for k in range(0, len(orig)):
            if math.pow(orig[k]*180, 2) > 1e-4:
                sparse += 1
                print('in')
                temp_x = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - orig[k]* 180 * math.sin(
                    LineP[i, 0])).astype("int")
                temp_y = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + orig[k]* 180 * math.cos(
                    LineP[i, 0])).astype("int")
                x.append(temp_x)
                y.append(temp_y)
                print('x: {}, y: {}'.format(temp_x, temp_y))
            if math.pow(approx[k, 0]*180, 2) > 1e-4:
                temp_rx = np.round(LineP[i, 2] + (k - R) * math.cos(LineP[i, 0]) - approx[k, 0]* 180 * math.sin(
                    LineP[i, 0])).astype("int")
                temp_ry = np.round(LineP[i, 1] + (k - R) * math.sin(LineP[i, 0]) + approx[k, 0]* 180 * math.cos(
                    LineP[i, 0])).astype("int")
                rx.append(temp_rx)
                ry.append(temp_ry)
                print('rx: {}, ry: {}'.format(temp_rx, temp_ry))
    error = []
    sum_error = 0
    for l in range(0, len(x)):
        dist = []
        for m in range(0, len(rx)):
            euclid = np.sqrt(np.power((x[l] - rx[m]), 2) + np.power((y[l] - ry[m]), 2))
            dist.append(euclid)
        if not dist:
            dist.append(np.sqrt(2*np.power(128, 2)))
        error.append(min(dist))
        sum_error += min(dist)
    mean_error = np.mean(error)

    return sparse, sum_error, mean_error


def main():
    data = pd.read_csv(DATA_CSV_OUT)
    res_gauss = pd.DataFrame()
    res_bern = pd.DataFrame()
    for i in range(180, 0, -5):
        A_gauss = np.random.normal(0, 0.1, [i, 180])
        A_bern = np.random.binomial(1, 0.5, [i, 180])*2 - 1
        A_dft = dftmatrix(180, i)
        sum_for_g = 0
        mean_elements_g = []
        sparse_elements = []
        sum_for_b = 0
        mean_elements_b = []
        sum_for_d = 0
        mean_elements_d = []
        for k in range(100, 200):
            sig = data[str(k)]

            sig_gauss = A_gauss.dot(sig.values)
            sig_bern = A_bern.dot(sig.values)
            sig_dft = A_dft.dot(sig.values)

            recon_gauss = reconstruct(sig_gauss, A_gauss)
            recon_bern = reconstruct(sig_bern, A_bern)
            recon_dft = reconstruct(sig_dft, A_dft)

            #print(sig.values)
            #print(recon_gauss)

            #print('Shape of recon: {}'.format(recon_gauss.shape))
            #print('Shape of sig: {}'.format(np.array(sig.values).shape))


            t, summer, meaner = evaluate(sig.values, recon_gauss)
            t_b, summer_b, meaner_b = evaluate(sig.values, recon_bern)
            t_d, summer_d, meaner_d = evaluate(sig.values, recon_dft)

            print('gauss: sparsity: {}, sum_error: {}, mean_error: {}'.format(t, summer, meaner))

