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ABSTRACT

Prediction of Regional Usage Habits Parameters by
Genetic Algorithm for Domestic Electrical Energy
Demand and Production of Daily Load Profiles

Ferhat YILMAZ

Department of Control and Automation Engineering

Master of Science Thesis

Supervisor: Assoc. Prof. Dr. Yavuz EREN

Considering millions of electricity consumers worldwide, significant energy savings
can be achieved through smart pricing or incentives for load shifting. Therefore,
predicting user load profiles has become crucial for electricity distribution
companies. However, obtaining the data used for load profile estimation requires
expensive measurement devices. In this study, a customized genetic algorithm is
proposed to estimate load profile types without the need for measurement devices.
Real-time scenarios for residential consumers are considered using regional surveys
or statistical data to generate load profiles. Energy demands are calculated based on
usage habit parameters, considering statistical energy consumption of user types.
Genetic algorithms are employed to predict the usage habit parameters, aiming
to generate load profiles with minimal error. The obtained results are tested and
demonstrated to be usable in MATLAB®.

Keywords: Genetic algorithm, load profile generation, roulette wheel selection

method, usage habit parameters.

YILDIZ TECHNICAL UNIVERSITY
GRADUATE SCHOOL OF SCIENCE AND ENGINEERING
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OZET

Evsel Elektriksel Enerji Talebi icin Genetik Algoritma
ile Bolgesel Kullanim Aliskanliklar: Parametrelerinin

Kestirilmesi ve Giinliik Yiik Profillerinin Uretilmesi
Ferhat YILMAZ

Kontrol ve Otomasyon Miihendislii Anabilim Dal1
Yiiksek Lisans Tezi

Danigman: Dog¢. Dr. Yavuz EREN

Diinya o6zelinde milyonlarca elektrik tiiketicisi goz Oniine alindiginda akilli
fiyatlandirma veya yiik kaydirmaya yoenlik tesvikler ile enerji noktasinda biiyiik
tasarruflar elde edilebilir. Bu nedenle, elektrik enerjisi dagitimi sirketleri i¢in
kullanicilarin yiik profillerini kestirme problemi énem kazanmistir. Ancak, yiik
profillerinin kestiriminde yararlanilan veriyi elde etmek pahali 6l¢ciim cihazlar
gerektirmektedir. Bu c¢alismada Olciim cihazlarina ihtiya¢ duymadan yiik profil
tiplerinin kestirimi i¢in 6zellestirilmis bir genetik algoritma ile yeni bir prosediir
sunulmustur. Yiik profilleri olusturmak i¢in bolgesel anket veya istatistiksel verileri
kullanarak, konut tipi tiiketiciler acisindan gergek zamanli senaryolar ele alinmistir.
Kullanici tiplerinin istatistiksel enerji tiiketimi dikkate alinarak kullanim aligkanlik
parametreleri iizerinden enerji talepleri hesaplanmigtir.  Kullamim aligkanlik
parametreleri genetik algoritma tarafindan tahmin edilip, ylik profillerinin en az hata
ile iiretilmesi hedeflenmigtir. Elde edilen sonuglarin MATLAB® iizerinde test edilip

kullanilabilir oldugu gosterilmistir.

Anahtar Kelimeler: Genetik algoritma, yiik profili iiretimi, rulet ¢arki secimi

yontemi, kullanict aligkanlik parametreleri.

YILDIZ TEKNIiK UNIVERSITESI
FEN BILIMLERI ENSTITUSU
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1

INTRODUCTION

1.1 Motivation

The study of residential load profile generation presents a unique and compelling
opportunity to probe deeply into the intricate dynamics of electricity consumption
patterns within households. Hence, it contributes a distinct and transformative
impact on the efficient and sustainable management of energy resources. This
perspective discovers the subtle yet critical patterns of electricity usage during
diverse time frames, thus enabling the design and implementation of intelligent
strategies that optimize energy distribution, ensuring a resilient and stable power
supply. An exhaustive and comprehensive exploration of this domain necessitates
a distinct and interdisciplinary knowledge base, encompassing fields such as data
analytics, machine learning, power engineering, and renewable energy integration.
As experts in the field of residential load profile generation, researchers and
practitioners contribute significantly to the development of smart grids, establishing
smooth adaptability to the evolving energy demands, while fostering the integration

of consumers and providers in the growing digital era.

The fascinating aspect of this field is its ability to advance sustainability on
multiple subjects. By acquiring expertise in load profile generation, scholars and
professionals can empower homeowners and consumers with valuable insights
into their energy consumption habits, inspiring a culture of energy conservation
and efficiency that resonates through communities and transcends national
boundaries. Additionally, their research activities have the capacity to accelerate
the advancement of innovative technologies, such as demand response systems
and virtual power plants, thus catalyzing a swift transition towards a future where
renewable energy sources flourish, leading to a substantial reduction in our reliance

on fossil fuels.

In summary, residential load profile generation has significant importance in terms

of energy management and planning, demand response programs, energy efficiency



and conservation, renewable energy integration, infrastructure development, grid

stability and reliability and billing and tariff design.

Considering energy management and planning, to understand the consumption
patterns of residential electricity users is crucial for energy providers and
policymakers to effectively manage and plan the energy grid. Load profiles help
identify peak demand periods, which allows for better resource allocation and
ensures a stable and reliable power supply. For practical applications, load profiles
are essential in the success of the demand response (DR) programs. These programs
aim to adjust electricity usage during peak times, reducing strain on the grid
and preventing blackouts. Accurate load profiles enable the implementation of
targeted demand response strategies, incentivizing users to shift their consumption
to off-peak hours. Moreover, energy efficiency and conservation issue is linked by
analyzing load profiles. Researchers can easily identify energy-wasting patterns and
develop strategies to promote energy efficiency and conservation. This information
can be used to design energy-saving initiatives and encourage consumers to
adopt energy-efficient practices. From a broader perspective, With the increasing
integration of renewable energy sources like solar and wind, load profiles become
essential in matching electricity generation to demand. Understanding peak demand
periods helps ensure that renewable energy sources are effectively utilized and
integrated into the grid. Also, load profiles help us to infrastructure development
activities. Knowing the load patterns of residential users helps utilities determine
the capacity requirements and plan infrastructure upgrades accordingly. Finally, it
can be stated that the accurate load profiling deeply help us for grid stability and
reliability as well as billing and tariff design. Utilities can anticipate fluctuations
in demand and take proactive measures to avoid overloading or under utilizing the
grid, minimizing the risk of power outages. Moreover, load profiles play a role in
designing electricity tariffs and billing systems. Time-of-use tariffs, for instance, are
based on load profiles, where electricity rates vary depending on peak and off-peak

hours.

1.2 Literature Survey and Background

The power system is under strict requirements to achieve a balance between
electricity supply and consumption, even under challenging conditions. Efforts to
explore the rich potential of renewables have led to a diverse supply side operation
in the power system. The European Commission aims to cover at least 27% of final
energy consumption from renewables by 2030 [ 1], making the intermittent nature

of renewable sources a significant factor in the energy balance on the supply side.



Over the years, there has been a shift in the share of electrical consumption among
different sectors in The Organisation for Economic Co-operation and Development
(OECD) countries. The share of commercial public services and residential sectors
grew from 48.4% in 1974 to 62.5% in 2017, while the industry’s power demand
decreased from 48.7% to 32.2% during the same period [2]]. Meanwhile, the share of
electricity demand from the residential sector remained relatively stable, increasing
from 28.7% to 30.8%. However, residential load demand exhibits higher temporal
variability compared to other sectors due to sudden and unpredictable changes in

human activities and the stochastic nature of appliance usage patterns.

Understanding the temporal variability of residential load consumption can be
utilized to compensate for the intermittent nature of renewables through incentive
DR applications. Obtaining realistic and accurate predictions of residential load
profiles is vital for developing energy-based policies for both supply and demand
sides. Load profiling, with more integrated solutions, allows for clustering analysis
to provide characteristic actions and a responsive framework for adaptive energy

balance policies.

Load profiles serve as a fundamental tool for customer classification; however,
their utility extends beyond that to encompass various other applications. These
include devising strategies for supply and demand, designing pricing or tariff
schemes, financial planning and reporting, integrating renewable energy sources,
and enhancing energy dispatching [3]]. Load profiles can be influenced by several
factors, such as temporal demand patterns, the diversity of appliances used, user
preferences, and more. Consequently, employing detail-oriented algorithms capable
of capturing the temporal dynamics of these factors leads to more dynamic and
realistic class representations, ensuring better alignment with real-world usage

scenarios.

The realism of load profiles necessitates addressing issues of accuracy, randomness,
and diversity. To achieve this, various basic models have been explored in the
literature. Studies on load profile generation mainly classify methods into two
categories: top-down (TD) and bottom-up (BU) models. The TD technique focuses
on macro scale aspects to extract the load template, emphasizing the most influential
characteristics for building the load profile [4]. On the other hand, BU approaches
for generating aggregated profiles require detailed data on various factors such as
physical specifications of houses, appliance ownership, usage periods, frequency of
appliance usage, number of occupants, and predicted activities [4]. In summary,
these techniques often face challenges of either high complexity or low accuracy

[5].



