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Abstract

The wide proliferation of renewable energy and deregulation of power grid sys-
tems require small power utilization systems to deploy intelligent methods of ad-
justment to the user power demand. In order to accomplish this goal, the smart
power demand forecasting and power consumption optimization methods and algo-
rithms need to be developed. For this purpose, small power utilization systems can
benefit from the techniques developed for the smart grid in general.

This thesis is devoted to the development of the forecasting model based on
the Long Short-Term Memory (LSTM) method and the optimization model based
on Genetic Algorithm (GA) adopted for the use in home energy management sys-
tems (HEMS). The thesis work presents the small smart grid architecture, which
describes the roles of the LSTM and GA in small smart grid. The system also in-
cludes the load identification subsystem based on the Newton-phaselet algorithm.

The LSTM method and GA are tested using Matlab simulation, as well as
implemented using Python programming/scripting language with the PyTorch li-
brary. The forecasting LSTM algorithm is tested with a number of interruptible ap-
pliances to predict power demand over 24 hour segments. The experiments demon-
strate that the developed algorithm generates a stable pattern of daily power de-
mand; therefore, it has a high predictive power. The scheduling algorithm based
on the developed optimization model is tested using photovoltaic power and stored
battery power. The use of the developed algorithm allows automated shifting of

power to achieve the lowest price without sacrificing user’s comfort.
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Chapter 1

Introduction

1.1 General

Since the introduction of deregulated power grid systems, there has been a
push for an efficient grid. This push has resulted in the wide proliferation of the
smart grid concept and its functions. The original power grid systems are incor-
porating such aspects as artificial intelligence, renewable energy technologies, and
storage systems. Those innovations contribute in the grid system’s evolution into
the smart grid system. The main purpose of the smart grid is to establish a balance
between the generation and load. Research in this field aims to solve issues plagu-
ing grid systems such as power shifting in peak hours, power transmission conges-
tion, and the injection of renewable energy into the system [1]. These smart sys-
tems are now spearheading the industry as these issues are important to sustain the
grid.

Small utilization systems can benefit from the techniques developed for the
smart grid. These techniques can help to turn the power utilization systems into
a small smart grid. Techniques, including machine learning and other artificial in-
telligence can adaptively adjust to the user power demand. These algorithms can
ensure the efficiency of the system and reduce wasted energy.

Machine learning approaches, such as an artificial neural network (ANN), can
accurately and robustly predict classification and regression results. The results of

an ANN-based algorithm can predict the future power demand for utilization sys-



tem. These results can then be applied to an optimizer, such as scheduling genetic
algorithm, to regulate and schedule utilization system for optimal energy manage-
ment. For instance, heating, ventilation, and air conditioning (HVAC) systems
consume energy on a regular basis even when it is not essential to the users. In this
case, a predictive algorithm can be used to learn the user’s behaviour to regulate
power consumption for optimal usages.

The research focus of the power industry has mostly been in the generation and
distribution side of the smart grid. However, the power industry does incentivise
utilization with models such as time-of-day pricing [2]. This research bridges the
gap between the power industry and the utilization systems to reduce consumption
during peak demand.

Converting the utilization system into an adaptive small smart grid helps both
the user and the grid system. The goal of applying artificial intelligence algorithms
is to optimize power consumption without impacting user comfort level and experi-

ence.

1.2 Thesis Objectives

The smart grid system has been well developed for the segments of power gen-
eration, transmission, and distribution, but not developed enough for power uti-
lization. The main objective of the proposed work is to create the framework for
a small smart grid for the power utilization system. This involves artificial intelli-
gence automation including Long Short-Term Memory (LSTM) and Genetic Algo-
rithm (GA).

The secondary objective is to investigate the scheduling of power storage ele-
ments to improve the scheduling of regulated loads, and to offset deferrable load

pricing. This relaxes the optimization settings when power is drawn from the stor-



age elements. Furthermore, loads that are forced to defer due to the time-of-day
pricing system, are not forced to defer if the loads can run on the stored power.
Thesis outline is organized as fallows. Chapter 2 reviews related literature.
Chapter 3 describes the design of the system under study. Chapter 4 is devoted
to the details of the system implementation. Chapter 5 demonstrate the simulated

and the experimental result. Chapter 6 concludes the thesis.



Chapter 2

Literature Review

2.1 General

In power utilization systems, loads can be categorized as fixed loads, regulated
(schedulable) loads, and deferrable loads. A forecasting algorithm can develop a
method to predict scheduling strategies for the regulated load. Normally, forecast-
ing uses engineering methods, statistical methods, and artificial intelligence meth-
ods [3]. The most commonly implemented methods in the field of artificial intelli-
gence are Artificial Neural Network (ANN) and Support Vector Machine (SVM)
[4, 5]. An optimizing algorithm can be deployed to minimize the overall cost and
energy consumption [6]. Consequently, a house with a home energy management
system (HEMS) plays an important role in enhancing efficiency, reliability, econ-
omy and energy conservation for distribution systems.

The HEMS role is to monitor and schedule appliances in real-time. In addi-
tion, user preferences are extracted via the human-machine interface with the appli-
ances. A model is then developed to reduce the cost and improve energy utilization
[7].

The grid framework is based on the demand response (DR) model [8, 9]. The
DR is classified into the Direct Load Control (DLC) and Price-Based Control
(PBC). In the DLC, the power utilities control particular appliances during peak
hours. Generally, this control manages short-term urgent situations, such as a high

frequency deviation in the power system [10, 11, 12]. The PBC, however, incen-



tivise users to be active articipants in the demand response program and appliance
scheduling [13, 14]. Depending on the development of scheduling algorithms, the
PBC methods are real-time pricing [15] and day-ahead pricing [6]. Both artificial
neural networks and support vector machines are widely used in forecasting, and it

is difficult to conclude which is the best forecasting model to use [3].

2.2 Load Identifier and Forecasting

The standard approach to model residential and small commercial loads (RSCLs)
is to establish patterns in the energy consumption. One of the early methods was
the bottoms-up method [16]. The bottoms-up structure starts at the individual ap-
pliances level and ends at the household level. This model offers an accurate pre-
diction of individual loads if all appliances maintain a cyclic behavior over similar
hours in similar seasons. The disadvantage of the bottoms-up model is the large
amount of historical data. The data includes, but is not limited to, multiple house-
holds’ energy consumption data, demographic data, and statistical probability of
appliances usage [16, 17]. Another limitation of the bottoms-up model is that any
changes in the appliances degrade the accuracy of the algorithm.

The gamma distribution is another algorithm that identifies and forecasts load
demand. The algorithm is based on the After Diversity Maximum Demand (ADMD)
concept [18]. The ADMD is the maximum demand, per customer, as the number
of customers connected to the network approaches infinity. This is derived from the
maximum yearly nodal demand on the transmission network divided by the num-
ber of customers served by that network. The ADMD is multiplied by a diversity
factor (DF') that increases the demand per customer as the size of the group de-
creases [18, 19]. There are multiple forms that formulate the ADMD, as shown in

Equation 2.1 - Equation 2.3 [18]:



MD = N« DF « ADMD, (2.1)

1 N
ADMD = lim — > P, (2.2)
z—oo [\ —
DF =1+ k (2.3)
- N
where:
MD:  Maximum demand of the customer group
DF: Diversity factor, also defined as the ratio of non-coincident maximum de-

mand of the customer group to the coincident maximum demand of the

group

ADMD: After Diversity Maximum Demand per customer

P,: demand of customer at the time of maximum system demand.
N: Number of customers
k: Empirically determined constant

The gamma distribution represents the demand by sampling power meter read-
ings. Basically, the algorithm establishes the forecasting by creating a utilization
profile/load profile. The limitation is the need for a large statistical data set. There
is also a need for a stochastic process that demands continuous sampling to obtain
correct values [17, 18].

A popular machine learning method is the artificial neural network (ANN),
which is covered in detail in section 2.3: Machine Learning. The purpose of deploy-
ing ANN is to learn patterns without explicit knowledge in the overall model or
profile [20]. The major concern with the algorithm is the need for a large amount

of historical data. The generalization of ANN and its ability to forecast beyond its



data space can also be questionable.

The Newton-phaselet algorithm is another method constructed to identify the
ON-OFTF status of energy storage appliances in residential and small commercial
loads (RSCL) based on the ZIP model. The ZIP model is based on the generic
load class constant power, constant current and constant power impedance loads.
The model is used in power system analysis, planning, and design. The general ZIP
model is characterized in terms of active and reactive power demands as inEquation 2.4

and Equation 2.5 [17]:

V V
P = Py(Pz(7)* + Pr(37) + Ps)(1+ Ky Af), (2.4)
Vo Vo
V. V
Q:QO(QZ(i) +Q1(7)+QS)(1+KQJCAJC)7 (25)
Vo Vo
where:
V: The measured voltage
Vo Rated voltage of the model load
P, Active power rating of the model load
Q,: Reactive power rating of the model load
Py: Active power demand by the constant impedance
Qz: Reactive power demand by the constant impedance
Pr: Active power demand by the constant current
Qr: Reactive power demand by the constant current
Ps: Active power demand by the constant power
Qs: Reactive power demand by the constant power



Ky The frequency sensitivity to variations in active power
Ky The frequency sensitivity to variations in reactive power
f: The operating frequency

Instantaneous changes in the active and reactive powers in the ZIP model can
compose the demands of different appliances. Then, appliances can be mapped into
constant impedance current and load. This can be easily decomposed by the ZIP
model [21]. In application, the power meter provides only active power readings;
therefore, numerical methods can be used to determine the reactive power [17].

The author in [17] adopts Newton-phaselet iteration methods based on the ZIP
model, where the measured active power is fed to the algorithm. The ZIP model
also standardizes values for K,r and K,r. The Newton-phaselet algorithm can de-
tect the appliances active power value by varying the K,r and K,r values corre-
sponding to each device.

The strength of the Newton-phaselet algorithm is that (unlike most other al-
gorithms) it eliminates the need for data training or modeling. Newton-phaselet
frame struggles in the need to fine tune K,r and K, p standardized values. Nonethe-
less, the Newton-phaselet has demonstrated that it can produce accurate results

with only the active power without the need for data training or model building.

2.3 Machine Learning

2.3.1 Artificial Neural Network

An artificial neural network (ANN) is inspired by the biological learning pro-
cess of building a complex web of interconnected neurons in which the human brain
can identify objects, complete tasks, reason solutions, and perform other functions

[22]. An ANN, similar to the biological process, creates neurons with an input
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layer, hidden layer and output layer as indicated Figure 2.1. The figure also shows
a possible example of ANN architecture. Multiple layers or different connections
can be applied to the neural network making ANN one of the most powerful learn-
ing methods used to find patterns in data. The algorithm helps devices to adap-

tively change without explicit representation of the changes.