            sparse_elements.append(t)
            sum_for_g += summer
            sum_for_b += summer_b
            sum_for_d += summer_d
            mean_elements_g.append(meaner)
            mean_elements_b.append(meaner_b)
            mean_elements_d.append(meaner_d)
            #print(sig.values)
            #print(recon_gauss)
        if i == 180:
            '''
            ksparse = pd.DataFrame([np.mean(sparse_elements)])
            sum_g = pd.DataFrame([sum_for_g])
            mean_g = pd.DataFrame([np.mean(mean_elements_g)])
            sum_b = pd.DataFrame([sum_for_b])
            mean_b = pd.DataFrame([np.mean(mean_elements_b)])
            ksparse.to_csv(RES_SPARSE, index=None)
            sum_g.to_csv(RES_GAUSS, index=None)
            mean_g.to_csv(MEAN_GAUSS, index=None)
            sum_b.to_csv(RES_BERN, index=None)
            mean_b.to_csv(MEAN_BERN, index=None)'''
            sum_d = pd.DataFrame([sum_for_d])
            mean_d = pd.DataFrame([np.mean(mean_elements_d)])
        '''ksparse[str(i)] = [np.mean(sparse_elements)]
        sum_g[str(i)] = [sum_for_g]
        mean_g[str(i)] = [np.mean(mean_elements_g)]
        sum_b[str(i)] = [sum_for_b]
        mean_b[str(i)] = [np.mean(mean_elements_b)]'''
        sum_d[str(i)] = [sum_for_d]
        mean_d[str(i)] = [np.mean(mean_elements_d)]
    '''ksparse.to_csv(RES_SPARSE, index=None)
    sum_g.to_csv(RES_GAUSS, index=None)
    mean_g.to_csv(MEAN_GAUSS, index=None)
    sum_b.to_csv(RES_BERN, index=None)
    mean_b.to_csv(MEAN_BERN, index=None)'''
    sum_d.to_csv(RES_DFT, index=None)
    mean_d.to_csv(MEAN_DFT, index=None)









if __name__ == '__main__':
    main()






attachments/testSensCompressVisual.py

import os
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
import cv2
import math
import cvxpy as cvx

RES_GAUSS = '/Users/simentofteberg/Dropbox/train_200_ae/sum_gaussian.csv'
MEAN_GAUSS = '/Users/simentofteberg/Dropbox/train_200_ae/mean_gaussian.csv'
RES_BERN = '/Users/simentofteberg/Dropbox/train_200_ae/sum_bernoulli.csv'
MEAN_BERN = '/Users/simentofteberg/Dropbox/train_200_ae/mean_bernoulli.csv'
RES_DFT = '/Users/simentofteberg/Dropbox/train_200_ae/sum_dft.csv'
MEAN_DFT = '/Users/simentofteberg/Dropbox/train_200_ae/mean_dft.csv'

#RES_DFT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/dft.csv'
RES_SPARSE = '/Users/simentofteberg/Dropbox/train_200_ae/ksparse.csv'

def main():
    ksparse = pd.read_csv(RES_SPARSE)
    sum_g = pd.read_csv(RES_GAUSS)
    mean_g = pd.read_csv(MEAN_GAUSS)
    sum_b = pd.read_csv(RES_BERN)
    mean_b = pd.read_csv(MEAN_BERN)
    sum_d = pd.read_csv(RES_DFT)
    mean_d = pd.read_csv(MEAN_DFT)
    k = []
    sumg = []
    meang = []
    sumb = []
    meanb = []
    sumd = []
    meand = []
    crate = []
    for i in range(180, 0, -5):
        k.append(ksparse[str(i)].values)
        sumg.append(sum_g[str(i)].values)
        meang.append(mean_g[str(i)].values)
        sumb.append(sum_b[str(i)].values)
        meanb.append(mean_b[str(i)].values)
        sumd.append(sum_d[str(i)].values)
        meand.append(mean_d[str(i)].values)
        crate.append(180/i)
    print('im')
    sparsity = np.mean(k)
    print(sparsity)
    #fig = plt.figure()
    #ax = plt.axes()
    '''
    plt.plot(crate, sumg, '-.r', label='Gaussian')
    plt.plot(crate, sumb, '-.c', label='Bernoulli')
    plt.plot(crate, sumd, '-.b', label='DFT')
    plt.title('Sum of Error in Euclidean Distance')
    plt.xlabel('Compression rate')
    plt.ylabel('Sum of Error')
    plt.legend()
    plt.show()'''

    plt.plot(crate[14:29], meang[14:29], '-.r', label='Gaussian')
    plt.plot(crate[14:29], meanb[14:29], '-.c', label='Bernoulli')
    #plt.plot(crate[14:29], meand[14:29], '-.b', label='DFT')
    plt.title('Mean Error in Euclidean Distance')
    plt.xlabel('Compression rate')
    plt.ylabel('Mean Error')
    plt.legend()
    plt.show()
    '''plt.plot(crate, meang, '-.r', label='Gaussian')
    plt.plot(crate, meanb, '-.c', label='Bernoulli')
    plt.plot(crate, meand, '-.b', label='DFT')
    plt.title('Mean Error in Euclidean Distance')
    plt.xlabel('Compression rate')
    plt.ylabel('Mean Error')
    plt.legend()
    plt.show()'''




if __name__ == '__main__':
    main()






attachments/testSensSize.py

import os
import pandas as pd
import numpy as np
import matplotlib as plt
import cv2
import math