The literature offers a diverse array of techniques, including clustering, fuzzy
inference modeling, neural networks, and stochastic control, among others.
Automatic Power Meter (APM) based load profile generation has been explored
as a means to achieve faster peak time analysis and more accurate consumption
portraits [6]. However, while this approach enhances accuracy, it poses a drawback
in terms of cost due to the installation of metering equipment. Various studies
have utilized APM devices to identify representative demand profiles and show
the diversity of electricity usage patterns [7] [8]. A stream structure of data is
employed in another study, featuring an adaptive and recursive clustering method
for updating load profiles with online data feedback [9]. Furthermore, a hybrid
approach combining k-means clustering and generative adversarial networks is used
to generate load profiles with dynamic and stochastic behavior [5]. A combination
of neural networks and fuzzy inference systems is developed to approximate the

nonlinear nature of the load [[10]].

In an innovative approach, generative adversarial networks are employed as a black
box approach to generating load profiles, eliminating the need for assumptions
on building types and occupant activity profiles [3]. Additionally, bottom-up
approaches have been explored, including one that establishes a model for
classifying load demands of residential buildings in Singapore [11]. Gaussian
model-based load profiling techniques are introduced to capture complex behaviors
exhibited by residential load demands [12]]. Markov processes are used in various
studies to produce realistic load profiles, considering daily load volatility and

time-dependency for power demands [13] [14].

Moreover, load profile prediction methods without metering data have also been
investigated. For example, a tool based on Markov chains is formulated to obtain
residential load profiles considering seasonal effects [[15]]. In another study, survey
data on load demand is utilized, and statistical methods are employed to classify

typical load patterns of customers [16].

Table [I.1] presents a compilation of significant studies on household load profile
generation, categorized by published year, adopted model, data types used for
validation or model training, origin country of the data, and proposed techniques.
The models are classified into two main forms: BU and TD models. Data types
are categorized into three cases: Measured data (MD), survey data (SD), and
statistical data (STD). MD can be obtained through APMs or other measuring
devices. SD is collected through specialized surveys that capture individual
preferences in electrical appliance usage patterns. On the other hand, STD is derived

from public reports or sectoral analyses that observe historical customer behavior



trends. Generating household profiles based on STD requires more specific analysis
compared to SD. The proposed techniques for the listed studies are detailed in the
last column of Table [L.1l

Considering Table-1, load profile generation studies have been conducted,
especially in USA-centered research, using different data sources and regression
analysis method [[17] [18] [19] [20]. Regression analysis is primarily a statistical
method, which has been replaced by meta-heuristic methods in recent years.
However, statistical approaches are not limited to regression analysis. Studies
conducted in Australia [21]], UK [22] [23]], Spain [24], and Bulgaria [25]] have also
used statistical methods in different years. Many of the studies that prefer statistical
methods utilize MD data. In fact, this method was commonly used before the
widespread adoption of meta-heuristic algorithms. Nowadays, statistical methods
are frequently employed to make sense of data pieces that constitute a whole. The
selection of machine learning and meta-heuristic methods in studies often indicates
the suitability of the chosen approach and data type in our study with respect to the
literature. For instance, in studies conducted in UK [26]] [27] [28]], Taiwan [16]], and
USA [29], this observation can be noticed.

After reviewing the studies presented in Table certain observations and
comments can be made. The load generation process necessitates high-resolution
and credible data to accurately reflect the volatility and random characteristics of
load profiles. As a result, the trend in applied techniques has shifted towards
learning and meta-heuristic approaches to predict the intricate details of demand
profiles. In this context, evolutionary algorithms fall under the umbrella of
meta-heuristic techniques, known for being naturally inspired and possessing the
capability to produce realistic random load profiles. Consequently, our proposed
approach is a BU model employing a customized genetic algorithm (GA) technique
to generate random load profiles based on SD. Further elaboration on the techniques

will be provided in the subsequent sections.

1.3 Contribution

Reviewing the available literature on residential load profile generation, the primary
objective is to present more realistic and cost-effective methods. Traditionally,
achieving higher realism in load profiles has been associated with increased costs
due to the need for additional APM devices. However, this paper introduces a novel
approach for load profile generation that solely relies on regional survey or sampled

data regarding usage habits. This innovative method enables the acquisition of



Table 1.1 Review of Some Remarkable Studies on the Profile Generation for

Household Loads
Year | Reference (%O_d,rell)) (MD-SD-S tDD?t; T(‘;;Pi;in Country Proposed Technique to Generate Household Load Profiles
1980 [117] BU SD/USA Regression analysis
1984 [18] BU MD/USA Regression analysis
1985 [30] BU MD-SD/USA Probability analysis
1991 [21] BU MD/Australia Statistical analysis
1994 [31] BU MD-SD/Italy Probability analysis with Monte carlo extraction process
2000 [19] BU SD/USA Regression analysis
2000 [132] BU MD/Australia Optimal estimation
2002 [33] TD MD/Greece Neural networks
2004 [134] BU SD/Japan Occupant activity based simulation
2005 [26] BU SD/UK Cluster analysis based on the scenarios with occupancy
2006 [35] BU MD-STD/Finland Probability analysis
2007 [16] BU SD/Taiwan Probabilistic neural network approach
2009 [36] TD MD-SD/Sweden Occupant activity based analysis
2009 [37] BU MD-SD/Canada Scenario based statistical analysis
2010 [38] BU MD-SD/Sweden Activity based Markov chain
2010 [22] BU MD-SD/UK Statistical analysis
2012 [39] BU SD/Australia Physics-based analysis
2012 [23] TD MD/UK Statistical analysis
2013 [115] TD MD/Belgium Markov model based clustering
2013 [20] BU SD/USA Regression analysis
2013 [29] BU SD/USA Heterogeneous Markov chain
2013 [27] BU SD/UK Markov chain
2014 [40] BU MD/Germany Non-homogeneous Markov chain
2014 [28] BU SD/UK Markov chain by Monte Carlo approach
2014 24] BU MD-SD/Spain Statistical analysis
2014 [11] BU MD-STD/Singapour Probability analysis
2014 [41] BU SD/USA Occupant behaviour analysis
2015 [42] BU STD/Germany Probability analysis
2016 4] TD SD/UK Multiple Gaussian functions
2016 19] TD MD/Austria Probabilistic analysis
2016 [43] BU MD-SD/Sweden Probabilistic&Empirical analysis
2016 [44] BU MD-SD/Netherland Markov Chain model by Monte Carlo approach
2017 [45] BU MD-SD/UK Probabilistic analysis
2017 [13] TD MD/USA Markov process
2018 [46] BU MD/China Probabilisitc analysis with occupant behaviours
2018 [47] BU MD/Iran Probabilistic analysis
2018 [48] TD MD/Bulgaria Statistical analysis
2019 [25] BU SD/Denmark Occupant activity based analysis
2019 15] TD MD/Ireland Generative adversarial network

credible load profiling without the necessity of installing expensive equipment in

each residence for demand response applications, clustering, and other purposes.

Therefore, the study’s main contributions can be summarized as follows:

* A pioneering metaheuristic approach utilizing GA is introduced to generate

load profiles solely based on regional statistical data. This innovative
method presents a fresh perspective as the customized GA ensures the
coherence of the generated profiles with the underlying data. Furthermore, the
adopted methodology adheres to the fundamental principles of synthetic load
profiling, including accuracy, randomness, and diversity. Additionally, by
adjusting the stopping criteria of GA, the correlation between the referenced

data and the generated profiles can be effectively controlled.

* As an innovative approach, the allocation of appliances to the profiles is

carried out through a random function, significantly impacting the probability



subroutines during the assignment process. This function incorporates
variables such as the number of occupants in households, previous appliance
assignments, and usage habit parameters. The overall procedure comprises
two main parts: (i) the estimation of usage habit parameters using regional
statistics, and (ii) utilizing these parameters to generate any desired number

of load profiles.

The customized GA for load profile generation has been tailored to meet the
specific requirements of the problem. To enhance the selection operator, we
have adapted the roulette-wheel selection method (RWSM), modifying it to
provide a cumulative distribution property. This modification assigns greater
weight to lower values in the cost function, resulting in a relatively larger
sector in the wheel for chromosomes with lower fitness values. Additionally,
a hetero-probabilistic mutation operator has been introduced, dynamically
influencing the frequency of mutation cases and rearranging the weight of
the parameters based on the mutation frequency. Notably, we have utilized
the recombination operator method [49]] in the crossover operator for the first
time in such a stochastic problem, enabling us to observe its performance in

this context.



2

METHODOLOGY

This section will discuss the criteria on which the load profile generation process is
based, the mathematical model of the system, how consumer habit parameters are
obtained using a genetic algorithm, the data generation process using the obtained

parameters, and the methods used for verifying the generated data.

2.1 Overview

The load profile generation process is essentially divided into two stages: The first
stage involves determining the parameters that represent consumer habits, while the

second stage involves generating load profiles using these parameters.

Fig[2.1]illustrates overall architecture of the load profile generation process. In the
first stage, survey data containing usage habits related to the region for which load
profiles are desired serves as the input to the system. At this point, the employed
genetic algorithm estimates the appropriate parameters for predetermined consumer
types while staying within the specified error range. The resulting parameters serve

as an input to the algorithm operating in the second stage.

STAGE - | STAGE - I

. . Survey data on . Estimated usage . .
Configurations e | Estimated ; e ———— Configurations :
. Parameters .