Hidden

\ Output

Figure 2.1: Basic Artificial Neural Network Architecture [23]

2.3.2 Recurrent Neural Network and Long Short-Term Mem-

ory

A recurrent neural network RINN is a deep learning class of ANN. Designed
to learn sequential or time-varying patterns. An RINN builds on the ANN ar-
chitecture by adding a feedback loop allowing the RNN to act as a forecasting
engine. An RNN is essentially optimized for a forecasting application, whereas

an ANNN works best in classification or regression applications [24]. In addition,



RNN requires a large memory and CPU time that hinders its use. It also suf-

fers from a vanishing gradient problem. Since an RINN is a large network, small
changes in backpropagation of the output layer would be caused by the extremely
small changes in the input layer. This is especially true when using a hyperbolic
tangent tanh or Sigmoid function because they are bounded between [—1,1] and
[0, 1] respectively. Consequently, a reasonable gradient would never be computed
24, 25, 26]. The work [26] argued that gradient descent is inadequate to train tasks
involving long-term dependencies. There are multiple solutions for the vanishing
gradient problem. The most popular solutions are: (1) gradient clipping in which
the gradient is cut with an identified threshold [26]; (2) specific designed optimizer,
such as backpropagation through time [24]; and (3) gating, such as Long Short-
Term Memory LSTM [27]. The technique most commonly used to produce the

best results is gating, specifically LSTM [28, 29].

;
CAj = A » A
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Figure 2.2: Unrolled Recurrent Neural Network RNN [30]
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Figure 2.3: Recurrent Neural Network RNN Unit [30]

The LSTM is designed with an architecture that considers long-term depen-
dencies. The architecture solves the RNN vanishing gradient problem, where the
backpropagation error either blows up or decays exponentially [29]. Basically, the
layers in the LSTM are a set of recurrently connected blocks (Figure 2.4). The
overall connection is similar to the RNIN recurrent block connections in Figure 2.3.
Both RNN and LSTM connections resemble the memory chip in a digital com-
puter [24, 27, 29]. Each LSTM unit contains an input gate, output gate, and for-
get gate (Figure 2.5). Using the memory chip analogy, the gates are comparable to
the read, write, and reset functions, respectively [29].

In the LSTM unit (Figure 2.6), the use of function in Equation 2.6 and Equa-
tion 2.7 decides whether to forget/ignore or remember the input data. Figure 2.7
shows another Sigmoid function in Equation 2.8 that resolves which weights to
update. Meanwhile, the hyperbolic tangent Equation 2.9 trains the weights. A
clear contrast is demonstrated in this particular step between LSTM and RNN.
The RNN unit in Figure 2.3 trains the weights using an equation similar to Equa-
tion 2.9. However, the hyperbolic tangent function trains all the data, creating a
vanishing gradient problem. Techniques such as dropout can help with this prob-

lem by only addressing the input stage. In contrast, LSTM training addresses all

11



stages of the network with multiple Sigmoid functions to decide what to forget or
remember. Equation 2.10 clearly presents how LSTM forgets or remembers input
data. Figure 2.9, Equation 2.11, and Equation 2.12 show how the output layer and

hidden layer are finally updated.
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Figure 2.4: Long Short-Term Memory (LSTM) Unit [30]

NET OUTPUT
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Figure 2.5: Long Short-Term Memory (LSTM) Unit [29]
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Figure 2.6: Long Short-Term Memory
(LSTM) Step One [30]

Figure 2.7: Long Short-Term Memory
(LSTM) Step Two [30]

€3, ®
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Figure 2.8: Long Short-Term Memory
(LSTM) Step Three [30]
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h:

0y = O'(Wo.[h(t_l), l’t] + bo) (211)

hi—1 hy

R [ hy = o x tanh(C}) (2.12)

Figure 2.9: Long Short-Term Memory

(LSTM) Step Four [30]
In a comparison between an ANN and an RNN [31], the RNN is more ac-

curate. The authors also demonstrated that an ANN is reliable for the operating
points covered in the training set of the data. However, points, which are extrapo-
lated outside the training set, have resulted in significant errors. Neural networks
are uncomplicated to implement in comparison to RNNs. An ANN is computa-
tionally less expensive and can be applied to wide range of buildings due to its con-
trol accuracy and robustness. In comparing an RINN and LSTM, the authors in
28] found that LSTM performed better with fewer iterations than RNN. Even
though LSTM is more computationally expensive than an RNN (due to the ad-
dition of the forget gate) its overall computation is comparable. Since LSTM re-
quires fewer iterations to converge on a solution, the addition of the forget gate is
computationally less significant.

To conclude, LSTM has been chosen for the present research for its robustness
and accuracy over other machine learning algorithms. The LSTM is also capable
of handling the dynamics of a residential or commercial building where new equip-
ment is added frequently. There has also been a lack of research exploring LSTM

for forecasting building power consumption.
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2.3.3 Scheduling Genetic Algorithm

In its basic form, artificial intelligence (AI) is inspired by human intelligence.
The puzzle is that AT strives to solve how does a brain, biological or electronic,
perceives, understands, and solves complex problems [32]. Such as, the use of Al
in this research is to systematize and automate the appliances energy management
system. The algorithms adapted in AI can find solutions to complex optimization
problems with no knowledge of the problem space [33].

A genetic algorithm mimics the natural evolution of organisms. Organisms that
are ill-suited for the environment die, whereas organisms that can adapt (mutate)
to the environment prosper and reproduce. Consequently, what works well for na-
ture also works well for artificial intelligence [32]. These trends have been adopted
to develop multiple algorithms such as artificial neural network and genetic algo-
rithms.

A scheduling genetic algorithm, similar to a general/common genetic algorithm,
starts by creating a random number of population sets. Each population set con-
tains a number of individuals that represents the solution for the variables. This is
called the chromosome [34]. The population set is then evaluated by a fitness func-
tion to determine each population success, which is the ability for each population
to survive in the problem environment. The fitness function helps select the best
candidate for the cross-over, where the traits for the best of the population are ran-
domly passed down to their children. The children will undergo random mutation
to their traits. The operation can continue until a reasonable fitness is reached or
to a preset iteration number.

In the selection stage Figure 2.10, two parents are chosen from the popula-
tion for crossing. The use of this method is to randomly nominate chromosomes

from the population according to the evaluation function. Methods include roulette

15



wheel selection, random selection, and tournament selection. The higher the fit-
ness function, the higher the chance that an individual has of being selected. The
selection pressure is defined as the degree to which the better individuals are fa-
vored [35]. The research is focussed on tournament selection. According to [35],
tournament selection is an ideal selection strategy. This strategy uses a tournament
with all of the population to select an individual with the highest fitness. The tour-
nament winners are inserted into the mating pool. This method drives genetic al-
gorithms (GA) to improve the fitness of the succeeding genes. Consequently, the
method is more efficient and leads to a more optimal solution Algorithm 1 [35].

In the crossover stage Figure 2.10, the two selected parents from the selection
stage produce a child. The operation is applied to the mating pool in the hope
that it creates a better offspring. The crossover works by selecting two individ-
ual strings for the mutation at random. A cross site (section) is selected along the
string length at random. Finally, the position values are swapped between the two
strings following the cross site Algorithm 1.

In the mutation stage Figure 2.10, the main role is to prevent the algorithm
from being trapped on a local minimal, and it also keeps the gene pool stocked en-
suring ergodicity. Ergodic is a non-zero probability of generating any solution from
any population state [35]. Mutation plays a role in randomly distributing genetic
material (information). Basically, the stage introduces new genetic material to the
population by randomly reshaping its building blocks Algorithm 1.

The strength of scheduling genetic algorithm is that it does not require knowl-
edge of the problem space. Therefore, the algorithm can operate on a population
of solutions that does not require a gradient or other problem-specific information
to produce the optimal solution. A GA is also resistant to becoming trapped in
local optima [35]. Furthermore, a GA is capable in handling non-linear and noisy

optimization problems [34, 35]. The weakness of genetic algorithms (which is also

16



the weakness of all heuristic solution methods) is that the heuristic solutions do not

guarantee the best optimal solutions (if one exists). However, heuristic methods

find useful optimal solutions [33]. Specifically, in scheduling heuristic solutions, the

complexity occurs in defining the constraints of the optimization problem.

\/

Create initial random population

<

<

Store best individual

<

Creating mating pool

<

Create next generation
by applying crossover

Optimal
or good
solution
found?

J7No

Reproduce and ignore
few populations

<

Figure 2.10: Genetic Algorithm

Flowchart

Evaluate fitness for
each population ﬂ

Perform mutation|——

Algorithm 1 Genetic Algorithm [35]

1:

10:
11:

Start // Randomly populate n
chromosomes
for ¢« = 0 to iteration.length do

Fitness // Evaluate
the fitness f(x) of each chromosome
z in the population

Selection  // Select two parent
chromosomes from a population
according to their fitness (the better
fitness, the greater chance to get
selected)

Crossover // Crossover
the parents to form new offspring
(children). If no crossover was per-
formed, the offspring is an exact
copy of the parents

Mutation // Mutate new
offspring at each locus (position in
chromosome)

Accepting // Place new
offspring in the new population

if End condition is satisfied
then return The best solution
in the current population

break
end if

end for

17



2.4 Summary

The system utilizes machine learning, specifically LSTM, and its inherent fore-
casting capability. Sections 2.3.1 and 2.3.2 presented the essential properties of
LSTM to forecast. A GA is deployed to optimize the forecasting results to reduce
power consumption. A GA uses the forecasting results to optimize consumption to
the time-of-day pricing, which ensures reducing energy usage and cost.

To ensure that the forecasting is updated to changes in both human and appli-
ances behaviors, data is feedback to the forecaster. The Newton-phaselet identifies
power consumption from the power meter.

Chapter 3 details how the subsystems that implement the algorithms described

in Chapter 2, are integrated with each other.
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Chapter 3

System Design

An automated home energy management system design requires general un-
derstanding of current regulations and potential regulations, and of the ethics in
collecting the building appliances data. The system design needs power data from
the appliance, and the data should be handled carefully. When the data is stored,
as shown in Figure 3.1, most of the data collected and generated are stored in a
database. This is implemented to track the algorithm accuracy and potential im-

provements. None of the stored data is then disrupted or sold for other purposes.

|— ———————— =
| S
I /
I Forecasting Time
Model of
I day
pricing
N
| T
Historical | __ Scheduling Appliances Data
| Data 1™ Genetic F(’3pontrol Logger
| Algorithm
| I
I Load Newton-phaselet Power | |
Igorith
I Identifying algorithm Meter I
| Model I N
||

Use if available

Figure 3.1: System Architecture
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3.1 Forecasting Model

The forecasting model begins with Long Short-Term Memory (LSTM). This
is an important part of the model because forecasting inherently has all the advan-
tages and disadvantages of the algorithm. The reasons to choose a machine learning
algorithm is accuracy, the ability to manage changing parameters, and the ability
to deal with over-fitting and real-time training. The LSTM is a perfect candidate
to deal with these issues. If historical data has been collected, LSTM can learn
patterns. Notably, it is unrealistic to recognize all patterns because most houses do
not store historical data of their power usage. Even if historical data is stored and
available, it often does not reflect changes in the appliances. However, historical
data can be used to extract general patterns about how appliances have been used.

