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Abstract

Every year, universities face a challenge with schedule generation. This task
is very complicated and takes a long time because of many limitations and dif-
ferent factors. Each schedule’s organization depends on specific constraints.
Each class has its unique restrictions due to specialized subject requirements.
Certain subjects require specific rooms, such as labs, rooms with projectors,
or computer outlets.

Managing university schedules can be complex, especially when instructors
teach multiple subjects. These subjects cannot be scheduled concurrently,
and there is a maximum limit on the daily teaching hours for each instructor.

In addition to these rules, some factors affect how well a schedule works, like
reducing wait times. Creating an efficient schedule is a complex challenge
because we need to meet all the constraints and metrics. However, a signifi-
cant added complication is user satisfaction. A schedule should be organized
and flexible to meet everyone’s preferences, but it is hard to please everyone.

To solve the problem, this dissertation suggests a system that balances two
important aspects. It allows schedule creation while adhering to university-
imposed restrictions. This system is unique because users can vote on gen-
erated schedules to show their preferences. Votes are recorded securely on a
blockchain. This guarantees better reliability, transparency, and security than
other methods.

To handle the system’s high computational demands, was used Graphics Pro-

cessing Unit instead of Central Processing Unit for scheduling. This option
helps with doing more tasks at the same time and making things faster be-
cause of the better abilities of the Graphics Processing Unit.

The findings of this thesis indicate the system’s viability in real-world sce-
narios. Using the GPU helped improve performance and saved resources.
Incorporating a blockchain-based voting system potentially enhances sched-
ule satisfaction, showing promise in the system’s practical application.
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Chapter 1

Introduction

This chapter provides a contextual background to the problem that has been addressed,
along with the objectives and contributions realized through this thesis. The chapter con-
cludes by outlining the structure of the document, describing the division of the thesis and
the particular subjects covered in each chapter.

1.1 Context

One of the crucial issues faced by administrators and university staff in today’s higher
education scene is the hard and often long work of schedule generation (Martin, 2022).
The importance of good schedule management cannot be overlooked, since it has a direct
impact on students’ university experience, productivity, and the university’s overall op-
erational efficiency (Martin, 2022). Crafting optimal timetables becomes a complicated
task with different limitations and ever-changing requirements, necessitating intricate bal-
ancing acts.

The research was motivated by the substantial impact of well-optimized timetables
on the educational experience. A well-planned schedule can improve student happiness,
learning results, and resource usage, resulting in a more efficient and effective educational
institution (Sulong et al., 2023). The complexities of organizing university calendars
include a plethora of elements such as teacher preferences, classroom availability, course
prerequisites, and student preferences, among others.

The study’s objectives are dual. Firstly, it aims to develop a system that addresses the
complexities involved in creating university timetables. This system will consider various
constraints and optimize the use of resources, ensuring a smooth academic experience
for both students and professors. Secondly, this study seeks to enhance the transparency,
reliability, and fairness of the timetable selection process through the implementation of a
blockchain-based voting mechanism. This integration aims to provide a voice to all parties
involved in the scheduling process, namely those who will use the schedule. It allows
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them to vote for the one that best suits their needs, thereby enhancing satisfaction with the
implemented timetable. Subsequently, this can lead to improved academic performance.

The primary challenge this study tackles is the intricate task of optimizing university
timetable creation while adhering to numerous constraints. This task becomes increas-
ingly challenging as universities endeavor to accommodate the diverse needs and pref-
erences of students within the limits of available resources. Moreover, ensuring fairness
in the final schedule selection is essential for maintaining the trust of all parties. This
research proposes a comprehensive solution that merges inventive scheduling techniques
with a transparent and secure voting system, advancing the current practices in university
timetable management.

By exploring the innovative solutions presented in this thesis, it aims to provide a
novel and effective approach to address the intricacies of schedule generation in a univer-
sity setting, benefiting educational institutions, students, and faculty alike.

1.2 Objectives

The primary objectives of our system, and consequently this thesis, are multifaceted.
Firstly, the system aims to establish a comprehensive framework for resolving timetabling
problems. The goal is to use resources efficiently and improve scheduling, especially in
the university. Planning carefully helps align schedules with the institution’s, student’s
needs, improving outcomes.

The system also wants to change how decisions are made when choosing schedules.
It does this by adding a blockchain voting system. This integration helps create fair
decision-making processes that are democratic and transparent. The timetable selection
process is improved. This makes sure the outcomes meet the needs of students, faculty,
and staff. By doing this, it helps people feel like they are all part of something and that
they have a say. This makes them happier and more likely to work together.

This thesis examines the architecture, development, and evaluation of this innovative
system. This system provides valuable information on its use in academic scheduling. It
helps make scheduling better and fairer.

1.3 Contributions

This study sets out to overcome the complex issues connected with university timetable
generation while also presenting a novel blockchain-based voting system. This thesis’
contributions are complex, covering the following dimensions:

• Improving daily life: The suggested system has the potential to have a significant
impact on the daily lives of students, staff, and university administrators. It will
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considerably improve students’ university experiences by improving and simplify-
ing the schedule generation process. They might expect schedules that are more in
line with their preferences, minimizing disputes and increasing overall happiness.
Faculty members will benefit from more efficient allocation of teaching hours, al-
lowing them to focus on providing high-quality education. Administrators will no-
tice better operational efficiency due to optimized resource usage and more exact
scheduling. Finally, our method aspires to make academic life more manageable
and gratifying for all stakeholders.

• Blockchain usage: The use of blockchain in academic scheduling provides a new
perspective on democratizing the scheduling process. Furthermore, the use of a
blockchain solution makes a step in expanding the fields where the blockchains can
be used.

In summary, this study provides a disruptive alternative that goes beyond the typical con-
straints of academic scheduling. It improves the daily lives of the people concerned,
brings previously unknown perspectives to the forefront, and achieves crucial goals in the
areas of scheduling optimization and decision-making transparency. These contributions
demonstrate our system’s potential to transform the way academic calendars are handled
and selected.

It is also important to highlight the publication of a scientific paper entitled "Blockchain-

Based Electronic Voting: A Secure and Transparent Solution", published in MDPI Crip-
tography journal (Pereira et al., 2023).

1.4 Document Structure

This document is divided into three main chapters, each corresponding to a crucial step
in the development of the proposed solution.

Chapter 2 is the Literature Review, which discusses the research conducted to out-
line a plan for the proposed solution. This phase includes an explanation of various ap-
proaches that could have been taken, a comparison between them, and an explanation of
why the chosen approach was selected. More specifically for the schedule generation, it
discusses numerous optimization algorithms, their implementations, strengths, and weak-
nesses, along with a comparison between them and the rationale behind the chosen al-
gorithm. For the blockchain voting system, we explain the fundamental terms necessary
for understanding it, followed by a presentation of various systems already implemented
in the market. Contextualize these systems, highlight their differences, and include a
comparison with the proposed voting system. This phase also includes a comparison be-
tween centralized and decentralized systems, as well as an explanation of the differences
between systems implemented on CPUs and GPUs.
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Chapter 3 involves the system development, the Blockchain Timetabling Scheduling
System. This phase provides a detailed explanation of the proposed system, detailing all
its components, implementations, and optimization techniques used in each component.

Chapter 4 is the Empirical Evaluation of the System. In this phase, it reveals the
entire flow and message exchanges that occur in the developed system, and the results
it generates. It analyzed the schedules created by the system and compared them with a
real schedule implemented by one university in previous years. It also, tests how computa-
tional power is relevant to the performance of the blockchain voting system. Additionally,
it compares the performance of the same system implemented on a CPU and a GPU, to
determine which implementation is superior performance-wise.

Finally, some conclusions and future work are presented in chapter 5.

4



Chapter 2

Background and Literature Review

This chapter has a detailed discussion of the challenges involved in timetable optimization
and decision-making and the potential solutions.

After that, will shift toward identifying and evaluating various strategies that promise
to address these challenges effectively. This section is committed to exploring a range
of possible approaches. Each method will be assessed based on its ability to produce
practical and optimized timetables and to facilitate a clear, fair, and inclusive decision-
making process among the available options.

2.1 Problem

The search for optimization and constraint satisfaction expands across various sectors
and embodies a fundamental challenge in operational planning and decision-making pro-
cesses (Li & McClelland, 2022). Industries ranging from logistics and manufacturing
to healthcare and education find themselves entangled in the intricate web of identifying
optimal solutions that conform to a multitude of constraints and requirements (Mavrotas
et al., 2007). Each area has its unique factors and conditions that require custom solu-
tions. These solutions need to be precise, flexible, and adaptable to effectively handle
their specific operational challenges.

In the presence of numerous optimal solutions created by computational algorithms, a
secondary yet crucial problem surfaces: the dilemma of decision-making. The multitude
of possible optimized outcomes demands an intricate process of selection that resonates
with the collective preferences and priorities of the stakeholders involved (El Khatib
et al., 2023). This highlights the essential need for a mechanism capable of facilitating
informed, democratic decisions that enhance the selection process’s credibility and accep-
tance, ensuring that the chosen solution is reflective of a consensual agreement amongst
the various parties involved.

Exploring the educational sector, especially in the area of timetable creation. Here,
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creating an optimized timetable requires balancing various elements such as class sched-
ules, teacher availability, and resource allocation, all of which come with their own set
of constraints and preferences (Alghamdi et al., 2020). Traditional algorithmic methods
in this field aim to produce numerous optimized timetables that meet these conditions
and limitations. However, the task doesn’t end with creating these possible schedules. It
progresses to the next stage of decision-making, where the best schedule must be chosen
from the generated options. This choice should closely align with the combined prefer-
ences and needs of the educational community.

The focus of this thesis is on timetabling scheduling, which embodies the problem of
optimization coupled with nuanced layers of stakeholder considerations and constraints.
This problem, robust in its complexity, demands a meticulous solution that organizes and
coordinates multifarious elements, ensuring the efficacy and smooth flow of a university.

• Multidimensional Optimization: The core challenge lies in the realm of opti-
mization, where varying elements such as faculty schedules, classroom availabili-
ties, and course timings interweave. Each element brings forth unique constraints
and considerations, necessitating a solution that adeptly navigates these variables
to yield a timetable that epitomizes efficiency and feasibility (Voget & Kolonko,
1998).

• Diverse Stakeholder Preferences: Inherent in this scenario is a tapestry of stake-
holder preferences and needs. From faculty availabilities and preferences to student
course selections and optimal learning periods, the system must gracefully assimi-
late these variables, ensuring that the resulting schedules echo the collective needs
and preferences of the academic community (Mahlous & Mahlous, 2023).

• Dynamic Constraint Integration: The system must possess intrinsic flexibility,
enabling the dynamic integration and modification of constraints and preferences.
This adaptability ensures that the system remains resilient and responsive to evolv-
ing needs, ensuring sustained relevance and applicability (Mahlous & Mahlous,
2023).

• Democratic Decision-Making: One primordial point of this challenge is the neces-
sity for a democratic approach to decision-making. Given the generation of multi-
ple optimal timetables, a transparent and inclusive mechanism is essential, allowing
the university community to actively participate in the selection process (El Khatib
et al., 2023).

• Blockchain-Based Voting: To boost the integrity and reliability of the democratic
process, the incorporation of blockchain technology emerges as a vital requirement.
This technology would safeguard the voting process, ensuring the immutability,
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transparency, and authenticity of the votes cast, thus enhancing the credibility and
trustworthiness of the decision-making process (Jafar et al., 2021).

Even after all of these challenges, still exist constraints that can vary for each scenario,
university, and context. Here are some constraints that were taking into account:

• Course Timing: Each course should be scheduled in such a way that it doesn’t
conflict with other courses. This is particularly important for students who have
required courses in their curriculum.

• Teacher Availability: Lecturers may have specific times when they are unavailable
due to other commitments, and these need to be taken into account.

• Room Capacity and Availability: The number of students in a course must not
exceed the capacity of the assigned room. Additionally, rooms may have specific
equipment or features needed for a particular course.

• Balancing Student Workload: The timetable should be organized in such a way
that students do not have overly concentrated periods of activity.

• Minimizing Idle Time: Both for lecturers and students, the timetable should be
optimized to minimize periods of inactivity within the day.

In summation, the problem presents a rich tapestry of challenges, each thread weav-
ing through the intricate landscape of academic scheduling, stakeholder considerations,
democratic participation, technological integration, and user experience.

2.2 Optimization Algorithms

This section will discuss potential algorithms that could be chosen for scheduling gener-
ation. Explain their respective implementations and the scenarios where each algorithm
should be used. Comparing and evaluating these algorithms will help determine the most
suitable one for the specific use case of this thesis.

2.2.1 Branch and Bound

The Branch and Bound (BB) algorithm is a powerful tool in computational optimization
(Shinano et al., 1995), renowned for delivering exact solutions to a wide array of NP-hard
optimization problems. This algorithm, rooted in the pioneering work of Land and Doig,
has flourished over the years, embodying a suite of algorithms that share a foundational
core solution procedure (Clausen, 2016).
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Central to the BB algorithm is a tree structure that houses partial solutions, known as
subproblems. The algorithm navigates through the vast landscape of potential solutions,
systematically branching to dissect the problem into more manageable subproblems and
applying bounding rules to prune unequivocally suboptimal regions. This meticulous
process of exploration and elimination is instrumental in steering the algorithm toward
the optimal solution with enhanced precision and efficiency.

The performance of the BB algorithm is intricately woven with three pivotal com-
ponents: the search strategy, branching strategy, and pruning rules. These components
serve as the algorithm’s navigational compass, guiding the exploration of subproblems,
the partitioning of the solution space, and the exclusion of suboptimal regions from further
consideration.