1 T Generated Load

! : Profile Data
Usage habit parameter Load profile .
estimation process H ; generation process

Figure 2.1 Overall architecture

The mentioned general flow is applicable when we do not have parameters
representing consumer habits. If the first stage has been previously executed and

the necessary parameters have been generated, then using the same parameters,



different sets of load profiles can be generated solely through the second stage.

This is one of the advantages of the presented study.

2.2 Data Quality Criteria

Ensuring the quality of the data used in algorithms developed for maintaining
supply-demand balance, dynamic pricing, load shifting applications, or peak
shaving operations in electric grids is of critical importance for the success of such
studies. In this work, three criteria have been employed, as shown in Fig[2.2] to
characterize the quality of the generated load profile data: Accuracy, randomness,

and diversity. The remaining part of this section will discuss how these criteria are

achieved.

Figure 2.2 The generated load profile quality criteria

Accuracy

The first characteristic to be sought in the generated load profile data should be
accuracy. This is because if a load profile is generated for a specific region, the
algorithms to be applied will be developed entirely based on this data. Therefore,
any inaccuracy in the generated data would lead to the algorithms producing
incorrect results and losing their connection to reality. In this study, we ensure
the accuracy of the generated data statistically. During the stage of generating
parameters representing usage habits, the specific genetic algorithm we have
developed has a "fitness function" component that aims to approximate the average
usage of each device in the generated data to the survey values provided as input
to the algorithm. Thus, even though individual usages may vary, the overall usage
consistently approaches the actual results. This study ensures accuracy in this way.
The topic of verification will be discussed again in the subsequent sections under

the heading of verification.

Randomness

The data generated as a result of this study will be created in the specified types, with

the specified number of users, and each user having the specified devices. This stage

9



involves a significant amount of randomness in the generated data. For example,
the answers to many questions, such as how many users will be in each type, which
devices and electric vehicle models the users will have, and at what hours the users
will use their devices, are all the same: "random". Our study offers two options for
randomness: One is the pseudorandom number generator (PNRG) algorithm, which
can be used in all computer environments and can actually exhibit repetition within
certain limits. The other is the true random number generator (TRNG) algorithm,
which is generated entirely based on physical observations and does not exhibit
repetition no matter how many values are generated. In the implemented system,
a third-party service was used to utilize the TRNG algorithm [50]. However, since
this service is paid, it has been used only where its feasibility has been proven,
and for the simulations presented in the subsequent sections, the PRNG has been
preferred. As long as the number of users in the generated data does not reach

excessive levels, no negative impact of the PRNG algorithm has been observed.

Diversity

The principle of diversity is closely related to the principle of randomness. This
principle emphasizes that even if the same usage habit parameters are used and the
simulation settings are kept exactly the same, each set of generated load profiles will
be different from one another. The only common point among these generated sets
is that they statistically yield the same results. We can refer to this situation as the
characteristic model of the desired region’s load profiles produced with survey data.
While individual data may vary, the characteristic of the data set will remain the
same as long as the survey data remains unchanged. This principle is of crucial
importance, especially for the development of algorithms such as regional load
shifting, dynamic pricing, or peak time estimation. By having different data sets
with the same characteristic, the developed algorithm will converge towards success

with each iteration and can be objectively tested.

2.3 Mathematical Background

In this study, the main point we considered while generating consumer load profiles
is the compatibility of the generated data with reality. This compatibility was
achieved using genetic algorithms. In order to incorporate genetic algorithms
into our study, it was necessary to mathematically represent the defined consumer
profiles. Only in this way could we utilize the operators of the genetic algorithm and
achieve satisfactory results. The realism of the mathematical model is also of critical

importance. In this section, we will step-by-step demonstrate the mathematical

10



background of the study, how we modeled user profiles, and at which point we

integrated the genetic algorithm.

Firstly, we need to classify the consumers in the region where load profiles will
be generated as u = {w|t € {1,...,T}}, where T is any integer. Similarly, let’s
represent the appliances included in the study as a = {q;|j € {1, ..., J}}, where J
is any integer. In the surveys used in this study, the usage duration of each appliance
was taken as the weekly hours per person, and based on this, the total weekly
duration of a household was calculated. Therefore, the 7" P(u;) function represents
the total number of individuals in a household of type u;, the SWO(a;) function
represents the weekly operation duration obtained from the survey for appliance a;,
and the RWO(uy, a;) function indicates how many hours per week a household of
type u; operates appliance a; in reality. Based on this, the following Eq2.1] can be

written:

RWO(uy,a;) = TP(u)SWO(a;) (2.1)

The goal in the generated load profile data is to converge to the actual value, namely
the RW O value for each (u;, a;) combination. Therefore, we can express the cost

function to be used for the genetic algorithm as Eq[2.2]

TWO(uy, a;) — RWO(uy, a;)
RWO(Ut, G])

g(ug,a;) = x 100 2.2)

The TWO(u,, a;) function represents the weekly total operation duration obtained
from the generated data for the given user type u; and appliance a;. The
convergence of the given cost function g(u,, a;) to zero implies that the generated

data approaches reality. This will also be the objective within the genetic algorithm.

As expressed in Section [2.2] the time at which assigned devices are operated by
respective users is randomly determined. However, this randomness does not occur
uniformly. The most critical point of the mathematical model presented in this
study is the creation of the "random assignment function (RAF)". The value
obtained from this function influences whether the corresponding device will be
used by the respective user at that particular moment. While always maintaining
the randomness factor, we eliminate the uniformity of this randomness in order to
generate more realistic data. As stated in Eq[2.3] whether a device is used at a given

time by the specific user-type is modeled mathematically.
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RAF (uy, 45,4, k) = Ty pro (1, k) Koy 0y — Doy (k) Ky, — Wy (k) K, (2.3)

The indices ¢ and & correspond to the sectors within a day and week, respectively.
The function Tp,pm(ut, k) provides the number of individuals present in the
household within the given time sector. In other words, if we consider all consumers
as residential, it gives the number of individuals present in the house at the specified
time. The function D, (k) indicates how many times device a; has been used within
the same day in the simulation until the specified time point. Similarly, the function
W, (k) indicates how many times device a; has been used within the same week
in the simulation up to the current point. The parameter K, o, represents the usage
habit of user u, towards appliance a; and has a positive effect on the likelihood
of the appliance being used at that moment. The parameter K4, o; is a parameter
determined based on the number of times appliance a; is used within the same
day and has a negative effect on the likelihood of the appliance being used at that
moment. The parameter Ky, q, 1 a parameter determined based on the number
of times appliance a; is used within a week and also has a negative effect on the
likelihood of the appliance being used at that moment. The summary of Eq[2.3]is as
follows: The probability of a device being used at a selected time for a given type
of household increases as the number of people present in the house at that moment
increases, decreases as the number of times the device has been used within the
same day increases, and decreases as the number of times the device has been used
within the week increases. In this study, the likelihood of an appliance being used
or not at any given moment is modeled in this way. This is one of the important

contributions of our study.

In light of the above explanation, the remaining points in Eq[2.3]are the parameters
Koy a;s Kudya;> a0d Koy, q;- At this stage, our solution involves the integration of a
genetic algorithm. If we consider these parameters as set Ky, ;, a chromosome to

be used in the genetic algorithm is formulated as in Eq[2.4}

Kutfaj = [Kut,aj ) Kudt,aj7 Kuwt,aj] (24)

Another issue in Eq)2.3]is the D, (k) and W, (k) functions. In this study, when
assigning the operating hours of devices, we divided a day into four parts, each
consisting of six-hour intervals. After determining whether an appliance will

operate during a specific hour of the day, the question arose regarding how many
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times we would perform a similar operation within the same day. At this point,
we decided to divide the day into four parts and apply a probabilistic operation
process for each appliance four times a day. These four parts were determined
experimentally. Dividing the day into more parts increases the computational
burden of the genetic algorithm and takes more time to reach a solution. The results

of the simulations will be discussed in subsequent sections.

The D, (k) function is reset to zero for each device when a new day begins.
Similarly, the W, (k) function is reset to zero for each device when a new week
starts. These functions can be mathematically expressed as Eq[2.5] and Eql2.6

respectively.

4
Do (k) ={vk € {1,2,...,7} : > Dy, (i, %)} (2.5)
=1

ko 4
Wa, () =) " hata, (i, k) (2.6)

k=1 i=1

where hg o, (4, k) is the starting-time function of the appliances at the corresponding

day and kj is the current day in the simulation.

If the corresponding appliance is operational during the given time intervals
Rt a, (i, k) = 1; otherwise, hg q, (i, k) = 0.

In summary, as the value of the RAF' function increases, the probability of the
device being operational at that moment also increases. Due to the difficulty of
predicting the range of the resulting value, we attempted to control the output of
the function within a certain range by manipulating the values of the K, ,; set
given in Eq[2.4] After calculating the RAF function, a random number is selected
from the interval [0, 100]. If the selected value is less than or equal to the result
of the RAF function, the device is operated; otherwise, it is not. In this way, the
genetic algorithm calculates the K, ,, parameters in a way that keeps the result
of the RAF function within the range of [0, 100]. The presented idea is one of the
important breakthroughs of this study.

2.4 Parameter Estimation with Genetic Algorithm

Genetic algorithm is an intuitive optimization and search algorithm inspired by

natural selection. It is one of the subcategories of evolutionary algorithms. It
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incorporates operators with the same names, such as crossover, mutation, and
selection, inspired by certain biological processes. Based on the algorithms, many
variations of genetic algorithms have been developed. However, they all converge
at the same fundamental operating principle. Fig[2.3|illustrates some variations of

genetic algorithm operators [S1].

