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Abstract

The focus of this thesis is the use of machine learning algorithms to perform next step
short term load forecasting on fifty five households in Stavanger, Norway. A dataset
containing electricity consumption data for more than one year is used to train and
evaluate a Feedforward Neural Network model and a Random Forest model. Weather

data, atmospheric data and calendric variables are also used to aid the forecasting task.

First, the implementation of the two models is introduced. Their architectures are given
and the rationale behind the design principles are explained. Then, for every household, a
separate neural network and random forest model are trained using the training dataset.
The models are tested using the testing dataset, to evaluate the models’ accuracy. The
models were trained and tested on three different but equivalent datasets. The difference
between them was the time resolution of the data. These resolutions are 1 hour, 15 minutes

and 1 day.

The implemented models achieved various levels of accuracy depending on the household
and the data resolution. Generally, the implemented Neural Network achieved higher
accuracy than its Random Forest counterpart. It was also discovered that the resolution

has a big influence on the outcome of the next step short term load forecasting task.
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Chapter 1

Introduction

1.1 Introduction to load forecasting

Electrical load forecasting is the prediction of the load (power) demand that an electricity
consumer will have in the future. Load forecasting is very important for utilities and
electricity distribution companies, which must ensure uninterrupted electricity supply to
their customers, while maintaining minimal costs in the energy production and transmission

process.

Load forecasting is becoming increasingly easier, from a technical point of view, as the
utilization of smart meters is becoming more and more common. The surge of smart meter
installations allows utility and distribution companies to collect an abundant amount of
electricity consumption data about their customers, which was not possible in the past.
This rich profusion of data opens many doors of opportunities in electricity data analysis.
Load forecasting is one such subfield of smart meter data analytics and it is of great

significance.

Load forecasting can be classified based on how far ahead in time the load prediction is

attempted. Based on this criteria, load forecast can be categorized in three groups [1]:

o Short term load forecast (a few minutes to 1 day ahead).
o Medium term load forecast (1 day to 1 year ahead).

o Long term load forecast (more than 1 year ahead).

This thesis will be focused on the next step short term load forecast. Specifically, the 15

minutes ahead, 1 hour ahead and 1 day ahead load forecasts will be studied.

1
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1.2 Motivation

Electricity is a very special type of commodity. It cannot be easily stored for later
use. The only storage strategy for electricity are batteries which can convert deposited
chemical energy to electrical energy. However, batteries are suitable for small scale energy
requirements and are rarely used by utilities to meet the high demand of large geographical
areas, because of their high cost. Although, such large scale batteries are not unheard of,
with the most well known example being the Hornsdale Power Reserve Battery in South
Australia built by Tesla Inc [2]. This giant battery has a voltage of approximately 100
megawatts (MW) and a storage capacity of 129 megawatt hours (MWh), which is enough
to power about 30,000 homes for 1 hour [3]. The construction cost of this battery has
been estimated at 50 million USD [4].

The lack of means to store electrical energy signifies that the production companies
constantly need to struggle with the necessity to match the supply with the demand. The
motivation behind short term load forecasting is the goal to provide these companies
with an accurate prediction of future energy demands by their costumers, so that their

production is planned accordingly.

Failing to match the supply with the demand leads to two possible situations: undersupply
or oversupply. Undersupply is the situation where the consumers require more energy than
it is being produced at the given moment. Obviously, it leads to a power outage and a
lot of consequences that come with it. Oversupply is the situation where more electrical
energy is being produced than it is needed. This excess energy has to be disposed, or sold

at a lower price. Both actions imply financial loss.

In the future, if technologies like Hornsdale Power Reserve Battery start to catch up, load
forecasting may lose its importance. Undersupply can be solved by using the stored energy
in batteries, while overupply can be overcome by storing the excess energy. However, until
such technologies become ordinary, short term load forecasting has a powerful role in the

industry.

1.3 Problem description

Short term load forecasting is the prediction of the load demand that specific consumers
will have in the near future. The near future may be the next few minutes, the next
hour, or even the next day. The load demand can be predicted by analyzing historical
load demand data and other data, such as weather and atmospheric parameters, calendric

variables, etc.
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There are many slight variations to the problem of load forecasting. This thesis is concerned
with the next step average load forecast. A time step, or step, is defined as a specific time
interval whose duration is equal to the time resolution of the available data. For example,
if the time resolution at hand is 1 hour, the next step is the next hour from now. So, in
other words, this thesis is concerned with the task of forecasting the average electric load

demand that a specific consumer will have in the next time interval from now.

1.4 Research question

The problem described above is relatively broad. There are many techniques that can be
used to perform a load forecast, which will also be discussed later on. The Feedforward
Neural Network and Random Forest are supervised machine learning techniques that are
very common for regression analysis. These techniques implemented and evaluated here
using real data at different resolutions. The aim of this thesis can be summarized by the

following questions:

e Are the Feedforward Neural Network and Random Forest models capable of per-

forming accurate load demand forecasts?
e How well do these two machine learning models perform at different data resolutions?

e Which machine learning model forecasts the next step load demand more accurately:

Feedforward Neural Network or Random Forest?

1.5 Planned contribution

Part of the goal of this research thesis is to implement a highly accurate load forecasting
model. However, regardless of the achieved accuracy, the evaluation of the forecasting
capabilities of the implemented Feedforward Neural Network and Random Forest, in

general, is also important.

In addition, the models under consideration will be tested and evaluated using three
different data resolutions: 15 minutes, 1 hour and 1 day resolutions. This is important to

understand how the load demand patterns are manifested at different resolutions.
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1.6 Outline of the thesis

This thesis has 7 chapters. In the first chapter, an introduction to the problem of short

term load forecasting is given and the research questions of this thesis are stated.

In the second chapter, a few basic scientific concepts that are essential to understand the

thesis are explained. These concepts are related to machine learning and the electric grid.

Next, some related works to smart meter data analytics are discussed, with a special focus

on load forecasting.

The Solution Approach chapter is the most important part, where the case study is
presented, along with the techniques used to solve the problem of short term load forecasting
in this case study. Data preprocessing and the machine learning models implementations

are discussed in detail.

Chapter 5 demonstrates the conducted experiments and the results yielded by these exper-
iments. Graphs and forecast errors are given, to analyze the accuracy of the implemented

models in chapter 4.

The Discussion chapter analyzes the experimental results in detail and elaborates on key

points of these results.

The last chapter highlights all the conclusions of this thesis and presents a few interesting

topics that can be pursued to extend the research.



Chapter 2

Basic Theory

2.1 Introduction to the electric grid and basic electricity terms

The electrical grid, or power grid, is a giant system of electrical components that spans
large geographical regions. Its purpose is to distribute electrical energy to consumers. The
energy is produced by generators. So, if stripped of all the complex details, the grid’s most

basic components are:

o Electrical energy generators.
e Energy consumers.

e Transmission lines.

The energy generators are devices that can convert mechanical or solar energy to electrical
energy. Common examples include solar panels, water turbines, windmills, etc. Energy
consumers are components that utilize the energy produced by the generators and convert
it to mechanical energy, heat, light, etc. Common examples are washing machines, ovens,
light bulbs or any other electric appliance. Transmission lines are the cables that transmit

the electrical energy from the generators to the consumers.

Energy consuming components are also called loads [5]. When a load is turned on, it
consumes energy at a constant rate. The rate at which the load is consuming this energy is
called power and it is measured in watts (W). The formula for power is given in equation
2.1:

AFE
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where P is the power, AFE is the consumed energy and At is the time interval at which
the energy is consumed. 1 watt is equal to 1 joule/second. So, every load has a specific
power at which the energy is consumed, or the power can be adjustable. Nonetheless, each
of them consumes energy at a specific rate in a given moment. That is why the word
term load, or load demand are often used as synonyms for power in literature. In this
thesis, these terms will also be used interchangeably to refer to the rate at which energy is

consumed. Though, strictly speaking, load is the equipment that is consuming the energy.

In a household, there may be many electrical devices running simultaneously. The load
demand of a household at any given moment is the sum of the load demands of all the
running devices at that moment. This sum of power values is the load demand value of

the household measured by smart meters and is the objective of the forecast.

The graph of the load demand of the household against time, over a specific time interval,
is called a load profile or a load curve. It is an important characteristic of a household, as
it represents its energy consumption behaviour. Figure 2.1 depicts a random daily load

profile of some random house.

3500 A
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2500 A
2000 ~

1500 4
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500 A

12 14 16 18 20 22
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(=]
o
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Figure 2.1: Load profile of a random household

2.2 Artificial Neural Networks

Artificial Neural Networks are very powerful modelling systems that try to mimic the
processing capabilities of the human brain. Presently, they are one of the most popular
machine learning algorithms, having received a lot of attention from the scientific community

and the industry in the recent years.

Historically, there was a rising interest on neural networks in the early 1940’s with the

development of the artificial neurons by Pitts and McCulloch [6]. The neurons that they
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designed were electrical components in a circuit that could perform computational tasks
based on binary inputs. However, the neuron model of Pitts and McCulloh was only
able to execute computational tasks and it was not able to "learn'. The next major
development in this area was done by Rosenblatt in 1958, which introduced the perceptron
[7]. The perceptron could accept any real number as input and unlike the classical neuron
of Pitts and McCulloh, the inputs were weighted. This allowed for more flexible modelling

capabilities.

However, by the late 1960’s the interest and funding on neural networks began to disappear,
only to re-emerge again in the early 1980’s when some prominent results were achieved [6].
The most notable achievement, that fueled the awoken interest on neural networks, was

the discovery of the backpropagation algorithm by Werbos [8].

Today, neural networks are able to solve problems that conventional logic based programs
cannot. Some of these fields where they have achieved substantial success are pattern
recognition, computer vision, natural language processing, etc. Artificial neural networks

have some advantages over traditional programming [9]:

e Neural networks are capable of performing any non-linear mapping. For that reason,

their implementation is relatively easy.

e They are inherently easy to parallelize. This allows for intensive tasks to be executed

much faster than their serial counterparts.

e They can be adapted to perform supervised learning and unsupervised learning tasks

as well.

This section will be dedicated to the theoretical foundation behind artificial neural networks.
Their general architecture, algorithms and mathematical properties will be introduced.
This theoretical part will be useful to understand the logic behind the forecasting model

introduced later in this thesis.

2.2.1 The neuron

The neuron is the building block of neural networks. It is the most basic computational
unit in a network. A neuron has an arbitrary number of inputs, a specific weight for each
input, a function applied on the inputs and one output. A visual representation of the

neuron is depicted in figure 2.2.

As it is obvious from the illustration, the output of the neuron is equal to the value
produced by the f function applied to the weighted sum of the inputs. This operation is

mathematically expressed by the following equation:
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Figure 2.2: The neuron

y = f(f:l riw) (2.2)

where y is the output of the neuron; x1,zo9,...,x; are the inputs; wy, ws, ..., w; are the
respective weights of each input, f is the aforementioned function and n is the number of
inputs. The f function is called the activation function and it is a very important aspect

of neural networks.

The weights of the neuron are not static, they change over time. In fact, it is this property
of the neurons that enables the neural network to "learn". Later on, it is shown that tuning

the value of the weights is what the model training actually is.

2.2.2 The activation function

The activation functions are an essential part of artificial neural networks. The role of
the activation function is to convert an input signal to an output one. However, the real
purpose of these functions is to establish non-linear relationships between the input and
output [10]. This is very important for neural networks if they are needed to perform
non-linear mappings, which as stated at the introduction of this section, is a very powerful

property of ANNs.

There are many activation functions such as the unipolar sigmoid function, bipolar
sigmoid function, hyperbolic tangent function, step function, rectified linear unit function
(ReLU), etc. In theory, any activation function can be used to train an ANN. There is no
mathematical or logical rule that justifies the preference of one over the others. However,
empirical evidence shows that in some applications, specific activation functions provide
better accuracy and faster "learning” than the others [10][11]. Table 2.1 depicts some

common activation functions used in practice.
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r ifx>0 ‘
Leaky ReLLU f(x) = .
ar ifx<0 z
-100 -75 -50 -25 00 25 50 15 10.0
1 ifx>0
Step f(x) = 050
O if X < 0 0.25

Table 2.1: Common activation functions

2.2.3 Architecture of Artificial Neural Networks

As mentioned previously, the neuron is the building block of artificial neural networks.
In theory, a neural network can consist of a single neuron, but that would not achieve
much. That’s why, in practice, real networks comprise many neurons that are organized in

relatively complex architectures.

Neurons are grouped in layers and a neural network consists of a single input layer, at least
one hidden layer and a single output layer. Each layer can have any number of neurons
and, in principle, there is no upper or lower limit. The layers are stacked together and all
neurons of a given layer are connected with all neurons of neighboring layers. A simple

four layer artificial neural network is depicted in figure 2.3.

This neural has three inputs, two outputs and two layers with 4 neurons each. It is obvious
that the network is fully connected. Every connection is called a synapse and every synapse
has a weight, as explained in subsection 2.2.1. The input layer receives inputs during
the training phase and during the forecasting phase as well. The input is fed to the first
hidden layer, whose neurons calculate the output based on equation 2.2. The output of
each neuron in that layer is fed to the next layer and so forth. The values produced by
the output layer is the output of the neural network. This type of neural network is called
a feed forward neural network, because the information travels only in one direction, as

shown by the arrows in the synapses.
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Figure 2.3: ANN architecture

2.2.4 Training a neural network

Artificial neural networks fall into the supervised learning algorithms category (though
they can be adapted to be used in unsupervised learning). This means that to "teach"
a neural network, we must show it a collection of observed inputs and the associated
observed outputs. After the network has seen enough input-output associations, it can
predict an output from a new input that it has never seen before. A simple training
algorithm for neural networks is depicted in figure 2.4 and explained in more detail in the

upcoming paragraphs.

The first step in ANN training is the initialization of all the weights. It is important to
initialize weights to different values. If the weights are the same, all the neurons belonging
to the same layer will output the same value and thus the model will fail to learn. The
most common practice is to randomly initialize the weights based on a uniform distribution,
or some other distribution. However, there are some complex methods that enable the
network to learn faster, such as the Delta Rule [12], the SCAWI method [13], etc.

In step 2 and 3, an input from the observations (the input list) is fed to the network.
This signal is forward propagated, which means that the neurons are activated one layer
after the other. A neuron is activated by applying the equation 2.2. The series of neuron
activation leads to the activation of the neurons of the output layer. This produces the

output of the neural network .
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Initialize weights,
Step 1 n (number of epochs),
i=0

¥

.| Feed nextinput from [
Step 2 > input list. b

¥
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I}

Calculate the error
Step 4 function.

!

Step 5 Backpropagate the error.

Step 3

Reset input list.

l Y

Update the weights using
Step 6 an optimizer.

End

Figure 2.4: ANN training algorithm

In step 4, the generated output ¢ is compared to the observed output y associated to the
input that is fed in step 1. The error between these two values is calculated. This error is
called the loss function (also called cost function, or error function). The purpose of the
whole training process is to minimize the error by adjusting the weights. There are many
loss functions used in practice and some of the most popular are the Mean Squared Error
(MSE), Mean Squared Logarithmic Error (MSLE), Mean Absolute Error (MAE), Mean
Absolute Percentage Error (MAPE).

In step 5, Backpropagation is performed. Backpropagation is the practice of determining

the gradient of the weights based on the error function. In simpler terms, it calculates
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how much every weight is responsible for the error. It does so by calculating the partial

derivative of the error with respect to the specific weight, which is called gradient.

In step 6, an optimizer updates the weights of the network based on the gradients that
were calculated in step 5. The optimizer adjusts the weights with the goal to minimize the
loss function in the next iteration. The most popular optimizing algorithm is Stochastic
Gradient Descent (SGD) [14]. Other existing optimizers are usually variants of SGD [15],
such as Adam, RMSProp, Adagrad, etc.

Steps 2 to 6 are repeated until the list of inputs is exhausted, that is until every input
is fed to the network. Feeding the whole list of inputs to the network consists of one
epoch. Usually, more than one epoch is carried out. The number of epochs depends on the
convergence speed of the network. This parameter is very important, because a high value
may lead to overfitting of the data, whereas a low value might lead to a poor prediction

from the model.

The presented algorithm here is a very general case of feed forward neural networks. There
are many other variants that are not discussed here. However, this section is a good
introduction to neural networks and a required background for the presented algorithm in

the upcoming chapters.

2.3 Random Forest

Random forests are ensemble machine learning models that are very popular for classifi-
cation and regression tasks. An ensemble machine learning model is one in which many
independent basic models are trained separately and their prediction results are combined
together for a more accurate result [16]. Random forests are compiled by training many
decision trees and aggregating their results [17]. In this section, the decision tree will be

discussed firstly and then random forests will be explained.

2.3.1 Decision Trees

Decision trees are a machine learning model used originally for classification, but can also
be modified for regression tasks. A decision tree can be thought of as a graph in the shape

of a tree, where each branch represents a condition or rule that has to be met [18].

A visual representation of a decision tree is given in figure 2.5. This decision tree is a
model that forecasts whether the university’s basketball team will play outdoors, or train

in the gym for a given day. The forecast is made based on three input parameters: air
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humidity, weather outlook and whether it is a windy day or not. So, in a given day it can
be predicted whether the team will play outdoors by following the conditions (branches) in
every node, until a leaf node is reached, whose label is the forecast whether the team will
play or not. This is a very simple classification example and usually practical problems

require much more complex trees.

¢ Hl..II'IuIII:'.II'I"'I"“\:I
A

\

P ———

/"ﬁ;; normal
'

4 . ™~
l.\DUTLDDH) . WINDY )

TN 7

sunny overcast \rzlin'}..r (true \'-,Ifalse
L]

No Yes Yes No Yes

Figure 2.5: Decision Tree for playing outdoors [19]

In order to create a forecast model, a decision tree has to be built based on the available
data. This process can be considered as model training, but is more often referred to
as tree induction. Tree induction is the process of building the tree by starting with a
root node and recursively adding branches to the tree by analyzing the input and output
variables. In theory, the induction of the optimal decision tree is an NP hard problem,
which makes it infeasible for practical purposes [20]. However, there are many greedy

algorithms that are able to construct a tree very fast, though suboptimal [18].

The Hunt’s algorithm is a typical such algorithm, which is the basis for many others. In
this algorithm the tree is built recursively by splitting the dataset in smaller ones and
associating every smaller dataset with a new node. The algorithm for building a decision

tree is as follows [18]:

Definitions:

1. Let X = {x1,x2,...,2.} be the set of attributes (independent/input variables) in the

dataset. The features may be numerical or categorical values.
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2. Let y be the dependent variable (output variable) in the dataset. In regression
this variable would be a numerical variable, whereas in classification it would be a

categorical variable.

3. Let Dn = {(z11, %21, -, Te1, Y1), (T12, 22, ooy T2 Y2) s vy (T1ny T2ny ooy Teny Yn) b e the

dataset of n observations.

Algorithm:

1. Associate the dataset D, with a new node. If the dataset satisfies the stopping

condition, stop the algorithm and consider the node as a leaf node.

2. Select one of the attributes from X that the set will be split on. The attribute that

produces the best split must be chosen.
3. Create a branch for every outcome of the selected attribute.
4. For every branch, split the dataset based on the outcome of every branch.

5. Recursively apply the algorithm.

As it is obvious, this algorithm is too general. For instance, it doesn’t specify the stopping
condition (step 1). Furthermore, it is not obvious how to select the attribute that produces
the best split(step 2). There are many ways to do these, and they are implementation
specific. Moreover, there are many mathematical ways to determine the best split, which
also differ between regression and classification. These issues will not be explained any

further.

During the prediction, if the decision tree is a classification tree, when following the
branches of the tree, the outcome of the classification is the class with the majority number
in the leaf node. If it is a regression tree, the outcome is the average of the dependent

variables present in the leaf node.

2.3.2 Random forests

Decision trees are simple and intuitive machine learning models, but they have a major
drawback. Decision trees usually overfit training data, by trying to accommodate outliers
and peculiar cases [21]. This property usually leads to bad predictive results in the test
set. However, many decision trees can be trained on the same set and the aggregated

result is usually much more accurate than the result of a single tree [22].
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In principle, training a random forest is to induce many decision trees using the available
dataset. However this presents a problem: the tree induction process on the same dataset
always yields the same tree. In order to avoid inducing the same tree over and over,
randomness is introduced in the training phase. The algorithm for training a random

forest is as follows [23]:

Definitions:

1. Let X = {z1,x2,...,2.} be the set of attributes (independent/input variables) in the

dataset.
2. Let ngee be the number of trees in the forest

3. Let ng be a predefined number that satisfies the condition: 0 < ng < c.
Algorithm:

1. Randomly select nyee bootstrap samples from the dataset. A bootstrap sample is
a sample equal in size to the whole dataset, but the drawing of the observations is
made with replacement. Optionally, the whole dataset can be used as is, instead of

bootstrap sampling.

2. From every bootstrap sample, induce a decision tree using the Hunt’s algorithm, but
with a small difference. When branching the tree, instead of selecting the best split
among all the attributes (see step 2 in the Hunt’s algorithm), select the best split

among ng randomly chosen attributes.

Predicting new data is achieved by feeding the inputs to every decision tree and aggregating
the result. For a classification task, the aggregation is the majority of votes by the trees.
In a regression task, the average of the values produced by the trees is considered as the

result of the whole forest.

2.4 Load forecasting input parameters

The accuracy of any forecast model depends on the selected inputs and the influence that
they have on the output. Poor choice of input parameters can lead to the degradation of
the forecast accuracy, whereas carefully chosen input parameters can make a very powerful

model.

Usually, the choice of model inputs has been made based on intuition and human expertise,

because there is no exact science in determining the best inputs [24]. However, there
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exist mathematical tools that you can apply on the the measured output variable and a
candidate input variable, that suggest whether the two variables are related to one another
somehow. This section will be dedicated to the presentation of a few common input
parameters employed in the load forecasting research domain as well as a mathematical

tool that is used to imply whether two variables are dependent.

2.4.1 Historical load data

Previous load demand data are the most important and influential features in forecasting
models. When trying to predict the load demand in the next time step, specific load
demand values of the past have proven to affect it at a high degree [24]. The load variables
used in forecast models depend on the resolution of the dataset, however there are some

common variables that will be discussed here. They are:

e Previous n time steps. The load demand value in a specific time step is closely
related to the load values in the recent time steps [25]. For example, if the resolution
of the data is one hour, the load value at 13:00 is closely related to the load values
at 12:00, 11:00, ... and so on. However, this is a delicate issue, because using too
many recent time step values may negatively affect the prediction. This may happen

because

e Previous day, same time step. Electricity consumers in households tend to have
a daily routine, which affects their consumption behaviour [26]. For that reason, it
is beneficial for the model to have as input the load demand value of the previous
day, at the exact same time step. For example, if the resolution of the data is one
hour and the model is trying to predict the load at 9 April 2019 13:00, the input
variable in question would be the load value at 8 April 2019 13:00.

o Previous week, same day, same time step. Just like there is a daily routine
in households, there is usually a weekly routine as well. This practical routine is
generally indicative of an underlying pattern in the data that is repeated weekly.
That’s why the load demand value of the one week ago time step is commonly used
as an input variable for load demand prediction [27]. For example, if the resolution
of the data is one hour and the model is trying to predict the load at 9 April 2019
13:00, the input variable in question would be the load value at 2 April 2019 13:00.

e Average load in the previous day. The average load demand of the previous
day may prove to be very influential in some specific cases. However, it is not as

common as the previously mentioned features.
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There are many other features that can be extracted from historical load data because the
load time series are highly auto-correlated [25]. Their influence rate varies from case to
case and careful analysis is necessary to determine if they qualify as input variables for
load forecast models. Some other worth mentioning features are average load of previous
week, standard deviation of load values in the previous day, maximum load value of the

previous day, etc.

2.4.2 Date and time attributes

Date and time attributes are features that are related to the date or time when a specific
load measurement was taken. Along with the actual load values that were introduced in
the previous subsection, these variables help to uncover the underlying patterns in the

data. Some common date and time attributes are :

e Daily offset of the time step when the measurement was taken is an important
input variable [28]. This is an ordinal number. For example, if the resolution of the
data is one hour and the measurement was taken at 3 AM, this number would be 3

(or 2, if the counting starts from 0).

e Day of week. Intuitively, people tend to behave differently at different days of the
week. For instance, one family might be doing laundry on Thursdays, whereas some
other individual might be baking a pie every Monday. That’s why it is important to
include the day of the week as an input variable in the form of an ordinal number: 1
to 7 (or 0-6) [28].

e Working day. This is a boolean value indicating if the day being considered is a
working day or not. The value would be 1 if the day is a working day and 0 if it is
a day off (or the other way around). This variable is very important, because the
work schedule greatly affects the electricity consumption behaviour [24]. Intuitively,
in households, the load demand is higher in days off, whereas in offices and factories

the load demand is higher in working days.

e Holiday. This is a boolean value indicating if the day being considered is a holiday
or not. The value would be 1 if it is a holiday and 0 if it is not (or the other way
around). Usually, holidays are days off, but they affect the consuming behaviour
based on the festive nature of the day. For example, it is customary for Norwegian
families to make the so called "pinnekjgtt" for Christmas. Pinnekjgtt is a salty lamb
dish cooked for several hours, which is a cause for a high electricity consumption for
Christmas. That is why, the holiday variable may have a big impact on prediction

for those specific days [29].
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Other date and time features that capture more specific patterns are used. These features

also depend on the culture, geography and climate of the population being studied.

2.4.3 Weather variables

There is a strong relation between various weather parameters and the load demand. It
has been continuously proven and demonstrated that meteorological conditions greatly
affect the electricity consumption [30] [31] [32]. A few weather parameters that may affect

the load demand will be discussed below.

e Dry bulb temperature. Dry bulb temperature is the measured temperature of
the air that is not affected by the sun radiation and air humidity [33]. It is the
common temperature that is usually reported by weather forecasts. This weather

parameter has proven to affect energy consumption the most [34].

e Dew point temperature. Dew point temperature is the temperature at which
the moisture in the temperature condenses [33]. It is closely related to dry bulb
temperature and the humidity level of air and it is very important because it
contributes to the so-called "real feel temperature'. That is why dew point is an

important parameter that affects the electricity consumption [24].

e Relative humidity. In layman’s terms, relative humidity is the ratio of the mass
of water vapour found in the air over the maximum mass of vapour that the air can
keep[33]. Just like dew point temperature, relative humidity affects the "real feel
temperature" and can be used in forecast models instead of dew point or together
with it [34].

o Cloud cover. Cloud cover is the ratio of the sky that is covered by clouds [33].
During the day, cloud cover affects the received sunlight, which is why it may

encourage people to increase the usage of electric light during the day [35].

There are many other weather parameters that can be used in load forecast models, but the
aforementioned ones are the most common. However, when utilizing weather parameters
as inputs in a load forecast model, an accurate weather dataset and weather forecast is

crucial for the accuracy of the load forecast model.

2.4.4 Correlation

Correlation is a technique that measures how much two variables are related to one another

[36]. The correlation of the variables is measured by computing the correlation coefficient,
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which is in the range of —1 to +1. The value 0 suggests that the variables are not related
at all. The value +1 indicates that there is a strong positive relation between the variables,

whereas the value —1 suggests a strong negative relation between the variables.

There are a few correlation coefficients, but the most common is the Pearson correlation
[36]. The Pearson correlation tests the existence of a linear relationship between the

variables. It is usually denoted by r and the equation is:

_ in1 (i = 7)(yi — 9)
Vi (@ — 2V (= 9)? (23

where n is the number of the observations, x and y are the variables being tested for

r

correlation, x is the mean of the x variable and ¥ is the mean of the y variable.
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Related Work

3.1 Smart Meter Data Analytics

Smart meters have seen widespread use in the past decade by the electrical distribution
companies. They are quickly replacing all the traditional analog electricity meters. In
2009, only 4.7% of the households in the US had them installed [37]. That number grew
to almost 50% in 2016 [38]. Optimistic figures are estimated for Europe as well. The
EU’s Third Energy Package obligates the member countries to replace 80% of old meters
with smart ones by the end of 2020 [39]. According to The Norwegian Water Resources
and Energy Directorate (NVE), every Norwegian household has a smart meter installed

starting from January 2019 [40].

Data gathered from smart meters has opened the path to a lot of research opportunities.
According to [41], the three main areas of research in smart meter data science are
Load Analysis, Load Management and Load Forecasting. Other research areas that have
not received as much attention are Connection Verification, Outage Management, Data
Compression and Data Privacy [41]. In this chapter, a brief overview of Load Analysis
and Load Management will be covered. Then, a more in-depth literature review of Load

Forecasting will be presented.

3.2 Load Analysis

Load analysis is the practice of inspecting the load data gathered by the smart meters
in order to gain insightful information about the consumer and its behaviour. It is also

related to the analysis of the data quality, with a special focus in bad data detection.

21
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Load profiling is the practice of classifying consumers in large groups with certain properties
based on their behaviour. Often, this process first requires the detection of such groups,
using clustering techniques. The properties of these groups are related to different factors

such as weather, geography, consumer attributes, etc [42].

Three popular clustering techniques were compared in [43]. These investigated techniques
were k-means, k-medoid, and Self Organising Maps. According to the results, SOM proved
to be the more appropriate technique for consumer load data clustering. Following this
result, SOM was used to cluster the consumers, yielding ten unambiguous consumer profile
classes. Then, the consumers were classified using a multi-nominal logistic regression,
which yielded a value that represents the level of association of the consumer to every class.
The highest association value suggests that the consumer belongs to the corresponding

profile class.

A k-medoid based clustering algorithm was proposed by [44]. In the proposed technique,
the Hausdorff distance was used as the distance metric between the data points and the
medoids. The algorithm proved to be very efficient, but has a major drawback. It requires

a predefined number of seeds. The paper does not propose any method for seed selection.

A data cleaning method for load curve data was proposed in [45], which detects outliers
caused by inaccurate measurements, network transmission errors, malicious attacks, etc
[45]. In addition, the algorithm is able to complete missing data to some extent. This
method uses a Principal Components Pursuit (PCP) based algorithm. The algorithm

exploits the sparsity of the outliers and the low-intrinsic dimension of the load curves.

An important research area in smart meter data analysis is electricity theft detection. An
electricity theft detection technique was proposed by [46]. This technique makes use of
the measurable power loss in the distribution network caused by technical reasons (called
technical loss). However, the network also suffers from the so-called "non-technical loss',
which in a nutshell is the electricity consumed but not billed. Among the reasons for non
technical loss is also theft detection. Non technical loss is calculated by substracting the
measured technical loss from the overall network loss. The authors of this paper developed
a predictive model based on these network losses that takes into account the network’s
resistance dependence on temperature. They demonstrated that the model has a very

good performance in theft detection.

This was a very short review of the Load Analysis research. A lot more research has been
conducted in this field, but it is not the focus of this thesis, so they will not be further

explored.
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3.3 Load Management

Load management is a set of actions and measures undertaken by the electricity distributors
to affect the consumers behaviour [47]. The goal is to level out the daily load curve of every
consumer. The benefit of doing this is the reduction of the peak load demand, by evenly
distributing the demand throughout the day. There is a big economic benefit related to
that, since high load demands may impel the energy companies to invest a lot of money in

the upgrade of the distribution network or build new energy plants.

In load management it is important to correctly classify load profiles to specific classes,
such as commercial, residential, industrial, etc. A classification method based on the
Fourier Transform of the smart meter data was proposed in [48]. Smart meter data are
time series data that can be treated as discrete time signals, therefore they can be easily
represented in the frequency domain by using Fast Fourier Transform algorithms. The
load profile is converted to its frequency domain representation, thus yielding a set of
frequencies that identify the load profile. The coefficients of these frequencies are used as
inputs to a classification model called Classification and Regression Tree (CART). The

proposed method proved to be a very efficient classification technique.

As implied, peak load is a very important aspect of load management. Determining when
the peak load is going to be and how much load there will be at that specific moment
is crucial. A short term load forecasting technique (STLF) with peak load prediction
capabilities was introduced in [49]. The authors in this paper have used a modified
version of the Auto Regressive Integrated Moving Average (ARIMA) algorithm to build a

regression model, which has yielded very good forecasting results.

In order to avoid an electric overload during peak hours, electricity costumers have to be
encouraged to refrain from consuming electricity during those hours. However, electricity
is a commodity that has been long taken for granted and distributors cannot just interrupt
the supply for certain customers. A good solution that is frequently used in practice is the
introduction of dynamic electricity prices. In deregulated energy markets, the electricity
distributors may increase its price for specific time intervals and keep it lower for time
intervals when the consumption is low. This has proven to be a very effective technique for
load management in practice [50]. The dynamic prices technique yields very interesting
socio-technological results, but on the other hand, it introduces a new problem: setting
the actual price. One aspect that would help electricity providers to plan the prices is the
ability to predict the market prices. If the power company is able to predict the price

fluctuations to some extent, it can make better decisions.

It has been demonstrated that Artificial Neural Networks can be used to perform accurate

price forecasts [51]. The devised model is a classical feed forward neural network. According
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to the experiments, this model was able to predict the price with an error less than €0.01
in 85% of the cases and less than €0.075 in 70% of the cases. In long term forecasting,
the model was capable of predicting the price with an error less than €0.05 in 50% of the

cases.

A highly accurate price forecasting model was introduced in [52]. This model was based on
Combinatorial Neural Networks (CNN). The training of this CNN was done by a improved
design of the chemical reaction optimization (CRO) algorithm. CRO, is a more efficient
training algorithm compared to the classical Stochastic Gradient Descent, because it is
able to explore the solution space in many directions at the same time, thus avoiding the
common 'local minima" trap. The devised model has been extensively tested with real
data from the electric markets of Maryland US, Pennsylvania US, New Jersey US and
Spain.

3.4 Load Forecasting

Short term load forecast is the focus of this thesis, that is why the literature related to load
forecasting will be more comprehensive. Load forecasting is divided in three categories:
short term load forecasting, medium term load forecasting and long term load forecasting.

All three will be discussed here, but with a special focus on short term load forecast.

Load forecasting techniques are commonly divided in four categories [53]:

e Machine Learning Techniques

Statistical or Probabilistic Techniques

e Hybrid Techniques

e Rule based Systems

Machine Learning Techniques

In one of the earliest works conducted in the field of load forecasting [54], the authors
propose two Artificial Neural Network based methods for 24 hours ahead prediction of
the load. The first method is a static method, because it forecasts the next 24 hours at
the same time. The second method is considered dynamic, because it forecast the next 24
hours incrementally, using the prediction of one hour load as input for the prediction of
the next hour. The methods were tested with real world data provided by a South Korean

electrical company. According to the tests, both methods yielded adequate results, with a
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similar forecasting error of 2%. However, the dynamic method proved to be faster in the

training phase and it also gave better results in the forecast of peak hours.

A Deep Neural Network based short term load forecasting framework was introduced in
[55]. This framework defines the methodology to pre-process the dataset, train the model
and use the model to predict the load demand for the next 24 hours. The training data
included historical weather data, date and costumer consumption data of forty industrial
entities. Two types of DNNs were built and compared: a pre-trained Restricted Boltzmann
Machine (RBM) and a normal untrained DNN with ReLU as the activation function. Both
models proved to be roughly equally accurate in prediction. However, when compared
to Shallow Neural Network (SNN), ARIMA and double seasonal Holt Winters (DSHW)
models the DNN models proved to be more accurate with an average improvement of
MAPE up to 6.77% and an average improvement of RRMSE up to 11.51%.

A more complex neural network architecture was proposed in [56]. The model is a
Recurrent Neural Network (RNN) based on Long Short Term Memory (LSTM). According
to this paper, such a network is able to better address the problems of non-linearity,
non-stationarity and non-seasonality of the electrical load time series data, compared to
conventional approaches like Deep Neural Networks or simple Recurrent Neural Networks.
It is also emphasized that such a model is superior to classical linear models like ARIMA,
because it handles the non-stationarity of the data better. The model was trained with ten
days of data and tested for the next day. Then it was compared against other forecasting
methods such as SVR, NNETAR, NARX and SARIMA based on RMSE and MAPE. The
LSTM model proved to be the more accurate with a MAPE equal to 0.0535 and an RSME
equal to 0.0702. The next best accurate model proved to be NARX with a MAPE equal
to 0.1192 and an RSME equal to 0.1446.

Statistical or Probabilistic Techniques

ARIMA is a statistical model that is commonly used to predict time series data. ARIMA
is a generalization of the ARMA model, devised with the purpose to handle non stationary
data [57], which is the case of electrical load data [58]. One of the earliest works that use
ARIMA to forecast electrical load is [58]. In this work, only historical data were used
to predict future load values (which is an inherent limitation of ARIMA). The model
introduced yielded an average forecast error equal to 4.25%, which is a relatively good

forecast accuracy.

A more advanced ARIMA based method to predict electrical load time series data was
proposed in [59]. The paper presented four new algorithms, namely: SWH2A, SWHSA,
SWDP2A and SWDPSA. SWHSA and SWDPSA are seasonal sliding window ARIMA
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based algorithms, whereas SWH2A and SWDP2A are non-seasonal sliding window ARIMA
based algorithms. The algorithms were evaluated using a data set of hourly electricity
consumption for a 16 months period. The best performing algorithm of all was the Sliding
Window Daily Profile ARIMA algorithm (SWDP2A) with an average MAPE of 9.047%.
SWHSA yielded a similar accuracy with a MAPE equal to 9.532%. A very interesting
finding in this paper is that these algorithms perform well even when the data set size is

small.

Another important, yet overlooked statistical method for load forecasting is the Multiple
Linear Regression (MLP) model. Multiple Linear Regression is a supervised learning
method that tries to approximate (predict) a variable that is dependent on some other
independent variables by defining a linear relationship between them [60]. MLP was used
in [61] to perform a long term forecast of the load consumption in an electrical grid in
Palawan, Philippines. There were three independent variables used in the regression model:
historical load data, costumer growth and development plans of the grid. The model
proved to be highly accurate, with a minimum MAPE of 0.16%. The forecast results for
different years and their associated MAPE is depicted in table 3.1.

Year | Average Historical Load (kW) | Forecasted Average Load (kW) | MAPE
2011 4,380 4,496 1.25%
2012 4,650 4,883 3.58%
2013 5,190 9,270 0.16%
2014 5,050 9,657 0.36%
2015 5,340 6,045 5.97%
Average MAPE 2.26%

Table 3.1: Forecast results of [61]

Hybrid Techniques

A hybrid technique is the combination of two or more techniques with the purpose to exploit
the individual advantages of each, or to dampen the negative effects of the drawbacks of
a specific technique. In the load forecast research literature, it is most common to find
artificial neural networks in combination with other techniques like fuzzy logic algorithms,

evolutionary algorithms, regression algorithms, etc [24].

A hybrid method that combines an artificial neural network model with a genetic algorithm
(GA) was introduced in [62]. In this paper, a conventional artificial neural network was
used to predict the load demand of specific consumers for the future 24 hours, using

historical load data, weather data and stock market index data. The genetic algorithm was
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employed to discover the most important and influencing input parameters. The hybrid
model was trained and tested with three distinct datasets. The smallest MAPE achieved
in the test phase was about 2.053%. The results of the conducted experiments with the
different datasets and methods are summarized in table 3.2. As seen from the table, the

usage of the genetic algorithm for feature selection always improves the accuracy of the

model.

Dataset # | GA feature selection | Number of features | MAPE

. Yes 16 2.053%

No 32 2.284%

5 Yes 22 2.549%

No 33 2.645%

5 Yes 13 1.935%

No 30 2.178%

Table 3.2: Forecast results of [62]

Another hybrid method for short term load forecasting was introduced in [63]. In this paper,
a combination of Wavelet Transform (WT), a Gram-Schmidt based Feature Selection
algorithm and Support Vector Machine (SVM) were used together to predict the next
hour load demand. WT was utilized to represent the load data (treated as signals), using
the Coiflet wavelet. Temperature in addition to the components of the decomposed signal
are considered as input. Then, the Feature Selection algorithm was applied to identify
the most influencing inputs. These selected inputs were used as inputs in a SVM model.
Based on the test results, this hybrid technique achieved a minimum value of MAPE equal
to 1.26%. Table 3.3 shows summarized results of the forecasting accuracy for different

week days and different seasons.

Spring | Summer | Autumn | Winter

Saturday 1.76% 1.18% 3.02% 1.67%
Sunday 1.09% 1.99% 2.33% 1.28%
Monday 1.68% 1.04% 1.49% 0.88%
Tuesday 1.44% 1.31% 1.54% 1.32%
Wednesday | 1.23% 1.65% 2.16% 1.9%

Thursday 1.24% 0.99% 1.19% 2%

Friday 0.91% 0.67% 1.45% 1.5%
Average 1.33% 1.26% 1.89% 1.51%

Table 3.3: Average MAPE values for WT+FS+SVM [63]
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Then, the same technique described above was tested using an artificial neural network
(ANN) instead of SVM. The experiments concluded that the SVM based method was more
accurate, except for summer days, where the ANN based method provided a slightly better
accuracy. Then, both SVM based and ANN based methods were tested with and without
the application of Wavelet Transform. The usage of WT proved to usually increase the
accuracy of the model, but not every time. The results of the comparison of the four

mentioned methods is summarized in table 3.4.

Spring | Summer | Autumn | Winter
ANN + FS 4.189% | 2.436% 3.98% 3.166%
SVM + FS 3.26% 2.531% 2.98% 2.38%
WT + ANN + FS | 2.126% 2.24% 4.26% 4.72%
WT 4+ SVM + FS | 1.35% 1.26 % 1.89% 1.51%

Table 3.4: Average MAPE values for different methods [63]

Rule Based Systems

Rule based systems are systems modelled by humans that are experts of the specific domain
[53]. Based on the extensive knowledge that these people might have in their domain,
they are able to devise a series of rules that can handle many scenarios of the problem in

question. Loosely speaking, rule based systems are sequences of if...else... instructions.

A rule based system was introtuced in [29] for short term load forecasting in special days,
like holidays or other days that exhibit a non typical load profile. This rule based system
was trained and tested with a dataset that contained French load data for a period of
nine years. The first step in this rule based system was the categorization of the special
days, based on their load profile by the specific domain experts. In the French dataset,
seven special day categories were obtained. Then, for each category a different Seasonal
Autoregressive Moving Average (SARMA) model was trained. So, when performing a
forecast for a special day, the day is classified into one of the seven categories and then
the corresponding trained SARMA model is used for the prediction. According to the test
results, the rule based SARMA was a much more accurate model than simple SARMA.



Chapter 4

Solution Approach

4.1 Introduction

After the presentation of the theoretical foundation behind neural networks, random forests
and the intuition of load forecast models, a concrete case study will be introduced. First,
the case study will be described with a little background detail. Then, the dataset used in
this research will be introduced and described. The dataset is of little use in its raw form,
that’s why data preprocessing is applied. At last, the Feedforward Neural Network and
Random Forests architectures are discussed, which are the most important part of this

chapter.

4.2 Case study

This chapter will be dedicated to the case study of the electricity consumption behaviour
of a set of households located in Stavanger, Norway. More than one year worth of load
demand data and weather data will be analyzed. The intention is to build predictive
machine learning models that will be able to forecast the next step load demand of

respective households.

4.3 Dataset description

The original, unprocessed dataset contains load demand data of several households in
Stavanger, Norway from 7 February 2017 to 19 April 2018. The data are recorded
measurements taken by smart meters installed in every household. Every measurement

taken by the meters has an epoch timestamp associated to it that indicates the time when
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the measurement was taken. The timestamp is the number of milliseconds that have
passed since 1st of January 2017 midnight up to when the measurement was taken. The
timestamp is timezone independent and refers to UTC time. This dataset was provided

by a local electrical utility company in Stavanger.

The resolution of the data is ten seconds, i.e. the meters have taken measurements every
ten seconds. This means that in a normal measuring day, the meters have collected about
8640 data samples in a day. This is important to highlight, because for various reasons,
certain days might have collected much less data. The total number of measurements
taken is 131,916, 982.

A measurement that a meter records is the total load demand of the household at that
specific time, or in other words: it is the electrical power being consumed by the household
at that moment. It is measured in watts (W) and is the rate at which the electrical energy

is being consumed.

Another dataset that is complementary to the main one is also available. This dataset
is a collection of weather measurements taken in the time interval from 7 February 2017
to 19 April 2018. It contains different weather parameters such as dew point, apparent
temperature, dry bulb, wind speed, humidity, cloud cover, etc. The resolution of the data

is one hour. This dataset was obtained using the the public API Dark Sky [64].

4.4 Data preprocessing

Data preprocessing is the practice of transforming and modifying the existing data for
better utilization and performance. The purpose of data preprocessing is twofold: data

purification and data formatting.

Data purification, or data cleaning, is the practiec of detecting bad or missing data and
removing or replacing them with other data with the purpose to improve the overall quality
of the dataset [65]. The data may be missing or "bad" for many reasons, such as technical

errors during measurement, formatting errors, transmission errors, etc.

Data cleaning is crucial to the accuracy of a machine learning model. As already stated, the
model is supposed to learn from past observations and if those observations are erroneous,

the model is learning things wrong, thus rendering the model utterly useless.

In the three following subsections, three data purification techniques will be discussed:

e Data constraints imposition
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e OQutlier detection

o Missing data

Data formatting is the process of transforming the available data in a format that can
be easily utilized by the machine learning model. In order to keep the training time
low and keep the complexity of the program small, every independent variable and the
associated dependent variable must be defined explicitly beforehand. The data format will

be explained in detail in section 4.4.4.

4.4.1 Load demand dataset constraints

A common practice in data cleaning is the definition of a set of constraints that the data
needs to satisfy. If some data points do not comply these constraints, they can either
be deleted, or modified. When they are modified they can be approximated, based on
the other data points. A few constraints that are relevant to this thesis’ data set will be

discussed in the next section.

The load demand dataset was tested against various constraints. However, not all of them
will be mentioned here, but only those that are relevant and which the data failed to
satisfy. Below, these constraints will be presented and the measures that were taken to

deal with them.

Non negative load values constraint

From a physics point of view, in an electric circuit, the power of a passive component (a
component that consumes power), is always positive [66]. If the value of power in the
component was negative, that would make it an active component (power generator).
Considering the fact that none of the smart meters was installed in a power generator

plant, negative readings indicate an incorrect measurement of the load.