Algorithm 1 Branch and Bound (Shinano et al., 1995)
Require:

1: bestSolution← initial solution
2: Q← priority queue with one node
3: while Q is not empty do
4: currentProblem← Q.dequeue()
5: if currentProblem is better than bestSolution then
6: bestSolution← currentProblem
7: end if
8: if currentProblem is not pruned then
9: children← expand currentProblem

10: Q.enqueueAll(children)
11: end if
12: end while
13: return bestSolution ▷ Return the best solution found

The Branch and Bound(algorithm 1) starts with a root that represents an initial so-
lution or partial solution. This root is then "branched" into subproblems, representing
different paths or decisions in the solution space. Each subproblem or "node" is evalu-
ated to determine its bound, which is an estimate of the best possible solution that can be
obtained from that node. If a node’s bound is worse than the best-known solution, it is
"pruned" or discarded from further consideration, as it cannot lead to an optimal solution.
If a node leads to a feasible solution that is better than the current best-known solution, it
updates the best-known solution. The algorithm continues branching and pruning nodes
until all nodes are either pruned or lead to feasible solutions, ensuring that the best solu-
tion found is the global optimum. The efficiency of the BB lies in its ability to eliminate
large portions of the solution space, reducing the number of solutions that need to be
explicitly evaluated (He et al., 2014).
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2.2.2 Linear Programming

Linear Programming (LP) is a powerful mathematical tool (Dantzig, 1990) used in op-
timizing objective functions subject to a set of linear constraints. In a recent study by
Kosheleva et al. (2020), a novel perspective on solving LP problems is presented, focus-
ing on the utilization of symmetries and derivative constraints in the algorithmic process.

In traditional LP algorithms, such as the Simplex method (Dantzig, 1990), the objec-
tive is to optimize a linear objective function by navigating through the vertices of the
feasible region defined by the constraints. However, the approach discussed in the paper
leverages symmetries and derivative constraints to guide the optimization process.

The utilization of symmetries and derivative constraints in the algorithm allows for a
more intuitive and simplified process, making it a promising approach to tackling real-life
optimization problems where linear relationships and constraints are involved

LP is a mathematical method used to find the best outcome in a mathematical model
whose requirements are represented by linear relationships. Applying LP in the realm of
timetable generation encapsulates an optimization approach, striving to create the most
efficient schedules following various constraints and objectives.

Algorithm 2 Simplex Method (a LP approach) (Dantzig, 2002)
Require:

1: BasicVariables← initialize basic variables
2: Tableau← initialize tableau with A,b,c
3: while there exists a positive coefficient in the objective row do
4: EnteringVariable← choose entering variable using Bland’s rule
5: LeavingVariable← choose leaving variable
6: if no leaving variable found then
7: return "Unbounded"
8: end if
9: pivot(Tableau,EnteringVariable,LeavingVariable)

10: update(BasicVariables,EnteringVariable,LeavingVariable)
11: end while
12: return solution(BasicVariables,Tableau) ▷ Return the solution found

The Simplex Method(algorithm 2) is a simple implementation of the simplex Method.
It starts by initializing the basic variables and the tableau using the input matrix A, and
vectors b and c. The algorithm iteratively modifies the tableau, aiming to find the optimal
solution to the linear programming problem. In each iteration, an entering variable is
chosen based on Bland’s rule (Avis & Chvátal, 1978), ensuring that cycling does not
occur. A leaving variable is also selected, determining which variable will exit the basis
to maintain feasibility. If no leaving variable can be found, the algorithm concludes that
the problem is unbounded. Pivoting operations are then performed to update the tableau
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and basic variables, moving toward the optimal solution. This iterative process continues
until all coefficients in the objective row are non-positive, indicating that the optimal
solution has been found. The algorithm then returns the solution, extracting it from the
current state of the basic variables and the tableau.

The Periodic Event Scheduling Problem (PESP) (Goerigk & Schöbel, 2011), is a no-
table discrete problem known for its complexity and practical relevance, particularly in
finding periodic timetables, an economically crucial but mathematically challenging task.
The PESP is identified as NP-hard, signifying the substantial computational effort re-
quired to find even a feasible solution. Despite its complexity, successful real-world ap-
plications, such as the computation of the Dutch railway system timetable, underscore the
model’s practical viability and effectiveness.

2.2.3 Tabu Search

The TS, initially introduced by Glover (1986), is a prominent metaheuristic used to tackle
combinatorial optimization problems. This algorithm operates in a systematic, iterative
manner, continuously navigating through the solution space to find an optimal or near-
optimal solution to a given problem.

In Mirsad Buljubasic Ph.D. thesis "Efficient local search for several combinatorial op-
timization problems" (Buljubasic, 2015) elucidates the application of Tabu Search (TS)
in the realm of Combinatorial Optimization Problems (COPs), demonstrating its versa-
tility and efficacy. The algorithm operates by exploring the neighborhood of solutions,
making local changes, and progressively moving toward optimality. A distinctive feature
of TS is its utilization of memory structures, primarily the tabu list. This list records cer-
tain attributes of recently visited solutions, preventing the algorithm from revisiting them
immediately. This strategy is instrumental in enabling the algorithm to escape local op-
tima and facilitating a more extensive and diverse exploration of the solution space (Luke,
2013).

Buljubasic (2015) work emphasizes the adaptability of TS, showcasing its applica-
bility across a spectrum of problems, ranging from classical, well-known optimization
problems to more complex, real-world industrial challenges. The algorithm’s design,
characterized by its dynamic search capabilities and strategic use of memory, allows it
to navigate through the complexities and constraints inherent in COPs effectively. This
makes TS a robust and reliable approach for finding high-quality solutions in a variety of
optimization contexts, underscoring its practical relevance and utility in solving intricate
optimization problems (Talbi, 2009).

The Tabu Search (algorithm 3) starts by selecting an arbitrary solution as the current
and best-known solution. It also initializes a Tabu list, which helps remember recent solu-
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Algorithm 3 Tabu Search (Glover, 1986)
Require:

max_iterations ▷ he maximum iterations that the algorithm can do
tabu_list_size ▷ The length of the tabu list
neighborhood_size ▷ The number of neighbors to consider

1: current_solution← initial_solution
2: best_solution← initial_solution
3: tabu_list← initialize empty list
4: iteration← 0
5: while iteration < max_iterations do
6: neighbors← generate neighbors(current_solution,neighborhood_size)
7: next_solution← select best neighbor(neighbors, tabu_list)
8: if cost(next_solution)< cost(best_solution) then
9: best_solution← next_solution

10: end if
11: update Tabu List(tabu_list, tabu_list_size,next_solution)
12: current_solution← next_solution
13: iteration++
14: end while
Ensure: best_solution ▷ Return the best solution found

tions and moves. It stops the algorithm from revisiting them and encourages exploration
of new areas. This tabu list usually maintains a fixed dimension, and upon reaching its
capacity, the oldest record is systematically removed (Glover & Kochenberger, 2003).

In each iteration, the algorithm 3 generates a neighborhood around the current solu-
tion. This neighborhood comprises solutions reachable by making minor modifications
or moves from the current solution. The algorithm then selects the best move from this
neighborhood, even if it doesn’t improve the current solution, to promote a broader ex-
ploration of the solution space.

The Tabu list plays a crucial role in guiding the algorithm. It avoids cycling back to
recently explored solutions. However, under certain conditions, moves listed as Tabu can
be accepted if they meet specific aspiration criteria, such as leading to a solution better
than any previously found.

The iterative process continues until specific stopping criteria are met, such as reach-
ing a maximum number of iterations or achieving a convergence condition. Ultimately,
the algorithm returns the best-found solution as the output (Glover & Kochenberger, 2003;
Madureira, 2010).

An algorithm like this is widely used for timetabling problems. For instance, a study
conducted at the Faculty of Computer Science and Information Technology, Universiti
Malaysia Sarawak (UNIMAS), explored the heuristic orderings approach to solve the
university course timetabling problem. The study aimed to reduce the number of timeslots
required to allocate courses each day. The results demonstrated that the combination
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of the largest degree and largest enrolment in descending order or the largest degree in
descending order outperformed other heuristic orderings in generating a feasible initial
solution. Moreover, the heuristic orderings approach proposed in this study required fewer
timeslots than the existing software in generating the timetable (Chen et al., 2022).

2.2.4 Ant Colony Optimization

The Ant Colony Optimization (ACO) algorithm has emerged as a robust technique in solv-
ing Constraint Satisfaction Problems (CSPs), where the objective is to find an assignment
of values to variables that satisfies a set of constraints (Talbi, 2009). In the study con-
ducted by Boxin Guan, Yuhai Zhao, and Yuan Li (Guan et al., 2021), an enhanced version
of the ACO algorithm is proposed, which incorporates an automatic updating mechanism,
aiming to improve the solution quality and convergence speed of traditional ACO-based
algorithms in solving CSPs.

In the conventional ACO algorithm, artificial ants traverse a solution space, construct-
ing solutions and depositing pheromone trails that guide the search process. The proposed
improved ACO algorithm, termed AU-ACO, innovates this process by introducing an au-
tomatic updating mechanism. This mechanism optimizes assignments by retaining excel-
lent variable-value pairs and only optimizing non-excellent ones. This nuanced approach
allows the algorithm to maintain beneficial components of the solution while enhancing
others, increasing the likelihood of finding superior solutions.

The automatic updating mechanism in AU-ACO allows for a more focused and ef-
ficient search. Instead of optimizing all variable-value pairs in an assignment, the algo-
rithm selectively optimizes those that are not excellent, thereby improving the conver-
gence speed and enabling the algorithm to find better solutions more efficiently.

Applying this algorithm to the problem of timetable generation brings a novel ap-
proach that mimics the natural world to find optimal solutions in the complex landscape
of educational scheduling. Here are some insights into the pros and cons of employing
the ACO algorithm for our timetable generation issue.

The Ant Colony Optimization (algorithm 4) was first introduced by Marco Dorigo in
1991 in Ant System (Dorigo et al., 1991). It starts by initializing essential components
such as the best solution variable, the population of ants, and the pheromone matrix.
The algorithm runs in iterations, where each iteration involves each ant in the population
constructing a solution path. This construction is guided by the pheromone matrix, which
influences the probability of choosing a particular path. An ant incrementally constructs
a solution, and if the quality of the solution found by an ant is better than the current
best solution, the best solution is updated. After all ants have constructed their paths for
an iteration, the pheromone matrix is updated. Pheromones evaporate to simulate the
natural evaporation of pheromones, and new pheromones are deposited on the paths that
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Algorithm 4 Ant Colony Optimization (Talbi, 2009)
Require:

1: best_solution
2: population← generatePopulation(NumAnts) ▷ Generates a population of ants
3: initialize(pheromone_matrix) ▷ Initializes the pheromone matrix
4: iteration← 0
5: while iteration++< stop_citeria do
6: for each ant in population do ▷ Goes through all ants in the population
7: construct_path(ant, pheromone_matrix) ▷ Incrementally constructs a path

for the ant
8: if quality(ant)> quality(best_solution) then
9: best_solution← ant ▷ Updates the best solution found

10: end if
11: end for
12: update_pheromone(pheromone_matrix,rate) ▷ Updates the pheromone
13: end while
14: return best_solution ▷ Returns the best solution found

the ants traveled, with the amount being inversely proportional to the solution’s quality.
The algorithm continues iterating until a stopping criterion, such as a maximum number
of iterations, is met. Finally, the algorithm returns the best solution found during the
iterations, representing the approximate solution to the optimization problem (Glover &
Kochenberger, 2003).

In the study Nothegger et al. (2012), the authors address the Post Enrolment Course
Timetabling problem. They introduce an algorithm based on ACO, where artificial ants
incrementally build solutions using pheromones and local information. The algorithm
employs two simplified pheromone matrices to enhance convergence and maintain flexi-
bility in guiding the solution process. When parallelized, the algorithm significantly im-
proves solution quality. Applied to ITC2007 instances, the algorithm consistently found
optimal solutions, showcasing its effectiveness and efficiency in solving this timetabling
problem.

2.2.5 Simulated Annealing

Simulated Annealing is a probabilistic optimization algorithm (Thyer et al., 1999) in-
spired by the annealing process in metallurgy. Annealing is a physical process used to
reduce defects in a material, involving heating and controlled cooling. Similarly, Simu-

lated Annealing is used to find an approximation to the global optimum of an objective
function.

In the context of optimization (Kirkpatrick et al., 1983), the algorithm starts with
an initial solution and seeks to improve it by making small, random changes. At each
step, the algorithm assesses whether the new solution is better or worse than the current
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one. Unlike gradient descent methods, Simulated Annealing allows worse solutions to be
accepted with a certain probability. This probability is influenced by a parameter known
as temperature, which gradually decreases over time, mimicking the cooling process in
annealing.

The temperature parameter is crucial in controlling the exploration-exploitation trade-
off (Xu & Zhang, 2014). In the early stages, when the temperature is high, the algorithm
is more likely to accept worse solutions, allowing it to explore the solution space more
broadly and escape local minima. As the temperature decreases, the algorithm becomes
more conservative, accepting only solutions that offer a significant improvement, thus
exploiting the areas of the solution space that seem promising.

Simulated Annealing is versatile and can be applied to various optimization problems,
including those for which the objective function is not differentiable or contains many
local minima. Its ability to escape local minima makes it particularly useful for complex,
high-dimensional optimization problems where traditional algorithms might struggle.

Algorithm 5 Simulated Annealing (Thyer et al., 1999)
1: current_solution← initial_solution
2: current_temperature← initial_temperature
3: while current_temperature > 1 do
4: new_solution← getNeighbor(current_solution)
5: cost_di f f erence← cost(new_solution)− cost(current_solution)
6: if cost_di f f erence < 0 or random()< e(−cost_di f f erence/current_temperature) then
7: current_solution← new_solution
8: end if
9: current_temperature← current_temperature× cooling_rate

10: end while
11: return current_solution

The Simulated Annealing (algorithm 5) starts with an initial solution and an initial
temperature. It iteratively makes small random modifications to the current solution, gen-
erating neighboring solutions. For each new solution, the algorithm calculates the cost
difference between the new and the current solution. If the new solution is better or meets
a certain probability criterion based on the cost difference and the current temperature,
it is accepted as the current solution. This acceptance probability allows the algorithm
to escape local minima by occasionally accepting worse solutions. The temperature is
gradually reduced in each iteration, controlling the likelihood of accepting worse solu-
tions—high temperatures allow more exploration, while lower temperatures focus on ex-
ploitation around promising areas. The algorithm continues until the temperature reaches
a predefined threshold, and the last accepted solution is returned as the approximate opti-
mal solution (Delahaye et al., 2019).

In school timetabling problem used a Simulated Annealing (SA) approach to resolve
it (Abramson et al., 1997). The reheating schedules, particularly, are nuanced, with some
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utilizing a geometric approach and others applying a calculated temperature for the re-
heating point. Through comprehensive computational experiments, the paper Abram-
son et al. (1997) unveils that the fourth reheating scheme consistently outperforms oth-
ers, delivering superior quality solutions in a more time-efficient manner for the school
timetabling problem. This illustrates the algorithm’s adaptability and effectiveness in nav-
igating the solution space and overcoming local optima to find satisfactory timetabling
arrangements.

