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Article history ABSTRACT

This article investigates the university course timetabling problem, a challenging combi-
natorial optimization problem encountered by educational institutions when allocating
courses to available time slots and classrooms while satisfying numerous institutional
requirements. A mathematical formulation is proposed distinguishing between hard con-
straints (strictly enforced) and soft constraints (penalised to improve timetable quality).
Owing to the NP-hard nature of the problem, exact optimization techniques become
computationally prohibitive for large-scale instances. Consequently, a genetic algorithm
is developed with constraint-aware operators and a repair mechanism to efficiently ex-
plore the search space and generate high-quality feasible timetables. The proposed
approach is evaluated on two realistic datasets involving 15 and 69 courses, using 10
independent runs to ensure statistical robustness. Results show that the algorithm
achieves 100% hard constraint satisfaction, an average room occupancy of 78%, with
only minimal soft constraint violations (1 capacity overbooking and 2 room-type mis-
matches out of 15 courses), and generates feasible timetables in 45 seconds—compared
to 4 hours of manual effort. A graphical user interface equipped with performance
indicators is introduced to facilitate result interpretation and support administrative
decision-making. These findings demonstrate that genetic algorithms provide an ef-
fective practical solution for university timetabling, with potential for deployment in
medium-sized institutions.
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I. INTRODUCTION tion: ensuring that optimization models are both ver-

satile and comprehensive, handling operational distur-

The construction of timetables is a repetitive and some-
times complex task for educational institutions. It in-
volves scheduling courses, instructors, classrooms, and
student groups within a limited time period, subject to
practical constraints such as room availability, class sizes,
and teacher availability. As institutions grow and pro-
grams diversify, this process becomes increasingly diffi-
cult to manage manually, driving the adoption of com-
putational methods and optimization techniques.

The growing need for efficiency, robustness, and
adaptability drives the transition from manual to au-
tomated scheduling. Galli and Stille [1] identify three
main categories of challenges in timetabling optimiza-

bances, and integrating timetabling with other planning
steps. Scheduling has many application areas, one of the
most important being educational timetabling. This in-
cludes school timetabling (assigning lessons to time slots
without conflicts), course timetabling (scheduling univer-
sity lectures to avoid student overlaps), and examination
timetabling (scheduling exams to minimize conflicts and
distribute workload fairly). While these domains share
common challenges, this article focuses specifically on the
university course timetabling problem.

To address these complex combinatorial problems, re-
searchers have increasingly adopted metaheuristic opti-
mization techniques. Among these, genetic algorithms
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(GAs) have proven particularly effective The Interna-
tional Timetabling Competition and other studies show
that Genetic Algorithms are really good. They do
well in areas, not just one. For example International
Timetabling Competition editions and other indepen-
dent studies look at how Genetic Algorithms work.
They check things like how Genetic Algorithms meet
the hard requirements how well they do with soft re-
quirements and how long they take to run. When you
look at all these things together Genetic Algorithms
are often, among the best. This is what the Interna-
tional Timetabling Competition and other studies have
found about Genetic Algorithms [2H4]. Inspired by the
principles of natural evolution—selection, crossover, and
mutation—GAs provide a powerful framework for explor-
ing large solution spaces and identifying near-optimal
solutions [5]. Their application to timetabling prob-
lems has demonstrated strong performance in generating
high-quality schedules within reasonable computational
time [6]. We want to make it clear that when we talk
about the effectiveness of something we are looking at a
lot of things. We consider things like quality and fea-
sibility and time. We are not saying that one way is
better than all the others. For problems it is still best
to use exact methods.. For some specific problems single
solution metaheuristics can be just as good, as Genetic
Algorithms. |7].

A.  Problem Statement and Research Objectives

The university course timetabling problem (UCTP) con-
sists of assigning a set of courses to available time slots
and rooms while satisfying various institutional require-
ments. The primary challenge lies in the NP-hard nature
of the problem, which makes exact optimization meth-
ods computationally prohibitive for real-world instances.
Despite extensive research, several gaps remain: (i) the
gap between theoretical models and practical implemen-
tations, (ii) the need for user-friendly tools accessible
to non-expert administrators, and (iii) the lack of com-
prehensive evaluation frameworks that combine solution
quality with practical usability.

The main objectives of this study are: (1) to develop
a mathematical formulation that captures both hard and
soft constraints of university timetabling, (2) to design
and implement a genetic algorithm that efficiently gen-
erates high-quality feasible timetables, (3) to develop a
graphical user interface that facilitates the practical use
of the optimization system, and (4) to evaluate the pro-
posed approach on realistic datasets and compare it with
manual scheduling practices.

B. Contributions

The main contributions of this work are:
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1. A complete mathematical formulation of the uni-
versity course timetabling problem with clearly de-
fined hard and soft constraints.

2. An implementation of a genetic algorithm with
constraint-aware operators and a repair mechanism
specifically designed for educational timetabling,
where capacity and room suitability constraints
are treated as soft constraints with high penalty
weights to reflect real-world flexibility.