The power of a LSTM algorithm can be utilized to learn patterns and be-
haviours in real-time. The algorithm’s learning can occur with or without histori-
cal data. The disadvantage of an algorithm being employed without historical data
available is how long it can take to perform on an adequate level. Furthermore, the
architecture of LSTM allows the algorithm to manage new appliances. As tech-
nologies develop, appliances will become more energy efficient. Therefore, the algo-

rithm should be capable of managing those changes to forecast accurately.

3.2 Load Identifying Model

Multiple methods can obtain the data to train LSTM, including sensors and
profile based algorithms. Sensors are limited in use because of their installation
cost and privacy regulations. Accordingly, methods that can identify the load with
the power meter reads are preferred. The two types of algorithms that identify the

load with the meter readings are building-profile-dependent and building-profile-
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independent. As it is assumed, the building profile changes because of the changes
in appliances. It is also inconvenient to keep changing the profile in the algorithm
to match the building configuration. It is a challenging task to create a profile for
each building. For example, not every building has a dishwasher. Thus, a profile
that includes a dishwasher could detect a non-existent dishwasher because the algo-
rithm is designed to detect one. The forecasting algorithm also would be forced to
learn an appliance that does not exist. The building profile independent algorithm
finds the signature patterns of each appliance without the need of a pre-defined
profile.

A Newton-phaselet algorithm works independently to identify the load. In the
present design, the algorithm detects all the On-Off cycles of each appliance. This
information is then fed to the forecasting model to learn the patterns. The load
identifying model works as feedback to the forecasting model. The Newton-phaselet
finds the actual power used by the building. Therefore, if LSTM has inaccuracies
in forecasting the future power, it can correct its train by the output of Newton-
phaselet. After LSTM learns historical data, the load identifying model expands
the training. When appliances and power demand changes, the forecasting model
adapts the changes using the information detected by the Newton-phaselet. Most
utilization systems do not have historical data. Newton-phaselet offers the only

method to obtain data directly from the utilization system.

3.3 Optimization Model

In the optimization model, the proposed genetic algorithm (GA) schedules all
the regulated and deferrable loads. The model forecasts the next day power con-
sumption. The GA optimizes the time-of-day price set by the Independent System

Operators (ISO). The regulated and deferrable appliances are scheduled to mini-
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mize cost and preserve user’s comfort. The GA is a heuristic algorithm, which pro-
vides multiple suitable scheduling solutions. This fact is needed because the opti-

mization is conducted to a forecast solution.
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Chapter 4

System Implementation

4.1 Long Short-Term Memory

The software library PyTorch [36] is used to implement the LSTM. The Py-
Torch is am open source platform based on the Tensor library [36, 37| that uses
Python programming language to ease the neural network algorithm’s implemen-
tation. The PyTorch package has a low overhead that speeds the LSTM train-
ing. The snapshot of the LSTM setup function is presented below. The program
is commented using (#) comment statements, which explain the statements of the

program in plain language.

def _setup_rnn(self, learning rate=le—4, momentum=0.25, nesterov=
True, batch_ first=True, dropout=0.5):
# Save data for re—use
_rnn_data = 'lstm .dump'
__hidden_data = 'hidlstm .dump'

if os.path.isfile(_hidden_ data):
# Load our saved parameters
with open(__hidden_data, 'rb') as dump_ file:
_h_block = pickle.load (dump_ file)

(hidden, c0) = _h_block
else:
# No saved data, create new
hidden = Variable(torch.randn(self.layer_number, self
.hours, self.H_layer))
c0 = Variable(torch.randn(self.layer_number, self.

hours, self.H_ layer))

# Create or load the RNN
if os.path.isfile (_rnn_ data):

# Load our saved parameters

with open(_rnn_data, 'rb') as dump_ file:

self .rnn = pickle.load (dump_ file)

else:

# No saved data, create new

# Create the LSTM Network
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self .rnn = torch.nn.LSTM(input_size=self.inputSize ,
hidden_size=self.H_layer, num_ layers=self.layer_number,
bias=True,
batch_first=batch_ first ,
bidirectional=False, dropout=dropout)

# Implements stochastic gradient descent with Nesterov
momentum .

self.optimizer = torch.optim.SGD(self.rnn.parameters(),
Ir=learning_rate , momentum=momentum, nesterov=nesterov)

# Reduce learning rate when a mean squared error has
stopped improving

self.scheduler = ReduceLROnPlateau(self.optimizer, 'min',
patience=0, threshold=le—1,

factor=0.90, min_Ir=le

—25, verbose=False)

self.hidden = hidden

self.cO0 = c0

# Create a Mean Squared Error to be the loss function

self.loss_fn = torch.nn.MSELoss(size_average=False)

Listing 4.1: LSTM Function Setup

In the setup for LSTM function (line 24, Listing 4.1), it starts the network by
initiating the input size, hidden layer size, recurrent layer size, and other parame-
ters. Moreover, it sets the error method to a mean squared error (MSE) function

in Equation 4.1. This enables the LSTM network to train.

by = (w5 — yn>27 (4.1)

(Y 1,), Within a batch,
l(a,y) ={

> g, When all batchs are done,

a=1

« where mean squared error (MSE) parameters:
— x,: Normal real (giving) output
— yn: Normal predicted output
LSTM network includes [36]:
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« Bias: Adds a bias layer to the network.
« Batch first: Enables batch training in the network [38].

e Dropout: Introduces a dropout layer on the outputs of each LSTM layer ex-

cept the last layer, with dropout probability equal to dropout [39].

Bidirectional: The network becomes a bidirectional LSTM [40)].

The batch training method divides the input into small batches, significantly
reducing the training speed. Nonetheless, it might affect the generalization of the
overall training since only the small batches are being trained at the time. The
batching method is prone to over-fitting [22, 25, 38, 41]. Although, generalized
training is a concern, batching is implemented in the design because the training
occurs every 24 hours. A large set of data mends the generalizing issue. A dropout
technique can also help generalize [39, 41].

The dropout technique establishes a layer, within the hidden layer, on the feed-
forward connection of the LSTM network in Figure 4.1. It uses H**s' = ph to de-
termine if the node (neurons) is dropped from the calculations of the output layer.
The method improves the results and the generalization of LSTM. Dropout en-
sures that over-fitting does not occur or at least reduces the chance that over-fitting

occurs [39, 41].

25



s/ N
[\ I\
7/ 7 N
Q0 @O &0 & dopout
f— ' . —
ST — ~.4§§1%:-*—=;\ T —

Figure 4.1: Dropout is Only Applied to Feed-forward Connections in The RNN
(LSTM) [39]

Listing 4.1 line 27 sets up the training method. A stochastic gradient descent
with momentum because it is effective with regression based problems [42]. The
stochastic gradient descent uses a variation of gradient descent that can manage a
noisy gradient [43]. This method is especially effective in deep networks [42]. Fur-
thermore, the Nesterov’s momentum acts to accelerate gradient descent that accu-
mulates a velocity vector in Equation 4.2 and Equation 4.3. While the momentum
concept might be ignored for simple neural networks, that is not the case in deep
neural networks. Momentum is required to achieve or reach an optimized deep net-
work training in a timely fashion [42]. Therefore, LSTM benefits the stochastic

gradient descent with momentum to:
1. Manage noisy gradient, which is common in deep neural networks.
2. Accelerate/achieve the learning process for the deep network.

Vi1 = pvg + V(0 + poy) (4.2)
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6t+1 = Ht -+ U1 (43)

The scheduler method in Listing 4.1 line 30 determines if stochastic gradient
descent parameters require changing. While the training of the network is occur-
ring, the learning rate parameter may require modifications. The scheduler method
evaluates the gradient descent error. If the error is stuck or moving slowly, the
learning rate will change accordingly. The method checks if the gradient is at lo-
cal minimum. Especially in a deep network like LSTM, local minimum should be

avoided as it materializes more often. Below is the LSTM training function.

def _train(self, errors, inputs, outputs, num_ iter):

global y_pred, h_n
for epoch in range(num iter):
# Forward pass: compute predicted y_pred, the next
hidden layer h n
# by passing inputs, hidden and CO to the model.
y_pred, h.n = self.rnn(inputs, (self.hidden, self.c0)

# Getting the last output of the predicted y_ pred

y_pred = y_pred[—1]

# Calculate the mean square error between the real
output and the predicted output

loss = self.loss_fn(y_pred, outputs)

# Decompose the hidden layer h n

(self.hidden, self.c0) =h n

prev_Ir = self.optimizer.param_groups [0]['Ir ']

# Before the backward pass, use the optimizer object
to zero all of the

# gradients for the variables it will update (which
are the learnable weights of the model)

self.optimizer.zero_grad ()

# Backward pass: compute gradient of the loss with
respect to model parameters
loss . backward (retain__graph=True)

# Calling the step function on an Optimizer makes an
update to its parameters
self.scheduler.step(loss.item (), epoch)

# Fine control the learning rate
new_ Ir = self.optimizer.param groups[0]['lr ']
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if prev_Ilr = new_lIr:
self.optimizer.param_groups [0]['Ilr '] = new_lIr x
1.0001

self .optimizer.step ()
# Print epoch for debugging
if epoch % 5 = 0:

print (epoch, loss.item())

# Keep a list of errors for plotting later
errors.append (loss .item())

return y_pred, h_n

Listing 4.2: LSTM train function

The Listing 4.2 demonstrates how the LSTM is trained in the model. In line
8, by passing the inputs, hidden layer, and the memory cell state (forget gate), the
functions initiates the LSTM in Listing 4.1. The results from the LSTM are saved
along with the hidden layer and memory cell state. This is done to pass the data to
the next iteration or the next training. Keeping a consistent hidden layer and mem-
ory state is essential to the network. The prediction output is then evaluated with
real output using the loss (mean squared error) function. The loss is passed to the
scheduler to adjust the parameters, such as the learning rate of the stochastic gra-
dient descent. This ensures that the networking is learning properly. It also ensures
that over-fitting does not occur.

The results of the forecasting stage are then saved and passed to the next stage.
In the next stage the optimizer (genetic algorithm) uses the forecasting date to op-

timize the appliances to the time-of-day pricing.

