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Abstract

The exam scheduling problem is a complex task faced by educational insti-
tutions worldwide. Efficiently allocating exams within limited time slots while
considering various constraints, such as student preferences, room capacities, and
faculty availability, poses a significant challenge. This dissertation aims to ad-
dress the exam scheduling problem by leveraging the power of Genetic Algo-
rithms (GAs). Genetic Algorithms are robust search and optimization techniques
inspired by the process of natural selection. By employing evolutionary principles,
GAs have proven to be effective in finding optimal or near-optimal solutions for
a wide range of combinatorial optimization problems. In this study, Ipresent a
new application of genetic algorithms to solve the exam scheduling problem, to
devise a solution that can be applied to Kazakhstan universities, and to evaluate

the performance of GA compared to other existing algorithms commonly used in
this field.
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Amnarmna

EMTuxanmappl »KocapJay Mocejeci OYKiI ojieM OOMBIHIIA OKY OPbIHIAPHI-
HBIH aJIJbIH/Ia TYPFaH Kyp/esi MiageT 00Jibll TadbL1aabl. CTyaeHTTepIiH KaJIaybl,
06JIMe ChIHBIM/IBLIBIFEI YKOHE OKbITYIIBLIAP/IBIH, KOIXKETIMIIN CUSIKTBI 9PTYPJI
HeKTeyaep/il ecKepe OThIPBII, IMEKTEY/Il YaKbIT apaJiblfbl 1IIH/Ie eMTUXaH1ap/Ibl
THIM/II OeJIy afiTap/ibIKTail KUBIHIBIK TYAbIPa bl. Byl nuccepranus ['eHeTUKaJIBIK
Asrropurmepain (ICA) kymiin nafijasany apKbLIbl eMTUXAHIbI KOCTIAPJIAY MICe-
JIECIH 1Ientyre OarbITTa raH. ['eHeTHKa bIK aJropUTMAED TaOUFU CYPbIITaYy IIPO-
IeciHeH MadbITTaHIBIPBIIFAaH CEHIM/I 13/1ey YKoHe OHTal/IaHIbIPy d/1icTepi OOJIBII
TaOBLIAIbI. DBOJIONNUAJIBIK TPUHIUITEPI KOJIaHy apKblibl ['A KOMOMHATOPJIBIK
OHTAIAHIBIPY MOceseNepiHiH KeH ayKbIMbl VIIIH OHTalJIbI HeMece OHTAMIbI 11e-
miMaepal Tadyaa TUIMAI eKeHiH JpJiesaei. by seprreyiae 0i3 eMTHXaHIbI YKOC-
napJjay mocesecin mremry, Kasakcran 2KOO - Ha Tumigi OosiaThiH eIy offjialr
Talby »KoHE OChI caJjiajia »KUi KOJIJIAHBLIATHIH OacKa Oap ajropuTMJIepMEH caJibl-
croiprafga ['A - HiH eHIMIILIINH Oaraiay YIIiH MeHEeTHKAJbIK, aJITOPUTMHIH KaHa

KOH,ZL&H6&CI)IH YCBIHaMbI3.



AnHOTAIIN S

[Tpobiema TIAHMPOBAHUS SK3aMEHOB SBJISCTCSA CJOYKHONM 3ajiadeil, ¢ KOTOPOii
CTAJIKUBAIOTCsI 00pa30BaTeIbHbIE YUPEXKICHUs BO BceM Mupe. DPHdpeKTUBHOE pac-
[pejeseHre 3K3aMeHOB B OrpaHNMYeHHble BpeMeHHbIe MHTEepBaJIbl ¢ YYeTOM pas-
JIMYHBIX OIPAHNYEHN, TAKNX KaK IIPEJIIIOYTCHIA CTY/ICHTOB, BMECTUMOCTD IIOMeE-
IIEeHUI 1 JIOCTYITHOCTD IIperoiaBaTeieii, IpecTaB/isieT co0oil cepbe3HyIo IpodJie-
My. DTa JINccepTallis HAIpaBJieHa Ha pelienne MpooaeMbl IIJIAHUPOBAHUS IK3aMe-
HOB 3a CUeTr WCIOJIb30BaHUs BO3MOXKHOCTel renerudeckux ajroputmos (I'A). Te-
HETUYECKHUE aJITOPUTMBI — 9TO HaJIe?KHbIe METO/IbI IIONCKa U ONITUMU3AINN, BJI0X-
HOBJICHHBIE ITPOTIECCOM €CTECTBEHHOTO 0TOOpa. Vcnoib3ys 9BOMOMMOHHbBIE TTPIH-
b, ['A jokazaau ¢Boio 3 HEKTUBHOCTH B MOMCKE ONTUMAJIBHBIX HJIA MOUTH
ONTUMAJILHBIX PENIennil A1 MUPOKOTO Kpyra 3ajad KOMOUHATOPHON ONTuMMI3a-
un. B 9ToM ncciieloBaHUN MBI IIPEJICTaBIsIeM HOBOE IMPUMEHEHNEe TeHEeTHIeCKIX
AJICOPUTMOB JIJIsI PEIIEHUsT TPOOJIEMBI TIJIAHUPOBAHUS SK3aMEHOB, pa3pabOTKU pe-
IeHNsA, KOTOPOe MOZKET OBITh TPUMEHEHO K Ka3aXCTAHCKIM YHUBEPCUTETaM, U JIIsd
onteHku 3 dexTuBHOCTH ['A 110 CpaBHEHUIO ¢ IPYTUME CYINECTBYIOIIIME aJITOPUT-

MaMU, OOBIYHO HUCIOJIL3YEMBIME B 3TOI 00JIaCTH.

vi
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GE - Genetic Algorithm

Al - Artificial Intelligence

RAM - Random Access Memory
[P - Initial Population

PT - Pretty Tables
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ML - Machine Learning
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Chapter 1
Background and motivations

1.1 Introduction

This chapter provides an overview of the research presented in this dissertation,
including its context and motivation. It lays the groundwork for comprehending
the significance and relevance of utilizing a Genetic Algorithm to solve the exam
scheduling problem. The chapter begins with a review of the exam scheduling
problem’s background information, followed by an analysis of the motivation be-

hind this research.

1.2 Background

Exam scheduling is a challenging endeavor for educational institutions world-
wide. The creation of conflict-free and efficient schedules for a large number of
examinations, taking into account various constraints and preferences, represents
a formidable obstacle. The exam scheduling problem entails allocating resources
such as examination rooms, invigilators, and time periods to various exams, while
satisfying constraints such as avoiding conflicts for students taking multiple exams

and adhering to academic calendar-imposed time constraints.

