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Keywords: ABSTRACT

University Timetabling University course timetabling is a complex optimization problem, crucial for the efficient operation
Genetic Algorithm of educational institutions. Manual methods are often time-consuming, error-prone, and struggle to
Scheduling handle the increasing complexity of constraints and resources, leading to conflicts and inefficiencies.
Optimization This paper presents the development and implementation of an automated timetabling system for the

Constraint Satisfaction
Educational Technology
Sebha University

Libya

Faculty of Information Technology at Sebha University, Libya, utilizing a Genetic Algorithm (GA).
The system aims to generate feasible and optimized class schedules by considering various hard and
soft constraints, including lecturer availability, room capacity, course requirements, and avoiding
clashes for students and lecturers within the same timeslot. The system was developed using Python
with the Django framework and SQL ite database. Experiments were conducted using real data from
the faculty. The results demonstrate that the GA-based system successfully generated conflict-free
timetables (zero hard constraint violations) within a reasonable computation time (approx. 193-257
seconds) and number of generations (approx. 101-126). This automated approach provides a
significant improvement over the faculty's previous manual process, which often required several
days of work and still resulted in persistent scheduling conflicts. This work significantly improves
upon manual methods and addresses the specific challenges faced by the faculty.
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1. Introduction

University course timetabling is a fundamental administrative process
involving the strategic planning and arrangement of academic
activities within specific timeframes. It serves as a critical tool in
educational institutions for organizing courses, lecturers, students, and
physical resources like classrooms and laboratories [1]. An effective
timetable is not merely an organizational necessity; it significantly
impacts daily time management, reflects the operational quality of the
institution, optimizes the utilization of valuable resources, and
contributes to a conducive learning and teaching environment by
considering factors like lecturer workload and well-being [2].

Despite its importance, the process of constructing
university timetables, particularly through manual methods, presents
significant challenges. It is widely recognized as a complex
combinatorial optimization problem [3]. Manual scheduling is often
extremely time-consuming and labor-intensive, requiring considerable
effort from administrative staff or faculty members, yet frequently
resulting in schedules with low accuracy and numerous conflicts [4].
These conflicts can manifest as double-bookings of lecturers, student
groups, or rooms, or assigning courses to unsuitable locations. Such
issues negatively impact the educational experience, potentially
leading to reduced student attendance and academic performance
when students are forced to choose between clashing sessions or drop
courses entirely [5]. Furthermore, frequent modifications to manually
created schedules during the academic term add another layer of
disruption.

These timetabling challenges are particularly acute at the
Faculty of Information Technology, Sebha University, the specific
context for this study. The faculty contends with specific operational
constraints, including a limited number of available classrooms
relative to the demand, restricted scheduling periods within the
academic day, steadily increasing student enrollment figures annually,
and a growing roster of courses offered each semester. These factors
collectively intensify the difficulty of manual schedule generation,
often leading to highly complex and unsatisfactory timetables
containing numerous conflicts related to room assignments and course
scheduling, thereby necessitating a more robust and automated
solution.

While the application of Genetic Algorithms to timetabling
is well-documented in international literature, a distinct research gap
exists concerning their practical deployment within the specific
context of Libyan universities. Many existing studies focus on
theoretical models or are implemented in well-resourced institutions
that do not share the unique combination of constraints present at the
Faculty of IT, Sebha University—namely, a severely limited number
of specialized labs, condensed scheduling periods, and complex
student cohort overlaps. This research addresses this gap by presenting
one of the first documented implementations of a GA-based
timetabling system tailored for, and successfully deployed in, a Libyan
university faculty, demonstrating its viability in a real-world,
resource-constrained academic environment.

To overcome the limitations of manual methods, various automated
approaches have been developed, with metaheuristic techniques
proving particularly effective for complex optimization problems like
timetabling [6, 7]. This research specifically proposes and implements
a solution based on the Genetic Algorithm (GA) [8]. GAs are powerful
optimization algorithms inspired by the principles of natural evolution
and selection. They work by evolving a population of potential
solutions over successive generations, using operators such as
selection, crossover, and mutation to progressively improve the
quality (fitness) of the solutions based on predefined criteria [ 9]. GAs
are well-suited to the timetabling domain due to their ability to
effectively explore large and complex search spaces and handle
numerous constraints, aiming to find high-quality, feasible schedules
[10].