4.2 Genetic Algorithm

The GA obtains the forecasting data and time-of-day pricing to start the pro-
cess of Figure 3.1. The purpose of the GA is to minimize the cost, and by doing so,

to reduce the power usage. The snapshot of the first stage of the GA, generating
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population, is below (the program is commented using #).

def __generate_sols(self):
## Genetic Algorithm

# Generate Solutions
cost = np.zeros(self.sols)

solution = []
for i in range(self.sols):
schedule = self._generatePop() # generating initial
population using generatePop ()
cost[i] = self._costfunction(schedule) # calculating
cost of each schedule in population
solution .append (schedule)
initial cost = cost [0]

data = []

cost _data =
data.append(solution)
cost__data.append(cost)

# Crossover & Mutation
for it in range(self.tot_it):
costl = np.copy(cost_data[it])
probabilities = 1 / costl # probability (to become
parent) is inversely proportional to cost
new__population = []
temp__cost = np.copy(costl)
for j in range(self.sols):

# parents = crossover (probabilities) # 2 parents
are selected probabilistically by crossover ()
parents = _crossover_tourment_selection(temp_cost
5) # 2

parents are selected probabilistically by crossover ()
feasible_child = self._generateChild (parents,
solution) #
generateChild () and mutation() generate a feasible child of
the parents
costl[j] = self._costfunction(feasible_child) #
cost of each child is calculated
new__population.append(feasible_child) # each
child is stored in new population

solution = copy.copy(new__population)
data.append (new_ population)
cost__data.append(costl)

return initial_cost , cost_data, data

Listing 4.3: GA Generating Population (Solution)

Listing 4.3 presents how the GA works. The algorithm generates a random

population (line 9). Therefore, it creates random appliance schedules. The algo-
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rithm then creates children from the best parents in the population and evaluates
the children. This process is repeated in specific number of iterations. The evalu-
ation (crossover) of the parents is the tournament selection, where the population
competes for the fittest parents. In this case, it means the best appliance schedule
with the lowest cost.
Experiments found that running the cost function results in an undesirable

schedule. Therefore, the cost function is modified to penalize the high and medium
price producing desirable results. The medium price is further multiplied by 14 and

the high price by 50. The multiplying factor is resulted from by trial and error List-

ing 4.4 below.

def __costfunction(self, schedule):

# this function calculates the total cost in $ for the
schedule using the price vector of the power company

cost__vector = np.zeros(self .M)

n_1 = np.where(schedule[self.N, :] > 0)[0]

total watts, ww = self. watts(schedule)

power = self. checking(schedule)

total _watts[n_1] = total watts[n_1] + power x self.ts
factor = np.ones(len(total watts))

## Penalty for extra—wattages during costly hours ##
high price = np.where(self.price > (np.mean(self.price) x
1.1))[0]

medium_ price = np.where(self.price > (np.mean(self.price)
)) [0]

factor [medium_ price] = 14
factor [high price] = 50
i
for i in range(self .M):
cost_vector[i] = (self.price[i] x (total watts[i]) =*
(1.0 / self.ts)) * (1.0 — schedule[self N+ 1, i]) % \
factor [1i]
cost = sum(cost__vector)
return cost

Listing 4.4: GA Cost Function
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4.3 Graphic User Interface

The Graphic User Interface GUI objective is to ease the interaction with the
algorithms. By changing the input files and the optimization parameters, the re-
sults can easily be obtained. Figure 4.2 demonstrates how the GUI accepts the

input matrices and enters the affected appliances. The default appliances are:

. Dryer 7. Iron
2. Washer 8. HVAC 1
3. Dishwasher 9. HVAC 2
4. Heat pump 10. Refrigerator
5. Electric vehicle battery 11. LED lights 1
6. Vacuum cleaner 12. LED lights 2

Instructions

Load Input ../x_train_8not.csv

Load Output |../y_train_8.csv

Enter Appliances Choose

Train Historical Data ~
8 Pick default Appliance

Use entered data

Next

Figure 4.2: Graphic User Interface (GUI) Page 1
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Figure 4.3 shows the optimization parameters page. On this page, the param-
eters for the forecaster (LSTM) or the optimizer (GA) can be fine-tuned or used
as default. The intended user of this page is an expert in artificial intelligence. The
default settings otherwise are sufficient to obtain satisfactory results. The parame-

ters include:

« LSTM

— Input side: The input size for the network;
— Number of layers: The number of memory cells in the network;

— Hidden layer: The number hidden layer for the network .
- GA

— Total time slots: The number of time slots to optimize for with every

30 minutes as the default;

— Initial no.of solution in GA: The number of population the GA gen-

erates;
— Total iterations in GA: The number of iterations the GA generates;

— Comfort: This is the level of comfort the GA strives to achieve. (In a
maximum system, the cost saving might not be positive since the system
schedules to the user comfort. In a minimum system, cost is prioritized
rather than user preferences. Medium comforts, attempts to strike a bal-

ance between comfort and cost);
— Time slot period: The period to schedule the appliances;

— Peak Photovoltaic (PV) power in kilowatts (KW): The maximum

power that can be provided by Photovoltaic (PV) (solar power);
— Power that the batteries are holding in KW: The power held in

the utilization batteries.
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Optimization parameters

Input size |1

Number of layers |4

Hidden layer |4

Total time slots 48

Initial no.of solutions in GA |70

Total iterations in GA |80

Comfort level 1 - minimum 2 - medium 3 - maximum |1
Time slot period 2.0

Peak PV power in kw 1.2

Current power that the batteries are holding in kw |2

Next

Figure 4.3: Graphic User Interface (GUI) Page 2

Figures 4.4 to 4.7 demonstrate examples of the expected results. Figure 4.6 and
Figure 4.7 reveal how the difference in comfort and PV availability can change the

result.

Figure 4.4: Results Example
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Chapter 5

Simulation and Results

5.1 Simulation

5.1.1 Forecaster

The forecaster is built using the MathWorks MATLAB Neural Network toolbox
(later renamed the Deep Learning toolbox). The toolbox has an easy interface with
a high level of functionality while hiding the neural networks details. The tool’s
main purpose is to verify that a network can be contacted successfully.

The MATLAB’s Levenberg-Marquardt backpropagation [44, 45] is used to train
the data to obtain per formance = 2.6735 and test — per formance = 2.1575.
The performance is evaluated using the Mean Square Error Equation 4.1, as shown
in Figure 5.1 and 5.2 . The training performance confirms that a network can be
established with effective results. This paved the way to design the optimizer.

Figure 5.3 displays how the MATLAB’s toolbox manages training. During train-
ing, the algorithm tracks how often changes occur in the error and whether the er-
ror remains steady for a number of validation checks. The number of checks is ar-
bitrary and user defined. Experiments found that if the number is large (more than
five or six checks), the algorithm will take the full epoch length (Figure 5.2). The
figure also shows that the validation check was set at 10 checks. When there are six
checks, there are 18 iterations Figure 5.1. This limits the strain on the CPU and is
an advantage of the neural network toolbox.

Notably, low validation check number (one or two checks) is ineffective, as it
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might miss global or lower gradient points. However, a large number will take the

full length of the epoch since the gradient will bounce around the minimum point.

Figure 5.3 illustrate where the minimum point was located. Figure 5.1 and Fig-

ure 5.2, prove that the performance is minimal, and greater processing power can-

not improve the results significantly. Furthermore, large iteration causes over-fitting

issues and the training cannot generalize to the problem space.

MNeural Network

Hidden

Output
In put Qutput
1 4
(-] 4

Algorithms
Data Division: Random (dividerand)]
Training: Levenberg-Marquardt (trainlm)
Performance: Mean Squared Error  (mse)
Calculations:  MEX
Progress
Epoch: o 18 iterations 1500
Time: 2:00:00
Performance: g9.5 [ ETE 0.00
Gradient: e [ eesseT T 1.00e-10
Mu: 0.00100 0.00100 1.00e+10
Validation Checks: o | 6 ] &
Plots
Performance 1 (plotperform)
Training State (plottrainstate)
Error Histogram (ploterrhist)
Regression (plotregression)
Fit (plotfit)
Plot Interval: ' 11 epochs
v’ Validation stop.
@ Stop Training a‘ Cancel

Figure 5.1: MATLAB Neural Network Toolbox Results With Validation Checks
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Algorithms

Data Division: Random  (dividerand)
Training: Levenberg-Marquardt (trainlmm)
Performance: Mean Squared Error  (mse)
Calculations: MEX

Progress
Epoch: o | 1000 iterations | 1000
Time: 0:00: 06

Performance: 7.3 [EEZ 0.00
Gradient: o3y [ omopassT ] | 1.00e-10

M 0.00700 1.00e- 06 1.00e+10

Flots

Performance (plotperform)

Training State (plottrainstate)

Regression (plotregression)

I |
I |
| Error Histogram | (ploterrhist)
I |
I |

Fit (plotfit)

Plot Interval: ' 1 epochs

v Maximum epoch reached.

. Stop Training . Cancel

Figure 5.2: MATLAB Neural Network Toolbox Results Without Validation Checks

Best Validation Performance is 2.6735 at epoch 12
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Figure 5.3: MATLAB Neural Network Error V.S. Epoch
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5.1.2 Optimizer

The optimizer is designed without using the MATLAB genetic tool because the
tool is not optimized for the scheduling genetic algorithm. The design requires fore-
caster data to schedule the appliances. The scheduling also requires the PV power
and stored battery power. The algorithm covers the power requirement for appli-
ances with PV or battery power when available. The algorithm also attempts to
charge the batteries when PV power is available, as shown in Figure 5.4, thus cov-
ering all the battery power from PV. GA covers the HVAC system differently
when it controls the thermostat settings depending on time-of-day pricing and com-
fort (Figure 5.5).

It is crucial to charge the battery with PV power or when the grid power is in-
expensive. The battery’s main purpose is to alleviate time-of-day pricing constraint
by using differing loads in peak hours. Moreover, a non-interrupt load, such as
HVAC system, can run consistently without driving up the price. This can be seen
in Figure 5.5. Categorizing an HVAC system as an interruptible or non-interrupt
system largely depends on the region, but the effect of the HVAC system is appar-
ent. The thermostat settings do shoot up when it is expansive, and yet this is when
the HVAC system is sorely needed is some regions. This area needs further investi-

gation.
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5.2 Implementation

The implementation has been conducted by using the Python language, Py-
Torch library and the Python GUI. The software design builds from the knowledge

acquired in the simulation.

5.2.1 Forecaster

The forecaster is implemented with the knowledge that most house holds do not
store past data. The software trains 24 hours of stored data, predicts and schedules
the next 24 hours of data. Issues occur in the forecaster training because 24 hours
does not represent seasonal changes or weekday vs. weekend patterns. The LSTM
is a powerful tool because the algorithm can distinguish those patterns in the fu-
ture.

In the implementation experiment, when the data was divided into 24 hours
data segments and trained using an ANN, the results are not promising. Small
patterns tended to disappear. The weekday results are proven to be more accurate
than the weekends, and some seasons had better results than others. In contrast,
the LSTM training results show more consistency across the weeks and seasons.
The training occurs over two years’ worth of data. A larger data set is required
to prove that the LSTM training can predict most patterns and to confirm that
an ANN prediction will not improve with a large set. However, the experiment
demonstrates that for the small data, LSTM training accuracy outperforms ANN.

The algorithm is focused on the HVAC, heater (heat pump), dishwasher, washer
and dryer because they are interruptable and deferrable. All non-interruptable ap-
pliances are not included in the training set.

Figure 5.7 shows the training of the LSTM software, where the data is intro-

duced in 24 hour segments. The figure reveals that the LSTM is learning from
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every segment added to the trainer. In the earlier iterations, the errors rate is in-
creasing. Slowly the algorithm starts to identify patters by the end of the training.
Figure 4.4 displays an example of how the algorithm predicts the time that the ap-
pliances are working, prompting the genetic algorithm to schedule the appliances in
off-peak times. Whereas Figure 4.4 is an example of the days the appliances are in

use, Figure 5.6 is an example of the days the deferrable appliances are not in use.