2.2.6 Particle Swarm Optimization

Particle Swarm Optimization (PSO) (Kennedy & Eberhart, 1995) is a heuristic that has
been effectively applied to various optimization problems, including CSPs, as discussed
by Lin (2005). PSO is a population-based optimization technique inspired by the social
behavior of birds flocking or fish schooling. In the context of CSPs, which are generally
NP-hard and applicable to many practical problems, PSO has been modified and extended
to solve n-ary CSPs effectively.

Lin’s research introduces new particle swarm algorithms that are tested on practical
configuration problems and traditional n-queens problems. These algorithms incorporate
modifications that enhance their effectiveness and efficiency in solving CSPs. For in-
stance, the algorithms combine zigzagging particles and repair-based CSP-solving meth-
ods, which have been found to perform best among the studied algorithms.

The application of PSO in CSPs, as presented in (Lin, 2005), demonstrates a promis-
ing approach to finding satisfactory solutions to these problems. The adaptability and
robustness of the PSO-based algorithms allow them to navigate the solution space com-
prehensively, increasing the likelihood of finding optimal or near-optimal solutions to the
CSPs.

The implementation of the Particle Swarm Optimization (algorithm 6). Starts by
initializing a swarm of particles with random positions and velocities within the search
space. Each particle represents a potential solution to the optimization problem. Through-
out the algorithm’s iterations, each particle continuously updates its position and velocity
based on its own best-known position (pBest) and the best-known position in the entire
swarm (gBest). The velocity update considers the current velocity, the distance to the
particle’s pBest, and the distance to the swarm’s gBest, ensuring a balance between ex-
ploration and exploitation in the search space. If a particle finds a better position that
improves the objective function value, it updates its pBest. Similarly, if a particle’s pBest
is better than the current gBest, the gBest is updated. The algorithm iterates a prede-
fined number of times, and the final gBest represents the approximate optimal solution to
the problem, reflecting the collective exploration and learning of the swarm (Jain et al.,
2018).
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Algorithm 6 Particle Swarm Optimization (Kennedy & Eberhart, 1995)
Require:

1: particles← initializeParticles(numParticles)
2: gBest← getGlobalBest(particles)
3: for i = 1 to numIterations do
4: for each particle in particles do
5: pBest← getPersonalBest(particle)
6: velocity← updateVelocity(particle, pBest,gBest)
7: position← updatePosition(particle,velocity)
8: if fitness(position)< fitness(pBest) then
9: pBest← position

10: end if
11: if fitness(pBest)< fitness(gBest) then
12: gBest← pBest
13: end if
14: end for
15: end for
16: return gBest

2.2.7 Genetic Algorithm

Genetic Algorithm (GA) (Holland, 1992) is a family of computational models inspired by
natural evolution. This algorithm encodes a potential solution to a specific problem as a
chromosome-like data structure and applies operators such as mutation and crossover to
these structures to guide the search toward the best solution.

GA are particularly well-suited for optimization and search problems (Wright, 1991)
where the solution space is vast, complex, and poorly understood. They operate on a
population of potential solutions applying the principle of survival of the fittest to produce
better approximations to a solution. At each generation, the fitness of every individual in
the population is evaluated, and multiple individuals are stochastically selected based
on their fitness, modified (recombined and possibly mutated) to form a new population,
which becomes current in the next iteration of the algorithm (Lee & Kim, 2005).

The GA is descibred in algorithm 7 and the various steps are (Holland, 1992):

1. Initialization: A population of random individuals is generated.

2. Fitness evaluation: Each individual in the population is evaluated based on its
fitness function, which considers various constraints and preferences.

3. Selection: A set of individual is selected based on their fitness.

4. Crossover: The selected individuals are combined to generate a new set of timeta-
bles.
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5. Mutation: The new set of individuals is subjected to mutation, where certain genes
(i.e., classes, instructors, or classrooms) are randomly changed.

6. Elitism: The best individuals from the previous generation are preserved in the
current generation to ensure convergence toward the optimal solution (Pandey et al.,
2014).

7. Termination: The algorithm terminates when a stopping criterion is met, such as a
maximum number of generations or a satisfactory fitness level.

Algorithm 7 Genetic Algorithm (Holland, 1992)
Require: Generations ▷ The maximum iterations that the algorithm can do
Require: Population ▷ The number of optimal solutions per generation
Require: MinimumScore ▷ The minimum score to the schedule by approved
Require: Nsolutions ▷ The number of approved schedules to the program stopped

currentGeneration = 0
appreovedSchedules = 0
while currentGeneration < Generations||appreovedSchedules < Nsolutions do

function INITIALIZATION(constrains)
end function
function FITNESS EVALUATION(generated schedules)
end function
function SELECTION(generated schedules, Minimum Score )
end function
approvedSchedules = getAprovedSchedules(generatedschedules)
if approvedSchedules≥ Nsolutions then

EndAlgorithm
end if
function CROSSOVER(generated schedules)
end function
function MUTATION(generated schedules)
end function
function ELITISM(generated schedules)
end function

end while

2.2.8 Comparation between optimization algorithm

The task of university timetable generation is a multifaceted problem that encompasses
a labyrinth of optimization and constraint satisfaction challenges. In exploring the pan-
theon of algorithms available to tackle this issue, several contenders emerge, each with its
unique strategies and subtleties.

The comparative Table 2.1 presents an evaluation of the discussed optimization algo-
rithms, each analyzed in the context of university timetable generation through a set of de-
fined criteria. The exploration ability of an algorithm delineates its efficacy in navigating
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through the solution space, emphasizing its capability to evade local optima and gravitate
towards a global optimum. Concurrently, solution precision underscores the algorithm’s
ability to generate accurate and high-quality solutions, embodying the reliability and va-
lidity of its outputs. Adaptability to changes is a crucial metric, reflecting an algorithm’s
resilience and flexibility in adjusting to modifications and uncertainties within the prob-
lem’s parameters or constraints. In parallel, the criterion of parameter tuning delves into
the algorithm’s susceptibility to variations in its internal parameters, indicating the level
of tuning requisite for optimized performance. Scalability emerges as a pivotal factor,
representing the algorithm’s proficiency in maintaining performance integrity in the face
of escalating problem sizes and complexities. Lastly, suitability for timetabling provides a
comprehensive assessment, encapsulating an algorithm’s overall effectiveness and appli-
cability in addressing the specific challenges intrinsic to university timetable generation.
Through a synthesis of these evaluative measures, the table facilitates a nuanced selection
process, enabling the identification of an algorithm that resonates most harmoniously with
the multifaceted demands of timetable optimization.

Table 2.1: Comparative analysis of the algorithms.

Algorithm Exploration Ability Solution Precision Adaptability to Changes Parameter Tuning Scalability Suitability for Timetabling

GA High Medium-High High Medium High High

PSO Medium-High Medium Medium High Medium Medium

SA Medium Medium Medium Medium-High Medium Medium

LP Low High Low Low Medium Low-Medium

ACO Medium Medium Medium-High High Medium Medium-High

BB Low-Medium High Low Low Low Low-Medium

TS Medium-High Medium High Medium-High Medium-High Medium-High

Table 2.1 columns are:

• Exploration Ability: How well the algorithm explores the solution space and es-
capes local optima.

• Solution Precision: The accuracy and quality of the solutions produced.

• Adaptability to Changes: How well the algorithm can handle dynamic changes
and uncertainties in the problem.

• Parameter Tuning: The sensitivity of the algorithm to its parameters and the level
of tuning required.

• Scalability: How well the algorithm performs as the problem size or complexity
increases.

• Suitability for Timetabling: The overall appropriateness of the algorithm for uni-
versity timetable generation, considering all factors.
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GA are very effective because they are flexible and can work through a wide range of
solutions. They create a changing environment that helps improve the solutions over time,
which is useful for managing the many restrictions common in university scheduling.
GAs keep a variety of solutions available, preventing them from settling too quickly on
a less-than-best option, a common problem in other optimization methods like PSO and
TS.

PSO brings to the table a collaborative approach, where potential solutions, repre-
sented as particles, navigate the search space collectively. However, PSO tends to be
sensitive to parameter selection and might succumb to premature convergence, limiting
its applicability in the volatile domain of timetable generation.

SA and other metaheuristic algorithms like ACO and TS offer robust mechanisms to
escape local optima. SA, for instance, employs a parallel search strategy improving the
algorithm’s exploration capabilities. However, managing the complexity of parallelization
and communication overhead could pose significant challenges.

LP, and specifically the Simplex Method, is fundamentally powerful for problems
with well-defined linear constraints and objectives. Yet, the highly discrete and non-linear
nature of timetable generation nuances somewhat blunts LP’s effectiveness in this realm.

BB exhibits prowess in providing exact solutions through a systematic exploration
of the solution space. Nonetheless, its exhaustive nature could lead to computational
inefficiencies, making it less suitable for the dynamic and constraint-ridden landscape of
timetable generation.

Upon careful consideration, GAs conspicuously resonates as the most promising av-
enue for our university timetable generation problem. Their evolutionary nature, com-
bined with a robust mechanism to navigate through a multitude of solutions, aligns seam-
lessly with the intricate requirements of our optimization problem. GA’s adaptability to
a fluctuating landscape of constraints and objectives further solidifies its position as the
aptest algorithmic choice for this endeavor.

2.3 Blockchain concepts

This section, will explain some fundamental concepts that are essential for a comprehen-
sive understanding of this thesis. It’s crucial to establish a solid foundation by grasping
these basic principles. This groundwork will ensure a more informed exploration of the
topic as it progresses further into the discussion.

Blockchain

Blockchain technology is a distributed, decentralized digital ledger that allows for secure
data storage and exchange. It is an innovative breakthrough that has grown in promi-
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nence since the appearance of Bitcoin, the first decentralized digital currency, and has the
potential to disrupt numerous businesses (Nakamoto, 2009).

"A blockchain is essentially a distributed database of records or public ledger

of all transactions or digital events that have been executed and shared among

participating parties" (Puranik, 2021).

A Blockchain is a network of interconnected blocks, each containing a cryptographic
hash of the preceding block and a set of transactions. The cryptographic hash func-
tion is an essential part of blockchain technology because it ensures that any changes
made to a block are discovered and rejected by the network. This makes the blockchain
tamper-proof, as any modifications to one block require changes in all following blocks
(J Michael, 2018).

Blockchain technology is decentralized, no single entity controls the network, allow-
ing for greater transparency and security. The network is usually maintained by a dis-
tributed network of nodes, each with a copy of the blockchain. Mining is a process that
validates and adds transactions to the blockchain by solving challenging mathematical
puzzles to verify the transaction and add it to the blockchain (Wang et al., 2019). In cryp-
tocurrency, since it uses a blockchain that is decentralized and distributed, there is no need
for intermediaries such as banks or financial institutions to facilitate transactions. This has
the potential to significantly cut transaction costs while increasing efficiency, especially
in businesses such as banking (Wang et al., 2020).

Smart-contracts

Smart-Contracts, which are self-executing programs running on blockChain platforms,
have gained significant attention due to their potential to automate contractual agreements
(Almakhour et al., 2020; Krichen et al., 2022). However, Smart-Contractss are also prone
to errors and vulnerabilities that can result in significant financial losses. Therefore, for-
mal methods have been proposed as a solution for verifying the correctness and security
of Smart-Contracts (SC)s. By mathematically proving the correctness of SCs, formal
methods can increase confidence in their performance and ensure that they function as
intended. The use of formal methods for SS verification is an active research area with
promising results, and it is expected to become a crucial component of blockchain tech-
nology.

Transactions

Transactions refer to the exchange of assets or information between parties, which can
be recorded in a blockchain. As described in the article "Towards Anonymous, Unlink-
able, and Confidential Transactions in Blockchain" (Singh et al., 2018), transactions in a
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blockchain can be designed to be anonymous, unlinkable, and confidential. This means
that the identities of the parties involved in the transaction can be hidden, the transaction
cannot be linked to other transactions, and the details of the transaction can be kept pri-
vate. Transactions are a fundamental component of blockchain technology, allowing for
secure and transparent exchanges without the need for intermediaries such as banks.

2.3.1 Blockchain Systems

Voting systems have been an integral part of democratic societies for centuries. The emer-
gence of blockchain technology has created new prospects for developing safe and trans-
parent voting systems. Many blockchain-based voting systems have arisen in recent years,
each with its own set of advantages and drawbacks. This section will go through some of
the most well-known blockchain-based voting systems on the market

Horizon State" (Skella & Naamani, 2017) is a blockchain-based voting system that
uses blockchain technology to enable safe, transparent, and efficient voting. The method
enables voters to vote in elections using their cell phones or laptops, making it simple and
accessible to all. Horizon State’s underlying blockchain technology is Ethereum, which
provides immutable and transparent evidence of all transactions. The system is planned to
be simple to use, with a straightforward user interface that takes voters through the voting
process.

Another blockchain-based voting system that aspires to improve the way that people
vote is FollowMyVote (Ernest & Hourt, 2013) . The system is supposed to be safe, trans-
parent, and accessible to all users. Follow My Vote employs blockchain technology to
verify that each vote is correctly saved and cannot be manipulated. Voters may vote from
anywhere using their cell phones or laptops, making it simple and accessible for everyone.
Follow My Vote is based on the BitShares blockchain and provides a quick and efficient
voting mechanism.

Voatz (Sawhney, 2015) is a blockchain-based voting system that ensures voter iden-
tity through biometric authentication. The system is meant to be safe, transparent, and
accessible to all users. Voatz employs blockchain technology and biometric verification
to ensure that each vote is correctly saved and cannot be tampered with. Voters may vote
from anywhere using their cell phones or laptops, making it simple and reachable for ev-
eryone. Voatz is a scalable and efficient voting platform built on the Hyperledger Fabric
blockchain.

Blockchain-based voting systems have the potential to change the way that people
vote forever. These mechanisms are meant to be safe, transparent, and accessible to any-
one. They use blockchain technology to verify that each vote is correctly saved and cannot
be tampered with. While each of the initiatives mentioned above has its own set of advan-
tages and disadvantages, they all represent an important step forward in the development
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of safe and transparent voting systems.

