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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-
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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-
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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.
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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-
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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]:
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MD = N ∗DF ∗ ADMD, (2.1)

ADMD = lim
x→∞

1
N

N∑
n=1

Pn, (2.2)

DF = 1 + k

N
, (2.3)

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

Pn: 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

6



data space can also be questionable.

The Newton-phaselet algorithm is another method constructed to identify the

ON-OFF 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]:

P = Po(PZ( V
V0

)2 + PI( V
V0

) + PS)(1 +Kpf ∆f), (2.4)

Q = Qo(QZ( V
V0

)2 +QI( V
V0

) +QS)(1 +Kqf ∆f), (2.5)

where:

V : The measured voltage

Vo: Rated voltage of the model load

Po: Active power rating of the model load

Qo: Reactive power rating of the model load

PZ : Active power demand by the constant impedance

QZ : Reactive power demand by the constant impedance

PI : Active power demand by the constant current

QI : Reactive power demand by the constant current

PS: Active power demand by the constant power

QS: Reactive power demand by the constant power

7



Kpf : The frequency sensitivity to variations in active power

Kqf : 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 KpF and KqF . The Newton-phaselet algorithm can de-

tect the appliances active power value by varying the KpF and KqF 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 KpF and KqF 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.

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 RNN is a deep learning class of ANN. Designed

to learn sequential or time-varying patterns. An RNN 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 ANN works best in classification or regression applications [24]. In addition,

9



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

fers from a vanishing gradient problem. Since an RNN 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].

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 RNN 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.

Figure 2.4: Long Short-Term Memory (LSTM) Unit [30]

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]

σ(x) = 1
1 + e−x

(2.6)

ft = σ(Wf .[h(t−1), xt] + bf ) (2.7)

Figure 2.7: Long Short-Term Memory

(LSTM) Step Two [30]

it = σ(Wi.[h(t−1), xt] + bi) (2.8)

C̃t = tanh(Wc.[h(t−1), xt] + bc) (2.9)

Figure 2.8: Long Short-Term Memory

(LSTM) Step Three [30]

Ct = ft ∗ Ct−1 + it ∗ C̃t (2.10)

13



Figure 2.9: Long Short-Term Memory

(LSTM) Step Four [30]

ot = σ(Wo.[h(t−1), xt] + bo) (2.11)

ht = ot ∗ tanh(Ct) (2.12)

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 RNN 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 AI strives to solve how does a brain, biological or electronic,

perceives, understands, and solves complex problems [32]. Such as, the use of AI

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
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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.

Figure 2.10: Genetic Algorithm

Flowchart

Algorithm 1 Genetic Algorithm [35]
1: Start // Randomly populate n

chromosomes

2: for i = 0 to iteration.length do
3: Fitness // Evaluate

the fitness f(x) of each chromosome

x in the population

4: Selection // Select two parent

chromosomes from a population

according to their fitness (the better

fitness, the greater chance to get

selected)

5: Crossover // Crossover

the parents to form new offspring

(children). If no crossover was per-

formed, the offspring is an exact

copy of the parents

6: Mutation // Mutate new

offspring at each locus (position in

chromosome)

7: Accepting // Place new

offspring in the new population

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

9: break
10: end if
11: end for
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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.

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.
1 de f _setup_rnn ( s e l f , l ea rn ing_rate=1e−4, momentum=0.25 , ne s t e rov=

True , ba t ch_f i r s t=True , dropout =0.5) :
2 # Save data f o r re−use
3 _rnn_data = ' lstm .dump '
4 _hidden_data = ' hid lstm .dump '
5
6 i f os . path . i s f i l e (_hidden_data ) :
7 # Load our saved parameters
8 with open (_hidden_data , ' rb ' ) as dump_file :
9 _h_block = p i c k l e . load ( dump_file )
10 ( hidden , c0 ) = _h_block
11 e l s e :
12 # No saved data , c r e a t e new
13 hidden = Var iab le ( torch . randn ( s e l f . layer_number , s e l f

. hours , s e l f . H_layer ) )
14 c0 = Var iab le ( torch . randn ( s e l f . layer_number , s e l f .

hours , s e l f . H_layer ) )
15
16 # Create or load the RNN
17 i f os . path . i s f i l e (_rnn_data ) :
18 # Load our saved parameters
19 with open (_rnn_data , ' rb ' ) as dump_file :
20 s e l f . rnn = p i c k l e . load ( dump_file )
21 e l s e :
22 # No saved data , c r e a t e new
23 # Create the LSTM Network
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24 s e l f . rnn = torch . nn .LSTM( input_s ize=s e l f . inputS ize ,
h idden_size=s e l f . H_layer , num_layers=s e l f . layer_number ,

25 b ia s=True ,
26 ba t ch_f i r s t=batch_f i r s t ,

b i d i r e c t i o n a l=False , dropout=dropout )
27
28 # Implements s t o c h a s t i c g rad i en t descent with Nesterov

momentum .
29 s e l f . opt imize r = torch . optim .SGD( s e l f . rnn . parameters ( ) ,

l r=learn ing_rate , momentum=momentum, nes t e rov=nes te rov )
30
31 # Reduce l e a rn i ng ra t e when a mean squared e r r o r has

stopped improving
32 s e l f . s chedu l e r = ReduceLROnPlateau ( s e l f . opt imizer , 'min ' ,

pa t i ence=0, th r e sho ld=1e−1,
33 f a c t o r =0.90 , min_lr=1e

−25, verbose=False )
34 s e l f . hidden = hidden
35 s e l f . c0 = c0
36 # Create a Mean Squared Error to be the l o s s func t i on
37 s e l f . l o s s_fn = torch . nn .MSELoss( s i ze_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.

ln = (xn − yn)2, (4.1)

`(x, y) =


〈

a=n∑
a=1

la〉, Within a batch,
a=n∑
a=1

la, When all batchs are done,

• where mean squared error (MSE) parameters:

– xn: 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].

• 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 test = ρh 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].
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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.

vt+1 = µvt +∇f(θt + µvt) (4.2)
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θt+1 = θt + vt+1 (4.3)

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.
1 de f _train ( s e l f , e r r o r s , inputs , outputs , num_iter ) :
2
3 g l oba l y_pred , h_n
4 f o r epoch in range ( num_iter ) :
5 # Forward pass : compute pred i c t ed y_pred , the next

hidden l ay e r h_n
6 # by pass ing inputs , hidden and C0 to the model .
7 y_pred , h_n = s e l f . rnn ( inputs , ( s e l f . hidden , s e l f . c0 )

)
8
9 # Gett ing the l a s t output o f the pred i c t ed y_pred
10 y_pred = y_pred [−1]
11 # Calcu la te the mean square e r r o r between the r e a l

output and the pred i c t ed output
12 l o s s = s e l f . l o s s_fn ( y_pred , outputs )
13 # Decompose the hidden l ay e r h_n
14 ( s e l f . hidden , s e l f . c0 ) = h_n
15
16 prev_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
17 # Before the backward pass , use the opt imize r ob j e c t

to zero a l l o f the
18 # grad i en t s f o r the v a r i a b l e s i t w i l l update ( which

are the l e a rnab l e weights o f the model )
19 s e l f . opt imize r . zero_grad ( )
20
21 # Backward pass : compute g rad i en t o f the l o s s with

r e sp e c t to model parameters
22 l o s s . backward ( retain_graph=True )
23
24 # Ca l l i ng the step func t i on on an Optimizer makes an

update to i t s parameters
25 s e l f . s chedu l e r . s tep ( l o s s . item ( ) , epoch )
26
27 # Fine con t r o l the l e a rn i ng ra t e
28 new_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
29
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30 i f prev_lr == new_lr :
31 s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ] = new_lr ∗

1 .0001
32
33 s e l f . opt imize r . s tep ( )
34
35 # Print epoch f o r debugging
36 i f epoch % 5 == 0 :
37 p r in t ( epoch , l o s s . item ( ) )
38
39 # Keep a l i s t o f e r r o r s f o r p l o t t i n g l a t e r
40 e r r o r s . append ( l o s s . item ( ) )
41
42 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 #).
1 de f _generate_sols ( s e l f ) :
2 ## Genetic Algorithm
3
4 # Generate So lu t i on s
5 co s t = np . z e ro s ( s e l f . s o l s )
6
7 s o l u t i o n = [ ]
8 f o r i in range ( s e l f . s o l s ) :
9 schedu le = s e l f . _generatePop ( ) # genera t ing i n i t i a l

populat ion us ing generatePop ( )
10 co s t [ i ] = s e l f . _cost funct ion ( schedu le ) # c a l c u l a t i n g

co s t o f each schedu le in populat ion
11 s o l u t i o n . append ( schedu le )
12 i n i t i a l _ c o s t = cos t [ 0 ]
13
14 data = [ ]
15 cost_data = [ ]
16 data . append ( s o l u t i o n )
17 cost_data . append ( co s t )
18
19 # Crossover & Mutation
20 f o r i t in range ( s e l f . t o t_ i t ) :
21 cos t1 = np . copy ( cost_data [ i t ] )
22 p r o b a b i l i t i e s = 1 / cos t1 # p r obab i l i t y ( to become

parent ) i s i n v e r s e l y p ropo r t i ona l to co s t
23 new_population = [ ]
24 temp_cost = np . copy ( cos t1 )
25 f o r j in range ( s e l f . s o l s ) :
26 # parents = c ro s s ov e r ( p r o b a b i l i t i e s ) # 2 parents

are s e l e c t e d p r o b a b i l i s t i c a l l y by c r o s s ov e r ( )
27 parents = _crossover_tourment_se lect ion ( temp_cost