Figure 5.6: Results Example
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Figure 5.7: Implementation Forecaster Training Data
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5.2.2 Optimizer

There are minimum changes in the GA algorithm from Section 5.1.2. The al-
gorithm has been rewritten in Python. The results from the software can be seen
in Figure 4.6 and Figure 4.7. These scheduling results are when the appliances are
in use. Figure 5.9 shows the scheduling results when the deferrable loads are not in
use. It also demonstrates the ability of the battery storage to cover the expensive
areas when power intensive appliances are not running.

A comparison of Figure 4.5 and Figure 5.8 reveals the power required to off-
set non-interruptible loads. The algorithm optimizes the stored power to manage
non-interruptible but deferrable load. When these loads are used in the expensive
areas, batteries can offset them by covering the energy that the appliances require

via stored power or by differing them to less expensive time slots.

Price and Coverage Support
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Figure 5.8: System Schedule with no Interruptible Appliances In Use Battery Cov-

erage Example
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5.3 Limitations

The system struggles to overcome some limitations. It requires a large data set.
Although the current system has been fed with two years’ worth of data, some pat-
terns still elude the forecaster. This highlights the need for the system to run for an
extended time to achieve excellent forecasting.

The forecaster also does not include appliances settings. Another deficiency of
the system is that the most appliances have major differences in their settings. Al-
though the algorithm is capable of scheduling appliances at the peak time if battery
or PV power is available, it could schedule more appliances at the same time with
their lower settings. This forces management to all appliances by a single manufac-
turer. A complete system can mange differences settings.

The software does not have built in PV power prediction, thus limiting its cov-
erage accuracy. The current software is built only with historical data. It was dif-
ficult to retrieve historical weather data because the data location is confidential.
Weather data can be fed to the forecaster to improve PV coverage in the future.

Data cannot be extracted directly from the power meter, but must be processed
through the Newton-phaselet. Even though the algorithm is designed to identify
appliances it is not perfect.

The simulation and the implementation are not proven at an actual site. Conse-
quently, the forecaster network does not train the changing patterns occurring from
the optimizer.

A communication standard needs to be developed to allow appliances and de-
vices from different manufactures to be scheduled. With the rapid development of
the Internet of Things (IoT), there should be a communication protocol that can

deliver the scheduling results to the appliances.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

The present forecasting model in small smart grid utilizes the Long Short-Term
algorithm to learn patterns and behavior in real-time with or without historical
data. The main advantage of this forecasting model is the possibility to adapt to
changes in home appliances configuration, as well as to changes in the appliance’s
technologies. Although there are limitations related to the short interval for data
collection, the experiments demonstrate that the developed algorithm produces an
accurate forecasting of power demand during working weekdays.

The simulation and implementation reveal that artificial intelligence (AI) al-
gorithm can assist in forecasting and scheduling appliances at the residential level.
The forecaster can utilize the processed power meter data to predict future energy
usage. The AI algorithms can then use the predictions to schedule appliances to
time-of-day prices for the lowest price. This achieves automated shifting of power
even when the price changes daily. The purpose for the residents is to learn and
adapt their behavior, while the developed software delivers the lowest price with-
out sacrificing user’s comfort. In addition to maximizing savings and comfort, the
software incorporates photovoltaic power generation and power storage. Thus, the
main contribution of the thesis is the development and implementation of forecaster

and optimizer algorithms.
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6.2 Future Work

To improve the algorithm developed, the limitations described in Section 5.3
need to be overcome. First of all, the system requires larger data sets, actually
more extensive than the current data set collected during two years. Secondly, al-
though the present research demonstrates that the real-world data simulations are
capable of scheduling loads, the system could benefit in inclusion of real-world vari-
ables. This can be achieved through the implementation and validation of the sys-
tem at an actual site. Furthermore, a communication protocol standard needs to be
investigated to deliver the AT results to different appliances manufacturers. Weather
data also should be injected to the forecaster to predict how much renewable en-

ergy can be used for each day.
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Appendix A

MATLAB Training Code

close all

clear;clc;
TTTSSSITTTTTSSSITTTTSSS ST TTTSTSSSITTTTSSSSo
%% import data

x = importdata ( 'Classification_Power_Day_time_all .csv ')
y = importdata( Classification_ Classes__Day.csv');
xtime = importdata (' Classification fullData Day.csv');

VL (7‘7(7‘7‘7‘7(70(7%/&%‘%%%%%7 VISITIITITTITTITITII o

X = x.data; %% removing time

Y = y.data; %% removing time

WTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTT TS So

xt = xtime.data(:,1); %% removing time

% convert time from a string to float

t = datetime (xt, 'ConvertFrom', 'posixtime','Format', 'HH.mm');

S = char(t);

time = str2num/(S);

T TSSSITTTTISSSITTTTSSSITTTTSTSSSITTTTSS SIS0

divdier = 2; %% Data list divdier

TSI TSITI o

columnSamples = false; % samples are by columns.

cellTime = true; % time—steps in matrix, not cell array.

hiddenLayerSize = 6; % numnber of hidden layers

net = fltnet(hlddenLa erSize); % construct the network

TSI TSI TSI TSI SIS ISTITI o

net .divideParam . trainRatio = 70/100; % the percentage of the data
being trained

net . divideParam.valRatio = 15/100; % the percentage of the
valation date

net . divideParam . testRatio = 15/100; % the percentage of the
testing data

WITTTTISTISTISSIISTISTISSIISTISTIISTI o

net.trainFen = 'trainlm'; % set the training fuction Levenberg—
Marquardt backpropagation

net .trainParam.time = inf; % set the time to infinite or until
the condition are met

net .trainParam .epochs = 1500; % set the max iteration

net.trainParam.mu = 1le—3; % set the learning rate

net .trainParam.mu_dec = 0.1; % set the learning rate decay

net .trainParam .mu_inc = 10; % set the learning rate increase

net.trainParam .mu max = 1el0; % set the maxumam learning rate

net.trainParam . min_grad = 1le—10; % set the minumam learning reate

net .trainParam.goal = 0; % set the the error goal

net.trainParam.max_fail = 6;

% SIS IIITITITIIS (7‘7(7‘7(70‘70(70‘70(70‘70%70(7 TSTTTTS
% Divide the full data deal with data
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X_train=X(1:(end/divdier) ,2);
Y_train=Y(1l:(end/divdier) ,:);
TITTTTSSSSSTITTTT o
X_test = X(((end/divdier)+1):end,2) ;
Y test = Y(((end/divdier)+1):end,:) ;
Yo TSI SIS IT TSI IS SISITITITITITY
% Convert the data to a cell
[XX, wasMatrixX] = tonndata (X__train,columnSamples, cellTime) ;
[YY, wasMatrixY | = tonndata(Y_ train,columnSamples, cellTime ) ;
[ XX _test,wasMatrixX| = tonndata (X_test,columnSamples, cellTime);
[YY test,wasMatrixX| = tonndata(Y__test,columnSamples,cellTime);
% TISSSTTTTISSITTTSSSITTTTSSST o
net = configure (net ,XX,YY) % configure the network
view (net) % view the network
% TISSSTTTTISSITTISSSITTTISSST o
[net ,tr] = train(net ,XX,YY); % train the network
% Test the Network
outputs = net (XX);
TITTTSSSTTT T
% evaluate the error and preformance
errors = gsubtract (YY,outputs);
plotperform (tr);
performance = erform(net YY, outputs)
% VALLL% (7‘/(7(7‘7%%(7 IITITITITSTITISs
% use the test data to evalute the training
output__test = net (XX_test);
errors__test = gsubtract (YY_test,output_test);
performance test = perform (net,YY_ test,output_test)
% TISSSTTTTISSITTISSSITTTISSST o
Output = fromnndata (outputs ,wasMatrixY ,columnSamples, cellTime); %
convert back the cell to a matrix
figure (1);
plotregression (Y_train,Output, 'Regression') % plot a figure

% (7‘7%/0‘7 IISITITSI TSI 07‘7(7(7‘7%%%

Output_test = fromnndata(output_test ,wasMatrixY ,columnSamples ,
cellTime); % convert back the cell to a matrix

figure (2);

plo‘Eregression(Yitest,Outputitest , 'TestRegression') % plot a
igure

WSS STTTSTITSTITITITITS o

% trun the test data the actual data in one matrix

T = table(Y__train,round(Output));

TT = table(Y_ test,round(Output test))

SIS TSI TISISITT s

% export the data in csv format

writetable (T, 'results_matlab__Regression_thesis.csv');
writetable (TT, 'test_results_matlab_Regression_thesis.csv');

Listing A.1: MATLAB Training Code
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Appendix B

Forecaster Python Code

import os.path

import pickle

import matplotlib.pyplot as plt

import numpy as np

import pandas

import torch

from torch.autograd import Variable

from torch.optim.lr_scheduler import ReduceLROnPlateau
from Full.dynamicnet import DynamicNet

class Forecasting(object):

#Initiate the forecaster

# Input:
# 1— hours: identifies the hours ahead to forecast
# 2— inputSize: the number of input included in the training
# 3— layer_number: the number of recurrent layers
# 4— H_layers: number of hidden layers
# 5— x_file: the input data location
# 6— y_file: the output data location
# 7— network: type of network false for Istm, true for ann
# Output:
# the the trained equation
#H
def __init__ (self, hours, inputSize, layer_number, H_layer,
x_file , y_file, network=False):
self.hours = hours
self.inputSize = inputSize
self .layer_number = layer_ number

self .H_layer = H_ layer
self .network = network +# False = LSTM, True = ANN, The
algorithm defaults to LSTM

self .x data = None
self.y_data = None
self . hidden = None
self.c0 = None
self._ setup(x_file, y_file)
def _setup(self, x_file, y_file,):
self._setup_rnn()
self. load_data(x_file, y_ file)

def _load_data(self, x_file, y_file):
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if self.network is True:
x_csv = pandas.read_csv(x_ file)
self .x_rows = x_csv.shape|[0]

X_csv = np.resize (x_csv.values, (self.x_rows,
inputSize))

self.x_data = torch.Tensor(x_csv)

y_csv = pandas.read_csv(y_ file)

y_csv = np.resize (y_csv.values, (y_csv.shape[0],
.H_layer))

self.y_data = torch.Tensor(y_csv)

else:

x_csv = pandas.read_csv(x_ file)

self .x_rows = x_csv.shape|[0]