An analysis on the dataset that tests for negative values concluded that the dataset
contains a considerable amount of negative values. More precisely, it contains 277,652

negative load measurements out of 131 million measurements.

In order to prevent the loss of data, one might consider to approximate these incorrect
values. The approximation of a value can be done either by equating it to the value of one

of the adjacent data points, or by taking the average of both adjacent data points.

However, a closer inspection revealed that all these negative values are, in fact, continuous

temporal ranges. This means that approximating the values based on adjacent data points
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would produce negative values again for most of them. In this situation, the best strategy

would be to delete all the negative values in the dataset.

Non duplicate timestamps constraint

It is logical to expect only one load demand value for a household in a specific moment.
Double measurements in the same timestamp would either indicate that the smart meters
recorded the measurements more than once by mistake, or the electrical appliances in the
household are in a quantum superposition, thus yielding two different valid load values at
the same time. The latter is highly unlikely, so duplicate measurements will be considered

mistakes.

A careful inspection of the dataset revealed that it contains 20 such duplicates. Apparently
it is not a common error and does not pose any complication in the data. It is obvious
that the only way to deal with this issue, is by deleting the duplicates. There are no values

to approximate, so deletion is the only logical action to take.

Timestamps inside valid interval constraint

As previously mentioned, the smart meters have been active in the time frame 7 February
2017 to 19 April 2018. The dataset is expected to contain only timestamps that fall in this
time frame and those that fall outside of it, are errors made by the smart meters, either in

the measurement process or during the transmission process.

A simple analysis showed that there are ten measurement instances in the dataset whose
timestamps fall outside the aforementioned time frame. These timestamps all belong
to the date of 1 January 1970, which is clearly a technical mistake made during the
recording/transmission process. The reason why this specific pattern of mistakes exists, is

unclear.

These measurements can be dealt with in the same ways that were explained at the start
of this section: deletion or approximation. Deleting these faulty data points does not pose
any practical issues, because they are only a tiny portion of the whole dataset. Thus, even

if they are gotten rid of, the overall quality of the data is not affected.

A better way to deal with them is by evaluating the actual timestamp based on the adjacent
data points. The timestamps are stored in a strictly increasing fashion. Furthermore,
as it has already been established, the resolution of the data is 10 seconds. This means

that the faulty timestamp is supposed to be ten seconds less than the timestamp of its
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next adjoining data point. In this thesis, this was the technique used to deal with invalid

timestamps.

4.4.2 Qutlier detection

An outlier is an observation whose value differs greatly from the rest of the observations
[36]. The existence of outliers may be attributed to measurement errors, or to the high
volatility of the data. The latter is a normal state of the data, so removing such outliers is
wrong. On the other hand, if an outlier attributed to an error is detected, it should be

removed.

There are many outlier detection techniques applicable to time series data. However the
load demand data are by nature very volatile. In order to prevent the removal of false

positives during the outlier detection process, it was decided to refrain from this practice.

4.4.3 Missing data

Missing data usually usually means the absence of values in some observations. However,
in time series data, it may take another meaning. In time series data, it may mean that
there is no observation at a specific moment when it is expected an observation to exist.
The latter is considered here, because there are no missing values in the measurements

made by the smart meters.

In our dataset, an observation is expected every ten seconds. If two observations are twenty
seconds apart or more, a missing observation has occurred in between. For example, two

observations are missing in the following load forecast series:

(t; = 100, p = 2050), (2 = 110, p = 2150), (t5 = 140, p = 2000), (t4 = 150, p = 2000)

The two missing observations were supposed to be between timestamps to and t3.

Data may be missing for many reasons. Some of them may have even been removed
during the constraint checking procedure. Whatever the reason, in this particular case,
missing observations are not a problem if it is a rare occurrence. However, if there are

large continuous blocks of missing data, that would be big problem.

Careful examination of the dataset revealed that there do exist large continuous blocks of

missing observations. A simple but effective strategy was employed to tackle this problem.
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Figure 4.1: Random daily load profiles

First, the data were divided in groups, where the measurements of each group belong to
the same date. Every group is expected to contain about 8640 measurements, because

that’s how many measurements can be made in a day with a ten seconds resolution.

Then, every group was inspected to see how many measurements each actually contained.
If a group comprised less than 80% of the expected number of observations, the whole list
of values of that group is replaced with the list of values of the previous day group. So,
if the group contains less than 6912 measurements, the values of that day are replaced
with the values of the previous day. There are 818 such groups that contain less than 6912

measurements.

This is a heuristic technique based on the fact that consumers tend to have very similar
daily load profiles in consecutive days. Picture 4.1 supports this allegation. In this graph,
the load profiles of three random houses in three random consecutive dates are depicted.

It is very clear, that the load profiles of each house are very similar in consecutive days.
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4.4.4 Data formatting

Data formatting is the final step of data preprocessing. In a sense, this process generates
the net result of all the processing stages, yielding a high quality dataset that can be easily

used by many machine learning models.

This stage also involves the change of the resolution of the data. The original resolution of
ten seconds is quite small, making it extremely difficult to forecast future demand because
the load is very volatile at such a small interval. More suitable resolutions like fifteen
minutes, 1 hour or several hours are more suitable. The increase of the resolution does
not only affect the accuracy of the model, but it also substantially reduces the size of the

dataset, thus decreasing the training time.

The change of resolution requires the average power consumption during the new time
intervals to be calculated. So, if the resolution needs to be changed from ten seconds to
one hour, every hour would contain about 360 measurements. The average of these 360

measurements needs to be calculated to determine the load demand of that specific hour.

Average load demand

The average load demand of the new resolution is not the arithmetic mean of all the values,
and designating it as such is scientifically wrong. The average power being consumed in a
time interval is equal to the the integral of the power in that time period divided by the

time interval in seconds [66]. The formula is :

1 to+1

Pcwg:f .
0

p(t)dt (4.1)
where p(t) is the load demand at time ¢, ¢y is the starting time of the interval and T is the

duration of the time interval in seconds.

However, the above equation is only suitable for continuous load functions. Our dataset
contains discrete load measurements, thus equation 4.1 is not applicable. In this scenario,
the integral should be approximated. The approximation method used for our dataset is
the trapezoid method. The trapezoid method is a very simple and efficient method to

approximate the definite integral of discrete values.

Consider the following load measurements taken at time t1, to, t3, t4, t5 as depicted in
the graph of figure 4.2. According the trapezoid method, the approximation of integral
of the load values is the area under the curve (which is also the geometrical definition of

the integral) [67]. The area under the curve at figure 4.2 is the sum of the areas of all the
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Figure 4.2: Trapezoid method

trapezoids formed in intervals [t1, t2], [t2, t3], [t3, t4], [t,t5]. The total are under the curve

is calculated by the following equation:

(tiv1 — ti) (4.2)

where I is the integral, N is the number of load measurements and p(¢;) is the i-th load
measurement. So, to find the average load demand in interval T the following equation is

used:

1 2= p(ti) + p(ti)
Py = 3 T2

(tiv1 — t;) (4.3)
where t1 =0 and ty =1T.

Data formating

When formatting the data, the new resolution of the data must first be decided. After
choosing the resolution, the average load for every time interval is calculated. This is
the dependent variable that models need to forecast. Then every other variable must
be calculated to fit the new resolution. For example, if the new data resolution is one

hour, the hourly average temperature, dew point, humidity, etc. must be calculated. The
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day | hour | temp | humid | p(h-1) | p(h-2) | p(d-1,h) | p(w-1,d,h) | load

2 19 10.63 | 0.89 835.12 1247.83 | 1087.27 1999.57 1087.27
2 20 10.20 | 0.93 1087.27 | 835.12 945.44 1670.43 945.44
2 21 9.18 0.94 945.44 | 1087.27 | 937.98 1751.65 937.98
2 22 9.41 0.91 937.98 | 945.44 1236.15 1935.90 1036.15
2 23 9.28 0.93 1036.15 | 937.98 | 837.55 1715.80 930.01
2 0 9.01 0.92 930.01 1036.15 | 1057.53 1856.56 984.12
2 1 8.54 0.90 984.12 930.01 1482.48 18467.80 920.20
3 2 8.20 0.89 920.20 | 984.12 | 937.78 1465.63 702.00
3 3 7.10 0.89 702.00 | 920.20 1038.66 1450.12 807.55

Table 4.1: Formatted dataset example

calculated average hourly values are compiled together in a table format as depicted in

the fictious table 4.1.

In this table, load is the dependent variable and the other columns are the independent
variables. This is just a small piece of the whole dataset and not all of the available
variables have been included. The tabular format is very easy and efficient to utilize, as

the input and output features can be easily fetched.

In this thesis, three different equivalent datasets with different resolutions will be investi-

gated. These resolutions are fifteen minutes, one hour and one day.

4.5 Inputs selection

As mentioned, there are many independent variables in the dataset that can be used as
inputs in the machine learning models. However, more is not always merrier. The input
variables should be carefully chosen in a way that irrelevant variables are left out, in order

to not swamp the models with trivial data.

The main technique used in the selection of input variables is the correlation analysis as
presented in section 2.4.4. The strategy is to select as input the variables with the highest

correlation to the load demand.

Since every house in the dataset has its own load demand pattern, it may be useful to
see how each variable affects the load demand of specific houses. That’s why, it is useful
to calculate the correlation coefficients between independent variables and the dependent

variable for each house separately.

Table 4.2 depicts the top ten correlation coefficients between every independent variable

and the load demand variable for the 1 hour resolution dataset. By "top ten" it is meant
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the ten largest correlation coefficients for each specific variable among all the correlation

coefficients of all the houses.

The variable names in table 4.2 have been shortened to fit the table. Their full names and

descriptions are given in table A.1 of appendix A.l.

d w h T D C H p(bh-1) | p(h-2) | p(b-3) | p(d-1,h) | p(w-1,d,h) | p(d-1) | p(w-1,d)
0.18 | 0.17 | 0.45 | -0.77 | -0.73 | -0.11 | -0.33 | 0.99 0.98 0.98 0.98 0.94 0.98 0.94
0.14 | 0.17 | 0.33 | -0.72 | -0.68 | -0.1 | -0.22 | 0.86 0.86 0.82 0.8 0.78 0.8 0.72
0.1 | 0.11 | 033 | -0.7 | -0.68 | -0.1 | -0.2 | 0.84 0.79 0.78 0.8 0.77 0.78 0.69
0.09 | 0.11 | 0.33 | -0.69 | -0.65 | -0.1 | -0.17 | 0.84 0.78 0.74 0.79 0.74 0.76 0.69
0.09 | 0.11 | 0.32 | -0.68 | -0.64 | -0.09 | -0.17 | 0.83 0.77 0.74 0.78 0.67 0.76 0.68
008 | 0.1 | 0.31 | -0.67 | -0.62 | -0.09 | -0.16 | 0.82 0.76 0.74 0.76 0.67 0.76 0.66
008 | 0.1 | 0.31 | -0.66 | -0.62 | -0.07 | -0.16 | 0.82 0.76 0.72 0.74 0.67 0.75 0.65
0.08 | 0.08 | 0.3 | -0.64 | -0.6 | -0.06 | -0.14 | 0.81 0.74 0.71 0.72 0.66 0.73 0.64
0.07 | 0.08 | 0.3 | -0.63 | -0.59 | -0.06 | -0.14 | 0.81 0.74 0.7 0.71 0.66 0.73 0.63
0.03 | 0.03 | 0.23 | -0.56 | -0.55 | -0.04 | -0.12 | 0.79 0.66 0.59 0.67 0.59 0.66 0.57
Table 4.2: Correlation coefficients for the 1 hour resolution data

As mentioned in section 4.4.4, there are two more available datasets with different resolu-

tions, namely the 15 minutes resolution dataset and the 1 day resolution dataset. The

correlation coefficients are computed separately for these datasets because some specific

variables might be more important for some resolutions than the others. Another reason

is the fact that in some resolutions, a few extra independent variables may be used that

don’t make sense for the others.

Table 4.3 depicts the top ten correlation coeflicients between every independent variable

and the load demand variable for the 15 minutes resolution dataset. Table 4.4 depicts the

top ten correlation coefficients for the 1 day resolution dataset.
d w s T D C H p(s-1) | p(s-2) | p(s-3) | p(d-1,s) | p(w-1,d, s) | p(d-1) | p(w-1, d)
0.16 | 0.15 | 0.4 | -0.74 | -0.7 | -0.1 | -0.3L | 0.98 0.98 0.98 0.97 0.93 0.97 0.93
0.15 | 0.15 | 0.31 | -0.63 | -0.59 | -0.09 | -0.18 | 0.92 0.84 0.79 0.69 0.7 0.73 0.67
0.1 | 0.11 | 0.3 | -0.61 | -0.58 | -0.08 | -0.15 | 0.89 0.84 0.76 0.68 0.66 0.73 0.63
009 | 0.1 | 0.3 | -0.61 | -0.57 | -0.07 | -0.14 | 0.88 0.8 0.75 0.67 0.63 0.73 0.62
008 | 0.1 | 0.3 | -06 | -0.56 | -0.06 | -0.13 | 0.88 0.79 0.75 0.64 0.62 0.67 0.62
007 | 0.1 | 0.28 | -0.59 | -0.55 | -0.06 | -0.13 | 0.85 0.78 0.74 0.63 0.61 0.67 0.6
0.07 | 0.08 | 0.28 | -0.58 | -0.55 | -0.06 | -0.13 | 0.85 0.78 0.73 0.6 0.6 0.67 0.59
0.06 | 0.07 | 0.26 | -0.58 | -0.55 | -0.06 | -0.13 | 0.85 0.75 0.72 0.59 0.6 0.66 0.58
0.06 | 0.07 | 0.26 | -0.58 | -0.54 | -0.06 | -0.12 | 0.85 0.75 0.71 0.59 0.58 0.66 0.58
0.06 | 0.07 | 0.26 | -0.58 | -0.52 | -0.05 | -0.12 | 0.85 0.74 0.71 0.59 0.58 0.65 0.57

Table 4.3: Correlation coefficients for the 15 minutes resolution data

The variable names in tables 4.3 and 4.4 have been shortened to fit the table. Their full

names and descriptions are given in tables A.2 and A.3 of appendix A.1 respectively.

Following the results of correlation analysis, three types of ANN and RF models differing
on their input variables were built: one for each data resolution. The variables with the

highest correlation to the load demand were chosen as inputs.

For the 1 hour resolution models these variables are chosen as inputs:
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d w T D C H min(p(d-1)) | max(p(d-1)) | stdev(p(d-1)) | p(d-1) | p(d-2) | p(d-3) | p(w-1,d)
0.26 | 0.25 | -0.95 | -0.9 -0.16 | -0.44 | 0.97 0.98 0.97 0.99 0.97 0.97 0.95
0.22 | 0.24 | -0.92 | -0.87 | -0.16 | -0.23 | 0.93 0.86 0.79 0.95 0.94 0.93 0.89
0.21 | 0.23 | -091 | -0.86 | -0.16 | -0.2 0.93 0.82 0.72 0.94 0.92 0.89 0.88
0.19 | 0.21 | -0.9 -0.83 | -0.14 | -0.19 | 0.9 0.82 0.72 0.94 0.92 0.89 0.87
0.16 | 0.19 | -0.9 -0.83 | -0.12 | -0.19 | 0.9 0.82 0.69 0.94 0.89 0.88 0.86
0.16 | 0.19 | -0.89 | -0.83 | -0.1 -0.18 | 0.88 0.82 0.69 0.93 0.89 0.86 0.84
0.16 | 0.18 | -0.89 | -0.83 | -0.1 -0.17 | 0.88 0.82 0.67 0.92 0.89 0.86 0.84
0.15 | 0.17 | -0.89 | -0.82 | -0.09 | -0.16 | 0.87 0.82 0.64 0.92 0.88 0.86 0.82
0.14 | 0.16 | -0.87 | -0.82 | -0.08 | -0.16 | 0.86 0.82 0.64 0.91 0.88 0.85 0.82
0.13 | 0.15 | -0.86 | -0.81 | -0.07 | -0.16 | 0.86 0.81 0.6 0.91 0.88 0.85 0.82
Table 4.4: Correlation coefficients for the 1 day resolution data

For the 15 minutes resolutions models these variables are chosen as inputs:

Hour of day - h

Temperature - T

1 hour ago load - p(h-1)

2 hours ago load - p(h-2)

3 hours ago load - p(h-3)
1 day ago load - p(d-1, h)

1 week ago load - p(w-1, d, h)
Yesterday daily load - p(d-1)

Last week daily load - p(w-1, d)

Step of day - s

Temperature - T

1 step ago load - p(s-1)

2 steps ago load - p(s-2)

3 steps ago load - p(s-3)

1 day ago load - p(d-1, s)

1 week ago load - p(w-1, d, s)
Yesterday daily load - p(d-1)

Last week daily load - p(w-1, d)

For the 1 day resolution models these variables are chosen as inputs:

Temperature - T

Minimum load previous day - min(p(d-1))

Maximum load previous day - max(p(d-1))

Standard deviation of load previous day - stdev(p(d-1))

Yesterday daily load - p(d-1)

2 days ago load - p(d-2)
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» 3 days ago load - p(d-3)
o Last week daily load - p(w-1, d)

4.6 Feedforward Neural Network implementation

One of the models that was built to forecast the load demand is the Feed Forward Neural
Network. FFNN is one of the simplest neural networks in supervised machine learning,
but it is a very powerful predictive tool nonetheless. In this section, the architecture of the
implemented Feedforward Neural Network will be discussed. The architecture is similar
to the one introduced in section 2.2, but more specific details on the architecture will be

presented.

4.6.1 General structure

The architecture of this Feedforward neural network is relatively simple. It contains one
input layer with several neurons, which will be discussed shortly. The output layer contains
only one neuron, which outputs the load demand. Two hidden layers are used. Various
experiments demonstrated that increasing the number of hidden layers does not affect the

forecasting accuracy of the model (but those results are outside the scope of this thesis).

Increasing the number of hidden layers doesn’t necessarily lead to the increase of the
model’s performance. In fact, according to the Universal Approximation Theorem, a feed
forward neural network is capable of approximating any given nonlinear function using

only one hidden layer [68].

In order to determine the optimal number of hidden layers in the network, an experiment
was conducted. The dataset of a household from the 1 hour resolution dataset was picked
and different neural networks with various hidden layers were trained 10 times times.
The MAPE test results were recorded and the average MAPE values for each ANN were
compared. The ANN with two hidden layers yielded the smallest MAPE value of all, equal
to 12.9%. These results are illustrated in figure 4.3, where the test MAPE values are

plotted against the number of hidden layers that the neural network contained.

A few experiments were conducted, testing different numbers of neurons in the hidden
layers. The configuration with the best accuracy was 50 neurons for every hidden layer.
The results of these experiments are not the focus of this thesis, so they will not be

presented here, as to not overwhelm the reader.
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Figure 4.3: MAPE depending on number of hidden layers
4.6.2 Activation function

The activation function is a very important aspect of the Artificial Neural Network
architecture. The wrong choice of the activation function may negatively affect the
training speed of the network, or its learning capabilities. In this thesis, the hidden layers
use a different activation function from the output layer. They will be discussed in this

section.

Activation function in hidden layers

The activation function that was chosen for the Feedforward Neural Network in this thesis
is the Leaky ReLU for the hidden layers. The Leaky ReL.U is a modified version of the
the Rectified Linear Unit (ReLU) function. Leaky ReLU is not zero for arguments less
than 0, unlike ReLU.

The Leaky ReLU activation function has the following equation:

T ifx>0
f(z) = (4.4)

ar ifx<0

where « is a small value close to 0. In the models presented here, « is equal to 0.01. Figure
4.4 depicts the graph of the activation function in question. As seen from the graph, it

has a tiny slope for arguments less than 0.

Leaky ReLU has a relatively big advantage compared to ReLLU, but first the advantages of
ReLU will be discussed, which are inherent to Leaky ReLLU as well. The advantages are
listed and explained below. Then, the "Dying Relu" problem is explained, which is the
reason why Leaky ReLU is a better choice than ReL.U.
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Figure 4.4: Leaky ReLU with a = 0.01

- Computation efficiency
ReLU is a very efficient function computation wise. The reason is that ReLU only needs
to pick the maximum value among 0 and the argument and return it. No computationally
expensive operations are required like in other common activation functions, such as
sigmoid, hyperbolic tangent, softplus, etc [69]. Leaky ReLU is slower than ReLU in this

regard, however much faster than the others.

In order to support this argument, a simple experiment was conducted. The purpose of
the experiment is to reveal how much time is spent on the execution of the activation
function during the training process of the ANN model, when it is trained on the 1 hour

resolution dataset.

During the training process of the ANN with the 1 hour resolution dataset, the neurons
of the hidden layers in total get activated approximately 894252000 times. That’s

because there are 2 hidden layers, 30 neurons in each of them, about 40 epochs and
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372605 observations. The experiment measures the time that is spent to execute each

activation function 894252000 times. It was conducted in a normal personal computer

and the results are depicted in table 4.5.

Activation function | Execution time (s)
Softplus 1834.47

Unipolar sigmoid 1579.02

Bipolar sigmoid 1555.14

Hyperbolic tangent 630.05

Leaky ReLLU 150.76

ReLU 136.32

Table 4.5: Activation functions execution time

It is very obvious that ReLU and Leaky ReLU are far more superior than the other
activation functions when it comes to computation speed. ReLU is slightly faster than
Leaky ReLU.

- Vanishing gradient and exploding gradient problems

The vanishing gradient problem is a problem faced in the training process of Artificial
Neural Networks using backpropagation and gradients. In simple terms, during back-
propagation, the gradients are multiplied up the layer stack and the gradients in the
initial layers of ANN may become very small along this process [70]. This causes the
weights of those layers to be updated by a very small amount. For that reason, in some
cases, the training of the network may come to a halt. The exploding gradient is the
opposite problem, where the gradients take very large values and make the network

unstable.

The positive thing about ReLU is that it completely avoids the vanishing gradient and
exploding gradient problems [71]. The reason is that the derivative of ReLU is either 1
(for positive input) or 0 (for negative input) [71]. So, the gradient is backpropagated

without causing increasingly small or very large gradients up in the layer stack.

These problems are usually present in deep neural networks. They may not be prevalent
in the networks discussed here, which are composed of only two hidden layers. However,

in theory it is always possible that it occurs even in these situations.

- Sparsity

Sparsity refers to a state of an artificial neural network where a relatively large amount
of neurons in the network don’t fire, i.e. they yield a value equal to 0 [72]. Sparsity is a
desirable property of neural networks, because they decrease the calculation complexity
of the network [72].
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According to [71], the ReLU activation function is quite capable of achieving a state of
sparsity in the ANN. The reason for that, is that when the weighted sum of the input
weights of a neuron is negative, the function generates a value of 0, which means that
the neuron is deactivated. The gradient equal to 0 for negative values also contributes

to keeping these neurons deactivated [71].

- Dying ReLLU

Regardless of the many advantages of ReLU, an artificial neural network that uses
ReLU in its hidden layers runs the risk of "dying". The sparsity may increase so much
that most of the neurons may become inactive, thus greatly affecting the ability of the

network to learn [73].

Leaky ReL.U is able to prevent the dying state of the neural network, because its gradient
is not 0, but «, for negative input [71]. This strategy negatively affects sparsity, but

nonetheless, it is a good trade-off between sparsity and a dying state.

It is clear that Leaky ReLU is a very appropriate activation function, as it inherits all the

benefits of the regular ReLU, while eliminating the dying ReLLU problem.

Activation function in the output layer

The activation function used in the output layer is a simple linear function of the form
f(z) = z. The reason lies in the fact that load forecast is essentially regression. Regression
output values should be unbounded, in order to account for every possible outcome. That’s
why Leaky ReLU, ReLLU or any other common activation function cannot be used in the

output layer of regression models.

4.6.3 Loss function

The loss function is an important part of the neural network. It is a crucial part of the
training process because it serves as a metric of how "bad" the model is performing. The

minimization of this metric is the ultimate goal of the whole training process.

The choice of the loss function affects the ability of the model to learn during the training
phase. There are many heuristic approaches that suggest the best loss function to be
used in given situations, based on the distribution of the data, the degree of outliers, etc.
However, the only bulletproof method to guarantee the selection of the best performing
loss function in a model, is to test and compare many of them. Then, the function that

yields the smallest error, can be selected to be used in the model.
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The loss functions were tested only on a subset of the one hour resolution dataset. They
were compared based on the generated test MAPE values. The experiment involved these

loss functions:

e Mean Squared Error (MSE)

e Root Mean Squared Error (RMSE)

e Mean Square Logarithmic Error (MSLE)
o Huber loss

o Mean Absolute Error (MAE)

o Mean Absolute Percentage Error (MAPE)

These functions yielded various level of accuracy. Table 4.6 shows the error metric values
values yielded by the neural network trained on the 1 hour resolution data of a random
house. The testing error metric used is MAPE. The least accurate ANN was trained using
the Mean Squared Logarithmic Error function. The best result was achieved by Root
Mean Squared with a test MAPE equal to 11.17%. That’s why all the neural network

models in this thesis are trained using RMSE as a loss function.

Loss function Test MAPE
Mean Squared Error 20%
Root Mean Squared Error 11.17%
Mean Square Logarithmic Error 95%
Huber Loss 15.4%
Mean Absolute Error 12.4%
Mean Absolute Percentage Error 13%

Table 4.6: Test MAPE of a neural network trained on different loss functions

4.6.4 Optimization algorithm

The optimization algorithm is the algorithm that is used to minimize the loss function in
Artificial Neural Networks. It is a crucial part of the neural network and there are many

considerations to take into account when choosing one. Some of these considerations are:

e Computational efficiency
e Memory

» Rate of convergence
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o Convexity

e Local Minima vs Global Minima

A relatively new and very well known optimization algorithm is Adam (adaptive moment
estimation) [74]. This algorithm is gradient based. Some of the reported advantages of
Adam are computational efficiency, ability to deal with sparse gradients, low memory
requirements during the execution, suitable for non convex loss functions, etc [74]. Research
has also shown that Adam outperforms the classical optimizer Stochastic Gradient Descent,

in terms of rate of convergence and error, when it is applied in load forecasting problems

[75].

Theoretical and empirical studies were encouraging to accept Adam as the optimizer of

choice in the neural networks in this thesis.

4.7 Random Forest implementation

In addition to the Feedforward Neural Network implementation, a Random Forest model
is built. In this section, its implementation details and design choices will be introduced.
These choices will be justified by empirical evidence drawn from experiment conducted
with the dataset. In order to keep it simple, the experiments were conducted on the 1 hour
resolution data of only a few households. The design choices discussed here are: number
of trees in the forest and whether bootstrap sampling should be performed before training

the model.

4.7.1 Number of trees in the forest

The most important factor in the accuracy of Random Forests is the number of trees in
the forest. Intuitively, the accuracy increases as the number of trees increases. This is, of
course, bounded by the maximum accuracy that a decision tree can achieve. However, the

more trees there are in the model, the longer it takes to train the whole forest.

A small experiment was devised to decide an adequate number of trees. One of the
households in the dataset was chosen and its 1 hour resolution dataset was used to train
100 different models. These models differed in the number of trees that they contained.
The test MAPE value were recorded and then plotted against the number of trees. The
plot is depicted in figure 4.5:

As it can be seen from the graph, the accuracy doesn’t change much. It ranges from

10.98% with 350 trees to 12.06% with 10 trees in the forest. Normally, one would consider
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Figure 4.5: MAPE values of Random Forest with different number of trees

350 as the optimal number of trees. However, by taking a close look at the results, there
are a few other configurations that give almost the same result as the 350 trees option.

Table 4.7 depicts 10 configurations with the lowest MAPES.

Number of trees | MAPE (%)
350 10.9800
130 10.9810
450 10.9815
780 10.9830
510 10.9843
850 10.9864
990 10.9870
370 10.9914
720 10.9944
1000 10.9967

Table 4.7: 10 lowest MAPE values of Random Forests with different number of trees

As seen from table 4.7 the forest with 130 trees yields an almost exact accuracy as the
forest with 350 trees. Since the training and testing time of the random forest increases

with the number of trees, it was decided to use 130 trees in the model of this thesis.

4.7.2 Bootstrap sampling

Bootstrap sampling is the practice of generating a sample of elements, from an existing
set by randomly picking elements with replacement [76]. In the case of Random Forests,
bootstrapping is used to generate a training dataset for each tree in the forest. Usually
the size of the samples is chosen to be the same size as the original dataset. It is obvious
that during sampling, some records may be included more than once and some may not

be included at all in the training set.
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In Random Forest, bootstrap sampling is used to introduce more randomness during
training. However, it can optionally not be used at all and the exact original training set
can be used to induce all the trees. This would mean that the only randomness introduced
in the algorithm is the random selection of attributes that are used to choose the best split

on, as presented in the second step of the algorithm of section 2.3.2.

In order to decide whether the bootstrap sampling technique will be used in the training
process of the random forest, a simple experiment was conducted. Five random households
were chosen and random forests with and without bootstrap sampling were trained. Their

test MAPE errors were calculated to compare the two techniques.

Random household | Bootstrap MAPE(%) | No Bootstrap MAPE (%)
1 11.14 17.67
2 19.77 31.16
3 13.71 18.80
4 16.05 22.53
) 20.35 28.15

Table 4.8: Bootstrap sampling vs no bootstrap sampling in Random Forest training
comparison

Table 4.8 depicts the average test MAPE errors of the households when the Random
Forest was trained with and without bootstrap sampling. As seen from the results, in all
cases, the error of the Random Forest model was much lower when the bootstrap sampling
technique was used. Based on these results, it was decided to train all the Random Forest

models of this thesis by using the bootstrap sampling method.

4.8 Training, testing and final remarks

As previously mentioned, in data preprocessing, three datasets with different resolutions
were generated. Also, each dataset contains data for more than 50 houses. The set of data

from one dataset belonging to one house will be called a subset.

A new model is trained for each house. The reason is because every house has its own
energy consumption pattern and separate trained models are needed to capture those
patterns. Furthermore, in order to study the impact of the data resolution in the forecast,
a separate model for each resolution is trained for each house. This is an overwhelming
number of trained models, however the highlights of the results will be given, in order not

to swamp the thesis with a large amount of crude information.

Before training an ANN or a RF, the corresponding subset is split in a training subset,

validation subset and a testing subset. The testing subset comprises 20% of the whole
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subset, whereas the validation subset and training subset consist of 16% and 64% of the

subset respectively.

A model is trained on a training subset. Thereafter, its accuracy is evaluated by feeding
the testing subset, which is a portion of the data that the model hasn’t seen before. The
purpose behind this method is to check whether the model has memorised the training
data (overfitting), or has actually learned its underlying pattern. If the model has a low

training error and a high testing error, it indicates that the model has overfitted the data.

The validation subset has a specific purpose as well. Training a model is costly and takes
a lot of time. Before delving into lengthy model training procedures it is crucial to know
that the model is actually learning. A very simple way, is to take a small subset (validation
subset) and use it to validate the model after each epoch. The validation procedure is the
same as the testing procedure, where the test subset is fed to the network and a loss value
is calculated for that subset. The only difference is the fact that the validation set is fed

after every epoch.

If the training loss and validation loss are plotted in a graph against the epoch number,
some useful insight on the learning process is provided. If the training loss curve and the
validation loss curve converge, then it means that the model is learning. On the other

hand, if they diverge, it suggests that the model training is not effective.

Figures 4.6, 4.7, 4.6 depict the validation loss and training loss curves of one random
training model from each dataset. As it can be seen from these graphs, the curves are

converging, which means that the model is able to learn from the data.
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Figure 4.6: Training loss and validation loss curves of a household using the 1 hour
resolution dataset

In machine learning, it is common to shuffle the data before splitting to prevent overfitting.
In time series data, the data should not be shuffled before splitting, because the test data
points must have more recent timestamps than those in the training subset. however, after

splitting, the training dataset can be shuffled.
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Figure 4.7: Training loss and validation loss curves of a household using the 15 minutes
resolution dataset
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Figure 4.8: Training loss and validation loss curves of a household using the 1 day
resolution dataset

Before feeding the data to the neural network, the variables are scaled first. Scaling is
the process of transforming the variables to fit in a particular range of values. It is used
because variables tend to have different ranges of values. Variable scaling stops the larger
variables from dominating the smaller ones. When the features are scaled to fit in the

same range, all of them have the same influence.

There are many possible scaling formulas that can be used, but here a very simple and
intuitive one is used. It is called the Minimum Maximum Scaler. It normalizes the features
in the 0 to 1 range. The formula of the Minimum Maximum Scaler is given in equation

4.5.

x; — min(x)

- max(z) — min(z) (45)

where #; is the scaled value, z; is the real value, min(x) is the minimum value of the

variable and max(x) is the maximum value of the variable.
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After a neural network model has been trained, its ability to forecast future load demand is
tested using the testing subset. Each observation in the testing subset is fed to the trained
ANN as input. The output is the forecasted load demand for that specific observation. The
forecasted values are compared to the true values (ground truth) and the forecast error is
assessed. The error used in this thesis is MAPE. The formula for MAPE is depicted in

equation 4.6.

100 & yi — Ui
mapp = 05y
noi=1 Y

(4.6)

In the formula above, MAPE is the error as a percantage value, n is the number of

observations in the test subset, y; is the i-th ground truth and g; is the i-th forecast value.






Chapter 5

Experimental Evaluation

5.1 Experimental Setup

Many experimental studies were conducted with the purpose to assess the performance of
the machine learning models presented in chapter Solution Approach and to understand

their limitations. In principle, three types of experiments were conducted for each model:

e 1 hour resolution experiment
e 15 minutes resolution experiment

e 1 day resolution experiment

The purpose of these distinct experiments is to study the way load demand patterns are
manifested at different resolutions and the ability of the Feed Forward Neural Network
and Random Forest to predict the next step load demand, by learning these patterns. The
results of the experiments are compared and a conclusion is made based upon them. The
experiments were conducted with all the available house subsets. However, the results of

only a few houses are given here, for space considerations and easier presentation reasons.

The next subsection will be dedicated to the results of every experiment. In each of them,
the test subset of every house is compared to the ground truth. The MAPE metric is
calculated to measure the forecast error. Also the ground truth and the forecast values

are visualized using graphs, for a more comprehensive and intuitive report of these results.
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5.2 Experimental Results

The datasets contain data for 55 houses, meaning that there are 55 subsets. Some houses
have a more defined load demand pattern than others, which is exactly what machine
learning models need, to discover hidden regularities in the data. Some other houses have
a very volatile, "chaotic" consumption behaviour and with no clear patterns, which makes

it rather difficult to predict the load demand.

When trying to forecast the next step load demand, the MAPE value is a good indicator
of the model’s ability to predict. A 0% MAPE indicates that the predictor is perfect: it
can forecast the next step load exactly as it is. The higher the value is, the worse the

forecast is.

However, MAPE is not a bulletproof metric that speaks the absolute truth regarding the
model’s precision. As it will be obvious later on, it is not able to capture a few intrinsic

details of the forecasting process. Nonetheless, it is a useful tool that gives some insight.

There is a wide range of MAPE values yielded in experiments here. In the one hour
resolution dataset, the trained models yielded MAPE values ranging from 10% to 85%. In
the 15 minutes resolution dataset, this range was from 9% to 82%. In the 1 day resolution

dataset, the accuracy was more optimistic, with a range of MAPE from 6% to 45%.

Tables 5.1, 5.2 and 5.3 show 5 houses with the highest MAPEs produced by ANN and
RF respectively, from each dataset. Judging from the depicted values in these tables, the
machine learning models presented here, have a poor performance in these specific houses,

in the respective resolutions. The error yielded in these cases is objectively very high.

House ID | MAPE (%) || House ID | MAPE (%)
H19 90.2% H11 80.7%
H32 85.2% H23 49.3%
HS 76.3% H19 49.1%
H10 66% H10 47.8%
Hi1 60.7% H32 47.6%

(a) Artificial Neural Network (b) Random Forest

Table 5.1: Houses with high error values in the 1 hour resolution dataset

In this thesis, the focus will be laid on the instances with the lowest MAPE values, i.e.
the models that are the most accurate in forecasting the next step load demand. Tables
5.4, 5.5 and 5.6 depict the forecast errors of the houses that ANN produced the smallest
error for. Next to the ANN MAPE error, the corresponding MAPE values yielded by RF,
for the specific houses are given. So, in simple terms, the ANN models are used as the

baseline for comparing ANN to RF.
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Table 5.2: Houses with high error values in the 15 minutes resolution dataset

Table 5.3: Houses with high error values in the 1 day resolution dataset

Table 5.4: Houses with low error values in the 1 hour resolution dataset

Table 5.5: Houses with low error values in the 15 minutes resolution dataset

House ID | MAPE (%) || House ID | MAPE (%)
H19 85.5% H11 72.1%
H10 82.4% H19 70.8%
HS8 76.6% H10 54.5%
H34 68% HS8 53%
H44 65.8% H23 48.5%

(c) Artificial Neural Network

(d) Random Forest

House ID | MAPE (%) || House ID | MAPE (%)
Hi1 49% H19 42.6%
H46 45% H11 36.1%
H23 44% H23 34.7%
H19 43% H46 33.9%
H44 41% H44 33.8%

(e) Artificial Neural Network

(f) Random Forest

House | ANN MAPE (%) | RF MAPE (%)
H41 10.5% 11.1%
H4 12.4% 13.7%
H49 13.7% 15.6%
H9 14.5% 16.1%
H2 17.4% 17.9%

House | ANN MAPE (%) | RF MAPE (%)
H28 9.2% 17%
H37 10.5% 12.9%
H13 10.8% 40.4%
H4 11.8% 15.1%
H29 13% 18.5%

It is obvious that the forecasts of the models trained on the 1 hour and 15 minutes

resolution datasets are the least accurate. The yielded errors are comparable. Surprisingly,

the best forecasting accuracy was achieved by the models trained in the 1 day resolution

dataset.

The results of table 5.4 are partially depicted in figure 5.1. This figure illustrates the

forecast results of the Artificial Neural Network and Random Forest on the 1 hour resolution

dataset for the household with ID H41, which is the lowest result achieved by ANN in

this resolution. The blue lines represent the true load demand of the household. The red

line represents the forecasted load demand by the ANN and RF. These graphs show the
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House | ANN MAPE (%) | RF MAPE (%)
H4 6.2% 9.6%
H28 71% 10.2%
H51 7.3% 18.5%
H9 7.7% 11.1%
H21 8.8% 11.9%

Table 5.6: Houses with low error values in the 1 day resolution dataset

predicted load curve and real load curve for a few hundred hours that were not included
in the train set. They are only part of the test set, which means that the models have
never seen these values. The rest of the results of table 5.4 are presented in the appendix
in figures A.1, A.2, A.3 and A.4.
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Figure 5.1: Forecasting results of models trained on the 1 hour resolution dataset of
household H41

In the graphs, it can be seen that the forecasted values (red lines) are usually able to
follow the pattern of the actual load to some extent. However, this appears to not be true

in the case of house H4, which fails to detect a pattern.

Another characteristic of the graphs is that the red lines tend to not follow the blue line
in peak values, i.e. when the load changes abruptly. In practice, this means that it is not
able to forecast load demand in peak hours. This problem is very obvious in pictures A.2,
A.3 and especially A.4.
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Figure 5.2: Forecasting results of models trained on the 15 minutes resolution dataset of
household H28

The partial results of table 5.5 are depicted in figure 5.2. The figure illustrates the
forecasted load curve (red line) by ANN and RF for the 15 minutes resolution dataset of
household H28. The true load curve (blue line) is depicted as well for comparison. The
rest of the results of table 5.5 are presented in the appendix in figures A.5, A.6, A.7 and
A8.

In the 15 minutes ANN resolution graphs, it appears that the forecasted values are capable
of following the pattern of the real load quite well. The lower MAPE values of this
resolution compared to the 1 hour resolution MAPE values are also confirmed by the
graphs. Intuitively, it is obvious that the neural network is capable of learning the load
patterns more easily in the 15 minutes resolution dataset, compared to the 1 hour resolution
dataset. However, this is not true for the RF model. The RF model’s accuracy seems to
be lower than that of ANN for the 15 minutes resolution, but also it is also generally lower
than the accuracy of RF in the 1 hour resolution. Furthermore, it can be seen that also in

this resolution, the neural network is not capable to predict peak load demands.

The partial results of table 5.6 are also graphically depicted in figure 5.3. These graphs
visualize the forecasted load curve by ANN and RF trained on the 1 day resolution dataset

of household H4. As in the previosuly mentioned graphs, the true load demand curve



Redjol Resulaj

Chapter 5 Experimental Evaluation

8000
7000 A
6000 A
®
5000 A
2
4000
—— Forecast load demand
3000 1 —— Real load demand
D 0 4 6 8 100 120
Day
(a) ANN: MAPE 6.2%
BOOOD A
F000
BO00
E:
5000 4
2
4000
—— Faorecast load demand
3000 1 —— Real load demand
D 0 4 60 8 100 120
Day

(b) RF: MAPE 9.6%

Figure 5.3: Forecasting results of models trained on the 1 day resolution dataset of

household H4

is drawn for comparison against the forecasts. The rest of the results of table 5.6 are
visualized in the appendix in figures A.9, A.10, A.11 and A.12.

Just like in the previous graphs, the forecasted values are capable, to some extent, to

detect the load demand pattern. Also, these models fail to predict the peak values of the

load demand.



Chapter 6

Discussion

In chapter 5 the results of the conducted experiments were presented. Some interpretation
of the results was given, but generally it was decided to refrain from a comprehensive
analysis. This chapter will be dedicated to an in depth discussion and interpretation of

the results given previously.

As witnessed in Experimental Evaluation, the Feedforward Neural Network and Random
Forest presented in the Solution Approach chapter, have achieved varying degrees of
success in the next step load demand forecast task. The degree of success depends on

three factors:

e The machine learning model used, i.e. Feedforward Neural Network or Random

Forest
e The specific household for which the machine learning models were trained on.

e The resolution of the data that the models were trained on.

All the results reported in this thesis indicate that the Feedforward Neural Network is
more capable of predicting the next step load demand forecast than the Random Forest is.
In all the resolutions and all the households, ANN succeeded to yield a lower forecast error
and sometimes with substantial differences. The depicted graphs also suggest that ANN
predicted curves follow the real load curves more closely than the RF predicted curves.
The reason is difficult to interpret, but these empirical pieces of evidence strongly suggest
that ANN is a superior machine learning model to RF, for the given task of load demand

forecast.

The issues caused by the second factor are, to some extent, out of the researcher’s control.

Some households simply have a very unpredictable and chaotic electricity consumption
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behaviour. A very high forecast error is yielded when the machine learning models attempt
to predict the next step load demand of such households, as witnessed in tables 5.1, 5.2
and 5.3. Refinement of the models’ architectures, or even more complex machine learning

models will probably do very little to improve the accuracy in these cases.

The resolution of the data has proven to be quite influential in the next step load demand
forecast. It turns out that the consumers’ behaviour patterns are manifested differently at
different resolutions. This leads to various forecasting capabilities for models trained on

data of different resolutions.

The next day forecast (1 day resolution data) is evidently easier to perform. The prediction
error is considerably lower than that of the other resolutions. There are three hypothetical

reasons that might explain this result:

e At such a large resolution the load demand volatility is smaller. Usually, there are

no abrupt changes in load demand from one day to the other.

e People in a household exhibit a daily behaviour cycle, imposed by their lifestyle. This
cycle tends to repeat every day, thus causing a daily electricity consumption pattern.
The benefit of the 1 day resolution is that it doesn’t matter when a specific action of
the consumer happened throughout the day, but it matters that it happened. At
a daily aggregate level, the electricity consumption is pretty much the same. For
example, it doesn’t matter whether the consumer cooked dinner one hour later than
the previous day, it matters that he/she cooked dinner. The energy consumed to
cook the dinner is roughly the same as the energy consumed to cook dinner the
previous day. In this simple example, despite the exact time, the consumer sticks to
his/her daily routine anyway. This time invariant pattern is not exhibited at the

lower resolutions studied here.

e Temperature affects daily load demand more than it affects load demand in smaller
resolutions. This assertion is sustained by the correlation coefficients depicted in
tables 4.2, 4.3 and 4.4. The correlation between the load demand and the temperature
is much higher (in absolute terms) in the 1 day resolution dataset than it is in the
other resolutions. The higher correlation of this variable means that its effect is

higher, thus easier for the ANN model to to capture its impact.

The next 15 minutes forecast by ANN is the second most accurate forecast. It’s accuracy is
somehow comparable to the accuracy of the next hour forecast by ANN and RF. However,
as seen from the graphs of both resolution forecasts, the 15 minutes ANN resolution
forecast follows the real load demand pattern more closely than the 1 hour resolution

forecast can, as is evident by comparing graphs. A potential reason for the higher accuracy
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is the fact that electricity consumption is more volatile in the 15 minutes resolution, thus
easier to predict by ANN. The RF next 15 minutes forecast results, on the other hand, are

much less accurate.

A common problem for all the models is the disability to forecast peak load demands, i.e.
load demands that change significantly from the load demand of the previous step. This is
obviously not a problem related to the resolution or at all, but a deeper one. There are

two potential explanations to this issue:

e The presented machine learning models here are not ideally suited to detect such
peak load demands. More complex architectures may be required to tackle this
problem. These architectures must be able to learn more complicated patterns
hidden in the data that the ANN and RF presented here cannot.

e A peak load demand, in some cases, may be totally random and, as a result,
unpredictable. Despite the assumption that people exhibit electricity consumption
patterns, that pattern is easy to break. For example, there is no way to predict the
random urge of some person to turn on the clothes dryer in the middle of the night,

and consequently causing a huge spike in the load demand curve at that moment.

In this thesis, the average load demands for the specific time steps are used as input and
output variables. An alternative would be to use the total load demand of that time step,
i.e. the sum of electrical load. This approach has not been explored here and it is unknown
how it would affect the forecast accuracy. However, there should not be much difference,
as in essence, the average load and total load in a specific time interval convey basically
the same information. This assertion is based on the fact that the total load is derived by

simply multiplying the average load by the time interval (see equation 4.4).

Lastly, one thing to be considered is the fact that the next day load forecast accuracy can
be substantially improved with more data. About one year worth of load demand data
have been used in this research. At least two years of data are required to study the yearly

patterns of electricity consumption.