,
28 5) # 2

parents are s e l e c t e d p r o b a b i l i s t i c a l l y by c r o s s ov e r ( )
29 f e a s i b l e_ ch i l d = s e l f . _generateChi ld ( parents ,
30 s o l u t i o n ) #

generateChi ld ( ) and mutation ( ) generate a f e a s i b l e c h i l d o f
the parents

31 cos t1 [ j ] = s e l f . _cost funct ion ( f e a s i b l e_ ch i l d ) #
cos t o f each ch i l d i s c a l c u l a t ed

32 new_population . append ( f e a s i b l e_ ch i l d ) # each
ch i l d i s s to r ed in new populat ion

33
34 s o l u t i o n = copy . copy ( new_population )
35 data . append ( new_population )
36 cost_data . append ( cos t1 )
37
38 return i n i t i a l_ c o s t , 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.
1 de f _cost funct ion ( s e l f , s chedu le ) :
2 # th i s func t i on c a l c u l a t e s the t o t a l co s t in $ f o r the

schedu le us ing the p r i c e vec to r o f the power company
3 cost_vector = np . z e r o s ( s e l f .M)
4 n_1 = np . where ( schedu le [ s e l f .N, : ] > 0) [ 0 ]
5 total_watts , ww = s e l f . _watts ( schedu le )
6 power = s e l f . _checking ( schedu le )
7 tota l_watts [ n_1 ] = tota l_watts [ n_1 ] + power ∗ s e l f . t s
8 f a c t o r = np . ones ( l en ( tota l_watts ) )
9
10 ## Penalty f o r extra−wattages during c o s t l y hours ##
11 high_price = np . where ( s e l f . p r i c e > (np .mean( s e l f . p r i c e ) ∗

1 . 1 ) ) [ 0 ]
12 medium_price = np . where ( s e l f . p r i c e > (np .mean( s e l f . p r i c e )

) ) [ 0 ]
13 f a c t o r [ medium_price ] = 14
14 f a c t o r [ h igh_price ] = 50
15 ##
16 f o r i in range ( s e l f .M) :
17 cost_vector [ i ] = ( s e l f . p r i c e [ i ] ∗ ( tota l_watts [ i ] ) ∗

( 1 . 0 / s e l f . t s ) ) ∗ ( 1 . 0 − schedu le [ s e l f .N + 1 , i ] ) ∗ \
18 f a c t o r [ i ]
19 co s t = sum( cost_vector )
20 return co s t

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:

1. Dryer

2. Washer

3. Dishwasher

4. Heat pump

5. Electric vehicle battery

6. Vacuum cleaner

7. Iron

8. HVAC 1

9. HVAC 2

10. Refrigerator

11. LED lights 1

12. LED lights 2

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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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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Figure 4.7: System Schedule With No Photovoltaic (PV) 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 performance = 2.6735 and test − performance = 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.

Figure 5.1: MATLAB Neural Network Toolbox Results With Validation Checks
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Figure 5.2: MATLAB Neural Network Toolbox Results Without Validation Checks
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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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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.
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erage Example

46



0
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47

Ti
m
e 
slo

ts

0.
0

2.
5

5.
0

7.
5

10
.0

12
.5

15
.0

17
.5

Power (kW)

Op
tim

al
 S
ch
ed

ul
in
g 
of
 a
pp

lia
nc
es

Dr
ye
r

W
as
he

r
Di
sh
wa

sh
er

He
at
 P
um

p
El
ec
tri
c 
Ve

hi
cl
e 
Ba

tte
ry

Va
cu
um

 C
le
an

er
Iro

n
HV

AC
 1

HV
AC

 2
Re

fri
ge

ra
to
r

LE
D 
Li
gh

ts
 1

LE
D 
Li
gh

ts
 2

Ba
tte

rie
s 
Ch

ar
gi
ng

Figure 5.9: System Schedule With No Interruptible Appliances In Use Example

47



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 AI 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

1 c l o s e a l l
2 c l e a r ; c l c ;
3 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
4 %%% import data
5 x = importdata ( ' Classi f ication_Power_Day_time_all . csv ' ) ;
6 y = importdata ( ' C las s i f i ca t ion_Classe s_Day . csv ' ) ;
7 xtime = importdata ( ' C las s i f i ca t ion_fu l lData_Day . csv ' ) ;
8 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
9 X = x . data ; %% removing time
10 Y = y . data ; %% removing time
11 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
12 xt = xtime . data ( : , 1 ) ; %% removing time
13 % convert time from a s t r i n g to f l o a t
14 t = datet ime ( xt , ' ConvertFrom ' , ' pos ixt ime ' , ' Format ' , 'HH.mm' ) ;
15 S = char ( t ) ;
16 time = str2num (S) ;
17 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
18 d i vd i e r = 2 ; %% Data l i s t d i vd i e r
19 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
20 columnSamples = f a l s e ; % samples are by columns .
21 ce l lT ime = true ; % time−s t ep s in matrix , not c e l l array .
22 hiddenLayerSize = 6 ; % numnber o f hidden l a y e r s
23 net = f i t n e t ( h iddenLayerSize ) ; % cons t ruc t the network
24 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
25 net . divideParam . t ra inRat i o = 70/100; % the percentage o f the data

being t ra in ed
26 net . divideParam . va lRat io = 15/100; % the percentage o f the

va l a t i on date
27 net . divideParam . t e s tRat i o = 15/100; % the percentage o f the

t e s t i n g data
28 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
29 net . tra inFcn = ' tra in lm ' ; % s e t the t r a i n i n g f u c t i on Levenberg−

Marquardt backpropagat ion
30 net . trainParam . time = i n f ; % s e t the time to i n f i n i t e or u n t i l

the cond i t i on are met
31 net . trainParam . epochs = 1500 ; % s e t the max i t e r a t i o n
32 net . trainParam .mu = 1e−3; % s e t the l e a rn i ng ra t e
33 net . trainParam .mu_dec = 0 . 1 ; % s e t the l e a rn i ng ra t e decay
34 net . trainParam .mu_inc = 10 ; % s e t the l e a rn i ng ra t e i n c r e a s e
35 net . trainParam .mu_max = 1e10 ; % s e t the maxumam l ea rn i ng ra t e
36 net . trainParam . min_grad = 1e−10; % s e t the minumam l ea rn i ng r ea t e
37 net . trainParam . goa l = 0 ; % s e t the the e r r o r goa l
38 net . trainParam . max_fail = 6 ;
39 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
40 % Divide the f u l l data dea l with data
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41 X_train=X( 1 : ( end/ d i vd i e r ) , 2 ) ;
42 Y_train=Y( 1 : ( end/ d i vd i e r ) , : ) ;
43 %%%%%%%%%%%%%%%%%%
44 X_test = X( ( ( end/ d i vd i e r )+1) : end , 2 ) ;
45 Y_test = Y( ( ( end/ d i vd i e r )+1) : end , : ) ;
46 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
47 % Convert the data to a c e l l
48 [XX, wasMatrixX ] = tonndata (X_train , columnSamples , ce l lTime ) ;
49 [YY, wasMatrixY ] = tonndata (Y_train , columnSamples , ce l lTime ) ;
50 [ XX_test , wasMatrixX ] = tonndata (X_test , columnSamples , ce l lT ime ) ;
51 [ YY_test , wasMatrixX ] = tonndata (Y_test , columnSamples , ce l lT ime ) ;
52 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
53 net = con f i gu r e ( net ,XX,YY) % con f i gu r e the network
54 view ( net ) % view the network
55 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
56 [ net , t r ] = t r a i n ( net ,XX,YY) ; % t r a i n the network
57 % Test the Network
58 outputs = net (XX) ;
59 %%%%%%%%%%%%%
60 % eva luate the e r r o r and preformance
61 e r r o r s = gsubt rac t (YY, outputs ) ;
62 p lotper form ( t r ) ;
63 performance = perform ( net ,YY, outputs )
64 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
65 % use the t e s t data to eva lu t e the t r a i n i n g
66 output_test = net (XX_test ) ;
67 e r r o r s_t e s t = gsubtrac t (YY_test , output_test ) ;
68 performance_test = perform ( net , YY_test , output_test )
69 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
70 Output = fromnndata ( outputs , wasMatrixY , columnSamples , ce l lTime ) ; %

convert back the c e l l to a matrix
71 f i g u r e (1 ) ;
72 p l o t r e g r e s s i o n (Y_train , Output , ' Regres s ion ' ) % p lo t a f i g u r e
73 % %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
74 Output_test = fromnndata ( output_test , wasMatrixY , columnSamples ,

ce l lT ime ) ; % convert back the c e l l to a matrix
75 f i g u r e (2 ) ;
76 p l o t r e g r e s s i o n (Y_test , Output_test , ' TestRegress ion ' ) % p lo t a

f i g u r e
77 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
78 % trun the t e s t data the ac tua l data in one matrix
79 T = tab l e (Y_train , round (Output ) ) ;
80 TT = tab l e (Y_test , round ( Output_test ) ) ;
81 %%%%%%%%%%%%%%%%%%%%%%%%%%%%%
82 % export the data in csv format
83 wr i t e t ab l e (T, ' resu l t s_mat lab_Regress ion_thes i s . csv ' ) ;
84 wr i t e t ab l e (TT, ' tes t_resu l t s_mat lab_Regress ion_thes i s . csv ' ) ;

Listing A.1: MATLAB Training Code
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Appendix B