DATA_RELATIVE = '../'
#/Volumes/Seagate Backup Plus Drive/ELEMAS/VesicleMasterOpgave/Data/NN11/C1-syn9/Annotated/syn1
DATA_PATH_ACT = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/ActPointsAllInterp.csv'
DATA_PATH_VES = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Annotated/syn1/VesPointsAll.csv'
# DATA_PATH_ACT_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN3 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn3/VesPointsAll.csv'
# DATA_PATH_ACT_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/ActPointsAllInterp.csv'
# DATA_PATH_VES_SYN4 = '/Users/simentofteberg/Documents/Master/ELEMAS/VesicleMasterOpgave/Data/NN11/C4-syn2&4&6/Annotated/syn4/VesPointsAll.csv'
DATA_PATH_TRA = DATA_RELATIVE + DATA_RELATIVE + 'data_original/NN11/C1-syn9/Transformed/'
DATA_OUT = DATA_RELATIVE + DATA_RELATIVE + 'Transformed_Signed_Distances_16_HE/'
DATA_CSV_OUT = DATA_RELATIVE + DATA_RELATIVE + 'TestData/test_OA_16_norm.csv'
DATA_SENS_MAT = DATA_RELATIVE + 'sensing_matrices/sens_0_01_90x180.csv'

def encodePoint(res_enc, px, py, LineP, sigDist, R):
    for i in range(0, res_enc):
        r = round(((py - LineP[i, 2]) * math.cos((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.sin(LineP[i, 0])))

        distance = - ((py - LineP[i, 2]) * math.sin((LineP[i, 0]))) + ((px - LineP[i, 1]) * math.cos(LineP[i, 0]))
        # print('R: {} r: {} distance: {}'.format(R, r, distance))
        sigDist[i, int(R) + int(r)] = distance/(R*2)# Normalized distance

    return sigDist

def main():
    stepsize = 16
    DATA_START = True
    actSheet = pd.read_csv(DATA_PATH_ACT)
    vesSheet = pd.read_csv(DATA_PATH_VES)
    df1 = pd.read_csv(DATA_SENS_MAT, header=None)
    sens = df1.values
    ini = 1
    tot = 0
    flag = False
    first = False
    for q in range(15, 16):
        print(q)
        IMAGE = 'affTransformedImage' + str(q) + '.tif'
        # IMAGENEW = 'affTransformedImage' + str(q) + '_gr.png'
        if IMAGE.endswith('.tif'):
            print(IMAGE)
            im = cv2.imread(DATA_PATH_TRA + IMAGE, -1)
            equ = cv2.equalizeHist(im)
            img = cv2.GaussianBlur(equ, (3, 3), 0.8)
            m, n = img.shape
            print(img.shape)
            npgt = np.zeros((m, n, 3))
            vert = cv2.flip(img, 0)
            hori = cv2.flip(img, 1)
            both = cv2.flip(img, -1)

            patch_size = 128
            R = (math.sqrt(math.pow(patch_size / 2, 2) + math.pow(patch_size / 2, 2)))

            res_enc = 1
            LineP = np.zeros([res_enc, 3])
            for i in range(0, res_enc):
                LineP[i, 0] = (2 * math.pi / res_enc) * i
                LineP[i, 1] = ((patch_size / 2) + R * math.cos((LineP[i, 0]))) #(patch_size / 2)
                LineP[i, 2] = ((patch_size / 2) - R * math.sin((LineP[i, 0]))) #(patch_size / 2)
            print(LineP)

            res = np.concatenate((both, hori, both), 0)
            res1 = np.concatenate((vert, img, vert), 0)
            res2 = np.concatenate((both, hori, both), 0)
            full = np.concatenate((res, res1, res2), 1)

            full2 = full.copy()
            full2[m:m+10, n:n+10] = 255
            '''Find ves-points'''
            for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        pr = 1
                        #npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                if ves.size or rel.size:
                    break
            if not ves.size:
                print('Image does not contain any vesicles')
                break