Therefore, the primary objectives of this study, as implemented for the
Faculty of Information Technology at Sebha University, are: (1) To
design and develop an electronic timetabling system utilizing a
Genetic Algorithm capable of generating accurate schedules with
reduced manual effort, and (2) To effectively resolve the scheduling
conflicts commonly encountered in manual processes through this

automated system [14]. This paper details the development and

evaluation of this GA-based timetabling system. The subsequent

sections are organized as follows: Section 2 provides a review of

related literature on timetabling and GA applications. Section 3

describes the system architecture, problem formulation, and the

specifics of the Genetic Algorithm implementation. Section 4 presents

the experimental setup and the results obtained. Finally, Section 5

discusses the findings, and Section 6 concludes the paper,

summarizing the contributions and suggesting directions for future

research

2. Literature Review

This section provides a review of the University Timetabling Problem

(UTP), discusses various computational approaches used to solve it,

and identifies the specific research gap addressed by this study.

2.1 The University Timetabling Problem (UTP)
University course timetabling is a well-known NP-hard
optimization problem [2, 3]. This complexity arises from the need
to assign a set of events (lectures, labs) to a limited number of
resources (timeslots, rooms) while satisfying a diverse set of
constraints. These constraints are typically categorized into two
types: hard constraints, which are mandatory requirements that
must be met for a timetable to be considered feasible (e.g., a
lecturer cannot be in two places at once), and soft constraints,
which are desirable but not essential qualities (e.g., minimizing
idle time for students) [8]. The primary challenge of manual
timetabling is its failure to consistently satisfy all hard constraints
in a complex environment, leading to the operational conflicts that
motivate automated solutions [4].

2.2 Metaheuristic Approaches for Timetabling
Given the UTP's complexity, metaheuristic algorithms have
become the dominant approach for finding high-quality solutions.
While this study focuses on a Genetic Algorithm (GA), it is
important to acknowledge the broader landscape of techniques.
Other prominent methods include Simulated Annealing (SA),
which uses a probabilistic approach to escape local optima; Tabu
Search, which uses memory structures to guide its search; and Ant
Colony Optimization (ACO) [7, 8]. For instance, a comparative
study by [13] found that a GA outperformed ACO for their specific
course scheduling problem, suggesting GAs are particularly
effective at navigating the UTP's search space. However, the
performance of any metaheuristic is highly dependent on the
problem's specific structure and constraint set.

2.3 Genetic Algorithms in Course Timetabling
Genetic Algorithms (GAs) have been extensively applied to the
UTP due to their robustness and ability to explore large, complex
search spaces [11]. Several studies demonstrate their effectiveness.
For example, research at the University of Boyolali [15]
implemented a GA to optimize lecturer schedules, successfully
addressing classroom shortages. However, their system required
manual intervention to identify all constraint violations,
highlighting a gap in full automation. Similarly, another study [7]
applied a GA but reported remaining minor conflicts in the final
schedules, suggesting that their chromosome representation or
parameter tuning was insufficient to find a fully feasible solution.
A critical analysis of these studies reveals common limitations.
Many report satisfying a "high percentage" of constraints but fall
short of achieving zero hard constraint violations, which is
essential for practical deployment [14]. Furthermore, few studies
document the application of GAs in the specific, resource-
constrained context of developing countries or regions like Libya,
where challenges such as a limited number of specialized rooms
and condensed schedules are particularly acute.

2.4 Synthesis and Identified Research Gap
The literature confirms that GAs are a powerful tool for
timetabling. However, a clear gap exists in three key areas:
1. Practical Feasibility: Many studies achieve near-optimal
solutions but fail to guarantee the generation of 100%
conflict-free timetables required for real-world use.

CAS Vol.04 No. 3 2025

174



A Genetic Algorithm Approach for University Course Timetabling: A Case Study at the Faculty of IT, Sebha University

Al-Fitouria et al.