Chapter 7

Conclusions and future work

7.1 Conclusions

This thesis explores the problem of next step load forecasting in residential customers
using Feed Forward Neural Networks, which are one of the most basic architectures of
artificial neural networks, and Random Forests, which are on of the most common ensemble
machine learning models. The architectures presented in the Solution Approach chapter
are trained on three equivalent datasets but with different resolutions: 1 hour, 15 minutes

and 1 day resolutions.

The datasets contain load demand data for 55 households for a time period of about 14
months. The data of a specific household in a specific dataset is called a subset. A separate

neural network and random forest model is trained on every subset.

These machine learning models yielded various levels of forecast accuracy, with MAPE
values ranging from as low as 6.2% up to a staggering 90.2%. The households with high
margins of error are considered to have a very volatile load demand, thus almost impossible
to attain decent forecast results for. The focus is shifted towards the subsets for which the
ANN yields the lowest MAPE values.

The models trained on the 1 day resolution dataset yielded the highest accuracy, with
the 5 highest test MAPE values equal to 6.2%, 7.1%, 7.3%, 7.7% and 8.8%, generated
by ANN. The RF model achieved its highest accuracy on the 1 day resolution dataset
too, but not as accurate as ANN. The potential reasons why the models trained on 1 day

resolution data are more accurate, as explained in the Discussion chapter, are:
¢ Low volatility of load demand in this resolution.
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e The existence of daily electricity consumption patterns in households.

o High correlation between temperature and next step load demand.

The models trained on the 15 minutes and 1 hour resolution datasets, yielded comparable
results, with a couple of exceptions for the Random Forest in the 15 minutes resolution

dataset.

The reported results strongly indicate that the Feedforward Neural Network is more
effective than Random Forest for forecasting the next step load demand. The reported
ANN error values were smaller than those of RF, for every household. This claim is also
attested by the graphs, were it is seen that the forecasted load curve by ANN follows the

real load demand curve more closely than the load curve forecasted by RF.

Generally, the forecasted load demand curve follows the pattern of the real load demand
curve nicely, with some exceptions. However, in almost all the cases the models fail to
predict peak load demands, i.e. load demands that change significantly from the load

demand of the previous step. There are two potential reasons for that:

e The Feedforward Neural Network is not well suited to detect peak load demands.

e In some cases, the peak load demands are totally random, thus impossible to predict.

As a final remark, it is concluded that the implemented Feedforward Neural Network and
Random Forest achieve some degree of success in forecasting the next step load demand.
However, the attained level of accuracy is not enough for practical purposes. More complex
machine learning models are required to overcome the problems of high load demand

volatility and the prediction of peak load demands.

7.2 Future work

There is a wide range of pathways to be followed in the load forecast research field. However,
there are a few special topics of interest that can be pursued, in order to complement the

research done here and improve the results.

First, a more in depth analysis is required for the forecast models that yielded large MAPE
values, in order to better understand the reason for the low forecast accuracy. A thorough
understanding of the reason (or maybe reasons), may lead to the devise of more advanced
techniques that are able to perform highly accurate load demand forecasts for the specific
households.
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Secondly, more studies should be conducted to improve the prediction capabilities of
the peak load demand values. More complex architectures may prove to be fruitful. In
addition, the Feedforward Neural Network and Random Forest presented here can be used
in conjunction with other separate machine learning models that are capable of predicting
solely the peak load demand values. The results can be unified, thus providing a better

overall forecast accuracy.

Finally, the implementation of a special type of artificial neural network called Recurrent
Neural Network (RNN) may be of interest. RNNs have memory, i.e. they have the ability
to store previous input values in their internal state. In theory, this is beneficial for load
forecasting, as it was shown that load demand values from several previous time steps are

highly correlated to the next step load demand.






List of Figures

2.1
2.2
2.3
24
2.5

4.1
4.2
4.3
4.4
4.5
4.6
4.7

4.8

5.1

5.2

5.3

Al

A2

A3

A4

A5

A.6

AT

Load profile of a random household . . . . . . ... ... ... ....... 6
The neuron . . . . . . . . 8
ANN architecture . . . . . . . ... 11
ANN training algorithm . . . . . . ... ... oL oo 12
Decision Tree for playing outdoors [19] . . . . . . . . ... ... ... ... 14
Random daily load profiles . . . . . ... ... ... ... .. 34
Trapezoid method . . . . . . .. .. L Lo 36
MAPE depending on number of hidden layers . . . . . .. ... .. ... .. 41
Leaky ReLU with a =0.01 . . . . . . ... . . . ... 42
MAPE values of Random Forest with different number of trees . . . . . . 47
Training loss and validation loss curves of a household using the 1 hour

resolution dataset . . . . . . . ... oo 49
Training loss and validation loss curves of a household using the 15 minutes

resolution dataset . . . . . . ... oL 50
Training loss and validation loss curves of a household using the 1 day
resolution dataset . . . . . .. ..o L Lo 50

Forecasting results of models trained on the 1 hour resolution dataset of

household H41 . . . . . . . . . .. . 56
Forecasting results of models trained on the 15 minutes resolution dataset
of household H28 . . . . . . . . . . . . . . . . . 57
Forecasting results of models trained on the 1 day resolution dataset of
household H4 . . . . . . . . . . .. 58

Forecasting results of models trained on the 1 hour resolution dataset of

household H4 . . . . . . . . . .. . 73
Forecasting results of models trained on the 1 hour resolution dataset of
household H49 . . . . . . . . . . . 74
Forecasting results of models trained on the 1 hour resolution dataset of
household H9 . . . . . . . . . . . . 75
Forecasting results of models trained on the 1 hour resolution dataset of
household H2 . . . . . . . . . . .. 76
Forecasting results of models trained on the 15 minutes resolution dataset
of household H37 . . . . . . . . . . . . . . . 77
Forecasting results of models trained on the 15 minutes resolution dataset
of household H13 . . . . . . . . . . . . ... . . 78
Forecasting results of models trained on the 15 minutes resolution dataset
of household H4 . . . . . . . . . . . . ... 79



Redjol Resulaj LIST OF FIGURES

A.8 Forecasting results of models trained on the 15 minutes resolution dataset

of household H29 . . . . . . . . . . . . . . . .. ..o 80
A.9 Forecasting results of models trained on the 1 day resolution dataset of
household H28 . . . . . . . . . . . . . o 81
A.10 Forecasting results of models trained on the 1 day resolution dataset of
household H51 . . . . . . . . . . . . . o 81
A.11 Forecasting results of models trained on the 1 day resolution dataset of
household H9 . . . . . . . . . . . . . . 82

A.12 Forecasting results of models trained on the 1 day resolution dataset of
household H21 . . . . . . . . . . . . . 82



List of Tables

2.1

3.1
3.2
3.3
3.4

4.1
4.2
4.3
4.4
4.5
4.6
4.7
4.8

5.1
5.2
5.3
5.4
5.5
5.6

Al
A2
A3

Common activation functions . . . . . . . . . . . ...

Forecast results of [61] . . . . . . . . ... ... L
Forecast results of [62] . . . . . ... ... . Lo Lo
Average MAPE values for WI+FS+SVM [63] . . . . . .. ... ... ...
Average MAPE values for different methods [63] . . . .. ... ... ...

Formatted dataset example . . . . . . .. ... ... ... .. ... ....
Correlation coefficients for the 1 hour resolution data . . . . . .. ... ..
Correlation coefficients for the 15 minutes resolution data . . . . . . . ..
Correlation coefficients for the 1 day resolution data . . . . . . ... ...
Activation functions execution time . . . . . . . .. ... ...,
Test MAPE of a neural network trained on different loss functions

10 lowest MAPE values of Random Forests with different number of trees
Bootstrap sampling vs no bootstrap sampling in Random Forest training
COMPATISON . . . v v v vttt e e e e e e e e e e e e

Houses with high error values in the 1 hour resolution dataset . . . . . . .
Houses with high error values in the 15 minutes resolution dataset

Houses with high error values in the 1 day resolution dataset . . . .. ..
Houses with low error values in the 1 hour resolution dataset . . . .. ..
Houses with low error values in the 15 minutes resolution dataset . . . . .
Houses with low error values in the 1 day resolution dataset . . . . . . . .

One hour resolution dataset variables. . . . . . . . . . . ... ... .....
15 minutes resolution dataset variables . . . . . . . . . ... ... ... ..
1 day resolution dataset variables . . . . . . . . . ... ... ... .....

69






Appendix A

Appendix

A.l

In this section, all the available independent variables in all three generated datasets with

different resolutions will be listed. The shortened names given here have been used in

tables throughout the thesis.

Independent variables

Variable Full name Description

d Day of week Ordinal number from 0 to 6 representing the day of week.

W Weekend Boolean value representing whether the day is a weekend or not.

h Hour of day Ordinal number from 0 to 23 representing the hour of day.

T Temperature Temperature in degrees Celcius.

D Dew point Dew point in degrees Celcius.

C Cloud cover Percentage of sky covered in clouds.

H Humidity Relative humidity. Value ranging from 0 to 1.

p(h-1) 1 hour ago load Average load demand of previous hour.

p(h-2) 2 hours ago load Average load demand of 2 previous hours.

p(h-3) 3 hours ago load Average load demand of 3 previous hours.

p(d-1, h) 1 day ago load Average load demand of the same ordinal hour in the previous day.
p(w-1,d, h) | 1 week ago load Average load demand of the same ordinal hour in the previous week.
p(d-1) Yesterday daily load | Average load demand of the whole previous day.

p(w-1, d) Last week daily load | Average load demand of the whole day in the previous week.

Table A.1:

One hour resolution dataset variables
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Variable Full name Description
d Day of week Ordinal number from 0 to 6 representing the day of week.
w Weekend Boolean value representing whether the day is a weekend or not.
S Step of day Ordinal number from 0 to 95 representing the 15 minute step of the day.
T Temperature Temperature in degrees Celcius.
D Dew point Dew point in degrees Celcius.
C Cloud cover Percentage of sky covered in clouds.
H Humidity Relative humidity. Value ranging from 0 to 1.
p(s-1) 1 step ago load Average load demand of previous step.
p(s-2) 2 steps ago load Average load demand of 2 previous steps.
p(s-3) 3 steps ago load Average load demand of 3 previous steps.
p(d-1, s) 1 day ago load Average load demand of the same ordinal step in the previous day.
p(w-1,d, s) | 1 week ago load Average load demand of the same ordinal step in the previous week.
p(d-1) Yesterday daily load | Average load demand of the whole previous day.
p(w-1, d) Last week daily load | Average load demand of the whole day in the previous week.
Table A.2: 15 minutes resolution dataset variables
Variable Full name Description
d Day of week Ordinal number from 0 to 6 representing the day of week.
w Weekend Boolean value representing whether the day is a weekend or not.
T Temperature Average daily temperature in degrees Celcius.
D Dew point Average daily dew point in degrees Celcius.
C Cloud cover Average daily percentage of sky covered in clouds.
H Humidity Average daily relative humidity. Value ranging from 0 to 1.

min(p(d-1))

Minimum load previous day

Minimum hourly load of the previous day.

max(p(d-1))

Maximum load previous day

Maximum hourly load of the previous day.

stdev(p(d-1))

St dev of load previous day

Standard deviation of hourly loads of the previous day.

p(d-1) Yesterday daily load Average daily load demand of the previous day.
p(d-2) 2 days ago load Average daily load demand of 2 days ago.
p(d-3) 3 days ago load Average daily load demand of 3 days ago.
p(w-1, d) Last week daily load Average daily load demand one week ago.

A.2 Load forecast results

Table A.3: 1 day resolution dataset variables

In this section, the remaining results of tables 5.4, 5.5 and 5.6 will be illustrated with

graphs. Only the results that were not illustrated in Chapter 5, will be presented here.

A.2.1 1 hour resolution results

A.2.2 15 minutes resolution results

A.2.3 1 day resolution results




Redjol Resulaj

73

11000
10000

%000

’ i .
i W”\ \" i ”I J“(h“

8000

7000

Load

| ) ‘lu\ H“ li 1.|

il i il

6000

5000

3000

—— Forecast load demand
—— Real load demand

L ' L l'|
’w” /|

100 200 300 400

Hour

(a) ANN: MAPE 12.4%

500

Load

" “ W” l' H)]M Ik rnl

L

—— Forecast load demand
—— Real load demand

100 200 300 400

Hour

(b) RF: MAPE 13.7%

500

Figure A.1: Forecasting results of models trained on the 1 hour resolution dataset of

household H4



Redjol Resulaj

Appendix A Appendix

—— Forecast load demand
—— Real load demand
10000
8000 , p ’
z ‘ ‘ l
= so00 1 i |I Il
-l | h r I {1 t } I \ ) | I
AT A T T WY Ty
a0 b VI ﬂul J~ bl [ i KJ‘IV‘. ‘ \1‘\1H v‘k %‘ J N.I N bl
2000
0 100 200 300 00 500
Hour
(a) ANN: MAPE 13.7%
—— Forecast load demand
—— Real load demand
10000
8000 l l
- ( ‘\ ‘
g |

6000 | f
‘ I
| |

2000

200 300
Hour

(b) RF: MAPE 15.6%

400 500

Figure A.2: Forecasting results of models trained on the 1 hour resolution dataset of

household H49



Redjol Resulaj 75

—— Forecast load demand

4500 —— Real load demand

- | ’ |
T R hfon
200 'u‘. "'W,lf ‘h“’.' V‘\ | ( ul‘ ‘ l‘r' L H‘ ‘\"L .*\'},

| l
1500 i “' T I\""‘J h ‘I{ | r'}‘ I\” \‘ l“'F

Load

"lld |‘l}, A "" \ “JM

YL I

500

0 100 200 00 400
Hour

(a) ANN: MAPE 14.5%

—— Forecast load demand
4500 —— Real load demand

ER Ny
2

1500

500

Hour

(b) RF: MAPE 16.1%

Figure A.3: Forecasting results of models trained on the 1 hour resolution dataset of
household H9



Redjol Resulaj Appendix A Appendix

4000 —— Forecast load demand
—— Real load demand
3500

3000

2500

Load

2000

1500

1000

500

Hour

(a) ANN: MAPE 17.4%

4000 —— Forecast load demand
—— Real load demand
3500

3000

2500

Load

2000

1500

1000

500

Hour

(b) RF: MAPE 17.9%
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Thesis jupyter notebooks/ANN training/1 day resolution ANN training.ipynb

{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "import keras\n",
    "from keras.models import Sequential \n",
    "from keras.layers import Dense, BatchNormalization, LeakyReLU\n",
    "from keras import backend as K\n",
    "from tensorflow.losses import huber_loss \n",
    "from keras.callbacks import History \n",
    "from sklearn.metrics import mean_squared_error\n",
    "from math import sqrt\n",
    "\n",
    "\n",
    "history = History()\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "# def rmse(y_true, y_pred):\n",
    "#         return sqrt(mean_squared_error(y_true, y_pred)) \n",
    "def rmse(y_true, y_pred):\n",
    "        return K.sqrt(K.mean(K.square(y_pred - y_true))) "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>house</th>\n",
       "      <th>timestamp</th>\n",
       "      <th>day_of_week</th>\n",
       "      <th>weekend</th>\n",
       "      <th>hour_of_day</th>\n",
       "      <th>temperature</th>\n",
       "      <th>apparentTemperature</th>\n",
       "      <th>dew_point</th>\n",
       "      <th>cloud_cover</th>\n",
       "      <th>humidity</th>\n",
       "      <th>ld_prev_hour</th>\n",
       "      <th>ld_prev_2hour</th>\n",
       "      <th>ld_prev_3hour</th>\n",
       "      <th>ld_prev_day_same_hr</th>\n",
       "      <th>ld_prev_week_same_hr</th>\n",
       "      <th>ld_prev_day</th>\n",
       "      <th>ld_prev_week</th>\n",
       "      <th>load</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>372599</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524092e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>1</td>\n",
       "      <td>10.63</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.50</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.89</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1247.838440</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1999.576998</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1087.270398</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372600</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524096e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>2</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.49</td>\n",
       "      <td>8.18</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1670.431755</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>945.448468</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372601</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524100e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>3</td>\n",
       "      <td>9.18</td>\n",
       "      <td>8.80</td>\n",
       "      <td>8.55</td>\n",
       "      <td>NaN</td>\n",
       "      <td>0.94</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>1751.657382</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>937.983287</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372602</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524103e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>4</td>\n",
       "      <td>9.41</td>\n",
       "      <td>8.78</td>\n",
       "      <td>7.92</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.91</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>1935.908078</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1236.158774</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372603</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524107e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>5</td>\n",
       "      <td>9.28</td>\n",
       "      <td>10.21</td>\n",
       "      <td>9.15</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>837.553398</td>\n",
       "      <td>1715.802228</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>837.553398</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "       house     timestamp  day_of_week  weekend  hour_of_day  temperature  \\\n",
       "372599  gw_9  1.524092e+09            3        0            1        10.63   \n",
       "372600  gw_9  1.524096e+09            3        0            2        10.20   \n",
       "372601  gw_9  1.524100e+09            3        0            3         9.18   \n",
       "372602  gw_9  1.524103e+09            3        0            4         9.41   \n",
       "372603  gw_9  1.524107e+09            3        0            5         9.28   \n",
       "\n",
       "        apparentTemperature  dew_point  cloud_cover  humidity  ld_prev_hour  \\\n",
       "372599                10.20       8.50         0.19      0.89    835.122563   \n",
       "372600                 8.49       8.18         0.19      0.93   1087.270398   \n",
       "372601                 8.80       8.55          NaN      0.94    945.448468   \n",
       "372602                 8.78       7.92         1.00      0.91    937.983287   \n",
       "372603                10.21       9.15         1.00      0.93   1236.158774   \n",
       "\n",
       "        ld_prev_2hour  ld_prev_3hour  ld_prev_day_same_hr  \\\n",
       "372599    1247.838440    1388.905292          1087.270398   \n",
       "372600     835.122563    1388.905292           945.448468   \n",
       "372601    1087.270398     835.122563           937.983287   \n",
       "372602     945.448468    1087.270398          1236.158774   \n",
       "372603     937.983287     945.448468           837.553398   \n",
       "\n",
       "        ld_prev_week_same_hr  ld_prev_day  ld_prev_week         load  \n",
       "372599           1999.576998  1413.443342   1562.912955  1087.270398  \n",
       "372600           1670.431755  1413.443342   1562.912955   945.448468  \n",
       "372601           1751.657382  1413.443342   1562.912955   937.983287  \n",
       "372602           1935.908078  1413.443342   1562.912955  1236.158774  \n",
       "372603           1715.802228  1413.443342   1562.912955   837.553398  "
      ]
     },
     "execution_count": 8,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "dataset.tail()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"temperature\", \"min_ld_prev_day\",\"max_ld_prev_day\", \"stdev_prev_day\", \"ld_prev_day\",\n",
    "                                      \"ld_prev_2day\",\"ld_prev_3day\", \"ld_prev_week\", \"load\"]] \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_validation_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.4, shuffle=False)\n",
    "    return X_train, X_test,  Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "    sc = RobustScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "def build_ANN(n_inputs, loss_f = rmse):\n",
    "    print(\"BUILD ANN: \", loss_f)\n",
    "    model = Sequential()\n",
    "    #First hidden layer\n",
    "    model.add(Dense(input_dim=n_inputs, units = 50, kernel_initializer='uniform', activation='relu' ))\n",
    "\n",
    "    #Hidden layer\n",
    "    model.add(Dense(units = 50, kernel_initializer='uniform', activation='relu'))\n",
    "    \n",
    "    #output layer\n",
    "    model.add(Dense(units=1, kernel_initializer='uniform', activation='linear'))\n",
    "    \n",
    "    keras.backend.set_epsilon(1)\n",
    "    #Compiling\n",
    "    model.compile(optimizer='adam', loss=loss_f, metrics=[\"mape\"])\n",
    "    return model\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n",
    "\n",
    "\n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Train"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "metadata": {
    "scrolled": false
   },
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_46 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3428/3428 [==============================] - 3s 829us/step - loss: 1074.0015 - rmse: 1074.0015\n",
      "Epoch 2/50\n",
      "3428/3428 [==============================] - 2s 682us/step - loss: 682.7825 - rmse: 682.7825\n",
      "Epoch 3/50\n",
      "3428/3428 [==============================] - 2s 670us/step - loss: 241.2262 - rmse: 241.2262\n",
      "Epoch 4/50\n",
      "3428/3428 [==============================] - 2s 648us/step - loss: 227.4639 - rmse: 227.4639\n",
      "Epoch 5/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 222.8953 - rmse: 222.8953\n",
      "Epoch 6/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 221.0830 - rmse: 221.0830\n",
      "Epoch 7/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 220.0806 - rmse: 220.0806\n",
      "Epoch 8/50\n",
      "3428/3428 [==============================] - 2s 658us/step - loss: 219.3551 - rmse: 219.3551\n",
      "Epoch 9/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 219.2338 - rmse: 219.2338\n",
      "Epoch 10/50\n",
      "3428/3428 [==============================] - 2s 609us/step - loss: 218.7139 - rmse: 218.7139\n",
      "Epoch 11/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 218.0278 - rmse: 218.0278\n",
      "Epoch 12/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 216.9806 - rmse: 216.9806\n",
      "Epoch 13/50\n",
      "3428/3428 [==============================] - 2s 686us/step - loss: 216.6590 - rmse: 216.6590\n",
      "Epoch 14/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 215.5821 - rmse: 215.5821\n",
      "Epoch 15/50\n",
      "3428/3428 [==============================] - 2s 701us/step - loss: 214.8099 - rmse: 214.8099\n",
      "Epoch 16/50\n",
      "3428/3428 [==============================] - 2s 689us/step - loss: 213.8302 - rmse: 213.8302\n",
      "Epoch 17/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 213.0108 - rmse: 213.0108\n",
      "Epoch 18/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 211.7761 - rmse: 211.7761\n",
      "Epoch 19/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 210.7656 - rmse: 210.7656\n",
      "Epoch 20/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 209.8627 - rmse: 209.8627\n",
      "Epoch 21/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 208.7919 - rmse: 208.7919\n",
      "Epoch 22/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 208.3288 - rmse: 208.3288\n",
      "Epoch 23/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 207.1545 - rmse: 207.1545\n",
      "Epoch 24/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 206.3677 - rmse: 206.3677\n",
      "Epoch 25/50\n",
      "3428/3428 [==============================] - 2s 622us/step - loss: 205.6994 - rmse: 205.6994\n",
      "Epoch 26/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 204.9620 - rmse: 204.9620\n",
      "Epoch 27/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 204.2698 - rmse: 204.2698\n",
      "Epoch 28/50\n",
      "3428/3428 [==============================] - 2s 636us/step - loss: 203.5858 - rmse: 203.5858\n",
      "Epoch 29/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 203.5398 - rmse: 203.5398\n",
      "Epoch 30/50\n",
      "3428/3428 [==============================] - 2s 620us/step - loss: 202.9817 - rmse: 202.9817\n",
      "Epoch 31/50\n",
      "3428/3428 [==============================] - 2s 633us/step - loss: 202.7529 - rmse: 202.7529\n",
      "Epoch 32/50\n",
      "3428/3428 [==============================] - 2s 641us/step - loss: 202.8515 - rmse: 202.8515\n",
      "Epoch 33/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 202.6043 - rmse: 202.6043\n",
      "Epoch 34/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.2533 - rmse: 202.2533\n",
      "Epoch 35/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.3377 - rmse: 202.3377\n",
      "Epoch 36/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.9472 - rmse: 201.9472\n",
      "Epoch 37/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 202.1067 - rmse: 202.1067\n",
      "Epoch 38/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.6566 - rmse: 201.6566\n",
      "Epoch 39/50\n",
      "3428/3428 [==============================] - 2s 653us/step - loss: 201.8083 - rmse: 201.8083\n",
      "Epoch 40/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5412 - rmse: 201.5412\n",
      "Epoch 41/50\n",
      "3428/3428 [==============================] - 2s 631us/step - loss: 201.8312 - rmse: 201.8312\n",
      "Epoch 42/50\n",
      "3428/3428 [==============================] - 2s 590us/step - loss: 201.6171 - rmse: 201.6171\n",
      "Epoch 43/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 201.2395 - rmse: 201.2395\n",
      "Epoch 44/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.1137 - rmse: 201.1137\n",
      "Epoch 45/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.3415 - rmse: 201.3415\n",
      "Epoch 46/50\n",
      "3428/3428 [==============================] - 2s 639us/step - loss: 201.6426 - rmse: 201.6426\n",
      "Epoch 47/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 201.1274 - rmse: 201.1274\n",
      "Epoch 48/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5108 - rmse: 201.5108\n",
      "Epoch 49/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 200.9279 - rmse: 200.9279\n",
      "Epoch 50/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.3404 - rmse: 201.3404\n",
      "House: {} test MAPE: {} gw_46 0.4784356734421218\n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 576x432 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_34 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3447/3447 [==============================] - 3s 815us/step - loss: 5959.6140 - rmse: 5959.6140\n",
      "Epoch 2/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 3938.8611 - rmse: 3938.8611\n",
      "Epoch 3/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 1723.6281 - rmse: 1723.6281\n",
      "Epoch 4/50\n",
      "3447/3447 [==============================] - 2s 709us/step - loss: 1651.3800 - rmse: 1651.3800\n",
      "Epoch 5/50\n",
      "3447/3447 [==============================] - 2s 652us/step - loss: 1631.4040 - rmse: 1631.4040\n",
      "Epoch 6/50\n",
      "1647/3447 [=============>................] - ETA: 1s - loss: 1608.9382 - rmse: 1608.9382"
     ]
    },
    {
     "ename": "KeyboardInterrupt",
     "evalue": "",
     "output_type": "error",
     "traceback": [
      "\u001b[1;31m---------------------------------------------------------------------------\u001b[0m",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m                         Traceback (most recent call last)",
      "\u001b[1;32m<ipython-input-18-991518e0b263>\u001b[0m in \u001b[0;36m<module>\u001b[1;34m\u001b[0m\n\u001b[0;32m     14\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     15\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m---> 16\u001b[1;33m     \u001b[0mmodel\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mfit\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mX_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mY_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mbatch_size\u001b[0m\u001b[1;33m=\u001b[0m\u001b[1;36m1\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mepochs\u001b[0m \u001b[1;33m=\u001b[0m \u001b[1;36m50\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m     17\u001b[0m \u001b[1;31m#     print(history.history.keys())\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     18\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training.py\u001b[0m in \u001b[0;36mfit\u001b[1;34m(self, x, y, batch_size, epochs, verbose, callbacks, validation_split, validation_data, shuffle, class_weight, sample_weight, initial_epoch, steps_per_epoch, validation_steps, **kwargs)\u001b[0m\n\u001b[0;32m   1037\u001b[0m                                         \u001b[0minitial_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0minitial_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1038\u001b[0m                                         \u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1039\u001b[1;33m                                         validation_steps=validation_steps)\n\u001b[0m\u001b[0;32m   1040\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1041\u001b[0m     def evaluate(self, x=None, y=None,\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training_arrays.py\u001b[0m in \u001b[0;36mfit_loop\u001b[1;34m(model, f, ins, out_labels, batch_size, epochs, verbose, callbacks, val_f, val_ins, shuffle, callback_metrics, initial_epoch, steps_per_epoch, validation_steps)\u001b[0m\n\u001b[0;32m    197\u001b[0m                     \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mtoarray\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    198\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m--> 199\u001b[1;33m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mf\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mins_batch\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m    200\u001b[0m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mto_list\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    201\u001b[0m                 \u001b[1;32mfor\u001b[0m \u001b[0ml\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mo\u001b[0m \u001b[1;32min\u001b[0m \u001b[0mzip\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mout_labels\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2713\u001b[0m                 \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_legacy_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2714\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2715\u001b[1;33m             \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2716\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2717\u001b[0m             \u001b[1;32mif\u001b[0m \u001b[0mpy_any\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mis_tensor\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mx\u001b[0m\u001b[1;33m)\u001b[0m \u001b[1;32mfor\u001b[0m \u001b[0mx\u001b[0m \u001b[1;32min\u001b[0m \u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m_call\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2673\u001b[0m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mrun_metadata\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2674\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2675\u001b[1;33m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2676\u001b[0m         \u001b[1;32mreturn\u001b[0m \u001b[0mfetched\u001b[0m\u001b[1;33m[\u001b[0m\u001b[1;33m:\u001b[0m\u001b[0mlen\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0moutputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2677\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\tensorflow\\python\\client\\session.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, *args, **kwargs)\u001b[0m\n\u001b[0;32m   1437\u001b[0m           ret = tf_session.TF_SessionRunCallable(\n\u001b[0;32m   1438\u001b[0m               \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_handle\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0margs\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mstatus\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1439\u001b[1;33m               run_metadata_ptr)\n\u001b[0m\u001b[0;32m   1440\u001b[0m         \u001b[1;32mif\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1441\u001b[0m           \u001b[0mproto_data\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mtf_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mTF_GetBuffer\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mrun_metadata_ptr\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m: "
     ]
    }
   ],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test, Y_train, Y_test = get_train_test_validation_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    model = build_ANN(n_inputs, rmse) \n",
    "\n",
    "\n",
    "    model.fit(X_train, Y_train, batch_size=1, epochs = 50)\n",
    "#     print(history.history.keys())\n",
    "    \n",
    "#     training_loss = history.history['mean_absolute_percentage_error']\n",
    "#     validation_loss = history.history['val_mean_absolute_percentage_error']\n",
    "    \n",
    "    \n",
    "#     fig, axes = plt.subplots()\n",
    "#     axes.plot(range(len(training_loss)), training_loss, 'g-')\n",
    "    \n",
    "#     axes.plot(range(len(validation_loss)), validation_loss, 'r-')\n",
    "#     axes.legend(['Training loss curve', 'Validation loss curve'])\n",
    "#     fig.set_size_inches(12, 4, forward=True)\n",
    "#     axes.set_xlabel(\"Epoch\", fontsize= 15)\n",
    "#     axes.set_ylabel(\"MAPE (%)\", fontsize= 15)  \n",
    "    \n",
    "#     plt.show()\n",
    "#     fig.savefig(\"learning_curve_{}\".format(gw))\n",
    "    \n",
    "    Y_pred = model.predict(X_test)\n",
    "    \n",
    "    \n",
    "    models[gw]={'model':model}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "    test_mape = get_test_mape(Y_pred, Y_test)\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {}\", gw, test_mape)\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(8, 6, forward=True)\n",
    "    plt.show()\n",
    "    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "model.summary()"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Notes\n",
    "1. Disadvantages:\n",
    "  - Initial training takes a lot of time\n",
    "  \n",
    "2. Advantages:\n",
    "  - If the behaviour of the consumer changes over time, you only need to train one small network again, instead of the whole \n",
    "    network. The consumer behavior may change for several reasons:\n",
    "    - New poeple move in the house\n",
    "    - The consumers buy a new dishwasher :P"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape'], rmse(models[gw]['Y_test'], models[gw]['Y_pred'])) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "\n",
    "#     model_json = model['model'].to_json()\n",
    "#     with open(\"models/model_{}.json\".format(gw), \"w\") as json_file:\n",
    "#         json_file.write(model_json)\n",
    "#     # serialize weights to HDF5\n",
    "#     model['model'].save_weights(\"models/model_{}.h5\".format(gw))\n",
    "#     print(\"Saved model to disk\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}
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{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "from sklearn.ensemble import RandomForestRegressor\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "def mape(y_true, y_pred):\n",
    "    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100\n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"temperature\", \"min_ld_prev_day\",\"max_ld_prev_day\", \"stdev_prev_day\", \"ld_prev_day\",\n",
    "                                      \"ld_prev_2day\",\"ld_prev_3day\", \"ld_prev_week\", \"load\"]] \n",
    "\n",
    "        ##Temporarily removing rows with missinng values. \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.4, shuffle=False)\n",
    "    return X_train, X_test, Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "#     sc = RobustScaler()\n",
    "    sc = MinMaxScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {
    "scrolled": false
   },
   "outputs": [],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test,  Y_train, Y_test = get_train_test_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    print(n_inputs)\n",
    "    \n",
    "    rf = RandomForestRegressor(n_estimators = 130)\n",
    "    rf.fit(X_train, Y_train);\n",
    "\n",
    "    Y_pred = rf.predict(X_test)\n",
    "    \n",
    "    models[gw]={'model':rf}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "\n",
    "    test_mape = mymape(Y_pred,  Y_test.to_numpy())\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {},   MAPE: {}\", gw, test_mape, mape(Y_pred, Y_test))\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(19, 7, forward=True)\n",
    "    plt.show()\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape']) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "    \n",
    "#     rf = model['model']\n",
    "    \n",
    "#     pickle.dump(rf, open(\"models/model_{}.json\".format(gw), 'wb'))\n",
    "    \n",
    "\n",
    "#     print(\"Saved model to disk\")"
   ]
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}
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{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "import keras\n",
    "from keras.models import Sequential \n",
    "from keras.layers import Dense, BatchNormalization, LeakyReLU\n",
    "from keras import backend as K\n",
    "from tensorflow.losses import huber_loss \n",
    "from keras.callbacks import History \n",
    "from sklearn.metrics import mean_squared_error\n",
    "from math import sqrt\n",
    "\n",
    "\n",
    "history = History()\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "# def rmse(y_true, y_pred):\n",
    "#         return sqrt(mean_squared_error(y_true, y_pred)) \n",
    "def rmse(y_true, y_pred):\n",
    "        return K.sqrt(K.mean(K.square(y_pred - y_true))) "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>house</th>\n",
       "      <th>timestamp</th>\n",
       "      <th>day_of_week</th>\n",
       "      <th>weekend</th>\n",
       "      <th>hour_of_day</th>\n",
       "      <th>temperature</th>\n",
       "      <th>apparentTemperature</th>\n",
       "      <th>dew_point</th>\n",
       "      <th>cloud_cover</th>\n",
       "      <th>humidity</th>\n",
       "      <th>ld_prev_hour</th>\n",
       "      <th>ld_prev_2hour</th>\n",
       "      <th>ld_prev_3hour</th>\n",
       "      <th>ld_prev_day_same_hr</th>\n",
       "      <th>ld_prev_week_same_hr</th>\n",
       "      <th>ld_prev_day</th>\n",
       "      <th>ld_prev_week</th>\n",
       "      <th>load</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>372599</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524092e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>1</td>\n",
       "      <td>10.63</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.50</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.89</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1247.838440</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1999.576998</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1087.270398</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372600</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524096e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>2</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.49</td>\n",
       "      <td>8.18</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1670.431755</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>945.448468</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372601</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524100e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>3</td>\n",
       "      <td>9.18</td>\n",
       "      <td>8.80</td>\n",
       "      <td>8.55</td>\n",
       "      <td>NaN</td>\n",
       "      <td>0.94</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>1751.657382</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>937.983287</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372602</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524103e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>4</td>\n",
       "      <td>9.41</td>\n",
       "      <td>8.78</td>\n",
       "      <td>7.92</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.91</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>1935.908078</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1236.158774</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372603</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524107e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>5</td>\n",
       "      <td>9.28</td>\n",
       "      <td>10.21</td>\n",
       "      <td>9.15</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>837.553398</td>\n",
       "      <td>1715.802228</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>837.553398</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "       house     timestamp  day_of_week  weekend  hour_of_day  temperature  \\\n",
       "372599  gw_9  1.524092e+09            3        0            1        10.63   \n",
       "372600  gw_9  1.524096e+09            3        0            2        10.20   \n",
       "372601  gw_9  1.524100e+09            3        0            3         9.18   \n",
       "372602  gw_9  1.524103e+09            3        0            4         9.41   \n",
       "372603  gw_9  1.524107e+09            3        0            5         9.28   \n",
       "\n",
       "        apparentTemperature  dew_point  cloud_cover  humidity  ld_prev_hour  \\\n",
       "372599                10.20       8.50         0.19      0.89    835.122563   \n",
       "372600                 8.49       8.18         0.19      0.93   1087.270398   \n",
       "372601                 8.80       8.55          NaN      0.94    945.448468   \n",
       "372602                 8.78       7.92         1.00      0.91    937.983287   \n",
       "372603                10.21       9.15         1.00      0.93   1236.158774   \n",
       "\n",
       "        ld_prev_2hour  ld_prev_3hour  ld_prev_day_same_hr  \\\n",
       "372599    1247.838440    1388.905292          1087.270398   \n",
       "372600     835.122563    1388.905292           945.448468   \n",
       "372601    1087.270398     835.122563           937.983287   \n",
       "372602     945.448468    1087.270398          1236.158774   \n",
       "372603     937.983287     945.448468           837.553398   \n",
       "\n",
       "        ld_prev_week_same_hr  ld_prev_day  ld_prev_week         load  \n",
       "372599           1999.576998  1413.443342   1562.912955  1087.270398  \n",
       "372600           1670.431755  1413.443342   1562.912955   945.448468  \n",
       "372601           1751.657382  1413.443342   1562.912955   937.983287  \n",
       "372602           1935.908078  1413.443342   1562.912955  1236.158774  \n",
       "372603           1715.802228  1413.443342   1562.912955   837.553398  "
      ]
     },
     "execution_count": 8,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "dataset.tail()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"hour_of_day\", \"temperature\", \n",
    "                                   \"ld_prev_hour\", \"ld_prev_2hour\",\"ld_prev_3hour\", \"ld_prev_week_same_hr\",\"ld_prev_day\",\n",
    "                                   \"ld_prev_week\", \"ld_prev_day_same_hr\",\"load\"]] \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_validation_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, shuffle=False)\n",
    "    return X_train, X_test,  Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "    sc = RobustScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "def build_ANN(n_inputs, loss_f = rmse):\n",
    "    print(\"BUILD ANN: \", loss_f)\n",
    "    model = Sequential()\n",
    "    #First hidden layer\n",
    "    model.add(Dense(input_dim=n_inputs, units = 50, kernel_initializer='uniform', activation='relu' ))\n",
    "\n",
    "    #Hidden layer\n",
    "    model.add(Dense(units = 50, kernel_initializer='uniform', activation='relu'))\n",
    "    \n",
    "    #output layer\n",
    "    model.add(Dense(units=1, kernel_initializer='uniform', activation='linear'))\n",
    "    \n",
    "    keras.backend.set_epsilon(1)\n",
    "    #Compiling\n",
    "    model.compile(optimizer='adam', loss=loss_f, metrics=[\"mape\"])\n",
    "    return model\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n",
    "\n",
    "\n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Building the ANN"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "### An artificial neural network training involves 7 steps:\n",
    "1. Randomly initialize the weights to small numbers close to 0 (not 0)\n",
    "2. Input the first observation of your dataset in the input layer, each feature in one input node\n",
    "3. Forwar-Propagation: from left to right, the neurons are activated in a way that the impact of each neuron's activation is limited by the weights. Propagate the activations until the predicted result y.\n",
    "4. Compare the predicted result to the actual result. Measure the generated error.\n",
    "5. Back-Propagation: from right to left, the error is backpropagated. Update the weights according to how much they are responsible for the error. The learning rate decides by how much we update the weights.\n",
    "6. Repeat steps 1-5 and and update the weights after each observation (Reinforcement learning). Or: Repeat steps 1 to 5 but update the weights only after a batch of observations (Batch Learning).\n",
    "7. When the whole training set passes through the ANN, that makes an epoch. Redo more epochs.\n",
    "\n",
    "Notes: <br>\n",
    "We will choose the rectifier function for the hidden layer and the sigmoid function for the output layer. The sigmoid function is useful for the output layer, becuase the output will tell us the probability that a specific customer will leave the bank"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "metadata": {
    "scrolled": false
   },
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_46 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3428/3428 [==============================] - 3s 829us/step - loss: 1074.0015 - rmse: 1074.0015\n",
      "Epoch 2/50\n",
      "3428/3428 [==============================] - 2s 682us/step - loss: 682.7825 - rmse: 682.7825\n",
      "Epoch 3/50\n",
      "3428/3428 [==============================] - 2s 670us/step - loss: 241.2262 - rmse: 241.2262\n",
      "Epoch 4/50\n",
      "3428/3428 [==============================] - 2s 648us/step - loss: 227.4639 - rmse: 227.4639\n",
      "Epoch 5/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 222.8953 - rmse: 222.8953\n",
      "Epoch 6/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 221.0830 - rmse: 221.0830\n",
      "Epoch 7/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 220.0806 - rmse: 220.0806\n",
      "Epoch 8/50\n",
      "3428/3428 [==============================] - 2s 658us/step - loss: 219.3551 - rmse: 219.3551\n",
      "Epoch 9/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 219.2338 - rmse: 219.2338\n",
      "Epoch 10/50\n",
      "3428/3428 [==============================] - 2s 609us/step - loss: 218.7139 - rmse: 218.7139\n",
      "Epoch 11/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 218.0278 - rmse: 218.0278\n",
      "Epoch 12/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 216.9806 - rmse: 216.9806\n",
      "Epoch 13/50\n",
      "3428/3428 [==============================] - 2s 686us/step - loss: 216.6590 - rmse: 216.6590\n",
      "Epoch 14/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 215.5821 - rmse: 215.5821\n",
      "Epoch 15/50\n",
      "3428/3428 [==============================] - 2s 701us/step - loss: 214.8099 - rmse: 214.8099\n",
      "Epoch 16/50\n",
      "3428/3428 [==============================] - 2s 689us/step - loss: 213.8302 - rmse: 213.8302\n",
      "Epoch 17/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 213.0108 - rmse: 213.0108\n",
      "Epoch 18/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 211.7761 - rmse: 211.7761\n",
      "Epoch 19/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 210.7656 - rmse: 210.7656\n",
      "Epoch 20/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 209.8627 - rmse: 209.8627\n",
      "Epoch 21/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 208.7919 - rmse: 208.7919\n",
      "Epoch 22/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 208.3288 - rmse: 208.3288\n",
      "Epoch 23/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 207.1545 - rmse: 207.1545\n",
      "Epoch 24/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 206.3677 - rmse: 206.3677\n",
      "Epoch 25/50\n",
      "3428/3428 [==============================] - 2s 622us/step - loss: 205.6994 - rmse: 205.6994\n",
      "Epoch 26/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 204.9620 - rmse: 204.9620\n",
      "Epoch 27/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 204.2698 - rmse: 204.2698\n",
      "Epoch 28/50\n",
      "3428/3428 [==============================] - 2s 636us/step - loss: 203.5858 - rmse: 203.5858\n",
      "Epoch 29/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 203.5398 - rmse: 203.5398\n",
      "Epoch 30/50\n",
      "3428/3428 [==============================] - 2s 620us/step - loss: 202.9817 - rmse: 202.9817\n",
      "Epoch 31/50\n",
      "3428/3428 [==============================] - 2s 633us/step - loss: 202.7529 - rmse: 202.7529\n",
      "Epoch 32/50\n",
      "3428/3428 [==============================] - 2s 641us/step - loss: 202.8515 - rmse: 202.8515\n",
      "Epoch 33/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 202.6043 - rmse: 202.6043\n",
      "Epoch 34/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.2533 - rmse: 202.2533\n",
      "Epoch 35/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.3377 - rmse: 202.3377\n",
      "Epoch 36/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.9472 - rmse: 201.9472\n",
      "Epoch 37/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 202.1067 - rmse: 202.1067\n",
      "Epoch 38/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.6566 - rmse: 201.6566\n",
      "Epoch 39/50\n",
      "3428/3428 [==============================] - 2s 653us/step - loss: 201.8083 - rmse: 201.8083\n",
      "Epoch 40/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5412 - rmse: 201.5412\n",
      "Epoch 41/50\n",
      "3428/3428 [==============================] - 2s 631us/step - loss: 201.8312 - rmse: 201.8312\n",
      "Epoch 42/50\n",
      "3428/3428 [==============================] - 2s 590us/step - loss: 201.6171 - rmse: 201.6171\n",
      "Epoch 43/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 201.2395 - rmse: 201.2395\n",
      "Epoch 44/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.1137 - rmse: 201.1137\n",
      "Epoch 45/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.3415 - rmse: 201.3415\n",
      "Epoch 46/50\n",
      "3428/3428 [==============================] - 2s 639us/step - loss: 201.6426 - rmse: 201.6426\n",
      "Epoch 47/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 201.1274 - rmse: 201.1274\n",
      "Epoch 48/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5108 - rmse: 201.5108\n",
      "Epoch 49/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 200.9279 - rmse: 200.9279\n",
      "Epoch 50/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.3404 - rmse: 201.3404\n",
      "House: {} test MAPE: {} gw_46 0.4784356734421218\n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 576x432 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_34 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3447/3447 [==============================] - 3s 815us/step - loss: 5959.6140 - rmse: 5959.6140\n",
      "Epoch 2/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 3938.8611 - rmse: 3938.8611\n",
      "Epoch 3/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 1723.6281 - rmse: 1723.6281\n",
      "Epoch 4/50\n",
      "3447/3447 [==============================] - 2s 709us/step - loss: 1651.3800 - rmse: 1651.3800\n",
      "Epoch 5/50\n",
      "3447/3447 [==============================] - 2s 652us/step - loss: 1631.4040 - rmse: 1631.4040\n",
      "Epoch 6/50\n",
      "1647/3447 [=============>................] - ETA: 1s - loss: 1608.9382 - rmse: 1608.9382"
     ]
    },
    {
     "ename": "KeyboardInterrupt",
     "evalue": "",
     "output_type": "error",
     "traceback": [
      "\u001b[1;31m---------------------------------------------------------------------------\u001b[0m",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m                         Traceback (most recent call last)",
      "\u001b[1;32m<ipython-input-18-991518e0b263>\u001b[0m in \u001b[0;36m<module>\u001b[1;34m\u001b[0m\n\u001b[0;32m     14\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     15\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m---> 16\u001b[1;33m     \u001b[0mmodel\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mfit\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mX_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mY_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mbatch_size\u001b[0m\u001b[1;33m=\u001b[0m\u001b[1;36m1\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mepochs\u001b[0m \u001b[1;33m=\u001b[0m \u001b[1;36m50\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m     17\u001b[0m \u001b[1;31m#     print(history.history.keys())\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     18\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training.py\u001b[0m in \u001b[0;36mfit\u001b[1;34m(self, x, y, batch_size, epochs, verbose, callbacks, validation_split, validation_data, shuffle, class_weight, sample_weight, initial_epoch, steps_per_epoch, validation_steps, **kwargs)\u001b[0m\n\u001b[0;32m   1037\u001b[0m                                         \u001b[0minitial_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0minitial_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1038\u001b[0m                                         \u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1039\u001b[1;33m                                         validation_steps=validation_steps)\n\u001b[0m\u001b[0;32m   1040\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1041\u001b[0m     def evaluate(self, x=None, y=None,\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training_arrays.py\u001b[0m in \u001b[0;36mfit_loop\u001b[1;34m(model, f, ins, out_labels, batch_size, epochs, verbose, callbacks, val_f, val_ins, shuffle, callback_metrics, initial_epoch, steps_per_epoch, validation_steps)\u001b[0m\n\u001b[0;32m    197\u001b[0m                     \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mtoarray\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    198\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m--> 199\u001b[1;33m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mf\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mins_batch\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m    200\u001b[0m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mto_list\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    201\u001b[0m                 \u001b[1;32mfor\u001b[0m \u001b[0ml\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mo\u001b[0m \u001b[1;32min\u001b[0m \u001b[0mzip\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mout_labels\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2713\u001b[0m                 \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_legacy_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2714\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2715\u001b[1;33m             \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2716\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2717\u001b[0m             \u001b[1;32mif\u001b[0m \u001b[0mpy_any\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mis_tensor\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mx\u001b[0m\u001b[1;33m)\u001b[0m \u001b[1;32mfor\u001b[0m \u001b[0mx\u001b[0m \u001b[1;32min\u001b[0m \u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m_call\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2673\u001b[0m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mrun_metadata\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2674\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2675\u001b[1;33m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2676\u001b[0m         \u001b[1;32mreturn\u001b[0m \u001b[0mfetched\u001b[0m\u001b[1;33m[\u001b[0m\u001b[1;33m:\u001b[0m\u001b[0mlen\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0moutputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2677\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\tensorflow\\python\\client\\session.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, *args, **kwargs)\u001b[0m\n\u001b[0;32m   1437\u001b[0m           ret = tf_session.TF_SessionRunCallable(\n\u001b[0;32m   1438\u001b[0m               \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_handle\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0margs\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mstatus\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1439\u001b[1;33m               run_metadata_ptr)\n\u001b[0m\u001b[0;32m   1440\u001b[0m         \u001b[1;32mif\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1441\u001b[0m           \u001b[0mproto_data\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mtf_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mTF_GetBuffer\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mrun_metadata_ptr\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m: "
     ]
    }
   ],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test, Y_train, Y_test = get_train_test_validation_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    model = build_ANN(n_inputs, rmse) \n",
    "\n",
    "\n",
    "    model.fit(X_train, Y_train, batch_size=1, epochs = 50)\n",
    "#     print(history.history.keys())\n",
    "    \n",
    "#     training_loss = history.history['mean_absolute_percentage_error']\n",
    "#     validation_loss = history.history['val_mean_absolute_percentage_error']\n",
    "    \n",
    "    \n",
    "#     fig, axes = plt.subplots()\n",
    "#     axes.plot(range(len(training_loss)), training_loss, 'g-')\n",
    "    \n",
    "#     axes.plot(range(len(validation_loss)), validation_loss, 'r-')\n",
    "#     axes.legend(['Training loss curve', 'Validation loss curve'])\n",
    "#     fig.set_size_inches(12, 4, forward=True)\n",
    "#     axes.set_xlabel(\"Epoch\", fontsize= 15)\n",
    "#     axes.set_ylabel(\"MAPE (%)\", fontsize= 15)  \n",
    "    \n",
    "#     plt.show()\n",
    "#     fig.savefig(\"learning_curve_{}\".format(gw))\n",
    "    \n",
    "    Y_pred = model.predict(X_test)\n",
    "    \n",
    "    \n",
    "    models[gw]={'model':model}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "    test_mape = get_test_mape(Y_pred, Y_test)\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {}\", gw, test_mape)\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(8, 6, forward=True)\n",
    "    plt.show()\n",
    "    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "model.summary()"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Notes\n",
    "1. Disadvantages:\n",
    "  - Initial training takes a lot of time\n",
    "  \n",
    "2. Advantages:\n",
    "  - If the behaviour of the consumer changes over time, you only need to train one small network again, instead of the whole \n",
    "    network. The consumer behavior may change for several reasons:\n",
    "    - New poeple move in the house\n",
    "    - The consumers buy a new dishwasher :P"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape'], rmse(models[gw]['Y_test'], models[gw]['Y_pred'])) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "\n",
    "#     model_json = model['model'].to_json()\n",
    "#     with open(\"models/model_{}.json\".format(gw), \"w\") as json_file:\n",
    "#         json_file.write(model_json)\n",
    "#     # serialize weights to HDF5\n",
    "#     model['model'].save_weights(\"models/model_{}.h5\".format(gw))\n",
    "#     print(\"Saved model to disk\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/RF training/1 hour resolution RF traning.ipynb