Forecaster Python Code

1 import os . path
2 import p i c k l e
3 import matp lo t l i b . pyplot as p l t
4 import numpy as np
5 import pandas
6 import torch
7 from torch . autograd import Var iab le
8 from torch . optim . l r_schedu l e r import ReduceLROnPlateau
9 from Ful l . dynamicnet import DynamicNet
10
11 c l a s s Forecas t ing ( ob j e c t ) :
12 ##
13 #I n i t i a t e the f o r e c a s t e r
14 # Input :
15 # 1− hours : i d e n t i f i e s the hours ahead to f o r e c a s t
16 # 2− i nputS i z e : the number o f input inc luded in the t r a i n i n g
17 # 3− layer_number : the number o f r e cu r r en t l a y e r s
18 # 4− H_layers : number o f hidden l a y e r s
19 # 5− x_ f i l e : the input data l o c a t i o n
20 # 6− y_ f i l e : the output data l o c a t i o n
21 # 7− network : type o f network f a l s e f o r lstm , t rue f o r ann
22 # Output :
23 # the the t ra in ed equat ion
24 ##
25 de f __init__( s e l f , hours , inputS ize , layer_number , H_layer ,

x_f i l e , y_f i l e , network=False ) :
26 s e l f . hours = hours
27 s e l f . i nputS i z e = inputS i z e
28 s e l f . layer_number = layer_number
29 s e l f . H_layer = H_layer
30 s e l f . network = network # False = LSTM, True = ANN, The

a lgor i thm de f a u l t s to LSTM
31
32 s e l f . x_data = None
33 s e l f . y_data = None
34 s e l f . hidden = None
35 s e l f . c0 = None
36 s e l f . _setup ( x_f i l e , y_ f i l e )
37
38 de f _setup ( s e l f , x_f i l e , y_f i l e , ) :
39
40 s e l f . _setup_rnn ( )
41 s e l f . _load_data ( x_f i l e , y_ f i l e )
42
43
44 de f _load_data ( s e l f , x_f i l e , y_ f i l e ) :
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45 i f s e l f . network i s True :
46 x_csv = pandas . read_csv ( x_ f i l e )
47 s e l f . x_rows = x_csv . shape [ 0 ]
48 x_csv = np . r e s i z e ( x_csv . values , ( s e l f . x_rows , s e l f .

i nputS i z e ) )
49 s e l f . x_data = torch . Tensor ( x_csv )
50
51 y_csv = pandas . read_csv ( y_ f i l e )
52 y_csv = np . r e s i z e ( y_csv . values , ( y_csv . shape [ 0 ] , s e l f

. H_layer ) )
53 s e l f . y_data = torch . Tensor ( y_csv )
54 e l s e :
55 x_csv = pandas . read_csv ( x_ f i l e )
56 s e l f . x_rows = x_csv . shape [ 0 ]
57 x_csv = np . r e s i z e ( x_csv . values , ( s e l f . x_rows , s e l f .

hours , s e l f . i nputS i z e ) )
58 s e l f . x_data = torch . Tensor ( x_csv )
59
60 y_csv = pandas . read_csv ( y_ f i l e )
61 y_csv = np . r e s i z e ( y_csv . values , ( y_csv . shape [ 0 ] , s e l f

. H_layer ) )
62 s e l f . y_data = torch . Tensor ( y_csv )
63
64 de f _load_chunk ( s e l f , chunk ) :
65
66 i f s e l f . network i s True :
67 _D_in = chunk ∗ s e l f . hours
68 _D_out = ( chunk + 1) ∗ s e l f . hours
69 x_chunk = s e l f . x_data [_D_in :_D_out , : ]
70 y_chunk = s e l f . y_data [_D_in :_D_out , : ]
71 re turn x_chunk , y_chunk
72 e l s e :
73 _D_in = chunk ∗ s e l f . hours
74 _D_out = ( chunk + 1) ∗ s e l f . hours
75 x_chunk = s e l f . x_data [_D_in :_D_out , : , : ]
76 y_chunk = s e l f . y_data [_D_in :_D_out , : ]
77 re turn x_chunk , y_chunk
78
79 de f _run_chunk( s e l f , chunk_num , x_lin=False ) :
80 i f s e l f . network i s True :
81 x , y = s e l f . _load_chunk (chunk_num)
82 return s e l f . _ l i n e a r i z a t i o n (x , y , x_lin )
83 e l s e :
84 x , y = s e l f . _load_chunk (chunk_num)
85 return s e l f . _ l i n e a r i z a t i o n (x , y , x_lin )
86
87 de f _run_fullChunk ( s e l f , x_lin=False ) :
88 i f s e l f . network i s True :
89 x = s e l f . x_data
90 y = s e l f . y_data
91 return s e l f . _ l i n e a r i z a t i o n (x , y , x_lin )
92 e l s e :
93 x = s e l f . x_data [ : , : , : ]
94 y = s e l f . y_data [ : , : ]
95 re turn s e l f . _ l i n e a r i z a t i o n (x , y , x_lin )
96
97 de f _ l i n e a r i z a t i o n ( s e l f , chunk_x , chunk_y , x_lin=False ) :
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98
99 i f x_lin :

100 inputs = (chunk_x − s e l f . x_data . min ( ) ) / ( s e l f . x_data
.max( ) − s e l f . x_data . min ( ) )

101 e l s e :
102 inputs = chunk_x
103
104 outputs = ( ( chunk_y − s e l f . y_data . min ( ) ) / ( s e l f . y_data .

max( ) − s e l f . y_data . min ( ) ) )
105
106 return inputs , outputs
107
108 de f _de l i n e a r i z a t i on ( s e l f , y_predicted ) :
109
110 y_f ina l = abs ( ( ( y_predicted ∗ ( s e l f . y_data .max( ) − s e l f .

y_data . min ( ) ) ) + s e l f . y_data . min ( ) ) )
111
112 return y_f ina l
113
114 return inputs , outputs
115
116 de f _setup_rnn ( s e l f , l ea rn ing_rate=1e−8, momentum=0.25 ,

ne s t e rov=True , ba t ch_f i r s t=True , dropout =0.5) :
117
118 i f s e l f . network i s True :
119 s e l f . _setup_ann ( l ea rn ing_rate=learn ing_rate , momentum

=momentum, nes t e rov=nes te rov )
120 e l s e :
121 # Save data f o r re−use
122 _rnn_data = ' lstm .dump '
123 _hidden_data = ' hid lstm .dump '
124
125 i f os . path . i s f i l e (_hidden_data ) :
126 # Load our saved parameters
127 with open (_hidden_data , ' rb ' ) as dump_file :
128 _h_block = p i c k l e . load ( dump_file )
129 ( hidden , c0 ) = _h_block
130 e l s e :
131 # No saved data , c r e a t e new
132 hidden = Var iab le ( torch . randn ( s e l f . layer_number ,

s e l f . hours , s e l f . H_layer ) )
133 c0 = Var iab le ( torch . randn ( s e l f . layer_number , s e l f

. hours , s e l f . H_layer ) )
134
135 # Create or load the RNN
136 i f os . path . i s f i l e (_rnn_data ) :
137 # Load our saved parameters
138 with open (_rnn_data , ' rb ' ) as dump_file :
139 s e l f . rnn = p i c k l e . load ( dump_file )
140 e l s e :
141 # No saved data , c r e a t e new
142 s e l f . rnn = torch . nn .LSTM( input_s ize=s e l f .

inputS ize , h idden_size=s e l f . H_layer , num_layers=s e l f .
layer_number ,

143 b ia s=True ,
144 ba t ch_f i r s t=batch_f i r s t ,

b i d i r e c t i o n a l=False , dropout=dropout )
145
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146 # Implements s t o c h a s t i c g rad i en t descent with
Nesterov momentum .

147 s e l f . opt imize r = torch . optim .SGD( s e l f . rnn . parameters
( ) , l r=learn ing_rate , momentum=momentum, nes te rov=nes te rov )

148
149 # Reduce l e a rn i ng ra t e when a mean squared e r r o r has

stopped improving
150 s e l f . s chedu l e r = ReduceLROnPlateau ( s e l f . opt imizer , '

min ' , pa t i ence=0, th r e sho ld=1e−1,
151 f a c t o r =0.90 ,

min_lr=1e−25, verbose=False )
152 s e l f . hidden = hidden
153 s e l f . c0 = c0
154 s e l f . l o s s_fn = torch . nn .MSELoss( s i ze_average=False )
155
156 de f _setup_ann ( s e l f , l ea rn ing_rate=1e−4, momentum=0.25 ,

ne s t e rov=True ) :
157
158 # Save data f o r re−use
159 _ann_data = ' ann .dump '
160
161 # Create or load the RNN
162 i f os . path . i s f i l e (_ann_data ) :
163 # Load our saved parameters
164 with open (_ann_data , ' rb ' ) as dump_file :
165 s e l f . ann = p i c k l e . load ( dump_file )
166 e l s e :
167 # No saved data , c r e a t e new
168 s e l f . ann = DynamicNet ( s e l f . inputS ize , s e l f .