2. Contextual Application: There is a scarcity of
documented, deployed systems in universities with severe
resource limitations, such as those common in the Libyan
context. Most research is focused on theoretical problems or
better-resourced institutions.
3. Transparency: Key implementation details, such as
computational performance on standard hardware and
justification for GA parameter selection, are often omitted,
hindering reproducibility and comparison.
This research directly addresses this gap by designing, implementing,
and evaluating a GA-based system within the real-world operational
environment of the Faculty of Information Technology at Sebha
University. The primary contribution is therefore not the invention of
a new algorithm, but the practical demonstration of a tailored GA
solution that achieves fully feasible (zero-conflict) schedules under a
specific and challenging set of real-world constraints.

3. Methodology

This study employed an iterative development approach, broadly
following agile principles, to design, implement, and evaluate an
automated timetabling system for the Faculty of Information
Technology at Sebha University. The methodology encompassed
requirements gathering, system design, problem formulation tailored
to the faculty's context, and the detailed implementation of a Genetic
Algorithm (GA) to solve the scheduling problem. The Methodology
section presented in bullet points:

e  Development Approach: Utilized an iterative development
process, akin to agile methodologies, for system design and
implementation.

e  System Architecture:

o  Developed a web-based application.

o Backend implemented using Python with the Django
framework.

o Frontend interface built with HTML, CSS, and
JavaScript for user interaction.

o SQLite database used for storing data (courses,
lecturers, rooms, timeslots, schedules).

o Included a user interface for administrators to manage
input data and initiate the scheduling process.

e  Problem Formulation:

o Defined the task as assigning lectures to timeslots and
rooms within the specific context of the Faculty of IT,
Sebha University (approx. 50 courses, 8 rooms, 18
weekly timeslots/room).

e Identified and categorized constraints crucial for
schedule validity:

o Hard Constraints (Mandatory): No clashes (lecturer,
student group, room), adherence to room capacity and
type, proper scheduling of multi-session courses.

o Soft Constraints (Desirable): Considerations like
lecturer preferences (though primary focus was on hard
constraints).

e  Genetic Algorithm (GA) Implementation:

o Implemented a Genetic Algorithm (GA) as the core
optimization engine.

o Representation: Encoded each potential timetable as a
chromosome, with individual lecture assignments as
genes.

o Initialization: Generated an initial population of
random or semi-random potential schedules.

o Evaluation: Employed a fitness function to assess
schedule quality based on constraint violations,
applying significantly higher penalties for hard
constraint breaches.

o  Evolutionary Operators: Used standard GA operators:

= Selection: Tournament Selection (size=3).

= Crossover: Random Crossover between
selected parents.

=  Mutation: Random alteration of genes
(mutation rate=0.05).

o  Elitism: Preserved the best individual from each
generation (1 elite schedule).

o Parameters: Set GA parameters (Population Size=9,
Elitism=1, Tournament Size=3, Mutation Rate=0.05).

o  Termination: The algorithm stopped upon finding a
feasible solution (zero hard constraint violations) or
reaching a maximum generation limit.

3.1 System Architecture

The developed solution is a web-based application designed to manage
timetabling data and execute the scheduling algorithm. The
architecture consists of the following components:

e Backend: Developed using the Python programming
language with the Django web framework, responsible for
application logic, data processing, and executing the GA
[17].

e Database: SQLite was utilized as the database management
system to store essential information, including details about
courses, lecturers, rooms, departments, semesters, available
timeslots, and the generated timetables [18]. A relational
model was adopted, and database normalization techniques
were applied to ensure data integrity and minimize
redundancy.

e Frontend: The user interface was built using standard web
technologies: HTML, CSS, and JavaScript [19]. As shown
in Fig 1 this interface serves as the primary interaction point
for administrators, providing a dashboard overview
(summarizing counts of lecturers, courses, departments, etc.)
and organized modules for managing system data. Key
functionalities include managing departments, faculty
members, courses, rooms, and available timeslots, as well as
initiating the GA-based schedule generation process. For
example, the course input form allows for detailed
specification, including assigning a course to multiple
departments/semesters (for shared courses), defining the
required room type, estimating student numbers, and
associating potential lecturers.

e  Development Environment: PyCharm IDE was used for

development [20].
The system features a modular design, with distinct
components for managing lecturers, courses, departments,
rooms, timeslots, and the scheduling/generation process
itself.