{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "from sklearn.ensemble import RandomForestRegressor\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "def mape(y_true, y_pred):\n",
    "    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100\n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"hour_of_day\", \"temperature\", \n",
    "                                   \"ld_prev_hour\", \"ld_prev_2hour\",\"ld_prev_3hour\", \"ld_prev_week_same_hr\",\"ld_prev_day\",\n",
    "                                   \"ld_prev_week\", \"ld_prev_day_same_hr\",\"load\"]]  \n",
    "\n",
    "        ##Temporarily removing rows with missinng values. \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, shuffle=False)\n",
    "    return X_train, X_test, Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "#     sc = RobustScaler()\n",
    "    sc = MinMaxScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {
    "scrolled": false
   },
   "outputs": [],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test,  Y_train, Y_test = get_train_test_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    print(n_inputs)\n",
    "    \n",
    "    rf = RandomForestRegressor(n_estimators = 130)\n",
    "    rf.fit(X_train, Y_train);\n",
    "\n",
    "    Y_pred = rf.predict(X_test)\n",
    "    \n",
    "    models[gw]={'model':rf}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "\n",
    "    test_mape = mymape(Y_pred,  Y_test.to_numpy())\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {},   MAPE: {}\", gw, test_mape, mape(Y_pred, Y_test))\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(19, 7, forward=True)\n",
    "    plt.show()\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape']) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "    \n",
    "#     rf = model['model']\n",
    "    \n",
    "#     pickle.dump(rf, open(\"models/model_{}.json\".format(gw), 'wb'))\n",
    "    \n",
    "\n",
    "#     print(\"Saved model to disk\")"
   ]
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/ANN training/15 min resolution ANN training.ipynb

{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "import keras\n",
    "from keras.models import Sequential \n",
    "from keras.layers import Dense, BatchNormalization, LeakyReLU\n",
    "from keras import backend as K\n",
    "from tensorflow.losses import huber_loss \n",
    "from keras.callbacks import History \n",
    "from sklearn.metrics import mean_squared_error\n",
    "from math import sqrt\n",
    "\n",
    "\n",
    "history = History()\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "# def rmse(y_true, y_pred):\n",
    "#         return sqrt(mean_squared_error(y_true, y_pred)) \n",
    "def rmse(y_true, y_pred):\n",
    "        return K.sqrt(K.mean(K.square(y_pred - y_true))) "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>house</th>\n",
       "      <th>timestamp</th>\n",
       "      <th>day_of_week</th>\n",
       "      <th>weekend</th>\n",
       "      <th>hour_of_day</th>\n",
       "      <th>temperature</th>\n",
       "      <th>apparentTemperature</th>\n",
       "      <th>dew_point</th>\n",
       "      <th>cloud_cover</th>\n",
       "      <th>humidity</th>\n",
       "      <th>ld_prev_hour</th>\n",
       "      <th>ld_prev_2hour</th>\n",
       "      <th>ld_prev_3hour</th>\n",
       "      <th>ld_prev_day_same_hr</th>\n",
       "      <th>ld_prev_week_same_hr</th>\n",
       "      <th>ld_prev_day</th>\n",
       "      <th>ld_prev_week</th>\n",
       "      <th>load</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>372599</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524092e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>1</td>\n",
       "      <td>10.63</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.50</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.89</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1247.838440</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1999.576998</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1087.270398</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372600</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524096e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>2</td>\n",
       "      <td>10.20</td>\n",
       "      <td>8.49</td>\n",
       "      <td>8.18</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>1388.905292</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1670.431755</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>945.448468</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372601</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524100e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>3</td>\n",
       "      <td>9.18</td>\n",
       "      <td>8.80</td>\n",
       "      <td>8.55</td>\n",
       "      <td>NaN</td>\n",
       "      <td>0.94</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>835.122563</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>1751.657382</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>937.983287</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372602</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524103e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>4</td>\n",
       "      <td>9.41</td>\n",
       "      <td>8.78</td>\n",
       "      <td>7.92</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.91</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>1087.270398</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>1935.908078</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>1236.158774</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>372603</th>\n",
       "      <td>gw_9</td>\n",
       "      <td>1.524107e+09</td>\n",
       "      <td>3</td>\n",
       "      <td>0</td>\n",
       "      <td>5</td>\n",
       "      <td>9.28</td>\n",
       "      <td>10.21</td>\n",
       "      <td>9.15</td>\n",
       "      <td>1.00</td>\n",
       "      <td>0.93</td>\n",
       "      <td>1236.158774</td>\n",
       "      <td>937.983287</td>\n",
       "      <td>945.448468</td>\n",
       "      <td>837.553398</td>\n",
       "      <td>1715.802228</td>\n",
       "      <td>1413.443342</td>\n",
       "      <td>1562.912955</td>\n",
       "      <td>837.553398</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "       house     timestamp  day_of_week  weekend  hour_of_day  temperature  \\\n",
       "372599  gw_9  1.524092e+09            3        0            1        10.63   \n",
       "372600  gw_9  1.524096e+09            3        0            2        10.20   \n",
       "372601  gw_9  1.524100e+09            3        0            3         9.18   \n",
       "372602  gw_9  1.524103e+09            3        0            4         9.41   \n",
       "372603  gw_9  1.524107e+09            3        0            5         9.28   \n",
       "\n",
       "        apparentTemperature  dew_point  cloud_cover  humidity  ld_prev_hour  \\\n",
       "372599                10.20       8.50         0.19      0.89    835.122563   \n",
       "372600                 8.49       8.18         0.19      0.93   1087.270398   \n",
       "372601                 8.80       8.55          NaN      0.94    945.448468   \n",
       "372602                 8.78       7.92         1.00      0.91    937.983287   \n",
       "372603                10.21       9.15         1.00      0.93   1236.158774   \n",
       "\n",
       "        ld_prev_2hour  ld_prev_3hour  ld_prev_day_same_hr  \\\n",
       "372599    1247.838440    1388.905292          1087.270398   \n",
       "372600     835.122563    1388.905292           945.448468   \n",
       "372601    1087.270398     835.122563           937.983287   \n",
       "372602     945.448468    1087.270398          1236.158774   \n",
       "372603     937.983287     945.448468           837.553398   \n",
       "\n",
       "        ld_prev_week_same_hr  ld_prev_day  ld_prev_week         load  \n",
       "372599           1999.576998  1413.443342   1562.912955  1087.270398  \n",
       "372600           1670.431755  1413.443342   1562.912955   945.448468  \n",
       "372601           1751.657382  1413.443342   1562.912955   937.983287  \n",
       "372602           1935.908078  1413.443342   1562.912955  1236.158774  \n",
       "372603           1715.802228  1413.443342   1562.912955   837.553398  "
      ]
     },
     "execution_count": 8,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "dataset.tail()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"quarterly_step\", \"dew_point\", \"ld_prev_step\", \"ld_prev_2step\", \"ld_prev_3step\",   \n",
    "                                   \"ld_prev_day_same_hr\",\"ld_prev_week_same_hr\", \n",
    "                                   \"ld_prev_day\", \"ld_prev_week\", \"load\"]] \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_validation_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, shuffle=False)\n",
    "    return X_train, X_test,  Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "    sc = RobustScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "def build_ANN(n_inputs, loss_f = rmse):\n",
    "    print(\"BUILD ANN: \", loss_f)\n",
    "    model = Sequential()\n",
    "    #First hidden layer\n",
    "    model.add(Dense(input_dim=n_inputs, units = 50, kernel_initializer='uniform', activation='relu' ))\n",
    "\n",
    "    #Hidden layer\n",
    "    model.add(Dense(units = 50, kernel_initializer='uniform', activation='relu'))\n",
    "    \n",
    "    #output layer\n",
    "    model.add(Dense(units=1, kernel_initializer='uniform', activation='linear'))\n",
    "    \n",
    "    keras.backend.set_epsilon(1)\n",
    "    #Compiling\n",
    "    model.compile(optimizer='adam', loss=loss_f, metrics=[\"mape\"])\n",
    "    return model\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n",
    "\n",
    "\n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "metadata": {
    "scrolled": false
   },
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_46 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3428/3428 [==============================] - 3s 829us/step - loss: 1074.0015 - rmse: 1074.0015\n",
      "Epoch 2/50\n",
      "3428/3428 [==============================] - 2s 682us/step - loss: 682.7825 - rmse: 682.7825\n",
      "Epoch 3/50\n",
      "3428/3428 [==============================] - 2s 670us/step - loss: 241.2262 - rmse: 241.2262\n",
      "Epoch 4/50\n",
      "3428/3428 [==============================] - 2s 648us/step - loss: 227.4639 - rmse: 227.4639\n",
      "Epoch 5/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 222.8953 - rmse: 222.8953\n",
      "Epoch 6/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 221.0830 - rmse: 221.0830\n",
      "Epoch 7/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 220.0806 - rmse: 220.0806\n",
      "Epoch 8/50\n",
      "3428/3428 [==============================] - 2s 658us/step - loss: 219.3551 - rmse: 219.3551\n",
      "Epoch 9/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 219.2338 - rmse: 219.2338\n",
      "Epoch 10/50\n",
      "3428/3428 [==============================] - 2s 609us/step - loss: 218.7139 - rmse: 218.7139\n",
      "Epoch 11/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 218.0278 - rmse: 218.0278\n",
      "Epoch 12/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 216.9806 - rmse: 216.9806\n",
      "Epoch 13/50\n",
      "3428/3428 [==============================] - 2s 686us/step - loss: 216.6590 - rmse: 216.6590\n",
      "Epoch 14/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 215.5821 - rmse: 215.5821\n",
      "Epoch 15/50\n",
      "3428/3428 [==============================] - 2s 701us/step - loss: 214.8099 - rmse: 214.8099\n",
      "Epoch 16/50\n",
      "3428/3428 [==============================] - 2s 689us/step - loss: 213.8302 - rmse: 213.8302\n",
      "Epoch 17/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 213.0108 - rmse: 213.0108\n",
      "Epoch 18/50\n",
      "3428/3428 [==============================] - 2s 617us/step - loss: 211.7761 - rmse: 211.7761\n",
      "Epoch 19/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 210.7656 - rmse: 210.7656\n",
      "Epoch 20/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 209.8627 - rmse: 209.8627\n",
      "Epoch 21/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 208.7919 - rmse: 208.7919\n",
      "Epoch 22/50\n",
      "3428/3428 [==============================] - 2s 709us/step - loss: 208.3288 - rmse: 208.3288\n",
      "Epoch 23/50\n",
      "3428/3428 [==============================] - 2s 634us/step - loss: 207.1545 - rmse: 207.1545\n",
      "Epoch 24/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 206.3677 - rmse: 206.3677\n",
      "Epoch 25/50\n",
      "3428/3428 [==============================] - 2s 622us/step - loss: 205.6994 - rmse: 205.6994\n",
      "Epoch 26/50\n",
      "3428/3428 [==============================] - 2s 616us/step - loss: 204.9620 - rmse: 204.9620\n",
      "Epoch 27/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 204.2698 - rmse: 204.2698\n",
      "Epoch 28/50\n",
      "3428/3428 [==============================] - 2s 636us/step - loss: 203.5858 - rmse: 203.5858\n",
      "Epoch 29/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 203.5398 - rmse: 203.5398\n",
      "Epoch 30/50\n",
      "3428/3428 [==============================] - 2s 620us/step - loss: 202.9817 - rmse: 202.9817\n",
      "Epoch 31/50\n",
      "3428/3428 [==============================] - 2s 633us/step - loss: 202.7529 - rmse: 202.7529\n",
      "Epoch 32/50\n",
      "3428/3428 [==============================] - 2s 641us/step - loss: 202.8515 - rmse: 202.8515\n",
      "Epoch 33/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 202.6043 - rmse: 202.6043\n",
      "Epoch 34/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.2533 - rmse: 202.2533\n",
      "Epoch 35/50\n",
      "3428/3428 [==============================] - 2s 637us/step - loss: 202.3377 - rmse: 202.3377\n",
      "Epoch 36/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.9472 - rmse: 201.9472\n",
      "Epoch 37/50\n",
      "3428/3428 [==============================] - 2s 635us/step - loss: 202.1067 - rmse: 202.1067\n",
      "Epoch 38/50\n",
      "3428/3428 [==============================] - 2s 621us/step - loss: 201.6566 - rmse: 201.6566\n",
      "Epoch 39/50\n",
      "3428/3428 [==============================] - 2s 653us/step - loss: 201.8083 - rmse: 201.8083\n",
      "Epoch 40/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5412 - rmse: 201.5412\n",
      "Epoch 41/50\n",
      "3428/3428 [==============================] - 2s 631us/step - loss: 201.8312 - rmse: 201.8312\n",
      "Epoch 42/50\n",
      "3428/3428 [==============================] - 2s 590us/step - loss: 201.6171 - rmse: 201.6171\n",
      "Epoch 43/50\n",
      "3428/3428 [==============================] - 2s 629us/step - loss: 201.2395 - rmse: 201.2395\n",
      "Epoch 44/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.1137 - rmse: 201.1137\n",
      "Epoch 45/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.3415 - rmse: 201.3415\n",
      "Epoch 46/50\n",
      "3428/3428 [==============================] - 2s 639us/step - loss: 201.6426 - rmse: 201.6426\n",
      "Epoch 47/50\n",
      "3428/3428 [==============================] - 2s 618us/step - loss: 201.1274 - rmse: 201.1274\n",
      "Epoch 48/50\n",
      "3428/3428 [==============================] - 2s 625us/step - loss: 201.5108 - rmse: 201.5108\n",
      "Epoch 49/50\n",
      "3428/3428 [==============================] - 2s 630us/step - loss: 200.9279 - rmse: 200.9279\n",
      "Epoch 50/50\n",
      "3428/3428 [==============================] - 2s 624us/step - loss: 201.3404 - rmse: 201.3404\n",
      "House: {} test MAPE: {} gw_46 0.4784356734421218\n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 576x432 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Training  gw_34 \n",
      "\n",
      "BUILD ANN:  <function rmse at 0x000002234D718F28>\n",
      "Epoch 1/50\n",
      "3447/3447 [==============================] - 3s 815us/step - loss: 5959.6140 - rmse: 5959.6140\n",
      "Epoch 2/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 3938.8611 - rmse: 3938.8611\n",
      "Epoch 3/50\n",
      "3447/3447 [==============================] - 2s 703us/step - loss: 1723.6281 - rmse: 1723.6281\n",
      "Epoch 4/50\n",
      "3447/3447 [==============================] - 2s 709us/step - loss: 1651.3800 - rmse: 1651.3800\n",
      "Epoch 5/50\n",
      "3447/3447 [==============================] - 2s 652us/step - loss: 1631.4040 - rmse: 1631.4040\n",
      "Epoch 6/50\n",
      "1647/3447 [=============>................] - ETA: 1s - loss: 1608.9382 - rmse: 1608.9382"
     ]
    },
    {
     "ename": "KeyboardInterrupt",
     "evalue": "",
     "output_type": "error",
     "traceback": [
      "\u001b[1;31m---------------------------------------------------------------------------\u001b[0m",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m                         Traceback (most recent call last)",
      "\u001b[1;32m<ipython-input-18-991518e0b263>\u001b[0m in \u001b[0;36m<module>\u001b[1;34m\u001b[0m\n\u001b[0;32m     14\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     15\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m---> 16\u001b[1;33m     \u001b[0mmodel\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mfit\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mX_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mY_train\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mbatch_size\u001b[0m\u001b[1;33m=\u001b[0m\u001b[1;36m1\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mepochs\u001b[0m \u001b[1;33m=\u001b[0m \u001b[1;36m50\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m     17\u001b[0m \u001b[1;31m#     print(history.history.keys())\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m     18\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training.py\u001b[0m in \u001b[0;36mfit\u001b[1;34m(self, x, y, batch_size, epochs, verbose, callbacks, validation_split, validation_data, shuffle, class_weight, sample_weight, initial_epoch, steps_per_epoch, validation_steps, **kwargs)\u001b[0m\n\u001b[0;32m   1037\u001b[0m                                         \u001b[0minitial_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0minitial_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1038\u001b[0m                                         \u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0msteps_per_epoch\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1039\u001b[1;33m                                         validation_steps=validation_steps)\n\u001b[0m\u001b[0;32m   1040\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1041\u001b[0m     def evaluate(self, x=None, y=None,\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\engine\\training_arrays.py\u001b[0m in \u001b[0;36mfit_loop\u001b[1;34m(model, f, ins, out_labels, batch_size, epochs, verbose, callbacks, val_f, val_ins, shuffle, callback_metrics, initial_epoch, steps_per_epoch, validation_steps)\u001b[0m\n\u001b[0;32m    197\u001b[0m                     \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mins_batch\u001b[0m\u001b[1;33m[\u001b[0m\u001b[0mi\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mtoarray\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    198\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m--> 199\u001b[1;33m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mf\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mins_batch\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m    200\u001b[0m                 \u001b[0mouts\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mto_list\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m    201\u001b[0m                 \u001b[1;32mfor\u001b[0m \u001b[0ml\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mo\u001b[0m \u001b[1;32min\u001b[0m \u001b[0mzip\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mout_labels\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mouts\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2713\u001b[0m                 \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_legacy_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2714\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2715\u001b[1;33m             \u001b[1;32mreturn\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_call\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2716\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2717\u001b[0m             \u001b[1;32mif\u001b[0m \u001b[0mpy_any\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mis_tensor\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mx\u001b[0m\u001b[1;33m)\u001b[0m \u001b[1;32mfor\u001b[0m \u001b[0mx\u001b[0m \u001b[1;32min\u001b[0m \u001b[0minputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\keras\\backend\\tensorflow_backend.py\u001b[0m in \u001b[0;36m_call\u001b[1;34m(self, inputs)\u001b[0m\n\u001b[0;32m   2673\u001b[0m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m=\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mrun_metadata\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2674\u001b[0m         \u001b[1;32melse\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 2675\u001b[1;33m             \u001b[0mfetched\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_callable_fn\u001b[0m\u001b[1;33m(\u001b[0m\u001b[1;33m*\u001b[0m\u001b[0marray_vals\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0m\u001b[0;32m   2676\u001b[0m         \u001b[1;32mreturn\u001b[0m \u001b[0mfetched\u001b[0m\u001b[1;33m[\u001b[0m\u001b[1;33m:\u001b[0m\u001b[0mlen\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0moutputs\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m]\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   2677\u001b[0m \u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;32mc:\\program files\\python37\\lib\\site-packages\\tensorflow\\python\\client\\session.py\u001b[0m in \u001b[0;36m__call__\u001b[1;34m(self, *args, **kwargs)\u001b[0m\n\u001b[0;32m   1437\u001b[0m           ret = tf_session.TF_SessionRunCallable(\n\u001b[0;32m   1438\u001b[0m               \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_session\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mself\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0m_handle\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0margs\u001b[0m\u001b[1;33m,\u001b[0m \u001b[0mstatus\u001b[0m\u001b[1;33m,\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[1;32m-> 1439\u001b[1;33m               run_metadata_ptr)\n\u001b[0m\u001b[0;32m   1440\u001b[0m         \u001b[1;32mif\u001b[0m \u001b[0mrun_metadata\u001b[0m\u001b[1;33m:\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n\u001b[0;32m   1441\u001b[0m           \u001b[0mproto_data\u001b[0m \u001b[1;33m=\u001b[0m \u001b[0mtf_session\u001b[0m\u001b[1;33m.\u001b[0m\u001b[0mTF_GetBuffer\u001b[0m\u001b[1;33m(\u001b[0m\u001b[0mrun_metadata_ptr\u001b[0m\u001b[1;33m)\u001b[0m\u001b[1;33m\u001b[0m\u001b[1;33m\u001b[0m\u001b[0m\n",
      "\u001b[1;31mKeyboardInterrupt\u001b[0m: "
     ]
    }
   ],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test, Y_train, Y_test = get_train_test_validation_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    model = build_ANN(n_inputs, rmse) \n",
    "\n",
    "\n",
    "    model.fit(X_train, Y_train, batch_size=1, epochs = 50)\n",
    "#     print(history.history.keys())\n",
    "    \n",
    "#     training_loss = history.history['mean_absolute_percentage_error']\n",
    "#     validation_loss = history.history['val_mean_absolute_percentage_error']\n",
    "    \n",
    "    \n",
    "#     fig, axes = plt.subplots()\n",
    "#     axes.plot(range(len(training_loss)), training_loss, 'g-')\n",
    "    \n",
    "#     axes.plot(range(len(validation_loss)), validation_loss, 'r-')\n",
    "#     axes.legend(['Training loss curve', 'Validation loss curve'])\n",
    "#     fig.set_size_inches(12, 4, forward=True)\n",
    "#     axes.set_xlabel(\"Epoch\", fontsize= 15)\n",
    "#     axes.set_ylabel(\"MAPE (%)\", fontsize= 15)  \n",
    "    \n",
    "#     plt.show()\n",
    "#     fig.savefig(\"learning_curve_{}\".format(gw))\n",
    "    \n",
    "    Y_pred = model.predict(X_test)\n",
    "    \n",
    "    \n",
    "    models[gw]={'model':model}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "    test_mape = get_test_mape(Y_pred, Y_test)\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {}\", gw, test_mape)\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(8, 6, forward=True)\n",
    "    plt.show()\n",
    "    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "model.summary()"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Notes\n",
    "1. Disadvantages:\n",
    "  - Initial training takes a lot of time\n",
    "  \n",
    "2. Advantages:\n",
    "  - If the behaviour of the consumer changes over time, you only need to train one small network again, instead of the whole \n",
    "    network. The consumer behavior may change for several reasons:\n",
    "    - New poeple move in the house\n",
    "    - The consumers buy a new dishwasher :P"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape'], rmse(models[gw]['Y_test'], models[gw]['Y_pred'])) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "\n",
    "#     model_json = model['model'].to_json()\n",
    "#     with open(\"models/model_{}.json\".format(gw), \"w\") as json_file:\n",
    "#         json_file.write(model_json)\n",
    "#     # serialize weights to HDF5\n",
    "#     model['model'].save_weights(\"models/model_{}.h5\".format(gw))\n",
    "#     print(\"Saved model to disk\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/RF training/15 minutes resolution RF training.ipynb

{
 "cells": [
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training a separate model for each house"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n",
    "from sklearn.preprocessing import StandardScaler, MinMaxScaler, RobustScaler\n",
    "from sklearn.model_selection  import train_test_split\n",
    "from sklearn.ensemble import RandomForestRegressor\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset.csv\")\n",
    "houses = list(set(dataset['house']))\n",
    "def mymape(y_true, y_pred):\n",
    "    s=0\n",
    "    n=0\n",
    "    for i in range(len(y_true)):\n",
    "        if y_true[i]!=0 and y_pred[i]!=0:\n",
    "            s+= abs(y_true[i]-y_pred[i])/abs(y_true[i]) \n",
    "            n+=1\n",
    "    return s/n\n",
    "\n",
    "def mape(y_true, y_pred):\n",
    "    return np.mean(np.abs((y_true - y_pred) / y_true)) * 100\n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "def pick_house_and_dataset():\n",
    "    for gw in houses:\n",
    "        #Picking only rows of one house\n",
    "        sub_dataset = dataset.loc[ dataset['house'] == gw]\n",
    "        sub_dataset = sub_dataset[[  \"hour_of_day\", \"temperature\", \n",
    "                                   \"ld_prev_hour\", \"ld_prev_2hour\",\"ld_prev_3hour\", \"ld_prev_week_same_hr\",\"ld_prev_day\",\n",
    "                                   \"ld_prev_week\", \"ld_prev_day_same_hr\",\"load\"]]  \n",
    "\n",
    "        ##Temporarily removing rows with missinng values. \n",
    "        sub_dataset = sub_dataset.dropna()\n",
    "        yield gw, sub_dataset\n",
    "        \n",
    "def get_independent_dependent_variables(dataset):\n",
    "    n_cols = len(dataset.columns)\n",
    "    X = dataset.iloc[:,0:n_cols-1].values #Independent variables\n",
    "    Y = dataset.iloc[:, n_cols-1]\n",
    "    return X, Y\n",
    "\n",
    "def get_train_test_sets(X,Y):\n",
    "    X_train, X_test, Y_train, Y_test = train_test_split(X, Y, test_size=0.2, shuffle=False)\n",
    "    return X_train, X_test, Y_train, Y_test\n",
    "\n",
    "def apply_feature_scaling(X_train, X_test):\n",
    "#     sc = RobustScaler()\n",
    "    sc = MinMaxScaler()\n",
    "    n_dont_scale = 0\n",
    "    n_inputs = len(X_train[0])\n",
    "    X_train[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_train[:,0:n_inputs-n_dont_scale])\n",
    "    X_test[:,0:n_inputs-n_dont_scale] = sc.fit_transform(X_test[:,0:n_inputs-n_dont_scale])\n",
    "    return X_train, X_test\n",
    "\n",
    "    \n",
    "def get_test_mape(Y_pred, Y_test):\n",
    "    ls_Y_pred = [Y_pred[i][0] for i in range(len(Y_pred))]\n",
    "    ls_Y_test = [Y_test.iloc[i] for i in range(len(Y_test))]\n",
    "    mape = mymape(ls_Y_test, ls_Y_pred)\n",
    "    return mape\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Training"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {
    "scrolled": false
   },
   "outputs": [],
   "source": [
    "models = {}\n",
    "\n",
    "\n",
    "for gw, subset in pick_house_and_dataset():\n",
    "    print(\"Training \", gw, \"\\n\")\n",
    "    X, Y = get_independent_dependent_variables(subset)\n",
    "    X_train, X_test,  Y_train, Y_test = get_train_test_sets(X,Y)\n",
    "\n",
    "\n",
    "    X_train, X_test = apply_feature_scaling(X_train, X_test)\n",
    "    n_inputs = len(X_train[0])\n",
    "    print(n_inputs)\n",
    "    \n",
    "    rf = RandomForestRegressor(n_estimators = 130)\n",
    "    rf.fit(X_train, Y_train);\n",
    "\n",
    "    Y_pred = rf.predict(X_test)\n",
    "    \n",
    "    models[gw]={'model':rf}\n",
    "    models[gw]['Y_pred'] = Y_pred\n",
    "    models[gw]['Y_test'] = Y_test\n",
    "\n",
    "    test_mape = mymape(Y_pred,  Y_test.to_numpy())\n",
    "    models[gw]['test_mape'] = test_mape\n",
    "\n",
    "    print(\"House: {} test MAPE: {},   MAPE: {}\", gw, test_mape, mape(Y_pred, Y_test))\n",
    "    \n",
    "    \n",
    "    fig, axes = plt.subplots()\n",
    "    axes.plot(range(len(Y_pred)), Y_pred, 'r-')\n",
    "    axes.plot(range(len(Y_test)), Y_test, 'b-')\n",
    "    fig.set_size_inches(19, 7, forward=True)\n",
    "    plt.show()\n",
    "    \n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "from operator import itemgetter\n",
    "preds = [(gw, prediction['test_mape']) for gw, prediction in models.items()]\n",
    "preds = sorted(preds, key=itemgetter(1))\n",
    "\n",
    "for pred in preds:\n",
    "    print(pred)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": [
    "# import json\n",
    "# for gw, model in models.items():\n",
    "    \n",
    "#     rf = model['model']\n",
    "    \n",
    "#     pickle.dump(rf, open(\"models/model_{}.json\".format(gw), 'wb'))\n",
    "    \n",
    "\n",
    "#     print(\"Saved model to disk\")"
   ]
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/Activation functions speed comparison.ipynb