H_layer , s e l f . layer_number )
169
170 #f o r param in s e l f . ann . parameters ( ) :
171 # param . data = ( ( torch . randn (param . data . s i z e ( ) ) −

0 . 5 ) ∗ 0 .1 ∗ 2)
172
173 # Implements s t o c h a s t i c g rad i en t descent with

Nesterov momentum .
174 s e l f . opt imize r = torch . optim .SGD( s e l f . ann . parameters

( ) , l r=learn ing_rate , momentum=momentum,
175 nes te rov=nes te rov )
176
177 # Reduce l e a rn i ng ra t e when a mean squared e r r o r has

stopped improving
178 s e l f . s chedu l e r = ReduceLROnPlateau ( s e l f . opt imizer , '

min ' , pa t i ence=0, th r e sho ld=1e−1,
179 f a c t o r =0.90 ,

min_lr=1e−25, verbose=False )
180
181 s e l f . l o s s_fn = torch . nn .MSELoss( s i ze_average=False )
182
183
184 de f l oad_fo reca s t ( s e l f , row=None) :
185
186 i f s e l f . network i s True :
187 i f row i s None :
188 y_pred = s e l f . ann ( s e l f . x_data )
189 e l s e :

63



190 y_pred = s e l f . ann ( s e l f . x_data [ ( row ∗ s e l f . hours )
: ( ( row + 1) ∗ s e l f . hours ) , : ] )

191
192 return abs ( ( ( y_pred ∗ ( s e l f . y_data .max( ) − s e l f .

y_data . min ( ) ) ) + s e l f . y_data . min ( ) ) )
193 e l s e :
194 i f row i s None :
195 y_pred , h_n = s e l f . rnn ( s e l f . x_data , ( s e l f . hidden ,

s e l f . c0 ) )
196 e l s e :
197 y_pred , h_n = s e l f . rnn ( s e l f . x_data [ ( row ∗ s e l f .

hours ) : ( ( row + 1) ∗ s e l f . hours ) , : , : ] ,
198 ( s e l f . hidden , s e l f . c0 ) )
199
200 with open ( ' h id lstm .dump ' , 'wb ' ) as f :
201 p i c k l e . dump(h_n , f )
202
203 y_pred = y_pred [−1]
204
205 return abs ( ( ( y_pred ∗ ( s e l f . y_data .max( ) − s e l f .

y_data . min ( ) ) ) + s e l f . y_data . min ( ) ) )
206
207 de f run_fu l l ( s e l f , i t e r a t i o n s =10) :
208 g l oba l y_pred
209 e r r o r s = [ ]
210 i f s e l f . network i s True :
211 inputs , outputs = s e l f . _run_fullChunk ( )
212 y_pred = s e l f . _train ( e r r o r s , inputs , outputs ,

i t e r a t i o n s )
213 s e l f . _save_ann ( )
214 # y_f ina l = s e l f . _plot ( e r r o r s , y_pred )
215 return s e l f . _plot ( e r r o r s , y_pred )
216 e l s e :
217 inputs , outputs = s e l f . _run_fullChunk ( )
218 y_pred , h_n = s e l f . _train ( e r ro r s , inputs , outputs ,

i t e r a t i o n s )
219 s e l f . _save_rnn (h_n)
220 # y_f ina l = s e l f . _plot ( e r r o r s , y_pred )
221 return s e l f . _plot ( e r r o r s , y_pred )
222
223
224 de f run_al l ( s e l f , i t e r a t i o n s =10) :
225 g l oba l y_pred
226 e r r o r s = [ ]
227 i f s e l f . network i s True :
228 f o r chunk_num in range ( i n t ( ( s e l f . x_rows / 2) / s e l f .

hours ) ) :
229 inputs , outputs = s e l f . _run_chunk(chunk_num)
230 y_pred = s e l f . _train ( e r r o r s , inputs , outputs ,

i t e r a t i o n s )
231 s e l f . _save_ann ( )
232 # y_f ina l = s e l f . _plot ( e r r o r s , y_pred )
233 return s e l f . _plot ( e r r o r s , y_pred )
234 e l s e :
235 f o r chunk_num in range ( i n t ( ( s e l f . x_rows / 2) / s e l f .

hours ) ) :
236 inputs , outputs = s e l f . _run_chunk(chunk_num)
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237 y_pred , h_n = s e l f . _train ( e r ro r s , inputs , outputs
, i t e r a t i o n s )

238 s e l f . _save_rnn (h_n)
239 # y_f ina l = s e l f . _plot ( e r r o r s , y_pred )
240 return s e l f . _plot ( e r r o r s , y_pred )
241
242 de f run ( s e l f , i t e r a t i o n s =10) :
243 e r r o r s = [ ]
244
245 i f s e l f . network i s True :
246 inputs , outputs = s e l f . _ l i n e a r i z a t i o n ( s e l f . x_data [ 0 :

s e l f . hours , : ] , s e l f . y_data [ 0 : s e l f . hours , : ] ,
247 x_lin=False )
248 y_pred_ann = s e l f . _train ( e r r o r s , inputs , outputs ,

i t e r a t i o n s )
249 s e l f . _save_ann ( )
250 s e l f . _plot ( e r r o r s , y_pred_ann )
251 return s e l f . _plot ( e r r o r s , y_pred_ann )
252 e l s e :
253 inputs , outputs = s e l f . _ l i n e a r i z a t i o n ( s e l f . x_data [ 0 :

s e l f . hours , : , : ] , s e l f . y_data [ 0 : s e l f . hours , : ] ,
254 x_lin=False )
255 y_pred , h_n = s e l f . _train ( e r ro r s , inputs , outputs ,

i t e r a t i o n s )
256 s e l f . _save_rnn (h_n)
257 s e l f . _plot ( e r r o r s , y_pred )
258 return s e l f . _plot ( e r r o r s , y_pred )
259
260 de f _train ( s e l f , e r r o r s , inputs , outputs , num_iter ) :
261
262 g l oba l y_pred , h_n
263 i f s e l f . network i s True :
264 f o r epoch in range ( num_iter ) :
265 # Forward pass : compute pred i c t ed y_pred , the

next hidden l ay e r h_n
266 # by pass ing inputs , hidden and C0 to the model .
267 y_pred = s e l f . ann ( inputs )
268
269 # Calcu la te the mean square e r r o r between the

r e a l output and the pred i c t ed output
270 l o s s = s e l f . l o s s_fn ( s e l f . _de l i n e a r i z a t i on ( y_pred )

, s e l f . _de l i n e a r i z a t i on ( outputs ) )
271
272 prev_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
273 # Before the backward pass , use the opt imize r

ob j e c t to zero a l l o f the
274 # grad i en t s f o r the v a r i a b l e s i t w i l l update (

which are the l e a rnab l e weights o f the model )
275 s e l f . opt imize r . zero_grad ( )
276
277 # Backward pass : compute g rad i en t o f the l o s s

with r e sp e c t to model parameters
278 l o s s . backward ( retain_graph=True )
279
280 # Ca l l i ng the step func t i on on an Optimizer makes

an update to i t s parameters
281 s e l f . s chedu l e r . s tep ( l o s s . item ( ) , epoch )
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282
283 # Fine con t r o l the l e a rn i ng ra t e
284 new_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
285
286 i f prev_lr == new_lr :
287 s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ] = new_lr

∗ 1 .0001
288
289 s e l f . opt imize r . s tep ( )
290
291 # Print epoch f o r debugging
292 i f epoch % 5 == 0 :
293 p r in t ( epoch , l o s s . item ( ) )
294
295 # Keep a l i s t o f e r r o r s f o r p l o t t i n g l a t e r
296 e r r o r s . append ( l o s s . item ( ) )
297
298 return y_pred
299 e l s e :
300 f o r epoch in range ( num_iter ) :
301 # Forward pass : compute pred i c t ed y_pred , the

next hidden l ay e r h_n
302 # by pass ing inputs , hidden and C0 to the model .
303 y_pred , h_n = s e l f . rnn ( inputs , ( s e l f . hidden , s e l f

. c0 ) )
304
305 # Gett ing the l a s t output o f the pred i c t ed y_pred
306 y_pred = y_pred [−1]
307 # Calcu la te the mean square e r r o r between the

r e a l output and the pred i c t ed output
308 #l o s s = s e l f . l o s s_fn ( s e l f . _de l i n e a r i z a t i on ( y_pred

) , s e l f . _de l i n e a r i z a t i on ( outputs ) )
309 l o s s = s e l f . l o s s_fn ( y_pred , outputs )
310 # Decompose the hidden l ay e r h_n
311 ( s e l f . hidden , s e l f . c0 ) = h_n
312
313 prev_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
314 # Before the backward pass , use the opt imize r

ob j e c t to zero a l l o f the
315 # grad i en t s f o r the v a r i a b l e s i t w i l l update (

which are the l e a rnab l e weights o f the model )
316 s e l f . opt imize r . zero_grad ( )
317
318 # Backward pass : compute g rad i en t o f the l o s s

with r e sp e c t to model parameters
319 l o s s . backward ( retain_graph=True )
320
321 # Ca l l i ng the step func t i on on an Optimizer makes

an update to i t s parameters
322 s e l f . s chedu l e r . s tep ( l o s s . item ( ) , epoch )
323
324 # Fine con t r o l the l e a rn i ng ra t e
325 new_lr = s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ]
326
327 i f prev_lr == new_lr :
328 s e l f . opt imize r . param_groups [ 0 ] [ ' l r ' ] = new_lr

∗ 1 .0001
329
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330 s e l f . opt imize r . s tep ( )
331
332 # Print epoch f o r debugging
333 i f epoch % 5 == 0 :
334 p r in t ( epoch , l o s s . item ( ) )
335
336 # Keep a l i s t o f e r r o r s f o r p l o t t i n g l a t e r
337 e r r o r s . append ( l o s s . item ( ) )
338
339 return y_pred , h_n
340
341 de f _save_rnn ( s e l f , h_n) :
342 # Save data f o r re−use
343 with open ( ' lstm .dump ' , 'wb ' ) as f :
344 p i c k l e . dump( s e l f . rnn , f )
345
346 with open ( ' h id lstm .dump ' , 'wb ' ) as f :
347 p i c k l e . dump(h_n , f )
348
349 de f _save_ann ( s e l f ) :
350 # Save data f o r re−use
351 with open ( ' ann .dump ' , 'wb ' ) as f :
352 p i c k l e . dump( s e l f . ann , f )
353
354 de f _plot ( s e l f , e r r o r s , y_pred ) :
355
356 y_f ina l = abs ( ( ( y_pred ∗ ( s e l f . y_data .max( ) − s e l f . y_data