Various approaches and algorithms have been proposed in recent years to ad-

dress the exam scheduling problem. These methods consist of constraint program-



ming, mathematical optimization, and heuristic methods. While these methods
have made significant contributions, they frequently suffer from computational
complexity, suboptimal solutions, and the inability to accommodate real-world
constraints. Consequently, alternative approaches that can surmount these limi-

tations and provide more efficient and effective solutions are required [1].

1.3 Motivation

The motivation for this study is the inadequacy of existing solutions to the
problem of exam planning. Due to the computational complexity of the problem,
traditional methods can make it difficult to manage large-scale instances|2|. In
addition, they may generate sub-optimal schedules that do not maximize the use
of available resources or properly address student preferences. Therefore, there is
a strong need for an alternative strategy that can address these limitations and

improve productivity and efficiency:.

Natural selection and genetic processes motivate genetic algorithms (GAs), a
subclass of evolutionary algorithms. GAs have shown promise in solving com-
binatorial optimization issues by developing a population of candidate solutions
utilizing the principles of selection, crossover, and mutation. Due to their inherent
parallelism and global search capabilities|3]|, GAs are well suited to complex tasks

such as exam planning.

This research aims to develop a genetic algorithm-based exam scheduling solu-
tion for universities in Kazakhstan. Using the power of GA, this study aims to
overcome the limitations of traditional methods and provide an efficient and high
quality exam scheduling. The proposed algorithm will take into account various
constraints and preferences, optimize resource usage, and generate conflict-free

schedules.

1.4 Research Objectives

The objectives of the dissertation research are the following:



Create a genetic algorithm based solution to the exam scheduling problem.
Evaluate the performance and efficiency of the proposed genetic algorithm ap-
proach compared to other existing methods. Determine the advantages and dis-
advantages of the GA-based method in terms of solution quality, computation
time, and scalability. Studying the use of genetic algorithms for solving combina-

torial optimization problems in the context of exam planning[4].

1.5 Chapter Summary

This chapter provided a brief overview of the thematic research, including its
scope and motivation. It highlighted challenges in experimental design and limi-
tations of existing methods. That focusing on the need for alternative approaches
that could overcome these limitations informed the rationale for this study. The
aims of the research were enumerated, and the tone of the subsequent chapters

was set.



Chapter 2
Literature Review 2

2.1 Exam Scheduling Problem Overview

Exam scheduling is a complex optimization problem in which exams are assigned
to a predetermined schedule while taking into account a number of constraints and
objectives. The objective is to design an effective and equitable exam schedule

that minimizes scheduling conflicts and satisfies all requirements.

In this scenario, it is necessary to schedule a series of examinations within a
limited amount of time, typically a few days or weeks. Each exam has specific re-
quirements, such as duration, number of students taking the exam, and resources,
such as classrooms and proctors. In addition, there are a number of constraints

to consider, including:

Student Constraints: Ensuring that no student has exams that intersect or too

many exams on a single day:.

Room Constraints: Assigning classrooms that can accommodate the number of

students taking the exam and any special needs, such as apparatus or accessibility.

Instructor Constraints: Preventing scheduling conflicts for instructors who may

teach multiple courses or have other obligations.

Resource Constraints: Managing the availability and allocation of resources,

such as security personnel, specialized apparatus, and room characteristics.



Time Constraints: Taking into account any exam scheduling restrictions, such

as avoiding certain time slots or daytime pauses.

The exam scheduling problem is known to be a highly constrained and com-
binatorial optimization problem, which makes it computationally difficult to find
the optimal solution among all possible combinations. As a metaheuristic opti-
mization technique, genetic algorithms have been extensively used to address this

issue by generating and evolving populations of potential solutions.

Researchers and practitioners utilize genetic algorithms to discover an exam
schedule that minimizes conflicts, maximizes resource utilization, and satisfies all
constraints. The algorithm improves the quality of solutions by employing selec-
tion, crossover, and mutation operators over multiple generations to a population

of schedules.

Because it directly affects the equity and effectiveness of the examination pro-
cess, the exam scheduling issue is of great practical importance in educational
institutions. Effective scheduling can reduce student anxiety, avert conflicts, and
maximize resource utilization. In order to address the complexities of the exam
scheduling problem and enhance the quality of generated schedules, researchers

continue to investigate and develop novel approaches. [5].

2.2 Existing Approaches to Exam Scheduling

2.2.1 Heuristic-based Approaches

A heuristic is an approach or method for solving problems that seeks a satisfac-
tory solution without assuring optimality. It is a practical and effective method
that employs experience, intuition, and rules of thumb to guide the solution-
finding process. Heuristics are frequently employed when the problem is complex
or when finding an optimal solution in a reasonable amount of time is computa-
tionally impossible. Approaches based on heuristics provide a solution of accept-
able quality that may not be optimal but is acceptable for practical purposes|6].
Typically, these methods rely on local search algorithms that modify an initial

solution iteratively until a satisfactory solution is found. In the literature review

5



titled "Optimizing Exam Schedules: A Literature Survey" [7], the Simulated An-
nealing algorithm, Tabu Search, Ant Colony Optimization, and Particle Swarm
Optimization are discussed as heuristic-based solutions for the exam scheduling

problem.

2.2.2 Metaheuristic Algorithms

A metaheuristic is a problem-solving strategy at a higher level that guides the
search for diverse and adaptable solutions. It is an algorithmic framework that
can be applied to a wide range of optimization problems|8|. Metaheuristics are
inspired by natural or social phenomena and frequently employ analogies between
biological and physical systems. The goal of these algorithms is to locate high-
quality solutions by iteratively refining a set of candidate solutions as they traverse
the global search space. Metaheuristics are frequently employed to solve difficult

or impossible optimization problems involving complex variables.

Metaheuristic algorithms, including Genetic Algorithms (GAs), are methods
for optimizing populations based on natural processes. GAs generate new so-
lutions from a population of candidate solutions using selection, crossover, and
mutation operators. The survey paper 7] also mentioned genetic algorithms as a

metaheuristic exam scheduling solution.

2.2.3 Genetic Algorithms

Genetic Algorithms (GAs) are a subset of evolution programs that are founded
on the Darwinian principles of natural selection and random mutation. John
Holland formalized them in 1975, and their prevalence has increased since then,
particularly for solving problems with a large irregular search space of potential
solutions, as described by Colorni et al., Rawat and Rajamani |9, 10]. Maintaining
a population of feasible timetables. The most optimal timetables are chosen
as the premise for the subsequent iteration or generation. For optimal results,
fundamental operators such as selection, mutation, and crossover are utilized.
A program written in C was used to implement and control the initialization

of a population, the evaluation, and the genetic operators. Each chromosome



would be large and contain an allele for scheduling each instruction. Each class
would be assigned a room and time period by the GA, whose suitability would be

determined by the number of constraint violations.