2.3.2 Blockchain Voting Approaches

Blockchain technology has grown in popularity in a variety of industries, including vot-
ing systems (Al-Jaroodi & Mohamed, 2019). The blockchain is a distributed ledger that
enables the construction of tamper-resistant, transparent, and unchangeable records. The
blockchain can establish a system that is very resistant to manipulation and fraud by em-
ploying cryptographic algorithms to safeguard transactions. Numerous researchers have
proposed blockchain-based voting systems to improve election security and transparency.
The potential for openness and security is one of the primary benefits of blockchain-based
voting systems. According to (Khan et al., 2018a), blockchain technology has the poten-
tial to improve voting security and transparency by enabling tamper-proof recordings of
each vote.

Similarly, (Jadhav, 2020) contends that blockchain-based voting systems can elimi-
nate traditional voting systems concerns such as hacking, tampering, and fraud.

The Avalanche blockchain protocol (Tanana, 2019), is projected to provide fast and
secure transactions for large-scale distributed computing systems. It introduces the con-
sensus algorithm called Avalanche, which enables nodes in the network to quickly reach
a consensus on the state of the ledger. The algorithm relies on a random sampling mecha-
nism to select a small subset of nodes for the consensus process. The Avalanche protocol
is planned to be highly scalable and can handle complex SC efficiently. The SC concepts
will be further discussed and reviewed in Section 2.3.

(Hegadekatti, 2016) proposed "Democracy 3.0" which which stored votes on a public
blockchain and was supposed to be transparent, anonymous, and verifiable. The author
suggested a proof-of-stake consensus algorithm that allowed for low-cost transactions and
high throughput, making it suited for use in large-scale elections.

Jsang and Endresen, who devised a mechanism dubbed "Agora Voting" made a more
recent suggestion in 2018 (Agora, n.d.). This system employs a permissioned blockchain,
which enables secure and transparent voting. The authors proposed a consensus technique
based on proof of authority that is both secure and scalable. While these approaches have
shown potential, deploying blockchain-based voting systems still presents hurdles.

Scalability is one of the most difficult issues. Blockchain-based solutions can be slow
and costly, making them difficult to scale up for large-scale elections. Another difficulty
is the issue of voter privacy. Chauhan et al. argue that while blockchain-based systems
can provide openness and immutability, they can potentially jeopardize voter anonymity
if not appropriately handled (Chauhan et al., 2018).

Regarding these difficulties, several academics, like (Sontakke, 2017) and (Cao et al.,
2019), have proposed hybrid systems that combine the advantages of blockchain tech-
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nology. For example, both recommended using blockchain technology for vote counting
while employing traditional techniques for voter authentication and verification. For in-
stance, (Moubarak et al., 2018) suggest that blockchain-based voting systems are vulner-
able to attacks such as 51%. These can jeopardize the system’s security. This happens
when a single entity or group of entities controls more than half of the network’s comput-
ing or hashing power. This means that they can potentially manipulate transactions.

Finally, blockchain-based voting systems have the potential to improve vote integrity
and transparency. Yet, there are still issues to address, such as scalability and voter pri-
vacy. Further research and development are required to produce a strong and reliable
blockchain-based voting system suitable for large-scale elections.

2.3.3 Comparing Blockchain projects

This subsection compares all the previously introduced blockchain projects. Showing
their similarities and differences, drawing comparisons among themselves and with the
developed system.

Table 2.2: Comparison of blockchains project.

Feature Horizon State (Skella & Naamani, 2017) FollowMyVote (Ernest & Hourt, 2013) Voatz (Sawhney, 2015)
Voter anonymity ! ! !

End-to-end verifiability ! ! !

Accessibility ! !

Security ! ! !

Scalability !

Transparency ! ! !

Decentralization !

Hybrid consensus mechanism !

Scheduler generation

Register customized constraints

Table 2.2 describes the comparison between three existing blockchain-based voting
systems: Horizon State (Skella & Naamani, 2017), FollowMyVote (Ernest & Hourt,
2013), and Voatz (Sawhney, 2015). These blockchain-based voting systems have similar
aims of assuring safe and transparent voting procedures. Each system has distinguishing
qualities that set it distinct from the others:

• Voter anonymity: refers to the principle that a voter’s identity should be kept secret
and not be revealed to anyone, including the election officials. In other words, it
means that no one should be able to link a particular vote to a specific voter (Fusco
et al., 2018).

• End-to-end verifiability: is a property of e-voting systems that allows voters to
verify that their votes have been correctly recorded and counted. It means that
voters can check that their votes have not been altered or tampered with during
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the voting process and that they have been included in the final tally (Khan et al.,
2018b).

• Accessibility: is the ease with which one person was to access and use one sys-
tem, regardless of their abilities. That means how easily can the voters vote and
understand what is happening in each state of the system (Jafar et al., 2021).

• Security: refers to the measures or procedures taken to protect something from
threats or unauthorized access. That is how hard it is for someone to violate our
system. For example, how hard it is to voter manipulate the election. The harder
the work, the more secure the system is (Khan et al., 2018b).

• Scalability: It means the ability of a system to handle increasing amounts of data
or workload without compromising its performance. This means that the bigger the
poll, the more scalable the system needs to be. This measure copes with the number
of voters the system handles at the same time (Abuidris et al., 2019).

• Transparency: represents the quality of the system state being easily visible or
understood. The processes and transactions carried out within the system are easily
traceable, and the information related to them is readily available to all authorized
voters (Abuidris et al., 2019).

• Decentralization: refers to the process of distributing power or control away from
a central authority or entity, and instead distributing it among multiple nodes or
participants in a network. Thus, multiple nodes have to validate a transaction (voters
vote), before being approved and registered (Abuidris et al., 2019).

• Hybrid consensus mechanism: is a combination of two or more methods used to
achieve consensus in a blockchain network. It is planned to mitigate some weak-
nesses of a specific consensus algorithm, by changing that part of the algorithm
with another algorithm, to make it as secure and efficient as possible. The consen-
sus in a blockchain is the process of achieving agreement among all the nodes, for
example, approving a transaction (Abuidris et al., 2019).

• Scheduler generation: relates to the process of creating an optimal schedule, tak-
ing into account all the constraints created.

• Register customized constraints: concerns the ability of customization that a user
has to customize the schedules and the configuration of the blockchain itself.

In terms of voter anonymity, FollowMyVote (Ernest & Hourt, 2013) and Voatz (Sawh-
ney, 2015) provide end-to-end encryption and blockChain anonymity, while Horizon
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State offers encrypted and private voting but not necessarily anonymity. End-to-end ver-
ifiability is a vital feature provided by all three systems, allowing voters to prove that
their vote was correctly counted. Accessibility is also a goal for these systems, with
Voatz having mobile voting capabilities and Horizon State and FollowMyVote provid-
ing accessible voting alternatives for those with impairments. The security of any voting
system is critical, and all three blockchain-based systems use powerful encryption tech-
nology to protect against hackers and manipulation. Horizon State (Skella & Naamani,
2017) and Voatz(Sawhney, 2015) have an advantage in terms of scalability, with Hori-
zon State’s (Skella & Naamani, 2017) hybrid consensus method and Voatz’s (Sawhney,
2015) proprietary mobile voting technology both enabling more efficient and quicker vote
processing.

Transparency is a feature shared by all three of these systems, with each giving im-
mutable recordings of the voting process. Another crucial consideration is decentraliza-
tion, with FollowMyVote (Ernest & Hourt, 2013) and Voatz (Sawhney, 2015)employing
a completely decentralized method, while Horizon State (Skella & Naamani, 2017) em-
ploys a more centralized architecture with distributed components.

In terms of security, both sides employ encryption and digital signatures, but the pro-
posed solution adds a layer of security through its hybrid consensus mechanism. This
makes it less prone to single-point-of-failure attacks and increases its overall security.

In terms of cost, the State-of-the-Art Solutions are expensive due to their high energy
consumption.

Finally, accessibility is limited in the first system due to its technical complexity, while
the proposed solution uses a user-friendly interface to increase accessibility.

2.4 Centralized and Decentralized approaches

Centralized and decentralized approaches stand as two distinct models, each bearing its
unique attributes and consequences. Centralized systems Control is concentrated in one
authority, which makes all decisions and operations. Centralizing decision-making can
lead to quicker and more consistent decisions. It can also improve efficiency by reducing
redundancy. If something goes wrong or someone attacks the central entity, the whole
system could stop working. When the system grows, it can be hard to handle. It might
need big changes to keep up (Pasupulati & Shropshire, 2016).

Decentralized approaches allow groups to work separately, promoting creativity and
flexibility. Decentralization makes the system stronger. If one part fails, the whole system
can still work. Decentralized systems can be more flexible and scalable. You can make
changes or add more to certain parts without affecting the whole operation. But with-
out one central authority, coordination and decision-making become more complex and
difficult (Pasupulati & Shropshire, 2016).
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On the Figure 2.1, the one on the left, Centralized, shows a system where all users
directly connect to a singular central application. This application is directly linked to a
database. In this model, all data and transactions flow through the central core. This can
offer advantages in terms of data consistency and control but also introduces single points
of failure and potential bottlenecks, as everything relies on the central system (Alfain
et al., 2022).

Figure 2.1: Centralized (left) VS Decentralized (right)

On the Decentralized side (Figure 2.1), the one on the right, rather than having a single
central application, users connect to multiple nodes. These nodes are interconnected,
allowing data and transactions to flow through multiple routes and access points. There’s
no single point of control or failure, which can offer increased resilience and redundancy
to the system. This architecture can be more robust against failures and attacks since
information is spread across various nodes (Alfain et al., 2022).

To summarize, the centralized system has control and access at one point. The de-
centralized system spreads control and access to many points. This reduces the risk of
failure.
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Chapter 3

Blockchain Timetabling Scheduling
System

This chapter discusses both the functional and non-functional requirements. It will pro-
vide a detailed explanation of the implementation of each component, specifying all the
optimization techniques, the logic behind the timetable generation, and the blockchain.

3.1 Functional and Non-Function Requirements

The essence of developing a robust, efficient, and user-friendly system lies fundamen-
tally in the identification and clear articulation of its requirements. This chapter aims to
elaborate on the various functionalities that the proposed system seeks to fulfill. These re-
quirements arise from the need to tackle the intrinsic challenges associated with timetable
generation and to incorporate a democratic, transparent decision-making process through
voting.

The functional requirements are:

• FR01- Timetable Generation: The system must competently generate multiple
optimized timetables, taking into consideration the constraints and preferences in-
trinsic to the context that is involved.

• FR02- Constraint Handling: The system should allow for the seamless integra-
tion of a multitude of constraints such as room availability, teacher schedules, and
specific time slots, ensuring flexibility and adaptability, for this example of the uni-
versity context.

• FR03- Voting System: A secure and user-friendly voting system should be inte-
grated, allowing stakeholders to participate in selecting the most suitable timetable
from the generated options.
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• FR04- Blockchain Integration: To enhance the security and integrity of the vot-
ing process, the system must incorporate blockchain technology, safeguarding the
transparency and credibility of the voting outcomes.

• FR05- Messaging Flow: The system should be equipped with a communication
mechanism ensuring efficient interaction between its various components and the
users, thereby ensuring that information flows seamlessly.

• FR06- Adaptability: The system must be able to adapt itself to the most various
contexts, it must exhibit adaptability, allowing for convenient modifications and
adjustments to the timetables as necessary.

• FR07- User Authentication: A robust user authentication mechanism must be
in place, ensuring that only authorized individuals can engage in the voting and
timetable modification processes.

• FR08- Voting: The user must be able to vote, but only in the votes that are allowed.

• FR09- Access voting State: The user should be capable of seeing the status of the
votes, but shouldn’t be able to see the other users’ votes, if anonymous voting is on.

• FR10- Flow creation: The user must be able to parameterize how the timetables
are created, and what constraints should be applied.

The non-functional requirements are:

• NFR01- Reliability: The system should be reliable, ensuring consistent perfor-
mance and availability to meet the users’ needs effectively.

• NFR02- Scalability: Designed to handle a varying number of users and data, the
system should exhibit scalability, ensuring it performs optimally under different
loads.

• NFR03- Security: Essential security measures must be integrated into the system’s
design, safeguarding sensitive data and ensuring the overall integrity of the system’s
operations.

• NFR04- Performance: The system should be optimized to ensure swift responses
and efficient performance, enhancing the user experience and ensuring timely exe-
cution of tasks.

The specified requirements are crucial in guiding the development process of the sys-
tem, guaranteeing that it is carefully customized to address the distinct demands and is-
sues related to university timetable generation. By fulfilling these criteria, the system will
be ready to provide an improved, safe, and user-friendly solution, greatly boosting the
processes of generating and selecting timetables in a university environment.
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3.2 Architecture of the System

This section provides a more comprehensive analysis of the development system. Ana-
lyzes each individual component, providing detailed explanations of its purpose and how
it is implemented. Furthermore, it examines the methodologies employed to enhance the
efficiency of the system, clarifying the interdependence of its components and providing
a comprehensive analysis of the information flow.

When delving into the development system, it consists of three crucial components
(Figure 3.1): the API, the Genetic Algorithm service, and the Voting Blockchain ser-
vice. Every element is carefully designed to carry out separate but interconnected tasks,
coordinating an integrated sequence of actions resulting in a robust functional system
customized for the most efficient production and secure voting procedures.

The API functions as the primary access point, providing a user-friendly interface
through which users can interact with the system. Its responsibilities include collecting
schedule limitations and voting criteria, optimizing the voting procedure, and presenting
poll outcomes. The API provides users with a means to actively participate in voting,
interact with scheduling, and directly interface with the underlying blockchain, ensuring
that user experiences are user-friendly and straightforward.

Figure 3.1: System Overview
(1)- API (2)-Genetic Algorithm Service (GAS) (3)- Voting Blockchain Service (VBS)
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The Genetic Algorithm Service is the central point where the complex operations of
schedule generation occur. Equipped with a Genetic Algorithm Service, this component
carefully analyzes constraints obtained via the API, efficiently navigating through the
complexity of optimization. The Genetic Algorithm Service acts heuristically, system-
atically searching extensive solution spaces to build schedules that respect to specified
restrictions and preferences, demonstrating adaptability and precision.

The Voting Blockchain Service stands as the guardian of integrity and security within
the system. It embodies a decentralized network of nodes, each operating in isolated
environments to boost security. This architecture guarantees that the voting process is
carried out with the highest level of integrity and protects the logic and data of the voting
system from unauthorized access and tampering. As a result, it maintains the integrity of
the voting procedures and ensures the accuracy and reliability of the results.

Together, these elements form a complex and innovative system, with each one having
a crucial function in coordinating a resilient framework that efficiently manages schedul-
ing and voting processes while ensuring the security and reliability of operations.