{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 86,
   "metadata": {},
   "outputs": [],
   "source": [
    "import matplotlib.pyplot as plt\n",
    "import numpy as np"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 87,
   "metadata": {},
   "outputs": [],
   "source": [
    "def unipolar_sigmoid(x):\n",
    "    return np.exp(x)/(np.exp(x)+1)\n",
    "\n",
    "def bipolar_sigmoid(x):\n",
    "    return (1- np.exp(-x)) / (1 + np.exp(-x)) \n",
    "\n",
    "def step_function(arr):\n",
    "    return np.array([1 if x>=0 else 0 for x in arr])\n",
    "\n",
    "def relu(arr):\n",
    "    return np.array([x if x>=0 else 0 for x in arr])\n",
    "\n",
    "def leaky_relu(arr):\n",
    "    return np.array([x if x>=0 else 0.01*x for x in arr])\n",
    "\n",
    "def softplus(x):\n",
    "    return np.log(1.0 + np.exp(x))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 88,
   "metadata": {},
   "outputs": [],
   "source": [
    "x = np.arange(-3000, 3000, 0.01)"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Unipolar sigmoid function"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 89,
   "metadata": {},
   "outputs": [
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "c:\\program files\\python37\\lib\\site-packages\\ipykernel_launcher.py:2: RuntimeWarning: overflow encountered in exp\n",
      "  \n",
      "c:\\program files\\python37\\lib\\site-packages\\ipykernel_launcher.py:2: RuntimeWarning: invalid value encountered in true_divide\n",
      "  \n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = unipolar_sigmoid(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0.5, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.set_yticks(np.arange(0,1.1, 0.25))\n",
    "fig.savefig('unipolar_sigmoid_function.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Bipolar sigmoid function"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 90,
   "metadata": {},
   "outputs": [
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "c:\\program files\\python37\\lib\\site-packages\\ipykernel_launcher.py:5: RuntimeWarning: overflow encountered in exp\n",
      "  \"\"\"\n",
      "c:\\program files\\python37\\lib\\site-packages\\ipykernel_launcher.py:5: RuntimeWarning: invalid value encountered in true_divide\n",
      "  \"\"\"\n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = bipolar_sigmoid(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.set_yticks(np.arange(-1,1.1, 0.25))\n",
    "fig.savefig('bipolar_sigmoid_function.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Hyperbolic tangent function"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 91,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = np.tanh(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.set_yticks(np.arange(-1,1.1, 0.25))\n",
    "fig.savefig('hyperbolic_tangent_function.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Step function"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 92,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = step_function(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "# axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.set_yticks(np.arange(0,1.1, 0.25))\n",
    "fig.savefig('step_function.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Rectified Linear Unit (ReLU)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 93,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = relu(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "# axis.axhline(0.5, color='grey', linestyle='-.', linewidth='0.5')\n",
    "# axis.set_yticks(np.arange(0,1.1, 0.25))\n",
    "fig.savefig('relu.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Leaky ReLU"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 94,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 864x864 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = leaky_relu(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "# axis.set_yticks(np.arange(0,1.1, 0.25))\n",
    "fig.set_size_inches(12, 12, forward=True)\n",
    "fig.savefig('leaky_relu.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "# Sotplus function"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 95,
   "metadata": {},
   "outputs": [
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "c:\\program files\\python37\\lib\\site-packages\\ipykernel_launcher.py:17: RuntimeWarning: overflow encountered in exp\n"
     ]
    },
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 432x288 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "y = softplus(x)\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y)\n",
    "axis.axvline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.axhline(0, color='grey', linestyle='-.', linewidth='0.5')\n",
    "axis.set_yticks(np.arange(0,11, 1))\n",
    "fig.savefig('softplus.png')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 99,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Unipolar sigmoid:  157.9029664993286\n",
      "Bipolar sigmoid:  155.51399087905884\n",
      "Softplus:  183.4470317363739\n",
      "leaky relu:  15.075968742370605\n",
      "relu:  13.632030487060547\n"
     ]
    }
   ],
   "source": [
    "#Execution time\n",
    "import time\n",
    "import random\n",
    "from random import  uniform\n",
    "n = 894252000//10\n",
    "\n",
    "ls = [uniform(-1,1) for i in range(n)]\n",
    "def unipolar_sigmoid(x):\n",
    "    return np.exp(x)/(np.exp(x)+1)\n",
    "\n",
    "def bipolar_sigmoid(x):\n",
    "    return (1- np.exp(-x)) / (1 + np.exp(-x)) \n",
    "\n",
    "def step_function(arr):\n",
    "    return np.array([1 if x>=0 else 0 for x in arr])\n",
    "\n",
    "def relu(x):\n",
    "    return x if x>=0 else 0 \n",
    "\n",
    "def leaky_relu(x):\n",
    "    return x if x>=0 else 0.01*x\n",
    "\n",
    "def softplus(x):\n",
    "    return np.log(1.0 + np.exp(x))\n",
    "# y = np.tanh(x)\n",
    "\n",
    "\n",
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = unipolar_sigmoid(x)\n",
    "t2 = time.time()    \n",
    "print(\"Unipolar sigmoid: \",t2-t1)\n",
    "\n",
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = unipolar_sigmoid(x)\n",
    "t2 = time.time()    \n",
    "print(\"Bipolar sigmoid: \",t2-t1)\n",
    "\n",
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = softplus(x)\n",
    "t2 = time.time()    \n",
    "print(\"Softplus: \",t2-t1)\n",
    "\n",
    "\n",
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = leaky_relu(x)\n",
    "t2 = time.time()    \n",
    "print(\"leaky relu: \",t2-t1)\n",
    "    \n",
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = relu(x)\n",
    "t2 = time.time()    \n",
    "print(\"relu: \",t2-t1)\n",
    "\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 100,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Hyperbolic tangent:  63.005035161972046\n"
     ]
    }
   ],
   "source": [
    "t1 = time.time()\n",
    "for x in ls:\n",
    "    y = np.tanh(x)\n",
    "t2 = time.time()    \n",
    "print(\"Hyperbolic tangent: \",t2-t1)\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}
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{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 1,
   "metadata": {},
   "outputs": [],
   "source": [
    "import matplotlib.pyplot as plt\n",
    "import numpy as np\n",
    "import pandas as pd\n",
    "from operator import itemgetter\n",
    "import datetime, time\n",
    "import json\n",
    "import random"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 2,
   "metadata": {},
   "outputs": [],
   "source": [
    "#Source code taken from https://github.com/talcs/simpledtw/blob/master/simpledtw.py\n",
    "\n",
    "def dtw(series_1, series_2, norm_func = np.linalg.norm):\n",
    "\tmatrix = np.zeros((len(series_1) + 1, len(series_2) + 1))\n",
    "\tmatrix[0,:] = np.inf\n",
    "\tmatrix[:,0] = np.inf\n",
    "\tmatrix[0,0] = 0\n",
    "\tfor i, vec1 in enumerate(series_1):\n",
    "\t\tfor j, vec2 in enumerate(series_2):\n",
    "\t\t\tcost = norm_func(vec1 - vec2)\n",
    "\t\t\tmatrix[i + 1, j + 1] = cost + min(matrix[i, j + 1], matrix[i + 1, j], matrix[i, j])\n",
    "\tmatrix = matrix[1:,1:]\n",
    "\ti = matrix.shape[0] - 1\n",
    "\tj = matrix.shape[1] - 1\n",
    "\tmatches = []\n",
    "\tmappings_series_1 = [list() for v in range(matrix.shape[0])]\n",
    "\tmappings_series_2 = [list() for v in range(matrix.shape[1])]\n",
    "\twhile i > 0 or j > 0:\n",
    "\t\tmatches.append((i, j))\n",
    "\t\tmappings_series_1[i].append(j)\n",
    "\t\tmappings_series_2[j].append(i)\n",
    "\t\toption_diag = matrix[i - 1, j - 1] if i > 0 and j > 0 else np.inf\n",
    "\t\toption_up = matrix[i - 1, j] if i > 0 else np.inf\n",
    "\t\toption_left = matrix[i, j - 1] if j > 0 else np.inf\n",
    "\t\tmove = np.argmin([option_diag, option_up, option_left])\n",
    "\t\tif move == 0:\n",
    "\t\t\ti -= 1\n",
    "\t\t\tj -= 1\n",
    "\t\telif move == 1:\n",
    "\t\t\ti -= 1\n",
    "\t\telse:\n",
    "\t\t\tj -= 1\n",
    "\tmatches.append((0, 0))\n",
    "\tmappings_series_1[0].append(0)\n",
    "\tmappings_series_2[0].append(0)\n",
    "\tmatches.reverse()\n",
    "\tfor mp in mappings_series_1:\n",
    "\t\tmp.reverse()\n",
    "\tfor mp in mappings_series_2:\n",
    "\t\tmp.reverse()\n",
    "\t\n",
    "\treturn matches, matrix[-1, -1], mappings_series_1, mappings_series_2, matrix"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 3,
   "metadata": {},
   "outputs": [],
   "source": [
    "with open(\"../houses_daily.json\", \"r\") as file:\n",
    "    houses = json.load(file)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 4,
   "metadata": {},
   "outputs": [],
   "source": [
    "for house, days in houses.items():\n",
    "    for day, data in days.items():\n",
    "        houses[house][day]['time'] = np.array(houses[house][day]['time'])\n",
    "        houses[house][day]['power'] = np.array(houses[house][day]['power'])"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "## Load profiles of random consumers in random days"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 29,
   "metadata": {
    "scrolled": false
   },
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "gw_38     ['gw_38']\n",
      "gw_36     ['gw_38', 'gw_36']\n",
      "['gw_38', 'gw_36'] ['2018-04-01', '2018-04-02']\n"
     ]
    },
    {
     "data": {
      "application/javascript": [
       "/* Put everything inside the global mpl namespace */\n",
       "window.mpl = {};\n",
       "\n",
       "\n",
       "mpl.get_websocket_type = function() {\n",
       "    if (typeof(WebSocket) !== 'undefined') {\n",
       "        return WebSocket;\n",
       "    } else if (typeof(MozWebSocket) !== 'undefined') {\n",
       "        return MozWebSocket;\n",
       "    } else {\n",
       "        alert('Your browser does not have WebSocket support.' +\n",
       "              'Please try Chrome, Safari or Firefox ≥ 6. ' +\n",
       "              'Firefox 4 and 5 are also supported but you ' +\n",
       "              'have to enable WebSockets in about:config.');\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure = function(figure_id, websocket, ondownload, parent_element) {\n",
       "    this.id = figure_id;\n",
       "\n",
       "    this.ws = websocket;\n",
       "\n",
       "    this.supports_binary = (this.ws.binaryType != undefined);\n",
       "\n",
       "    if (!this.supports_binary) {\n",
       "        var warnings = document.getElementById(\"mpl-warnings\");\n",
       "        if (warnings) {\n",
       "            warnings.style.display = 'block';\n",
       "            warnings.textContent = (\n",
       "                \"This browser does not support binary websocket messages. \" +\n",
       "                    \"Performance may be slow.\");\n",
       "        }\n",
       "    }\n",
       "\n",
       "    this.imageObj = new Image();\n",
       "\n",
       "    this.context = undefined;\n",
       "    this.message = undefined;\n",
       "    this.canvas = undefined;\n",
       "    this.rubberband_canvas = undefined;\n",
       "    this.rubberband_context = undefined;\n",
       "    this.format_dropdown = undefined;\n",
       "\n",
       "    this.image_mode = 'full';\n",
       "\n",
       "    this.root = $('<div/>');\n",
       "    this._root_extra_style(this.root)\n",
       "    this.root.attr('style', 'display: inline-block');\n",
       "\n",
       "    $(parent_element).append(this.root);\n",
       "\n",
       "    this._init_header(this);\n",
       "    this._init_canvas(this);\n",
       "    this._init_toolbar(this);\n",
       "\n",
       "    var fig = this;\n",
       "\n",
       "    this.waiting = false;\n",
       "\n",
       "    this.ws.onopen =  function () {\n",
       "            fig.send_message(\"supports_binary\", {value: fig.supports_binary});\n",
       "            fig.send_message(\"send_image_mode\", {});\n",
       "            if (mpl.ratio != 1) {\n",
       "                fig.send_message(\"set_dpi_ratio\", {'dpi_ratio': mpl.ratio});\n",
       "            }\n",
       "            fig.send_message(\"refresh\", {});\n",
       "        }\n",
       "\n",
       "    this.imageObj.onload = function() {\n",
       "            if (fig.image_mode == 'full') {\n",
       "                // Full images could contain transparency (where diff images\n",
       "                // almost always do), so we need to clear the canvas so that\n",
       "                // there is no ghosting.\n",
       "                fig.context.clearRect(0, 0, fig.canvas.width, fig.canvas.height);\n",
       "            }\n",
       "            fig.context.drawImage(fig.imageObj, 0, 0);\n",
       "        };\n",
       "\n",
       "    this.imageObj.onunload = function() {\n",
       "        fig.ws.close();\n",
       "    }\n",
       "\n",
       "    this.ws.onmessage = this._make_on_message_function(this);\n",
       "\n",
       "    this.ondownload = ondownload;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_header = function() {\n",
       "    var titlebar = $(\n",
       "        '<div class=\"ui-dialog-titlebar ui-widget-header ui-corner-all ' +\n",
       "        'ui-helper-clearfix\"/>');\n",
       "    var titletext = $(\n",
       "        '<div class=\"ui-dialog-title\" style=\"width: 100%; ' +\n",
       "        'text-align: center; padding: 3px;\"/>');\n",
       "    titlebar.append(titletext)\n",
       "    this.root.append(titlebar);\n",
       "    this.header = titletext[0];\n",
       "}\n",
       "\n",
       "\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_canvas = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var canvas_div = $('<div/>');\n",
       "\n",
       "    canvas_div.attr('style', 'position: relative; clear: both; outline: 0');\n",
       "\n",
       "    function canvas_keyboard_event(event) {\n",
       "        return fig.key_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    canvas_div.keydown('key_press', canvas_keyboard_event);\n",
       "    canvas_div.keyup('key_release', canvas_keyboard_event);\n",
       "    this.canvas_div = canvas_div\n",
       "    this._canvas_extra_style(canvas_div)\n",
       "    this.root.append(canvas_div);\n",
       "\n",
       "    var canvas = $('<canvas/>');\n",
       "    canvas.addClass('mpl-canvas');\n",
       "    canvas.attr('style', \"left: 0; top: 0; z-index: 0; outline: 0\")\n",
       "\n",
       "    this.canvas = canvas[0];\n",
       "    this.context = canvas[0].getContext(\"2d\");\n",
       "\n",
       "    var backingStore = this.context.backingStorePixelRatio ||\n",
       "\tthis.context.webkitBackingStorePixelRatio ||\n",
       "\tthis.context.mozBackingStorePixelRatio ||\n",
       "\tthis.context.msBackingStorePixelRatio ||\n",
       "\tthis.context.oBackingStorePixelRatio ||\n",
       "\tthis.context.backingStorePixelRatio || 1;\n",
       "\n",
       "    mpl.ratio = (window.devicePixelRatio || 1) / backingStore;\n",
       "\n",
       "    var rubberband = $('<canvas/>');\n",
       "    rubberband.attr('style', \"position: absolute; left: 0; top: 0; z-index: 1;\")\n",
       "\n",
       "    var pass_mouse_events = true;\n",
       "\n",
       "    canvas_div.resizable({\n",
       "        start: function(event, ui) {\n",
       "            pass_mouse_events = false;\n",
       "        },\n",
       "        resize: function(event, ui) {\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "        stop: function(event, ui) {\n",
       "            pass_mouse_events = true;\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "    });\n",
       "\n",
       "    function mouse_event_fn(event) {\n",
       "        if (pass_mouse_events)\n",
       "            return fig.mouse_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    rubberband.mousedown('button_press', mouse_event_fn);\n",
       "    rubberband.mouseup('button_release', mouse_event_fn);\n",
       "    // Throttle sequential mouse events to 1 every 20ms.\n",
       "    rubberband.mousemove('motion_notify', mouse_event_fn);\n",
       "\n",
       "    rubberband.mouseenter('figure_enter', mouse_event_fn);\n",
       "    rubberband.mouseleave('figure_leave', mouse_event_fn);\n",
       "\n",
       "    canvas_div.on(\"wheel\", function (event) {\n",
       "        event = event.originalEvent;\n",
       "        event['data'] = 'scroll'\n",
       "        if (event.deltaY < 0) {\n",
       "            event.step = 1;\n",
       "        } else {\n",
       "            event.step = -1;\n",
       "        }\n",
       "        mouse_event_fn(event);\n",
       "    });\n",
       "\n",
       "    canvas_div.append(canvas);\n",
       "    canvas_div.append(rubberband);\n",
       "\n",
       "    this.rubberband = rubberband;\n",
       "    this.rubberband_canvas = rubberband[0];\n",
       "    this.rubberband_context = rubberband[0].getContext(\"2d\");\n",
       "    this.rubberband_context.strokeStyle = \"#000000\";\n",
       "\n",
       "    this._resize_canvas = function(width, height) {\n",
       "        // Keep the size of the canvas, canvas container, and rubber band\n",
       "        // canvas in synch.\n",
       "        canvas_div.css('width', width)\n",
       "        canvas_div.css('height', height)\n",
       "\n",
       "        canvas.attr('width', width * mpl.ratio);\n",
       "        canvas.attr('height', height * mpl.ratio);\n",
       "        canvas.attr('style', 'width: ' + width + 'px; height: ' + height + 'px;');\n",
       "\n",
       "        rubberband.attr('width', width);\n",
       "        rubberband.attr('height', height);\n",
       "    }\n",
       "\n",
       "    // Set the figure to an initial 600x600px, this will subsequently be updated\n",
       "    // upon first draw.\n",
       "    this._resize_canvas(600, 600);\n",
       "\n",
       "    // Disable right mouse context menu.\n",
       "    $(this.rubberband_canvas).bind(\"contextmenu\",function(e){\n",
       "        return false;\n",
       "    });\n",
       "\n",
       "    function set_focus () {\n",
       "        canvas.focus();\n",
       "        canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    window.setTimeout(set_focus, 100);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items) {\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) {\n",
       "            // put a spacer in here.\n",
       "            continue;\n",
       "        }\n",
       "        var button = $('<button/>');\n",
       "        button.addClass('ui-button ui-widget ui-state-default ui-corner-all ' +\n",
       "                        'ui-button-icon-only');\n",
       "        button.attr('role', 'button');\n",
       "        button.attr('aria-disabled', 'false');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "\n",
       "        var icon_img = $('<span/>');\n",
       "        icon_img.addClass('ui-button-icon-primary ui-icon');\n",
       "        icon_img.addClass(image);\n",
       "        icon_img.addClass('ui-corner-all');\n",
       "\n",
       "        var tooltip_span = $('<span/>');\n",
       "        tooltip_span.addClass('ui-button-text');\n",
       "        tooltip_span.html(tooltip);\n",
       "\n",
       "        button.append(icon_img);\n",
       "        button.append(tooltip_span);\n",
       "\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    var fmt_picker_span = $('<span/>');\n",
       "\n",
       "    var fmt_picker = $('<select/>');\n",
       "    fmt_picker.addClass('mpl-toolbar-option ui-widget ui-widget-content');\n",
       "    fmt_picker_span.append(fmt_picker);\n",
       "    nav_element.append(fmt_picker_span);\n",
       "    this.format_dropdown = fmt_picker[0];\n",
       "\n",
       "    for (var ind in mpl.extensions) {\n",
       "        var fmt = mpl.extensions[ind];\n",
       "        var option = $(\n",
       "            '<option/>', {selected: fmt === mpl.default_extension}).html(fmt);\n",
       "        fmt_picker.append(option)\n",
       "    }\n",
       "\n",
       "    // Add hover states to the ui-buttons\n",
       "    $( \".ui-button\" ).hover(\n",
       "        function() { $(this).addClass(\"ui-state-hover\");},\n",
       "        function() { $(this).removeClass(\"ui-state-hover\");}\n",
       "    );\n",
       "\n",
       "    var status_bar = $('<span class=\"mpl-message\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.request_resize = function(x_pixels, y_pixels) {\n",
       "    // Request matplotlib to resize the figure. Matplotlib will then trigger a resize in the client,\n",
       "    // which will in turn request a refresh of the image.\n",
       "    this.send_message('resize', {'width': x_pixels, 'height': y_pixels});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_message = function(type, properties) {\n",
       "    properties['type'] = type;\n",
       "    properties['figure_id'] = this.id;\n",
       "    this.ws.send(JSON.stringify(properties));\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_draw_message = function() {\n",
       "    if (!this.waiting) {\n",
       "        this.waiting = true;\n",
       "        this.ws.send(JSON.stringify({type: \"draw\", figure_id: this.id}));\n",
       "    }\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    var format_dropdown = fig.format_dropdown;\n",
       "    var format = format_dropdown.options[format_dropdown.selectedIndex].value;\n",
       "    fig.ondownload(fig, format);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_resize = function(fig, msg) {\n",
       "    var size = msg['size'];\n",
       "    if (size[0] != fig.canvas.width || size[1] != fig.canvas.height) {\n",
       "        fig._resize_canvas(size[0], size[1]);\n",
       "        fig.send_message(\"refresh\", {});\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_rubberband = function(fig, msg) {\n",
       "    var x0 = msg['x0'] / mpl.ratio;\n",
       "    var y0 = (fig.canvas.height - msg['y0']) / mpl.ratio;\n",
       "    var x1 = msg['x1'] / mpl.ratio;\n",
       "    var y1 = (fig.canvas.height - msg['y1']) / mpl.ratio;\n",
       "    x0 = Math.floor(x0) + 0.5;\n",
       "    y0 = Math.floor(y0) + 0.5;\n",
       "    x1 = Math.floor(x1) + 0.5;\n",
       "    y1 = Math.floor(y1) + 0.5;\n",
       "    var min_x = Math.min(x0, x1);\n",
       "    var min_y = Math.min(y0, y1);\n",
       "    var width = Math.abs(x1 - x0);\n",
       "    var height = Math.abs(y1 - y0);\n",
       "\n",
       "    fig.rubberband_context.clearRect(\n",
       "        0, 0, fig.canvas.width, fig.canvas.height);\n",
       "\n",
       "    fig.rubberband_context.strokeRect(min_x, min_y, width, height);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_figure_label = function(fig, msg) {\n",
       "    // Updates the figure title.\n",
       "    fig.header.textContent = msg['label'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_cursor = function(fig, msg) {\n",
       "    var cursor = msg['cursor'];\n",
       "    switch(cursor)\n",
       "    {\n",
       "    case 0:\n",
       "        cursor = 'pointer';\n",
       "        break;\n",
       "    case 1:\n",
       "        cursor = 'default';\n",
       "        break;\n",
       "    case 2:\n",
       "        cursor = 'crosshair';\n",
       "        break;\n",
       "    case 3:\n",
       "        cursor = 'move';\n",
       "        break;\n",
       "    }\n",
       "    fig.rubberband_canvas.style.cursor = cursor;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_message = function(fig, msg) {\n",
       "    fig.message.textContent = msg['message'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_draw = function(fig, msg) {\n",
       "    // Request the server to send over a new figure.\n",
       "    fig.send_draw_message();\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_image_mode = function(fig, msg) {\n",
       "    fig.image_mode = msg['mode'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Called whenever the canvas gets updated.\n",
       "    this.send_message(\"ack\", {});\n",
       "}\n",
       "\n",
       "// A function to construct a web socket function for onmessage handling.\n",
       "// Called in the figure constructor.\n",
       "mpl.figure.prototype._make_on_message_function = function(fig) {\n",
       "    return function socket_on_message(evt) {\n",
       "        if (evt.data instanceof Blob) {\n",
       "            /* FIXME: We get \"Resource interpreted as Image but\n",
       "             * transferred with MIME type text/plain:\" errors on\n",
       "             * Chrome.  But how to set the MIME type?  It doesn't seem\n",
       "             * to be part of the websocket stream */\n",
       "            evt.data.type = \"image/png\";\n",
       "\n",
       "            /* Free the memory for the previous frames */\n",
       "            if (fig.imageObj.src) {\n",
       "                (window.URL || window.webkitURL).revokeObjectURL(\n",
       "                    fig.imageObj.src);\n",
       "            }\n",
       "\n",
       "            fig.imageObj.src = (window.URL || window.webkitURL).createObjectURL(\n",
       "                evt.data);\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "        else if (typeof evt.data === 'string' && evt.data.slice(0, 21) == \"data:image/png;base64\") {\n",
       "            fig.imageObj.src = evt.data;\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        var msg = JSON.parse(evt.data);\n",
       "        var msg_type = msg['type'];\n",
       "\n",
       "        // Call the  \"handle_{type}\" callback, which takes\n",
       "        // the figure and JSON message as its only arguments.\n",
       "        try {\n",
       "            var callback = fig[\"handle_\" + msg_type];\n",
       "        } catch (e) {\n",
       "            console.log(\"No handler for the '\" + msg_type + \"' message type: \", msg);\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        if (callback) {\n",
       "            try {\n",
       "                // console.log(\"Handling '\" + msg_type + \"' message: \", msg);\n",
       "                callback(fig, msg);\n",
       "            } catch (e) {\n",
       "                console.log(\"Exception inside the 'handler_\" + msg_type + \"' callback:\", e, e.stack, msg);\n",
       "            }\n",
       "        }\n",
       "    };\n",
       "}\n",
       "\n",
       "// from http://stackoverflow.com/questions/1114465/getting-mouse-location-in-canvas\n",
       "mpl.findpos = function(e) {\n",
       "    //this section is from http://www.quirksmode.org/js/events_properties.html\n",
       "    var targ;\n",
       "    if (!e)\n",
       "        e = window.event;\n",
       "    if (e.target)\n",
       "        targ = e.target;\n",
       "    else if (e.srcElement)\n",
       "        targ = e.srcElement;\n",
       "    if (targ.nodeType == 3) // defeat Safari bug\n",
       "        targ = targ.parentNode;\n",
       "\n",
       "    // jQuery normalizes the pageX and pageY\n",
       "    // pageX,Y are the mouse positions relative to the document\n",
       "    // offset() returns the position of the element relative to the document\n",
       "    var x = e.pageX - $(targ).offset().left;\n",
       "    var y = e.pageY - $(targ).offset().top;\n",
       "\n",
       "    return {\"x\": x, \"y\": y};\n",
       "};\n",
       "\n",
       "/*\n",
       " * return a copy of an object with only non-object keys\n",
       " * we need this to avoid circular references\n",
       " * http://stackoverflow.com/a/24161582/3208463\n",
       " */\n",
       "function simpleKeys (original) {\n",
       "  return Object.keys(original).reduce(function (obj, key) {\n",
       "    if (typeof original[key] !== 'object')\n",
       "        obj[key] = original[key]\n",
       "    return obj;\n",
       "  }, {});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.mouse_event = function(event, name) {\n",
       "    var canvas_pos = mpl.findpos(event)\n",
       "\n",
       "    if (name === 'button_press')\n",
       "    {\n",
       "        this.canvas.focus();\n",
       "        this.canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    var x = canvas_pos.x * mpl.ratio;\n",
       "    var y = canvas_pos.y * mpl.ratio;\n",
       "\n",
       "    this.send_message(name, {x: x, y: y, button: event.button,\n",
       "                             step: event.step,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "\n",
       "    /* This prevents the web browser from automatically changing to\n",
       "     * the text insertion cursor when the button is pressed.  We want\n",
       "     * to control all of the cursor setting manually through the\n",
       "     * 'cursor' event from matplotlib */\n",
       "    event.preventDefault();\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    // Handle any extra behaviour associated with a key event\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.key_event = function(event, name) {\n",
       "\n",
       "    // Prevent repeat events\n",
       "    if (name == 'key_press')\n",
       "    {\n",
       "        if (event.which === this._key)\n",
       "            return;\n",
       "        else\n",
       "            this._key = event.which;\n",
       "    }\n",
       "    if (name == 'key_release')\n",
       "        this._key = null;\n",
       "\n",
       "    var value = '';\n",
       "    if (event.ctrlKey && event.which != 17)\n",
       "        value += \"ctrl+\";\n",
       "    if (event.altKey && event.which != 18)\n",
       "        value += \"alt+\";\n",
       "    if (event.shiftKey && event.which != 16)\n",
       "        value += \"shift+\";\n",
       "\n",
       "    value += 'k';\n",
       "    value += event.which.toString();\n",
       "\n",
       "    this._key_event_extra(event, name);\n",
       "\n",
       "    this.send_message(name, {key: value,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onclick = function(name) {\n",
       "    if (name == 'download') {\n",
       "        this.handle_save(this, null);\n",
       "    } else {\n",
       "        this.send_message(\"toolbar_button\", {name: name});\n",
       "    }\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onmouseover = function(tooltip) {\n",
       "    this.message.textContent = tooltip;\n",
       "};\n",
       "mpl.toolbar_items = [[\"Home\", \"Reset original view\", \"fa fa-home icon-home\", \"home\"], [\"Back\", \"Back to previous view\", \"fa fa-arrow-left icon-arrow-left\", \"back\"], [\"Forward\", \"Forward to next view\", \"fa fa-arrow-right icon-arrow-right\", \"forward\"], [\"\", \"\", \"\", \"\"], [\"Pan\", \"Pan axes with left mouse, zoom with right\", \"fa fa-arrows icon-move\", \"pan\"], [\"Zoom\", \"Zoom to rectangle\", \"fa fa-square-o icon-check-empty\", \"zoom\"], [\"\", \"\", \"\", \"\"], [\"Download\", \"Download plot\", \"fa fa-floppy-o icon-save\", \"download\"]];\n",
       "\n",
       "mpl.extensions = [\"eps\", \"pdf\", \"png\", \"ps\", \"raw\", \"svg\"];\n",
       "\n",
       "mpl.default_extension = \"png\";var comm_websocket_adapter = function(comm) {\n",
       "    // Create a \"websocket\"-like object which calls the given IPython comm\n",
       "    // object with the appropriate methods. Currently this is a non binary\n",
       "    // socket, so there is still some room for performance tuning.\n",
       "    var ws = {};\n",
       "\n",
       "    ws.close = function() {\n",
       "        comm.close()\n",
       "    };\n",
       "    ws.send = function(m) {\n",
       "        //console.log('sending', m);\n",
       "        comm.send(m);\n",
       "    };\n",
       "    // Register the callback with on_msg.\n",
       "    comm.on_msg(function(msg) {\n",
       "        //console.log('receiving', msg['content']['data'], msg);\n",
       "        // Pass the mpl event to the overridden (by mpl) onmessage function.\n",
       "        ws.onmessage(msg['content']['data'])\n",
       "    });\n",
       "    return ws;\n",
       "}\n",
       "\n",
       "mpl.mpl_figure_comm = function(comm, msg) {\n",
       "    // This is the function which gets called when the mpl process\n",
       "    // starts-up an IPython Comm through the \"matplotlib\" channel.\n",
       "\n",
       "    var id = msg.content.data.id;\n",
       "    // Get hold of the div created by the display call when the Comm\n",
       "    // socket was opened in Python.\n",
       "    var element = $(\"#\" + id);\n",
       "    var ws_proxy = comm_websocket_adapter(comm)\n",
       "\n",
       "    function ondownload(figure, format) {\n",
       "        window.open(figure.imageObj.src);\n",
       "    }\n",
       "\n",
       "    var fig = new mpl.figure(id, ws_proxy,\n",
       "                           ondownload,\n",
       "                           element.get(0));\n",
       "\n",
       "    // Call onopen now - mpl needs it, as it is assuming we've passed it a real\n",
       "    // web socket which is closed, not our websocket->open comm proxy.\n",
       "    ws_proxy.onopen();\n",
       "\n",
       "    fig.parent_element = element.get(0);\n",
       "    fig.cell_info = mpl.find_output_cell(\"<div id='\" + id + \"'></div>\");\n",
       "    if (!fig.cell_info) {\n",
       "        console.error(\"Failed to find cell for figure\", id, fig);\n",
       "        return;\n",
       "    }\n",
       "\n",
       "    var output_index = fig.cell_info[2]\n",
       "    var cell = fig.cell_info[0];\n",
       "\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.handle_close = function(fig, msg) {\n",
       "    var width = fig.canvas.width/mpl.ratio\n",
       "    fig.root.unbind('remove')\n",
       "\n",
       "    // Update the output cell to use the data from the current canvas.\n",
       "    fig.push_to_output();\n",
       "    var dataURL = fig.canvas.toDataURL();\n",
       "    // Re-enable the keyboard manager in IPython - without this line, in FF,\n",
       "    // the notebook keyboard shortcuts fail.\n",
       "    IPython.keyboard_manager.enable()\n",
       "    $(fig.parent_element).html('<img src=\"' + dataURL + '\" width=\"' + width + '\">');\n",
       "    fig.close_ws(fig, msg);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.close_ws = function(fig, msg){\n",
       "    fig.send_message('closing', msg);\n",
       "    // fig.ws.close()\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.push_to_output = function(remove_interactive) {\n",
       "    // Turn the data on the canvas into data in the output cell.\n",
       "    var width = this.canvas.width/mpl.ratio\n",
       "    var dataURL = this.canvas.toDataURL();\n",
       "    this.cell_info[1]['text/html'] = '<img src=\"' + dataURL + '\" width=\"' + width + '\">';\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Tell IPython that the notebook contents must change.\n",
       "    IPython.notebook.set_dirty(true);\n",
       "    this.send_message(\"ack\", {});\n",
       "    var fig = this;\n",
       "    // Wait a second, then push the new image to the DOM so\n",
       "    // that it is saved nicely (might be nice to debounce this).\n",
       "    setTimeout(function () { fig.push_to_output() }, 1000);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items){\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) { continue; };\n",
       "\n",
       "        var button = $('<button class=\"btn btn-default\" href=\"#\" title=\"' + name + '\"><i class=\"fa ' + image + ' fa-lg\"></i></button>');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    // Add the status bar.\n",
       "    var status_bar = $('<span class=\"mpl-message\" style=\"text-align:right; float: right;\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "\n",
       "    // Add the close button to the window.\n",
       "    var buttongrp = $('<div class=\"btn-group inline pull-right\"></div>');\n",
       "    var button = $('<button class=\"btn btn-mini btn-primary\" href=\"#\" title=\"Stop Interaction\"><i class=\"fa fa-power-off icon-remove icon-large\"></i></button>');\n",
       "    button.click(function (evt) { fig.handle_close(fig, {}); } );\n",
       "    button.mouseover('Stop Interaction', toolbar_mouse_event);\n",
       "    buttongrp.append(button);\n",
       "    var titlebar = this.root.find($('.ui-dialog-titlebar'));\n",
       "    titlebar.prepend(buttongrp);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(el){\n",
       "    var fig = this\n",
       "    el.on(\"remove\", function(){\n",
       "\tfig.close_ws(fig, {});\n",
       "    });\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(el){\n",
       "    // this is important to make the div 'focusable\n",
       "    el.attr('tabindex', 0)\n",
       "    // reach out to IPython and tell the keyboard manager to turn it's self\n",
       "    // off when our div gets focus\n",
       "\n",
       "    // location in version 3\n",
       "    if (IPython.notebook.keyboard_manager) {\n",
       "        IPython.notebook.keyboard_manager.register_events(el);\n",
       "    }\n",
       "    else {\n",
       "        // location in version 2\n",
       "        IPython.keyboard_manager.register_events(el);\n",
       "    }\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    var manager = IPython.notebook.keyboard_manager;\n",
       "    if (!manager)\n",
       "        manager = IPython.keyboard_manager;\n",
       "\n",
       "    // Check for shift+enter\n",
       "    if (event.shiftKey && event.which == 13) {\n",
       "        this.canvas_div.blur();\n",
       "        event.shiftKey = false;\n",
       "        // Send a \"J\" for go to next cell\n",
       "        event.which = 74;\n",
       "        event.keyCode = 74;\n",
       "        manager.command_mode();\n",
       "        manager.handle_keydown(event);\n",
       "    }\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    fig.ondownload(fig, null);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.find_output_cell = function(html_output) {\n",
       "    // Return the cell and output element which can be found *uniquely* in the notebook.\n",
       "    // Note - this is a bit hacky, but it is done because the \"notebook_saving.Notebook\"\n",
       "    // IPython event is triggered only after the cells have been serialised, which for\n",
       "    // our purposes (turning an active figure into a static one), is too late.\n",
       "    var cells = IPython.notebook.get_cells();\n",
       "    var ncells = cells.length;\n",
       "    for (var i=0; i<ncells; i++) {\n",
       "        var cell = cells[i];\n",
       "        if (cell.cell_type === 'code'){\n",
       "            for (var j=0; j<cell.output_area.outputs.length; j++) {\n",
       "                var data = cell.output_area.outputs[j];\n",
       "                if (data.data) {\n",
       "                    // IPython >= 3 moved mimebundle to data attribute of output\n",
       "                    data = data.data;\n",
       "                }\n",
       "                if (data['text/html'] == html_output) {\n",
       "                    return [cell, data, j];\n",
       "                }\n",
       "            }\n",
       "        }\n",
       "    }\n",
       "}\n",
       "\n",
       "// Register the function which deals with the matplotlib target/channel.\n",
       "// The kernel may be null if the page has been refreshed.\n",
       "if (IPython.notebook.kernel != null) {\n",
       "    IPython.notebook.kernel.comm_manager.register_target('matplotlib', mpl.mpl_figure_comm);\n",
       "}\n"
      ],
      "text/plain": [
       "<IPython.core.display.Javascript object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "data": {
      "text/html": [
       "<img src=\"data:image/png;base64,\" width=\"1800\">"
      ],
      "text/plain": [
       "<IPython.core.display.HTML object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "%matplotlib notebook\n",
    "import matplotlib.pyplot as plt\n",
    "\n",
    "\n",
    "tick_range = 2  #hours\n",
    "n_houses,n_dates =2,2\n",
    "ticks = list(range(0, 24*60*60*1000, tick_range*60*60*1000 ))\n",
    "ticks_labels= [ i*tick_range for i in range(len(ticks)) ]  \n",
    "\n",
    "gws = []\n",
    "for i in range(n_houses):\n",
    "    while True:\n",
    "        gw = random.choice(list(houses.keys()))\n",
    "        if gw not in gws:\n",
    "            \n",
    "            gws.append(gw)\n",
    "            print(gw, \"   \", gws)\n",
    "            break\n",
    "\n",
    "# gws = ['gw_2', 'gw_24', 'gw_52']            \n",
    "dates=[]\n",
    "while True:\n",
    "    dt_ind = random.choice(range(len(list(houses[gws[0]].keys()))))\n",
    "    dates = [list(houses[gws[0]].keys())[dt_ind+i] for i in range(n_dates)  ]\n",
    "    date_exists_all = True\n",
    "    for gw in gws:\n",
    "        if set(dates).issubset(set(houses[gw].keys()))==False:\n",
    "            date_exists_all=False\n",
    "\n",
    "    if date_exists_all:\n",
    "        break   \n",
    "\n",
    "# dates= ['2018-03-18', '2018-03-19', '2018-03-20']\n",
    "print(gws, dates)\n",
    "\n",
    "\n",
    "fig, axes = plt.subplots(nrows=n_houses,ncols=n_dates, sharey=False)\n",
    "for i in range(n_houses):\n",
    "    for j in range(n_dates):\n",
    "        axes[i,j].plot(houses[gws[i]][dates[j]]['time'], houses[gws[i]][dates[j]]['power'])\n",
    "#         axes[i,j].set_aspect(5)\n",
    "#         axes[i,j].set_title(\"{}\\n{}\".format(str(gws[i]), str(dates[j])  ))\n",
    "#         axes[i,j].set_title(\"{}\\n{}\".format(\"House \"+str(i+1), str(dates[j])  ), fontsize= 20)\n",
    "        axes[i,j].set_xlabel(\"Hours\", fontsize= 15)\n",
    "        axes[i,j].set_ylabel(\"Load (kW)\", fontsize= 15)        \n",
    "\n",
    "\n",
    "plt.xticks(ticks)\n",
    "fig.tight_layout()\n",
    "\n",
    "for i in range(n_houses):\n",
    "    for j in range(n_dates):\n",
    "        axes[i,j].set_xticks(ticks)\n",
    "        axes[i,j].set_xticklabels(ticks_labels)\n",
    "axes[0,0].set_xticklabels(ticks_labels)\n",
    "axes[1,0].set_xticklabels(ticks_labels)\n",
    "axes[0,1].set_xticklabels(ticks_labels)\n",
    "axes[1,1].set_xticklabels(ticks_labels)\n",
    "# plt.subplots_adjust(wspace=0.1, hspace=0.5)\n",
    "fig.set_size_inches(18, 7, forward=True)\n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 6,
   "metadata": {},
   "outputs": [],
   "source": [
    "\n",
    "# fig.savefig('daily_load_profiles_similarity.png')"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "### Dynamic Time Warping"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 7,
   "metadata": {},
   "outputs": [],
   "source": [
    "# cost1 = dtw(houses[gws[0]][dates[0]]['power'], houses[gws[0]][dates[1]]['power'])[1]\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 8,
   "metadata": {},
   "outputs": [],
   "source": [
    "# print(cost1)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 9,
   "metadata": {},
   "outputs": [],
   "source": [
    "# cost2  = dtw(houses[gws[0]][dates[0]]['power'], houses[gws[1]][dates[0]]['power'])[1]"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 10,
   "metadata": {},
   "outputs": [],
   "source": [
    "# print(cost2)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 11,
   "metadata": {},
   "outputs": [],
   "source": [
    "# cost3 = dtw(houses[gws[0]][dates[0]]['power'], houses[gws[2]][dates[0]]['power'])[1]\n",
    "# print(cost3)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 12,
   "metadata": {},
   "outputs": [],
   "source": [
    "# costs_df = pd.DataFrame( [[None]*len(dates)]*len(gws), gws, dates )\n",
    "# costs_df[dates[0]][gws[0]]=0\n",
    "# print(costs_df['2018-03-22']['gw_52'])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 13,
   "metadata": {},
   "outputs": [],
   "source": [
    "# costs_df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 14,
   "metadata": {},
   "outputs": [],
   "source": [
    "# for gw in gws:\n",
    "#     print(\"Started \", gw)\n",
    "#     if gw!=gws[0]:\n",
    "#         costs_df[dates[0]][gw] = dtw(houses[gws[0]][dates[0]]['power'], houses[gw][dates[0]]['power'])[1]\n",
    "#         print(\"Ended \", gw, date)\n",
    "#     for date in dates[1:]:\n",
    "#         costs_df[date][gw] = dtw(houses[gw][dates[0]]['power'], houses[gw][date]['power'])[1]\n",
    "#         print(\"Ended \", gw, date)\n",
    "        \n",
    "\n",
    "        "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 15,
   "metadata": {},
   "outputs": [],
   "source": [
    "# costs_df.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 16,
   "metadata": {},
   "outputs": [],
   "source": [
    "# df_max = costs_df.values.max()\n",
    "# print(df_max)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 17,
   "metadata": {},
   "outputs": [],
   "source": [
    "# normed_df = pd.DataFrame( [[None]*len(dates)]*len(gws), gws, dates )\n",
    "# for gw in gws:\n",
    "#     for date in dates:\n",
    "#         normed_df[date][gw] = costs_df[date][gw]/df_max"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 18,
   "metadata": {},
   "outputs": [],
   "source": [
    "# normed_df.head()"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "### Cross correlation"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 19,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "2147478188\n"
     ]
    }
   ],
   "source": [
    "arr1 = [1,2,3,4]\n",
    "arr2 = [3,4,5,7]\n",
    "\n",
    "crcorr = np.correlate(houses[gws[0]][dates[0]]['power'], houses[gws[0]][dates[1]]['power'],\"full\")\n",
    "print(max(crcorr))"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 20,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Started  gw_26\n",
      "Ended  gw_26 2017-05-08\n",
      "Started  gw_12\n",
      "Ended  gw_12 2017-05-08\n",
      "Ended  gw_12 2017-05-08\n"
     ]
    }
   ],
   "source": [
    "crcorr_df = pd.DataFrame( [[None]*len(dates)]*len(gws), gws, dates )\n",
    "crcorr_df[dates[0]][gws[0]]=0\n",
    "\n",
    "for gw in gws:\n",
    "    print(\"Started \", gw)\n",
    "    if gw!=gws[0]:\n",
    "        crcorr_df[dates[0]][gw] = max(np.correlate(houses[gws[0]][dates[0]]['power'], houses[gw][dates[0]]['power'], \"full\"))\n",
    "        print(\"Ended \", gw, date)\n",
    "    for date in dates[1:]:\n",
    "        crcorr_df[date][gw] = max(np.correlate(houses[gw][dates[0]]['power'], houses[gw][date]['power'], \"full\"))\n",
    "        print(\"Ended \", gw, date)\n",
    "\n",
    "crcorr_df_max = crcorr_df.values.max()\n",
    "normed_crcorr_df = pd.DataFrame( [[None]*len(dates)]*len(gws), gws, dates )\n",
    "for gw in gws:\n",
    "    for date in dates:\n",
    "        normed_crcorr_df[date][gw] = crcorr_df[date][gw]/crcorr_df_max"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 21,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>2017-05-07</th>\n",
       "      <th>2017-05-08</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>gw_26</th>\n",
       "      <td>0</td>\n",
       "      <td>1</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>gw_12</th>\n",
       "      <td>0.999645</td>\n",
       "      <td>0.999899</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "      2017-05-07 2017-05-08\n",
       "gw_26          0          1\n",
       "gw_12   0.999645   0.999899"
      ]
     },
     "execution_count": 21,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "normed_crcorr_df"
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "### Fourier analysis"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "application/javascript": [
       "/* Put everything inside the global mpl namespace */\n",
       "window.mpl = {};\n",
       "\n",
       "\n",
       "mpl.get_websocket_type = function() {\n",
       "    if (typeof(WebSocket) !== 'undefined') {\n",
       "        return WebSocket;\n",
       "    } else if (typeof(MozWebSocket) !== 'undefined') {\n",
       "        return MozWebSocket;\n",
       "    } else {\n",
       "        alert('Your browser does not have WebSocket support.' +\n",
       "              'Please try Chrome, Safari or Firefox ≥ 6. ' +\n",
       "              'Firefox 4 and 5 are also supported but you ' +\n",
       "              'have to enable WebSockets in about:config.');\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure = function(figure_id, websocket, ondownload, parent_element) {\n",
       "    this.id = figure_id;\n",
       "\n",
       "    this.ws = websocket;\n",
       "\n",
       "    this.supports_binary = (this.ws.binaryType != undefined);\n",
       "\n",
       "    if (!this.supports_binary) {\n",
       "        var warnings = document.getElementById(\"mpl-warnings\");\n",
       "        if (warnings) {\n",
       "            warnings.style.display = 'block';\n",
       "            warnings.textContent = (\n",
       "                \"This browser does not support binary websocket messages. \" +\n",
       "                    \"Performance may be slow.\");\n",
       "        }\n",
       "    }\n",
       "\n",
       "    this.imageObj = new Image();\n",
       "\n",
       "    this.context = undefined;\n",
       "    this.message = undefined;\n",
       "    this.canvas = undefined;\n",
       "    this.rubberband_canvas = undefined;\n",
       "    this.rubberband_context = undefined;\n",
       "    this.format_dropdown = undefined;\n",
       "\n",
       "    this.image_mode = 'full';\n",
       "\n",
       "    this.root = $('<div/>');\n",
       "    this._root_extra_style(this.root)\n",
       "    this.root.attr('style', 'display: inline-block');\n",
       "\n",
       "    $(parent_element).append(this.root);\n",
       "\n",
       "    this._init_header(this);\n",
       "    this._init_canvas(this);\n",
       "    this._init_toolbar(this);\n",
       "\n",
       "    var fig = this;\n",
       "\n",
       "    this.waiting = false;\n",
       "\n",
       "    this.ws.onopen =  function () {\n",
       "            fig.send_message(\"supports_binary\", {value: fig.supports_binary});\n",
       "            fig.send_message(\"send_image_mode\", {});\n",
       "            if (mpl.ratio != 1) {\n",
       "                fig.send_message(\"set_dpi_ratio\", {'dpi_ratio': mpl.ratio});\n",
       "            }\n",
       "            fig.send_message(\"refresh\", {});\n",
       "        }\n",
       "\n",
       "    this.imageObj.onload = function() {\n",
       "            if (fig.image_mode == 'full') {\n",
       "                // Full images could contain transparency (where diff images\n",
       "                // almost always do), so we need to clear the canvas so that\n",
       "                // there is no ghosting.\n",
       "                fig.context.clearRect(0, 0, fig.canvas.width, fig.canvas.height);\n",
       "            }\n",
       "            fig.context.drawImage(fig.imageObj, 0, 0);\n",
       "        };\n",
       "\n",
       "    this.imageObj.onunload = function() {\n",
       "        fig.ws.close();\n",
       "    }\n",
       "\n",
       "    this.ws.onmessage = this._make_on_message_function(this);\n",
       "\n",
       "    this.ondownload = ondownload;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_header = function() {\n",
       "    var titlebar = $(\n",
       "        '<div class=\"ui-dialog-titlebar ui-widget-header ui-corner-all ' +\n",
       "        'ui-helper-clearfix\"/>');\n",
       "    var titletext = $(\n",
       "        '<div class=\"ui-dialog-title\" style=\"width: 100%; ' +\n",
       "        'text-align: center; padding: 3px;\"/>');\n",
       "    titlebar.append(titletext)\n",
       "    this.root.append(titlebar);\n",
       "    this.header = titletext[0];\n",
       "}\n",
       "\n",
       "\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_canvas = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var canvas_div = $('<div/>');\n",
       "\n",
       "    canvas_div.attr('style', 'position: relative; clear: both; outline: 0');\n",
       "\n",
       "    function canvas_keyboard_event(event) {\n",
       "        return fig.key_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    canvas_div.keydown('key_press', canvas_keyboard_event);\n",
       "    canvas_div.keyup('key_release', canvas_keyboard_event);\n",
       "    this.canvas_div = canvas_div\n",
       "    this._canvas_extra_style(canvas_div)\n",
       "    this.root.append(canvas_div);\n",
       "\n",
       "    var canvas = $('<canvas/>');\n",
       "    canvas.addClass('mpl-canvas');\n",
       "    canvas.attr('style', \"left: 0; top: 0; z-index: 0; outline: 0\")\n",
       "\n",
       "    this.canvas = canvas[0];\n",
       "    this.context = canvas[0].getContext(\"2d\");\n",
       "\n",
       "    var backingStore = this.context.backingStorePixelRatio ||\n",
       "\tthis.context.webkitBackingStorePixelRatio ||\n",
       "\tthis.context.mozBackingStorePixelRatio ||\n",
       "\tthis.context.msBackingStorePixelRatio ||\n",
       "\tthis.context.oBackingStorePixelRatio ||\n",
       "\tthis.context.backingStorePixelRatio || 1;\n",
       "\n",
       "    mpl.ratio = (window.devicePixelRatio || 1) / backingStore;\n",
       "\n",
       "    var rubberband = $('<canvas/>');\n",
       "    rubberband.attr('style', \"position: absolute; left: 0; top: 0; z-index: 1;\")\n",
       "\n",
       "    var pass_mouse_events = true;\n",
       "\n",
       "    canvas_div.resizable({\n",
       "        start: function(event, ui) {\n",
       "            pass_mouse_events = false;\n",
       "        },\n",
       "        resize: function(event, ui) {\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "        stop: function(event, ui) {\n",
       "            pass_mouse_events = true;\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "    });\n",
       "\n",
       "    function mouse_event_fn(event) {\n",
       "        if (pass_mouse_events)\n",
       "            return fig.mouse_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    rubberband.mousedown('button_press', mouse_event_fn);\n",
       "    rubberband.mouseup('button_release', mouse_event_fn);\n",
       "    // Throttle sequential mouse events to 1 every 20ms.\n",
       "    rubberband.mousemove('motion_notify', mouse_event_fn);\n",
       "\n",
       "    rubberband.mouseenter('figure_enter', mouse_event_fn);\n",
       "    rubberband.mouseleave('figure_leave', mouse_event_fn);\n",
       "\n",
       "    canvas_div.on(\"wheel\", function (event) {\n",
       "        event = event.originalEvent;\n",
       "        event['data'] = 'scroll'\n",
       "        if (event.deltaY < 0) {\n",
       "            event.step = 1;\n",
       "        } else {\n",
       "            event.step = -1;\n",
       "        }\n",
       "        mouse_event_fn(event);\n",
       "    });\n",
       "\n",
       "    canvas_div.append(canvas);\n",
       "    canvas_div.append(rubberband);\n",
       "\n",
       "    this.rubberband = rubberband;\n",
       "    this.rubberband_canvas = rubberband[0];\n",
       "    this.rubberband_context = rubberband[0].getContext(\"2d\");\n",
       "    this.rubberband_context.strokeStyle = \"#000000\";\n",
       "\n",
       "    this._resize_canvas = function(width, height) {\n",
       "        // Keep the size of the canvas, canvas container, and rubber band\n",
       "        // canvas in synch.\n",
       "        canvas_div.css('width', width)\n",
       "        canvas_div.css('height', height)\n",
       "\n",
       "        canvas.attr('width', width * mpl.ratio);\n",
       "        canvas.attr('height', height * mpl.ratio);\n",
       "        canvas.attr('style', 'width: ' + width + 'px; height: ' + height + 'px;');\n",
       "\n",
       "        rubberband.attr('width', width);\n",