2.3 Comparative Analysis of Existing Algorithms

You need to do a comparative analysis to evaluate the performance and effec-
tiveness of various exam planning algorithms. In a review article |7], I compared
several algorithms such as simulated annealing, taboo search, ant colony optimiza-
tion, particle swarm optimization, and exact methods, discussed their advantages,
disadvantages, and applications in solving the exam planning problem. This com-
parative analysis identifies the most promising algorithms and gives an idea of the
quality of their solutions, computation time and ease of implementation. See Ap-

pendix A.

It presented an overview of the problem and discussed existing solutions such
as heuristic-based approaches and metaheuristic algorithms, including genetic al-
gorithms. The review article [7] was a valuable resource as it discussed various
algorithms and their applications for solving the exam scheduling problem. And
based on this literature review, I decided to solve this problem with a Genetic

algorithm. Because of its high efficiency and ease of implementation



Chapter 3
Genetic Algorithms

3.1 Introduction to Genetic Algorithms

A genetic algorithm is a heuristic search algorithm used to solve optimization and
modeling problems by random selection, combination and variation of the desired
parameters using mechanisms similar to natural selection in nature[l1]|. It is a
type of evolutionary computation that solves optimization problems using natural

evolution methods such as inheritance, mutation, selection, and crossing over.

Genetic Algorithms(GA), at their essence, simulate the process of natural selec-
tion, in which individuals with favorable characteristics are more likely to survive
and reproduce, passing on their genetic information to the next generation|§].
Similarly, in a GA, a population of candidate solutions represents potential solu-
tions to the problem at hand. By iteratively applying genetic operators such as
selection, crossover, and mutation, the GA evolves and improves the population

over successive generations.

The primary benefit of Genetic Algorithms is their capacity for global search
space exploration. They are not limited by local optimums and can identify
promising regions of the solution space that other methods might overlook. This
global exploration makes GAs ideal for intricate optimization problems where
finding the optimal solution is difficult[12]. Metaheuristic algorithms, such as

Genetic Algorithms (GAs), are techniques for optimizing populations based on



natural processes. GAs operate on a population of candidate solutions and gener-
ate new solutions using selection, crossover, and mutation operators. The survey
paper |7] also mentioned the use of genetic algorithms as a metaheuristic solution
to the exam scheduling issue. In exam scheduling problems, a genetic algorithm
can be used to determine an efficient and conflict-free schedule that satisfies mul-
tiple constraints such as room availability, student intersections, and instructors.
By encoding the exam scheduling problem into an appropriate representation,
such as a chromosome or a sequence of genes, a GA can efficiently manipulate

and evolve potential schedules|13].

3.2 Genetic Operators

3.2.1 Genetic Operators

Initialization is a crucial step in the implementation of Genetic Algorithms (GAs).
It involves creating an initial population of candidate solutions, also known as in-
dividuals or chromosomes, for the problem being solved. The quality and diversity

of the initial population can significantly impact the performance and convergence
of the GA[14]. See Figure 3.1.

NEREEE EEEEEE REEEEE

Gene chromosome

Figure 3.1: Representation of population

3.2.2 Selection

Selection is a key genetic operator in Genetic Algorithms (GAs) that determines
which individuals from the population will be chosen for reproduction and con-
tribute their genetic information to the next generation. The selection process is
analogous to the natural process of survival of the fittest, where individuals with

better fitness values have a higher probability of being selected|15].



There are various selection methods available in GAs, each with its own char-

acteristics and advantages. Some commonly used selection methods include:

1. Roulette Wheel Selection: This technique, also known as fitness proportion-
ate selection, allocates a selection probability to each individual based on
their fitness value. Individuals with greater fitness have a greater chance of
being selected, while those with lesser fitness still have a chance of being
chosen. Similar to a roulette wheel, the selection probability is proportional
to the fitness value, hence the name[16]. An example of this is shown in

Figure 3.2 and Figure 3.3

Individuals Fitness Value Selection Probability Selection Probability (%)
Individual 1 720 720/3000 = 0.24 0.24
Individual 2 630 630/3000=0.21 0.21
Individual 3 390 390/3000=0.13 0.13
Individual 4 540 540/3000=0.18 0.18
Individual 5 240 240/3000 = 0.08 0.08
Individual 6 480 720/3000=0.16 0.16
Total 3000 100

Figure 3.2: Roulette wheel method

E ) Individual 1
F 7 Individual 2

" Individual 3

Individual 4
Individual 5

o y Individual 6

Figure 3.3: Roulette wheel pie chart

2. Tournament Selection: In tournament selection, a random subset of the pop-
ulation, known as a tournament, is selected. Individuals in the tournament
compete against one another, and the individual with the highest fitness

value is chosen for reproduction. Tournament selection enables a balance

10



between exploration and exploitation by providing a method for selecting
both optimal and potentially suboptimal solutions[17]. An example of this
method (the number of individuals entering the tournament is determined

as 3) is shown in Figure 3.4.

5
od B C

B _ Chosen
Individual Entering Individual

Tournament

Population

Figure 3.4: Tournament selection method

3. Rank-Based Selection: In rank-based selection, each individual is assigned
a rank based on its fitness value relative to the rest of the population. The
probability of selection is then determined based on the rank as opposed
to the actual fitness value. This strategy reduces the influence of extreme

fitness levels and promotes diversity among the selected individuals [18].

The choice of selection method is determined by the nature of the problem, the size
of the population, and the intended balance between exploration and exploitation.
Different selection methods exert distinct selection pressures, which influence the

GA’s diversity and convergence properties.

3.2.3 Corssover

In Genetic Algorithms (GAs), crossover is a fundamental genetic operator that
replicates the process of reproduction and genetic recombination in biological
systems. It is the process of combining the genetic information of two parents to
produce progeny with potentially enhanced characteristics. Crossover is essential
for investigating the search space and fostering the exchange of genetic material

in order to generate diverse and potentially superior solutions[19].