3.2.1 Module 1: Connect the User Interface to the Schedule and Vot-
ing System through an API

The API serves as an intermediary between users and the system, ensuring seamless and
effortless operation. It is specifically engineered to be easily understandable and conve-
nient, facilitating individuals in casting their votes and accessing timetables without any
difficulty or inconvenience. The API collects important information such as voting rules
and constraints, making sure that everything is organized and accurate. It also shows the
poll results, allowing users to see the outcomes quickly and clearly. Users can vote and
interact with the blockchain through the API, making it a key part of the system. This
makes the whole process more approachable and easy to use, ensuring that everyone can
participate and use the system’s features without difficulty.

3.2.2 Module 2: Find an optimal Schedule using a Genetic Schedul-
ing System

The GAS plays a crucial role as the main computational engine in creating near-optimal
schedules. The system operates in perfect synchronization with the API, creating a har-
monious interface that improves the overall functioning and efficiency of the system. The
API serves as a medium, transmitting crucial information, such as limitations and voting
parameters, to the GAS. The sharing of information is made easier by using well defined
protocols and data structures, which guarantee the accuracy and usability of the data for
computer operations.
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Figure 3.2: Genetic Algorithm

The second component operates as defined in Figure 3.2. Initially, it starts by loading
the data of classes, rooms, schedules, professors, and constraints. Subsequently, the pop-
ulation is initialized, essentially an array of phenotypes, where each position of this array
represents a generation. Phenotypes are then initialized, which, in our context, represent
all university schedules. These are depicted by a three-dimensional matrix of irregular
rows, columns, and depths, where columns represent the years of the course (1st, 2nd,
and 3rd years), rows represent the semesters of each year and the depth represents the
classes. Each position in this matrix represents a Gene, which encapsulates a regular
matrix where rows correspond to possible scheduling hours (9h,...,23h) across potential
days (Monday,..., Friday), and columns depict available rooms. Beyond initializing the
schedule matrix in the gene, an array of free positions is also initialized, representing all
potential slots available for scheduling (Figure 3.3).

Subsequently, data validation occurs within the gene, verifying, for instance, the fea-
sibility of arranging all participants with their particular lengths, among other possible
validations. These validations vary depending on the constraints specific to each scenario.
Subsequently, it is necessary to prioritize the themes by considering their restrictions and
durations. The purpose of this prioritizing is to minimize the occurrence of idle periods
during the gene initialization procedure.
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Figure 3.3: Data Structures

With this ordering, gene population commences. A random position from the array of
free positions is selected, and availability is validated considering the subject’s duration
since a subject might require multiple consecutive slots. If space is available, the subject
is positioned in the gene matrix, and the corresponding positions are marked as occu-
pied, this process continues until all subjects are allocated. Post-allocation and reordering
strategies are applied.

The first strategy involves managing unplaced subjects. If there are subjects left un-
placed, the days with sufficient free spaces are identified, and subjects are rearranged to
accommodate the unplaced ones. This process might involve moving subjects around to
make enough consecutive free slots available, as shown in Figure 3.4.

Figure 3.4: Reorganize Subjects

Subsequent strategies focus on improving fitness. The second strategy involves re-
organizing subjects to minimize dead time. It involves repositioning subjects to either
let students leave earlier or to create more extended lunch hours, always respecting con-
straints. This strategy can vary based on the specific constraints involved.

The third strategy is room reorganization. This strategy aims to minimize room
changes for classes and involves coordination among all genes of a phenotype to prevent
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scheduling two classes in the same room simultaneously. A matrix of rooms and avail-
able times is created, and genes ‘rent’ rooms as per the subject specifications, ensuring no
overlaps occur.

It is essential to note that the initialization process of each gene occurs in parallel,
requiring any shared data structures to be thread-safe. After initialization, the fitness
calculation process starts, where each gene’s validity and quality are assessed. Genes
begin with a perfect score, decrementing as they fail to meet soft constraints, ensuring
that all meet at least the hard constraints. The fitness scores of all genes are summed up,
giving the phenotype’s fitness score.

The population’s first evaluation then takes place, considering variables like a maxi-
mum number of generations, the minimum score for a phenotype to be considered valid,
and the number of valid phenotypes required for the program to terminate successfully.
These variables are set by the user, and based on these, the program decides whether to
continue to the next generation or terminate, saving the valid schedules found so far.

In subsequent generations, genes are subjected to modifications such as crossover and
mutation. In the crossover process, positions in the matrix of two phenotypes are mixed,
creating a new phenotype. This process is done randomly to avoid getting stuck in local
optima and to ensure diverse solutions. Mutation involves randomly swapping subjects
or sets of subjects with equal durations within the same gene, always ensuring that the
resulting schedules remain valid. These processes repeat, moving through generations
until either a satisfactory solution is found or the maximum number of generations is
reached, concluding the program execution.

PickOne, the selection technique

Within the domain of GA, the "pickOne" procedure is crucial in guiding the evolution
towards an optimal or nearly optimal solution. The primary aim of this strategy is to
choose individuals from the existing population, favoring those with higher fitness scores,
to take part in crossover and mutation processes, thus creating the next generation.

1. Assignment of Fitness-Proportionate Probabilities: In this initial stage, individ-
ual entities within the population are attributed specific probabilities of selection.
These probabilities are meticulously calibrated in alignment with each individual’s
respective fitness scores, thereby ensuring that individuals demonstrating superior
fitness characteristics are accorded heightened probabilities of selection.

2. Implementation of Roulette Wheel Selection: The "pickOne" process frequently
employs the "roulette wheel selection" strategy, also recognized as "fitness propor-
tionate selection." Within this framework, a hypothetical roulette wheel is concep-
tualized, wherein each individual occupies a distinct segment of the wheel. The di-
mension of each segment is precisely proportional to the individual’s fitness score,
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thus enhancing the likelihood of selection for individuals exhibiting superior fitness
attributes.

3. Application of Stochastic Universal Sampling: An alternative methodology for
implementing the "pickOne" process is through Stochastic Universal Sampling (SUS).
This technique fosters a more equitable and comprehensive representation of the
population by facilitating the simultaneous selection of multiple individuals through
a singular spinning process, thereby preserving the population’s intrinsic diversity.

4. Manipulation of Selection Pressure: The "pickOne" procedure can be adjusted
to optimize the intensity of selection pressure applied. These adjustments provide
precise control over the algorithm’s convergence path, allowing for a balanced com-
bination of fast convergence and the reduction of premature convergence dangers
caused by decreased variety.

GPU Implementation: Parallel Processing and Adaptation

Implementing the GA on a GPU requires a thoughtful and meticulous adaptation of the al-
gorithm’s components to fully leverage the GPU’s parallel processing capabilities. Chro-
mosomes must be designed and represented in a manner handler to parallel processing,
ensuring compatibility with the GPU’s architectural nuances.

Fitness evaluations, a computationally intensive aspect of the algorithm, can be exe-
cuted concurrently on multiple threads, allowing for the simultaneous evaluation of multi-
ple individuals, thus enhancing computational efficiency. Similarly, selection, crossover,
and mutation operations can be adapted for parallel execution, where multiple pairs of
chromosomes undergo genetic operations concurrently, further leveraging the parallel
processing capabilities of the GPU.

Synchronization strategies must be effectively implemented to ensure data consistency
and coherence during parallel operations. Additionally, data transfer between the CPU
and GPU must be optimized to prevent bottlenecks and ensure the algorithm operates
efficiently.

Kernel functions, fundamental to the GPU’s operation, must be meticulously designed
to be optimized for the GPU architecture, ensuring effective utilization of the GPU’s
resources and memory hierarchies. This involves tailoring the kernel functions to align
with the GPU’s processing paradigms, ensuring that they are optimized for performance
and efficiency.

Through a detailed and thoughtful implementation and optimization of the GA on
the GPU, the GAS is enhanced, ensuring it operates with a high level of computational
efficiency, scalability, and overall performance.
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3.2.3 Module 3: Voting using a BlockChain

The voting system is projected to provide secure, reliable, and transparent voting. It is
built on a blockchain platform, which ensures that every vote is saved in a tamper-proof
manner. The voting system consists of several components:

1. Voter Registration: To participate in the voting process, users need to register and
authenticate themselves using a secure and user-friendly interface. This component
includes identity verification and digital signatures to ensure the authenticity of each
voter.

2. Block Creation: The block creation component is responsible for creating the
block and ensuring that it contains all the necessary information required for the
voting process. This includes candidate lists, referendums, and voting rules.

3. Voting: The voting component is responsible for ensuring that each vote is recorded
and stored in the blockchain securely and transparently. The component ensures
that the vote is valid and that the voter has not voted twice.

4. Vote Counting: The vote counting component is responsible for tallying the votes
and declaring the winner. This component ensures that the vote count is accurate,
transparent, and tamper-proof.

Figure 3.5: BlockChain operation flowchart

Figure 3.5 represents all the steps that a vote needs to pass before being inserted in the
blockchain. The proposed system is a voting platform that utilizes blockchain technology
for enhanced security and encryption. It enables organizations to create and customize
their own system for conducting different polls. The primary objective of this system is
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to establish a voting mechanism that is both transparent and resistant to tampering, hence
eliminating the risk of hacking, while still ensuring the anonymity of voters.

The system makes use of a customized blockchain, which eliminates the requirement
for institutions to pay feeds to publish on blockchains such as Ethereum or Bitcoin. The
system may be built as Docker (Merkel, 2014) images that are deployed with Kubernetes
(Dikaleh et al., 2017) to produce numerous instances per server on as many servers as the
institution requires, making it cost-effective. Kubernetes is critical to ensure the system
is always highly available and responsive. Nonetheless, the system’s deployment compo-
nent may be tailored to the institution’s present system. The system validates itself via
proof of work, which is more expensive on the computer but a safer alternative for tiny
blockchains.

The online interface for establishing and editing polls allows the pool’s developer to
assign a height to each person’s vote, which is essential in administration board polls
where each person’s vote has a varied amount of importance. Its height can be described
as the proportion of the institution that the individual owns, such as in an administrative
pool. To ensure transparency, the system offers anonymous voting, where no one knows
who owns the wallets, but everyone can see where each wallet voted. Additionally, the
blockchain is encrypted to guarantee that data is safe and that only authorized parties have
access to it.

The system assures that the voting process is visible, tamper-proof, and anonymous by
utilizing blockchain technology, making it appropriate for a variety of applications where
trust and transparency are crucial. The construction of a smart contract on a blockchain
containing a list of voters and their votes, all encrypted using homomorphic encryption.
Homomorphic encryption is a type of encryption that allows calculations to be conducted
on the ciphertext. This leads to an encrypted result that may be decoded to get the same
result (Ogburn et al., 2013). Each voter would be given a one-of-a-kind private key that
would be used to encrypt their vote. The encrypted votes would be transferred to a mixer,
which would use the mixing process to shuffle the votes. Depending on the application,
the mixer might be centralized or decentralized. The use of mixing increases privacy and
helps to avoid vote rigging.

Figure 3.6 illustrates the sequential operations performed by the mixer to guarantee
that the votes saved on the blockchain are not preserved in their original order. This
flowchart depicts the process of a centralized mixer. In a decentralized mixer, the pro-
cesses remain the same, but there are additional steps that distribute the votes equally
across each node. Finally, there is a merging process at the end to verify that all nodes
have the same block order. It is advisable to use a decentralized mixer when there are
numerous votes to exit.
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Figure 3.6: Mixer flowchart

The smart contract would be set up to employ Zero-Knowledge Proofs (ZKPs) to
allow each voter to verify their vote without exposing their decision. A ZKP is a cryp-
tographic procedure that enables one party to demonstrate knowledge of a secret without
disclosing the secret itself (Zitnik, 2013). The Schnorr protocol, for example, is a ZKP
that may be used to establish knowledge of a discrete logarithm without exposing it (Gol-
dreich et al., 1986).

The smart contract would also be set up to employ ring signatures, which are made by
several voters but only one of them is the real signer. This makes determining which voter
signed the message challenging, as all members of the group might have been responsible
for the signature. Rivest, Shamir, and Tauman (Rivest et al., 2001) pioneered the use of
ring signatures in different privacy-preserving protocols, including anonymous electronic
payment systems. Ring signatures are a form of digital signature system that allows a
group of users to sign a message without exposing which member of the group signed
it (Chen, 2012). Upon the completion of the voting, the smart contract with the list of
encrypted votes will be used to count the votes using homomorphic encryption. This
permits the votes to be tabulated without exposing each voter’s preference. This technique
allows each voter to know who they voted for but not where their fellow voters voted,
preserving anonymity. It also enables votes to be tabulated without disclosing each voter’s
decision, respecting their privacy and security. The use of zero-knowledge proofs and ring
signatures adds a degree of security and anonymity, making it even more difficult for third
parties to learn the identities of voters or alter votes.
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3.3 Technical In-depth

This chapter continues discussing the modules of the developed system, with a greater
emphasis on the technical aspects. Delves into how the system was implemented, detail-
ing the entire logic and information management that occurs while the system is running.

3.3.1 Genetic Algorithm

In this chapter, we will look into a more technical explanation of the four phases of the
genetic algorithm. Here, it will thoroughly explain the logic behind the developed algo-
rithm, covering each phase in detail.

Initialization phase

After all information and constraints have been initialized and allocated in the data struc-
tures mentioned in the previous section 3.2.2. This phase occurs at the gene level and is
executed asynchronously for all genes, where each gene represents a unique schedule. In
it, a matrix of atoms is allocated. Each atom represents a time slot containing information
such as whether the slot is free or occupied, and if occupied, details like the room to be
used and the specific class. An array of positions is also allocated, where each position
represents a time slot with information like the day and hour. It’s important that in this
array to maintain only the time slots that are still free. Next, all the classes in the gene are
sorted. The sorting criteria can vary based on restrictions, such as the type of class. An
optimization is to use the duration of the class as a criterion as well, as this will provide
more free slots for longer classes, which will avoid the need to reposition shorter classes
later. A good practice is to validate minimum requirements at this stage, such as whether
there are enough teachers for all classes and sufficient time slots for all classes.