X_csv = np.resize (x_csv.values, (self.x_rows,
hours, self.inputSize))

self.x_data = torch.Tensor(x_csv)

y_csv = pandas.read_csv(y_ file)

y_csv = np.resize (y_csv.values, (y_csv.shape[0],
.H_ layer))

self.y_data = torch.Tensor(y_csv)
def _load_chunk(self, chunk):

if self.network is True:
D in = chunk * self.hours
_ D _out = (chunk + 1) % self.hours
x_chunk self.x_data|_D_in: D out, :]
y_ chunk self.y_data[_D_in: D_out, :]
return x_chunk, y_chunk

else:
D in = chunk * self.hours
D _out = (chunk + 1) % self.hours
x_chunk = self.x_data[_D_in: D out, :,
y_chunk = self.y data[_D_in:_D_out, :]
return x_chunk, y_chunk

def _run_chunk(self, chunk num, x_lin=False):
if self.network is True:
x, y = self._ load_ chunk(chunk num)
return self._linearization(x, y, x_lin)
else:
x, y = self._load_chunk(chunk_ num)
return self._ linearization(x, y, x_lin)

def _run_ fullChunk(self, x_lin=False):
if self.network is True:
x = self.x_data
y = self.y_data
return self. linearization(x, y, x_lin)
else:
X self .x_datal:, :, :]
y self.y_data[:, :]
return self._ linearization(x, y, x_lin)

def _linearization (self, chunk x, chunk y, x_lin=False):
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if x lin:
inputs = (chunk_x — self.x_data.min()) / (self.x_data
.max () — self.x data.min())
else:
inputs = chunk_x

outputs = ((chunk_y — self.y data.min()) / (self.y_data.
max() — self.y data.min()))

return inputs, outputs
def _delinearization(self, y_predicted):

y_final = abs(((y_predicted x (self.y_ data.max() — self.
y_data.min())) + self.y data.min()))

return y_ final
return inputs, outputs

def _setup_rnn(self, learning_ rate=le—8, momentum=0.25,
nesterov=True, batch_first=True, dropout=0.5):

if self.network is True:
self._setup_ann(learning_ rate=learning_rate , momentum
=momentum, nesterov=nesterov)

else:
# Save data for re—use
~rnn_data = 'lstm .dump'
__hidden_data = 'hidlstm .dump'

if os.path.isfile (_hidden_data):
# Load our saved parameters
with open(__hidden_data, 'rb') as dump_ file:
_h_block = pickle.load (dump_ file)

(hidden, c0) = _h block
else:
# No saved data, create new
hidden = Variable(torch.randn(self.layer number,
self .hours, self.H_layer))
c0 = Variable(torch.randn(self.layer_number, self

.hours, self.H_layer))

# Create or load the RNN
if os.path.isfile (_rnn_data):
# Load our saved parameters
with open(_rnn_data, 'rb') as dump_ file:
self .rnn = pickle.load (dump_ file)
else:
# No saved data, create new
self .rnn = torch.nn.LSTM(input_size=self.
inputSize , hidden_size=self.H_layer, num_ layers=self .
layer__number ,
bias=True,
batch first=batch first ,
bidirectional=False, dropout=dropout)

62




# Implements stochastic gradient descent with
Nesterov momentum .

self.optimizer = torch.optim.SGD(self.rnn.parameters
(), lr=learning rate , momentum=momentum, nesterov=nesterov)

# Reduce learning rate when a mean squared error has
stopped improving

self.scheduler = ReduceLROnPlateau(self.optimizer ,
min', patience=0, threshold=le—1,

!

factor=0.90,
min_Ilr=1e—25, verbose=False)
self.hidden = hidden
self.cO = c0
self.loss_fn = torch.nn.MSELoss(size average=False)

def _setup_ann(self, learning rate=le—4, momentum=0.25,
nesterov=True) :

# Save data for re—use
_ann_data = 'ann.dump'

# Create or load the RNN
if os.path.isfile( ann data):
# Load our saved parameters
with open(_ann_data, 'rb') as dump_ file:
self .ann = pickle.load (dump_ file)
else:
# No saved data, create new
self .ann = DynamicNet (self.inputSize, self.
H_ layer, self.layer_ number)

#for param in self.ann.parameters():
# param.data = ((torch.randn(param.data.size()) —
0.5) * 0.1 % 2)

# Implements stochastic gradient descent with
Nesterov momentum .
self.optimizer = torch.optim.SGD(self.ann.parameters
(), lr=learning_rate, momentum=momentum,
nesterov=nesterov)

# Reduce learning rate when a mean squared error has
stopped improving

self.scheduler = ReduceLROnPlateau(self.optimizer ,
min', patience=0, threshold=le—1,

!

factor=0.90,
min_Ir=1e—25, verbose=False)

self .loss fn = torch.nn.MSELoss(size average=False)

def load_forecast(self, row=None):

if self.network is True:
if row is None:
y_pred = self.ann(self.x_data)
else:
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y_pred = self.ann(self.x_data[(row % self.hours)
:((row + 1) % self.hours), :])

return abs (((y_pred * (self.y data.max() — self.
y_data.min())) + self.y_ data.min()))
else:

if row is None:

y_pred, h_.n = self.rnn(self.x_data, (self.hidden,
self.c0))

else:

y_pred, h.n = self.rnn(self.x_data[(row * self.
hours):((row + 1) % self.hours), :

)

(self.hidden, self.c0))

with open('hidlstm .dump', 'wb') as f:
pickle .dump(h n, f)

y_pred = y_pred|[—1]

return abs(((y_pred % (self.y_ data.max() — self.
y_data.min())) + self.y_data.min()))

def run_ full(self, iterations=10):
global y_ pred
errors = |
if self.network is True:
inputs, outputs = self. run fullChunk()

y_pred = self._ train(errors, inputs, outputs,
iterations)

self._ save_ann()

# y_final = self. plot(errors, y_ pred)

return self._plot(errors, y_pred)

else:
inputs, outputs = self. run fullChunk()

y_pred, h_.n = self._ train(errors, inputs, outputs,
iterations)

self._save_rnn(h_n)
# y_final = self._ plot(errors, y_pred)
return self._plot(errors, y_pred)

def run_all(self, iterations=10):
global y_ pred
errors =
if self.network is True:

for chunk num in range(int ((self.x_rows / 2) / self.
hours) ) :

inputs, outputs = self._run_chunk(chunk_ num)

y_pred = self. train(errors, inputs, outputs,
iterations)

self._save_ann()
# y_final = self._ plot(errors, y_pred)

return self._plot(errors, y_pred)
else:

for chunk_num in range(int ((self.x_rows / 2) / self.
hours) ) :

inputs, outputs = self._ run_chunk(chunk num)
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y_pred, h_.n = self._train(errors, inputs, outputs
, iterations)
self. save_rnn(h_n)
# y_final = self._ plot(errors, y_pred)
return self._ plot(errors, y_pred)

def run(self, iterations=10):
errors = |

if self.network is True:
inputs, outputs = self._linearization (self.x_data|[0:
self .hours, :], self.y_data[0:self.hours, :],
x_lin=False)
y_pred_ann = self._train(errors, inputs, outputs,
iterations)
self. save ann()
self._ plot(errors, y_pred ann)
return self._ plot(errors, y_pred ann)
else:
inputs , outputs = self. linearization(self.x data[O0:
self .hours, :, :], self.y_data[0:self.hours, :],
x_lin=False)
y_pred, h_.n = self._ train(errors, inputs, outputs,
iterations)
self. save_rnn(h_n)
self._ plot(errors, y_pred)
return self._plot(errors, y_pred)

def _train(self, errors, inputs, outputs, num_ iter):

global y_pred, h_n
if self.network is True:
for epoch in range(num_ iter):
# Forward pass: compute predicted y_pred, the
next hidden layer h_n
# by passing inputs, hidden and CO to the model.
y_pred = self.ann(inputs)

# Calculate the mean square error between the
real output and the predicted output

loss = self.loss_fn(self._ delinearization (y_pred)
, self. delinearization (outputs))

prev_Ir = self.optimizer.param_groups [0]['lr ']

# Before the backward pass, use the optimizer
object to zero all of the

# gradients for the variables it will update (
which are the learnable weights of the model)

self.optimizer.zero_grad ()

# Backward pass: compute gradient of the loss
with respect to model parameters
loss .backward (retain__graph=True)

# Calling the step function on an Optimizer makes

an update to its parameters
self.scheduler.step(loss.item (), epoch)

65




# Fine control the learning rate

new_Ir = self.optimizer.param groups[0]['lr ']
if prev_Ir = new_lIr:
self .optimizer.param_groups [0]['lr '] = new_Ir

* 1.0001

self .optimizer.step ()

# Print epoch for debugging
if epoch % 5 = 0:
print (epoch, loss.item())

# Keep a list of errors for plotting later
errors .append(loss.item())

return y_ pred
else:
for epoch in range(num iter):
# Forward pass: compute predicted y_pred, the
next hidden layer h_n
# by passing inputs, hidden and CO to the model.
y_pred, h . n = self.rnn(inputs, (self.hidden, self

.c0))

# Getting the last output of the predicted y_ pred

y_pred = y_pred[—1]

# Calculate the mean square error between the
real output and the predicted output

#loss = self.loss_fn(self. delinearization (y_pred
), self. delinearization (outputs))

loss = self.loss_fn(y_pred, outputs)

# Decompose the hidden layer h_n

(self.hidden, self.cO0) =h n

prev_Ir = self.optimizer.param_groups[0][ "lr ']
# Before the backward pass, use the optimizer
object to zero all of the

# gradients for the variables it will update (
which are the learnable weights of the model)
self .optimizer.zero grad()

# Backward pass: compute gradient of the loss
with respect to model parameters

loss . backward (retain_graph=True)

# Calling the step function on an Optimizer makes
an update to its parameters

self.scheduler.step(loss.item (), epoch)

# Fine control the learning rate

new_ Ir = self.optimizer.param groups[0]['lr ']
if prev_Ilr = new_lIr:
self.optimizer.param_groups[0]['lr'] = new_Ir

* 1.0001
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self.optimizer.step ()

# Print epoch for debugging
if epoch % 5 = 0:
print (epoch, loss.item())

# Keep a list of errors for plotting later
errors .append(loss .item())

return y_pred, h_n

def _save_rnn(self, h_n):
# Save data for re—use
with open('lstm.dump', 'wb') as f:
pickle .dump(self.rnn, f)

with open('hidlstm .dump', 'wb') as f:
pickle .dump(h_n, f)

def _save_ann(self):
# Save data for re—use
with open('ann.dump', 'wb') as f:
pickle .dump(self.ann, f)

def _plot(self, errors, y_pred):

y_final = abs(((y_pred * (self.y data.max() — self.y data
.min())) + self.y data.min()))

# Plotting

plt . figure ()

plt.plot(errors)

plt.xlabel ( "Epoch')

plt.ylabel ('Error')

plt.title ( "Epoch vs Error in RNN')
plt.grid (True)

return y_ final

Listing B.1: Forecaster Python Code
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Appendix C

Appliances Python Code

class Appliance(object):

def __init__ (self, name, kW, type, time, LL, UL):

TODO::param name::param kW::param type::param time::param LL::param
UL:
self .name = name

self .kW = kW
self.type = type
self .time = time
self .LL LL
self .UL UL

Listing C.1: Appliances Python Code
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Appendix D

Genetic Algorithm Python Code

import copy
import random
from random import randint

import matplotlib.pyplot as plt
import numpy as np

import pandas as pd

from prettytable import PrettyTable

from appliancescheduler.appliance import Appliance
def __calc_min(cost__data):