11



In the context of the exam scheduling dilemma, crossover is the process of com-
bining the exam assignments or time slots from two parent schedules to generate
new offspring schedules. The crossover operator specifies the principles govern-
ing the exchange of genetic material between parents in order to produce viable

offspring.
There are several types of crossover operators commonly used in GAs, including;:

1. One-Point Crossover: In this one-point intersection, a random intersection
point is chosen and the tails of its two parents are swapped to obtain new

original elements. An example of this is shown in Figure 3.5

Before
Crossover

After
Crossover

Figure 3.5: One-Point Crossover

2. A multi-point crossover is an extension of a single-point crossover that swaps
alternating segments to produce fresh output springs. An example of this

is shown in Figure 3.6.

ofaf2]3fafs|e[7[s]s] lof1|2]af23]6[7]8]9]

>
Gl [5]e] O0DBnEBEuE0

Figure 3.6: Multi-point crossover

3. In uniform crossover, the chromosome is not divided into segments; instead,
each gene is considered separately. We are essentially tossing a coin for each
chromosome to determine whether or not it will be included in the offspring.
We can also associate a coin with one of the parents, giving the child more

genetic material from that parent. See Figure 3.7

12



lof1[2]s[a]s]e|7]s]s] [slr]of4fa[s[s]|7]s]s]
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Figure 3.7: Uniform crossover

4. Arithmetic crossover, this is commonly used for integer representations and
works by taking the weighted average of the two parents using the following

formulas:
Childl =ax+ (1 —a).y
Child2 =a.x+ (1 —a).y

Obviously, if a = 0.5, then both children will be identical, as shown in the

Figure 3.8.
[o1]o1]o2]02[03]03 04 0a0s]os] [015[ 02|02 02|03 025[035] 03 |02 [03s]
[02[0a[02[oa[03[oa[0s[oa[es[sa]  [om5[ 02 [0a] ez s [am[oas] 03 e o]

Figure 3.8: Arithmetic crossover.

The choice of crossover operator is dependent on the characteristics of the
problem and the representation of the individuals. The objective is to establish
a balance between exploration and exploitation, enabling the exploration of new

regions of the search space while preserving genetic material from the parents [20].

3.2.4 Mutation

In the genetic algorithm, mutation is the process of randomly changing genetic
information in an individual solution (chromosome). It is one of the genetic

operations that are applied to a population in the course of evolution.

Mutation plays an important role in the genetic algorithm because it ensures
the introduction of new genetic variants into the population. This helps to avoid

premature convergence of the algorithm to locally optimal solutions and promotes
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diversity breeding in the population [21]. An example of this is shown in Figure
3.9.

geore [ o N o [ v [ [ o[+ ]
After
Mutation L-°]1

Figure 3.9: Mutation operator.

3.3 Genetic Algorithm Parameters

3.3.1 Population Size

In a genetic algorithm, the number of possible solutions, also called individuals or
chromosomes, in each generation is set by the size of the population. It is a very
important parameter that affects how exploration and exploitation are balanced
in the search field.

With a bigger population, the search area can be explored more, which makes
it more likely that better solutions will be found. If there are more kinds of
people, the algorithm might find different parts of the search area and not get
stuck in local optima. But a bigger population size also means that it takes more
time and resources to do calculations and manage the population. With each
new generation, it takes more time and memory to evaluate and change a bigger

number of individuals.

The best size of a population relies on how hard the problem is and how much
computing power is available. For a problem with a bigger search space or a
higher level of complexity, a larger population size may help to make sure that
the problem is fully explored. But if there aren’t enough computers, it might be

better to have a smaller population to make things easier on the computers.

Choosing the right population size is often a trade-off between exploration and

exploitation, and it relies on the problem at hand. It is normal to try out different
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population sizes and see how they affect the algorithm’s performance, such as
how fast it converges, how good the solution is, and how efficiently it works.
Researchers and practitioners can find a good mix between effective exploration
and efficient use of available computing resources by carefully adjusting the size

of the population. [22].

3.3.2 Crossover and Mutation Rates

In genetic algorithms, crossover and mutation are two important operators that
drive the search process and promote diversity in the population. The crossover
rate and the mutation rate are two factors that show how likely it is that these

operators will be used as the population evolves.

Crossover Rate: The crossover rate shows how likely it is that two parent people
will cross over and have children. It shows how the search process is a mix between
exploring and using what you find. A higher crossover rate makes it more likely
for parents to share genetic information, which leads to a more thorough search
of the search area. But if the crossover rate is set too high, it could lead to early
convergence or a loss of variety. On the other hand, a low crossover rate can make
convergence slow or make it hard to explore different parts of the search area.
The best crossover rate relies on how the problem is set up and should be tuned

by trying different things.

2. Mutation Rate: The mutation rate tells how likely it is that a mutation
operator will be used on an individual, which changes its genetic information in a
random way. Mutation helps keep genetic diversity going and can be a way to get
out of local optima. By adding random changes, a higher mutation rate makes it
more likely that new parts of the search area will be explored. But a mutation
rate that is too high can cause too many random changes and stop the process of
convergence. On the other hand, if there aren’t many changes, there might not
be much research. Like the crossover rate, the mutation rate needs to be carefully

chosen based on the situation and fine-tuned through experimentation.

People often try out different crossover and mutation rates to find the best

ones for a particular situation. The right rates may depend on the nature of the
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problem, such as how hard it is to solve, how big the search space is, and how
much research and how much exploitation you want to do. Also, the crossover
and mutation rates often go hand in hand, and finding the right mix of rates can

have a big effect on how well the algorithm works and how good the answers are.
[22].

3.3.3 Termination Criteria

In a genetic algorithm, the termination factors tell the algorithm when to stop
iterating and give the final answer. These criteria are necessary to make sure the
algorithm doesn’t keep running forever and gets to a good answer in a reasonable
amount of time. In genetic algorithms, there are a few popular ways to end the

process:

Maximum Number of Generations: The program stops after a set number of
generations. This criterion is helpful when it is expected that the algorithm will
find a good answer after a certain number of steps. It sets a fixed limit on the

number of generations to keep the computer from doing too much work.

2. Convergence: When a certain amount of convergence is reached, the algo-
rithm stops. You can measure convergence by keeping track of how the fitness
value of the best answer changes over time. The algorithm is said to have con-
verged if the improvement goes below a predetermined threshold or stays the same

for a certain number of generations.

Fitness Threshold: The algorithm stops when an answer is found that has a
fitness value that is greater than a certain threshold. When the goal is to find
a solution that meets a certain fitness standard, this criterion is used. Once an

answer goes beyond the threshold, it may not be necessary to try again.

4. Time limit: The method stops after a certain amount of time has passed,
which has already been set. This factor is especially helpful when there are limits
on the amount of computing resources or when results need to be gotten in a

certain amount of time.

User-Defined Stopping Condition: The algorithm can be stopped by a user-
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defined stopping condition that is relevant to the problem being solved. This
condition can be based on information specific to the domain, constraints specific

to the problem, or outside factors.

It is important to choose the right criteria for ending a project based on the
nature, complexity, and resources of the situation. The criteria for when to stop
should strike a mix between giving the algorithm enough time to converge and
stopping it from doing too much work. Also, it’s a good idea to keep an eye on
the algorithm’s progress and performance while it’s running to make sure that

the criteria for stopping capture the desired conditions.