            '''Check if section contains ves-points'''
            num_b = 0
            for j in range(m, (2*m + 127), stepsize):
                for k in range(n, (2*n + 127), stepsize):
                    section = full[j - 128:j, k - 128:k]
                    section2 = section.copy()
                    #print('k: {}'.format(k))
                    #print('j: {}'.format(j))
                    #print('New section')
                    sigDist = np.zeros([res_enc, 2 * int(R)])
                    sensY = np.zeros([res_enc, 2 * int(R)])

                    for ind in vx.index:
                        if (((vy[ind] + m) <= j) and ((vy[ind] + m) >= (j-128))) and (((vx[ind] + n) <= k) and ((vx[ind] + n) >= k-128)):
                            px = (vx[ind] + n) - (k - 128)
                            py = (vy[ind] + m) - (j - 128)
                            print('px: {} , py {} type:1'.format(px, py))
                            section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5), np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                            sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                            first = True
                            # if (py < 80):
                                # first = True
                        if (((j - 128) - m) < 0) and ((k - n) > 0) and (((k - 128) - 2*n) < 0):
                            restJ = j - m
                            insJ = 128 - restJ

                            if (vy[ind] < insJ) and (vx[ind] < k - n) and (vx[ind] > (k - 128) - n):
                                px = (vx[ind] + n) - (k - 128)
                                py = (insJ - vy[ind])
                                print('px: {} , py {} type:2'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and (((k - 128) - n) < 0):
                            restK = k - n
                            insK = 128 - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] < insK):
                                px = (insK - vx[ind])
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:3'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - m) > 0) and (((j - 128) - 2*m) < 0) and ((k - 2*n) > 0):
                            restK = k - n*2
                            insK = n - restK

                            if (vy[ind] < j - m) and (vy[ind] > (j - 128) - m) and (vx[ind] > n - restK):
                                diff = (vx[ind] - insK)
                                px = (128 - diff)
                                py = (vy[ind] + m) - (j - 128)
                                print('px: {} , py {} type:4'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - n) > 0) and (((k-128) - 2*n) < 0):
                            restJ = j - 2*m
                            insJ = m - restJ
                            if (vy[ind] > m - restJ) and (vx[ind] > (k - 128) - n) and (vx[ind] < (k - n)):
                                diff = (vy[ind] - insJ)
                                px = (vx[ind] + n) - (k - 128)
                                py = (128 - diff)
                                print('px: {} , py {} type:5'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and (((k - 128) - n) < 0):
                            if (vy[ind] < (m - j)) and (vy[ind] < (n - k)):
                                restJ = m - (j - 128)
                                restK = n - (k - 128)
                                px = restK - vx[ind]
                                py = restJ - vy[ind]
                                print('px: {} , py {} type:6'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if (((j - 128) - m) < 0) and ((k - 2*n) > 0):
                            if (vy[ind] < (m - (j - 128))) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - (j - 128)) - vy[ind]
                                print('px: {} , py {} type:7'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and ((k - 2*n) > 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] > n - (k - 2*n)):
                                restK = 2*n - (k - 128)
                                restJ = 2*m - (j - 128)
                                px = (n - vx[ind]) + restK
                                py = (m - vy[ind]) + restJ
                                print('px: {} , py {} type:8'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True
                        if ((j - 2*m) > 0) and (((k - 128) - n) < 0):
                            if (vy[ind] > m - (j - 2*m)) and (vx[ind] < n - (k - 128)):
                                restK = n - (k - 128)
                                restJ = vy[ind] - (m - (k - 2*m))
                                px = restK - vx[ind]
                                py = 128 - restJ
                                print('px: {} , py {} type:9'.format(px, py))
                                section2[np.round(py).astype("int"):(np.round(py).astype("int") + 5),
                                np.round(px).astype("int"):(np.round(px).astype("int") + 5)] = 255
                                sigDist = encodePoint(res_enc, px, py, LineP, sigDist, R)
                                first = True