# TODO: find function for this
min_ cost = 100000000

row = 0
col =0
for in range(len(cost_data)):

i
for j in range(cost_data[i].size)
if min cost > cost _data[i][j] > O:
[1]13

min cost = cost_data ]
row = i
col = j

return min_cost, row, col

def crossover(probabilities):
# two parents are selected by the roulette wheel method, the
schedule which
# has a lower cost has more probability of becoming a parent,
parents are
# replacable, i.e. the same schedule might become parent more
than once.
parents = np.zeros(2)
par = 0
while par < 2:
r = 200
sum_ probabilities = sum(probabilities)

while (r > sum_ probabilities):

r = random. uniform (0, 1)
i =20
p = probabilities []]
while p < r:

j=]+1
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p = p + probabilities|[j]
parents[par] = j
par = par + 1
return parents

def __crossover__tourment_selection(cost, k):
parents = np.zeros(2)
i=0
while i < 2:
samples = random.sample(range(len(cost)), k)
sub_ cost = cost [samples ]
pa = samples [np.argsort (sub_cost) [0]]
if i = 0:
parents[i] = pa
i=1i+1
elif pa != parents[0]:
parents[i] = pa

return parents

class GeneticAlgorithm (object):

def __init__ (self, appliances, price, ts, PV_power, bp, M,
sols , total it , pvPower=False):
self.appliance = appliances
self N = len(self.appliance)
self.price = price
self.ts = ts
self .PV_power = PV_ power
self .bp = bp
self M =M
self.sols = sols
self .tot_ it = total it
self .PV = self._ calc_PV(pvPower)

def __init__ (self, appliances, price, PV_power, bp, M, sols,
total it , pvPower=False):

self.appliance = appliances
self N = len(self.appliance)
self.price = price

self .PV_power = PV_ power
self .bp = bp

self M =M

self.ts = self._calc_ts()
self.sols = sols

self.tot it = total it
self . PV = self. calc PV (pvPower)

def calc PV (self, pvPower):

PV = [GeneticAlgorithm .normpdf(i, round(12.30 % self.ts),
3) for i in range(l, self M+ 1)]

PV = np.array (PV) % (self.PV_power / max(PV))

PV[np.where(PV < 0.01) [0]] =0

if not pvPower:

PV[:] =0
return PV
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def _calc_ts(self):
ts = self M / 24
return ts

@staticmethod
def initialization (comfort):

# Dryer Washer Dishwasher Heat_ Pump
appliance = list ()

appliance.append (Appliance( 'Dryer', 1.50, 0, 0.5, 0, 24))

appliance.append (Appliance (' Washer', 0.8, 0, 1.50, 8, 24)
)

appliance .append (Appliance ( 'Dishwasher', 1, 0, 1.50, 0,
24))
)

appliance .append (Appliance

0, 2.5, 0, 24))
appliance .append ( Appliance
7, 19))
appliance .append ( Appliance

"Electric Vehicle Battery', 3,

'"Vacuum Cleaner', 0.65, 0, 1,

)

( (
( (
( (
appliance.append (Appliance ('Heat Pump', 1.0, 3, 1, 0, 24)
( (
( (
( (

"Iron', 1, 0, 1, 10, 20))

if comfort = 1:
kW = 0.20

elif comfort =— 2:
kW = 0.25

else:

kW = 0.30

appliance.append (Appliance( 'HVAC 1', kW, 1, 2, 0, 24))

if comfort — 1:
time = 4
kW = 2.5
elif comfort =— 2:
time = 6
kW = 2.6
else:
time = 8.5
kW = 2.75
appliance.append (Appliance ( '"HVAC 2', kW, 2, time, 1, 24))
appliance.append (Appliance('Refrigerator', 0.25, 1, 24,
0, 24))
appliance.append (Appliance ( 'LED Lights 1', 0.01, 1, 24,
0, 24))
appliance.append (Appliance ( 'LED Lights 2', 0.05, 2, 2.5,
16, 24))

return appliance

def _temperature(self, final solution):
temp = np.zeros(self.M)
matrix = final solution [np.array ([7, 8]), :]
wattage = np.zeros ((2, self.M))
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[0,
(1,

wattage [0, :] = self. get appliance( 'HVAC 1') kW % matrix
]

wattage[l, :] = self._ get_appliance( 'HVAC 2') kW % matrix

'total_watt = np.sum(wattage, 0) — self.PV
temp [np. where (total watt > 3)[0]] = 22
temp [np . where (total watt [np.where(total watt >= 2.85) [0]]

<= 3)[0]] = 23

temp [np . where (total _watt [np.where(total _watt >= 2.7) [0]]

< 2.85)[0]] = 24

(
(
(
(
< 0.5)[0]] = 26 (
(
(
(

total _watt [np.where(total _watt > 0.20) [0]]

(
(

temp [np. where (total _watt [np.where(total watt > 0.25) [0]]
temp [np . where (
0

<= 0.25) [0]] = 27
temp [np.where (total _watt <= 0.2) [0]] = 28
temp = temp * (self.price / 10.5)
temp [np. where (temp < 20)[0]] = 20
temp [np.where (temp > 30)[0]] = 30

2])

time

2, 1

2]?

def

def

temp = np.round (temp)

t = np.array (range(1l, 49)) % 0.5

plt . figure ()

plt.plot(t, temp, b, linestyle='dashed', dashes=[4, 2, 1,

plt.title ('"HVAC Thermostat temperature variation over

!

z)lt.xlabel(Hours)

plt.ylabel (' Temperature setting (C)')
plt . xlim ([0, 24])

plt.ylim ([15, 40])

plt.grid ()

plt.figure ()

plt.plot(t, self.price, r, linestyle='dashed', dashes=[4,
, 2], label='Price")

plt.plot(t, temp, b, linestyle='dashed', dashes=[4, 2, 1,
label='Temperature Setting')

plt.legend (loc="best ')

plt.grid ()

_costfunction2(self, schedule):

cost__vector = np.zeros (self .M)

n 1 = np.where(schedule[self .N, :])[0]

[total watts, w] = self._ watts(schedule)

power = self._checking(schedule)

total watts[n_1] = total watts[n_1] + power % self.ts

factor = np.ones(len(total watts))

for i in range(self.M):

cost vector[i] = (self.price[i] * (total watts[i]) =

/ self.ts)) % (1 — schedule[self . N+ 1, i]) =* \
factor [1i]

cost = np.sum(cost_vector)

return cost

_mutation(self, child):
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child [self .N: self N+ 2, :] =0
for i in range(self.N):
type = self.appliance[i].type
length = len (np.where(child[i, :] > 0)[0])

total = round(self.ts x self.appliance[i].time)
if type = 1 or length = total:

continue
if type = 0:

if length < total:
if length > 0:
difference = total — length
ind = np.where(child[i, :] > 0)][0]
if ind.size > O0:
child [i, ind[—1]: ind[—1] + int(
difference)]| =1

else:

lower = self.ts % self.appliance[i].LL
if lower = 0:

lower = 1
upper = self.ts % self.appliance[i].UL
_randval = randint (lower , upper — total)
child [i, int(_randval): int(_randval +

total)] = np.ones(int(total))

elif length > total:
ind = np.where(child[i, :] > 0)][0]
child[i, :] = 0
child [i, int(ind[0]): int(ind[0] + total) —

1] = 1
elif type = 2:
difference = abs(total — length)
ind = np.where(child[i, :] > 0)][0]

if length < total:
lower = self.ts % self.appliance[i].LL

if lower = 0:

lower = 1
upper = self.ts * self.appliance[i].UL
check = 0
while check = 0:

check2 = 0

while check2 = 0:

_randval = [randint (lower, upper — 1)

for ii in range(int (difference))]

if len(np.unique(_randval)) =
difference:

check2 =1
var = np.zeros (len(_randval))
for k in range(len(_ randval)):
var [k] = len(np.where(_randval[k] =
ind) [0])
if sum(var) = 0:
check =1
child [i, _randval] =1
if len (np.where(child[i, :] > 0)[0]) < total:
print ('Error 1')
elif length > total:
num = [randint (1, len(ind)) for ii in range(
int (difference))]
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child [i, ind[np.array(num) — 1]] = 0
if len(np.where(child[i, :] > 0)[0]) < total
print ('Error 2'")
[total _watts, total watts2] = self._watts(child)
ccc =0
while ccc = 0:
power = []
index = []
ind2 = []

child [self .N: self N+ 2, :] =0
if self.bp <= 0:
return child
check = np.zeros(self .M)
check3 = np.zeros(self .M)
n = randint (1, 4)

ind2 = np.zeros(n)

for ii in range(n):
batt = self.bp
index = randint (1, self M — 5)
subind = np.where(check > 0)[0]

c =1
if i1 > 0:
check2 = 0
while check2 = 0:
if subind.size = 0:
c = 20
break

index = randint (1, self .M — 5)
if index < subind[0] — 5 or index >

subind[—1] + 5:

check2 =1
c=c¢+ 1
if ¢ > 15:
break
if ¢ > 15:
break
ind2[ii] = index
ch =0

while batt > min(total watts2) / self.ts:
if (total watts[index] / self.ts) < batt and

check[index]| != 1 and check3[index] != 1 and \

ts

total watts[index] != 0:
child [self N + 1, index] =1
batt = batt — total_ watts[index] / self.

check [index] =1
cd =1
index = index + 1
if index = self .M or index + 1 in ind2[:ii —
break
if ¢b = 1:

if index = child.shape[1]:
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index = 47
child [self .N, index] =1
check3 [index] =1

power = self. checking(child)
A = np.where(child [self .N, :] > 0)][0
B = np.where(child [self .N + 1, :] >
C = A[np.inld(A, B)]
if power.size > 0:
if max(power) < self.bp and C.size = O0:
ccc = 1
return child

]
0) [0]

def _generateChild(self, parents, solution):

# this function crosses over the two parents selected in
crossover to

# create a new child; however in order to ensure that the
new child fulfils

# all constraints of the system, mutation function is
called which makes
# minimum amendments in the child to make it a feasible
child .
crosspoint = randint (0, self.M)
A = solution [int (parents[0])][:, 0: crosspoint |
|

aa = Af:,

A = aa

B = solution [int (parents[1])][:, crosspoint :]
bb = B[:, ]

B = bb

child = np.hstack ((A, B))
feasible child = self. mutation(child)

return feasible child
def _ costfunction(self, schedule):

# this function calculates the total cost in $ for the
schedule using the price vector of the power company

cost__vector = np.zeros(self M)

n_1 = np.where(schedule[self.N, :] > 0)[0]

total _watts, ww = self._ watts(schedule)

power = self._ checking(schedule)

total watts[n_ 1] = total watts[n 1] + power x self.ts
factor = np.ones(len(total watts))