       "        rubberband.attr('height', height);\n",
       "    }\n",
       "\n",
       "    // Set the figure to an initial 600x600px, this will subsequently be updated\n",
       "    // upon first draw.\n",
       "    this._resize_canvas(600, 600);\n",
       "\n",
       "    // Disable right mouse context menu.\n",
       "    $(this.rubberband_canvas).bind(\"contextmenu\",function(e){\n",
       "        return false;\n",
       "    });\n",
       "\n",
       "    function set_focus () {\n",
       "        canvas.focus();\n",
       "        canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    window.setTimeout(set_focus, 100);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items) {\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) {\n",
       "            // put a spacer in here.\n",
       "            continue;\n",
       "        }\n",
       "        var button = $('<button/>');\n",
       "        button.addClass('ui-button ui-widget ui-state-default ui-corner-all ' +\n",
       "                        'ui-button-icon-only');\n",
       "        button.attr('role', 'button');\n",
       "        button.attr('aria-disabled', 'false');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "\n",
       "        var icon_img = $('<span/>');\n",
       "        icon_img.addClass('ui-button-icon-primary ui-icon');\n",
       "        icon_img.addClass(image);\n",
       "        icon_img.addClass('ui-corner-all');\n",
       "\n",
       "        var tooltip_span = $('<span/>');\n",
       "        tooltip_span.addClass('ui-button-text');\n",
       "        tooltip_span.html(tooltip);\n",
       "\n",
       "        button.append(icon_img);\n",
       "        button.append(tooltip_span);\n",
       "\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    var fmt_picker_span = $('<span/>');\n",
       "\n",
       "    var fmt_picker = $('<select/>');\n",
       "    fmt_picker.addClass('mpl-toolbar-option ui-widget ui-widget-content');\n",
       "    fmt_picker_span.append(fmt_picker);\n",
       "    nav_element.append(fmt_picker_span);\n",
       "    this.format_dropdown = fmt_picker[0];\n",
       "\n",
       "    for (var ind in mpl.extensions) {\n",
       "        var fmt = mpl.extensions[ind];\n",
       "        var option = $(\n",
       "            '<option/>', {selected: fmt === mpl.default_extension}).html(fmt);\n",
       "        fmt_picker.append(option)\n",
       "    }\n",
       "\n",
       "    // Add hover states to the ui-buttons\n",
       "    $( \".ui-button\" ).hover(\n",
       "        function() { $(this).addClass(\"ui-state-hover\");},\n",
       "        function() { $(this).removeClass(\"ui-state-hover\");}\n",
       "    );\n",
       "\n",
       "    var status_bar = $('<span class=\"mpl-message\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.request_resize = function(x_pixels, y_pixels) {\n",
       "    // Request matplotlib to resize the figure. Matplotlib will then trigger a resize in the client,\n",
       "    // which will in turn request a refresh of the image.\n",
       "    this.send_message('resize', {'width': x_pixels, 'height': y_pixels});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_message = function(type, properties) {\n",
       "    properties['type'] = type;\n",
       "    properties['figure_id'] = this.id;\n",
       "    this.ws.send(JSON.stringify(properties));\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_draw_message = function() {\n",
       "    if (!this.waiting) {\n",
       "        this.waiting = true;\n",
       "        this.ws.send(JSON.stringify({type: \"draw\", figure_id: this.id}));\n",
       "    }\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    var format_dropdown = fig.format_dropdown;\n",
       "    var format = format_dropdown.options[format_dropdown.selectedIndex].value;\n",
       "    fig.ondownload(fig, format);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_resize = function(fig, msg) {\n",
       "    var size = msg['size'];\n",
       "    if (size[0] != fig.canvas.width || size[1] != fig.canvas.height) {\n",
       "        fig._resize_canvas(size[0], size[1]);\n",
       "        fig.send_message(\"refresh\", {});\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_rubberband = function(fig, msg) {\n",
       "    var x0 = msg['x0'] / mpl.ratio;\n",
       "    var y0 = (fig.canvas.height - msg['y0']) / mpl.ratio;\n",
       "    var x1 = msg['x1'] / mpl.ratio;\n",
       "    var y1 = (fig.canvas.height - msg['y1']) / mpl.ratio;\n",
       "    x0 = Math.floor(x0) + 0.5;\n",
       "    y0 = Math.floor(y0) + 0.5;\n",
       "    x1 = Math.floor(x1) + 0.5;\n",
       "    y1 = Math.floor(y1) + 0.5;\n",
       "    var min_x = Math.min(x0, x1);\n",
       "    var min_y = Math.min(y0, y1);\n",
       "    var width = Math.abs(x1 - x0);\n",
       "    var height = Math.abs(y1 - y0);\n",
       "\n",
       "    fig.rubberband_context.clearRect(\n",
       "        0, 0, fig.canvas.width, fig.canvas.height);\n",
       "\n",
       "    fig.rubberband_context.strokeRect(min_x, min_y, width, height);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_figure_label = function(fig, msg) {\n",
       "    // Updates the figure title.\n",
       "    fig.header.textContent = msg['label'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_cursor = function(fig, msg) {\n",
       "    var cursor = msg['cursor'];\n",
       "    switch(cursor)\n",
       "    {\n",
       "    case 0:\n",
       "        cursor = 'pointer';\n",
       "        break;\n",
       "    case 1:\n",
       "        cursor = 'default';\n",
       "        break;\n",
       "    case 2:\n",
       "        cursor = 'crosshair';\n",
       "        break;\n",
       "    case 3:\n",
       "        cursor = 'move';\n",
       "        break;\n",
       "    }\n",
       "    fig.rubberband_canvas.style.cursor = cursor;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_message = function(fig, msg) {\n",
       "    fig.message.textContent = msg['message'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_draw = function(fig, msg) {\n",
       "    // Request the server to send over a new figure.\n",
       "    fig.send_draw_message();\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_image_mode = function(fig, msg) {\n",
       "    fig.image_mode = msg['mode'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Called whenever the canvas gets updated.\n",
       "    this.send_message(\"ack\", {});\n",
       "}\n",
       "\n",
       "// A function to construct a web socket function for onmessage handling.\n",
       "// Called in the figure constructor.\n",
       "mpl.figure.prototype._make_on_message_function = function(fig) {\n",
       "    return function socket_on_message(evt) {\n",
       "        if (evt.data instanceof Blob) {\n",
       "            /* FIXME: We get \"Resource interpreted as Image but\n",
       "             * transferred with MIME type text/plain:\" errors on\n",
       "             * Chrome.  But how to set the MIME type?  It doesn't seem\n",
       "             * to be part of the websocket stream */\n",
       "            evt.data.type = \"image/png\";\n",
       "\n",
       "            /* Free the memory for the previous frames */\n",
       "            if (fig.imageObj.src) {\n",
       "                (window.URL || window.webkitURL).revokeObjectURL(\n",
       "                    fig.imageObj.src);\n",
       "            }\n",
       "\n",
       "            fig.imageObj.src = (window.URL || window.webkitURL).createObjectURL(\n",
       "                evt.data);\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "        else if (typeof evt.data === 'string' && evt.data.slice(0, 21) == \"data:image/png;base64\") {\n",
       "            fig.imageObj.src = evt.data;\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        var msg = JSON.parse(evt.data);\n",
       "        var msg_type = msg['type'];\n",
       "\n",
       "        // Call the  \"handle_{type}\" callback, which takes\n",
       "        // the figure and JSON message as its only arguments.\n",
       "        try {\n",
       "            var callback = fig[\"handle_\" + msg_type];\n",
       "        } catch (e) {\n",
       "            console.log(\"No handler for the '\" + msg_type + \"' message type: \", msg);\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        if (callback) {\n",
       "            try {\n",
       "                // console.log(\"Handling '\" + msg_type + \"' message: \", msg);\n",
       "                callback(fig, msg);\n",
       "            } catch (e) {\n",
       "                console.log(\"Exception inside the 'handler_\" + msg_type + \"' callback:\", e, e.stack, msg);\n",
       "            }\n",
       "        }\n",
       "    };\n",
       "}\n",
       "\n",
       "// from http://stackoverflow.com/questions/1114465/getting-mouse-location-in-canvas\n",
       "mpl.findpos = function(e) {\n",
       "    //this section is from http://www.quirksmode.org/js/events_properties.html\n",
       "    var targ;\n",
       "    if (!e)\n",
       "        e = window.event;\n",
       "    if (e.target)\n",
       "        targ = e.target;\n",
       "    else if (e.srcElement)\n",
       "        targ = e.srcElement;\n",
       "    if (targ.nodeType == 3) // defeat Safari bug\n",
       "        targ = targ.parentNode;\n",
       "\n",
       "    // jQuery normalizes the pageX and pageY\n",
       "    // pageX,Y are the mouse positions relative to the document\n",
       "    // offset() returns the position of the element relative to the document\n",
       "    var x = e.pageX - $(targ).offset().left;\n",
       "    var y = e.pageY - $(targ).offset().top;\n",
       "\n",
       "    return {\"x\": x, \"y\": y};\n",
       "};\n",
       "\n",
       "/*\n",
       " * return a copy of an object with only non-object keys\n",
       " * we need this to avoid circular references\n",
       " * http://stackoverflow.com/a/24161582/3208463\n",
       " */\n",
       "function simpleKeys (original) {\n",
       "  return Object.keys(original).reduce(function (obj, key) {\n",
       "    if (typeof original[key] !== 'object')\n",
       "        obj[key] = original[key]\n",
       "    return obj;\n",
       "  }, {});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.mouse_event = function(event, name) {\n",
       "    var canvas_pos = mpl.findpos(event)\n",
       "\n",
       "    if (name === 'button_press')\n",
       "    {\n",
       "        this.canvas.focus();\n",
       "        this.canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    var x = canvas_pos.x * mpl.ratio;\n",
       "    var y = canvas_pos.y * mpl.ratio;\n",
       "\n",
       "    this.send_message(name, {x: x, y: y, button: event.button,\n",
       "                             step: event.step,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "\n",
       "    /* This prevents the web browser from automatically changing to\n",
       "     * the text insertion cursor when the button is pressed.  We want\n",
       "     * to control all of the cursor setting manually through the\n",
       "     * 'cursor' event from matplotlib */\n",
       "    event.preventDefault();\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    // Handle any extra behaviour associated with a key event\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.key_event = function(event, name) {\n",
       "\n",
       "    // Prevent repeat events\n",
       "    if (name == 'key_press')\n",
       "    {\n",
       "        if (event.which === this._key)\n",
       "            return;\n",
       "        else\n",
       "            this._key = event.which;\n",
       "    }\n",
       "    if (name == 'key_release')\n",
       "        this._key = null;\n",
       "\n",
       "    var value = '';\n",
       "    if (event.ctrlKey && event.which != 17)\n",
       "        value += \"ctrl+\";\n",
       "    if (event.altKey && event.which != 18)\n",
       "        value += \"alt+\";\n",
       "    if (event.shiftKey && event.which != 16)\n",
       "        value += \"shift+\";\n",
       "\n",
       "    value += 'k';\n",
       "    value += event.which.toString();\n",
       "\n",
       "    this._key_event_extra(event, name);\n",
       "\n",
       "    this.send_message(name, {key: value,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onclick = function(name) {\n",
       "    if (name == 'download') {\n",
       "        this.handle_save(this, null);\n",
       "    } else {\n",
       "        this.send_message(\"toolbar_button\", {name: name});\n",
       "    }\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onmouseover = function(tooltip) {\n",
       "    this.message.textContent = tooltip;\n",
       "};\n",
       "mpl.toolbar_items = [[\"Home\", \"Reset original view\", \"fa fa-home icon-home\", \"home\"], [\"Back\", \"Back to previous view\", \"fa fa-arrow-left icon-arrow-left\", \"back\"], [\"Forward\", \"Forward to next view\", \"fa fa-arrow-right icon-arrow-right\", \"forward\"], [\"\", \"\", \"\", \"\"], [\"Pan\", \"Pan axes with left mouse, zoom with right\", \"fa fa-arrows icon-move\", \"pan\"], [\"Zoom\", \"Zoom to rectangle\", \"fa fa-square-o icon-check-empty\", \"zoom\"], [\"\", \"\", \"\", \"\"], [\"Download\", \"Download plot\", \"fa fa-floppy-o icon-save\", \"download\"]];\n",
       "\n",
       "mpl.extensions = [\"eps\", \"pdf\", \"png\", \"ps\", \"raw\", \"svg\"];\n",
       "\n",
       "mpl.default_extension = \"png\";var comm_websocket_adapter = function(comm) {\n",
       "    // Create a \"websocket\"-like object which calls the given IPython comm\n",
       "    // object with the appropriate methods. Currently this is a non binary\n",
       "    // socket, so there is still some room for performance tuning.\n",
       "    var ws = {};\n",
       "\n",
       "    ws.close = function() {\n",
       "        comm.close()\n",
       "    };\n",
       "    ws.send = function(m) {\n",
       "        //console.log('sending', m);\n",
       "        comm.send(m);\n",
       "    };\n",
       "    // Register the callback with on_msg.\n",
       "    comm.on_msg(function(msg) {\n",
       "        //console.log('receiving', msg['content']['data'], msg);\n",
       "        // Pass the mpl event to the overridden (by mpl) onmessage function.\n",
       "        ws.onmessage(msg['content']['data'])\n",
       "    });\n",
       "    return ws;\n",
       "}\n",
       "\n",
       "mpl.mpl_figure_comm = function(comm, msg) {\n",
       "    // This is the function which gets called when the mpl process\n",
       "    // starts-up an IPython Comm through the \"matplotlib\" channel.\n",
       "\n",
       "    var id = msg.content.data.id;\n",
       "    // Get hold of the div created by the display call when the Comm\n",
       "    // socket was opened in Python.\n",
       "    var element = $(\"#\" + id);\n",
       "    var ws_proxy = comm_websocket_adapter(comm)\n",
       "\n",
       "    function ondownload(figure, format) {\n",
       "        window.open(figure.imageObj.src);\n",
       "    }\n",
       "\n",
       "    var fig = new mpl.figure(id, ws_proxy,\n",
       "                           ondownload,\n",
       "                           element.get(0));\n",
       "\n",
       "    // Call onopen now - mpl needs it, as it is assuming we've passed it a real\n",
       "    // web socket which is closed, not our websocket->open comm proxy.\n",
       "    ws_proxy.onopen();\n",
       "\n",
       "    fig.parent_element = element.get(0);\n",
       "    fig.cell_info = mpl.find_output_cell(\"<div id='\" + id + \"'></div>\");\n",
       "    if (!fig.cell_info) {\n",
       "        console.error(\"Failed to find cell for figure\", id, fig);\n",
       "        return;\n",
       "    }\n",
       "\n",
       "    var output_index = fig.cell_info[2]\n",
       "    var cell = fig.cell_info[0];\n",
       "\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.handle_close = function(fig, msg) {\n",
       "    var width = fig.canvas.width/mpl.ratio\n",
       "    fig.root.unbind('remove')\n",
       "\n",
       "    // Update the output cell to use the data from the current canvas.\n",
       "    fig.push_to_output();\n",
       "    var dataURL = fig.canvas.toDataURL();\n",
       "    // Re-enable the keyboard manager in IPython - without this line, in FF,\n",
       "    // the notebook keyboard shortcuts fail.\n",
       "    IPython.keyboard_manager.enable()\n",
       "    $(fig.parent_element).html('<img src=\"' + dataURL + '\" width=\"' + width + '\">');\n",
       "    fig.close_ws(fig, msg);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.close_ws = function(fig, msg){\n",
       "    fig.send_message('closing', msg);\n",
       "    // fig.ws.close()\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.push_to_output = function(remove_interactive) {\n",
       "    // Turn the data on the canvas into data in the output cell.\n",
       "    var width = this.canvas.width/mpl.ratio\n",
       "    var dataURL = this.canvas.toDataURL();\n",
       "    this.cell_info[1]['text/html'] = '<img src=\"' + dataURL + '\" width=\"' + width + '\">';\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Tell IPython that the notebook contents must change.\n",
       "    IPython.notebook.set_dirty(true);\n",
       "    this.send_message(\"ack\", {});\n",
       "    var fig = this;\n",
       "    // Wait a second, then push the new image to the DOM so\n",
       "    // that it is saved nicely (might be nice to debounce this).\n",
       "    setTimeout(function () { fig.push_to_output() }, 1000);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items){\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) { continue; };\n",
       "\n",
       "        var button = $('<button class=\"btn btn-default\" href=\"#\" title=\"' + name + '\"><i class=\"fa ' + image + ' fa-lg\"></i></button>');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    // Add the status bar.\n",
       "    var status_bar = $('<span class=\"mpl-message\" style=\"text-align:right; float: right;\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "\n",
       "    // Add the close button to the window.\n",
       "    var buttongrp = $('<div class=\"btn-group inline pull-right\"></div>');\n",
       "    var button = $('<button class=\"btn btn-mini btn-primary\" href=\"#\" title=\"Stop Interaction\"><i class=\"fa fa-power-off icon-remove icon-large\"></i></button>');\n",
       "    button.click(function (evt) { fig.handle_close(fig, {}); } );\n",
       "    button.mouseover('Stop Interaction', toolbar_mouse_event);\n",
       "    buttongrp.append(button);\n",
       "    var titlebar = this.root.find($('.ui-dialog-titlebar'));\n",
       "    titlebar.prepend(buttongrp);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(el){\n",
       "    var fig = this\n",
       "    el.on(\"remove\", function(){\n",
       "\tfig.close_ws(fig, {});\n",
       "    });\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(el){\n",
       "    // this is important to make the div 'focusable\n",
       "    el.attr('tabindex', 0)\n",
       "    // reach out to IPython and tell the keyboard manager to turn it's self\n",
       "    // off when our div gets focus\n",
       "\n",
       "    // location in version 3\n",
       "    if (IPython.notebook.keyboard_manager) {\n",
       "        IPython.notebook.keyboard_manager.register_events(el);\n",
       "    }\n",
       "    else {\n",
       "        // location in version 2\n",
       "        IPython.keyboard_manager.register_events(el);\n",
       "    }\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    var manager = IPython.notebook.keyboard_manager;\n",
       "    if (!manager)\n",
       "        manager = IPython.keyboard_manager;\n",
       "\n",
       "    // Check for shift+enter\n",
       "    if (event.shiftKey && event.which == 13) {\n",
       "        this.canvas_div.blur();\n",
       "        event.shiftKey = false;\n",
       "        // Send a \"J\" for go to next cell\n",
       "        event.which = 74;\n",
       "        event.keyCode = 74;\n",
       "        manager.command_mode();\n",
       "        manager.handle_keydown(event);\n",
       "    }\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    fig.ondownload(fig, null);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.find_output_cell = function(html_output) {\n",
       "    // Return the cell and output element which can be found *uniquely* in the notebook.\n",
       "    // Note - this is a bit hacky, but it is done because the \"notebook_saving.Notebook\"\n",
       "    // IPython event is triggered only after the cells have been serialised, which for\n",
       "    // our purposes (turning an active figure into a static one), is too late.\n",
       "    var cells = IPython.notebook.get_cells();\n",
       "    var ncells = cells.length;\n",
       "    for (var i=0; i<ncells; i++) {\n",
       "        var cell = cells[i];\n",
       "        if (cell.cell_type === 'code'){\n",
       "            for (var j=0; j<cell.output_area.outputs.length; j++) {\n",
       "                var data = cell.output_area.outputs[j];\n",
       "                if (data.data) {\n",
       "                    // IPython >= 3 moved mimebundle to data attribute of output\n",
       "                    data = data.data;\n",
       "                }\n",
       "                if (data['text/html'] == html_output) {\n",
       "                    return [cell, data, j];\n",
       "                }\n",
       "            }\n",
       "        }\n",
       "    }\n",
       "}\n",
       "\n",
       "// Register the function which deals with the matplotlib target/channel.\n",
       "// The kernel may be null if the page has been refreshed.\n",
       "if (IPython.notebook.kernel != null) {\n",
       "    IPython.notebook.kernel.comm_manager.register_target('matplotlib', mpl.mpl_figure_comm);\n",
       "}\n"
      ],
      "text/plain": [
       "<IPython.core.display.Javascript object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "data": {
      "text/html": [
       "<img src=\"data:image/png;base64,\" width=\"640\">"
      ],
      "text/plain": [
       "<IPython.core.display.HTML object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "data": {
      "text/plain": [
       "[<matplotlib.lines.Line2D at 0x24d2af989b0>]"
      ]
     },
     "execution_count": 30,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "%matplotlib notebook\n",
    "\n",
    "\n",
    "Hn = np.fft.fft(houses[gws[0]][dates[0]]['power'])\n",
    "freq = freq = np.fft.fftfreq(len(houses[gws[0]][dates[0]]['power']), 10)\n",
    "ind = np.arange(1, int(len(houses[gws[0]][dates[0]]['power'])/2)+1 )\n",
    "\n",
    "psd = abs(Hn[ind])**2 + abs(Hn[-ind])**2\n",
    "\n",
    "fig, subplot = plt.subplots()\n",
    "subplot.plot(freq[ind], psd)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 31,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "application/javascript": [
       "/* Put everything inside the global mpl namespace */\n",
       "window.mpl = {};\n",
       "\n",
       "\n",
       "mpl.get_websocket_type = function() {\n",
       "    if (typeof(WebSocket) !== 'undefined') {\n",
       "        return WebSocket;\n",
       "    } else if (typeof(MozWebSocket) !== 'undefined') {\n",
       "        return MozWebSocket;\n",
       "    } else {\n",
       "        alert('Your browser does not have WebSocket support.' +\n",
       "              'Please try Chrome, Safari or Firefox ≥ 6. ' +\n",
       "              'Firefox 4 and 5 are also supported but you ' +\n",
       "              'have to enable WebSockets in about:config.');\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure = function(figure_id, websocket, ondownload, parent_element) {\n",
       "    this.id = figure_id;\n",
       "\n",
       "    this.ws = websocket;\n",
       "\n",
       "    this.supports_binary = (this.ws.binaryType != undefined);\n",
       "\n",
       "    if (!this.supports_binary) {\n",
       "        var warnings = document.getElementById(\"mpl-warnings\");\n",
       "        if (warnings) {\n",
       "            warnings.style.display = 'block';\n",
       "            warnings.textContent = (\n",
       "                \"This browser does not support binary websocket messages. \" +\n",
       "                    \"Performance may be slow.\");\n",
       "        }\n",
       "    }\n",
       "\n",
       "    this.imageObj = new Image();\n",
       "\n",
       "    this.context = undefined;\n",
       "    this.message = undefined;\n",
       "    this.canvas = undefined;\n",
       "    this.rubberband_canvas = undefined;\n",
       "    this.rubberband_context = undefined;\n",
       "    this.format_dropdown = undefined;\n",
       "\n",
       "    this.image_mode = 'full';\n",
       "\n",
       "    this.root = $('<div/>');\n",
       "    this._root_extra_style(this.root)\n",
       "    this.root.attr('style', 'display: inline-block');\n",
       "\n",
       "    $(parent_element).append(this.root);\n",
       "\n",
       "    this._init_header(this);\n",
       "    this._init_canvas(this);\n",
       "    this._init_toolbar(this);\n",
       "\n",
       "    var fig = this;\n",
       "\n",
       "    this.waiting = false;\n",
       "\n",
       "    this.ws.onopen =  function () {\n",
       "            fig.send_message(\"supports_binary\", {value: fig.supports_binary});\n",
       "            fig.send_message(\"send_image_mode\", {});\n",
       "            if (mpl.ratio != 1) {\n",
       "                fig.send_message(\"set_dpi_ratio\", {'dpi_ratio': mpl.ratio});\n",
       "            }\n",
       "            fig.send_message(\"refresh\", {});\n",
       "        }\n",
       "\n",
       "    this.imageObj.onload = function() {\n",
       "            if (fig.image_mode == 'full') {\n",
       "                // Full images could contain transparency (where diff images\n",
       "                // almost always do), so we need to clear the canvas so that\n",
       "                // there is no ghosting.\n",
       "                fig.context.clearRect(0, 0, fig.canvas.width, fig.canvas.height);\n",
       "            }\n",
       "            fig.context.drawImage(fig.imageObj, 0, 0);\n",
       "        };\n",
       "\n",
       "    this.imageObj.onunload = function() {\n",
       "        fig.ws.close();\n",
       "    }\n",
       "\n",
       "    this.ws.onmessage = this._make_on_message_function(this);\n",
       "\n",
       "    this.ondownload = ondownload;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_header = function() {\n",
       "    var titlebar = $(\n",
       "        '<div class=\"ui-dialog-titlebar ui-widget-header ui-corner-all ' +\n",
       "        'ui-helper-clearfix\"/>');\n",
       "    var titletext = $(\n",
       "        '<div class=\"ui-dialog-title\" style=\"width: 100%; ' +\n",
       "        'text-align: center; padding: 3px;\"/>');\n",
       "    titlebar.append(titletext)\n",
       "    this.root.append(titlebar);\n",
       "    this.header = titletext[0];\n",
       "}\n",
       "\n",
       "\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(canvas_div) {\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_canvas = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var canvas_div = $('<div/>');\n",
       "\n",
       "    canvas_div.attr('style', 'position: relative; clear: both; outline: 0');\n",
       "\n",
       "    function canvas_keyboard_event(event) {\n",
       "        return fig.key_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    canvas_div.keydown('key_press', canvas_keyboard_event);\n",
       "    canvas_div.keyup('key_release', canvas_keyboard_event);\n",
       "    this.canvas_div = canvas_div\n",
       "    this._canvas_extra_style(canvas_div)\n",
       "    this.root.append(canvas_div);\n",
       "\n",
       "    var canvas = $('<canvas/>');\n",
       "    canvas.addClass('mpl-canvas');\n",
       "    canvas.attr('style', \"left: 0; top: 0; z-index: 0; outline: 0\")\n",
       "\n",
       "    this.canvas = canvas[0];\n",
       "    this.context = canvas[0].getContext(\"2d\");\n",
       "\n",
       "    var backingStore = this.context.backingStorePixelRatio ||\n",
       "\tthis.context.webkitBackingStorePixelRatio ||\n",
       "\tthis.context.mozBackingStorePixelRatio ||\n",
       "\tthis.context.msBackingStorePixelRatio ||\n",
       "\tthis.context.oBackingStorePixelRatio ||\n",
       "\tthis.context.backingStorePixelRatio || 1;\n",
       "\n",
       "    mpl.ratio = (window.devicePixelRatio || 1) / backingStore;\n",
       "\n",
       "    var rubberband = $('<canvas/>');\n",
       "    rubberband.attr('style', \"position: absolute; left: 0; top: 0; z-index: 1;\")\n",
       "\n",
       "    var pass_mouse_events = true;\n",
       "\n",
       "    canvas_div.resizable({\n",
       "        start: function(event, ui) {\n",
       "            pass_mouse_events = false;\n",
       "        },\n",
       "        resize: function(event, ui) {\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "        stop: function(event, ui) {\n",
       "            pass_mouse_events = true;\n",
       "            fig.request_resize(ui.size.width, ui.size.height);\n",
       "        },\n",
       "    });\n",
       "\n",
       "    function mouse_event_fn(event) {\n",
       "        if (pass_mouse_events)\n",
       "            return fig.mouse_event(event, event['data']);\n",
       "    }\n",
       "\n",
       "    rubberband.mousedown('button_press', mouse_event_fn);\n",
       "    rubberband.mouseup('button_release', mouse_event_fn);\n",
       "    // Throttle sequential mouse events to 1 every 20ms.\n",
       "    rubberband.mousemove('motion_notify', mouse_event_fn);\n",
       "\n",
       "    rubberband.mouseenter('figure_enter', mouse_event_fn);\n",
       "    rubberband.mouseleave('figure_leave', mouse_event_fn);\n",
       "\n",
       "    canvas_div.on(\"wheel\", function (event) {\n",
       "        event = event.originalEvent;\n",
       "        event['data'] = 'scroll'\n",
       "        if (event.deltaY < 0) {\n",
       "            event.step = 1;\n",
       "        } else {\n",
       "            event.step = -1;\n",
       "        }\n",
       "        mouse_event_fn(event);\n",
       "    });\n",
       "\n",
       "    canvas_div.append(canvas);\n",
       "    canvas_div.append(rubberband);\n",
       "\n",
       "    this.rubberband = rubberband;\n",
       "    this.rubberband_canvas = rubberband[0];\n",
       "    this.rubberband_context = rubberband[0].getContext(\"2d\");\n",
       "    this.rubberband_context.strokeStyle = \"#000000\";\n",
       "\n",
       "    this._resize_canvas = function(width, height) {\n",
       "        // Keep the size of the canvas, canvas container, and rubber band\n",
       "        // canvas in synch.\n",
       "        canvas_div.css('width', width)\n",
       "        canvas_div.css('height', height)\n",
       "\n",
       "        canvas.attr('width', width * mpl.ratio);\n",
       "        canvas.attr('height', height * mpl.ratio);\n",
       "        canvas.attr('style', 'width: ' + width + 'px; height: ' + height + 'px;');\n",
       "\n",
       "        rubberband.attr('width', width);\n",
       "        rubberband.attr('height', height);\n",
       "    }\n",
       "\n",
       "    // Set the figure to an initial 600x600px, this will subsequently be updated\n",
       "    // upon first draw.\n",
       "    this._resize_canvas(600, 600);\n",
       "\n",
       "    // Disable right mouse context menu.\n",
       "    $(this.rubberband_canvas).bind(\"contextmenu\",function(e){\n",
       "        return false;\n",
       "    });\n",
       "\n",
       "    function set_focus () {\n",
       "        canvas.focus();\n",
       "        canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    window.setTimeout(set_focus, 100);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items) {\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) {\n",
       "            // put a spacer in here.\n",
       "            continue;\n",
       "        }\n",
       "        var button = $('<button/>');\n",
       "        button.addClass('ui-button ui-widget ui-state-default ui-corner-all ' +\n",
       "                        'ui-button-icon-only');\n",
       "        button.attr('role', 'button');\n",
       "        button.attr('aria-disabled', 'false');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "\n",
       "        var icon_img = $('<span/>');\n",
       "        icon_img.addClass('ui-button-icon-primary ui-icon');\n",
       "        icon_img.addClass(image);\n",
       "        icon_img.addClass('ui-corner-all');\n",
       "\n",
       "        var tooltip_span = $('<span/>');\n",
       "        tooltip_span.addClass('ui-button-text');\n",
       "        tooltip_span.html(tooltip);\n",
       "\n",
       "        button.append(icon_img);\n",
       "        button.append(tooltip_span);\n",
       "\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    var fmt_picker_span = $('<span/>');\n",
       "\n",
       "    var fmt_picker = $('<select/>');\n",
       "    fmt_picker.addClass('mpl-toolbar-option ui-widget ui-widget-content');\n",
       "    fmt_picker_span.append(fmt_picker);\n",
       "    nav_element.append(fmt_picker_span);\n",
       "    this.format_dropdown = fmt_picker[0];\n",
       "\n",
       "    for (var ind in mpl.extensions) {\n",
       "        var fmt = mpl.extensions[ind];\n",
       "        var option = $(\n",
       "            '<option/>', {selected: fmt === mpl.default_extension}).html(fmt);\n",
       "        fmt_picker.append(option)\n",
       "    }\n",
       "\n",
       "    // Add hover states to the ui-buttons\n",
       "    $( \".ui-button\" ).hover(\n",
       "        function() { $(this).addClass(\"ui-state-hover\");},\n",
       "        function() { $(this).removeClass(\"ui-state-hover\");}\n",
       "    );\n",
       "\n",
       "    var status_bar = $('<span class=\"mpl-message\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.request_resize = function(x_pixels, y_pixels) {\n",
       "    // Request matplotlib to resize the figure. Matplotlib will then trigger a resize in the client,\n",
       "    // which will in turn request a refresh of the image.\n",
       "    this.send_message('resize', {'width': x_pixels, 'height': y_pixels});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_message = function(type, properties) {\n",
       "    properties['type'] = type;\n",
       "    properties['figure_id'] = this.id;\n",
       "    this.ws.send(JSON.stringify(properties));\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.send_draw_message = function() {\n",
       "    if (!this.waiting) {\n",
       "        this.waiting = true;\n",
       "        this.ws.send(JSON.stringify({type: \"draw\", figure_id: this.id}));\n",
       "    }\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    var format_dropdown = fig.format_dropdown;\n",
       "    var format = format_dropdown.options[format_dropdown.selectedIndex].value;\n",
       "    fig.ondownload(fig, format);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.figure.prototype.handle_resize = function(fig, msg) {\n",
       "    var size = msg['size'];\n",
       "    if (size[0] != fig.canvas.width || size[1] != fig.canvas.height) {\n",
       "        fig._resize_canvas(size[0], size[1]);\n",
       "        fig.send_message(\"refresh\", {});\n",
       "    };\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_rubberband = function(fig, msg) {\n",
       "    var x0 = msg['x0'] / mpl.ratio;\n",
       "    var y0 = (fig.canvas.height - msg['y0']) / mpl.ratio;\n",
       "    var x1 = msg['x1'] / mpl.ratio;\n",
       "    var y1 = (fig.canvas.height - msg['y1']) / mpl.ratio;\n",
       "    x0 = Math.floor(x0) + 0.5;\n",
       "    y0 = Math.floor(y0) + 0.5;\n",
       "    x1 = Math.floor(x1) + 0.5;\n",
       "    y1 = Math.floor(y1) + 0.5;\n",
       "    var min_x = Math.min(x0, x1);\n",
       "    var min_y = Math.min(y0, y1);\n",
       "    var width = Math.abs(x1 - x0);\n",
       "    var height = Math.abs(y1 - y0);\n",
       "\n",
       "    fig.rubberband_context.clearRect(\n",
       "        0, 0, fig.canvas.width, fig.canvas.height);\n",
       "\n",
       "    fig.rubberband_context.strokeRect(min_x, min_y, width, height);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_figure_label = function(fig, msg) {\n",
       "    // Updates the figure title.\n",
       "    fig.header.textContent = msg['label'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_cursor = function(fig, msg) {\n",
       "    var cursor = msg['cursor'];\n",
       "    switch(cursor)\n",
       "    {\n",
       "    case 0:\n",
       "        cursor = 'pointer';\n",
       "        break;\n",
       "    case 1:\n",
       "        cursor = 'default';\n",
       "        break;\n",
       "    case 2:\n",
       "        cursor = 'crosshair';\n",
       "        break;\n",
       "    case 3:\n",
       "        cursor = 'move';\n",
       "        break;\n",
       "    }\n",
       "    fig.rubberband_canvas.style.cursor = cursor;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_message = function(fig, msg) {\n",
       "    fig.message.textContent = msg['message'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_draw = function(fig, msg) {\n",
       "    // Request the server to send over a new figure.\n",
       "    fig.send_draw_message();\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_image_mode = function(fig, msg) {\n",
       "    fig.image_mode = msg['mode'];\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Called whenever the canvas gets updated.\n",
       "    this.send_message(\"ack\", {});\n",
       "}\n",
       "\n",
       "// A function to construct a web socket function for onmessage handling.\n",
       "// Called in the figure constructor.\n",
       "mpl.figure.prototype._make_on_message_function = function(fig) {\n",
       "    return function socket_on_message(evt) {\n",
       "        if (evt.data instanceof Blob) {\n",
       "            /* FIXME: We get \"Resource interpreted as Image but\n",
       "             * transferred with MIME type text/plain:\" errors on\n",
       "             * Chrome.  But how to set the MIME type?  It doesn't seem\n",
       "             * to be part of the websocket stream */\n",
       "            evt.data.type = \"image/png\";\n",
       "\n",
       "            /* Free the memory for the previous frames */\n",
       "            if (fig.imageObj.src) {\n",
       "                (window.URL || window.webkitURL).revokeObjectURL(\n",
       "                    fig.imageObj.src);\n",
       "            }\n",
       "\n",
       "            fig.imageObj.src = (window.URL || window.webkitURL).createObjectURL(\n",
       "                evt.data);\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "        else if (typeof evt.data === 'string' && evt.data.slice(0, 21) == \"data:image/png;base64\") {\n",
       "            fig.imageObj.src = evt.data;\n",
       "            fig.updated_canvas_event();\n",
       "            fig.waiting = false;\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        var msg = JSON.parse(evt.data);\n",
       "        var msg_type = msg['type'];\n",
       "\n",
       "        // Call the  \"handle_{type}\" callback, which takes\n",
       "        // the figure and JSON message as its only arguments.\n",
       "        try {\n",
       "            var callback = fig[\"handle_\" + msg_type];\n",
       "        } catch (e) {\n",
       "            console.log(\"No handler for the '\" + msg_type + \"' message type: \", msg);\n",
       "            return;\n",
       "        }\n",
       "\n",
       "        if (callback) {\n",
       "            try {\n",
       "                // console.log(\"Handling '\" + msg_type + \"' message: \", msg);\n",
       "                callback(fig, msg);\n",
       "            } catch (e) {\n",
       "                console.log(\"Exception inside the 'handler_\" + msg_type + \"' callback:\", e, e.stack, msg);\n",
       "            }\n",
       "        }\n",
       "    };\n",
       "}\n",
       "\n",
       "// from http://stackoverflow.com/questions/1114465/getting-mouse-location-in-canvas\n",
       "mpl.findpos = function(e) {\n",
       "    //this section is from http://www.quirksmode.org/js/events_properties.html\n",
       "    var targ;\n",
       "    if (!e)\n",
       "        e = window.event;\n",
       "    if (e.target)\n",
       "        targ = e.target;\n",
       "    else if (e.srcElement)\n",
       "        targ = e.srcElement;\n",
       "    if (targ.nodeType == 3) // defeat Safari bug\n",
       "        targ = targ.parentNode;\n",
       "\n",
       "    // jQuery normalizes the pageX and pageY\n",
       "    // pageX,Y are the mouse positions relative to the document\n",
       "    // offset() returns the position of the element relative to the document\n",
       "    var x = e.pageX - $(targ).offset().left;\n",
       "    var y = e.pageY - $(targ).offset().top;\n",
       "\n",
       "    return {\"x\": x, \"y\": y};\n",
       "};\n",
       "\n",
       "/*\n",
       " * return a copy of an object with only non-object keys\n",
       " * we need this to avoid circular references\n",
       " * http://stackoverflow.com/a/24161582/3208463\n",
       " */\n",
       "function simpleKeys (original) {\n",
       "  return Object.keys(original).reduce(function (obj, key) {\n",
       "    if (typeof original[key] !== 'object')\n",
       "        obj[key] = original[key]\n",
       "    return obj;\n",
       "  }, {});\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.mouse_event = function(event, name) {\n",
       "    var canvas_pos = mpl.findpos(event)\n",
       "\n",
       "    if (name === 'button_press')\n",
       "    {\n",
       "        this.canvas.focus();\n",
       "        this.canvas_div.focus();\n",
       "    }\n",
       "\n",
       "    var x = canvas_pos.x * mpl.ratio;\n",
       "    var y = canvas_pos.y * mpl.ratio;\n",
       "\n",
       "    this.send_message(name, {x: x, y: y, button: event.button,\n",
       "                             step: event.step,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "\n",
       "    /* This prevents the web browser from automatically changing to\n",
       "     * the text insertion cursor when the button is pressed.  We want\n",
       "     * to control all of the cursor setting manually through the\n",
       "     * 'cursor' event from matplotlib */\n",
       "    event.preventDefault();\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    // Handle any extra behaviour associated with a key event\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.key_event = function(event, name) {\n",
       "\n",
       "    // Prevent repeat events\n",
       "    if (name == 'key_press')\n",
       "    {\n",
       "        if (event.which === this._key)\n",
       "            return;\n",
       "        else\n",
       "            this._key = event.which;\n",
       "    }\n",
       "    if (name == 'key_release')\n",
       "        this._key = null;\n",
       "\n",
       "    var value = '';\n",
       "    if (event.ctrlKey && event.which != 17)\n",
       "        value += \"ctrl+\";\n",
       "    if (event.altKey && event.which != 18)\n",
       "        value += \"alt+\";\n",
       "    if (event.shiftKey && event.which != 16)\n",
       "        value += \"shift+\";\n",
       "\n",
       "    value += 'k';\n",
       "    value += event.which.toString();\n",
       "\n",
       "    this._key_event_extra(event, name);\n",
       "\n",
       "    this.send_message(name, {key: value,\n",
       "                             guiEvent: simpleKeys(event)});\n",
       "    return false;\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onclick = function(name) {\n",
       "    if (name == 'download') {\n",
       "        this.handle_save(this, null);\n",
       "    } else {\n",
       "        this.send_message(\"toolbar_button\", {name: name});\n",
       "    }\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.toolbar_button_onmouseover = function(tooltip) {\n",
       "    this.message.textContent = tooltip;\n",
       "};\n",
       "mpl.toolbar_items = [[\"Home\", \"Reset original view\", \"fa fa-home icon-home\", \"home\"], [\"Back\", \"Back to previous view\", \"fa fa-arrow-left icon-arrow-left\", \"back\"], [\"Forward\", \"Forward to next view\", \"fa fa-arrow-right icon-arrow-right\", \"forward\"], [\"\", \"\", \"\", \"\"], [\"Pan\", \"Pan axes with left mouse, zoom with right\", \"fa fa-arrows icon-move\", \"pan\"], [\"Zoom\", \"Zoom to rectangle\", \"fa fa-square-o icon-check-empty\", \"zoom\"], [\"\", \"\", \"\", \"\"], [\"Download\", \"Download plot\", \"fa fa-floppy-o icon-save\", \"download\"]];\n",
       "\n",
       "mpl.extensions = [\"eps\", \"pdf\", \"png\", \"ps\", \"raw\", \"svg\"];\n",
       "\n",
       "mpl.default_extension = \"png\";var comm_websocket_adapter = function(comm) {\n",
       "    // Create a \"websocket\"-like object which calls the given IPython comm\n",
       "    // object with the appropriate methods. Currently this is a non binary\n",
       "    // socket, so there is still some room for performance tuning.\n",
       "    var ws = {};\n",
       "\n",
       "    ws.close = function() {\n",
       "        comm.close()\n",
       "    };\n",
       "    ws.send = function(m) {\n",
       "        //console.log('sending', m);\n",
       "        comm.send(m);\n",
       "    };\n",
       "    // Register the callback with on_msg.\n",
       "    comm.on_msg(function(msg) {\n",
       "        //console.log('receiving', msg['content']['data'], msg);\n",
       "        // Pass the mpl event to the overridden (by mpl) onmessage function.\n",
       "        ws.onmessage(msg['content']['data'])\n",
       "    });\n",
       "    return ws;\n",
       "}\n",
       "\n",
       "mpl.mpl_figure_comm = function(comm, msg) {\n",
       "    // This is the function which gets called when the mpl process\n",
       "    // starts-up an IPython Comm through the \"matplotlib\" channel.\n",
       "\n",
       "    var id = msg.content.data.id;\n",
       "    // Get hold of the div created by the display call when the Comm\n",
       "    // socket was opened in Python.\n",
       "    var element = $(\"#\" + id);\n",
       "    var ws_proxy = comm_websocket_adapter(comm)\n",
       "\n",
       "    function ondownload(figure, format) {\n",
       "        window.open(figure.imageObj.src);\n",
       "    }\n",
       "\n",
       "    var fig = new mpl.figure(id, ws_proxy,\n",
       "                           ondownload,\n",
       "                           element.get(0));\n",
       "\n",
       "    // Call onopen now - mpl needs it, as it is assuming we've passed it a real\n",
       "    // web socket which is closed, not our websocket->open comm proxy.\n",
       "    ws_proxy.onopen();\n",
       "\n",
       "    fig.parent_element = element.get(0);\n",
       "    fig.cell_info = mpl.find_output_cell(\"<div id='\" + id + \"'></div>\");\n",
       "    if (!fig.cell_info) {\n",
       "        console.error(\"Failed to find cell for figure\", id, fig);\n",
       "        return;\n",
       "    }\n",
       "\n",
       "    var output_index = fig.cell_info[2]\n",
       "    var cell = fig.cell_info[0];\n",
       "\n",
       "};\n",
       "\n",
       "mpl.figure.prototype.handle_close = function(fig, msg) {\n",
       "    var width = fig.canvas.width/mpl.ratio\n",
       "    fig.root.unbind('remove')\n",
       "\n",
       "    // Update the output cell to use the data from the current canvas.\n",
       "    fig.push_to_output();\n",
       "    var dataURL = fig.canvas.toDataURL();\n",
       "    // Re-enable the keyboard manager in IPython - without this line, in FF,\n",
       "    // the notebook keyboard shortcuts fail.\n",
       "    IPython.keyboard_manager.enable()\n",
       "    $(fig.parent_element).html('<img src=\"' + dataURL + '\" width=\"' + width + '\">');\n",
       "    fig.close_ws(fig, msg);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.close_ws = function(fig, msg){\n",
       "    fig.send_message('closing', msg);\n",
       "    // fig.ws.close()\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.push_to_output = function(remove_interactive) {\n",
       "    // Turn the data on the canvas into data in the output cell.\n",
       "    var width = this.canvas.width/mpl.ratio\n",
       "    var dataURL = this.canvas.toDataURL();\n",
       "    this.cell_info[1]['text/html'] = '<img src=\"' + dataURL + '\" width=\"' + width + '\">';\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.updated_canvas_event = function() {\n",
       "    // Tell IPython that the notebook contents must change.\n",
       "    IPython.notebook.set_dirty(true);\n",
       "    this.send_message(\"ack\", {});\n",
       "    var fig = this;\n",
       "    // Wait a second, then push the new image to the DOM so\n",
       "    // that it is saved nicely (might be nice to debounce this).\n",
       "    setTimeout(function () { fig.push_to_output() }, 1000);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._init_toolbar = function() {\n",
       "    var fig = this;\n",
       "\n",
       "    var nav_element = $('<div/>')\n",
       "    nav_element.attr('style', 'width: 100%');\n",
       "    this.root.append(nav_element);\n",
       "\n",
       "    // Define a callback function for later on.\n",
       "    function toolbar_event(event) {\n",
       "        return fig.toolbar_button_onclick(event['data']);\n",
       "    }\n",
       "    function toolbar_mouse_event(event) {\n",
       "        return fig.toolbar_button_onmouseover(event['data']);\n",
       "    }\n",
       "\n",
       "    for(var toolbar_ind in mpl.toolbar_items){\n",
       "        var name = mpl.toolbar_items[toolbar_ind][0];\n",
       "        var tooltip = mpl.toolbar_items[toolbar_ind][1];\n",
       "        var image = mpl.toolbar_items[toolbar_ind][2];\n",
       "        var method_name = mpl.toolbar_items[toolbar_ind][3];\n",
       "\n",
       "        if (!name) { continue; };\n",
       "\n",
       "        var button = $('<button class=\"btn btn-default\" href=\"#\" title=\"' + name + '\"><i class=\"fa ' + image + ' fa-lg\"></i></button>');\n",
       "        button.click(method_name, toolbar_event);\n",
       "        button.mouseover(tooltip, toolbar_mouse_event);\n",
       "        nav_element.append(button);\n",
       "    }\n",
       "\n",
       "    // Add the status bar.\n",
       "    var status_bar = $('<span class=\"mpl-message\" style=\"text-align:right; float: right;\"/>');\n",
       "    nav_element.append(status_bar);\n",
       "    this.message = status_bar[0];\n",
       "\n",
       "    // Add the close button to the window.\n",
       "    var buttongrp = $('<div class=\"btn-group inline pull-right\"></div>');\n",
       "    var button = $('<button class=\"btn btn-mini btn-primary\" href=\"#\" title=\"Stop Interaction\"><i class=\"fa fa-power-off icon-remove icon-large\"></i></button>');\n",
       "    button.click(function (evt) { fig.handle_close(fig, {}); } );\n",
       "    button.mouseover('Stop Interaction', toolbar_mouse_event);\n",
       "    buttongrp.append(button);\n",
       "    var titlebar = this.root.find($('.ui-dialog-titlebar'));\n",
       "    titlebar.prepend(buttongrp);\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._root_extra_style = function(el){\n",
       "    var fig = this\n",
       "    el.on(\"remove\", function(){\n",
       "\tfig.close_ws(fig, {});\n",
       "    });\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._canvas_extra_style = function(el){\n",
       "    // this is important to make the div 'focusable\n",
       "    el.attr('tabindex', 0)\n",
       "    // reach out to IPython and tell the keyboard manager to turn it's self\n",
       "    // off when our div gets focus\n",
       "\n",
       "    // location in version 3\n",
       "    if (IPython.notebook.keyboard_manager) {\n",
       "        IPython.notebook.keyboard_manager.register_events(el);\n",
       "    }\n",
       "    else {\n",
       "        // location in version 2\n",
       "        IPython.keyboard_manager.register_events(el);\n",
       "    }\n",
       "\n",
       "}\n",
       "\n",
       "mpl.figure.prototype._key_event_extra = function(event, name) {\n",
       "    var manager = IPython.notebook.keyboard_manager;\n",
       "    if (!manager)\n",
       "        manager = IPython.keyboard_manager;\n",
       "\n",
       "    // Check for shift+enter\n",
       "    if (event.shiftKey && event.which == 13) {\n",
       "        this.canvas_div.blur();\n",
       "        event.shiftKey = false;\n",
       "        // Send a \"J\" for go to next cell\n",
       "        event.which = 74;\n",
       "        event.keyCode = 74;\n",
       "        manager.command_mode();\n",
       "        manager.handle_keydown(event);\n",
       "    }\n",
       "}\n",
       "\n",
       "mpl.figure.prototype.handle_save = function(fig, msg) {\n",
       "    fig.ondownload(fig, null);\n",
       "}\n",
       "\n",
       "\n",
       "mpl.find_output_cell = function(html_output) {\n",
       "    // Return the cell and output element which can be found *uniquely* in the notebook.\n",
       "    // Note - this is a bit hacky, but it is done because the \"notebook_saving.Notebook\"\n",
       "    // IPython event is triggered only after the cells have been serialised, which for\n",
       "    // our purposes (turning an active figure into a static one), is too late.\n",
       "    var cells = IPython.notebook.get_cells();\n",
       "    var ncells = cells.length;\n",
       "    for (var i=0; i<ncells; i++) {\n",
       "        var cell = cells[i];\n",
       "        if (cell.cell_type === 'code'){\n",
       "            for (var j=0; j<cell.output_area.outputs.length; j++) {\n",
       "                var data = cell.output_area.outputs[j];\n",
       "                if (data.data) {\n",
       "                    // IPython >= 3 moved mimebundle to data attribute of output\n",
       "                    data = data.data;\n",
       "                }\n",
       "                if (data['text/html'] == html_output) {\n",
       "                    return [cell, data, j];\n",
       "                }\n",
       "            }\n",
       "        }\n",
       "    }\n",
       "}\n",
       "\n",
       "// Register the function which deals with the matplotlib target/channel.\n",
       "// The kernel may be null if the page has been refreshed.\n",
       "if (IPython.notebook.kernel != null) {\n",
       "    IPython.notebook.kernel.comm_manager.register_target('matplotlib', mpl.mpl_figure_comm);\n",
       "}\n"
      ],
      "text/plain": [
       "<IPython.core.display.Javascript object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    },
    {
     "data": {
      "text/html": [
       "<img src=\"data:image/png;base64,\" width=\"640\">"
      ],
      "text/plain": [
       "<IPython.core.display.HTML object>"
      ]
     },
     "metadata": {},
     "output_type": "display_data"
    }
   ],
   "source": [
    "fig, axes = plt.subplots(nrows=n_houses,ncols=n_dates, sharey=True, sharex=True)\n",
    "for i in range(n_houses):\n",
    "    for j in range(n_dates):\n",
    "        Hn = np.fft.fft(houses[gws[i]][dates[j]]['power'])\n",
    "        freq = np.fft.fftfreq(len(houses[gws[i]][dates[j]]['power']), 10)\n",
    "        ind = np.arange(1, int(len(houses[gws[i]][dates[j]]['power'])/2)+1 )\n",
    "\n",
    "        psd = abs(Hn[ind])**2 + abs(Hn[-ind])**2\n",
    "        \n",
    "        axes[i,j].plot(freq[ind], psd)\n",
    "        \n",
    "        axes[i,j].set_title(\"{}\\n{}\".format(str(gws[i]), str(dates[j])  ))\n",
    "        axes[i,j].set_xlabel(\"Frequencies\")\n",
    "\n",
    "fig.tight_layout()      \n",
    "plt.show()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  },
  {
   "cell_type": "code",
   "execution_count": 24,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "-440955.43087246624 -608089.2590009829\n"
     ]
    }
   ],
   "source": [
    "print(Hn[1].real, Hn[1].imag)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/Correlation.ipynb