Operators
used in
Genetic

Algorithms

N

Encoding Selection ) ( Crossover ) ( Mutation )
| Binary Encoding | R Roule.tte Wheel ,| Single Point N Dlsplaf:ement
selection Crossover Mutation
" - K-Point Inversion Muta-
H Octal Encoding | '| Rank Selection | o I
Crossover tion
| Hexadecimal En- ,| Tournament Se- ,| Uniform ,| Scramble Muta-
coding lection Crossover tion
|| Permutation En- ,| Boltzmann selec- | Partially mapped | Bit Flipping Mu-
coding tion Crossover tation
H Value Encoding ‘ - Stachashe U'n|— >| Order Crossover > Reversnng Mlitas
versal Sampling tion
- Precedence pre-
~ Tree Encoding | P

™ .
Serving Crossover

¥

| Shuffle Crossover |

Reduced Surro-
gate Crossover

+| Cycle Crossover |

Figure 2.3 Generic algorithm operator types

The genetic algorithm to be applied should be carefully chosen according to the
specific problem at hand. Otherwise, issues may arise such as the algorithm getting
stuck at local minima or local maxima points, or continuously searching for the

optimal point without focusing on a particular point.

In the load profile generation problem, we knew that we couldn’t benefit from
existing variations of genetic algorithms for estimating the parameters representing
usage habits. This is because our specific problem did not conform to the patterns
found in the literature. Before discussing the features of the genetic algorithm

developed within the scope of this study, it is worth addressing the problem at hand.

The main difference of the usage habit parameter estimation problem from
traditional optimization problems is its stochastic nature. In other words, the
parameters defined in Eq[2.3] as described in Section [2.3] do not yield the same
result in every usage. The characteristic of the problem being stochastic necessitates

the solution to be in the form of a range rather than a single point. In this study, an
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error margin of 15% is set. This means that the convergence rate of the generated
load profile data with the survey data should be at least 85% in terms of proximity.
The simulation parameters in this study will be discussed in subsequent sections,
but the point being made here is that we do not have a deterministic problem. As
a result, the genetic algorithms found in the literature do not fully adapt to this

problem.

Fig[2.4] illustrates the basic flow of the genetic algorithm. The genetic algorithm
presented in this study operates on the same principle. The difference lies in the
algorithms contained within the operators shown in the figure. In the following
subsections, we will discuss the genetic algorithm operators that we developed to

find the usage habit parameters.

Initialize
the intial
population

N Determine fitness value Fitness
> for each chr in N
the given population Function

Are terminatio
conditions
satisfied?

TRU 3 Return best fit — 3 Terminate

population

FALSE

Select best

chromosomes according Selection
to fitness values and PP
apply elitism and Elitisim
Cross selected
chromosomes and
generate a new Crossover

population

! —

Mutate the generated
new generation and
elitist chromosomes

!  —

Mutation

Figure 2.4 Fundamental principle of generic algorithm

Fitness Function

The fitness function operator is a function where sets of parameters, called
chromosomes, are tested and scored based on how close they are to the desired
outcome. In this way, it performs the same task as the "cost function" in

optimization problems.

In this study, the fitness function specifically designed for the problem tests the
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parameter set K, ,, given in Eq Within the genetic algorithm, each element
of the K, ,, set is referred to as a "gene," while the set itself is referred to as a

"chromosome".

Within the fitness function, a part of Stage-II shown in Fig[2.T]is executed. The
function receives the user type parameter and the device assignment parameter as
inputs. Then, a weekly usage data is generated for the assigned device based on the
chromosome (usage habits parameter) to be tested. The resulting data is evaluated
using Eq[2.2] The success value of the given chromosome is determined based on

this evaluation. Subsequently, the algorithm proceeds to the next stages.

Selection and Elitism

The selection process is of critical importance for the successful progression
of the genetic algorithm. Chromosomes that are evaluated and receive specific
scores within the fitness function undergo a selection process at this stage.
There are two important considerations at this stage. The first is to ensure that
chromosomes with higher scores are not lost and allow them to dominate in the
subsequent generation. The other important consideration is the possibility that
these high-scoring chromosomes may represent local optima, and therefore, it is
necessary to carry over chromosomes with lower scores to the next generation to
explore alternative solutions. In addition to the selection process, there is another
operation that serves as insurance during the genetic algorithm process: Elitism.
This operation aims to transfer a small number of the most successful chromosomes
to the next generation without subjecting them to any selection process, as a
safeguard. In this study, we also applied elitism. Since the focus of this study
is not solely on the genetic algorithm, a comparison between the application and

non-application of elitism was not made.

To perform the selection process in an objective manner, maintain randomness in
the genetic algorithm to prevent it from getting stuck at a particular point, and at the
same time increase the probability of selecting more successful chromosomes, the
cumulative probability distribution function (CPDF) has been used. However, the
CPDF in its pure form posed certain challenges. We will examine these challenges

and how we addressed them.

Let F = {f1,..., f.} represent the set of fitness values for the current generation.
In this form, the selection probabilities P should be as given in Eq[2.7}
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P:{pi

With S = 7', fx, as stated in Eq[2.8] the sum of the elements in the P set will be
equal to 1:

Ji }
i — ~—=n___ o, (> :].,..., 27
P ST [ n (2.7)

Zp¢:é+%+~-+&:1 (2.8)

A significant problem arises when considering Eq2.7] If f; = 0 for any ¢, then p;
will also be zero. However, in the context of the prepared fitness function in Eq2.2]
the case of f; = 0 represents the most successful chromosome. Consequently,
the most successful chromosome would never be selected in this way. If we take
the reciprocal of the obtained p; values according to the multiplication operation,
we encounter divided-by-zero situations, which prevents us from obtaining any

probabilistic expressions in this manner.

To solve this problem, the following method has been applied. Let’s consider Eq[2.9]
with A > 0and A+ n # 0:

A+n
_A—l—n_l (2.9)

SN

The numerator and denominator values in Eq have changed, but their ratios
remain the same. Thus, even in the case where A = 0, a probabilistic value is
obtained. It should be noted that we utilized the equality A = A here. In the case

of the contrary, this operation would alter the proportionality.

Therefore, based on this, we can rewrite Eq@ as follows:

n

S S+n fi+1 fn+1
i=2 = - 1 2.10
2SS 5 st T S 19
Starting from Eq2.10, P’ can be expressed as Eq
fi+1] .
P/: i/ i/: 3 :1,..., 211
{p Pi= gt n 2.11)

When the elements of P and P’ sets are compared, it can be observed that the
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values are different from each other. However, this is a negligible difference. As
the value added to each element increases, especially in the case of fitness values
close to zero, the negative difference also increases. Experimentally, adding 1 to
each numerator element was found to be sufficient. Therefore, the loss incurred can

be considered negligible in terms of resolving the problem described above.

After organizing the fitness values as shown in Eq[2.T1] the reciprocal of each
element is taken with respect to the multiplication operation and divided by the
total values so that both elements close to zero have a higher probability range and

the normalization of values is achieved.

From this point on, the fitness values set P’ can undergo the CPDF operation and as
a result, the table shown in Fig[2.3]is obtained.

0 P’y p'1tp pg+..+Ppg Prt..+tpp=1
° ° - - === = -9 °

Figure 2.5 CPDF applied P’ set

After applying the CPDF operation, as indicated in Fig[2.5] a region is formed
for each chromosome’s fitness value. Subsequently, a random real number is
selected from the interval [0, 1]. The selected number determines which region it
falls into, and the chromosome associated with that region is chosen. Thus, while
preserving randomness, a higher likelihood of selection is given to more successful
chromosomes. This contribution of the presented study to the literature lies in the

genetic algorithm selection operator.

Crossover
The crossover operator is where the genetic algorithm demonstrates its prowess.
With this operator, the genetic algorithm moves towards optimal values in a vast

search space with each new generation.

The method for performing the crossover operation depends directly on the problem
at hand. Fig[2.3| presents some of the crossover methods found in the literature.
While some of these crossover methods can operate on real numbers and integers,
others may work exclusively with binary representation. Additionally, each method

may have a different spread radius.

In this study, we relied on the article by Stjepan Picek, Domagoj Jakobovic,

and Marin Golub to determine the crossover method to be used [49]]. In their
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paper, they combined known crossover methods for "real-coded" genetic algorithm
problems, and achieved more successful results compared to individual methods
that could be used separately. Based on this, we combined 12 different crossover
methods in a randomized selection manner for each crossover operation, and
obtained our results accordingly. Some of the crossover methods used are as
follows: discrete crossover [52]], simple arithmetic crossover [52]], single arithmetic
crossover [52]], whole arithmetic crossover [52]], local crossover[/53]], SBX crossover
[54], BLX-alpha crossover [535]], heuristic crossover[56], BLX-alpha-beta crossover

[S7], and one-point crossover [58]].