With everything allocated, it will proceed to fill the previously allocated atom matrix.
By Iterating through all the classes, and for each class, it’s searched for a space. Then
we validate if there are enough slots for the duration of the class, as some classes occupy
more than one slot. If the slot is not validated, it searches for another position in our array.
If none of the available slots in our array has enough space, we will need to reorder the
classes already existing in the matrix, eliminating dead spaces, as indicated and explained
in the previous section, always being careful to update the array of free spaces to avoid
overlapping classes in future iterations. Having identified our time slot, it’s need to find
a room for the class. For the rooms, since the genes are being filled asynchronously, a
map of free rooms and an array with all available rooms in the phenotype, representing
the entire university schedule, were allocated. The map is used to control the overlap of
classes in the same room, where the key is a combination of the day and hour, and the
value is the class taking place in that slot. A map was chosen to maximize performance,
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as this operation is a blocking operation for other genes since it is a critical space in our
application because this operation can only be executed by one gene at a time. The search
for our room is as follows, it’s look for a room in the array of rooms and validate if it is
available on the map. If available, the room can be used, remembering that when fetching
the room from the array, it must choose a room that meets the class’s restrictions.

Having obtained the room, the time slot, and the class, the only thing left is to place it
in our matrix. For this, it needs to allocate an atom with the information of the room and
the class and place it in the matrix in the intended time slot, considering that the matrix
was allocated with the specification that the rows are days and the columns are hours.

Fitness phase

In this phase, the fitness calculation takes place. The fitness calculation represents the
quality of the schedule; the higher the fitness score, the better the quality of the schedule
in meeting specific requirements. For calculating this fitness, a subtraction technique was
chosen. Each gene starts with a perfect score, meaning the maximum possible value for
fitness. Then, for every failure in the schedule, points are deducted for each constraint
that is not met or is incomplete. It is in this phase that the soft constraints are evaluated.
The failure to meet soft constraints leads to the loss of points for the gene. Due to the
validations in the previous phase, all hard constraints should be already met. Once the
soft constraints are validated and the fitness value is calculated, the only step left is to
update the phenotype by adding the fitness value to it. The phenotype will have a variable
representing the fitness of the university schedule, which is the sum of the fitness of all
genes. For this variable, it is good practice to use an atomic value, thus avoiding creating
a critical zone in our code, remembering that all genes are calculated asynchronously.

Evaluate phase

The evaluation phase is the easiest to implement, given the way the other phases are im-
plemented. This phase essentially involves finding the phenotypes with the highest fitness.
In the initial configurations, two parameters are set that are used in this phase. One is the
number of generated timetables desired, and the other is the minimum fitness required for
a timetable to be considered valid. With these two parameters, iterate through the pheno-
types and collect the top x with the best fitness, storing them in an array of phenotypes.
This array is configured in the population, which is a level above the phenotype and rep-
resents all the university schedules generated for a given generation. However, these are
only stored if the phenotype has a higher fitness than those already stored, this array is
passed from generation to generation. If all these collected schedules have a fitness above
the configured acceptable level, the program terminates and returns the collected pheno-
types. If not, it checks whether the maximum number of generations, a parameter initially
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set, has been reached. If it has, the program ends and returns the stored phenotypes; if
not, it continues to the next phase.

Crossover and mutate phase

This phase is the transition phase, where one generation is dismantled to create another.
It is divided into two stages crossover and mutation. The implementation of crossover is
quite straightforward. Two phenotypes are chosen using the previously explained ’pick
one’ technique (section 3.2.2). A fusion is then performed between these two phenotypes.
This fusion simply involves mixing the genes of both phenotypes. It is done by iterating
through the genes and randomly selecting a gene from one of the phenotypes, thus creat-
ing a new generation of genes for a phenotype. It is important to note that the gene with
the highest fitness is not chosen from the phenotypes to avoid a local optimum zone. Each
pair of phenotypes creates one new phenotype, and a phenotype can be chosen more than
once.

The mutation step occurs after crossover, once all the phenotypes have been generated.
Mutation is a step carried out asynchronously for each gene, involving the reconstruction
of its atom matrix, or its timetable. This involves iterating through the matrix and, for
each atom, attempting to find another atom to swap with. The swap is executed by simply
exchanging the atoms in the matrix. This search for a new atom is conducted with soft
constraints in mind, aiming to increase fitness as much as possible.

The fitness, evaluate, crossover, and mutation phases are done in a loop for the number
of times specified in one configuration variable. The initialization phase is the one that is
made only in the creation of the first population.

3.3.2 Blockchain

The structure of a block consists of two main parts, the header and the body. The block
header includes essential elements such as a timestamp that represents its creation time,
and two cryptographic hashes, one referring to the previous block and another represent-
ing the hash of the current block. The block body predominantly contains the list of trans-
actions, which in a voting context, would consist of information like voter identification
and vote choice.

The process of creating a block starts with the accumulation of pending transactions.
These transactions, after being verified for authenticity and compliance with established
rules, are processed. The system then performs hashing operations, essential for ensuring
the security and integrity of the blockchain. The hash of the previous block is included
in the new block, maintaining the chain’s continuity, and a new hash is generated for the
current block from its data. This process creates an immutable and sequential record of
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blocks, where altering one block would require changing all subsequent blocks, a task
nearly impossible due to consensus mechanisms like Proof of Work used to validate and
add blocks to the chain.

Regarding the storage of transactions within blocks, each transaction is represented
by a data structure containing key information and is digitally signed. The immutability,
a central attribute of the blockchain, is ensured by this architecture, where modifying any
information in a block is computationally expensive. Furthermore, establishing a peer-
to-peer network is crucial for the communication and synchronization of the blockchain
across different nodes, ensuring its decentralization.
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Chapter 4

Empirical Evaluation of the System

This chapter systematically unfolds the outcomes of the empirical experimentation. Ini-
tially, the chapter elaborates on the problem (section 4.1), where a meticulous portrayal
of the comprehensive testing environment, alongside the operational conditions, is elu-
cidated. This foundational section is imperative, furnishing the essential backdrop nec-
essary for an informed interpretation and appreciation of the empirical findings subse-
quently presented. After the scenario description, the chapter evolves towards an in-depth
exploration of the messaging flow (section 4.2), where it will describe all the flow of
messages and data around the system. To finalize, a results discussion concerning the al-
gorithm’s operational performance is conducted, encapsulating an exhaustive presentation
of crucial performance indices and characteristics pertinent to evaluating the algorithm’s
overarching efficacy and dependability (section 4.3).

4.1 Evaluation Setup and Proposed Scenario

In this part of the study, it was carefully set various testing scenarios to see how well
our algorithm performs, utilizing a Lenovo Yoga 720, equipped with an Intel Core i7
processor, 16GB of RAM, and an NVIDIA GeForce GTX 1050 graphics card. Despite the
computer managing other processes simultaneously, which may influence the outcomes,
it hosted our experimental trials effectively.

The experiment hinges on authentic, historical data from a university, presented in a
structured file format, acting as pivotal input for our algorithm. The data layout encap-
sulates diverse attributes like Discipline Order, Class, Course, Academic Year, Semester,
Discipline Type, Duration, and Lecturer, amongst others. For instance, consider a line:
"ESM2, 1, RDR, FDG, ENE, 3, 2, Enfermagem de Saude Mental e Psiquiatrica II - En-
sino Clinico, pra, 2, Prof 1, Prof 2. This represents a precise class session, detailing that
it’s a practical class of ‘Enfermagem de Saude Mental e Psiquiatrica II - Ensino Clinico’
for third-year students, lasting two hours. This format, although rich in information, is
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meticulously processed by our algorithm, ensuring each data point is adequately respected
in the scheduling algorithm.

Table 4.1: Input data example.

Disc Order Acronym Class Course Year Semester(Per.) Subject Type Duration Teacher(s)

ESM2 1 RDR FDG ENE 3 2 Enfermagem de Saude Mental e Psiquiatrica II - Ensino Clinico pra 2
Prof 1,
Prof 2

OPC4 2 RDR FDH ENE 3 2 Economia Internacional (Opção 4) teo 1
Prof 3,
Prof 4

MUL1 1 JDS FDI ENE 3 2 Multimédia I teo 2
Prof 5,
Prof 2

EUE1 1 PPO FDA ENE 3 2 Ética e Deontologia Profissional teo 1 Prof 3

Table 4.1 delineates a segment of our data, meticulously crafted to represent a scenario
encompassing five days, each comprising ten available hours for scheduling classes. This
carefully curated dataset embodies a robust compilation of approximately 3366 classes,
distributed across 133 distinct rooms, complemented by the presence of 390 additional
rooms, thereby offering a comprehensive landscape for our scheduling endeavors.

In the heart of our experimental scenarios, hard and soft constraints were diligently
observed. Professors, subjects, and room specifications, amongst various considerations,
navigated the algorithm’s functioning, striving for a schedule that mirrors practical feasi-
bility and optimal organization.

A vivid aspect of our scenario was the inclusion of a dynamic voting mechanism.
Simulated students engaged in voting on different schedules, enabling us to gauge the ro-
bustness and responsiveness of our blockchain and voting system amidst high-frequency,
simultaneous user interactions.

The spectrum of our scenarios, from stringent rule adherence to the vibrancy of user
interactions, crafts a multifaceted testing environment. This design allows for a com-
plete evaluation of what the algorithm can do, making it easier to make improvements for
practical use and better performance.

Moving forward, the array of scenarios curated for this study has been meticulously
crafted to evaluate the adaptability and proficiency of the algorithm in various contexts.
Initial scenarios were manifested from a concoction of diversified yet hypothetical condi-
tions to assess the algorithm’s resilience and flexibility. The latter scenarios were metic-
ulously molded closer to reality, ensuring a profound analysis grounded in practicality,
where genuine data and constraints became the cornerstones of the testing environment.

In a crucial scenario, the algorithm was bestowed with a tapestry of real-world data,
marinated with the intricate nuances and unpredictabilities inherent in a university’s oper-
ational landscape. The data, a meticulous compilation of various academic elements such
as courses, professors, and specific classroom constraints, became the crucible where
the algorithm’s mettle was tested. Hard constraints like professor availability, classroom
specifications, and disciplinary restrictions, were non-negotiable, ensuring the algorithm’s
output echoed the realms of feasibility and orderliness.
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The algorithm adhered to soft constraints, focusing on practical desirability. Ob-
jectives included minimizing idle times, optimizing room changes, and structuring the
timetable for pedagogical coherence and student convenience.

Connected with these algorithmic processes was an important voting phase. In this
part, a group of simulated students interacted with the system, giving their feedback by
voting, helping to test the system’s ability to handle many users at once. This step was
very important because it showed how well the algorithm could work in a busy, changing
environment, highlighting its strength and dependability.

In conclusion, each scenario, a unique theatre of constraints, interactions, and objec-
tives, becomes a vital act in our algorithm’s performance. They collectively weave the
narrative of its adaptability, efficiency, and readiness to champion the complexities and
demands of real-world academic scheduling. Through this orchestration of multifaceted
scenarios, the study aims to unfurl the algorithm’s true potential and the promising sym-
phony of technological innovation and practical applicability it heralds.

4.2 Messaging Flow Process

In the scheduling and voting system, the messaging flow process is essential. It connects
different parts and ensures that everything runs smoothly and effectively, guaranteeing
that important information is communicated clearly and reliably throughout the system.
It’s important to note that, in the explanation of these flows, the example of a single class
in one day instead of the complete sample. Has chosen to allow to focus on the flow of
messages and set aside the complexity of data generation and volume, providing a clearer
and more focused understanding of the process.

The process starts with the registration phase, where all the necessary constraints and
requirements are collected and organized carefully in a JSON object (shown in Figure
4.1). Each piece of information, such as requirements, availability, and priorities, is care-
fully considered and placed, creating a detailed and well-organized overview that guides
the scheduling within the academic environment.

As the scheduling process begins, the genetic algorithm plays a crucial role, represent-
ing intelligence and flexibility. It creates various possible schedules, each one aiming for
the best organization, compatibility with restrictions, and overall practicality (an example
of this is displayed in Table 4.2).

In the arena of decision-making, the voting system unveils itself, embracing blockchain’s
transparency and security. Wallets, unique identifiers of participants, open the gates to a
realm where votes cascade into the system, each finding its immutable place within the
blockchain (illustrated vividly in Figure 4.2).
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Figure 4.1: Teacher, Schedule Constraints

Table 4.2: Example of a schedule generated by the system

Timetable Room 101 Room 102
Monday 9h None MUL1

Monday 10h OPC4 MUL1

Monday 11h EUE1 None

Monday 12h None None

Monday 13h None ESM2

Monday 14h None ESM2
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Figure 4.2: List of the public addresses of the wallet of the voters

Transactions and blocks are created using blockchain technology, acting like strong
containers for participants’ choices. Each block is a secure and unchangeable record,
ensuring that every decision is protected from changes and dishonesty, as illustrated in
Figure 4.3.

Figure 4.3: Blockchain Transactions

The results are finally revealed, representing the combined choices and wishes of all
participants. This concludes a process of active and flexible decision-making (the final
results are shown in Figure 4.4).

Figure 4.4: Result of the Pool

The system works like a well-designed painting where rules, calculations, choices, and
outcomes come together to tell a strong story of smart technology and creative planning.
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It is where the practical needs of school operations are met using technology and logical
design, and where people’s decisions are included in making choices. This creates a
system that is both logical and creative, meeting the real-world needs of education.

4.3 Results Discussion

This chapter outlined all the tests conducted on the developed system. It’s divided into
two sections for clearer and more specificity. These two parts correspond to the main
components of the system, the genetic algorithm and the blockchain voting system. Qual-
ity and performance tests were carried out for both parts. Real data from a university was
used to generate schedules and compare them with the schedules used by the university
in one year.

4.3.1 Schedule Analysis

This chapter, delves into the heart of our analysis, exploring the wide range of results
garnered from extensive testing of the scheduling system. The significance of a timetable
generation system isn’t merely in its ability to produce outcomes, but also in the quality,
practicality, and real-world applicability of these results. With this outlook, it had been
conducted thorough evaluations.

Will begin with an in-depth comparison of the generated schedules, assessing their
structure, cohesion, and convenience. These tests will allow us to discern how well these
timetables align with students’ genuine needs and the dynamics of educational institu-
tions.

Beyond the qualitative analysis of the schedules, this chapter will also realize perfor-
mance tests. These tests are pivotal in understanding the system’s efficiency, response
time, and capability to handle varying data sizes and complexities.

This chapter will explore other pertinent tests that supplement our grasp of the system,
underscoring its strengths and areas for improvement. This holistic approach aims to
provide a clear and comprehensive insight into the system’s efficacy and efficiency.