{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 26,
   "metadata": {},
   "outputs": [],
   "source": [
    "from scipy.stats import pearsonr, spearmanr\n",
    "from math import sqrt\n",
    "import numpy as np\n",
    "import pandas as pd\n",
    "import matplotlib.pyplot as plt\n",
    "import random\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 27,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/plain": [
       "0.9819805060619659"
      ]
     },
     "execution_count": 27,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "corr = pearsonr([1,2,3], [2,4,5])[0]\n",
    "corr"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 28,
   "metadata": {},
   "outputs": [],
   "source": [
    "def my_pearson(x, y):\n",
    "    x_avg = sum(x)/len(x)\n",
    "    y_avg = sum(y)/len(y)\n",
    "    \n",
    "    nominator = 0\n",
    "    denom_x = 0\n",
    "    denom_y = 0\n",
    "    for i in range(len(x)):\n",
    "        nominator +=  (x[i]-x_avg)*(y[i]-y_avg)\n",
    "        denom_x +=(x[i]-x_avg)**2\n",
    "        denom_y += (y[i]-y_avg)**2\n",
    "    return nominator/(sqrt(denom_x)*sqrt(denom_y))\n",
    "    "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 29,
   "metadata": {},
   "outputs": [],
   "source": [
    "dataset = pd.read_csv(\"dataset_1hr_res.csv\")"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "text/html": [
       "<div>\n",
       "<style scoped>\n",
       "    .dataframe tbody tr th:only-of-type {\n",
       "        vertical-align: middle;\n",
       "    }\n",
       "\n",
       "    .dataframe tbody tr th {\n",
       "        vertical-align: top;\n",
       "    }\n",
       "\n",
       "    .dataframe thead th {\n",
       "        text-align: right;\n",
       "    }\n",
       "</style>\n",
       "<table border=\"1\" class=\"dataframe\">\n",
       "  <thead>\n",
       "    <tr style=\"text-align: right;\">\n",
       "      <th></th>\n",
       "      <th>house</th>\n",
       "      <th>timestamp</th>\n",
       "      <th>day_of_week</th>\n",
       "      <th>weekend</th>\n",
       "      <th>hour_of_day</th>\n",
       "      <th>temperature</th>\n",
       "      <th>apparentTemperature</th>\n",
       "      <th>dew_point</th>\n",
       "      <th>cloud_cover</th>\n",
       "      <th>humidity</th>\n",
       "      <th>ld_prev_hour</th>\n",
       "      <th>ld_prev_2hour</th>\n",
       "      <th>ld_prev_3hour</th>\n",
       "      <th>ld_prev_day_same_hr</th>\n",
       "      <th>ld_prev_week_same_hr</th>\n",
       "      <th>ld_prev_day</th>\n",
       "      <th>ld_prev_week</th>\n",
       "      <th>load</th>\n",
       "    </tr>\n",
       "  </thead>\n",
       "  <tbody>\n",
       "    <tr>\n",
       "      <th>0</th>\n",
       "      <td>gw_0</td>\n",
       "      <td>1.486483e+09</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>17</td>\n",
       "      <td>-2.58</td>\n",
       "      <td>-7.92</td>\n",
       "      <td>-10.76</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.53</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>4960.589820</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>1</th>\n",
       "      <td>gw_0</td>\n",
       "      <td>1.486487e+09</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>18</td>\n",
       "      <td>-3.36</td>\n",
       "      <td>-7.80</td>\n",
       "      <td>-11.93</td>\n",
       "      <td>0.19</td>\n",
       "      <td>0.51</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>4300.537604</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>2</th>\n",
       "      <td>gw_0</td>\n",
       "      <td>1.486490e+09</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>19</td>\n",
       "      <td>-3.96</td>\n",
       "      <td>-8.94</td>\n",
       "      <td>-12.38</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.52</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>3629.908078</td>\n",
       "      <td>3629.908078</td>\n",
       "      <td>3629.908078</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3629.908078</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>3</th>\n",
       "      <td>gw_0</td>\n",
       "      <td>1.486494e+09</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>20</td>\n",
       "      <td>-3.94</td>\n",
       "      <td>-7.90</td>\n",
       "      <td>-12.61</td>\n",
       "      <td>NaN</td>\n",
       "      <td>0.51</td>\n",
       "      <td>3629.908078</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4960.589820</td>\n",
       "      <td>2451.688022</td>\n",
       "      <td>2451.688022</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>2451.688022</td>\n",
       "    </tr>\n",
       "    <tr>\n",
       "      <th>4</th>\n",
       "      <td>gw_0</td>\n",
       "      <td>1.486498e+09</td>\n",
       "      <td>1</td>\n",
       "      <td>0</td>\n",
       "      <td>21</td>\n",
       "      <td>-4.08</td>\n",
       "      <td>-9.53</td>\n",
       "      <td>-12.78</td>\n",
       "      <td>0.00</td>\n",
       "      <td>0.51</td>\n",
       "      <td>2451.688022</td>\n",
       "      <td>3629.908078</td>\n",
       "      <td>4300.537604</td>\n",
       "      <td>4091.637883</td>\n",
       "      <td>4091.637883</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>3898.363603</td>\n",
       "      <td>4091.637883</td>\n",
       "    </tr>\n",
       "  </tbody>\n",
       "</table>\n",
       "</div>"
      ],
      "text/plain": [
       "  house     timestamp  day_of_week  weekend  hour_of_day  temperature  \\\n",
       "0  gw_0  1.486483e+09            1        0           17        -2.58   \n",
       "1  gw_0  1.486487e+09            1        0           18        -3.36   \n",
       "2  gw_0  1.486490e+09            1        0           19        -3.96   \n",
       "3  gw_0  1.486494e+09            1        0           20        -3.94   \n",
       "4  gw_0  1.486498e+09            1        0           21        -4.08   \n",
       "\n",
       "   apparentTemperature  dew_point  cloud_cover  humidity  ld_prev_hour  \\\n",
       "0                -7.92     -10.76         0.19      0.53   4960.589820   \n",
       "1                -7.80     -11.93         0.19      0.51   4960.589820   \n",
       "2                -8.94     -12.38         0.00      0.52   4300.537604   \n",
       "3                -7.90     -12.61          NaN      0.51   3629.908078   \n",
       "4                -9.53     -12.78         0.00      0.51   2451.688022   \n",
       "\n",
       "   ld_prev_2hour  ld_prev_3hour  ld_prev_day_same_hr  ld_prev_week_same_hr  \\\n",
       "0    4960.589820    4960.589820          4960.589820           4960.589820   \n",
       "1    4300.537604    4300.537604          4300.537604           4300.537604   \n",
       "2    4960.589820    3629.908078          3629.908078           3629.908078   \n",
       "3    4300.537604    4960.589820          2451.688022           2451.688022   \n",
       "4    3629.908078    4300.537604          4091.637883           4091.637883   \n",
       "\n",
       "   ld_prev_day  ld_prev_week         load  \n",
       "0  3898.363603   3898.363603  4960.589820  \n",
       "1  3898.363603   3898.363603  4300.537604  \n",
       "2  3898.363603   3898.363603  3629.908078  \n",
       "3  3898.363603   3898.363603  2451.688022  \n",
       "4  3898.363603   3898.363603  4091.637883  "
      ]
     },
     "execution_count": 30,
     "metadata": {},
     "output_type": "execute_result"
    }
   ],
   "source": [
    "dataset.head()"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 31,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "gw_51 0.19624248747734824\n",
      "gw_18 0.5490469515473756\n",
      "gw_25 0.4833376590312506\n",
      "gw_23 0.11117208109644448\n",
      "gw_42 0.2036813163129652\n",
      "gw_5 0.2195653844493497\n",
      "gw_55 0.6534869675495981\n",
      "gw_2 0.2721301191487654\n",
      "gw_24 0.3495037775455929\n",
      "gw_22 0.45039371099221265\n",
      "gw_3 0.5280688332521194\n",
      "gw_54 0.3247805237283719\n",
      "gw_12 0.5866463653638027\n",
      "gw_48 0.22459603778632625\n",
      "gw_49 0.4829856548611374\n",
      "gw_47 0.6083219129700773\n",
      "gw_45 0.2736856806592722\n",
      "gw_37 0.6981610136335565\n",
      "gw_20 0.6281543148502526\n",
      "gw_15 0.5797474052135949\n",
      "gw_6 0.40550266563762305\n",
      "gw_11 0.4794285147340575\n",
      "gw_31 0.6884959970711845\n",
      "gw_41 0.06587690575460947\n",
      "gw_29 0.5352445811053052\n",
      "gw_14 0.4335142059049952\n",
      "gw_50 0.32033632988930083\n",
      "gw_21 0.5700090434148662\n",
      "gw_1 0.5852375963123303\n",
      "gw_44 0.3096599518223731\n",
      "gw_40 0.44608048167400655\n",
      "gw_4 0.6838309122557059\n",
      "gw_53 0.6586236524360692\n",
      "gw_27 0.15013260690236863\n",
      "gw_34 0.454349207258024\n",
      "gw_28 0.6380125586330692\n",
      "gw_17 0.549778302673773\n",
      "gw_26 0.5226879310658997\n",
      "gw_39 0.4183592875182274\n",
      "gw_0 0.31676495817478967\n",
      "gw_52 0.5637337174283853\n",
      "gw_10 0.3811458748510917\n",
      "gw_38 0.615907353027625\n",
      "gw_33 0.26119739171942846\n",
      "gw_19 0.38816608794678725\n",
      "gw_46 0.5090288894853768\n",
      "gw_35 0.5233791010509006\n",
      "gw_13 0.4857956197898766\n",
      "gw_16 0.6013985825912481\n",
      "gw_7 0.9353497240711464\n",
      "gw_36 0.48002279910171175\n",
      "gw_8 0.578694405206181\n",
      "gw_43 0.43213850829539197\n",
      "gw_9 0.7218819020384151\n",
      "gw_30 0.45871300925476144\n",
      "gw_32 0.456223142792908\n"
     ]
    }
   ],
   "source": [
    "gws = set(dataset['house'])\n",
    "\n",
    "gw = 'gw_3'\n",
    "\n",
    "for gw in gws:\n",
    "    load = dataset[dataset['house']==gw][\"load\"]\n",
    "    temp = dataset[dataset['house']==gw]['temperature']\n",
    "    apparent_temp = dataset[dataset['house']==gw]['apparentTemperature']\n",
    "    dew_point = dataset[dataset['house']==gw]['dew_point']\n",
    "    hour_of_day = dataset[dataset['house']==gw]['hour_of_day']\n",
    "    ld_prev_week = dataset[dataset['house']==gw]['ld_prev_week']\n",
    "    \n",
    "    print(gw, spearmanr(load, ld_prev_week)[0])\n",
    "#     print(gw, spearmanr(load, temp)[0], spearmanr(load, apparent_temp)[0], spearmanr(load, hour_of_day)[0])\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}
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{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 21,
   "metadata": {},
   "outputs": [],
   "source": [
    "import h5py, csv \n",
    "import matplotlib.pyplot as plt\n",
    "import numpy as np\n",
    "from operator import itemgetter\n",
    "import datetime, time\n",
    "import json\n",
    "from collections import OrderedDict\n",
    "import pandas as pd\n",
    "\n",
    "\n",
    "%matplotlib notebook\n",
    "\n",
    "data_root = r\"\"\n",
    "def read_houses(filepath,filename):\n",
    "    with h5py.File(filepath+filename) as f: \n",
    "        key_list=[key for key in f] \n",
    "        f_dict= {}\n",
    "        for key in key_list: \n",
    "            dset1= f ['/'+ key + '/table'].value \n",
    "            f_dict[key] = sorted(dset1, key=itemgetter(0))\n",
    "            \n",
    "    return f_dict #\n",
    "\n",
    "def find_values(house_key): \n",
    "    with h5py.File(filepath+filename) as f: \n",
    "        dataset= f['/'+ house_key + '/table'].value \n",
    "    return dataset\n",
    "\n",
    "def trapezoid_int(fx, x):\n",
    "    #Area from e geometric perspective of the integral. The integral is the area under the curve\n",
    "    total_area = 0\n",
    "    for i in range(1, len(fx)):\n",
    "        area = ((int(x[i]) - int(x[i-1])) * (int(fx[i])+int(fx[i-1])))/2\n",
    "        total_area+=area\n",
    "    return total_area\n"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 22,
   "metadata": {},
   "outputs": [],
   "source": [
    "##Removing duplicate values\n",
    "def remove_duplicate_values(houses):\n",
    "    for gw, data in houses.items():\n",
    "        houses[gw] = list( OrderedDict.fromkeys(map(tuple, houses[gw]))  ) ##Use OrderedDict instead of set to maintain order\n",
    "    return houses"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 23,
   "metadata": {},
   "outputs": [],
   "source": [
    "## Removing weird timestamps. Like timestamps from the seventies. Also removing negative load values.\n",
    "\n",
    "def remove_negative_and_invaliddates(houses):\n",
    "    for gw, data in houses.items():\n",
    "        for i in range(len(data)-1, -1, -1):\n",
    "            if data[i][0]<1483225200000 or data[i][0]>int(time.time()*1000) or data[i][1]<0:\n",
    "                removed = data.pop(i)\n",
    "                human_date = datetime.datetime.fromtimestamp(int(removed[0]/1000)).strftime(\"%Y-%m-%d %H:%M:%S\")\n",
    "    return houses\n",
    "            \n",
    "            "
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 24,
   "metadata": {},
   "outputs": [],
   "source": [
    "###Separating the datapoints in specific days FOR ALL HOUSES and adjusting the timestamp to correspond to the specific daily offset\n",
    "\n",
    "def create_daily_profiles(houses):\n",
    "    houses_daily = {}\n",
    "    for gw in houses.keys():\n",
    "        if gw not in houses_daily:\n",
    "            houses_daily[gw] = {}\n",
    "        for i, datapoints in enumerate(houses[gw]):                \n",
    "            date = datetime.datetime.fromtimestamp(int(datapoints[0])/1000).strftime(\"%Y-%m-%d\")  \n",
    "            date_unix = int(time.mktime(time.strptime(date, '%Y-%m-%d')))*1000\n",
    "            if date not in houses_daily[gw]:\n",
    "                houses_daily[gw][date]={'time':[], 'power':[]}\n",
    "            houses_daily[gw][date]['time'].append(int(datapoints[0]-date_unix))\n",
    "            houses_daily[gw][date]['power'].append(int(datapoints[1]))\n",
    "    return houses_daily"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 25,
   "metadata": {},
   "outputs": [],
   "source": [
    "def write_daily_profiles_to_file(houses_daily):\n",
    "    with open(\"houses_daily.json\", \"w\") as write_file:\n",
    "        json.dump(houses_daily, write_file)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 26,
   "metadata": {},
   "outputs": [],
   "source": [
    "def handle_days_with_less_than_80percent(houses):\n",
    "    count_less_than_80 = {}\n",
    "    for gw, days in houses.items():\n",
    "        if gw not in count_less_than_80:\n",
    "            count_less_than_80[gw] = 0\n",
    "        for day, data in days.items():\n",
    "            date_obj = datetime.datetime.strptime(day,\"%Y-%m-%d\")\n",
    "            if len(data['time'])/8640<0.8:\n",
    "                count_less_than_80[gw]+=1\n",
    "                replace_date = (date_obj - datetime.timedelta(days=1)).strftime(\"%Y-%m-%d\")\n",
    "                alt_replace_date = (date_obj - datetime.timedelta(days=2)).strftime(\"%Y-%m-%d\")\n",
    "                \n",
    "                if replace_date in houses[gw]:\n",
    "                    print(gw, day, \":\",len(data['time']), \"    \",replace_date,\":\", len(houses[gw][replace_date]['time']))\n",
    "\n",
    "                    if len(houses[gw][replace_date]['time'])/8640>=0.8:\n",
    "                        houses[gw][day] = houses[gw][replace_date]\n",
    "                    else:\n",
    "                        if alt_replace_date in houses[gw] and len(houses[gw][alt_replace_date]['time'])/8640>=0.8:\n",
    "                            houses[gw][day] = houses[gw][alt_replace_date]\n",
    "\n",
    "                else:\n",
    "                    if alt_replace_date in houses[gw] and len(houses[gw][alt_replace_date]['time'])/8640>=0.8:\n",
    "                        houses[gw][day] = houses[gw][alt_replace_date]\n",
    "    print(\"handle_days_with_less_than_80percent: \\n\", count_less_than_80)\n",
    "    return houses"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 27,
   "metadata": {},
   "outputs": [],
   "source": [
    "def create_hourly_profiles(houses):\n",
    "    p_hourly ={} \n",
    "    for gw, days in houses.items():\n",
    "        print(gw, end='  ')\n",
    "        p_hourly[gw] = {}\n",
    "        for day, data in days.items():\n",
    "            date_unix = int(time.mktime(time.strptime(day, '%Y-%m-%d')))*1000 \n",
    "            p_hourly[gw][day] = {}   \n",
    "            time_arr = data['time']\n",
    "            power_arr = data['power']\n",
    "            \n",
    "            average_daily_power = 0 if len(time_arr)<2 else trapezoid_int(power_arr, time_arr) / (time_arr[-1]-time_arr[0]) \n",
    "            p_hourly[gw][day]['average_power'] = float(average_daily_power)\n",
    "            for i, ts in enumerate(time_arr):\n",
    "                tm_hr  = int( datetime.datetime.fromtimestamp((ts+date_unix)/1000  ).strftime('%H'))\n",
    "                if tm_hr not in p_hourly[gw][day]:\n",
    "                    p_hourly[gw][day][tm_hr]= {'time':[], 'power':[], 'average_power':None}\n",
    "\n",
    "                tm_min = int( datetime.datetime.fromtimestamp((ts+date_unix)/1000  ).strftime('%M'))\n",
    "                tm_sec = int( datetime.datetime.fromtimestamp((ts+date_unix)/1000  ).strftime('%S'))\n",
    "\n",
    "                p_hourly[gw][day][tm_hr]['time'].append( ((tm_min*60)+tm_sec)*1000 )\n",
    "                p_hourly[gw][day][tm_hr]['power'].append(power_arr[i])\n",
    "    return p_hourly"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 28,
   "metadata": {},
   "outputs": [],
   "source": [
    "def calc_avg_power(p_hourly):\n",
    "    for gw, days in p_hourly.items():\n",
    "        for day, hours in days.items():\n",
    "            for hour, data in hours.items():\n",
    "                if hour=='average_power': continue\n",
    "                time_arr =  p_hourly[gw][day][hour]['time']\n",
    "                power_arr =  p_hourly[gw][day][hour]['power']\n",
    "\n",
    "                average_power = 0 if len(time_arr)<2 else trapezoid_int(power_arr, time_arr) / (time_arr[-1]-time_arr[0])      \n",
    "                p_hourly[gw][day][hour]['average_power'] = float(average_power)\n",
    "                p_hourly[gw][day][hour]['time'] = list( map(int, p_hourly[gw][day][hour]['time'] ))\n",
    "                p_hourly[gw][day][hour]['power'] = list(map(int, p_hourly[gw][day][hour]['power']))\n",
    "    return p_hourly"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 29,
   "metadata": {},
   "outputs": [],
   "source": [
    "def write_hourly_profiles_to_file(p_hourly):\n",
    "    with open(\"data_hourly.json\", \"w\") as write_file:\n",
    "        json.dump(p_hourly, write_file)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 30,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "File not found\n"
     ]
    },
    {
     "name": "stderr",
     "output_type": "stream",
     "text": [
      "c:\\program files\\python37\\lib\\site-packages\\h5py\\_hl\\dataset.py:313: H5pyDeprecationWarning: dataset.value has been deprecated. Use dataset[()] instead.\n",
      "  \"Use dataset[()] instead.\", H5pyDeprecationWarning)\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Houses read\n",
      "\n",
      "\n",
      " dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9']) \n",
      "\n",
      "\n",
      "Duplicates removed\n",
      "\n",
      "\n",
      " dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9']) \n",
      "\n",
      "\n",
      "Negative values removed\n",
      "\n",
      "\n",
      " dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9']) \n",
      "\n",
      "\n",
      "\n",
      "\n",
      " dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9']) \n",
      "\n",
      "\n",
      "Daily profiles created\n",
      "gw_0 2017-02-08 : 6618      2017-02-07 : 1870\n",
      "gw_0 2017-02-10 : 3108      2017-02-09 : 8362\n",
      "gw_0 2017-03-01 : 6718      2017-02-28 : 8604\n",
      "gw_0 2017-04-08 : 6554      2017-04-07 : 8640\n",
      "gw_0 2017-06-19 : 6166      2017-06-18 : 8626\n",
      "gw_0 2017-06-28 : 4011      2017-06-27 : 8625\n",
      "gw_0 2017-09-12 : 5223      2017-09-11 : 7537\n",
      "gw_0 2017-09-13 : 6455      2017-09-12 : 7537\n",
      "gw_0 2017-09-14 : 5979      2017-09-13 : 7537\n",
      "gw_0 2017-09-15 : 6908      2017-09-14 : 7537\n",
      "gw_0 2017-10-17 : 6127      2017-10-16 : 8637\n",
      "gw_0 2018-01-09 : 512      2018-01-08 : 8019\n",
      "gw_0 2018-02-01 : 6057      2018-01-31 : 8640\n",
      "gw_0 2018-04-19 : 2110      2018-04-18 : 3331\n",
      "gw_1 2017-03-26 : 6288      2017-03-25 : 8471\n",
      "gw_1 2017-04-09 : 6524      2017-04-08 : 7887\n",
      "gw_1 2017-04-14 : 6326      2017-04-13 : 7905\n",
      "gw_1 2017-04-18 : 6594      2017-04-17 : 7582\n",
      "gw_1 2017-04-25 : 6827      2017-04-24 : 7336\n",
      "gw_1 2017-04-29 : 6699      2017-04-28 : 7906\n",
      "gw_1 2017-04-30 : 6534      2017-04-29 : 7906\n",
      "gw_1 2017-05-01 : 6894      2017-04-30 : 7906\n",
      "gw_1 2017-05-02 : 5795      2017-05-01 : 7906\n",
      "gw_1 2017-05-03 : 5858      2017-05-02 : 7906\n",
      "gw_1 2017-05-04 : 6412      2017-05-03 : 7906\n",
      "gw_1 2017-05-05 : 5665      2017-05-04 : 7906\n",
      "gw_1 2017-05-06 : 6063      2017-05-05 : 7906\n",
      "gw_1 2017-05-07 : 6616      2017-05-06 : 7906\n",
      "gw_1 2017-05-08 : 6821      2017-05-07 : 7906\n",
      "gw_1 2017-05-12 : 6084      2017-05-11 : 8074\n",
      "gw_1 2017-05-14 : 6573      2017-05-13 : 7271\n",
      "gw_1 2017-05-15 : 6490      2017-05-14 : 7271\n",
      "gw_1 2017-05-18 : 6316      2017-05-17 : 8064\n",
      "gw_1 2017-05-19 : 6126      2017-05-18 : 8064\n",
      "gw_1 2017-05-21 : 6897      2017-05-20 : 8292\n",
      "gw_1 2017-05-22 : 6058      2017-05-21 : 8292\n",
      "gw_1 2017-05-24 : 6273      2017-05-23 : 6972\n",
      "gw_1 2017-05-26 : 6366      2017-05-25 : 8170\n",
      "gw_1 2017-05-27 : 5890      2017-05-26 : 8170\n",
      "gw_1 2017-05-29 : 6104      2017-05-28 : 8396\n",
      "gw_1 2017-06-01 : 5427      2017-05-31 : 7428\n",
      "gw_1 2017-06-04 : 6403      2017-06-03 : 7054\n",
      "gw_1 2017-06-05 : 6357      2017-06-04 : 7054\n",
      "gw_1 2017-06-06 : 5887      2017-06-05 : 7054\n",
      "gw_1 2017-06-10 : 6165      2017-06-09 : 7060\n",
      "gw_1 2017-06-13 : 5920      2017-06-12 : 7161\n",
      "gw_1 2017-06-14 : 5360      2017-06-13 : 7161\n",
      "gw_1 2017-06-15 : 5846      2017-06-14 : 7161\n",
      "gw_1 2017-06-16 : 5805      2017-06-15 : 7161\n",
      "gw_1 2017-06-17 : 6057      2017-06-16 : 7161\n",
      "gw_1 2017-06-19 : 4029      2017-06-18 : 7354\n",
      "gw_1 2017-06-20 : 4744      2017-06-19 : 7354\n",
      "gw_1 2017-06-21 : 5034      2017-06-20 : 7354\n",
      "gw_1 2017-06-26 : 5444      2017-06-25 : 7558\n",
      "gw_1 2017-06-27 : 5661      2017-06-26 : 7558\n",
      "gw_1 2017-06-28 : 3212      2017-06-27 : 7558\n",
      "gw_1 2017-08-04 : 6274      2017-08-03 : 2920\n",
      "gw_1 2017-08-05 : 6778      2017-08-04 : 6274\n",
      "gw_1 2017-08-07 : 6799      2017-08-06 : 7239\n",
      "gw_1 2017-08-08 : 6527      2017-08-07 : 7239\n",
      "gw_1 2017-08-10 : 6743      2017-08-09 : 7727\n",
      "gw_1 2017-08-13 : 6079      2017-08-12 : 7210\n",
      "gw_1 2017-08-16 : 6046      2017-08-15 : 7775\n",
      "gw_1 2017-08-18 : 6535      2017-08-17 : 7894\n",
      "gw_1 2017-08-20 : 6332      2017-08-19 : 7380\n",
      "gw_1 2017-08-22 : 5803      2017-08-21 : 7999\n",
      "gw_1 2017-08-23 : 6132      2017-08-22 : 7999\n",
      "gw_1 2017-08-25 : 6357      2017-08-24 : 8638\n",
      "gw_1 2017-08-27 : 6693      2017-08-26 : 7500\n",
      "gw_1 2017-08-30 : 5868      2017-08-29 : 7730\n",
      "gw_1 2017-08-31 : 6534      2017-08-30 : 7730\n",
      "gw_1 2017-09-01 : 5780      2017-08-31 : 7730\n",
      "gw_1 2017-09-02 : 6371      2017-09-01 : 7730\n",
      "gw_1 2017-09-04 : 6428      2017-09-03 : 7094\n",
      "gw_1 2017-09-06 : 6120      2017-09-05 : 8386\n",
      "gw_1 2017-09-09 : 6402      2017-09-08 : 7411\n",
      "gw_1 2017-09-11 : 6461      2017-09-10 : 7111\n",
      "gw_1 2017-09-12 : 4693      2017-09-11 : 7111\n",
      "gw_1 2017-09-13 : 5335      2017-09-12 : 7111\n",
      "gw_1 2017-09-14 : 4527      2017-09-13 : 7111\n",
      "gw_1 2017-09-15 : 4779      2017-09-14 : 7111\n",
      "gw_1 2017-09-25 : 6558      2017-09-24 : 8530\n",
      "gw_1 2017-10-08 : 6799      2017-10-07 : 7564\n",
      "gw_1 2017-10-17 : 6140      2017-10-16 : 8324\n",
      "gw_1 2018-02-01 : 5738      2018-01-31 : 8640\n",
      "gw_1 2018-03-24 : 6792      2018-03-23 : 8591\n",
      "gw_1 2018-03-29 : 6555      2018-03-28 : 7392\n",
      "gw_1 2018-03-30 : 6537      2018-03-29 : 7392\n",
      "gw_1 2018-04-01 : 6638      2018-03-31 : 7208\n",
      "gw_1 2018-04-11 : 6792      2018-04-10 : 8099\n",
      "gw_1 2018-04-12 : 6163      2018-04-11 : 8099\n",
      "gw_1 2018-04-19 : 2111      2018-04-18 : 2341\n",
      "gw_10 2017-06-19 : 6153      2017-06-18 : 8640\n",
      "gw_10 2017-06-28 : 4010      2017-06-27 : 8639\n",
      "gw_10 2017-09-12 : 5222      2017-09-11 : 7542\n",
      "gw_10 2017-09-13 : 6457      2017-09-12 : 7542\n",
      "gw_10 2017-09-14 : 5979      2017-09-13 : 7542\n",
      "gw_10 2017-09-15 : 6908      2017-09-14 : 7542\n",
      "gw_10 2017-10-17 : 6128      2017-10-16 : 8639\n",
      "gw_10 2018-02-01 : 6056      2018-01-31 : 8640\n",
      "gw_10 2018-04-19 : 2110      2018-04-18 : 3332\n",
      "gw_11 2017-06-19 : 6136      2017-06-18 : 8639\n",
      "gw_11 2017-06-28 : 3998      2017-06-27 : 8639\n",
      "gw_11 2017-08-14 : 4799      2017-08-13 : 8626\n",
      "gw_12 2017-06-19 : 6154      2017-06-18 : 8640\n",
      "gw_12 2017-06-28 : 4010      2017-06-27 : 8640\n",
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      "gw_37 2017-09-14 : 5979      2017-09-13 : 7531\n",
      "gw_37 2017-09-15 : 6907      2017-09-14 : 7531\n",
      "gw_37 2017-10-17 : 6131      2017-10-16 : 8630\n",
      "gw_37 2018-02-01 : 6057      2018-01-31 : 8637\n",
      "gw_37 2018-04-19 : 2110      2018-04-18 : 3333\n",
      "gw_38 2017-09-09 : 6795      2017-09-08 : 7799\n",
      "gw_38 2017-09-12 : 4772      2017-09-11 : 6921\n",
      "gw_38 2017-09-13 : 6224      2017-09-12 : 6921\n",
      "gw_38 2017-09-14 : 5278      2017-09-13 : 6921\n",
      "gw_38 2017-09-15 : 6117      2017-09-14 : 6921\n",
      "gw_38 2017-10-17 : 6132      2017-10-16 : 8640\n",
      "gw_38 2018-02-01 : 6061      2018-01-31 : 8640\n",
      "gw_38 2018-04-19 : 2109      2018-04-18 : 3278\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "gw_39 2017-06-19 : 6167      2017-06-18 : 8637\n",
      "gw_39 2017-06-28 : 4011      2017-06-27 : 8640\n",
      "gw_39 2017-09-12 : 5214      2017-09-11 : 7532\n",
      "gw_39 2017-09-13 : 6455      2017-09-12 : 7532\n",
      "gw_39 2017-09-14 : 5980      2017-09-13 : 7532\n",
      "gw_39 2017-09-15 : 6910      2017-09-14 : 7532\n",
      "gw_39 2017-10-17 : 6126      2017-10-16 : 8636\n",
      "gw_39 2018-02-01 : 6070      2018-01-31 : 8627\n",
      "gw_39 2018-04-19 : 2112      2018-04-18 : 3330\n",
      "gw_4 2017-05-23 : 6721      2017-05-22 : 8636\n",
      "gw_4 2017-06-19 : 6166      2017-06-18 : 8640\n",
      "gw_4 2017-06-28 : 4010      2017-06-27 : 8640\n",
      "gw_4 2017-09-12 : 5214      2017-09-11 : 7517\n",
      "gw_4 2017-09-13 : 6457      2017-09-12 : 7517\n",
      "gw_4 2017-09-14 : 5979      2017-09-13 : 7517\n",
      "gw_4 2017-09-15 : 6908      2017-09-14 : 7517\n",
      "gw_4 2017-10-17 : 6142      2017-10-16 : 8623\n",
      "gw_4 2018-02-01 : 6054      2018-01-31 : 8606\n",
      "gw_4 2018-03-08 : 3360      2018-03-07 : 8568\n",
      "gw_4 2018-03-09 : 2784      2018-03-08 : 8568\n",
      "gw_4 2018-03-21 : 3290      2018-03-20 : 8626\n",
      "gw_40 2017-09-12 : 5216      2017-09-11 : 7537\n",
      "gw_40 2017-09-13 : 6457      2017-09-12 : 7537\n",
      "gw_40 2017-09-14 : 5980      2017-09-13 : 7537\n",
      "gw_40 2017-09-15 : 6910      2017-09-14 : 7537\n",
      "gw_40 2017-10-17 : 6114      2017-10-16 : 8640\n",
      "gw_40 2018-02-01 : 6060      2018-01-31 : 8640\n",
      "gw_40 2018-04-19 : 2110      2018-04-18 : 3331\n",
      "gw_41 2017-09-12 : 5213      2017-09-11 : 7528\n",
      "gw_41 2017-09-13 : 6455      2017-09-12 : 7528\n",
      "gw_41 2017-09-14 : 5980      2017-09-13 : 7528\n",
      "gw_41 2017-09-15 : 6909      2017-09-14 : 7528\n",
      "gw_41 2017-10-17 : 6129      2017-10-16 : 8637\n",
      "gw_41 2018-02-01 : 6061      2018-01-31 : 8640\n",
      "gw_41 2018-04-19 : 2111      2018-04-18 : 3329\n",
      "gw_42 2017-09-12 : 5218      2017-09-11 : 7538\n",
      "gw_42 2017-09-13 : 6456      2017-09-12 : 7538\n",
      "gw_42 2017-09-14 : 5979      2017-09-13 : 7538\n",
      "gw_42 2017-09-15 : 6908      2017-09-14 : 7538\n",
      "gw_42 2017-10-17 : 6133      2017-10-16 : 8629\n",
      "gw_42 2018-02-01 : 6058      2018-01-31 : 8640\n",
      "gw_42 2018-04-19 : 2111      2018-04-18 : 3329\n",
      "gw_43 2017-09-12 : 5213      2017-09-11 : 7530\n",
      "gw_43 2017-09-13 : 6456      2017-09-12 : 7530\n",
      "gw_43 2017-09-14 : 5981      2017-09-13 : 7530\n",
      "gw_43 2017-09-15 : 6909      2017-09-14 : 7530\n",
      "gw_43 2017-10-17 : 6129      2017-10-16 : 8637\n",
      "gw_43 2018-02-01 : 6058      2018-01-31 : 8640\n",
      "gw_43 2018-03-27 : 5803      2018-03-26 : 8627\n",
      "gw_43 2018-04-19 : 2110      2018-04-18 : 3331\n",
      "gw_44 2017-09-12 : 5223      2017-09-11 : 7541\n",
      "gw_44 2017-09-13 : 6455      2017-09-12 : 7541\n",
      "gw_44 2017-09-14 : 5979      2017-09-13 : 7541\n",
      "gw_44 2017-09-15 : 6908      2017-09-14 : 7541\n",
      "gw_44 2017-10-17 : 6129      2017-10-16 : 8625\n",
      "gw_44 2018-02-01 : 6055      2018-01-31 : 8640\n",
      "gw_44 2018-04-19 : 2111      2018-04-18 : 3332\n",
      "gw_45 2017-09-12 : 5221      2017-09-11 : 7536\n",
      "gw_45 2017-09-13 : 6457      2017-09-12 : 7536\n",
      "gw_45 2017-09-14 : 5979      2017-09-13 : 7536\n",
      "gw_45 2017-09-15 : 6910      2017-09-14 : 7536\n",
      "gw_45 2017-10-17 : 6140      2017-10-16 : 8640\n",
      "gw_45 2018-02-01 : 6060      2018-01-31 : 8640\n",
      "gw_45 2018-04-19 : 2110      2018-04-18 : 3333\n",
      "gw_46 2017-09-12 : 5218      2017-09-11 : 7536\n",
      "gw_46 2017-09-13 : 6443      2017-09-12 : 7536\n",
      "gw_46 2017-09-14 : 5981      2017-09-13 : 7536\n",
      "gw_46 2017-09-15 : 6908      2017-09-14 : 7536\n",
      "gw_46 2017-10-17 : 6141      2017-10-16 : 8628\n",
      "gw_46 2018-02-01 : 6058      2018-01-31 : 8640\n",
      "gw_46 2018-04-19 : 2110      2018-04-18 : 3333\n",
      "gw_47 2017-06-19 : 6154      2017-06-18 : 8640\n",
      "gw_47 2017-06-28 : 3999      2017-06-27 : 8640\n",
      "gw_47 2017-09-12 : 5212      2017-09-11 : 7530\n",
      "gw_47 2017-09-13 : 6459      2017-09-12 : 7530\n",
      "gw_47 2017-09-14 : 5978      2017-09-13 : 7530\n",
      "gw_47 2017-09-15 : 6909      2017-09-14 : 7530\n",
      "gw_47 2017-10-17 : 6129      2017-10-16 : 8640\n",
      "gw_47 2018-02-01 : 6059      2018-01-31 : 8639\n",
      "gw_47 2018-04-19 : 2111      2018-04-18 : 3329\n",
      "gw_48 2017-06-19 : 6167      2017-06-18 : 8638\n",
      "gw_48 2017-06-28 : 4011      2017-06-27 : 8637\n",
      "gw_48 2017-09-12 : 5210      2017-09-11 : 7539\n",
      "gw_48 2017-09-13 : 6456      2017-09-12 : 7539\n",
      "gw_48 2017-09-14 : 5980      2017-09-13 : 7539\n",
      "gw_48 2017-09-15 : 6909      2017-09-14 : 7539\n",
      "gw_48 2017-10-17 : 6129      2017-10-16 : 8638\n",
      "gw_48 2018-02-01 : 6057      2018-01-31 : 8637\n",
      "gw_48 2018-03-06 : 6679      2018-03-05 : 8637\n",
      "gw_48 2018-04-19 : 2111      2018-04-18 : 3331\n",
      "gw_49 2017-06-19 : 6165      2017-06-18 : 8640\n",
      "gw_49 2017-06-28 : 4010      2017-06-27 : 8640\n",
      "gw_49 2017-09-12 : 5218      2017-09-11 : 7535\n",
      "gw_49 2017-09-13 : 6456      2017-09-12 : 7535\n",
      "gw_49 2017-09-14 : 5979      2017-09-13 : 7535\n",
      "gw_49 2017-09-15 : 6908      2017-09-14 : 7535\n",
      "gw_49 2017-10-17 : 6126      2017-10-16 : 8640\n",
      "gw_49 2018-02-01 : 6056      2018-01-31 : 8640\n",
      "gw_49 2018-03-26 : 4118      2018-03-25 : 8280\n",
      "gw_5 2017-09-12 : 5221      2017-09-11 : 7537\n",
      "gw_5 2017-09-13 : 6458      2017-09-12 : 7537\n",
      "gw_5 2017-09-14 : 5978      2017-09-13 : 7537\n",
      "gw_5 2017-09-15 : 6909      2017-09-14 : 7537\n",
      "gw_5 2017-10-17 : 6129      2017-10-16 : 8638\n",
      "gw_5 2018-02-01 : 6053      2018-01-31 : 8640\n",
      "gw_5 2018-04-19 : 2112      2018-04-18 : 3329\n",
      "gw_50 2017-06-19 : 6166      2017-06-18 : 8639\n",
      "gw_50 2017-06-28 : 4009      2017-06-27 : 8574\n",
      "gw_50 2017-09-12 : 5214      2017-09-11 : 7537\n",
      "gw_50 2017-09-13 : 6459      2017-09-12 : 7537\n",
      "gw_50 2017-09-14 : 5978      2017-09-13 : 7537\n",
      "gw_50 2017-09-15 : 6908      2017-09-14 : 7537\n",
      "gw_50 2017-10-17 : 6142      2017-10-16 : 8638\n",
      "gw_50 2018-02-01 : 6058      2018-01-31 : 8639\n",
      "gw_50 2018-04-13 : 124      2018-04-12 : 8640\n",
      "gw_50 2018-04-19 : 2099      2018-04-18 : 3329\n",
      "gw_51 2017-06-19 : 6166      2017-06-18 : 8640\n",
      "gw_51 2017-06-28 : 4009      2017-06-27 : 8640\n",
      "gw_51 2017-09-12 : 5221      2017-09-11 : 7544\n",
      "gw_51 2017-09-13 : 6456      2017-09-12 : 7544\n",
      "gw_51 2017-09-14 : 5981      2017-09-13 : 7544\n",
      "gw_51 2017-09-15 : 6909      2017-09-14 : 7544\n",
      "gw_51 2017-10-17 : 6129      2017-10-16 : 8638\n",
      "gw_51 2018-02-01 : 6057      2018-01-31 : 8640\n",
      "gw_51 2018-02-12 : 6408      2018-02-11 : 8639\n",
      "gw_52 2017-06-19 : 6166      2017-06-18 : 8639\n",
      "gw_52 2017-06-28 : 4010      2017-06-27 : 8640\n",
      "gw_52 2017-09-12 : 5219      2017-09-11 : 7540\n",
      "gw_52 2017-09-13 : 6456      2017-09-12 : 7540\n",
      "gw_52 2017-09-14 : 5980      2017-09-13 : 7540\n",
      "gw_52 2017-09-15 : 6909      2017-09-14 : 7540\n",
      "gw_52 2017-10-17 : 6127      2017-10-16 : 8640\n",
      "gw_52 2018-02-01 : 6057      2018-01-31 : 8640\n",
      "gw_52 2018-04-13 : 126      2018-04-12 : 8636\n",
      "gw_52 2018-04-19 : 2110      2018-04-18 : 3331\n",
      "gw_53 2017-05-18 : 6518      2017-05-17 : 8640\n",
      "gw_53 2017-06-19 : 6167      2017-06-18 : 8615\n",
      "gw_53 2017-06-28 : 4010      2017-06-27 : 8640\n",
      "gw_53 2017-09-12 : 5213      2017-09-11 : 7531\n",
      "gw_53 2017-09-13 : 6459      2017-09-12 : 7531\n",
      "gw_53 2017-09-14 : 5979      2017-09-13 : 7531\n",
      "gw_53 2017-09-15 : 6908      2017-09-14 : 7531\n",
      "gw_53 2017-10-17 : 6129      2017-10-16 : 8637\n",
      "gw_53 2018-02-01 : 6056      2018-01-31 : 8639\n",
      "gw_53 2018-04-19 : 2110      2018-04-18 : 3332\n",
      "gw_54 2017-05-18 : 5954      2017-05-17 : 8637\n",
      "gw_54 2017-06-19 : 6167      2017-06-18 : 8636\n",
      "gw_54 2017-06-28 : 4011      2017-06-27 : 8640\n",
      "gw_54 2017-09-12 : 5224      2017-09-11 : 7538\n",
      "gw_54 2017-09-13 : 6457      2017-09-12 : 7538\n",
      "gw_54 2017-09-14 : 5979      2017-09-13 : 7538\n",
      "gw_54 2017-09-15 : 6908      2017-09-14 : 7538\n",
      "gw_54 2018-02-01 : 6057      2018-01-31 : 8641\n",
      "gw_54 2018-04-19 : 2111      2018-04-18 : 3331\n",
      "gw_55 2017-06-19 : 6166      2017-06-18 : 8640\n",
      "gw_55 2017-06-28 : 4011      2017-06-27 : 8640\n",
      "gw_55 2017-09-12 : 5219      2017-09-11 : 7536\n",
      "gw_55 2017-09-13 : 6460      2017-09-12 : 7536\n",
      "gw_55 2017-09-14 : 5978      2017-09-13 : 7536\n",
      "gw_55 2017-09-15 : 6908      2017-09-14 : 7536\n",
      "gw_55 2017-10-17 : 6117      2017-10-16 : 8638\n",
      "gw_55 2018-02-01 : 6058      2018-01-31 : 8637\n",
      "gw_55 2018-02-08 : 4135      2018-02-07 : 8628\n",
      "gw_55 2018-02-09 : 1432      2018-02-08 : 8628\n",
      "gw_55 2018-04-19 : 2112      2018-04-18 : 3330\n",
      "gw_6 2017-09-12 : 5222      2017-09-11 : 7541\n",
      "gw_6 2017-09-13 : 6458      2017-09-12 : 7541\n",
      "gw_6 2017-09-14 : 5979      2017-09-13 : 7541\n",
      "gw_6 2017-09-15 : 6908      2017-09-14 : 7541\n",
      "gw_6 2017-10-17 : 6130      2017-10-16 : 8637\n",
      "gw_6 2018-02-01 : 6054      2018-01-31 : 8640\n",
      "gw_6 2018-04-19 : 2111      2018-04-18 : 3332\n",
      "gw_7 2017-06-19 : 6166      2017-06-18 : 8639\n",
      "gw_7 2017-06-28 : 1408      2017-06-27 : 8640\n",
      "gw_7 2017-09-12 : 5219      2017-09-11 : 7536\n",
      "gw_7 2017-09-13 : 6462      2017-09-12 : 7536\n",
      "gw_7 2017-09-14 : 5978      2017-09-13 : 7536\n",
      "gw_7 2017-09-15 : 6840      2017-09-14 : 7536\n",
      "gw_7 2017-10-17 : 6127      2017-10-16 : 8637\n",
      "gw_7 2018-02-01 : 6053      2018-01-31 : 8640\n",
      "gw_7 2018-02-12 : 5323      2018-02-11 : 8639\n",
      "gw_8 2017-02-08 : 4848      2017-02-07 : 1099\n",
      "gw_8 2017-05-18 : 6891      2017-05-17 : 8640\n",
      "gw_8 2017-06-19 : 6165      2017-06-18 : 8640\n",
      "gw_8 2017-06-27 : 2869      2017-06-26 : 8622\n",
      "gw_8 2017-09-12 : 5220      2017-09-11 : 7529\n",
      "gw_8 2017-09-13 : 6457      2017-09-12 : 7529\n",
      "gw_8 2017-09-14 : 5980      2017-09-13 : 7529\n",
      "gw_8 2017-09-15 : 6907      2017-09-14 : 7529\n",
      "gw_8 2017-10-17 : 6116      2017-10-16 : 8637\n",
      "gw_8 2018-02-01 : 6070      2018-01-31 : 8639\n",
      "gw_8 2018-04-09 : 1647      2018-04-08 : 8640\n",
      "gw_9 2017-02-22 : 3368      2017-02-21 : 8629\n",
      "gw_9 2017-02-23 : 3343      2017-02-22 : 8629\n",
      "gw_9 2017-05-18 : 6898      2017-05-17 : 8640\n",
      "gw_9 2017-06-19 : 6166      2017-06-18 : 8640\n",
      "gw_9 2017-06-28 : 4010      2017-06-27 : 8640\n",
      "gw_9 2017-09-12 : 5218      2017-09-11 : 7532\n",
      "gw_9 2017-09-13 : 6459      2017-09-12 : 7532\n",
      "gw_9 2017-09-14 : 5979      2017-09-13 : 7532\n",
      "gw_9 2017-09-15 : 6908      2017-09-14 : 7532\n",
      "gw_9 2017-10-17 : 6130      2017-10-16 : 8638\n",
      "gw_9 2018-02-01 : 6057      2018-01-31 : 8640\n",
      "gw_9 2018-04-19 : 2110      2018-04-18 : 3332\n",
      "handle_days_with_less_than_80percent: \n",
      " {'gw_0': 18, 'gw_1': 82, 'gw_10': 13, 'gw_11': 5, 'gw_12': 13, 'gw_13': 17, 'gw_14': 20, 'gw_15': 15, 'gw_16': 14, 'gw_17': 13, 'gw_18': 24, 'gw_19': 19, 'gw_2': 7, 'gw_20': 12, 'gw_21': 14, 'gw_22': 15, 'gw_23': 6, 'gw_24': 10, 'gw_25': 14, 'gw_26': 13, 'gw_27': 13, 'gw_28': 14, 'gw_29': 14, 'gw_3': 8, 'gw_30': 14, 'gw_31': 17, 'gw_32': 12, 'gw_33': 13, 'gw_34': 11, 'gw_35': 11, 'gw_36': 37, 'gw_37': 16, 'gw_38': 11, 'gw_39': 13, 'gw_4': 15, 'gw_40': 10, 'gw_41': 10, 'gw_42': 10, 'gw_43': 12, 'gw_44': 10, 'gw_45': 10, 'gw_46': 10, 'gw_47': 13, 'gw_48': 14, 'gw_49': 12, 'gw_5': 10, 'gw_50': 14, 'gw_51': 12, 'gw_52': 14, 'gw_53': 14, 'gw_54': 13, 'gw_55': 15, 'gw_6': 10, 'gw_7': 12, 'gw_8': 14, 'gw_9': 16}\n",
      "Houses with less than 80% handled\n",
      "\n",
      "\n",
      " dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9']) \n",
      "\n",
      "\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "Daily profiles written to json file\n"
     ]
    }
   ],
   "source": [
    "try:\n",
    "    file = open(\"houses_daily.json\", \"r\")\n",
    "    houses_daily = json.load(file)\n",
    "    file.close()\n",
    "except FileNotFoundError:\n",
    "    print(\"File not found\")\n",
    "    houses = read_houses(data_root, \"triangulum_power_data.h5\")\n",
    "    \n",
    "    print(\"Houses read\")\n",
    "    print(\"\\n\\n\", houses.keys(), \"\\n\\n\")\n",
    "    houses = remove_duplicate_values(houses)\n",
    "    print(\"Duplicates removed\")\n",
    "    print(\"\\n\\n\", houses.keys(), \"\\n\\n\")\n",
    "    \n",
    "    houses = remove_negative_and_invaliddates(houses)\n",
    "    print(\"Negative values removed\")\n",
    "    print(\"\\n\\n\", houses.keys(), \"\\n\\n\")\n",
    "    \n",
    "    houses_daily = create_daily_profiles(houses)\n",
    "    print(\"\\n\\n\", houses_daily.keys(), \"\\n\\n\")\n",
    "    print(\"Daily profiles created\")\n",
    "    \n",
    "    houses_daily = handle_days_with_less_than_80percent(houses_daily)\n",
    "    print(\"Houses with less than 80% handled\")\n",
    "    \n",
    "    print(\"\\n\\n\", houses_daily.keys(), \"\\n\\n\")\n",
    "    \n",
    "    write_daily_profiles_to_file(houses_daily)\n",
    "    print(\"Daily profiles written to json file\")\n",
    "\n",
    "    houses = None\n",
    "    \n",
    "for house, days in houses_daily.items():\n",
    "    for day, data in days.items():\n",
    "        houses_daily[house][day]['time'] = np.array(houses_daily[house][day]['time'])\n",
    "        houses_daily[house][day]['power'] = np.array(houses_daily[house][day]['power'])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 34,
   "metadata": {},
   "outputs": [],
   "source": [
    "try:\n",
    "    file = open(\"data_hourly.json\", \"r\")\n",
    "    p_hourly = json.load(file) \n",
    "    file.close()\n",
    "except FileNotFoundError:\n",
    "    print(\"File not found. Being generated.\")\n",
    "    p_hourly = create_hourly_profiles(houses_daily)\n",
    "    print(\"Hourly profile created\")\n",
    "    print(\"\\n\\n\", p_hourly.keys(), \"\\n\\n\")\n",
    "    \n",
    "    p_hourly = calc_avg_power(p_hourly)\n",
    "    print(\"Avg power calculcated\")\n",
    "    print(\"\\n\\n\", p_hourly.keys(), \"\\n\\n\")\n",
    "    \n",
    "    write_hourly_profiles_to_file(p_hourly)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 35,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "<class 'dict'>\n",
      "[5000, 15000, 25000, 35000, 45000, 55000, 65000, 75000, 85000, 95000, 105000, 115000, 125000, 135000, 145000, 155000, 165000, 175000, 185000, 195000, 205000, 215000, 225000, 235000, 245000, 255000, 265000, 275000, 285000, 295000, 305000, 315000, 325000, 335000, 345000, 355000, 365000, 375000, 385000, 395000, 405000, 415000, 425000, 435000, 445000, 455000, 465000, 475000, 485000, 495000, 505000, 515000, 525000, 535000, 545000, 555000, 565000, 575000, 585000, 595000, 605000, 615000, 625000, 635000, 645000, 655000, 665000, 675000, 685000, 695000, 705000, 715000, 725000, 735000, 745000, 755000, 765000, 775000, 785000, 795000, 805000, 815000, 825000, 835000, 845000, 855000, 865000, 875000, 885000, 895000, 905000, 915000, 925000, 935000, 945000, 955000, 965000, 975000, 1105000, 1115000, 1125000, 1135000, 1145000, 1155000, 1165000, 1175000, 1185000, 1195000, 1205000, 1215000, 1225000, 1235000, 1245000, 1255000, 1265000, 1275000, 1285000, 1295000, 1305000, 1315000, 1325000, 1335000, 1345000, 1355000, 1365000, 1375000, 1385000, 1395000, 1405000, 1415000, 1425000, 1435000, 1445000, 1455000, 1465000, 1475000, 1485000, 1495000, 1505000, 1515000, 1525000, 1535000, 1545000, 1555000, 1565000, 1575000, 1585000, 1595000, 1605000, 1615000, 1625000, 1635000, 1645000, 1655000, 1665000, 1675000, 1685000, 1695000, 1705000, 1715000, 1725000, 1735000, 1745000, 1755000, 1765000, 1775000, 1785000, 1795000, 1805000, 1815000, 1825000, 1835000, 1845000, 1855000, 1865000, 1875000, 1885000, 1895000, 1905000, 1915000, 1925000, 1935000, 1945000, 1955000, 1965000, 1975000, 1985000, 1995000, 2005000, 2015000, 2025000, 2035000, 2045000, 2055000, 2065000, 2075000, 2085000, 2095000, 2105000, 2115000, 2125000, 2135000, 2145000, 2155000, 2165000, 2175000, 2185000, 2315000, 2325000, 2335000, 2345000, 2355000, 2365000, 2375000, 2385000, 2395000, 2405000, 2415000, 2425000, 2435000, 2445000, 2455000, 2465000, 2475000, 2485000, 2495000, 2505000, 2515000, 2525000, 2535000, 2545000, 2555000, 2565000, 2575000, 2585000, 2595000, 2605000, 2615000, 2625000, 2635000, 2645000, 2655000, 2665000, 2675000, 2685000, 2695000, 2705000, 2715000, 2725000, 2735000, 2745000, 2755000, 2765000, 2775000, 2785000, 2795000, 2805000, 2815000, 2825000, 2835000, 2845000, 2855000, 2865000, 2875000, 2885000, 2895000, 2905000, 2915000, 2925000, 2935000, 2945000, 2955000, 2965000, 2975000, 2985000, 2995000, 3005000, 3015000, 3025000, 3035000, 3045000, 3055000, 3065000, 3075000, 3085000, 3095000, 3105000, 3115000, 3125000, 3135000, 3145000, 3155000, 3165000, 3175000, 3185000, 3195000, 3205000, 3215000, 3225000, 3235000, 3245000, 3255000, 3265000, 3275000, 3285000, 3295000, 3305000, 3315000, 3325000, 3335000, 3345000, 3355000, 3365000, 3375000, 3385000, 3395000, 3525000, 3535000, 3545000, 3555000, 3565000, 3575000, 3585000, 3595000]\n"
     ]
    }
   ],
   "source": [
    "print(type(p_hourly['gw_1']))\n",
    "print(p_hourly['gw_41']['2017-09-08']['17']['time'])"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 36,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "dict_keys(['gw_0', 'gw_1', 'gw_10', 'gw_11', 'gw_12', 'gw_13', 'gw_14', 'gw_15', 'gw_16', 'gw_17', 'gw_18', 'gw_19', 'gw_2', 'gw_20', 'gw_21', 'gw_22', 'gw_23', 'gw_24', 'gw_25', 'gw_26', 'gw_27', 'gw_28', 'gw_29', 'gw_3', 'gw_30', 'gw_31', 'gw_32', 'gw_33', 'gw_34', 'gw_35', 'gw_36', 'gw_37', 'gw_38', 'gw_39', 'gw_4', 'gw_40', 'gw_41', 'gw_42', 'gw_43', 'gw_44', 'gw_45', 'gw_46', 'gw_47', 'gw_48', 'gw_49', 'gw_5', 'gw_50', 'gw_51', 'gw_52', 'gw_53', 'gw_54', 'gw_55', 'gw_6', 'gw_7', 'gw_8', 'gw_9'])\n"
     ]
    }
   ],
   "source": [
    "print(p_hourly.keys())\n",
    "def build_dataset(p_hourly):\n",
    "    hs=[]\n",
    "    try:\n",
    "        f = open(\"dataset.csv\", \"r\")\n",
    "        dataset_exists = True\n",
    "        f.close()\n",
    "    except FileNotFoundError:\n",
    "        dataset_exists = False\n",
    "    \n",
    "    if dataset_exists:\n",
    "        raise Exception(\"Dataset already exists!\")\n",
    "        return\n",
    "    \n",
    "    \n",
    "    with open(\"weather_data.json\", \"r\") as file:\n",
    "        weather = json.load(file)\n",
    "    for day  in weather:\n",
    "        date_unix = int(time.mktime(time.strptime(day, '%Y-%m-%d')))\n",
    "        weather[day] = { int( datetime.datetime.fromtimestamp((dic[\"time\"])).strftime('%H')):dic for dic in weather[day]['hourly']['data']}\n",
    "    \n",
    "    with open('dataset.csv', 'w', newline='') as f:\n",
    "        writer = csv.writer(f)\n",
    "        writer.writerow([\"house\",\"timestamp\", \"day_of_week\", \"weekend\", \"hour_of_day\", \"temperature\", \"apparentTemperature\",\"dew_point\", \"cloud_cover\", \"humidity\", \"ld_prev_hour\", \"ld_prev_2hour\", \"ld_prev_3hour\",\"ld_prev_day_same_hr\", \"ld_prev_week_same_hr\", \"ld_prev_day\", \"ld_prev_week\", \"load\"])\n",
    "        for gw, days in p_hourly.items():\n",
    "            \n",
    "            for day, hours in days.items():\n",
    "                date_obj = datetime.datetime.strptime(day,\"%Y-%m-%d\")\n",
    "                day_of_week = date_obj.weekday()\n",
    "                weekend = 1 if day_of_week in [5,6] else 0\n",
    "                prev_day = (date_obj - datetime.timedelta(days=1)).strftime(\"%Y-%m-%d\")\n",
    "                prev_week = (date_obj - datetime.timedelta(days=7)).strftime(\"%Y-%m-%d\")\n",
    "\n",
    "\n",
    "                for hour, data in hours.items():\n",
    "                    if hour=='average_power': continue\n",
    "                    dew_point = weather[day][int(hour)]['dewPoint']\n",
    "                    apparentTemperature = weather[day][int(hour)]['apparentTemperature']\n",
    "                    temperature = weather[day][int(hour)]['temperature']\n",
    "                    cloud_cover = weather[day][int(hour)]['cloudCover'] if 'cloudCover' in weather[day][int(hour)] else None\n",
    "                    humidity = weather[day][int(hour)]['humidity'] \n",
    "                    \n",
    "                    \n",
    "                    \n",
    "                    \n",
    "                    ld_prev_day_same_hr = p_hourly[gw][prev_day][hour]['average_power'] if prev_day in p_hourly[gw] and hour in p_hourly[gw][prev_day]  else p_hourly[gw][day][hour]['average_power']\n",
    "                    ld_prev_week_same_hr = p_hourly[gw][prev_week][hour]['average_power'] if prev_week in p_hourly[gw] and hour in p_hourly[gw][prev_week] else p_hourly[gw][day][hour]['average_power']\n",
    "                    \n",
    "                    ld_prev_day = p_hourly[gw][prev_day]['average_power'] if prev_day in p_hourly[gw] else p_hourly[gw][day]['average_power']\n",
    "                    ld_prev_week = p_hourly[gw][prev_week]['average_power'] if  prev_week in p_hourly[gw] else p_hourly[gw][day]['average_power']\n",
    "                    \n",
    "                    \n",
    "                    prev_hr = str(int(hour)-1) if int(hour)>0 else '23'\n",
    "                    prev_2hr = str(int(hour)-2) if int(hour)>1 else '22'\n",
    "                    prev_3hr = str(int(hour)-3) if int(hour)>2 else '21'\n",
    "                    \n",
    "                    if prev_hr=='23':\n",
    "                        temperature = weather[prev_day][int(prev_hr)]['temperature']\n",
    "                        load_prev_hour = p_hourly[gw][prev_day][prev_hr]['average_power'] if prev_day in p_hourly[gw] and  prev_hr in p_hourly[gw][prev_day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    else:\n",
    "                        temperature = weather[day][int(prev_hr)]['temperature'] if int(prev_hr) in weather[day] else weather[day][int(hour)]['temperature']\n",
    "                        load_prev_hour = p_hourly[gw][day][prev_hr]['average_power'] if prev_hr in p_hourly[gw][day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    \n",
    "                    if prev_2hr=='22':\n",
    "                        load_prev_2hour = p_hourly[gw][prev_day][prev_2hr]['average_power'] if prev_day in p_hourly[gw] and prev_2hr in p_hourly[gw][prev_day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    else:\n",
    "                        load_prev_2hour = p_hourly[gw][day][prev_2hr]['average_power'] if prev_2hr in p_hourly[gw][day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    \n",
    "                    if prev_3hr=='21':\n",
    "                        load_prev_3hour = p_hourly[gw][prev_day][prev_3hr]['average_power'] if prev_day in p_hourly[gw] and  prev_day in p_hourly[gw] and prev_3hr in p_hourly[gw][prev_day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    else:\n",
    "                        load_prev_3hour = p_hourly[gw][day][prev_3hr]['average_power'] if prev_3hr in p_hourly[gw][day] else p_hourly[gw][day][hour]['average_power']\n",
    "                    \n",
    "                    \n",
    "                    load = p_hourly[gw][day][hour]['average_power']\n",
    "                    timestamp = datetime.datetime.strptime(day+' '+str(hour), '%Y-%m-%d %H').timestamp()\n",
    "                    hs.append(gw)\n",
    "                    writer.writerow([gw,timestamp, day_of_week, weekend, hour, temperature, apparentTemperature, dew_point, cloud_cover, humidity, load_prev_hour, load_prev_2hour, load_prev_3hour, ld_prev_day_same_hr, ld_prev_week_same_hr, ld_prev_day, ld_prev_week, load])\n",
    "            \n",
    "            \n",
    "    hs = set(hs)\n",
    "    print(hs)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 37,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "{'gw_18', 'gw_27', 'gw_10', 'gw_7', 'gw_1', 'gw_37', 'gw_54', 'gw_2', 'gw_0', 'gw_8', 'gw_43', 'gw_23', 'gw_31', 'gw_36', 'gw_48', 'gw_11', 'gw_19', 'gw_20', 'gw_12', 'gw_15', 'gw_51', 'gw_14', 'gw_42', 'gw_16', 'gw_3', 'gw_46', 'gw_29', 'gw_5', 'gw_22', 'gw_40', 'gw_34', 'gw_4', 'gw_33', 'gw_41', 'gw_50', 'gw_52', 'gw_6', 'gw_44', 'gw_39', 'gw_26', 'gw_30', 'gw_17', 'gw_35', 'gw_45', 'gw_53', 'gw_21', 'gw_13', 'gw_47', 'gw_24', 'gw_32', 'gw_49', 'gw_28', 'gw_9', 'gw_55', 'gw_25', 'gw_38'}\n"
     ]
    }
   ],
   "source": [
    "build_dataset(p_hourly)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}
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{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 2,
   "metadata": {},
   "outputs": [],
   "source": [
    "import requests\n",
    "import json\n",
    "\n",
    "#The url given below, won't work, as you need an API key to access the data\n",
    "url = \"https://api.darksky.net/forecast/{{secret_api_key}}/58.97,5.7331,{}\"  #Stavanger lattitude and longtitude\n",
    "params = {\"units\":\"si\"}\n",
    "# time= \"2018-02-01T00:00:00\""
   ]
  },
  {
   "cell_type": "markdown",
   "metadata": {},
   "source": [
    "#### Minimum available time in dataset is 2017-02-07\n",
    "#### Maximum available time in dataset is 2018-04-19"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 3,
   "metadata": {},
   "outputs": [
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "2017\n",
      "02\n",
      "07\n",
      "2017-02-07T00:00:00\n",
      "2017-02-08T00:00:00\n",
      "2017-02-09T00:00:00\n",
      "2017-02-10T00:00:00\n",
      "2017-02-11T00:00:00\n",
      "2017-02-12T00:00:00\n",
      "2017-02-13T00:00:00\n",
      "2017-02-14T00:00:00\n",
      "2017-02-15T00:00:00\n",
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      "2017-02-24T00:00:00\n",
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      "2017-03-03T00:00:00\n",
      "2017-03-04T00:00:00\n",
      "2017-03-05T00:00:00\n",
      "2017-03-06T00:00:00\n",
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      "2017-03-08T00:00:00\n",
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      "2017-03-11T00:00:00\n",
      "2017-03-12T00:00:00\n",
      "2017-03-13T00:00:00\n",
      "2017-03-14T00:00:00\n",
      "2017-03-15T00:00:00\n",
      "2017-03-16T00:00:00\n",
      "2017-03-17T00:00:00\n",
      "2017-03-18T00:00:00\n",
      "2017-03-19T00:00:00\n",
      "2017-03-20T00:00:00\n",
      "2017-03-21T00:00:00\n",
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      "2017-03-27T00:00:00\n",
      "2017-03-28T00:00:00\n",
      "2017-03-29T00:00:00\n",
      "2017-03-30T00:00:00\n",
      "2017-03-31T00:00:00\n",
      "2017-04-01T00:00:00\n",
      "2017-04-02T00:00:00\n",
      "2017-04-03T00:00:00\n",
      "2017-04-04T00:00:00\n",
      "2017-04-05T00:00:00\n",
      "2017-04-06T00:00:00\n",
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      "2017-04-15T00:00:00\n",
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      "2017-08-22T00:00:00\n",
      "2017-08-23T00:00:00\n",
      "2017-08-24T00:00:00\n",
      "2017-08-25T00:00:00\n",
      "2017-08-26T00:00:00\n",
      "2017-08-27T00:00:00\n",
      "2017-08-28T00:00:00\n",
      "2017-08-29T00:00:00\n",
      "2017-08-30T00:00:00\n",
      "2017-08-31T00:00:00\n",
      "2017-09-01T00:00:00\n",
      "2017-09-02T00:00:00\n",
      "2017-09-03T00:00:00\n",
      "2017-09-04T00:00:00\n",
      "2017-09-05T00:00:00\n",
      "2017-09-06T00:00:00\n",
      "2017-09-07T00:00:00\n",
      "2017-09-08T00:00:00\n",
      "2017-09-09T00:00:00\n",
      "2017-09-10T00:00:00\n",
      "2017-09-11T00:00:00\n",
      "2017-09-12T00:00:00\n",
      "2017-09-13T00:00:00\n",
      "2017-09-14T00:00:00\n",
      "2017-09-15T00:00:00\n",
      "2017-09-16T00:00:00\n",
      "2017-09-17T00:00:00\n",
      "2017-09-18T00:00:00\n",
      "2017-09-19T00:00:00\n",
      "2017-09-20T00:00:00\n",
      "2017-09-21T00:00:00\n",
      "2017-09-22T00:00:00\n",
      "2017-09-23T00:00:00\n",
      "2017-09-24T00:00:00\n",
      "2017-09-25T00:00:00\n",
      "2017-09-26T00:00:00\n",
      "2017-09-27T00:00:00\n",
      "2017-09-28T00:00:00\n",
      "2017-09-29T00:00:00\n",
      "2017-09-30T00:00:00\n",
      "2017-10-01T00:00:00\n",
      "2017-10-02T00:00:00\n",
      "2017-10-03T00:00:00\n",
      "2017-10-04T00:00:00\n",
      "2017-10-05T00:00:00\n",
      "2017-10-06T00:00:00\n",
      "2017-10-07T00:00:00\n",
      "2017-10-08T00:00:00\n",
      "2017-10-09T00:00:00\n",
      "2017-10-10T00:00:00\n",
      "2017-10-11T00:00:00\n",
      "2017-10-12T00:00:00\n",
      "2017-10-13T00:00:00\n",
      "2017-10-14T00:00:00\n",
      "2017-10-15T00:00:00\n",
      "2017-10-16T00:00:00\n",
      "2017-10-17T00:00:00\n",
      "2017-10-18T00:00:00\n",
      "2017-10-19T00:00:00\n",
      "2017-10-20T00:00:00\n",
      "2017-10-21T00:00:00\n",
      "2017-10-22T00:00:00\n",
      "2017-10-23T00:00:00\n",
      "2017-10-24T00:00:00\n",
      "2017-10-25T00:00:00\n",
      "2017-10-26T00:00:00\n",
      "2017-10-27T00:00:00\n",
      "2017-10-28T00:00:00\n",
      "2017-10-29T00:00:00\n",
      "2017-10-30T00:00:00\n",
      "2017-10-31T00:00:00\n",
      "2017-11-01T00:00:00\n",
      "2017-11-02T00:00:00\n",
      "2017-11-03T00:00:00\n",
      "2017-11-04T00:00:00\n",
      "2017-11-05T00:00:00\n",
      "2017-11-06T00:00:00\n",
      "2017-11-07T00:00:00\n",
      "2017-11-08T00:00:00\n",
      "2017-11-09T00:00:00\n",
      "2017-11-10T00:00:00\n",
      "2017-11-11T00:00:00\n",
      "2017-11-12T00:00:00\n",
      "2017-11-13T00:00:00\n",
      "2017-11-14T00:00:00\n",
      "2017-11-15T00:00:00\n",
      "2017-11-16T00:00:00\n",
      "2017-11-17T00:00:00\n",
      "2017-11-18T00:00:00\n",
      "2017-11-19T00:00:00\n",
      "2017-11-20T00:00:00\n",
      "2017-11-21T00:00:00\n",
      "2017-11-22T00:00:00\n",
      "2017-11-23T00:00:00\n",
      "2017-11-24T00:00:00\n",
      "2017-11-25T00:00:00\n",
      "2017-11-26T00:00:00\n",
      "2017-11-27T00:00:00\n",
      "2017-11-28T00:00:00\n",
      "2017-11-29T00:00:00\n",
      "2017-11-30T00:00:00\n",
      "2017-12-01T00:00:00\n",
      "2017-12-02T00:00:00\n",
      "2017-12-03T00:00:00\n",
      "2017-12-04T00:00:00\n",
      "2017-12-05T00:00:00\n",
      "2017-12-06T00:00:00\n",
      "2017-12-07T00:00:00\n",
      "2017-12-08T00:00:00\n",
      "2017-12-09T00:00:00\n",
      "2017-12-10T00:00:00\n",
      "2017-12-11T00:00:00\n",
      "2017-12-12T00:00:00\n",
      "2017-12-13T00:00:00\n",
      "2017-12-14T00:00:00\n",
      "2017-12-15T00:00:00\n",
      "2017-12-16T00:00:00\n",
      "2017-12-17T00:00:00\n",
      "2017-12-18T00:00:00\n",
      "2017-12-19T00:00:00\n",
      "2017-12-20T00:00:00\n",
      "2017-12-21T00:00:00\n",
      "2017-12-22T00:00:00\n",
      "2017-12-23T00:00:00\n",
      "2017-12-24T00:00:00\n",
      "2017-12-25T00:00:00\n",
      "2017-12-26T00:00:00\n",
      "2017-12-27T00:00:00\n",
      "2017-12-28T00:00:00\n",
      "2017-12-29T00:00:00\n",
      "2017-12-30T00:00:00\n",
      "2017-12-31T00:00:00\n",
      "2018-01-01T00:00:00\n",
      "2018-01-02T00:00:00\n",
      "2018-01-03T00:00:00\n",
      "2018-01-04T00:00:00\n",
      "2018-01-05T00:00:00\n",
      "2018-01-06T00:00:00\n",
      "2018-01-07T00:00:00\n",
      "2018-01-08T00:00:00\n",
      "2018-01-09T00:00:00\n",
      "2018-01-10T00:00:00\n",
      "2018-01-11T00:00:00\n",
      "2018-01-12T00:00:00\n",
      "2018-01-13T00:00:00\n",
      "2018-01-14T00:00:00\n",
      "2018-01-15T00:00:00\n",
      "2018-01-16T00:00:00\n",
      "2018-01-17T00:00:00\n",
      "2018-01-18T00:00:00\n",
      "2018-01-19T00:00:00\n",
      "2018-01-20T00:00:00\n",
      "2018-01-21T00:00:00\n",
      "2018-01-22T00:00:00\n",
      "2018-01-23T00:00:00\n",
      "2018-01-24T00:00:00\n",
      "2018-01-25T00:00:00\n",
      "2018-01-26T00:00:00\n",
      "2018-01-27T00:00:00\n",
      "2018-01-28T00:00:00\n",
      "2018-01-29T00:00:00\n",
      "2018-01-30T00:00:00\n",
      "2018-01-31T00:00:00\n",
      "2018-02-01T00:00:00\n",
      "2018-02-02T00:00:00\n",
      "2018-02-03T00:00:00\n",
      "2018-02-04T00:00:00\n",
      "2018-02-05T00:00:00\n",
      "2018-02-06T00:00:00\n",
      "2018-02-07T00:00:00\n",
      "2018-02-08T00:00:00\n",
      "2018-02-09T00:00:00\n",
      "2018-02-10T00:00:00\n",
      "2018-02-11T00:00:00\n",
      "2018-02-12T00:00:00\n",
      "2018-02-13T00:00:00\n",
      "2018-02-14T00:00:00\n",
      "2018-02-15T00:00:00\n",
      "2018-02-16T00:00:00\n",
      "2018-02-17T00:00:00\n",
      "2018-02-18T00:00:00\n",
      "2018-02-19T00:00:00\n",
      "2018-02-20T00:00:00\n",
      "2018-02-21T00:00:00\n",
      "2018-02-22T00:00:00\n",
      "2018-02-23T00:00:00\n",
      "2018-02-24T00:00:00\n",
      "2018-02-25T00:00:00\n",
      "2018-02-26T00:00:00\n",
      "2018-02-27T00:00:00\n",
      "2018-02-28T00:00:00\n",
      "2018-03-01T00:00:00\n",
      "2018-03-02T00:00:00\n",
      "2018-03-03T00:00:00\n",
      "2018-03-04T00:00:00\n",
      "2018-03-05T00:00:00\n",
      "2018-03-06T00:00:00\n",
      "2018-03-07T00:00:00\n",
      "2018-03-08T00:00:00\n",
      "2018-03-09T00:00:00\n",
      "2018-03-10T00:00:00\n",
      "2018-03-11T00:00:00\n",
      "2018-03-12T00:00:00\n",
      "2018-03-13T00:00:00\n",
      "2018-03-14T00:00:00\n",
      "2018-03-15T00:00:00\n",
      "2018-03-16T00:00:00\n",
      "2018-03-17T00:00:00\n",
      "2018-03-18T00:00:00\n",
      "2018-03-19T00:00:00\n",
      "2018-03-20T00:00:00\n",
      "2018-03-21T00:00:00\n",
      "2018-03-22T00:00:00\n",
      "2018-03-23T00:00:00\n"
     ]
    },
    {
     "name": "stdout",
     "output_type": "stream",
     "text": [
      "2018-03-24T00:00:00\n",
      "2018-03-25T00:00:00\n",
      "2018-03-26T00:00:00\n",
      "2018-03-27T00:00:00\n",
      "2018-03-28T00:00:00\n",
      "2018-03-29T00:00:00\n",
      "2018-03-30T00:00:00\n",
      "2018-03-31T00:00:00\n",
      "2018-04-01T00:00:00\n",
      "2018-04-02T00:00:00\n",
      "2018-04-03T00:00:00\n",
      "2018-04-04T00:00:00\n",
      "2018-04-05T00:00:00\n",
      "2018-04-06T00:00:00\n",
      "2018-04-07T00:00:00\n",
      "2018-04-08T00:00:00\n",
      "2018-04-09T00:00:00\n",
      "2018-04-10T00:00:00\n",
      "2018-04-11T00:00:00\n",
      "2018-04-12T00:00:00\n",
      "2018-04-13T00:00:00\n",
      "2018-04-14T00:00:00\n",
      "2018-04-15T00:00:00\n",
      "2018-04-16T00:00:00\n",
      "2018-04-17T00:00:00\n",
      "2018-04-18T00:00:00\n",
      "2018-04-19T00:00:00\n",
      "2018-04-20T00:00:00\n",
      "2018-04-21T00:00:00\n",
      "2018-04-22T00:00:00\n",
      "2018-04-23T00:00:00\n",
      "2018-04-24T00:00:00\n",
      "2018-04-25T00:00:00\n",
      "2018-04-26T00:00:00\n",
      "2018-04-27T00:00:00\n",
      "2018-04-28T00:00:00\n",
      "2018-04-29T00:00:00\n",
      "2018-04-30T00:00:00\n",
      "2018-05-01T00:00:00\n",
      "2018-05-02T00:00:00\n",
      "2018-05-03T00:00:00\n",
      "2018-05-04T00:00:00\n",
      "2018-05-05T00:00:00\n",
      "2018-05-06T00:00:00\n",
      "2018-05-07T00:00:00\n",
      "2018-05-08T00:00:00\n",
      "2018-05-09T00:00:00\n",
      "2018-05-10T00:00:00\n",
      "2018-05-11T00:00:00\n",
      "2018-05-12T00:00:00\n",
      "2018-05-13T00:00:00\n",
      "2018-05-14T00:00:00\n",
      "2018-05-15T00:00:00\n",
      "2018-05-16T00:00:00\n",
      "2018-05-17T00:00:00\n",
      "2018-05-18T00:00:00\n",
      "2018-05-19T00:00:00\n",
      "2018-05-20T00:00:00\n",
      "2018-05-21T00:00:00\n",
      "2018-05-22T00:00:00\n",
      "2018-05-23T00:00:00\n",
      "2018-05-24T00:00:00\n",
      "2018-05-25T00:00:00\n",
      "2018-05-26T00:00:00\n",
      "2018-05-27T00:00:00\n",
      "2018-05-28T00:00:00\n",
      "2018-05-29T00:00:00\n",
      "2018-05-30T00:00:00\n",
      "2018-05-31T00:00:00\n",
      "2018-06-01T00:00:00\n",
      "2018-06-02T00:00:00\n",
      "2018-06-03T00:00:00\n",
      "2018-06-04T00:00:00\n",
      "2018-06-05T00:00:00\n",
      "2018-06-06T00:00:00\n",
      "2018-06-07T00:00:00\n",
      "2018-06-08T00:00:00\n",
      "2018-06-09T00:00:00\n",
      "2018-06-10T00:00:00\n",
      "2018-06-11T00:00:00\n",
      "2018-06-12T00:00:00\n",
      "2018-06-13T00:00:00\n",
      "2018-06-14T00:00:00\n",
      "2018-06-15T00:00:00\n",
      "2018-06-16T00:00:00\n",
      "2018-06-17T00:00:00\n",
      "2018-06-18T00:00:00\n",
      "2018-06-19T00:00:00\n",
      "2018-06-20T00:00:00\n",
      "2018-06-21T00:00:00\n",
      "2018-06-22T00:00:00\n",
      "2018-06-23T00:00:00\n",
      "2018-06-24T00:00:00\n",
      "2018-06-25T00:00:00\n",
      "2018-06-26T00:00:00\n",
      "2018-06-27T00:00:00\n",
      "2018-06-28T00:00:00\n",
      "2018-06-29T00:00:00\n",
      "2018-06-30T00:00:00\n",
      "2018-07-01T00:00:00\n",
      "2018-07-02T00:00:00\n",
      "2018-07-03T00:00:00\n",
      "2018-07-04T00:00:00\n",
      "2018-07-05T00:00:00\n",
      "2018-07-06T00:00:00\n",
      "2018-07-07T00:00:00\n",
      "2018-07-08T00:00:00\n",
      "2018-07-09T00:00:00\n",
      "2018-07-10T00:00:00\n",
      "2018-07-11T00:00:00\n",
      "2018-07-12T00:00:00\n",
      "2018-07-13T00:00:00\n",
      "2018-07-14T00:00:00\n",
      "2018-07-15T00:00:00\n",
      "2018-07-16T00:00:00\n",
      "2018-07-17T00:00:00\n",
      "2018-07-18T00:00:00\n",
      "2018-07-19T00:00:00\n",
      "2018-07-20T00:00:00\n",
      "2018-07-21T00:00:00\n",
      "2018-07-22T00:00:00\n",
      "2018-07-23T00:00:00\n",
      "2018-07-24T00:00:00\n",
      "2018-07-25T00:00:00\n",
      "2018-07-26T00:00:00\n",
      "2018-07-27T00:00:00\n",
      "2018-07-28T00:00:00\n",
      "2018-07-29T00:00:00\n",
      "2018-07-30T00:00:00\n",
      "2018-07-31T00:00:00\n",
      "2018-08-01T00:00:00\n",
      "2018-08-02T00:00:00\n",
      "2018-08-03T00:00:00\n",
      "2018-08-04T00:00:00\n",
      "2018-08-05T00:00:00\n",
      "2018-08-06T00:00:00\n",
      "2018-08-07T00:00:00\n",
      "2018-08-08T00:00:00\n",
      "2018-08-09T00:00:00\n",
      "2018-08-10T00:00:00\n",
      "2018-08-11T00:00:00\n",
      "2018-08-12T00:00:00\n",
      "2018-08-13T00:00:00\n",
      "2018-08-14T00:00:00\n",
      "2018-08-15T00:00:00\n",
      "2018-08-16T00:00:00\n",
      "2018-08-17T00:00:00\n",
      "2018-08-18T00:00:00\n",
      "2018-08-19T00:00:00\n",
      "2018-08-20T00:00:00\n",
      "2018-08-21T00:00:00\n",
      "2018-08-22T00:00:00\n",
      "2018-08-23T00:00:00\n",
      "2018-08-24T00:00:00\n",
      "2018-08-25T00:00:00\n",
      "2018-08-26T00:00:00\n",
      "2018-08-27T00:00:00\n",
      "2018-08-28T00:00:00\n",
      "2018-08-29T00:00:00\n",
      "2018-08-30T00:00:00\n",
      "2018-08-31T00:00:00\n",
      "2018-09-01T00:00:00\n",
      "2018-09-02T00:00:00\n",
      "2018-09-03T00:00:00\n",
      "2018-09-04T00:00:00\n",
      "2018-09-05T00:00:00\n",
      "2018-09-06T00:00:00\n",
      "2018-09-07T00:00:00\n",
      "2018-09-08T00:00:00\n",
      "2018-09-09T00:00:00\n",
      "2018-09-10T00:00:00\n",
      "2018-09-11T00:00:00\n",
      "2018-09-12T00:00:00\n",
      "2018-09-13T00:00:00\n",
      "2018-09-14T00:00:00\n",
      "2018-09-15T00:00:00\n",
      "2018-09-16T00:00:00\n",
      "2018-09-17T00:00:00\n",
      "2018-09-18T00:00:00\n",
      "2018-09-19T00:00:00\n",
      "2018-09-20T00:00:00\n",
      "2018-09-21T00:00:00\n",
      "2018-09-22T00:00:00\n",
      "2018-09-23T00:00:00\n",
      "2018-09-24T00:00:00\n",
      "2018-09-25T00:00:00\n",
      "2018-09-26T00:00:00\n",
      "2018-09-27T00:00:00\n",
      "2018-09-28T00:00:00\n",
      "2018-09-29T00:00:00\n",
      "2018-09-30T00:00:00\n",
      "2018-10-01T00:00:00\n",
      "2018-10-02T00:00:00\n",
      "2018-10-03T00:00:00\n",
      "2018-10-04T00:00:00\n",
      "2018-10-05T00:00:00\n",
      "2018-10-06T00:00:00\n",
      "2018-10-07T00:00:00\n",
      "2018-10-08T00:00:00\n",
      "2018-10-09T00:00:00\n",
      "2018-10-10T00:00:00\n",
      "2018-10-11T00:00:00\n",
      "2018-10-12T00:00:00\n",
      "2018-10-13T00:00:00\n",
      "2018-10-14T00:00:00\n",
      "2018-10-15T00:00:00\n",
      "2018-10-16T00:00:00\n",
      "2018-10-17T00:00:00\n",
      "2018-10-18T00:00:00\n",
      "2018-10-19T00:00:00\n",
      "2018-10-20T00:00:00\n",
      "2018-10-21T00:00:00\n",
      "2018-10-22T00:00:00\n",
      "2018-10-23T00:00:00\n",
      "2018-10-24T00:00:00\n",
      "2018-10-25T00:00:00\n",
      "2018-10-26T00:00:00\n",
      "2018-10-27T00:00:00\n",
      "2018-10-28T00:00:00\n",
      "2018-10-29T00:00:00\n",
      "2018-10-30T00:00:00\n",
      "2018-10-31T00:00:00\n",
      "2018-11-01T00:00:00\n",
      "2018-11-02T00:00:00\n",
      "2018-11-03T00:00:00\n",
      "2018-11-04T00:00:00\n",
      "2018-11-05T00:00:00\n",
      "2018-11-06T00:00:00\n",
      "2018-11-07T00:00:00\n",
      "2018-11-08T00:00:00\n",
      "2018-11-09T00:00:00\n",
      "2018-11-10T00:00:00\n",
      "2018-11-11T00:00:00\n",
      "2018-11-12T00:00:00\n",
      "2018-11-13T00:00:00\n",
      "2018-11-14T00:00:00\n",
      "2018-11-15T00:00:00\n",
      "2018-11-16T00:00:00\n",
      "2018-11-17T00:00:00\n",
      "2018-11-18T00:00:00\n",
      "2018-11-19T00:00:00\n",
      "2018-11-20T00:00:00\n",
      "2018-11-21T00:00:00\n",
      "2018-11-22T00:00:00\n",
      "2018-11-23T00:00:00\n",
      "2018-11-24T00:00:00\n",
      "2018-11-25T00:00:00\n",
      "2018-11-26T00:00:00\n",
      "2018-11-27T00:00:00\n",
      "2018-11-28T00:00:00\n",
      "2018-11-29T00:00:00\n",
      "2018-11-30T00:00:00\n",
      "2018-12-01T00:00:00\n",
      "2018-12-02T00:00:00\n",
      "2018-12-03T00:00:00\n",
      "2018-12-04T00:00:00\n",
      "2018-12-05T00:00:00\n",
      "2018-12-06T00:00:00\n",
      "2018-12-07T00:00:00\n",
      "2018-12-08T00:00:00\n",
      "2018-12-09T00:00:00\n",
      "2018-12-10T00:00:00\n",
      "2018-12-11T00:00:00\n",
      "2018-12-12T00:00:00\n",
      "2018-12-13T00:00:00\n",
      "2018-12-14T00:00:00\n",
      "2018-12-15T00:00:00\n",
      "2018-12-16T00:00:00\n",
      "2018-12-17T00:00:00\n",
      "2018-12-18T00:00:00\n",
      "2018-12-19T00:00:00\n",
      "2018-12-20T00:00:00\n",
      "2018-12-21T00:00:00\n",
      "2018-12-22T00:00:00\n",
      "2018-12-23T00:00:00\n",
      "2018-12-24T00:00:00\n",
      "2018-12-25T00:00:00\n",
      "2018-12-26T00:00:00\n",
      "2018-12-27T00:00:00\n",
      "2018-12-28T00:00:00\n",
      "2018-12-29T00:00:00\n",
      "2018-12-30T00:00:00\n",
      "2018-12-31T00:00:00\n",
      "2019-01-01T00:00:00\n",
      "2019-01-02T00:00:00\n",
      "2019-01-03T00:00:00\n",
      "2019-01-04T00:00:00\n",
      "2019-01-05T00:00:00\n",
      "2019-01-06T00:00:00\n",
      "2019-01-07T00:00:00\n",
      "2019-01-08T00:00:00\n",
      "2019-01-09T00:00:00\n",
      "2019-01-10T00:00:00\n",
      "2019-01-11T00:00:00\n",
      "2019-01-12T00:00:00\n",
      "2019-01-13T00:00:00\n",
      "2019-01-14T00:00:00\n",
      "2019-01-15T00:00:00\n",
      "2019-01-16T00:00:00\n",
      "2019-01-17T00:00:00\n",
      "2019-01-18T00:00:00\n",
      "2019-01-19T00:00:00\n",
      "2019-01-20T00:00:00\n",
      "2019-01-21T00:00:00\n",
      "2019-01-22T00:00:00\n",
      "2019-01-23T00:00:00\n",
      "2019-01-24T00:00:00\n",
      "2019-01-25T00:00:00\n",
      "2019-01-26T00:00:00\n",
      "2019-01-27T00:00:00\n",
      "2019-01-28T00:00:00\n",
      "2019-01-29T00:00:00\n",
      "2019-01-30T00:00:00\n",
      "2019-01-31T00:00:00\n",
      "2019-02-01T00:00:00\n",
      "2019-02-02T00:00:00\n",
      "2019-02-03T00:00:00\n",
      "2019-02-04T00:00:00\n",
      "2019-02-05T00:00:00\n",
      "2019-02-06T00:00:00\n",
      "2019-02-07T00:00:00\n",
      "2019-02-08T00:00:00\n",
      "2019-02-09T00:00:00\n",
      "2019-02-10T00:00:00\n",
      "2019-02-11T00:00:00\n",
      "2019-02-12T00:00:00\n",
      "2019-02-13T00:00:00\n",
      "2019-02-14T00:00:00\n",
      "2019-02-15T00:00:00\n",
      "2019-02-16T00:00:00\n",
      "2019-02-17T00:00:00\n",
      "2019-02-18T00:00:00\n",
      "2019-02-19T00:00:00\n",
      "2019-02-20T00:00:00\n",
      "2019-02-21T00:00:00\n",
      "2019-02-22T00:00:00\n",
      "2019-02-23T00:00:00\n",
      "2019-02-24T00:00:00\n"
     ]
    }
   ],
   "source": [
    "import time\n",
    "from datetime import datetime, timedelta\n",
    "starting_date = \"2017-02-07\"\n",
    "ending_date = \"2019-02-24\"\n",
    "\n",
    "\n",
    "date1_obj = datetime.strptime(starting_date, \"%Y-%m-%d\")\n",
    "date2_obj = datetime.strptime(ending_date, \"%Y-%m-%d\")\n",
    "\n",
    "weather = {}\n",
    "\n",
    "print(date1_obj.year)\n",
    "print(str(date1_obj.month).zfill(2))\n",
    "print(str(date1_obj.day).zfill(2))\n",
    "with open(\"weather_data.json\", \"w\") as f:\n",
    "    next_d = date1_obj\n",
    "    while next_d<=date2_obj:\n",
    "        time_param =  \"{}-{}-{}T00:00:00\".format(next_d.year,str(next_d.month).zfill(2), str(next_d.day).zfill(2) )\n",
    "        date_key = \"{}-{}-{}\".format(next_d.year,str(next_d.month).zfill(2), str(next_d.day).zfill(2) )\n",
    "        \n",
    "        resp = requests.get(url.format(time_param), params)        \n",
    "        weather[date_key] = json.loads(resp.text)\n",
    "        print(time_param)\n",
    "        next_d = next_d + timedelta(days=1)\n",
    "    json.dump(weather, f)"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/Trapezoid method.ipynb