Mutation

The last operator of the genetic algorithm is the mutation operator. The mutation
operator performs a function equivalent to its biological counterpart. The
selected chromosomes have undergone the crossover operator, resulting in new
chromosomes. Now we have the chromosomes generated through crossover and the
chromosomes selected through elitism during the selection process. The power of a
genetic algorithm lies in its nature of searching unpredictable parameter spaces. The
mutation operator plays a critical role in this regard. If there are still chromosomes
that remain stuck at local optimal points after selection and crossover, some of them
are randomly altered within a predetermined range of changes. This may disrupt
the optimal point, but the genetic algorithm will address such issues in the next
generation. We can liken the genetic algorithm to a soldier shooting continuously
into a specific area. Sooner or later, the soldier will "accidentally" hit the target.
While the working principle of the genetic algorithm is similar to this analogy, it

progresses in a more planned manner than chance.

In this study, a dynamically changing mutation rate was applied to the
chromosomes. This approach both limits the number of chromosomes undergoing
mutation and allows for the possibility of chromosomes not undergoing mutation
at all. As a result, the mutation operator exhibits greater similarity to its biological

counterpart.

In this study, we have proposed hetero-probabilistic mutation operator by presenting
dynamical influencing factor on the repeating cases of the mutation. The
operator readapts the weight of the parameters based on the mutation incidence
frequency. For this aim, we define the variables of the mutation probability of
each chromosome (P c(A)) and each gene (P (A)) where A is local variable
keeps the iteration number. Also, we define the parameters of M Ro and M Rq

which are the mutation rate to each chromosome and gene, respectively. The
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chromosomes are sorted randomly and a random number @ € [0, 100] is assigned
to the each chromosome. The chromosomes in the list are compared with Py (),
respectively. If o < Py () satisfies, then the corresponding chromosome is
selected for mutation. Immediately, the genes are sorted again randomly and a
random number 5 € [0,100] is assigned to the each genes. For each genes, the
comparison of 5 < Py () is tested and whenever it is satisfied, the regarding

gene value (K(\)) is modified as follows
Ke(A+1) = Kg(\) + U(y) x Kg(A) x (MRg/100) (2.12)

where U () is a random sign function that is +1 whenever the random binary digit

v =0, —1, otherwise. Then, the Py, () and Py () are updated as
PM,G(/\ + 1) = PM,G()\> — Cl X MRG (213)

PycA+1) = Pyc(N) — G x MRe (2.14)

where (; and (, are the counter of mutant gene and chromosome numbers,

respectively.

2.5 Data Generation

The generation of load profile data is the second stage of the entire process, as
shown in Fig[2.1] During data generation, the first stage is to randomly create the
desired number of users based on the configured user types. The specified devices
are also randomly assigned to these created users according to the configuration
stage. Whether or not electric vehicle allocation is performed is determined in
the configuration where user types are specified. As mentioned in Sec[2.2] TRNG
can be used during both user type assignment and device allocation. Our study
makes certain assumptions. The purpose of these assumptions is to reduce the
complexity of the system by sacrificing a negligible amount of data. For example,
each device can only be assigned to a user once. Additionally, since survey data
is person-based, when calculating the consumption of a household, we assume that
each person contributes equally to certain appliances. For shared appliances, we
assume an approximate contribution and calculate the total consumption. Moreover,
sleep hours during the night or working hours of employed household members
are approximately given. These values are based on our personal observations.
Although we have such assumptions, the aim of our study is not to accurately
generate load profiles of a specific region; rather, the main objective is to generate

accurate data based on the provided survey data and entered initial parameters.
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Therefore, the accuracy of the input data is entirely the responsibility of the user.

After the assignment of users and their corresponding appliances is completed, the
operating times of these assigned appliances are determined. For this purpose, as
mentioned in Sec[2.3] each day is divided into four equal sectors, and the working
times of the assigned appliances in each sector are randomly determined based on
the probabilities obtained from Eq[2.3] which includes the habits of whether all
assigned appliances are being used or not. At this point, it is worth mentioning the
types of appliances used in our study. We divided the appliance types into three

categories:

1. Non-periodic appliances: For these appliances, once the start time is
determined, the end time is also known since their operating durations are
fixed. Examples of such appliances include washing machines, dryers, water

heaters, etc.

2. Periodic and non-continuous appliances: For these appliances, once the start
times are determined, their operating durations are randomly assigned within
the limits specified in the configuration. Examples of such appliances include
TVs, PCs, etc.

3. Periodic and continuous appliances: For these types of appliances, specific
start and end times are not determined. Instead, they may have options such
as periodic operation with intervals of work and rest or continuous operation
without stopping. Examples of such appliances include refrigerators, air

conditioners, modems, etc.

Determining the operating times of assigned devices is one of the most complex
parts of the algorithm. Unless otherwise restricted, devices can operate at any time
during the day. There may also be constraints such as ensuring that different devices
do not operate simultaneously. Such flexibilities help enhance the realism of the
data. Once the operating hours are assigned, the energy consumed by the devices
is allocated to the corresponding operating hours. There are also options available
for determining the energy values. After the energy allocations are completed, the
usage of all devices is aggregated to form the load profile of the corresponding user

for the desired period.
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2.6 Verification

One crucial aspect, as important as load profile generation, is the validation of the
generated data. The fundamental aim of our study is to produce individual load
profile data that is consistent with real statistical data. The validation of this process
is performed within the established architecture during the course of the study. To
validate the data, the parameters representing user habits need to be confirmed.
Additionally, the data generated using these parameters and Eq[2.3] should also be
validated. In other words, both the parameters and the Eq[2.3] presented should be

part of the validation process.

As described in Section [2.4] the genetic algorithm, specifically tailored for our
problem, predicts the consumption habits represented by parameters. In doing so, at
each new parameter generation, a one-week data is generated for the corresponding
household and appliance using these parameters. After the data is generated,
Eq is utilized to calculate the fitness value of the parameters, in other words,
to determine how close the generated data is to reality. If this value falls below
the pre-defined 85% compatibility threshold, the process continues with another
set of parameters. Once the desired success rate is achieved, the genetic algorithm
strives to approach the 100% full compatibility figure. This process continues until

it reaches the generation limit, which is determined experimentally.

When considering the process of predicting usage patterns and generating load
profiles using these parameters, the data verification process is performed within the
process itself. Of course, data verification could have been performed after all the
load profiles were generated. However, such a scenario would impose a significant

computational burden, and in return, there would not be a substantial difference.

Another factor that affects the accuracy of the data is how many sectors a day is
divided into. This issue was discussed in detail in Section In our simulation
study presented in this work, we divided a day into 4 sectors. However, by
increasing this number to, for example, 8 sectors, we may achieve slightly better
results. Nevertheless, this will also lead to a higher computational load. Many of

the parameters in our simulation study are experimentally optimized.
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3

IMPLEMENTATION

3.1 Development and Simulation Environment

The simulation of the proposed load profile generation is implemented in
MATLAB?® using an Intel® Core™ 13-3110M processor. The implementation process
was carried out using MATLAB?® core functions, and no additional toolboxes were
included. From this perspective, our work is platform-independent. The same study
can be implemented using any open-source structured programming language.
Functional programming technique was used instead of object-oriented technique.
This allows the impact of each function on the data to be easily observed. The

structure format was frequently used to simplify the representation of the data.

3.2 Configuration

The configuration phase of the developed software is of critical importance for the
accuracy and reliability of the data to be obtained at the end. The configuration is
entirely done using text-based JavaScript Object Notation (JSON) files. In other
words, the configuration process can be carried out using a simple text editor.
Table [3.1] presents the configuration files used in our study and their respective

responsibilities.

Configuration process shall be done with consideration of the region which is target
of the survey data. It is not enough only acquire usage data for each appliances.
Besides, it is necessary to know basic types of household profiles and appliance
types which they own. The user types to be created during the configuration
phase are of critical importance for the reliability of the generated load profile data.
However, the aim of our study is to produce load profiles that are compatible with
the given configuration and survey data. Therefore, the accuracy of the input data
is the responsibility of the user.

The flexibility achieved by the presented study to cover various scenarios has led to

23



Table 3.1 Contents of the configuration files

| Configuration File Name | Content

Appliances Data

All configuration related to household appliances
is kept in this file. Information such as the types
of appliances, their energy consumption, time
restrictions, real usage data, etc., are included in
this configuration file.

Residental Types

The configuration parameters for the specified
household profiles are included in this file.
Parameters such as household population, number
of employed individuals, working days, working
hours, sleep hours, electric vehicle ownership
status, appliances that need to be assigned and not
assigned, are set through this file. There is no
restriction on the number of household profiles.

Electric Vehicles

Unlike household appliances, parameters related
to electric vehicles are set through this file. It
includes the names of vehicle models, battery
capacities, pre-defined battery charge levels for
software usage, and charging time restrictions.

Genetic Algorithm

All configuration parameters related to the genetic
algorithm used to predict usage parameters are
included here. The genetic algorithm also utilizes
configuration files such as appliances data or
residential types. With this configuration file,
various parameters can be adjusted, such as
the number of chromosomes in each population,
the number of genes in each chromosome,
information used in the selection operator,
mutation parameters, and termination conditions.
These settings directly affect the performance of
the genetic algorithm.

Initial Conditions

This configuration file, used by both the genetic
algorithm and the data generation algorithm,
contains fundamental parameters such as sample
time, the number of households for which load
profiles will be generated, the number of weeks
for which load profiles will be generated, and the
division of the day into sectors.