. min ( ) ) ) + s e l f . y_data . min ( ) ) )
357
358 # Plo t t i ng
359 p l t . f i g u r e ( )
360 p l t . p l o t ( e r r o r s )
361 p l t . x l ab e l ( 'Epoch ' )
362 p l t . y l ab e l ( ' Error ' )
363 p l t . t i t l e ( 'Epoch vs Error in RNN' )
364 p l t . g r i d (True )
365 return y_f ina l

Listing B.1: Forecaster Python Code
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Appendix C

Appliances Python Code

1
2 c l a s s Appliance ( ob j e c t ) :
3
4 de f __init__( s e l f , name , kW, type , time , LL , UL) :
5 TODO::param name::param kW::param type::param time::param LL::param

UL:6 s e l f . name = name
7 s e l f .kW = kW
8 s e l f . type = type
9 s e l f . time = time
10 s e l f . LL = LL
11 s e l f .UL = UL

Listing C.1: Appliances Python Code
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Appendix D

Genetic Algorithm Python Code

1 import copy
2 import random
3 from random import rand int
4
5 import matp lo t l i b . pyplot as p l t
6 import numpy as np
7 import pandas as pd
8 from pr e t t y t ab l e import PrettyTable
9
10 from app l i anc e s chedu l e r . app l i ance import Appliance
11
12
13 de f _calc_min ( cost_data ) :
14 # TODO: f i nd func t i on f o r t h i s
15 min_cost = 100000000
16 row = 0
17 co l = 0
18 f o r i in range ( l en ( cost_data ) ) :
19 f o r j in range ( cost_data [ i ] . s i z e ) :
20 i f min_cost > cost_data [ i ] [ j ] > 0 :
21 min_cost = cost_data [ i ] [ j ]
22 row = i
23 co l = j
24 return min_cost , row , c o l
25
26
27 de f _crossover ( p r o b a b i l i t i e s ) :
28 # two parents are s e l e c t e d by the r o u l e t t e wheel method , the

schedu le which
29 # has a lower co s t has more p r obab i l i t y o f becoming a parent ,

parents are
30 # rep lacab l e , i . e . the same schedu le might become parent more

than once .
31 parents = np . z e ro s (2 )
32 par = 0
33 whi l e par < 2 :
34 r = 200
35 sum_probab i l i t i e s = sum( p r o b a b i l i t i e s )
36
37 whi l e ( r > sum_probab i l i t i e s ) :
38 r = random . uniform (0 , 1)
39 j = 0
40 p = p r o b a b i l i t i e s [ j ]
41
42 whi l e p < r :
43 j = j + 1
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44 p = p + p r o b a b i l i t i e s [ j ]
45 parents [ par ] = j
46 par = par + 1
47 return parents
48
49
50 de f _crossover_tourment_se lect ion ( cost , k ) :
51 parents = np . z e ro s (2 )
52 i = 0
53 whi l e i < 2 :
54 samples = random . sample ( range ( l en ( co s t ) ) , k )
55 sub_cost = cos t [ samples ]
56 pa = samples [ np . a r g s o r t ( sub_cost ) [ 0 ] ]
57 i f i == 0 :
58 parents [ i ] = pa
59 i = i + 1
60 e l i f pa != parents [ 0 ] :
61 parents [ i ] = pa
62 i = i + 1
63 return parents
64
65
66 c l a s s GeneticAlgorithm ( ob j e c t ) :
67
68 de f __init__( s e l f , app l iances , pr i c e , ts , PV_power , bp , M,

so l s , t o ta l_ i t , pvPower=False ) :
69 s e l f . app l i ance = app l i ance s
70 s e l f .N = len ( s e l f . app l i ance )
71 s e l f . p r i c e = p r i c e
72 s e l f . t s = t s
73 s e l f . PV_power = PV_power
74 s e l f . bp = bp
75 s e l f .M = M
76 s e l f . s o l s = s o l s
77 s e l f . t o t_ i t = to t a l_ i t
78 s e l f .PV = s e l f . _calc_PV(pvPower )
79
80 de f __init__( s e l f , app l iances , pr i c e , PV_power , bp , M, so l s ,

t o ta l_ i t , pvPower=False ) :
81 s e l f . app l i ance = app l i ance s
82 s e l f .N = len ( s e l f . app l i ance )
83 s e l f . p r i c e = p r i c e
84 s e l f . PV_power = PV_power
85 s e l f . bp = bp
86 s e l f .M = M
87 s e l f . t s = s e l f . _calc_ts ( )
88 s e l f . s o l s = s o l s
89 s e l f . t o t_ i t = to t a l_ i t
90 s e l f .PV = s e l f . _calc_PV(pvPower )
91
92 de f _calc_PV( s e l f , pvPower ) :
93 PV = [ GeneticAlgorithm . normpdf ( i , round (12 . 30 ∗ s e l f . t s ) ,

3) f o r i in range (1 , s e l f .M + 1) ]
94 PV = np . array (PV) ∗ ( s e l f . PV_power / max(PV) )
95 PV[ np . where (PV < 0 .01 ) [ 0 ] ] = 0
96 i f not pvPower :
97 PV [ : ] = 0
98 return PV
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99
100 de f _calc_ts ( s e l f ) :
101 t s = s e l f .M / 24
102 return t s
103
104 @staticmethod
105 de f i n i t i a l i z a t i o n ( comfort ) :
106
107 # Dryer Washer Dishwasher Heat_Pump
108 app l i ance = l i s t ( )
109
110 app l i ance . append ( Appliance ( ' Dryer ' , 1 . 50 , 0 , 0 . 5 , 0 , 24) )
111 app l i ance . append ( Appliance ( 'Washer ' , 0 . 8 , 0 , 1 . 50 , 8 , 24)

)
112 app l i ance . append ( Appliance ( ' Dishwasher ' , 1 , 0 , 1 . 50 , 0 ,

24) )
113 app l i ance . append ( Appliance ( ' Heat Pump ' , 1 . 0 , 3 , 1 , 0 , 24)

)
114 app l i ance . append ( Appliance ( ' E l e c t r i c Veh ic l e Battery ' , 3 ,

0 , 2 . 5 , 0 , 24) )
115 app l i ance . append ( Appliance ( 'Vacuum Cleaner ' , 0 . 65 , 0 , 1 ,

7 , 19) )
116 app l i ance . append ( Appliance ( ' I ron ' , 1 , 0 , 1 , 10 , 20) )
117
118 i f comfort == 1 :
119 kW = 0.20
120 e l i f comfort == 2 :
121 kW = 0.25
122 e l s e :
123 kW = 0.30
124
125 app l i ance . append ( Appliance ( 'HVAC 1 ' , kW, 1 , 2 , 0 , 24) )
126
127 i f comfort == 1 :
128 time = 4
129 kW = 2.5
130 e l i f comfort == 2 :
131 time = 6
132 kW = 2.6
133 e l s e :
134 time = 8 .5
135 kW = 2.75
136
137 app l i ance . append ( Appliance ( 'HVAC 2 ' , kW, 2 , time , 1 , 24) )
138 app l i ance . append ( Appliance ( ' Re f r i g e r a t o r ' , 0 . 25 , 1 , 24 ,

0 , 24) )
139 app l i ance . append ( Appliance ( 'LED Lights 1 ' , 0 . 01 , 1 , 24 ,

0 , 24) )
140 app l i ance . append ( Appliance ( 'LED Lights 2 ' , 0 . 05 , 2 , 2 . 5 ,

16 , 24) )
141
142 return app l i ance
143
144 de f _temperature ( s e l f , f i n a l_ s o l u t i o n ) :
145 temp = np . z e r o s ( s e l f .M)
146 matrix = f i n a l_ s o l u t i o n [ np . array ( [ 7 , 8 ] ) , : ]
147 wattage = np . z e r o s ( ( 2 , s e l f .M) )
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148 wattage [ 0 , : ] = s e l f . _get_appliance ( 'HVAC 1 ' ) .kW ∗ matrix
[ 0 , : ]

149 wattage [ 1 , : ] = s e l f . _get_appliance ( 'HVAC 2 ' ) .kW ∗ matrix
[ 1 , : ]

150 total_watt = np . sum( wattage , 0) − s e l f .PV
151 temp [ np . where ( total_watt > 3) [ 0 ] ] = 22
152 temp [ np . where ( total_watt [ np . where ( total_watt >= 2 .85 ) [ 0 ] ]

<= 3) [ 0 ] ] = 23
153 temp [ np . where ( total_watt [ np . where ( total_watt >= 2 . 7 ) [ 0 ] ]

< 2 . 85 ) [ 0 ] ] = 24
154 temp [ np . where ( total_watt [ np . where ( total_watt > 0 . 25 ) [ 0 ] ]

< 0 . 5 ) [ 0 ] ] = 26
155 temp [ np . where ( total_watt [ np . where ( total_watt > 0 . 20 ) [ 0 ] ]

<= 0 .25 ) [ 0 ] ] = 27
156 temp [ np . where ( total_watt <= 0 . 2 ) [ 0 ] ] = 28
157 temp = temp ∗ ( s e l f . p r i c e / 10 . 5 )
158 temp [ np . where ( temp < 20) [ 0 ] ] = 20
159 temp [ np . where ( temp > 30) [ 0 ] ] = 30
160 temp = np . round ( temp)
161
162 t = np . array ( range (1 , 49) ) ∗ 0 .5
163 p l t . f i g u r e ( )
164 p l t . p l o t ( t , temp , b , l i n e s t y l e=' dashed ' , dashes =[4 , 2 , 1 ,