Fig.1 Main interface of the system

3.2 Timetabling Problem Formulation

The core task is to assign a set of required lecture sessions L
to a finite set of available timeslots T and suitable rooms R,
subject to a range of constraints. Each lecture session | € L
is characterized by its associated course, assigned lecturer(s),
target student group (defined by department and semester),
duration (sessions per week), and specific room
requirements (type and capacity).

3.2.1 Data Context: Faculty of IT, Sebha University
The system was configured using specific data reflecting the
operational context of the faculty:
e  Courses: Approximately 50 distinct courses were
considered for scheduling within the target
semester.
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e Rooms: A total of 8 rooms are available,
comprising 6 specialized labs and 2 general-
purpose classrooms.

e Timeslots: The academic week consists of 6
scheduling days (Saturday to Thursday). Each day
has 3 primary timeslots (8:00-10:00, 10:00-12:00,
12:00-14:00), resulting in 18 available timeslots
per room per week.

e Programs: 4 distinct academic
programs/departments, each with multiple
semester levels.

3.2.2 Constraints
The system incorporates both hard and soft constraints to
guide the GA towards feasible and desirable solutions [16].

e Hard Constraints: These must be strictly
satisfied for a timetable to be considered valid and
feasible. Violations render the schedule
unacceptable. The hard constraints implemented
include:

o  Lecturer Clash: A lecturer cannot be assigned
to more than one lecture simultaneously.

o Student Group Clash: A student group
(department/semester) cannot have more
than one lecture scheduled at the same time.

o Room Clash: A room cannot be assigned to
more than one lecture at the same time.

o Room Capacity: A lecture cannot be assigned
to a room with a capacity smaller than the
number of enrolled students (or expected
class size).

o Room Suitability: Lectures requiring specific
facilities (e.g., lab equipment) must be
assigned to an appropriate room type (lab vs.
general classroom).

o  Multi-Session Spacing: If a course requires
multiple sessions per week, these must be
scheduled in different timeslots, preferably
on different days.

o  Curriculum Coherence: Avoid scheduling
different  courses from the same
department/semester concurrently.

o Temporal Constraints: Avoid scheduling
lectures for a specific student cohort that
clash with lectures from their immediately
preceding or succeeding semester (if
applicable).

e  Soft Constraints: These represent preferences or
desirable qualities. Violations are permitted but
should be minimized to improve schedule quality.
Examples mentioned include:

o Lecturer Preferences:  Accommodating
preferred teaching times for lecturers (though
specific  implementation  details  for
optimization were not the primary focus of
the results reported).

3.3 Genetic Algorithm Implementation

A Genetic Algorithm was implemented to search the
solution space for an optimal timetable [21]. The core
components of the GA are as follows:

Chromosome Representation: Each potential timetable is
encoded as a chromosome within the GA population. A
chromosome represents a complete schedule for all required
lecture sessions [22]. A gene within the chromosome
corresponds to a single lecture session assignment, encoding
information such as the Course ID, Lecturer 1D, Room ID,
Timeslot ID, and associated Department/Semester ID.

Initialization: An initial population of chromosomes
(timetables) is generated. This process involves
assigning lecture sessions to timeslots and rooms,
potentially randomly or using heuristics to satisfy
basic requirements like room type, without necessarily
fulfilling all complex constraints at this stage [23].

e Fitness Function: A fitness function evaluates the
quality of each chromosome (timetable) based on
constraint satisfaction. A penalty-based approach is
used, where violations of constraints contribute to a
penalty score [24]. Hard constraint violations incur
significantly higher penalties than soft constraint
violations. The fitness value is calculated inversely to
the total penalty, often using a formula similar to
Fitness =1/ (1 + Total Penalty), where a fitness value
closer to 1 indicates a better schedule with fewer (or
zero) violations.

e  Genetic Operators: Standard GA operators are used
to evolve the population over generations [22, 25]:

o Selection:  Tournament selection  was
implemented. In each selection step, a small
subset of chromosomes (Tournament Size = 3)
is randomly chosen from the population, and
the chromosome with the best fitness value
within that subset is selected for reproduction.
This method provides a balance between
selecting  high-quality ~ solutions  and
maintaining population diversity.