Figure 4.5 unveils a meticulously generated schedule, made by our algorithm for the
CRE class, which is a class of criminology, embarking on its first academic year at the
university. At first glance, one can appreciate the strategic balance between academic
rigor and student well-being, which our system prioritizes.

First and foremost, the importance of a well-deserved break is undeniably recognized
by our algorithm. It consistently earmarks the 13:00 to 14:00 timeslot across every week-
day for lunch. Such continuity not only caters to students’ nutritional needs but also
ensures mental rejuvenation, preparing them for the academic challenges that follow.
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Figure 4.5: Generated Schedule for CRE1

Moving on to the classroom arrangements, our system demonstrates a penchant for
stability. It endeavors to minimize the often disruptive classroom transitions. This is evi-
dent in the way the schedule mostly keeps students in a singular classroom for extended
class sequences. There are, however, a couple of deviations from this pattern, notably
on Wednesday afternoons and Friday mornings. Yet, these could be attributed to specific
classroom availability or resource constraints, which the system has intelligently navi-
gated.

Furthermore, the schedule embodies a pedagogical philosophy: laying the theoretical
groundwork before delving into practical applications. This is perceptible in the deliberate
sequencing of theoretical sessions preceding their practical counterparts, aligning with the
age-old educational principle of "understanding before application."

The schedule has been rated at 81 out of 100, indicating its efficiency. However,
there’s an area for improvement. It was been observed that the HPCR PL sessions are
dispersed across different days, which may pose continuity challenges for students. Ad-
dressing this could enhance the schedule’s coherence. Additionally, considering a shift of
Wednesday afternoon classes to the morning might offer students an additional free period
in the afternoon, beneficial for individual or collaborative study. Furthermore, streamlin-
ing room assignments to limit transitions could enhance the daily academic experience.
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In sum, the presented schedule stands as a testament to our algorithm’s prowess, of-
fering a blend of academic structure and student-centric flexibility. While it showcases
commendable efficiency, the quest for perfection continues, inviting further refinements
to elevate the student experience.

Figure 4.6: Second generation for CRE1

Upon a closer look at this second iteration of the schedule (Figure 4.6), we see a
stark contrast to its predecessor, emphasizing the strides taken in refining the algorithm.
With a performance score now soaring to a commendable 91, this rendition showcases its
capacity to adeptly address many of the initial design’s pitfalls.

A significant triumph here is the eradication of the issue of splitting practical classes a
notable grievance in the prior version. Furthermore, the utilization of available hours has
been optimized, reducing unproductive gaps that students might have found inconvenient.
While the initial schedule had evident areas where simple room switches would signifi-
cantly benefit its practicality, this revised version has minimized such obvious shortcom-
ings.

Yet, as with all designs, room for refinement always exists. A recurring theme from
the earlier schedule, the frequent classroom transitions, remains a challenge. The model
set on Friday, where students occupy the same classroom for the entirety of the day, stands
out as the gold standard. Replicating this streamlined approach across all weekdays would

49



elevate the schedule’s convenience and functionality even further.
The enhancements observed in this iteration can be traced back to meticulous adjust-

ments made to the algorithm. By opting for a larger population and expanding the number
of generations, the system was granted a broader exploratory scope. This allowed for bet-
ter avoidance of local optima, yielding schedules of heightened fitness. However, it’s
crucial to note that such augmentations come with their own set of demands. Increasing
the population and generations not only requires more intricate tuning but also demands
a surge in computational resources, necessitating a delicate balance between optimization
and resource allocation.

4.3.2 Real Schedule Analysis

This section compares the university’s actual timetables with those produced by the sys-
tem. To analyze how well the system works and find areas that need improvement. This
analysis will test the system’s adaptability to real-world schedule variations and needs.

Table 4.3: Schedule of the class AQT

Disc Order Acronym Class Course Year Semestre(Per.) Subject Type Duration

DES1 145 PIP DGP AQT 1 1 Desenho I PL
"seg (15:00 - 17:00) 101 (2014-09-22 - 2015-01-16)
qua (15:00 - 17:00) 101 (2014-09-22 - 2015-01-16)"

DES1 145 PIP DOZ AQT 1 1 Desenho I TP "seg (14:00 - 15:00) 101 (2014-09-22 - 2015-01-16)"

GETO 145 FRF ENU AQT 1 1 Geometria e Topologia TP
"seg (13:00 - 14:00) 101 (2014-09-22 - 2015-01-16)
qui (14:00 - 16:00) 101 (2014-09-22 - 2015-01-16)"

HART 145 NHP DGR AQT 1 1 História da Arte TP
"qua (13:00 - 15:00) 202 (2014-09-22 - 2015-01-16)
qui (13:00 - 14:00) 202 (2014-09-22 - 2015-01-16)"

MTC 145 PAR DGS AQT 1 1 Métodos e Técnicas de Comunicação PL "ter (15:30 - 17:00) 105 (2014-09-22 - 2015-01-16)"

MTC 145 RAE DQI AQT 1 1 Métodos e Técnicas de Comunicação TP "ter (13:00 - 15:30) 0.1 (2014-09-22 - 2015-01-16)"

PJ01 145 ATA DGT AQT 1 1 Projecto I OT

PJ01 145 ATA DQE AQT 1 1 Projecto I TC

PJ01 145 ATA DGV AQT 1 1 Projecto I PL
"ter (09:00 - 12:00) 101 (2014-09-22 - 2015-01-16)
qui (09:00 - 12:00) 101 (2014-09-22 - 2015-01-16)"

PJ01 145 ATA DQG AQT 1 1 Projecto I T "seg (10:00 - 12:00) 101 (2014-09-22 - 2015-01-16)"

Table 4.3 displays the schedule for class AQT, a first-year, first-semester class. This
was the actual schedule of that year without any changes or modifications. Figure 4.7
shows the same schedule in our system’s format for easier viewing and analysis.

This schedule (Figure 4.7) was selected due to its unique characteristics. Subjects like
PJ01 of type OT and TC do not have specific assigned times. They are project submissions
and work review classes, so they do not have weekly classes. Another peculiarity is the
presence of classes with varying durations. For instance, MTC has both practical and
theoretical sessions that differ in length.

Moreover, the schedule is well-structured and comprehensive. The way it’s organized
grants students free periods on Friday and Wednesday mornings. Lunch is always at noon.
Classes are primarily condensed between 9 a.m. and 5 p.m., with students finishing at 5
p.m. on three days and at 4 p.m. on another. This means that on class days, students have
a packed schedule, which might be seen as a downside because the consecutive hours of
instruction can be tiring for them.
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Figure 4.7: Schedule AQT system view

The schedule from Figure 4.8, while distinct from the actual one, is also well-structured
for students. This schedule runs from 9 a.m. to 5 p.m. without any full days off. How-
ever, this design offers two clear afternoons on Monday and Friday and a free morning on
Wednesday. Although this might initially seem less ideal, this approach helps students by
balancing classes and avoiding overwhelming schedules. This schedule was able to have
all the theoretical classes before the practical ones, which can enhance learning. Consis-
tent lunch breaks were maintained, and there was a noticeable effort to minimize room
changes. For the majority of extended class sessions, students stay in the same room, with
Thursdays being the exception.

Upon comparing the two schedules, both are well-structured and organized. Each
maintains a consistent lunch break throughout the week, with the real schedule in Fig-
ure 4.7 setting it at noon and the generated one in Figure 4.8 at 1 p.m. Predominantly,
both schedules have positioned theoretical classes before practical sessions. Efforts to
minimize room changes are evident in both, with the generated schedule excelling in this
aspect. It only necessitates a room change exception on Thursdays, whereas the actual
schedule has changed on Tuesday, Wednesday, and Thursday afternoons. A limitation is
the system’s inability to handle variable time slots.

51



Figure 4.8: Schedule AQT Generated

In conclusion, the schedule in Figure 4.7 appears more compact, affording students
an entire day off. Conversely, the generated schedule in Figure 4.8 offers a less dense
layout with a more even distribution of consecutive class periods. Based on this analysis,
it can be inferred that the system is successfully capable of producing schedules suitable
for real-world applications.

4.3.3 Genetic Algorithm Performance

This section thoroughly analyzes the performance indicators related to the genetic al-
gorithm. The real-world relevance and usability of every algorithmic approach depend
on its performance capabilities, and genetic algorithms are no different. A complicated
set of tests, designed to test and clarify the algorithm’s intricacy, seeks to offer a thor-
ough assessment of its capacity to respond, scale, and remain strong. It is important to
mention that these assessments were carried out on a personal computer, which may not
accurately represent the algorithm’s complete capabilities. An ideal setting for conduct-
ing such testing would unquestionably involve a specialized server, designed to minimize
any fluctuations in the system. However, the goal is for this thorough investigation to
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not only enhance the scholarly comprehension of the genetic algorithm’s capabilities and
constraints, but also to establish a path for its improved application in future initiatives,
particularly in the domain of intricate optimization difficulties.

Generation evolution

Figure 4.9 illustrates the relationship between the number of generations and the time re-
quired for the algorithm to process each stage. The progression of the algorithm is evident
through the ascending curve on the graph. This curve demonstrates that as the number of
generations increases, the time required to process them correspondingly grows, though
not in a strictly linear manner.

Figure 4.9: Generation Evolution

In the initial stages, is observed a more moderate growth pace in terms of processing
time. The first few generations, up to about 200, show a gentler rise in time, suggesting
that the algorithm was efficiently adapting and learning. This period can be perceived
as the algorithm’s "learning phase," where it was beginning to grasp and optimize its
functionality.

However, as it moves towards higher generations, from 300 up to 1000, the curve’s
slope becomes steeper. This indicates a more pronounced increase in the time needed to
process each generation. It can be inferred that as the algorithm evolves, the complexity
of its solutions and adaptations also increases, leading to greater computational effort and,
consequently, extended processing time.
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The constant maximum population set at 100 suggests that the variation in time is
primarily due to the increasing generations rather than population size.

In summary, the graph offers valuable insights into the algorithm’s evolution and be-
havior. It reveals that as the algorithm advances and seeks more optimized solutions,
it also demands more resources and time. Analyzing these trends is crucial for future
optimizations and understanding the balance between efficiency and accuracy.

Population evolution

The progression of the algorithm, as illustrated in Figure 4.10, clearly demonstrates a
direct correlation between the size of the population and the computational time required
to process it. Specifically, as the population increases, the time required for its processing
follows, where in this scenario the number of generations is the same,100 generations.

The graph’s trend suggests an almost linear relationship between population and time.
This can be interpreted as an indication that the algorithm is optimized to handle incre-
mental population sizes; however, the temporal cost of this expansion is inherent to the
computational process. Each incremental addition to the population appears to demand a
proportionally incremental amount of time.

In comparison with Figure 4.9, there are analogous tendencies. In both scenarios,
an increase in the independent variable, be it generation or population, has a directly
proportional increase in execution time. However, it’s paramount to note that the current
focus is on population dynamics, rather than generational progression.

Figure 4.10: Population Evolution
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In summary, when deciding to increase the test population, it needs to be aware of
the extra time it will take. Understanding this is key to making the algorithm better in
the future. This way can find the best balance between how fast it works and how well it
performs.

Fitness evolution

The algorithm’s fitness is a metric employed to measure the schedule’s quality. The higher
the number of constraints it respects and implements, the greater its fitness, indicating that
the schedule’s quality is directly proportional to its fitness.

In Figure 4.11, the evolution of the algorithm’s fitness is displayed. In general, it is
yielding the expected results, as the fitness increases with progressing generations. This
implies that the quality of generated schedules is also on the rise, affirming the algorithm’s
ability to adapt to imposed constraints.

However, upon closer examination, it becomes evident that this evolution is not flaw-
less. A perfect evolution would entail continuous progress from one generation to the
next, which is not the case. Several stagnation zones can be identified, occurring when
the number of generations increases but the fitness remains constant. These areas are
called local optima (Barbulescu et al., 2000) and can occur in two scenarios. Firstly, if no
schedule with higher fitness than the best schedule from the previous generation is gen-
erated in the current generation, the current generation is disregarded, and the schedule
from the previous generation prevails. For this reason, the fitness never decreases from
generation to generation. Secondly, if the schedule generated in the current generation
has the same fitness, it replaces the older schedule to increase the chances of the next
generation avoiding a local optima.

In summary, the algorithm is exhibiting the expected behavior by evolving, but it
frequently gets stuck in areas of local optima. An improvement to be considered involves
implementing strategies to avoid these areas.

Population vs Fitness evolution

Now, the analysis will focus on determining the optimal factor for achieving the best
results in a scenario with limited resources. The analyses will demonstrate the impacts of
modifying the population size and the number of generations on the final fitness.

In Figure 4.12, one can observe the impact that the number of generations has on
fitness. For this scenario, a constant population was used. As expected, there is a natural
trend of increasing fitness with the rise in generations. Additionally, a gradual evolution
of fitness is evident, where from the 100th to the 150th generation, there is only a two-
point increase in fitness. Notably, the fitness of the 100th generation was 84, while at the
150th generation, it reached 86.

55



Figure 4.11: Fitness Evolution

Figure 4.12: Generations vs Fitness

In Figure 4.13, one can observe the impact that the variation in population has on the
final fitness. As expected, a notable occurrence is that with the increase in population,
there is an improvement in the final fitness.
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Figure 4.13: Population vs Fitness

Comparing the two figures above, it is possible to analyze that the increase in pop-
ulation exhibits a faster and more significant growth than the rise in generations. This
occurrence is because, with the population increase, the algorithm finds it easier to escape
optimal zones, reducing stagnation and promoting evolution. However, it’s crucial to re-
call from previous tests (section 4.3.3) that this substantial population increase may not
always be preferable. This is because, along with the significant rise in population, there
comes a temporal increase, meaning the algorithm becomes slower.

Thus, it can be concluded that the modification of the population may be the most
impactful factor on the final fitness. It achieves better fitness in the initial generations and
a more effective evolution from generation to generation. However, this improvement
comes at the cost of increased execution time. In some cases, it might be more advanta-
geous to modify the number of generations if a solution is needed as quickly as possible,
since both approaches tend towards positive evolution, and the execution time does not
increase as exponentially as it does with population growth.