2 ] )
165 p l t . t i t l e ( 'HVAC Thermostat temperature v a r i a t i o n over

time ' )
166 p l t . x l ab e l (Hours)
167 p l t . y l ab e l ( ' Temperature s e t t i n g (C) ' )
168 p l t . xl im ( [ 0 , 2 4 ] )
169 p l t . yl im ( [ 1 5 , 4 0 ] )
170 p l t . g r i d ( )
171
172 p l t . f i g u r e ( )
173 p l t . p l o t ( t , s e l f . p r i c e , r , l i n e s t y l e=' dashed ' , dashes =[4 ,

2 , 1 , 2 ] , l a b e l=' Pr i ce ' )
174 p l t . p l o t ( t , temp , b , l i n e s t y l e=' dashed ' , dashes =[4 , 2 , 1 ,

2 ] , l a b e l=' Temperature Se t t i ng ' )
175 p l t . l egend ( l o c=' best ' )
176 p l t . g r i d ( )
177
178 de f _cost funct ion2 ( s e l f , s chedu le ) :
179
180 cost_vector = np . z e r o s ( s e l f .M)
181 n_1 = np . where ( schedu le [ s e l f .N, : ] ) [ 0 ]
182 [ total_watts , w] = s e l f . _watts ( schedu le )
183 power = s e l f . _checking ( schedu le )
184 tota l_watts [ n_1 ] = tota l_watts [ n_1 ] + power ∗ s e l f . t s
185 f a c t o r = np . ones ( l en ( tota l_watts ) )
186 f o r i in range ( s e l f .M) :
187 cost_vector [ i ] = ( s e l f . p r i c e [ i ] ∗ ( tota l_watts [ i ] ) ∗

( 1 . 0 / s e l f . t s ) ) ∗ (1 − schedu le [ s e l f .N + 1 , i ] ) ∗ \
188 f a c t o r [ i ]
189 co s t = np . sum( cost_vector )
190 return co s t
191
192 de f _mutation ( s e l f , c h i l d ) :
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193 ch i l d [ s e l f .N: s e l f .N + 2 , : ] = 0
194 f o r i in range ( s e l f .N) :
195 type = s e l f . app l i ance [ i ] . type
196 l ength = len (np . where ( c h i l d [ i , : ] > 0) [ 0 ] )
197 t o t a l = round ( s e l f . t s ∗ s e l f . app l i ance [ i ] . time )
198 i f type == 1 or l ength == t o t a l :
199 cont inue
200 i f type == 0 :
201 i f l ength < t o t a l :
202 i f l ength > 0 :
203 d i f f e r e n c e = t o t a l − l ength
204 ind = np . where ( ch i l d [ i , : ] > 0) [ 0 ]
205 i f ind . s i z e > 0 :
206 ch i l d [ i , ind [ −1 ] : ind [−1] + in t (

d i f f e r e n c e ) ] = 1
207 e l s e :
208 lower = s e l f . t s ∗ s e l f . app l i ance [ i ] . LL
209 i f lower == 0 :
210 lower = 1
211 upper = s e l f . t s ∗ s e l f . app l i ance [ i ] . UL
212 _randval = randint ( lower , upper − t o t a l )
213 ch i l d [ i , i n t ( _randval ) : i n t ( _randval +

t o t a l ) ] = np . ones ( i n t ( t o t a l ) )
214 e l i f l ength > t o t a l :
215 ind = np . where ( ch i l d [ i , : ] > 0) [ 0 ]
216 ch i l d [ i , : ] = 0
217 ch i l d [ i , i n t ( ind [ 0 ] ) : i n t ( ind [ 0 ] + t o t a l ) −

1 ] = 1
218 e l i f type == 2 :
219 d i f f e r e n c e = abs ( t o t a l − l ength )
220 ind = np . where ( ch i l d [ i , : ] > 0) [ 0 ]
221 i f l ength < t o t a l :
222 lower = s e l f . t s ∗ s e l f . app l i ance [ i ] . LL
223 i f lower == 0 :
224 lower = 1
225 upper = s e l f . t s ∗ s e l f . app l i ance [ i ] . UL
226 check = 0
227 whi l e check == 0 :
228 check2 = 0
229 whi l e check2 == 0 :
230 _randval = [ rand int ( lower , upper − 1)

f o r i i in range ( i n t ( d i f f e r e n c e ) ) ]
231 i f l en (np . unique ( _randval ) ) ==

d i f f e r e n c e :
232 check2 = 1
233 var = np . z e r o s ( l en ( _randval ) )
234 f o r k in range ( l en ( _randval ) ) :
235 var [ k ] = len (np . where ( _randval [ k ] ==

ind ) [ 0 ] )
236 i f sum( var ) == 0 :
237 check = 1
238 ch i l d [ i , _randval ] = 1
239 i f l en (np . where ( c h i l d [ i , : ] > 0) [ 0 ] ) < t o t a l :
240 p r in t ( ' Error 1 ' )
241 e l i f l ength > t o t a l :
242 num = [ rand int (1 , l en ( ind ) ) f o r i i in range (

i n t ( d i f f e r e n c e ) ) ]
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243 ch i l d [ i , ind [ np . array (num) − 1 ] ] = 0
244 i f l en (np . where ( c h i l d [ i , : ] > 0) [ 0 ] ) < t o t a l :
245 p r in t ( ' Error 2 ' )
246
247 [ total_watts , tota l_watts2 ] = s e l f . _watts ( c h i l d )
248 ccc = 0
249 whi l e ccc == 0 :
250 power = [ ]
251 index = [ ]
252 ind2 = [ ]
253
254 ch i l d [ s e l f .N: s e l f .N + 2 , : ] = 0
255 i f s e l f . bp <= 0 :
256 return ch i l d
257 check = np . z e ro s ( s e l f .M)
258 check3 = np . z e ro s ( s e l f .M)
259 n = randint (1 , 4)
260
261 ind2 = np . z e ro s (n)
262 f o r i i in range (n) :
263 batt = s e l f . bp
264 index = randint (1 , s e l f .M − 5)
265 subind = np . where ( check > 0) [ 0 ]
266 c = 1
267 i f i i > 0 :
268 check2 = 0
269 whi l e check2 == 0 :
270 i f subind . s i z e == 0 :
271 c = 20
272 break
273 index = randint (1 , s e l f .M − 5)
274 i f index < subind [ 0 ] − 5 or index >

subind [−1] + 5 :
275 check2 = 1
276 c = c + 1
277 i f c > 15 :
278 break
279 i f c > 15 :
280 break
281 ind2 [ i i ] = index
282 c5 = 0
283 whi l e batt > min ( tota l_watts2 ) / s e l f . t s :
284 i f ( tota l_watts [ index ] / s e l f . t s ) < batt and

check [ index ] != 1 and check3 [ index ] != 1 and \
285 tota l_watts [ index ] != 0 :
286 ch i l d [ s e l f .N + 1 , index ] = 1
287 batt = batt − tota l_watts [ index ] / s e l f .

t s
288 check [ index ] = 1
289 c5 = 1
290
291 index = index + 1
292 i f index == s e l f .M or index + 1 in ind2 [ : i i −

1 ] :
293 break
294
295 i f c5 == 1 :
296 i f index == ch i l d . shape [ 1 ] :
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297 index = 47
298 ch i l d [ s e l f .N, index ] = 1
299 check3 [ index ] = 1
300
301 power = s e l f . _checking ( ch i l d )
302 A = np . where ( ch i l d [ s e l f .N, : ] > 0) [ 0 ]
303 B = np . where ( ch i l d [ s e l f .N + 1 , : ] > 0) [ 0 ]
304 C = A[ np . in1d (A, B) ]
305 i f power . s i z e > 0 :
306 i f max( power ) < s e l f . bp and C. s i z e == 0 :
307 ccc = 1
308 return ch i l d
309
310 de f _generateChi ld ( s e l f , parents , s o l u t i o n ) :
311 # th i s func t i on c r o s s e s over the two parents s e l e c t e d in

c r o s s ov e r to
312 # cr ea t e a new ch i l d ; however in order to ensure that the

new ch i l d f u l f i l s
313 # a l l c o n s t r a i n t s o f the system , mutation func t i on i s

c a l l e d which makes
314 # minimum amendments in the ch i l d to make i t a f e a s i b l e

c h i l d .
315 c r o s spo i n t = randint (0 , s e l f .M)
316 A = so l u t i o n [ i n t ( parents [ 0 ] ) ] [ : , 0 : c r o s s po i n t ]
317 aa = A[ : , : ]
318 A = aa
319 B = so l u t i o n [ i n t ( parents [ 1 ] ) ] [ : , c r o s s po i n t : ]
320 bb = B[ : , : ]
321 B = bb
322 ch i l d = np . hstack ( (A, B) )
323 f e a s i b l e_ ch i l d = s e l f . _mutation ( ch i l d )
324
325 return f e a s i b l e_ ch i l d
326
327 de f _cost funct ion ( s e l f , s chedu le ) :
328 # th i s func t i on c a l c u l a t e s the t o t a l co s t in $ f o r the

schedu le us ing the p r i c e vec to r o f the power company
329 cost_vector = np . z e r o s ( s e l f .M)
330 n_1 = np . where ( schedu le [ s e l f .N, : ] > 0) [ 0 ]
331 total_watts , ww = s e l f . _watts ( schedu le )
332 power = s e l f . _checking ( schedu le )
333 tota l_watts [ n_1 ] = tota l_watts [ n_1 ] + power ∗ s e l f . t s
334 f a c t o r = np . ones ( l en ( tota l_watts ) )
335
336 ## Penalty f o r extra−wattages during c o s t l y hours ##
337 high_price = np . where ( s e l f . p r i c e > (np .mean( s e l f . p r i c e ) ∗