## Penalty for extra—wattages during costly hours ##

high price = np.where(self.price > (np.mean(self.price) =
1.1))[0]

medium_ price = np.where(self.price > (np.mean(self.price)
) [0]

factor [medium price] = 14

factor [high price] = 50

itia
for i in range(self.M):
cost vector[i] = (self.price[i] * (total watts[i]) =
(1.0 / self.ts)) = (1.0 — schedule[self N+ 1, i]) =* \
factor |

i
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cost = sum(cost__vector)
return cost

def _ checking(self, child):
# This function calculates the total power in kW that
battery supports (& consumes in charging) as
# shown in the (self.N+2)th row (& (self .N+1)th row )of
the schedule (or child)
total _watts, w = self._ watts(child)
n 1 = np.where(child[self.N, :] > 0)][0
n_2 = np.where(child [self N+ 1, :] >
nn = len (np.where(child [self .N, :] > 0)]
chunk = np.zeros((nn, n_2.size + 1))

power = np.zeros (nn)
¢ = np.zeros (nn)
for ii in range(nn):
if ii != 0:
try:
c[ii] = len(n_2[np.where(n_2[np.where(n_2 >
chunk[ii — 1, int(c[ii — 1] — 1)])[0]] < n_1[ii])[0]])
chunk[ii, 0: int(c[i1])] =n 2]
np.where(n 2[np.where(n 2 > chunk[ii — 1,
int (c[ii — 1] = 1)]) [0]] < n_1[ii]) [0]]
except:
power = 5e8

return power
else:

c[ii] = len(n_2[np.where(n_2 < n_1[ii]) [0]])
chunk[ii, 0: int(c[ii])] = n_2[np.where(n_2 < n_1
[ii]) [0]]
chunk = chunk.astype(np.int)

power [ii] = (np.sum(total_ watts[chunk|[ii, np.where(
chunk[ii, :] > 0)[0]]])) / self.ts

return power

def _watts(self, schedule):
# TODO: check this function
wattage = np.zeros(self.N)
total _watts = np.zeros(self.M)
total watts2 = np.zeros(self.M)

for j in range(self .N):
wattage|[j] = self.appliance[j].kW

for i in range(self.M):

total watts[i] = (wattage.dot(schedule[0: self.N, i])
) — self .PV[i]

for ii in range(self.M):
total watts2[ii] = (wattage.dot(schedule[0: self.N,

ii]))

total _watts [np.where(total watts < 0)[0]] = 0
return total watts, total watts2

def __generatePop(self):
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# This function generates population, that is random but
contains feasible

# solutions within the given constraints of the system

schedule = np.zeros ((self .N + 2, self.M))

for i in range(self.N):

lower = self.ts % self.appliance[i].LL
if lower < 0:
lower = 0

upper = self.ts *x self.appliance[i].UL
if upper > self .M — 1:
upper = self M — 1

total = int(self.ts % self.appliance|[i]. time)
if self.appliance[i].type = 0:
rand_val = randint (lower, ((upper — total) + 1))
schedule[i, rand_val: rand_ val + total] = np.ones
(total)
elif self.appliance[i].type = 1:
schedule[i, :] =1
elif self.appliance[i].type = 2:
check = 0
while check = 0:
rand_val = [randint (lower, upper) for ii in
range (total) ]
if len(np.unique(rand_val)) = total:
check =1
schedule[i, rand_val] =1
s
if self.bp <= 0:
return
[total _watts, total watts2] = self._ watts(schedule)
ccc = 0
while ccc = 0:
power = []
index =

schedule[self .N: self N+ 2, :] =0
check = np.zeros(self.M)
check3 = np.zeros(self.M)
n = randint (1, 4)
ind2 = np.zeros(n)
for ii in range(n):
batt = self.bp
index = randint (1, self M — 5)
subind = np.where(check > 0)[0]
c =1
if ii !'= 0:
check2 = 0
while check2 — 0:
if subind.size = O0:
c = 20
break
index = randint (0, self M — 6)
if index < subind[0] — 5 or index >
subind[—1] + 5:
check2 =1
c=c¢+1
if ¢ > 15:
break
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if ¢ > 15:

break
ind2[ii] = index
chb =0

while batt > (min(total watts2) / self.ts):
if (total watts[index]| / self.ts) < batt and
check[index]| != 1 and check3[index] != 1 and \
total watts[index] != 0:
schedule[self .N + 1, index] =1
batt = batt — total watts[index] / self.

ts
check [index] =1
cd =1
index = index + 1
if index = self M — 1 or index + 1 = (ind2
[0: i1 — 1]).all():
break
if ¢b = 1:

schedule[self.N, index] =1
check3 [index] =1
# if schedule[self.N, index — 1] = 1:
# disp ('error'
power = self._checking(schedule)
A = np.where(schedule[self.N, :] > 0)[0
B = np.where(schedule |[self N + 1, :] >
C = A[np.inld (A, B)]
if power.size > 0:
if np.max(power) < self.bp and C.size = 0:
ccc =1
return schedule

]
0) [0]

def __get_appliance(self, name):
for appliance in self.appliance:
if appliance.name = name:
return appliance
return None

@staticmethod
def normpdf(x, mu=0, sigma=1):
u = float ((x — mu) / abs(sigma))
return np.exp(—u * u / 2) / (np.sqrt(2 * np.pi) x abs(
sigma) )
def __print_table(self):

VNIRRT IRy
7 o e e e e

T irrririn
tab = PrettyTable ([ 'name', 'kW', 'type', 'time', 'LL', '
uL'])
for i in range(12):
tab.add_row ([ self.appliance[i].name, self.appliance]|i
] . k€W, self.appliance[i].type, self.appliance[i].time,
self .appliance[i].LL,
self .appliance[i].UL])
print (tab)

def __initial_plot(self):
## Price Function
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# This is the definition of pricing function for the
power supply company

self.price = np.hstack(

(np.ones(12) % 8.7, np.ones(10) %= 18.0, np.ones(10) =

13.2, np.ones(6) * 18.0, np.ones(10) x 7))

hours = np.array(range(l, 49)) = 0

plt.figure ()

plt.plot (hours, self.price, r, linestyle='dashed', dashes
=[4, 2, 1, 2])

plt.plot (hours, self.PV, b, linestyle='dashed', dashes=[4,
2, 1, 2])

plt . xlabel (Hours)

plt . ylabel (Electricity Price (cents/kWh))

plt.grid ()

def __generate_sols(self):
## Genetic Algorithm

8.
.0

# Generate Solutions
cost = np.zeros(self.sols)

solution = []
for i in range(self.sols):
schedule = self._generatePop() +# generating initial
population using generatePop ()
cost[i] = self._ costfunction(schedule) # calculating
cost of each schedule in population
solution .append(schedule)
initial cost = cost [0]

data = []

cost data =
data.append (solution)
cost__data.append(cost)

# Crossover & Mutation
for it in range(self.tot_it):
costl = np.copy(cost_data[it])
probabilities = 1 / costl # probability (to become
parent) is inversely proportional to cost
new__population = []
temp__cost = np.copy(costl)
for j in range(self.sols):

# parents = crossover (probabilities) # 2 parents
are selected probabilistically by crossover ()
parents = 7crossover7tourmentiselection(tempicost
)
5) # 2

parents are selected probabilistically by crossover ()

feasible__child = self._generateChild (parents,

solution) #

generateChild () and mutation () generate a feasible child of
the parents

costl[j] = self. costfunction(feasible child) #
cost of each child is calculated

new_ population.append(feasible_child) # each
child is stored in new population
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return

def

solution = copy.copy(new_population)
data.append (new_ population)
cost__data.append(costl)

data

initial_cost , cost_data,

_final_figure(self, final solution):

self._ temperature(final_ solution)

n_2 = np.zeros(self M)

power =

GU = np.copy(final solution [:

for

self. checking(final solution)

self N+ 1, :].transpose())

j in range(self.N):

GU[:, j] =GU[:, j] * self.appliance[j].kW

GU[np.where(GU[:, self.N])[0], self.N] = (power % self.ts
)

¢ =[]

for i in range(12):

c.append (self.appliance[i].name)

c.append( 'Batteries Charging')

df = pd.DataFrame (GU)

ax = df.plot (kind='bar', stacked=True)

ax.legend (c, loc='best')

plt.title ('Optimal Scheduling of appliances"')

plt.xlabel ('Time slots')

plt.ylabel ( 'Power (kW)"')

plt.grid ()

plt.plot(self.price — abs(max(np.sum(GU, 1)) — min(self.
price)))

plt .xlim ([0, 48])

plt.ylim ([0, max(self.price) + 1])

plt .plot(self .PV + max(np.sum(GU, 1)))

n 2[np.where(final solution|[self.N 4+ 1, :] > 0)[0]] = max
(np.sum(GU, 1))

plt.stem(n_2)

plt.figure ()

plt.plot(self.price — abs(max(np.sum(GU, 1)) — min(self.
price)), label='Price')

plt.xlim ([0, 48])

plt.ylim ([0, max(self.price) + 1])

plt.plot(self.PV + max(np.sum(GU, 1)), label='PV-Source
power ")

n_2[np.where(final_ solution[self .N + 1,

:] > 0)[0]] = max

(np.sum(GU, 1))

plt.
plt.
plt.

def final_ results(self, initial_cost ,

stem(n_2, label='Slots supported by Batteries')
legend (loc="'best ')
show ()

final _cost):
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## Price Function

# This is the definition of pricing function for the
power supply company

initial__cost = initial_cost / 1000.0

final_cost = final_cost / 100.0

return initial cost , final cost

def run(self):
self._ print_table()

self. initial plot ()

initial__cost , cost_data, data = self._generate_sols()

min__cost, row, col = _calc_min(cost_data)

final_solution = data[row]|[col][:, :] # final solution
is the schedule with minimum cost

final _cost = self._costfunction(final solution)

print ('The initial price is $', initial_cost / 1000.0, '
for 24 hours')
print ('The cost is $', final_cost / 100.0, ' for 24 hours

!

self._ final figure(final solution)

Listing D.1: Genetic Algorithm Python Code
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Appendix E

Main Python Code

import torch

from Full.forecasting import Forecasting

from Full.geneticalgorithm import GeneticAlgorithm
import numpy as np

def main () :

inputSize = 1

layer _number = 4

H_layer = 4

hours = 30

M= 48 # total time slots

sols = 70 # initial no.of solutions in GA

tot_it = 80 # total iterations in GA

comfort = 3 # comfort level 1 — minimum 2 — medium 3 —
maximum

#ts =M / 24 # time slot period
PV_power = 1.2 # peak PV power in kW

bp = 2 # Current power that the batteries are holding in kW
price = 0

fc = Forecasting (hours, inputSize, layer_number, H_layer, '
../ x_train_8not.csv', '../y_train_8.csv', False)

#y_final = fc.run(11)#3
#y_final = fc.load_forecast (14)
y_final = fc.run_all(36)
#y_final = fc.run_full (16)

times = y_ final.data.numpy ()
times = np.around (times ,2)

appliance = GeneticAlgorithm.initialization (comfort)
for i in range(hours):

Time = times|[1i]

for ii in range(4):

appliance [ii].time = round (100 * float (Time[ii])) /
100.0

ga = GeneticAlgorithm (appliance, price, PV_power, bp, M,
sols , tot_it, True)
ga.run ()

if name =— ' main ¥
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main ()

Listing E.1: Main Python Code
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