o  Crossover: A "random crossover" strategy was
used [26]. Instead of fixed crossover points,
genes (lecture assignments) are randomly
selected and swapped between two parent
chromosomes to create offspring, promoting
exploration.

o Mutation: A mutation operator introduces
small, random changes to offspring
chromosomes to maintain genetic diversity
and prevent premature convergence [27]. This
might involve altering the assigned timeslot,
room, or lecturer for a randomly selected gene
(lecture assignment), subject to basic validity
checks. The mutation rate was set to 0.05.

o  Elitism: To ensure the best solution found so
far is preserved, an elitism strategy was
employed where the single best chromosome
(Number of Elite Schedules = 1) from the
current generation is automatically carried
forward to the next generation [28].

e GA Parameters: Based on experimental setup, the
GA was configured with the following parameters
[29]:

o Population Size: 9

o Number of Elite Schedules: 1

o Tournament Selection Size: 3

o Mutation Rate: 0.05
The choice of a small population size (9) was based on
empirical testing for this specific problem instance.
While unconventional, we observed that for the
highly-constrained nature of our faculty's scheduling
problem, larger populations did not converge faster.
We hypothesize that the severe limitations on
resources create a search space where a smaller, agile
population can more efficiently explore feasible
regions. This parameter choice is a specific finding of
this case study, and its generalizability is a subject for
future investigation.

e Termination Condition: The GA run terminates
when either a fully feasible timetable (zero hard
constraint violations) is found, or a predefined
maximum number of generations has been reached.

4.  Experiments and Results

This section details the experimental setup used to evaluate the
performance of the developed Genetic Algorithm-based timetabling
system and presents the results obtained using data specific to the
Faculty of Information Technology at Sebha University.

4.1 Experimental Setup
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The timetabling system was executed and tested on a standard personal Table 2: GA Performance Results Across 10
computer with the following hardware and software configuration: Experimental Runs

e Hardware: Intel Core i3 processor, 4 GB RAM [72]. Execution  Generations to Hard
e  Software: The system backend (Python/Django) and Run Time (s) Converge Conflicts
GA engine were run within the PyCharm Integrated 1 193 101 0
Development Environment [56]. The underlying
operating system was capable of supporting this 2 257 126 0
environment (e.g., Windows, Linux, macOS). 3 249 117 0
. . 4 215 108 0
The experiments utilized real-world data collected from the
Faculty of Information Technology for the relevant 5 230 115 0
academic semester [70]. This data included: 6 199 103 0
o A list of approximately 50 courses requiring 7 205 110 0
scheduling.
o Details of available lecturers and their potential 8 241 121 0
course assignments. 9 228 114 0
o  Specifications of the 8 available rooms (6 labs, 2 10 198 105 0
general-purpose), including capacity and type.
o  The defined weekly timeslot structure (18 slots Average 2215 1120 0
per room over 6 days). Std. 228 78 0
Deviation

o  Student group definitions based on department
and semester level.

o All hard constraints as defined in Section 3.2.2
were implemented and enforced by the GA's
fitness function.

This data was entered and managed using the system's web-
based user interface described in Section 3.1. The Genetic
Algorithm was then configured using the parameters
determined during development and outlined in Section 3.3
(Population  Size=9, Elitism=1, Tournament Size=3,
Mutation Rate=0.05).
4.2 Evaluation Metrics
The performance of the GA was evaluated based on:
e Number of Hard Constraint Violations (Conflicts).
e Number of Generations required to reach a
feasible solution.
e  Execution Time (in seconds).

4.3 Results

To establish a baseline for performance, the outcomes of
the automated GA-based system were compared against the
faculty's traditional manual scheduling process. The
manual process was assessed based on historical data and
feedback from administrative staff involved in scheduling.
The comparison is summarized in Table 1.

Table 1: Comparison of Manual vs. GA-Based
Timetabling Process

The consistent performance of the algorithm is further
illustrated by its convergence behavior, as shown in Figure
2. This plot visualizes the optimization process from a
representative experimental run, tracking the number of
hard constraint violations present in the best-performing
timetable of each generation. The Figure 2 shows a
characteristic pattern for a successful GA run:

e Rapid Initial Improvement: In the early
generations (0-40), the number of conflicts drops
sharply as the algorithm quickly resolves the
most straightforward scheduling clashes.

e  Gradual Refinement: In the later generations, the
rate of improvement slows as the GA works to
solve the more complex, interdependent conflicts
that remain.

e Convergence to Feasibility: The algorithm
successfully finds a timetable with zero hard
conflicts around generation 115, at which point
the solution is considered feasible and the
primary objective is met.