3.3.4 Physical Fitness Evaluation

Physical fitness evaluation, in the context of a genetic algorithm, refers to the
process of assessing the fitness or suitability of individuals (chromosomes) in a
population based on their ability to solve the problem at hand. This evaluation is
crucial for determining which individuals are selected for reproduction and guiding

the evolutionary process toward optimal or near-optimal solutions.

In a genetic algorithm for assessing physical fitness, the following stages are

typically included:

Each member of the population is represented by a set of genes or variables that
encode a possible solution to the problem. These genes may represent numerous
aspects of physical fitness, including exercise regimens, dietary regimens, and

lifestyle factors.

Genes are decoded or translated into their corresponding phenotypes, which
are the actual physical characteristics or traits. This process entails associating

specific fitness-related parameters or values with specific genes.

A fitness function is defined as the quantification of an individual’s fitness or
performance based on their phenotypes. The fitness function measures how well
the phenotype of an individual meets the problem’s constraints or objectives.
It may include a variety of metrics pertaining to physical fitness, such as body

composition, cardiovascular health, muscular strength, endurance, and flexibility,
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as well as any other pertinent factors.

4. Fitness Evaluation: The fitness function is applied to every member of the
population to determine their fitness scores or values. The individual’s solution

is regarded as more effective the higher the fitness score.

Individuals are selected for reproduction based on their fitness scores, typically
using selection methods such as tournament selection or roulette wheel selection.
Individuals with higher fitness scores are more likely to be selected, which pro-

motes the propagation of favorable characteristics in the population.

To produce offspring, the selected individuals endure genetic operations such
as crossover and mutation. Crossover is the process of combining genetic material
from two parents to produce offspring with a mixture of their characteristics. To
investigate new regions of the search space, mutation introduces random small

changes to genetic material.

7. The stages of fitness evaluation, selection, and reproduction are repeated
for multiple generations, allowing the population to evolve toward higher levels of

fitness and better solutions.

The genetic algorithm seeks to discover individuals with optimal or near-optimal
solutions to the physical fitness problem by repeatedly applying fitness evaluation
and genetic operations. Continue until a termination criterion is met, such as
reaching a maximum number of generations or attaining an acceptable level of

fitness.

Importantly, the fitness evaluation in a genetic algorithm for physical fitness can
vary depending on the specific problem being addressed and the desired fitness
objectives. The fitness function and evaluation criteria must be meticulously
devised to capture the pertinent aspects of physical fitness and to align with the

algorithm’s objectives.

3.3.5 Elitism

Elitism is a technique utilized frequently in genetic algorithms to preserve the

finest individuals or solutions from generation to generation. It ensures that the

18



finest individuals are passed on to future generations, allowing them to retain their

advantageous characteristics and preventing the loss of valuable genetic material.

In a genetic algorithm with elitism, the finest members of the current popu-
lation are copied directly to the next generation without undergoing any genetic
operations such as crossover or mutation. These elite people, also known as the
"elite pool," constitute a limited portion of the population that is preserved and

protected.

The incorporation of elitism into a genetic algorithm provides numerous ad-

vantages:

Preserving Promising Solutions: Elitism ensures that the most promising so-
lutions discovered to date are not lost or diminished. The algorithm maintains a
level of progress and prevents the loss of valuable genetic material by passing on

the finest individuals to the subsequent generation.

2. Rapid Convergence Elitism can accelerate the algorithm’s convergence to
optimal or near-optimal solutions. By preserving the best individuals, which are
already closer to the optimal solution, the algorithm is able to concentrate its

exploration and exploitation efforts on further enhancing those solutions.

Exploitation of Local Optima Elitism assists the algorithm in escaping local
optima. Local optima are solutions that appear optimal in a particular region of
the search space, but are not optimal globally. By preserving the best solutions,
even if they are trapped in local optima, the algorithm has a greater chance of

investigating other regions and discovering potentially superior solutions.

The incorporation of elitism into a genetic algorithm is relatively simple. The
best individuals in the current population are identified based on their fitness
scores following the selection procedure. These individuals are then replicated
directly into the next generation, thereby populating a portion of the new popu-

lation.

The elite pool is typically limited relative to the total population in order to
preserve diversity and permit the exploration of new solutions. The remainder of

the new generation is produced by genetic operations such as crossover and mu-
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tation, assuring the introduction of new genetic material and promoting diversity.

Elitism can be a useful strategy for improving the efficacy and convergence of
a genetic algorithm, particularly in the case of complex optimization problems.
To avoid premature convergence towards suboptimal solutions, it is essential to
establish a balance between preserving the best individuals and encouraging di-

versity.
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Chapter 4
Problem Formulation

4.1 Problem Definition

There are various advantages to using genetic algorithms that make them popular
and effective in addressing complex optimization issues. The following are some

of the primary advantages of genetic algorithms:

1. Global Search: Genetic algorithms can search a huge search space for glob-
ally optimal or near-optimal answers. They are not confined to discovering local

optima, but can seek for solutions throughout the entire problem space.

2. Robustness: Genetic algorithms are resistant to noise and changes in the
problem space. They are capable of dealing with challenges with noisy or partial

data, as well as adapting to changes in the environment or problem limitations.

3. Parallelism: Genetic algorithms are easily parallelizable, allowing for the
evaluation of several candidate solutions at the same time. This parallel processing

capabilities speeds up and improves the efficiency of the search process.

4. No Derivative Information: Because genetic algorithms do not require deriva-
tive information of the objective function or restrictions, they can be used to solve
a wide range of optimization problems when getting derivatives is difficult or im-

practicable.

5. Flexibility: Genetic algorithms are adaptable to both continuous and discrete
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variables. They can solve problems with mixed variable types and handle diverse

constraints like as equality, inequality, and combinatorial restrictions.

6. Solution Diversity: By maintaining a diversified population of candidate
solutions, genetic algorithms encourage solution diversity. This diversity prevents
premature convergence to inferior answers and allows for exploration of various

sections of the search space.

7. Problem Independence: Genetic algorithms are problem-independent, which
means they may be applied to a wide variety of optimization problems without
the need for problem-specific adaptations or adjustments. As a result, they are a

versatile tool in a variety of areas and sectors.

8. Iterative Improvement: Genetic algorithms operate on the premise of it-
eratively enhancing the population through the use of genetic operators such as
selection, crossover, and mutation. This iterative improvement process refines

solutions through generations, eventually leading to better solutions.

Overall, genetic algorithms are well-suited to solve complicated optimization
issues where standard optimization techniques may struggle or fail to find appro-

priate answers.