                    if first:
                        tot += 1
                        num_b += 1
                        print('Number of signals: {}'.format(tot))
                        #print('j : {}, k : {} Number of image patches with vesicles: {} Total: {}'.format(j, k, num_b, tot))
                        #full2[j - 128:j, k - 128:k] = 0
                        IMAGE_N = 'affTransformedImage_NN11_C1_syn9' + str(q) + '_' + str(num_b) + '.png'
                        encoded = []
                        for i in range(0, res_enc):
                            sensY[i, :] = sigDist[i, :] #sens.dot(sigDist[i, :])
                            encoded = np.concatenate((encoded, sensY[i, :]), 0)
                        if DATA_START:
                            print(encoded)
                            df = pd.DataFrame(encoded)
                            print(df)
                            '''When in use'''
                            df.to_csv(DATA_CSV_OUT, index=None)
                            DATA_START = False

                            #df = pd.read_csv('encoded_signal/encoded_signal_4_OA.csv')
                        df[str(tot)] = encoded #pd.DataFrame(encoded)
                            #df.to_csv(DATA_CSV_OUT, index=None)
                        #print(encoded)
                        #print(encoded.shape)
                        #if num_b == 113:
                            #cv2.imwrite('../../OUTPUT_TRAIN/OUT_DIR/cnncs_16x16x16_360_3/decoded/' + IMAGE_N, section2)

                        #cv2.imwrite(DATA_OUT + IMAGE_N, section)

                        #print(sensY)
                        #print(sensY.shape)
                        first = False
                        #break
                #if first:
                    #break

            #print(sigDist)
            #if section.size:
                #p, q = section.shape
                #print(section.shape)
                #cv2.imshow('section', section)
                #cv2.imshow('section2', section2)

            #cv2.imshow('full image', full)
            #cv2.imshow('full image 2', full2)
            #print(vx)
            #print(vy)
            ''' when in use'''
            df.to_csv(DATA_CSV_OUT, index=None)

            #cv2.waitKey(0)


            #break
            '''for i in range(ini, 1000):
                print('i: {}'.format(i))
                rel = actSheet[actSheet["z"] == i]
                ves = vesSheet[vesSheet["z"] == i]
                if rel.size:
                    ini = i + 1
                    print(str(i) + 'act')
                    x = rel["x"]
                    y = rel["y"]
                    for j in x.index:
                        npgt[np.round(y[j]).astype("int"), np.round(x[j]).astype("int"), 0] = 255
                if ves.size:
                    if not rel.size:
                        ini = i + 1
                    print(str(i) + 'ves')
                    vx = ves["x"]
                    vy = ves["y"]
                    for j in vx.index:
                        try:
                            npgt[np.round(vy[j]).astype("int"), np.round(vx[j]).astype("int"), 1] = 255
                        except ValueError:
                            print('ValueError: may be out of image indexing')
                if ves.size or rel.size:
                    kernel = np.ones((3, 3), np.uint8)
                    img_dilation = cv2.dilate(npgt, kernel, iterations=1)
                    cv2.imshow('Ground Truth', img_dilation)
                    # cv2.imwrite(DATA_PATH_GTR + IMAGENEW, img_dilation)
                    cv2.waitKey(0)
                    break'''
        #break


if __name__ == '__main__':
    main()






– Code for augmenting data with rotation

• matHistEqSmooth.py

– Code for histogram equalization and smoothing

• synthVesicle.py

– Code for making synthetic image patches and corresponding encoded signals

• testClusterData.py

– Code to make test data for cluster test

• testClusterPlot.py

– Code for testing post-processing

• testNoise.py

– Script to making data for noise test

• testNoisePlot.py

– Code for plotting noise test

• testSensCompress.py

– Script for compression rate test of CS

• testSensCompressVisual.py

– Plotting of compression rate test

• testSensSize.py

– Code to make data for compression rate test

• dilatepoints.py

– Code to dilate annotations and reconstructed image points

• PY dataset sd

– Folder containing scripts to make image patches and encoded signals for all anno-
tated rats
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