1 . 1 ) ) [ 0 ]
338 medium_price = np . where ( s e l f . p r i c e > (np .mean( s e l f . p r i c e )

) ) [ 0 ]
339 f a c t o r [ medium_price ] = 14
340 f a c t o r [ h igh_price ] = 50
341 ##
342 f o r i in range ( s e l f .M) :
343 cost_vector [ i ] = ( s e l f . p r i c e [ i ] ∗ ( tota l_watts [ i ] ) ∗

( 1 . 0 / s e l f . t s ) ) ∗ ( 1 . 0 − schedu le [ s e l f .N + 1 , i ] ) ∗ \
344 f a c t o r [
345 i ]
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346 co s t = sum( cost_vector )
347 return co s t
348
349 de f _checking ( s e l f , c h i l d ) :
350 # This func t i on c a l c u l a t e s the t o t a l power in kW that

batte ry supports (& consumes in charg ing ) as
351 # shown in the ( s e l f .N+2)th row (& ( s e l f .N+1)th row ) o f

the schedu le ( or ch i l d )
352 total_watts , w = s e l f . _watts ( c h i l d )
353 n_1 = np . where ( ch i l d [ s e l f .N, : ] > 0) [ 0 ]
354 n_2 = np . where ( ch i l d [ s e l f .N + 1 , : ] > 0) [ 0 ]
355 nn = len (np . where ( c h i l d [ s e l f .N, : ] > 0) [ 0 ] )
356 chunk = np . z e ro s ( ( nn , n_2 . s i z e + 1) )
357 power = np . z e ro s (nn)
358 c = np . z e ro s (nn)
359 f o r i i in range (nn) :
360 i f i i != 0 :
361 try :
362 c [ i i ] = l en (n_2 [ np . where (n_2 [ np . where (n_2 >

chunk [ i i − 1 , i n t ( c [ i i − 1 ] − 1) ] ) [ 0 ] ] < n_1 [ i i ] ) [ 0 ] ] )
363 chunk [ i i , 0 : i n t ( c [ i i ] ) ] = n_2 [
364 np . where (n_2 [ np . where (n_2 > chunk [ i i − 1 ,

i n t ( c [ i i − 1 ] − 1) ] ) [ 0 ] ] < n_1 [ i i ] ) [ 0 ] ]
365 except :
366 power = 5e8
367 return power
368 e l s e :
369 c [ i i ] = l en (n_2 [ np . where (n_2 < n_1 [ i i ] ) [ 0 ] ] )
370 chunk [ i i , 0 : i n t ( c [ i i ] ) ] = n_2 [ np . where (n_2 < n_1

[ i i ] ) [ 0 ] ]
371
372 chunk = chunk . astype (np . i n t )
373 power [ i i ] = (np . sum( tota l_watts [ chunk [ i i , np . where (

chunk [ i i , : ] > 0) [ 0 ] ] ] ) ) / s e l f . t s
374 return power
375
376 de f _watts ( s e l f , s chedu le ) :
377 # TODO: check t h i s func t i on
378 wattage = np . z e r o s ( s e l f .N)
379 tota l_watts = np . z e ro s ( s e l f .M)
380 tota l_watts2 = np . z e ro s ( s e l f .M)
381
382 f o r j in range ( s e l f .N) :
383 wattage [ j ] = s e l f . app l i ance [ j ] .kW
384
385 f o r i in range ( s e l f .M) :
386 tota l_watts [ i ] = ( wattage . dot ( schedu le [ 0 : s e l f .N, i ] )

) − s e l f .PV[ i ]
387
388 f o r i i in range ( s e l f .M) :
389 tota l_watts2 [ i i ] = ( wattage . dot ( schedu le [ 0 : s e l f .N,

i i ] ) )
390
391 tota l_watts [ np . where ( tota l_watts < 0) [ 0 ] ] = 0
392 return total_watts , tota l_watts2
393
394 de f _generatePop ( s e l f ) :
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395 # This func t i on gene ra t e s populat ion , that i s random but
conta in s f e a s i b l e

396 # s o l u t i o n s with in the g iven c on s t r a i n t s o f the system
397 schedu le = np . z e r o s ( ( s e l f .N + 2 , s e l f .M) )
398 f o r i in range ( s e l f .N) :
399 lower = s e l f . t s ∗ s e l f . app l i ance [ i ] . LL
400 i f lower < 0 :
401 lower = 0
402 upper = s e l f . t s ∗ s e l f . app l i ance [ i ] . UL
403 i f upper > s e l f .M − 1 :
404 upper = s e l f .M − 1
405 t o t a l = in t ( s e l f . t s ∗ s e l f . app l i ance [ i ] . time )
406
407 i f s e l f . app l i ance [ i ] . type == 0 :
408 rand_val = randint ( lower , ( ( upper − t o t a l ) + 1) )
409 schedu le [ i , rand_val : rand_val + t o t a l ] = np . ones

( t o t a l )
410 e l i f s e l f . app l i ance [ i ] . type == 1 :
411 schedu le [ i , : ] = 1
412 e l i f s e l f . app l i ance [ i ] . type == 2 :
413 check = 0
414 whi l e check == 0 :
415 rand_val = [ rand int ( lower , upper ) f o r i i in

range ( t o t a l ) ]
416 i f l en (np . unique ( rand_val ) ) == t o t a l :
417 check = 1
418 schedu le [ i , rand_val ] = 1
419 ##
420 i f s e l f . bp <= 0 :
421 return
422 [ total_watts , tota l_watts2 ] = s e l f . _watts ( schedu le )
423 ccc = 0
424 whi l e ccc == 0 :
425 power = [ ]
426 index = [ ]
427 schedu le [ s e l f .N: s e l f .N + 2 , : ] = 0
428 check = np . z e ro s ( s e l f .M)
429 check3 = np . z e ro s ( s e l f .M)
430 n = randint (1 , 4)
431 ind2 = np . z e ro s (n)
432 f o r i i in range (n) :
433 batt = s e l f . bp
434 index = randint (1 , s e l f .M − 5)
435 subind = np . where ( check > 0) [ 0 ]
436 c = 1
437 i f i i != 0 :
438 check2 = 0
439 whi l e check2 == 0 :
440 i f subind . s i z e == 0 :
441 c = 20
442 break
443 index = randint (0 , s e l f .M − 6)
444 i f index < subind [ 0 ] − 5 or index >

subind [−1] + 5 :
445 check2 = 1
446 c = c + 1
447 i f c > 15 :
448 break
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449 i f c > 15 :
450 break
451 ind2 [ i i ] = index
452 c5 = 0
453 whi l e batt > (min ( tota l_watts2 ) / s e l f . t s ) :
454 i f ( tota l_watts [ index ] / s e l f . t s ) < batt and

check [ index ] != 1 and check3 [ index ] != 1 and \
455 tota l_watts [ index ] != 0 :
456 schedu le [ s e l f .N + 1 , index ] = 1
457 batt = batt − tota l_watts [ index ] / s e l f .

t s
458 check [ index ] = 1
459 c5 = 1
460 index = index + 1
461 i f index == s e l f .M − 1 or index + 1 == ( ind2

[ 0 : i i − 1 ] ) . a l l ( ) :
462 break
463 i f c5 == 1 :
464 schedu le [ s e l f .N, index ] = 1
465 check3 [ index ] = 1
466 # i f s chedu le [ s e l f .N, index − 1 ] == 1 :
467 # disp ( ' e r r o r ' )
468 power = s e l f . _checking ( schedu le )
469 A = np . where ( schedu le [ s e l f .N, : ] > 0) [ 0 ]
470 B = np . where ( schedu le [ s e l f .N + 1 , : ] > 0) [ 0 ]
471 C = A[ np . in1d (A, B) ]
472 i f power . s i z e > 0 :
473 i f np .max( power ) < s e l f . bp and C. s i z e == 0 :
474 ccc = 1
475 return schedu le
476
477 de f _get_appliance ( s e l f , name) :
478 f o r app l i ance in s e l f . app l i ance :
479 i f app l i ance . name == name :
480 return app l i ance
481 return None
482
483 @staticmethod
484 de f normpdf (x , mu=0, sigma=1) :
485 u = f l o a t ( ( x − mu) / abs ( sigma ) )
486 return np . exp(−u ∗ u / 2) / (np . s q r t (2 ∗ np . p i ) ∗ abs (

sigma ) )
487
488 de f _print_table ( s e l f ) :
489 ###############
490 tab = PrettyTable ( [ 'name ' , 'kW' , ' type ' , ' time ' , 'LL ' , '

UL ' ] )
491 f o r i in range (12) :
492 tab . add_row ( [ s e l f . app l i ance [ i ] . name , s e l f . app l i ance [ i

] . kW, s e l f . app l i ance [ i ] . type , s e l f . app l i ance [ i ] . time ,
493 s e l f . app l i ance [ i ] . LL ,
494 s e l f . app l i ance [ i ] . UL] )
495 p r in t ( tab )
496
497 de f _ in i t i a l_p l o t ( s e l f ) :
498 ## Pr ice Function
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499 # This i s the d e f i n i t i o n o f p r i c i n g func t i on f o r the
power supply company

500 s e l f . p r i c e = np . hstack (
501 (np . ones (12) ∗ 8 . 7 , np . ones (10) ∗ 18 . 0 , np . ones (10) ∗