Run Probability Parameters

This configuration file contains parameters that
are not manually created by the user but
are automatically generated through the genetic
algorithm process. The parameters representing
consumption habits are included in this file.
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the complexity of the configuration files. Especially in the configuration

Listing 3.1 Instance of an appliance configuration

"washingMachine": {
"type": O,
"needOperator": 1,
"power": {
"format": "choice",
"value": |
600,
900,
1200]},
"operation": {
"mode": "non-periodic",
"continuity": O,
"runDuration": [1, 20]},
"weeklyRunInReal": {
"case": 1,
"personCount": 1,
"value": [0,213],
"additionEachPerson": [0, 25]},
"dependency": {
"case": 0},
"constraints": {
"workTimeConstraint": {
"case": 0},
"applianceConflictionConstraint": {
"case": 0},
"evConflictionConstraint": {
"case": 0}}}

files where household appliances and user types are entered, there are many options.
Listing 3.1 shows the configuration for the washing machine. If we examine

the parameters, the "type" parameter determines whether the entered device is a

consumer or a pI'OdUCCI‘.

The "needOperator" parameter indicates whether the household appliance requires
an operator for operation. The "power" parameter specifies the power consumption
of the household appliance. The variables can be written in two different formats:

When the "choice" format is used, a random selection is made among the given
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values to determine the power consumption of the household appliance when it
is used. The other format, "interval", allows the power consumption value to
be randomly selected from a range of two given values. These two formats
provide significant flexibility in determining the power consumption of household

appliances.

The "operation" parameter determines the mode of operation of the household
appliance, which was discussed in Section [2.5] The "runDuration" parameter
determines the operating duration of the household appliance, and of course, this
duration is interpreted differently depending on the operating mode. The time

format used throughout the configuration is "[hour, minute]".

The "weeklyRunInReal" parameter represents the interpreted form of the relevant
survey data for the respective household appliance. The "case" parameter, present
here and in subsequent sections, serves as a flag to indicate whether the relevant

configuration is present. This facilitates querying within the software.

The "dependency" parameter is used during the assignment of household
appliances. To assign the relevant household appliance, the household appliance

specified by this parameter must also be assigned to the respective user.

The ‘"constraints" parameter contains various restrictions. The
"workTimeConstraint"  parameter, as the name implies, defines
constraints on the operating duration of the household appliance. The

"applianceConflictionConstraint" parameter lists household appliances that cannot
operate together simultaneously, and the "evConflictionConstraint" parameter
indicates that the relevant household appliance cannot operate together with the

specified electric vehicle.

As mentioned above, these parameters add significant flexibility to the study.
However, as a negative effect, they introduce a degree of complexity during the

configuration stage.

Listing 3.2 shows an example of the configuration for household types. In this
example, parameters specific to Type-4 residential type are presented. Similar
to the configuration for household appliances, there are many flexibilities in this

configuration as well.

The "employedCount" parameter indicates the number of employed individuals
within the residence, while the "nonemployedCount" parameter specifies the

number of non-employed individuals. Thus, the total number of residents in the
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house is obtained by adding these two parameters.

Listing 3.2 Instance of a household type
"typed": {
"employedCount": 2,
"nonemployedCount": 2,
"alwaysAppliances": [
"washingMachine" ,
"dishwashing",

" lamp l ,

n n

tv ",
"fridge"],
"neverAppliances": [
"windTurbine" ,

"solarPanel"],

"haveEV": 2,
"jobSchedule": {
"case": 1,

"workDays": [

51,
"lowerTime": [8,0],

"upperTime": [19,0]},

"constraints": {
"constraintsCount": 0},
"sleepTime": {
"case": 1,

"lowerTime": [23,0],
"upperTime": [7,0]}}

The "alwaysAppliances" parameter lists household appliances that must be
assigned to the respective residential type without exception.
"neverAppliances" parameter specifies household appliances that must not be

assigned to the respective residential type. These two parameters play a significant

role in the assignment of household appliances.

The "haveEV" parameter indicates whether the respective user type will be assigned
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an electric vehicle or not. There are three options here: situations where electrical
vehicle (EV) assignment is absolutely not made, situations where EV assignment is

absolutely made, and situations where EV assignment is made randomly.

The "jobSchedule" parameter specifies the workdays and working hours for the
respective residential type. The "lowerTime" parameter indicates the start time of

the working hours, while the "upperTime" parameter shows the end time.

The "constraints" parameter contains restrictions on the use of certain items.

However, such a restriction is not present in the current residential type.

The "sleepTime" parameter indicates the sleep habits of the respective residential
type. For example, in this example, we can say that residents of this type sleep
between 23:00 and 07:00. Therefore, during these hours, no household appliance
requiring an operator should operate. However, there are no such restrictions for

household appliances that do not require an operator.

Other configuration files also have a similar structure. All stakeholders of the
generated data have different flexibilities in this way. The configurations given as

examples above were used in our simulation study.

3.3 Coding

The code implementation of the presented study is fundamentally divided into three
parts: configuration, genetic algorithm, and data generation. Additionally, there is a
section dedicated to plotting to analyze the generated data. The implementation
process is entirely completed through multiple functions communicating via an
interface and main script files that call these functions. In this section, pseudocodes

of some algorithms involved in the data generation process will be discussed.

The general flow of the process is provided in Fig[3.1] with all its aspects. This
flow is a more detailed version of the previously presented Fig[2.1] The expressions
related to the methodology described in Chapter [2]are also included in Fig[3.1]

If we start the data generation process by predicting the parameters representing
usage habits using the genetic algorithm, Algorithm [5] should be expressed first.
This algorithm represents the general process of the designed genetic algorithm. We
can see the sequence of operations and the tasks performed by these operators with
this algorithm. The given algorithm is a detailed version of the genetic algorithm
flowchart provided in Section [2.4]
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Alg. 5: For each (u,- a;), usage
Parameters (K, _, ) are estimated
iteratively by the survey data.

(*): In part 1, Alg. 3 is executed only |
for the related appliance instead of the |
for all ones. !

(**): Algorithm (Alg.)

I c:Parex L
. :Part2

Figure 3.1 Load profile generation process
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Algorithm 1: Inserting appliances to the end-user profiles

foreach endUser(u;) do

foreach appliance(a;) do

/+ Pick an appliance randomly and evaluate the options of
exact, never and inexact for the assignment with
constraints: */

if a; in available list then

‘ assign a; to endUser profile;

else if a; in unavaliable list then

‘ continue;

else

/* Define binary-digit variable (randomBit) and assign a
random value. */

randomBit = rand([0,1]);

if randomBit == 1 then

/+ Check the correlation constraint. */

if correlations satisfied then

/+ Conditions are satisfied, hence assign the new
correlated appliance. */
assign a; to endUser;

else

‘ continue;

end if

else

‘ continue;

end if

end if

end foreach

end foreach

Within Algorithm [5] two different algorithms are used, which are also employed
during the data generation process. One of these is Algorithm [3] which determines
the operation times of the assigned appliances to households and is relatively more
complex. This algorithm applies a working test for all assigned appliances in all
sectors within a day. During this test, it calculates the probabilities of appliance
operation. The calculated value is then compared with a randomly selected value,

and accordingly, the appliance’s operation time is assigned.

Another process within the scope is represented by Algorithm ] The main purpose
of Algorithm []is to calculate the probability of the appliance’s operation as given
in Equation [2.3] As mentioned earlier, this algorithm is used both in the genetic
algorithm process and in the data generation process. It is worth mentioning here
that the verification method explained in Section [2.6] emphasizes this point. The
accuracy of the generated parameters is reevaluated multiple times during this
process, so the presented study performs its own validation internally. Therefore,

there is no need for an additional verification method.

After the completion of the genetic algorithm process, the data generation process
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Algorithm 2: Inserting the electric vehicles profiles.

foreach endUser(u;) do

/* Get the list of electric vehicles. %/

electricVehicleList = getListEVs();

/+ Pick randomly a draft profile generated by Algorithm 1 and
evaluate the options of none(0), inexact (l) and exact (2)
for the assignment of the EV to the end-user type. */

switch option do

case 0 do

‘ continue;

case / do

/* Define binary-digit variable (randomBit) and assign a
random value. */

randomBit =rand([0,1]);

if randomBit == 1 then

/+ Select randomly an EV from the list and add to the
profile. */

selectedEV = randomSelect (electricVehicleList);

assign selectedEV to endUser profile;

else

‘ continue;

end if

case 2 do

/+ Select an EV and assign to the profile. */

selectedEV = randomSelect (electricVehicleList);

assign selectedEV to endUser;

end switch

end foreach

begins as shown in Fig[3.1] At this point, the first task is to create the desired number
of household examples for each designated household profile type. Subsequently,
following the established configuration, the allocation of appliances to these
generated households is performed. Algorithm [I] is designed to carry out this
process. Except for the specifications explicitly defined in the configuration, all
other allocations are entirely random. One of the significant achievements of our
study is that despite the distinct characteristics of all these appliances and entirely
random allocations, the system converges close to the given survey data by only

manipulating the usage times.

Algorithm [2] demonstrates the allocation of electric vehicles. The process here
is carried out in accordance with the established configuration. The options for

allocating electric vehicles are explained in Section[4.2]

As mentioned above, Algorithm |3[ and Algorithm 4| are parts of both the genetic
algorithm process and the data generation process. Therefore, these algorithms are

executed again during the data generation stage.