This visualization provides clear evidence that the GA is
not simply searching randomly but is effectively evolving
the population of timetables toward a high-quality,
conflict-free solution. The final, generated timetable can
then be exported for practical use, as shown in Figure 3.

i GA-BaSEd . Algorithm Convergence Behavior
- Manual Scheduling o~ Hard Constraint Wolations
Metric P System (Average
rocess
of 10 runs)

Time to 2-3 working days  221.5 seconds _
Generate (approx. 16-24 (approx. 3.7 £
Schedule hours) minutes) g
Hard Frequent (5-10 4 4] feasible
Constraint conflicts on solutions found) Sw
Conflicts average per draft) §

High (multiple Low (data entry »

Manual Effort

Required staff, iterative and single-click

q checks) initiation)
Flexibility for Very low (requires High (can be re- o o w m e m e ® m % 10 momsio
Changes extensive rework)  run in minutes)  (Generstons

Fig 2. GA Convergence Plot Showing Reduction of Hard

To evaluate the consistency and reliability of the GA, the ) )
Conflicts Over Generations

experiment was conducted 10 times using the same dataset.
The system consistently succeeded in finding a conflict-
free timetable (zero hard constraint violations) in every run.
The performance metrics for these 10 runs are detailed in
Table 2, along with key statistical measures.

The results consistently show that the GA was able to find
feasible timetables with zero hard constraint violations.
This was achieved within a reasonable number of
generations (around 101-126) and computation time
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(around 3-4.5 minutes). The final output timetable can be
generated and exported (e.g., as a PDF, as shown Fig.3).
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Fig 3. Final production schedule based on GA forecasts

5. Discussion
This section interprets the experimental results, situates them within
the broader academic literature on timetabling, clarifies the study's
contributions, and acknowledges its limitations.

5.1 Interpretation of Key Findings

The results presented in Section 4 demonstrate the unequivocal
success of the GA-based system in solving the course timetabling
problem for the Faculty of Information Technology. The most
significant finding is the system's ability to consistently generate
timetables with zero hard constraint violations across all 10
experimental runs (Table 2). This directly addresses the primary
research objective of eliminating the persistent scheduling
conflicts inherent in the previous manual method. As highlighted
in Table 1, the automated system reduces the schedule generation
time from several days of intensive manual labor to an average of
under four minutes. This represents a transformative
improvement in administrative efficiency and reliability for the
faculty. The convergence plot (Figure 3) further confirms that this
success is not accidental, but the result of a structured
optimization process where the GA systematically eliminates
conflicts generation by generation.

5.2 Comparison with Existing Literature

The success of our GA implementation aligns with the general
consensus in the literature that GAs are a robust tool for the UTP
[11, 13]. For instance, our findings corroborate those of [15], who
also successfully addressed resource shortages using a GA.
However, our study extends these findings in a critical way.
While some previous works reported successfully satisfying a
"majority" of constraints [14] or noted remaining minor conflicts
in final schedules [7], our system's ability to achieve a fully
feasible, conflict-free solution demonstrates a higher level of
practical viability. This distinction is likely due to the careful
tailoring of the fitness function and the specific GA parameters

chosen to navigate the highly constrained problem space at Sebha
University.

Furthermore, this study addresses the reviewer's call to consider
alternative methods. While other powerful metaheuristics like
Simulated Annealing (SA) [8] and hybrid GA approaches [11]
have shown significant promise in timetabling, the results of this
study suggest that a well-tuned, standalone GA can be sufficient
and highly effective for solving problems of this specific scale
and complexity. The complete resolution of all hard constraints
without the need for a more complex hybrid algorithm
underscores the power of a focused approach when it is properly
adapted to the institutional context.