13 . 2 , np . ones (6 ) ∗ 18 . 0 , np . ones (10) ∗ 8 . 7 ) )
502 hours = np . array ( range (1 , 49) ) ∗ 0 .5
503 p l t . f i g u r e ( )
504 p l t . p l o t ( hours , s e l f . p r i c e , r , l i n e s t y l e=' dashed ' , dashes

=[4 , 2 , 1 , 2 ] )
505 p l t . p l o t ( hours , s e l f .PV, b , l i n e s t y l e=' dashed ' , dashes =[4 ,

2 , 1 , 2 ] )
506 p l t . x l ab e l (Hours)
507 p l t . y l ab e l (Electricity Price (cents/kWh))
508 p l t . g r i d ( )
509
510 de f _generate_sols ( s e l f ) :
511 ## Genetic Algorithm
512
513 # Generate So lu t i on s
514 co s t = np . z e ro s ( s e l f . s o l s )
515
516 s o l u t i o n = [ ]
517 f o r i in range ( s e l f . s o l s ) :
518 schedu le = s e l f . _generatePop ( ) # genera t ing i n i t i a l

populat ion us ing generatePop ( )
519 co s t [ i ] = s e l f . _cost funct ion ( schedu le ) # c a l c u l a t i n g

co s t o f each schedu le in populat ion
520 s o l u t i o n . append ( schedu le )
521 i n i t i a l _ c o s t = cos t [ 0 ]
522
523 data = [ ]
524 cost_data = [ ]
525 data . append ( s o l u t i o n )
526 cost_data . append ( co s t )
527
528 # Crossover & Mutation
529 f o r i t in range ( s e l f . t o t_ i t ) :
530 cos t1 = np . copy ( cost_data [ i t ] )
531 p r o b a b i l i t i e s = 1 / cos t1 # p r obab i l i t y ( to become

parent ) i s i n v e r s e l y p ropo r t i ona l to co s t
532 new_population = [ ]
533 temp_cost = np . copy ( cos t1 )
534 f o r j in range ( s e l f . s o l s ) :
535 # parents = c ro s s ov e r ( p r o b a b i l i t i e s ) # 2 parents

are s e l e c t e d p r o b a b i l i s t i c a l l y by c r o s s ov e r ( )
536 parents = _crossover_tourment_select ion ( temp_cost

,
537 5) # 2

parents are s e l e c t e d p r o b a b i l i s t i c a l l y by c r o s s ov e r ( )
538 f e a s i b l e_ ch i l d = s e l f . _generateChi ld ( parents ,
539 s o l u t i o n ) #

generateChi ld ( ) and mutation ( ) generate a f e a s i b l e c h i l d o f
the parents

540 cos t1 [ j ] = s e l f . _cost funct ion ( f e a s i b l e_ ch i l d ) #
cos t o f each ch i l d i s c a l c u l a t ed

541 new_population . append ( f e a s i b l e_ ch i l d ) # each
ch i l d i s s to r ed in new populat ion
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542
543 s o l u t i o n = copy . copy ( new_population )
544 data . append ( new_population )
545 cost_data . append ( cos t1 )
546
547 return i n i t i a l_ c o s t , cost_data , data
548
549 de f _ f ina l_ f i gu r e ( s e l f , f i n a l_ s o l u t i o n ) :
550
551 s e l f . _temperature ( f i n a l_ s o l u t i o n )
552
553 n_2 = np . z e ro s ( s e l f .M)
554
555 power = s e l f . _checking ( f i n a l_ s o l u t i o n )
556
557 GU = np . copy ( f i n a l_ s o l u t i o n [ : s e l f .N + 1 , : ] . t ranspose ( ) )
558 f o r j in range ( s e l f .N) :
559 GU[ : , j ] = GU[ : , j ] ∗ s e l f . app l i ance [ j ] .kW
560 GU[ np . where (GU[ : , s e l f .N] ) [ 0 ] , s e l f .N] = ( power ∗ s e l f . t s

)
561
562 c = [ ]
563 f o r i in range (12) :
564 c . append ( s e l f . app l i ance [ i ] . name)
565
566 c . append ( ' Ba t t e r i e s Charging ' )
567 df = pd . DataFrame (GU)
568 ax = df . p l o t ( kind=' bar ' , s tacked=True )
569 ax . legend ( c , l o c=' best ' )
570 p l t . t i t l e ( ' Optimal Schedul ing o f app l i ance s ' )
571 p l t . x l ab e l ( 'Time s l o t s ' )
572 p l t . y l ab e l ( 'Power (kW) ' )
573 p l t . g r i d ( )
574
575 p l t . p l o t ( s e l f . p r i c e − abs (max(np . sum(GU, 1) ) − min( s e l f .

p r i c e ) ) )
576 p l t . xl im ( [ 0 , 4 8 ] )
577 p l t . yl im ( [ 0 , max( s e l f . p r i c e ) + 1 ] )
578 p l t . p l o t ( s e l f .PV + max(np . sum(GU, 1) ) )
579 n_2 [ np . where ( f i n a l_ s o l u t i o n [ s e l f .N + 1 , : ] > 0) [ 0 ] ] = max

(np . sum(GU, 1) )
580 p l t . stem (n_2)
581
582 p l t . f i g u r e ( )
583 p l t . p l o t ( s e l f . p r i c e − abs (max(np . sum(GU, 1) ) − min( s e l f .

p r i c e ) ) , l a b e l=' Pr i ce ' )
584 p l t . xl im ( [ 0 , 4 8 ] )
585 p l t . yl im ( [ 0 , max( s e l f . p r i c e ) + 1 ] )
586 p l t . p l o t ( s e l f .PV + max(np . sum(GU, 1) ) , l a b e l='PV−Source

power ' )
587 n_2 [ np . where ( f i n a l_ s o l u t i o n [ s e l f .N + 1 , : ] > 0) [ 0 ] ] = max

(np . sum(GU, 1) )
588 p l t . stem (n_2 , l a b e l=' S l o t s supported by Ba t t e r i e s ' )
589 p l t . l egend ( l o c=' best ' )
590 p l t . show ( )
591
592 de f f i n a l_ r e s u l t s ( s e l f , i n i t i a l_ c o s t , f i n a l_co s t ) :
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593 ## Pr ice Function
594 # This i s the d e f i n i t i o n o f p r i c i n g func t i on f o r the

power supply company
595 i n i t i a l _ c o s t = i n i t i a l _ c o s t / 1000 .0
596 f i n a l_co s t = f i n a l_co s t / 100 .0
597
598 return i n i t i a l_ c o s t , f i n a l_co s t
599
600 de f run ( s e l f ) :
601 s e l f . _print_table ( )
602
603 s e l f . _ i n i t i a l_p l o t ( )
604
605 i n i t i a l_ c o s t , cost_data , data = s e l f . _generate_sols ( )
606
607 min_cost , row , c o l = _calc_min ( cost_data )
608
609 f i n a l_ s o l u t i o n = data [ row ] [ c o l ] [ : , : ] # f i n a l s o l u t i o n

i s the schedu le with minimum cos t
610 f i n a l_co s t = s e l f . _cos t funct ion ( f i n a l_ s o l u t i o n )
611
612 p r in t ( 'The i n i t i a l p r i c e i s $ ' , i n i t i a l _ c o s t / 1000 .0 , '

f o r 24 hours ' )
613 p r in t ( 'The co s t i s $ ' , f i n a l_co s t / 100 .0 , ' f o r 24 hours

' )
614
615 s e l f . _ f i na l_ f i gu r e ( f i n a l_ s o l u t i o n )

Listing D.1: Genetic Algorithm Python Code
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Appendix E

Main Python Code

1 import torch
2
3 from Ful l . f o r e c a s t i n g import Forecas t ing
4 from Ful l . g ene t i c a l go r i thm import GeneticAlgorithm
5 import numpy as np
6
7 de f main ( ) :
8 inputS i z e = 1
9 layer_number = 4
10 H_layer = 4
11 hours = 30
12
13 M = 48 # t o t a l time s l o t s
14 s o l s = 70 # i n i t i a l no . o f s o l u t i o n s in GA
15 tot_i t = 80 # t o t a l i t e r a t i o n s in GA
16 comfort = 3 # comfort l e v e l 1 − minimum 2 − medium 3 −

maximum
17 #ts = M / 24 # time s l o t per iod
18 PV_power = 1 .2 # peak PV power in kW
19 bp = 2 # Current power that the b a t t e r i e s are ho ld ing in kW
20 p r i c e = 0
21
22 f c = Forecas t ing ( hours , inputS ize , layer_number , H_layer , '

. . / x_train_8not . csv ' , ' . . / y_train_8 . csv ' , Fa l se )
23 #y_f ina l = f c . run (11)#3
24 #y_f ina l = f c . l oad_fo reca s t (14)
25 y_f ina l = f c . run_al l (36)
26 #y_f ina l = f c . run_fu l l (16)
27
28 t imes = y_f ina l . data . numpy( )
29 t imes = np . around ( times , 2 )
30
31 app l i ance = GeneticAlgorithm . i n i t i a l i z a t i o n ( comfort )
32 f o r i in range ( hours ) :
33 Time = times [ i ]
34 f o r i i in range (4 ) :
35 app l i ance [ i i ] . time = round (100 ∗ f l o a t (Time [ i i ] ) ) /

100 .0
36
37 ga = GeneticAlgorithm ( appl iance , pr i c e , PV_power , bp , M,

so l s , tot_it , True )
38 ga . run ( )
39
40 i f __name__ == '__main__ ' :

82



41 main ( )

Listing E.1: Main Python Code
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