4.2 Exam Scheduling Constraints

To ensure a feasible and practical exam schedule, a number of constraints must
be taken into account. These constraints define the requirements and limitations
that must be met during the scheduling procedure. Hard constraints and soft

constraints are the two basic categories of constraints|21].

4.2.1 Hard Constraints

Several hard constraints must be satisfied in the exam scheduling problem to as-
sure the feasibility and validity of the generated schedules. Hard constraints are
non-negotiable limitations and prerequisites that must be met. The exam schedul-

ing process must adhere to these constraints to ensure impartiality, efficiency, and
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practicability.

4.2.2 Soft Constraints

In the exam scheduling problem, while hard constraints must be rigorously sat-
isfied, soft constraints represent desirable conditions and preferences. Soft con-
straints are not required, but they contribute to the overall quality and schedule
optimization. These constraints offer flexibility and trade-offs to improve par-
ticular aspects of the solution. The following are examples of gentle constraints

encountered in the exam scheduling problem:

The soft constraints allow for trade-offs and adjustments to balance various
objectives and preferences while still achieving a satisfactory solution. The opti-
mization process aims to find a feasible schedule that satisfies the hard constraints
while optimizing the soft constraints to improve the overall quality of the sched-

ules.

For my implementations, I chose the constraints that are most suitable for

Kazakh universities, and for SDU in particular. See Table 4.2.2

4.3 Encoding Scheme

In the context of the exam scheduling problem, the encoding scheme refers to the
representation of the exam schedules within the Genetic Algorithm framework. It
defines how the solution space is encoded and structured to facilitate the search

for optimal or satisfactory solutions. My encoding scheme:
e Each gene represents an exam \item command.

e A chromosome represents a complete exam schedule, where each gene is a

class that has its own time slot, instructor and department.

e Encoding scheme ensures that no two exams are scheduled in the same time

slot, satisfying the time constraints.
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Table 4.1: Constraints

Constraints |
1. Hard Constraints

1.1 Cannot be more than one exam in the same study
group at the same time slot.

1.2 One classroom cannot be used for more than one
exam at the same time slot.

1.3 One teacher cannot conduct more than one exam
in the same time slot.

1.4 The number of seats in the classroom must be
greater than or equal to the number of students
in the group.

2. Soft Constraints

2.1 The interval between exams in complex subjects
is 2 days.

2.2 Students have a maximum of one exam in one
day:.

2.3 The number of free seats in the auditorium does
not exceed 20% of its total capacity.

2.4 Exams are not allowed between 13:00 and 15:00
on Fridays.

2.5 In one study group, the minimum time interval
between exams is 2 days.
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Chapter 5

Genetic Algorithm
Implementation

5.1 Design and Implementation Overview

In this chapter, I describe the design and implementation of the Genetic Algorithm
for solving the exam scheduling problem. This section provides a summary of the
most significant considerations and decisions taken during the GA implementation
development [23|. The diagram in Figure 5.2 illustrates the view flow of genetic

algorithms.

5.1.1 Advantages of GA

There are various advantages to using genetic algorithms that make them popular
and effective in addressing complex optimization issues. The following are some

of the primary advantages of genetic algorithms:

1. Global Search: Genetic algorithms can search a huge search space for glob-
ally optimal or near-optimal answers. They are not confined to discovering local

optima, but can seek for solutions throughout the entire problem space.

2. Robustness: Genetic algorithms are resistant to noise and changes in the

problem space. They are capable of dealing with challenges with noisy or partial
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data, as well as adapting to changes in the environment or problem limitations.

3. Parallelism: Genetic algorithms are easily parallelizable, allowing for the
evaluation of several candidate solutions at the same time. This parallel processing

capabilities speeds up and improves the efficiency of the search process.

4. No Derivative Information: Because genetic algorithms do not require deriva-
tive information of the objective function or restrictions, they can be used to solve
a wide range of optimization problems when getting derivatives is difficult or im-

practicable.

5. Flexibility: Genetic algorithms are adaptable to both continuous and discrete
variables. They can solve problems with mixed variable types and handle diverse

constraints like as equality, inequality, and combinatorial restrictions.

6. Solution Diversity: By maintaining a diversified population of candidate
solutions, genetic algorithms encourage solution diversity. This diversity prevents
premature convergence to inferior answers and allows for exploration of various

sections of the search space.

7. Problem Independence: Genetic algorithms are problem-independent, which
means they may be applied to a wide variety of optimization problems without
the need for problem-specific adaptations or adjustments. As a result, they are a

versatile tool in a variety of areas and sectors.

8. Iterative Improvement: Genetic algorithms operate on the premise of it-
eratively enhancing the population through the use of genetic operators such as
selection, crossover, and mutation. This iterative improvement process refines

solutions through generations, eventually leading to better solutions.

Overall, genetic algorithms are well-suited to solve complicated optimization
issues where standard optimization techniques may struggle or fail to find appro-

priate answers.
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5.1.2 System Architecture

Python 3 is used as the programming language for the exam scheduling system,
and the SQLite3 database is used for data storage and management. Addition-
ally, the system includes the PrettyTables library for generating visually enticing
tables.

The system architecture can be broken down into the following components:

The Genetic Algorithm Module is in charge of putting the genetic algorithm-
based strategy for creating exam schedules into practice. It contains the classes
and methods required for initialization, selection, crossover, mutation, and fitness

evaluation.

The system stores and manages data pertaining to courses, rooms, instruc-
tors, students, and scheduling constraints using the SQLite3 database. Python’s
SQLite3 module is used to access and manipulate the database, enabling for effi-

cient data storage and retrieval.

After the genetic algorithm has generated a schedule, the system constructs
tables using the PrettyTables library to display the schedule in an aesthetically
pleasing format. The tables contain information about the course, instructor,

classroom, and time slots.

5.2 Initialization Stage

During the initialization phase of the genetic algorithm, the goal is to generate an
initial set of schedules, each of which can be a potential solution for exam planning.

In a population, each graph is considered as an individual or a chromosome.

To initialize the schedules, the full schedule is created as an individual one,
and each class in it is represented as a gene. Each genome includes the following

characteristics:

1. Room: The room where the exam for the class will be conducted. It describes

the room’s name and seating capacity.
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2. Time: The allotted period for the class’s examination. It indicates the day

and time section .

3. Instructor: The instructor tasked with instructing the class and supervising

the exam. It describes the instructor’s courses and name.

4. List of Students: This is a roster of all the students enrolled in the course
who will be taking the exam. It provides information about the students’ name

and courses which he takes.