4.3.4 BlockChain Performance

In this subsection, the performance of the blockchain will be tested by altering its param-
eters to gain insights into how to optimize it for the hardware on which it will run. It is
worth noting that the blockchain will operate on a personal computer with the previously
mentioned specifications in section 4.1.
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Difficulty variability

One of the initial parameters to be modified and tested was the mining difficulty of the
blockchain. The "difficulty" in the proof-of-work refers to the complexity of the mathe-
matical problem that the miner needs to solve to add a new block to the blockchain. The
objective is to maintain a relatively constant rate of creating new blocks, regardless of the
increase or decrease in processing power in the network (Fullmer & Morse, 2018).

Table 4.4: Difficulty vs Time

Difficulty Time in minutes
10 0.0007182395

20 2.38

30 165

As evident from the Table 4.4, this parameter can drastically alter the performance of
the blockchain. For a difficulty of 10, the equipment managed to create a block in less
than a second, but for a difficulty of 30, it took 165 minutes for the equipment to create a
single block.

Latency

For the latency test, the following scenario was set up: the difficulty remained constant
throughout the process, but writes to the blockchain were performed with clients simulta-
neously. The number of clients making requests at the same time varied.

The first test was conducted with just one user, and the write took approximately
1.47 seconds to be validated and recorded. Now, in a scenario with 5 users, the write
took an average of about 2.79 seconds, indicating that this slight increase in users almost
doubled the time for the write to be registered. If, instead of 5, 20 users were performing
a simultaneous write, the time increased to 11.70 seconds. With 100 users, each write
took an average of nearly 1 minute to occur (58.11 seconds).

Thus, with these data and the Figure 4.14, it can be concluded that there is a direct
correlation between the number of users registering simultaneously and the registration
time for each vote on the blockchain.

58



Figure 4.14: Latency

Difficulty and Latency

For a final test on blockchain performance, a combination of the two factors discussed
earlier was examined to determine the true impact of a real-world scenario on write speed.
The test was conducted by increasing the number of users registering simultaneously
while also raising the blockchain difficulty level.

Table 4.5: Difficulty and Latency variation

Number of Users

Difficulty 1 5 10 20 50 100

10 15.49 ms 20.26 ms 28.86 ms 48.08 ms 167.74 ms 341.37 ms

15 662.32 ms 1.20 s 1.99 s 3.98 s 10.97 s 24.79 s

19 1.47 s 2.79 s 6.03 s 11.70 s 29.03 s 58.12 s

20 12.72 s 24.85 s 48.05 s 1 min 36.02 s 4 min 34.42 s 8 min 43.80 s

The results are presented in the Table 4.5, with users ranging from 1 to 100 and diffi-
culty varying between 10 and 20. The difficulty remained relatively low due to computa-
tional power limitations.

Through this test, a confirmation of findings from previous tests emerged. Latency
and difficulty directly influence blockchain to write time. With a low number of users, the
blockchain is relatively fast for all tested difficulties. However, as the user count increases,
the speed can reach almost 9 minutes for a difficulty of 20.

59



One conclusion drawn is that, for this computational power, the most suitable diffi-
culty is 19. It proves to be relatively fast, maintaining a write time of about 1 minute with
100 users. This is beneficial for maintaining control over registrations without causing
excessive delays. Any difficulty beyond that becomes too costly for the equipment in
question.

4.3.5 Comparing Performance GPU vs CPU

Now will delve into a comprehensive analysis of the performance metrics of genetic al-
gorithms on both CPU and GPU platforms. Using illustrative graphs as reference points
aims to shed light on the stark differences and nuances between the two computing en-
vironments. This comparison will provide invaluable insights into where each platform
excels and where potential bottlenecks may arise, serving as a guide for those looking to
optimize their algorithmic executions.

Figure 4.15: Generation CPU vs GPU

Figure 4.15 provides a detailed comparison of the performance metrics of genetic al-
gorithms when executed on two distinct computing platforms: CPU and GPU. The x-axis
represents the number of generations, ranging from 0 to 1000, while the y-axis indicates
the time taken in minutes. The orange line, representing the CPU, demonstrates a more
pronounced incline in comparison to the green GPU line. This suggests that as the num-
ber of generations increases, the CPU takes progressively more time to compute, whereas
GPU maintains a steadier, more linear growth in time consumption. Specifically, around
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the 400-generation mark, the gap between CPU and GPU times begins to widen, illustrat-
ing the superior efficiency of GPU computations for larger-scale tasks. In essence, while
both platforms show an increase in computation time as the number of generations grows,
the GPU consistently outperforms the CPU, especially as the tasks become more demand-
ing. This disparity underscores the potential advantages of leveraging GPU acceleration
for intensive genetic algorithm computations.

Figure 4.16: Population CPU vs GPU

Figure 4.16 presents an analysis of performance distinctions between CPU and GPU
in the context of genetic algorithms. As it examines the x-axis, which represents the popu-
lation size from 0 to 1000, the y-axis reveals the computational time in minutes. The cyan
line associated with the CPU shows a steeper rise, indicating increased time consump-
tion as the population size enlarges. Contrastingly, the GPU, represented by the coralline,
maintains a more consistent and less steep trajectory. This behavior can be attributed to
the inherent architectural differences between CPUs and GPUs. CPUs, being designed
for general-purpose tasks and sequential processing, may struggle with the parallelism
required for handling larger populations in genetic algorithms. On the other hand, GPUs,
characterized by their multitude of cores and proficiency in parallel processing, are in-
herently suited to handle large datasets and perform simultaneous computations, making
them more efficient for tasks that demand scalable parallelism, such as large population
genetic algorithms.
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4.3.6 Computational power

Blockchain technology, renowned for its high level of security and transparency, was
trialed in a controlled environment to gauge its performance under specific conditions.
The chosen consensus mechanism for this blockchain was "proof of work." Throughout
the testing phase, the block validation difficulty was intentionally set low. This decision
stemmed from the fact that the tests were being run on a personal computer, which isn’t
the ideal setting for large-scale blockchain operations. In an optimal scenario, dedicated
servers would be utilized, with each server housing a single instance of the blockchain,
thereby ensuring maximal scalability.

Figure 4.17 offers a clear perspective on the mining capacities of two distinct nodes:
the personal computer and the Raspberry. As depicted, the personal computer mined a
significantly higher number of blocks compared to the Raspberry. This stark mining dis-
parity can be primarily attributed to two factors. The first is computational power; the
personal computer, equipped with more potent hardware, greatly outperforms the Rasp-
berry. The second factor is internet connectivity. The personal computer, boasting a faster
and more stable connection, has a definitive advantage over the Raspberry, which may
have a more constrained connection.

Considering these insights, the blockchain’s performance was good. In all tampering
attempts, the blockchain consistently self-corrected, ensuring that the voting process was
correct. This resilience underscores the robust design of blockchain and its capability to
uphold data integrity, even in challenging situations.

Figure 4.17: Blocks mined by the server
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This exercise provided invaluable insights into operating a blockchain under varying
hardware and connectivity conditions. The study accentuates the importance of proper
hardware and connectivity selection to optimize blockchain performance and highlights
the innate resilience of this technology when faced with compromise attempts.

4.3.7 Simulation

In this subsection, a simulation will be conducted to analyze how the system would behave
in a real-world usage scenario. Multiple schedules with actual constraints from a year of
college will be generated, and users will vote for their preferred schedule. The system’s
performance in response to this scenario will be assessed.

For this simulation, the previous data from a college will be used. To maintain sim-
plicity, only the data from a specific class will be analyzed, preventing redundant analysis
and ensuring the section does not become overly extensive. For simplicity, the genetic
algorithm will be configured to generate only two schedules, with a maximum of 100
generations for a population of 100. Regarding the decision-making process will have
five valid and eligible users, one valid but ineligible user, and one invalid user. This
arrangement allows testing all blockchain validations.

Starting the simulation, the schedules will be configured and generated. The setup
procedure was already previously explained in section 4.3.2, so it passes to the result
demonstration of the schedules. The class selected for this demonstration was Software
Engineering.

The figures in the appendix A 5 represent the two best generations generated by the
first module of the system, the genetic algorithm. Both schedules have very close global
fitness values, with the first schedule having a fitness of 495 and the second one with 504,
this global fitness is the sum of all the fitness of every schedule. Despite their close fitness
values, they differ from each other. The first option schedules most of its classes in the
morning, whereas the second one has a higher proportion in the afternoon.

Having the generated schedules, the process moves on to the voting decision. In the
first instance, each user must have a public address, serving as the key to access their
wallet and subsequently the blockchain. Figure 4.18 is a representation of addresses for
valid users who can access the blockchain.

Figure 4.18: Public addresses List

63



With the valid addresses in place, the blockchain initiation phase begins, and this is
where the configuration occurs.

Figure 4.19: Init pool config

Figure 4.19 provides an example used for configuring this blockchain. In this example,
the "address" field represents the pool host or the user initiating the process. This field is
crucial for validating whether the user is legitimate and has permission to initiate a pool.
The second field, "voters," represents all users authorized to vote in the initiated poll. It’s
noteworthy that, as seen in this example, only 5 out of the 6 valid users are authorized for
this vote. The third field, "title", serves as a title for the vote to facilitate identification. The
"options" field represents the generated schedules. Initiating this request initializes the
blockchain, and it returns, the hash of the Genesis block, the first block of the blockchain
(figure 4.20).

Figure 4.20: Genesis hash

With the blockchain initialized, the registration of votes can be initiated.

Figure 4.21: Add vote configuration
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The vote registration proceeds as follows: three fields need to be sent in the request.
The "address" represents the user’s public key, the "block" represents the hash identifying
the vote in which the user wants to participate, and the "option" represents the schedule
they want to vote for. At this step, numerous validations take place:

• If the user is valid and eligible to vote, the vote is recorded, and the registration
hash is returned (figure 4.22).

Figure 4.22: Vote successfully added

• If the user is valid but ineligible to vote, the vote is rejected (figure 4.23).

Figure 4.23: User with no permissions

• If the user is not valid, the vote is immediately rejected (figure 4.24).

Figure 4.24: User doesn’t exist

• If the user is valid and eligible but has already voted, their vote is rejected (figure
4.25).

Figure 4.25: User already vote

Upon completion of the vote, all valid and eligible users can check the voting status
by making the following request (figure 4.26).

Figure 4.26: Total votes request
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In this request, they need to send their public key information and the hash identifying
the pool. If valid, they receive the voting status in return (figure 4.27).

Figure 4.27: Pool state

To summarise this simulation, the winning schedule was the first one generated, which
had a lower fitness, indicating that the schedule considered with better quality by our
system is not necessarily the one preferred by the users. This serves as an example of
why the existence of the second module is crucial. Sometimes, a schedule with "lower"
quality may be more well-received than one with "higher" quality. The polling concluded
with a total of 5 votes, signifying that the blockchain is accurately validating users, as
neither the valid but ineligible user nor the invalid user was able to vote.
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Chapter 5

Conclusion

The final part of this thesis has taken a closer look at the system, focusing on its innova-
tive approaches to solving the complex problem of university timetable generation. The
system is flexible and accurate, carefully coordinating various components to produce
optimized timetables that meet the specific needs and constraints of universities.

The system can generate multiple timetable options, each carefully considering and
balancing different requirements and preferences. This provides a variety of choices,
ensuring that the resulting timetables are both practical and well-suited to the university’s
needs, making the whole process more efficient and effective.

The system innovation goes beyond just creating optimized timetables. It also in-
troduces a way for people to participate in choosing the best timetable through a secure
and transparent voting process, made possible by blockchain technology. This approach
ensures that everyone involved can make informed decisions, adding credibility and a
democratic spirit to the selection process.

Looking back at the results shared in section 4.3, the system has shown impressive
skills in managing and working through various challenges, creating several suitable
timetable options. An essential part of the system is the democratic voting feature, which
successfully brings together the thoughts and needs of everyone involved, ensuring that
the chosen timetables truly meet the community’s needs and preferences. This approach
encourages a sense of shared responsibility and ownership among the users. It also in-
creases the likelihood that the timetables will be practical, well-received, and widely ac-
cepted by the community, as they have a say in the decision-making process.

Additionally, a scientific article was published in MDPI Cryptography journal (Pereira
et al., 2023).

Limitations and Future Work

Despite the robust performance and versatility exhibited by the developed system, it is
essential to acknowledge its limitations and to contemplate the horizons of potential en-
hancements and broader applicability that future iterations could explore.
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A limitation of our current approach is related to the variety of test cases that have
been used to evaluate the system. Although the system has been rigorously tested, there
are several areas where it could be further examined. Firstly, there are still various com-
plicated scenarios and unusual constraints that have not been fully explored. Conducting
tests in these unexplored areas will help us better understand the system’s adaptability and
accuracy.

Moreover, to better assess the system’s performance and scalability, it would be bene-
ficial to conduct tests on a dedicated server. This approach would allow us to gain valuable
insights into how well the system operates under different loads and demands, ensuring
that it can handle real-world usage effectively.

The voting system should be tested in scenarios where many people are voting simul-
taneously. This would help ensure that the system can handle high traffic and that the
voting process remains smooth and efficient, even when faced with a large number of
users.

There is significant potential for further improvement in the system in the future. Ef-
forts can be made to enhance the planning tools by introducing changeable slot time and
expanding the capacity of the blockchain voting system to accommodate a larger number
of users. By addressing these factors, the system can enhance its speed, user-friendliness,
and overall user experience.

Considering the broader scope, the method has the potential to be applied in several
domains beyond the exclusive purpose of generating university timetables. Through im-
plementing modifications and adaptations, it possesses the capability to yield significant
impacts in various domains. The concept of developing effective solutions while also
allowing individuals to have a voice is universally valuable. By making appropriate ad-
justments, the system could be beneficial in diverse scenarios such as logistics, healthcare
planning, and resource management across different industries, demonstrating its versa-
tility.

In summary, the future path is filled with prospects for ongoing enhancement, growth,
and inventive utilization of the system. Future efforts could concentrate on investigat-
ing these possibilities, with the goal of strengthening the system’s resilience, expanding
its usefulness, and improving its ability to optimize operations and facilitate informed
decision-making in diverse fields.
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Appendix A

Generated schedules in the simulation section 4.3.7.

First Generation

Figure 1: INN 1 1
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Figure 2: INN 1 2

Figure 3: INN 2 1
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Figure 4: INN 2 2

Figure 5: INN 3 1
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Figure 6: INN 3 2
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Second Generation

Figure 7: INN 1 1

Figure 8: INN 1 2
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Figure 9: INN 2 1

Figure 10: INN 2 2
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Figure 11: INN 3 1

Figure 12: INN 3 2
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