To summarize once again, while predicting the parameters representing usage
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Algorithm 3: Providing probabilistic scheduling decision on the running-time of the each "non-periodic" and "non-
continuous periodic" items (appliances and electric vehicles)

1 /» This algorithm is valid for only "non-periodic" and

"non-continuous periodic" items. Alg.3 uses the draft
profiles generated by Alg.1&2. */

2 foreach endUser(u;) do

3 | /* Randomly assign days of week to ’'dayList’. */

4 dayList = randomSortDays();

5 | foreach dayin dayList do

6 /+ Assign randomly the items to ’itemsList’. */

7 itemsList = randomSortItems();

8 foreach items in itemsList do

9 /+ Divide randomly a day into parts. */

10 dayParts = randomSortParts () ;

11 foreach partin dayParts do

12 /* Select a random start time. */

13 startSample = randomSelect from part;

14 /* Check constraints and specify random assignment
function (RAF) value for the sample time determining by
Alg.4. */

15 runProbability = Algorithm4 (startTime) ;

16 /+ Select random number between (0,100). */

17 randomNumber = rand([0,100]);

18 /+ The higher the RAF, the greater the chance of being
activated for the item. Compare ’randomNumber’ and
"runProbability’ . */

19 if runProbability > randomNumber then

20 /* Check the constraints and decide to increase or not

D, (k) and Wy, (k). */

21 if conflictionConstraintsSatisfied then

22 assignWorktime () ;

2 Do, (k) = Do, (k) +1;  Wa, (k) = Wa, (k) +1;

24 else

25 | continue;

26 end if

27 else

28 ‘ continue;

29 end if

30 end foreach

31 end foreach

32 /+ Reset daily usage counter. */

33 Dy, (k) =0;

34 | end foreach

35 /+ Reset weekly usage counter. */

36 | Wy, (k)=0;

37 end foreach

habits, a process very similar to the data generation process is applied. The
compatibility of the generated data with the survey data is checked. If there is not
enough compatibility, the same process is repeated with another set of parameters.

Therefore, there are many algorithms shared between these two stages.
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Algorithm 4: Check the constraints and calculate the random assignment function(RAF) value for each item just
scheduling in Algorithm 3

/+ For each items, random run-time is specified by Algorithm 3,
then Algorithm 4 is called. Firstly, the user-type
constraints are checked for any contemporisation with sleep

time, operator need etc. Then, the RAF value of wu; —a; is

assigned. */
condition-1 = (0/1); /+ Operator need? */
condition-2 = (0/1); /* Job schedule of End-user? */
condition-3 = (0/1); /* Run-time in job schedule? */
/* Check the conditions for run-time assignment. */

if runtime in sleepTime then
if condition-1 then

RPF = 0;
return;
end if
end if

if condition-2 then
| condition-3 = (0/1);

else

‘ condition-3 = 0;

end if

/* Get parameters generated by Algorithm 5 (GA). */

get (Kut—aj = [Kut,aj ) Kudt,aj ) Kuwt,aj] )

/* By the conditions, specify T, pro(ut, k) and calculate the RAF
value with Equ. (3). */

if conditionl AND condition2 AND condition3 then

| Tppro(us, k) = (NonEmployed) Persons;

else
Ty pro(ut, k) = (Employed+NonEmployed)Persons;
/* Calculate Equ. (3): */

RAF (ut,aj,k) = Tp pro(ut, k) Koy, a; — Da].(k) X Kud,aj —Wa, (k) XKuw,,aji
end if
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Algorithm 5: A novel GA to predict usage habit parameters

/+ Regard the statistical data for usage habits */
foreach userType(u;) do

foreach appliances(a;) do

/+ Produce randomly the initial population */
population (Kut,aj/ Kudt,aj/ Kuwt,aj)

generateRandomPopulation (TRNG) ;

/* Calculate the fitness values */
fitnessFunction:
/* Assign weekly usage for each of wu;—a;: */

call Algorithms 3&4;
assignWeeklyUsage (u; — a;)) ;
calculate (TWO(as,aj), RWO(a,aj);

. TWO(ut,aj)—RWO(ut,aj
f(t.jg)= (RVVJ())(ut,aj)( D 100;

while f(t,7) does not satisfy termination conditions do
Selection: Customized Roulette-Wheel;

compute (CDPF); select parents;

Elitism: Specify and Seperate the chromosomes;
Crossover: Recombination operator;

while offspring count # specified number of chromosome do

offspring = crossover (parents);
offspring add to offsprings;
end while

Mutation: Particular scattering operator
/% Get the mutation parameters Py c(A), Puc(A), MRc, MRg.
*/

/+ Define mutant gene/chromosome counter, local variable =/
G =0,02=0;A=0;
foreach chromosome do
Pyc(A+1) =Pyc(X) — (e x MRe; o = rand(0,100);
if OzSPMvc()\Jrl)é C2++ then
foreach gene in the chromosome do

Pya(A+1) = Pyg(N) — G X MRg; B = rand(0,100);

if 3<Pyc(A+1)= ( ++ then

Ke(A+1)=S\) x Kg(A) + MRg(A+1); /+ Mutation occurs
*/

end if
end foreach
end if
end foreach
/* Assign the offsprings as new population: %/
offsprings = population
/+ Recompute the cost function for the new generation */
fitnessFunction /+ Given in the lines 6-13. */
end while
end foreach

43 end foreach
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4

SIMULATION STUDIES

4.1 Scope and Objective

After describing the methodology in Chapter [2] and the implementation in Chapter
Chapter [ focuses on our simulation study. The scope of the simulation includes
only residential consumers. In these households, besides household appliances,
electric vehicles can also be used. Although the software prepared for this study
technically includes "producers" as stakeholders, the simulation study only involves

"consumer" type parties.

From the beginning of our study, our goal, which we believe we have achieved,
is to generate individual load profile data that is at least 85% compatible with the
given statistical electricity consumption survey data for a specific region. This is
the purpose of our simulation study. The adapted form of the survey data we used

for our study can be seen in Table 4.2

Within the scope of our simulation study, 5 household profiles have been identified,
and a weekly load profile for a total of 2000 households belonging to these types
has been generated. Each household profile has distinct characteristics to observe
how the generated data changes with different profiles. Detailed explanations of
both household profiles and the specified household appliances will be presented in

the following sections.

The simulations of Part 1&2 with the stopping criteria of at least 85% accuracy with
respect to the reference data is carried out for 7 [h] : 23 [min], respectively. Various
graphs focused on different aspects have been plotted to enable the evaluation of
the generated load profile data from multiple perspectives, and all this data will be
presented at the end of this section.
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4.2 Household Types

In the conducted simulation study, five types of household load profiles were
determined. Some attributes of these profiles can be seen in Table 1. The most
critical point in household profiles is the population of the household. As stated
in Section the energy consumption of appliances is directly proportional to
the population of the house. After population, the second critical point is the
number of employed individuals in the household. Because Eq[2.3] which calculates
the probability of an appliance running at any given hour, takes the number of
individuals in the household as input for the selected hour. This situation requires
dynamically monitoring the household population continuously. Therefore, during
working hours, if there is an employed person in the household, the household
population will be lower, and the probability of the appliance running will decrease
accordingly. Whether the household profile owns an electric vehicle or not is
also one of the significant factors that affect the load profile. To observe this,
electric vehicles are definitively assigned to Type-4 and Type-5 profiles, while
in other profiles, assignments are made randomly. Regarding the allocation of
household appliances, additional configurations are available in household profiles.
For instance, we can specify certain household appliances that must be assigned or
must not be assigned. Since this aspect is not relevant to the main purpose of our

simulation study, the related configurations are not provided in Table [4.1]

Table 4.1 Household Types

H Type 1 ‘ Type 2 ‘ Type 3 ‘Type4 ‘ TypeS‘

Number of Employed Persons 0 1 1 2 2
Number of Unemployed Persons 2 1 2 2 3
Ownership Status of EV Random | Random | Random | Certain | Certain

00:00 00:00 23:00 23:00 | 23:00

Sleeping Period
08:00 06:00 06:00 07:00 | 07:00

4.3 Appliances and EVs

The household appliances we selected to use in our simulation study and the
collected survey data related to them are given in Table 4.2] While some household
appliances’ daily usage is provided in "hours", others are given in "cycles." Such
appliances have a specified starting time, as mentioned in Section and they
operate for a fixed duration before completing their operation.

The features of the appliances are not limited to Table In order to increase

the system’s flexibility and the realism of the generated data, additional constraint
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parameters can be introduced for the usage of household appliances. For instance,
a time interval can be defined during which an appliance can operate, or the
simultaneous operation of multiple appliances can be restricted. Additionally,
during the random assignment of appliances to households, ensuring that any
appliance is not assigned to households with specific profiles can be implemented.
Another characteristic of appliances is whether they require human intervention
during their operation. With this configuration, it becomes possible for the

appliances to operate even during the nighttime sleep period.