{
 "cells": [
  {
   "cell_type": "code",
   "execution_count": 1,
   "metadata": {},
   "outputs": [],
   "source": [
    "import matplotlib.pyplot as plt\n",
    "import numpy as np"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": 94,
   "metadata": {},
   "outputs": [
    {
     "data": {
      "image/png": "\n",
      "text/plain": [
       "<Figure size 1224x720 with 1 Axes>"
      ]
     },
     "metadata": {
      "needs_background": "light"
     },
     "output_type": "display_data"
    }
   ],
   "source": [
    "x=[10,20,30,40,50]\n",
    "y=[400, 600, 600, 800, 1000]\n",
    "\n",
    "fig, axis = plt.subplots()\n",
    "axis.plot(x,y, '-')\n",
    "axis.scatter(x,y)\n",
    "for el in x: axis.axvline(el, color='grey', linestyle='-.', linewidth='0.5')\n",
    "for i in range(0,1001,200): axis.axhline(i, color='grey', linestyle='-.', linewidth='0.5') \n",
    "\n",
    "axis.set_xticklabels([\"\", \"t1=10\", \"\", \"t2=20\", \"\", \"t3=30\", \"\", \"t4=50\", \"\", \"t5=50\"], fontsize= 15)\n",
    "\n",
    "# axis.fill_between(x, y)\n",
    "axis.set_yticklabels(np.arange(0,1600, 200), fontsize= 15)\n",
    "axis.fill_between(x,  y, 0, facecolor = \"red\", alpha=0.1, animated=True)\n",
    "fig.tight_layout()\n",
    "fig.set_size_inches(17, 10)\n",
    "fig.savefig('trapezoid_integration.png')"
   ]
  },
  {
   "cell_type": "code",
   "execution_count": null,
   "metadata": {},
   "outputs": [],
   "source": []
  }
 ],
 "metadata": {
  "kernelspec": {
   "display_name": "Python 3",
   "language": "python",
   "name": "python3"
  },
  "language_info": {
   "codemirror_mode": {
    "name": "ipython",
    "version": 3
   },
   "file_extension": ".py",
   "mimetype": "text/x-python",
   "name": "python",
   "nbconvert_exporter": "python",
   "pygments_lexer": "ipython3",
   "version": "3.7.2"
  }
 },
 "nbformat": 4,
 "nbformat_minor": 2
}







Thesis jupyter notebooks/README.txt

THis file contains the Jupyter notebooks that were used to train the machine learning models of the thesis. 

No dataset is provided though, as the data used in the thesis are confidential.

In addition some other notebooks used throughout the thesis have been included. 