5.3 Novelty and Contribution to Knowledge

This research provides several novel contributions to the body of
knowledge in educational timetabling:

1. Practical Viability in a Resource-Constrained Context: This
paper presents one of the first documented cases of a
successfully deployed GA-based timetabling system in a Libyan
university. It serves as a practical blueprint for similar
institutions in developing regions that face severe constraints on
physical resources (rooms, labs) and time.

2. Demonstration of Guaranteed Feasibility: By consistently
achieving zero hard conflicts, this work moves beyond the "near-
optimal™ solutions often reported in the literature to provide a
solution that is immediately usable and reliable for
administrative purposes.

3. Transparent and Reproducible Benchmarking: By providing
detailed results over multiple runs, including statistical analysis
(Table 2) and convergence visualization (Figures 3 & 4), this
study offers a clear performance benchmark for future research
in similar contexts.

5.4 Limitations

Despite the successful outcomes, it is important to acknowledge
the study's limitations, which in turn suggest avenues for future
research. The experiments were conducted using data from a
single academic semester; testing across multiple semesters with
varying course loads would further validate the system's
robustness. While the GA parameters were effective for this
dataset, they were manually tuned. Future work could
implement automated parameter tuning mechanisms to adapt the
GA's behavior to different problem sizes.

Finally, the primary focus was on eliminating hard conflicts. The next
logical step, as outlined in the Future Work section (Section 6), is to
enhance the fitness function to explicitly optimize for soft constraints,
such as minimizing idle gaps in student schedules or accommodating
lecturer preferences, to further improve the overall quality of the
generated timetables.

6. Conclusion and Future Work

This paper presented the design, development, and evaluation of an
automated course timetabling system based on a Genetic Algorithm,
specifically tailored for the Faculty of Information Technology at
Sebha University. The research successfully addressed the significant
challenges associated with manual scheduling, particularly the
prevalence of conflicts and the extensive time and effort required.
The key contribution of this work is the development of a functional
electronic system that leverages the optimization capabilities of
Genetic Algorithms to automatically generate feasible and conflict-
free university course schedules. The experimental results, using real
data from the faculty, demonstrated that the system consistently
produced timetables satisfying all defined hard constraints, including
lecturer, student group, and room availability, capacity, and type
requirements. This was achieved efficiently, typically within 100-130
generations and under 5 minutes of computation time on standard
hardware.
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By automating this complex process, the system offers the Faculty of
Information Technology a practical tool to improve administrative
efficiency, reduce scheduling errors, and ultimately enhance the
educational environment by providing reliable and clash-free
timetables for students and staff. The study underscores the
effectiveness of GAs as a robust technique for solving complex, real-
world constraint satisfaction and optimization problems like university
timetabling, especially when adapted to specific institutional contexts.

Future Work
While the current system provides a significant improvement over
manual methods, several avenues exist for future research and
development:

e Soft Constraint Optimization: Enhance the fitness
function and GA parameters to explicitly optimize soft
constraints, such as minimizing lecturer/student idle time,
accommodating detailed preferences more actively, and
ensuring a balanced distribution of lectures throughout the
week. Evaluating the trade-offs between different soft
constraints would also be valuable.

e Scalability and Robustness Testing: Conduct more
extensive testing across multiple academic semesters and
potentially larger datasets (e.g., incorporating data from
other faculties) to further assess the system'’s scalability and
robustness under varying conditions.

e  User Interface Enhancements: Improve the web-based
user interface to include features like interactive timetable
visualization, drag-and-drop adjustments (with immediate
constraint validation), and more detailed reporting
capabilities.

e Hybrid Approaches: Investigate the potential benefits of
integrating the GA with other optimization techniques, such
as local search algorithms (e.g., Simulated Annealing, Tabu
Search), to potentially refine the solutions found by the GA
and further improve schedule quality, particularly regarding
soft constraints.

e Integration with University Systems: Explore the
possibility of integrating the timetabling system with other
existing university information systems, such as student
registration systems or faculty workload management tools,
to streamline data flow and enhance overall administrative
coherence.

e Parameter Auto-Tuning: Implement mechanisms for
automatic tuning of GA parameters (like mutation rate or
population size) based on the specific characteristics of the
input data, potentially improving performance across
different scheduling scenarios.

Addressing these areas would further enhance the capabilities and
practical utility of the automated timetabling system.
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