Combining these parameters for each class yields a comprehensive schedule.
The initialization procedure generates multiple schedules at random to create the
initial population. The population, represented as a list of schedules, is then
prepared for the subsequent phases of the genetic algorithm, including selection,
crossover, mutation, and fitness evaluation. The initial population serves as the
starting point for the algorithm to explore and evolve improved exam scheduling

solutions. Figure 5.1 provides a tabular representation of the initial population.

Figure 5.1: Initial population.

5.3 Selection Stage:

In the selection stage of the genetic algorithm, the goal is to choose the fittest
individuals from the current population to proceed to the next generation. The
selection process plays a crucial role in driving the evolution of the population

towards better solutions to the exam scheduling problem.

One commonly used method for selection is the tournament selection method.

In this method, a fixed number of individuals, typically referred to as tournament
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size, are randomly selected from the population. The individuals compete against
each other, and the fittest individuals are chosen as winners to be selected for

reproduction.

By using the tournament selection method, the genetic algorithm ensures that
individuals with higher fitness values have a greater chance of being selected for
the next generation. This selection process promotes the survival of the fittest in-
dividuals and helps propagate their favorable characteristics to future generations.

A pseudo code of tournament selection is provided in Algorithm 1.

Algorithm 1 select tournamen
1: function SELECT TOURNAMENT POPULATION(population)
2 tournament _pop <— new Population()
3: 1+ 0

4: while i < TOURNAMENT SELECTION SIZE do

5

6

random _index <— random(from 0, to POPULATION SIZE)
tournament _pop.add _to_schedule(random _schedule from given pop-

ulation)
7 11+ 1
8: end while
9: tournament _pop.get _schedules().sort(by fitness)
10: return tournament pop

11: end function

5.4 Crossover Stage

The crossover stage involves combining genetic information from selected parent
individuals to create new offspring. The crossover operator exchanges genetic ma-
terial between parents at certain points, generating diverse offspring that inherit
characteristics from both parents. For the crossover, the best chromosome, or the
elite schedule, is preserved without any changes. Then select two parent schedules
(chromosomes) using a selection method and cross them by random sampling of
genes (classes) from each chromosome. And repeat crossover until the desired
number of offspring schedules is generated. Finally Return the offspring popula-
tion containing the elite schedule and the newly generated offspring schedules. A

pseudocode of Crossover is provided in Algorithm 2.
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Algorithm 2 Crossover
1: function CROSSOVER(population)
2: elite_schedule < population.get best schedule()
3 offspring _population < Population(0)
4 offspring_ population.add _schedule(elite _schedule)
5 for i =1to POPULATION SIZFE —1do
6: parentl < select parent(population)
7
8
9

parent2 <— select parent(population)
offspring <— create offspring(parentl, parent2)
offspring_ population.add _schedule(offspring)

10: end for

11: return offspring population

12: end function

5.5 Mutation Stage

In the genetic algorithm, the mutation stage is responsible for introducing random
changes or modifications to the offspring created during the crossover stage. Mu-
tation is a crucial operator that helps maintain genetic diversity in the population

and prevents premature convergence to suboptimal solutions.

The mutation process involves randomly altering the genes (classes) of an in-
dividual schedule to explore new areas of the search space. This random modifi-
cation introduces new possibilities and can potentially improve the overall fitness

of the population.

For the mutation, the best chromosome, or the elite schedule, is preserved
without any changes. Then randomly select one chromosome and mutate them

by random changing of gene (class) to new gene (class).

5.6 Fitness Evaluation

The fitness function evaluates the quality of individual solutions or exam schedules
based on the defined objectives and constraints. It assigns a fitness value to each
individual, indicating how well it satisfies the given constraints and optimization
goals. In my implementation, fitness determines the amount of conflict each

individual has. My algorithm checks each individual for conflicts. And he counts
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them. Then at the end the individual who has the fewest conflicts is the fittest.
The algorithm will stop when a generation without conflicts is obtained. A pseudo

code of find fitness function is provided in Algorithm 3.

Algorithm 3 calculate fitness

1. function CALCULATE FITNESS

2: conflicts <— empty list

3 cls < list of classes

4 for ¢ = 0 to length of classes do

5: if cls|i]. roomCapacity < cls[i]. maxNumOfStudents then

6 NumbOfStudentsConflict is happened

7 end if

8 for j = 0 to length of classes do

9: if 7 > ¢ then

10: if cls|i|. Time == cls|j|.Time and cls|i].getId() != cls|j|.getId()
then

11: if cls|i].getRoom() == cls|j|.get room() then

12: Room Bookings Conflict happen

13: end if

14: if cls|i].getInstructor() == cls|j|.getInstructor() then

15: Instructor Booking Conflict happen

16: end if

17: end if

18: end if

19: end for

20: end for

21: students <« list of students

22: for + = 0 to length of students do

23: find _student time conflicts(conflicts, students|i])

24: end for

25: return 1/(1.0 x (length of conflicts 4+1))
26: end function

5.7 Termination Criteria

In the genetic algorithm, termination criteria determine when the algorithm should
stop its execution and declare a solution. These criteria are essential for control-

ling the optimization process and ensuring that the algorithm does not run indefi-
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nitely. In my case, the termination criteria is when the fitness of one chromosome

is zero. This means that there are no conflicts in this schedule.

5.8 Algorithm Flowchart

A visual representation of the Genetic Algorithm, an algorithm flowchart is pre-

sented in Picture 5.2.

Start L Selection
Y Y

Generate the initial Population Crossover
)\ Y

Compute Fitness Mutation
Y

Repair
Y
Compute Fitness

Y

Generate new
Generation

Figure 5.2: The flowchart of genetic algorithms.
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Chapter 6

Experimental Evaluation

6.1 Experimental Setup

In this section, I describe the setup and configuration used for conducting the
experiments to evaluate the performance of our genetic algorithm for the exam

scheduling problem.

6.1.1 Problem Instance

I considered the schedule of an Engineering faculty. Schedule consisted of 9 exams,
50 students, 6 time slots, and 3 available rooms. The instances were generated
based on real-world university data, ensuring the relevance and complexity of the

problem.

6.1.2 Genetic Algorithm Parameters

Our genetic algorithm was implemented in Python 3. T set the population size
to 10, ensuring a diverse set of schedules in each generation. The crossover rate
was set to 0.5, and the mutation rate was set to 0.1. I used the tournament
selection method with a tournament size of 3 to select parents for reproduction.
As a termination criterion, you need to get a schedule where the fitness function

is equal to zero. That is, the schedule without conflicts.
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6.1.3 Experimental Data

I synthesized data from real university data. Therefore, I can argue that the
artificiality of the data will not affect the result in any way. Data includes infor-
mation on exam schedules, student enrollments, room capacities, and instructor
availability. The data was preprocessed to remove any inconsistencies or conflicts

and ensure the validity of the problem instances.