3. A graphical user interface that bridges the gap
between algorithmic research and administrative
practice.

4. Experimental evaluation on realistic datasets (15
and 69 courses) with 10 independent runs and com-
parative analysis against manual scheduling.

5. A statistical dashboard providing real-world per-
formance indicators for decision-making support.

C. Paper Organization

The remainder of this article is organized as follows. Sec-
tion 2 provides a comprehensive review of related work
in educational timetabling, including high school, course,
and examination timetabling, with a synthesis table com-
paring their characteristics. Section 3 presents the math-
ematical formulation of the timetabling problem, includ-
ing sets, parameters, decision variables, hard constraints,
soft constraints, and the complete optimization model.
Section 4 describes the proposed genetic algorithm, in-
cluding chromosome representation, fitness function, ge-
netic operators, and the graphical user interface. Section
5 presents the experimental results on both small and
large instances. Section 6 discusses the findings, com-
pares with other approaches, and addresses limitations.
Finally, Section 7 concludes the paper and outlines di-
rections for future research.

II. RELATED WORK

A.  Understanding the Timetabling Problem

The educational timetabling problem is a challenging
computational issue [8] of significance to researchers in
operations research and artificial intelligence. Academic
scheduling has several variations, including high school
timetabling, university course timetabling, and exami-
nation timetabling [9,/10]. While these domains share
common challenges, this article focuses specifically on
university course timetabling, which is characterized by
diverse student enrollments, flexible curricula, and com-
plex conflict detection.

Wren [11] defined timetabling as “the allocation of
given resources to specific objects being placed in space-
time, in such way as to satisfy as nearly as possible
a set of desirable objectives, subjected to constraints.”
The availability of knowledge for developing timetabling
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software has resulted in enhanced techniques and more
thorough models [12]. These advancements have pro-
moted new methods for space utilization and interactive
scheduling [13]. However, the range of constraints, the
complexity of the issue, and specific institutional needs
have made it increasingly challenging to discover a uni-
versal solution [14].

The timetabling problem is classified as NP-hard
and NP-complete |15], indicating that many timetabling
problems cannot be solved in polynomial time. Compu-
tational heuristics are therefore commonly used to ob-
tain feasible near-optimal solutions |16]. Despite exten-
sive research, a disconnect remains between theory and
practice. McCollum and Ireland [12] noted that finding
a universally applicable model is challenging as different
institutions have different constraints. Numerous studies
utilize specific datasets |17], limiting generalizability.

B. Classification of Timetabling Domains

Figure 1 provides a visual taxonomy of these three main
categories of educational timetabling problems.

Educational
Timetabling

Examination
Timetabling

Scheduling exams
to avoid conflicts

Y

Assigning lectures
to time slots and
rooms

Y

Course Timetabling

Timetabling classes
with teachers and
groups

High School
Timetabling

. J

Figure 1: Classification of educational timetabling
problems.

1. High School Timetabling

As illustrated in Figure educational timetabling is
divided into three main categories. In high school
timetabling, a set of events of arbitrary duration is given
with resources: students, classes, teachers, and rooms.
The problem is to assign values to avoid clashes while
satisfying hard constraints (e.g., no overlapping events)
and soft constraints (e.g., minimizing idle periods). The
problem is NP-hard, so heuristic and metaheuristic ap-
proaches are commonly applied [18]. Schaerf [19] de-
scribes a local search algorithm with adaptive relaxation
of hard constraints, successfully tested in several large
high schools.
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2. Course Timetabling

Course timetabling assigns university lectures to time
slots and rooms, minimizing conflicts between courses
sharing students [20].  The university context is
more complex than high school due to diverse elec-
tive/compulsory module combinations. The problem is
NP-hard [4].

Constraints are classified as hard (strictly enforced)
and soft (preferences with penalty costs) [17]. In our im-
plementation, capacity (C4) and room suitability (C6)
constraints are treated as soft with high penalty weights
to reflect real-world flexibility, while unique assignment
(C1), teacher conflicts (C2), student conflicts (C3), and
room occupancy (C5) are strictly enforced as hard con-
straints.

Metaheuristic approaches include genetic algorithms,
simulated annealing, and tabu search [7]. Hybrid ap-
proaches combining metaheuristics with integer pro-
gramming or constraint propagation have demonstrated
strong performance [21]. The CB-CTT (Curriculum-
Based Course Timetabling) formulation from the Inter-
national Timetabling Competition (ITC) serves as an
industry-standard benchmark [2]. Recent research has
explored hyper-heuristics and machine learning to im-
prove adaptability [22].

3. FEzxamination Timetabling

Examination timetabling assigns examinations to time
periods and rooms while satisfying hard constraints (e.g.,
no student conflicts, room capacity) and soft constraints
(e.g., reducing successive exams) [22|. The problem is
NP-hard, making exact methods impractical for large
instances [23]|. Hybrid approaches combining constraint
programming and local search have been explored [24].
However, examination timetabling remains institution-
specific, requiring flexible and scalable methods [2].