Table 4.2 Daily Operation of Appliances[59-62]

. Daily
Appliances .
Operation
‘ _ [0 — 2.2] persons — 0.38 cycle
Washing Machine
[2.3 — 2.7] persons — 0.45 cycle
and Tumble Dryer
[> 2.2] persons — 0.48 cycle
Dishwaher Per person — 1.3 cycle
Television Per person — 4.23 hours
Lamps Per two persons — 3(+1)* x 12 hours
EV 8 hours
Fan Per person — 2.3 hours
Toastar Per person — 1 hour
Microwave Per two person — 4(+1)* hours
Kettle Per person — 0.5 hour
Oven Per person — 1 hour
Computer Per person — 5 hours
Air Conditioner 10 hours (Only summer)
Hair Dryer Per person — 10 minutes
Water Heater Per person — 30 minutes
Fridge/Deep Freezer || Non-stop

(*): For each extra person

We configured electric vehicles separately from household appliances. Charging
electric vehicles occurs under much more stable conditions. Based on our
observations, we determined the charging times of electric vehicles to be outside
working hours, including weekends. Additionally, since the battery status of an
electric vehicle creates variations when charging starts, we selected predetermined
values for this aspect. Table [4.3] shows the electric vehicle category and its

characteristics used in the simulation. The charging process takes place randomly
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during a time slot outside working hours. However, the critical point here is that
the charging process continues until the battery is fully charged. Therefore, the
randomly selected charging time will be constrained based on the current battery
status. For instance, if the battery is 25% charged at that moment, the charging
process should start earlier to ensure that the battery is fully charged by the end
of the time slot. The initial battery charge levels are shown in Table 2. In our
simulation study, we used only one electric vehicle model. However, our software
is capable of accommodating more models. When multiple vehicles are added, their

assignment will be random, selecting one from the available options.

Table 4.3 Electric vehicle characteristics

Battery Charger Possible
Capacity Power Charge Levels
(kWh) (kW) (%)
Chevy Volt 16 33 25, 50, 75, 100

4.4 Simulation Parameters

In the performed simulation, the configuration given in Table4.4|was used to predict
usage habits using genetic algorithms. The number of chromosomes was selected as
16 for each population. As stated in Eq[2.4] we already know that there are 3 genes
in each chromosome. The range of initial values for the genes is an important point.
However, even if this range is incomplete, the genetic algorithm will converge to the
correct point by compensating for the deficiency. For instance, it was observed from
the simulation results that some of the predicted parameters were negative. When
examining the configuration for the selection stage, it is stated that 8 chromosomes
will be selected from the entire population of obtained fitness values, and 2 of
them will be selected through elitism. The reason for selecting 8 chromosomes
is that many crossover operators accept two chromosomes as input and produce
only 2 offspring as output. This way, the population reaches the number of 16
again. The importance of elitism was mentioned in Section [2.4] In the conducted
simulation, elitism was used in line with this principle. The parameters given for
another crucial aspect of the genetic algorithm, mutation, are fully consistent with
Eq[2.13] Accordingly, the probability of chromosomes undergoing mutation is set
to a maximum of 50%. Each chromosome that undergoes mutation reduces this
probability by 10% for the next chromosome. When the given values are examined
with Eq[2.13] the following result emerges: in each population, a maximum of
5 chromosomes can undergo mutation. Additionally, considering our mutation

algorithm, there is also a possibility that no chromosome will undergo mutation. For
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each gene of the mutated chromosomes, a similar dynamic probability calculation is
performed. However, these values are not included in the table as they are deemed
unnecessary. The last parameter in the mutation section indicates to what extent
each mutated gene can change. According to the given configuration parameter,
each gene will change at a maximum rate of 5%. The exact value will be randomly
selected within the given interval. The last section of Table 4.4]is dedicated to the
completion conditions of the genetic algorithm. The maximum generation count
is a precaution to prevent the algorithm from getting stuck. If the desired success
conditions are not achieved, the algorithm will make a maximum of 30 generations
of attempts, and then the most successful of the obtained chromosomes will be
provided as the output. The target score and target chromosome count represent the
success rate we aim for. In other words, if 12 out of the 16 chromosomes have fitness
values of 15% or lower for the relevant device, the genetic algorithm process can be
completed. In this case, the most successful 12 chromosomes will be provided as

the output.

Table 4.4 Genetic algorithm paramaters

Parameter | Value
Population
Chromosome Count 16
Gene Count 3
Initial Gen Interval [0, 200]
Selection
Chosen Count 8
Elite Count 2
Mutation

Max. Mutation Percentage | 50 (%)
Each Chromosome Effect 10 (%)

Mutation Rate 5 (%)
Termination Conditions

Max. Generation Count 30

Target Score 15 (%)

Target Chromosome Count 12

The parameters related to the data generated in the simulation are provided in Table
4.3l The number of households is set to 2000. However, we can see from Table
M.1] that there are 5 household profile types and their characteristics. The 2000
households to be generated are distributed randomly according to the given 5 profile
types. The number of weeks is set to 1, meaning that we will have one week’s worth

of data in the end. As mentioned in Section [2.3] the day sector parameter is set to
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4. To reduce data size and increase applicability, the sample time is chosen as 5
minutes. Finally, as discussed in Section the simulation is performed using the
PRNG (Pseudorandom Number Generator) method.

Table 4.5 Simulation parameters

Parameter Value
Household Count 2000
Week Count 1
Day Sector Count 4
Sample Time Smin
Randomization Method | PRNG

4.5 Results

The results of the simulation conducted with the specified parameters and survey
data are presented in this section. Figl.I| shows the daily average data for all
household types. When looking at this table, it is evident that Type-4 and Type-5
have significantly higher average consumption compared to other types. The main
reason for this can be found in Table- As indicated in the table, Type-4 and
Type-5 have larger populations compared to other consumer profiles, which leads
to higher consumption levels. Another noticeable point in Figl.1]is the distinct
breakpoints, especially around 07:00. The reason for these breakpoints is the
EV factor. The charging time for EV parameters is limited between 18:00 and
07:00, resulting in breakpoints occurring at those times. To fully understand this
phenomenon, the EV loads were removed from the generated data, and the same
graph was redrawn. Figl.2]shows the daily average data for all user types without
the EV consumption data. It can be observed that there are no sharp breakpoints as

in Figld. 1] and the average consumption further decreases.

Fig[4.3| presents the overall average consumption for all household types. The EV
related breakpoints mentioned above are also evident in this table. When comparing
household profiles, equivalent results are observed corresponding to the applied

configuration.

Fig[4.4] shows the RMS graph of the generated data. This graph clearly indicates
the usage difference between different household types. Another observation from
the graph is that the consumption on Saturdays and Sundays is higher than on
weekdays. The main reason for this is the presence of working individuals in

the configured households. Since these individuals spend less time at home on
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Figure 4.3 Overall average of the user type profiles

weekdays, the consumption naturally decreases. This table clearly demonstrates

how well the generated data aligns with the applied parameters.

In Figld.5] the average usages of household types are compared for each day of the
week. Particularly, the difference between Type-4 and Type-5 households and other
types is more pronounced on Saturdays and Sundays. Since we defined weekdays
as working days in the simulation parameters, it is expected to have such differences
on weekends. This graph also indicates that the shape of consumption during the

night is influenced by EV charging.
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Figure 4.4 RMS value of the user type profiles
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Fig[4.6] shows the load profiles of different household types. The purpose of this
graph is to illustrate the pattern formed when overlaying the intended profiles.
The resulting patterns reflect the average consumption graph given in Figl.I]
Additionally, we can observe the proximity relationship between households of the
same type through Fig[d.6| These results demonstrate that our study generates load

profiles in accordance with the input parameters.
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Figure 4.6 2000 profiles corresponding to the user types
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CONCLUSION

With the increasing decentralization of grid control and management, driven by the
rise in renewable power sources, electrified vehicles, and end-user DR applications,
the stability of the entire system faces new challenges. Key factors now involve
compensating for the intermittency of renewables and accurately predicting trends
and changes in end-user load profiles. Real-time load data collection is optimal, but
it presents challenges related to cost, privacy concerns, and technical complexities.
In response to this, we present a novel load demand generator tool designed to create

datasets for DR applications, clustering, and other purposes.

The proposed algorithms, combined with a customized genetic algorithm, address
the fundamental requirements of accuracy, randomness, and diversity in load
profiling. To ensure the validity of synthetic profiles, we impose stopping criteria
on the customized GA, guaranteeing a minimum of 85% accuracy compared to
statistical data. Pseudo codes and mathematical formulations for the proposed
algorithms are provided. The entire process is thoroughly simulated, yielding
significant and noteworthy results. These results can be effectively utilized in DR,
clustering, or load prediction applications. Furthermore, the load profiling scheme
can be readily implemented in any region by acquiring statistical data on residents’
consumption habits.

When the averages of the obtained load profile data are taken according to
household types, the differences of the initially configured five household types
become evident. The emergence of such a table led us to make the following
interpretation: The process presented in this study can be reversed to determine
to which household type a household belongs if we have load profile data measured
with APM devices. Thus, it becomes possible to easily obtain information about
which household types exist in any region. Such a study could create a subheading

for "clustering" studies on load profiles.

Another point is that the simulation results show that the integration of electric
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vehicles into the grid creates very sharp spikes in load profiles. Especially when the
majority of the population has similar habits regarding electric vehicles, these spikes
become even more critical. Based on these findings, applying dynamic pricing
or load shifting techniques for electric vehicles emerges as an important research
topic to smooth out these spikes and achieve a more flattened load profile curve.
Additionally, although household appliances of the consumer type were used in
the simulation study, this study actually allows for the inclusion of producer-type
household appliances in the equation. By using accurate statistical data, the impact
of producer-type household appliances on the overall load profiles can be observed,
and the advantages of the smart grid concept over the traditional grid model can be

observed.

As part of our future endeavors, we aim to extend the proposed method to address
profile generation challenges for other load types, including commercial and
industrial sectors. Additionally, we plan to explore and investigate the relationship

between various survey types and their impact on energy usage patterns.
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