6.1.4 Evaluation Metrics

To evaluate the efficacy of our genetic algorithm, I primarily used two metrics:
solution quality and computational time. The quality of the solution was deter-
mined based on the fitness value of the schedules, which represents the overall
compliance of the constraints. In addition, I timed the algorithm’s convergence

to a solution on a standard desktop computer with an Intel Core i5 processor and
16GB of RAM.

6.1.5 Experimental Procedure

For each instance of the problem, the genetic algorithm was executed ten times
with various random seed initializations to account for variance. I recorded the
highest fitness value attained by the algorithm, along with the mean and standard
deviation for the 10 runs. The algorithm was run until the termination criteria

for each run were met.

6.1.6 Hardware and Software Setup

Experiments were performed on a computer with a 3.5GHz Intel Core i5 processor
and 16GB of memory. Windows 10 served as the operating system. The genetic
algorithm was implemented in Python 3 using the SQLite3 library for database
management and the PrettyTables library for table generation and result visual-

1zation.
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6.2 Dataset Description

In this section, I provide a detailed description of the dataset that was used to

evaluate the efficacy of our genetic algorithm for the exam scheduling problem.

6.2.1 Data Source

For data synthesis, data were generated that did not differ in any way from
university data. Therefore, I can argue that the artificiality of the data will not

affect the results.

6.2.2 Data Preprocessing

Before we used the data set in our tests, it went through a number of steps to
make sure the data were accurate and consistent. Among the pre-treatment steps

were:

- I cleaned up the data by making sure that each data point represents a different

test, student, chamber, or teacher. This got rid of any duplicate or wrong entries.

- Dealing with conflicts: I fixed any problems with the data, such as test

schedules that overlapped or rooms that couldn’t be used at certain times.

- I have standardized the format of the data set to make sure that information
like exam codes, student IDs, room numbers, and teacher names are always shown

in the same way.

6.2.3 Dataset Characteristics

The dataset includes the following attributes:

- Exams table: The dataset has a total of N exams, each of which is for a
different course or subject given by a university department.Table includes infor-
mation about name of the course, max number of students and instructors for

these courses. See Figure 6.1.
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Figure 6.1: Courses table.

- Student table: The dataset contains data of students, name of students and

list of his exams. See Figure 6.2.

student id

'MT4,
'MT4",
'MT4",
MT4",
'MT4",
'MT4",
'MT4",
'MT4",
'MT4",
'MT4",

'‘MT4 ",
'MT4",
'MT4
'MT4,
'MT4 !,

Figure 6.2: Students table.

- Room table: The dataset provides information about rooms name and seating

capacity. See Figure 6.3.

- Instructor Timetables: The dataset contains information of instructors. Each

instructor is associated with their preferred courses. See figure 6.4.
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seating capacity

Figure 6.4: Instructors table.

6.2.4 Data Representation

The data set is shown in a structured manner that can be used by computers to
process it. SQLite tables store the data.

6.3 Experimental Results and Discussion

In this part, I talk about the results of my experiments with the genetic algorithm
for the exam scheduling problem. I talk about the success metrics that were found,
such as the quality of the schedules that were made and how well the algorithm

worked.

6.3.1 Experimental Results

The genetic algorithm effectively generated conflict-free, high-quality schedules.
After an average of 192,1 generations, a schedule that satisfied all of the stringent

constraints and provided the optimal exam arrangement was discovered. See
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Table 6.1: Experimental Results
Exp. Pop. Size Mut. Rate Tourn. Size Gens Time (sec)

1 10 0.1 3 87 13
2 10 0.1 3 081 42
3 10 0.1 3 41 4
4 10 0.1 3 244 19
d 10 0.1 3 297 24
6 10 0.1 3 41 4
7 10 0.1 3 67 7
8 10 0.1 3 373 30
9 10 0.1 3 54 5
10 10 0.1 3 136 11
Avg 10 0.1 3 192.1 15.9

Figure 6.5 This result demonstrates that the genetic algorithm is effective at

exam scheduling solutions. You can see more details in Table 6.1.

________________________________________________ =

meeting time classes [course,room,instructor,meeting-time]

________________________________________________ -
[ '"MATH,C1,R1,I7,MT1', 'IS,C5,R2,I4,MT1']

[ 'MATH,C3,R2,I1,MT2"]
['IS,C6,R3,I5,MT3", 'CS,C8,R2,I6,MT3"']
['MATH,C3,R3,I1,MT4', 'MATH,C9,R2,1I7,MT4']
['Is,c2,R3,I3,MT5']
['1S,c4,R3,14,MT6', 'IS,C7,R2,I3,MT6']

+
I

+
I
I
I
I
I
I

+

Figure 6.5: Result Schedule.

6.3.2 Computational Efficiency

The experimental results also showed the computational efficiency of the genetic
algorithm. On a Core i5 processor with 16 GB of RAM, the execution time for
optimal scheduling averaged 15.9 seconds. This indicates that the algorithm is
able to solve the exam scheduling problem in a reasonable amount of time, but

keep in mind that the scale of the experimental data was rather small.

In general, the results of the experiments show that the genetic algorithm cre-

38



ates high-quality schedules for the exam planning problem. The algorithm’s abil-
ity to generate conflict-free schedules and its computational efficiency make it a

promising solution for real exam scheduling problems.
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Chapter 7

Conclusion and Future Work

7.1 Future Research Directions

1. Experiment with real data on a large scale. I plan to test the performance
of the algorithm on 1000 students. Then i will continue with real data from our

University

2. Integration of machine learning techniques: Adding machine learning tech-
niques, like reinforcement learning or neural networks, could let the program learn
from its past mistakes and change its search strategies on the fly. And increase

the performance.
3. Add work with Soft constraints to the algorithm.

4. Combining the genetic algorithm with other metaheuristic algorithms, like
simulated annealing or tabu search, could use their complementary powers and

possibly lead to better results.

7.2 Conclusion

This work focuses on a special exam scheduling problem that often comes up in
universities in Kazakhstan. It suggests a variation of the genetic algorithm as a

way to solve the exam scheduling problem.
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I go into detail on a real-life test schedule issue for the Faculty of Engineering
and Natural Science at SDU. The problem is then solved using a genetic algorithm.
We adhere to the rigorous constraints of the Faculty of Engineering scheduling
requirements and prioritize them. The proposed model has proven to be effective
in terms of creating a conflict-free timetable that allows students to complete their
exams in a relaxed environment and allowing the faculty’s study and examination
office staff to announce an exam schedule that meets the criteria and standards

established for the open semester system.

Through this dissertation, I have taken significant strides towards improving
the exam scheduling process, and I hope that our work inspires and motivates

further research in this field.
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