C. Research Progress and Synthesis

Timetabling problems have been extensively studied in
combinatorial optimization due to their practical rele-
vance and computational complexity. A central aspect
lies in the definition and handling of constraints, which
determine the feasibility and quality of any generated
schedule.

Constraints are classified into two main categories.
Hard constraints define the essential feasibility require-
ments and must be strictly satisfied; violations ren-
der a solution infeasible. These include preventing stu-
dent conflicts, avoiding exceeding room capacities, en-
suring exclusive resource assignment, and respecting
fixed scheduling requirements [17,[20]. Soft constraints
correspond to preference-based conditions that improve
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timetable quality—reducing back-to-back events, ensur-
ing even spread of events, respecting preferred time slots,
and accommodating room preferences. These are vio-
lated at a penalty cost in the objective function, allowing
models to reflect real-world requirements where feasibil-
ity alone is insufficient [25]. This hard/soft distinction is
fundamental across timetabling domains [4,/17].

Research has been heavily influenced by benchmark
problems such as Curriculum-Based Course Timetabling
(CB-CTT) from the International Timetabling Competi-
tion (ITC). These benchmarks enable standardized eval-
uation of algorithmic performance and facilitate compa-
rable solution approaches [3}26]. Consequently, the field
has seen diverse metaheuristic and hybrid methods with
explicit constraint handling mechanisms for feasible and
optimal solutions [22].

D. Chronological Fvolution of Solution Methods

Apart from simply enumerating the constraints, it is
worth investigating how the algorithms and techniques
used to solve educational timetabling problems have been
developed and how improvements have been made over
each other. The initial attempts at solving the educa-
tional timetabling problem were made by modelling it
as agraph-colouring problem, whereby the nodes repre-
sented events, the edges connected those events sharing
a common teacher, student set or classroom, and colour-
ing was the proper way to assign conflicting events to
different timeslots [8,[27]. Graph colouring was a neat
abstract formulation and allowed efficient constructional
algorithms to be devised, but it could not represent room
size, suitability or preferences. Integer Programming /
Mized Integer Programming (IP/MIP) was specifically
designed in order to address such problems: Daskalaki
et al. |28] modeled university scheduling as an IP which
precisely captures all capacity, ordering and assignment
constraints, providing optimality guarantees for smaller
instances — but the exponential explosion of the model
makes it infeasible even with just a few dozens of courses.
In order to make IP scale, the research community had
to resort to metaheuristics (Simulated Annealing, Tabu
Search, Genetic Algorithms) [5}7], sacrificing optimality
guarantees in favor of being able to explore vast spaces;
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GA specifically improved upon one-shot metaheuristics
by using a pool of solutions [6|. Hyper-heuristics how-
ever, took the abstraction level further by conducting
search over the space of (lower-level) heuristics rather
than solutions, making the algorithms more general-
izable across instances while requiring less tuning for
each data set than classical metaheuristics [29,/30].In re-
cent times, machine-learning and reinforcement-learning
modules have been integrated into metaheuristics to
guide the choice of operators and parameters. For in-
stance, Pan et al. [31] used reinforcement learning to
dynamically adjust a GA and showed that it resulted in
faster convergence compared to the base static GA, while
more advanced GAs were able to substantially reduce
conflicts [32]. Currently, deep reinforcement learning and
large language model-based approaches are considered as
scheduling models using data-driven methods, but their
reproducibility and constraint-feasibility guarantees re-
main open questions.The clear evolutionary path is that
each generation refined the previous one on a partic-
ular dimension: graph coloring — expressiveness (IP)
— scalability (metaheuristics) — generalization (hyper-
heuristics) — adaptability (machine learning, deep rein-
forcement learning, large language model). This particu-
lar genetic algorithm presented in this article is situated
at the metaheuristics phase of this evolution, purposely
enhanced by a repair operator which brings back the con-
straint satisfaction rigors of the IP phase.

To conclude, three practical lessons that stem directly
from this literature and inform the proposed design in
the following sections, replacing any general claim on the
challenge of combining hard and soft constraints, are the
following: (i) feasibility has to be ensured either con-
structively or explicitly by means of a repair phase, since
one violation of a hard constraint would make the result-
ing timetable inapplicable; (ii) soft criteria have to be
treated by means of a weighted objective function with
weights reflecting the institutional preferences and ad-
justable on a per-institution basis; and (iii) population-
based search complemented with a repair phase is the
strategy with the best feasibility vs quality vs running
time trade-off in the case of small and medium-size in-
stances—exactly as in Sections 3 and 4.

Table 1: Comparison of educational timetabling domains

Domain Key Characteristics

Main Constraints

Common Approaches

High School Fixed student

weekly schedule

groups,

Course Diverse enrollments, flexi-
ble curricula
Examination Single event per course,

limited slots

Teacher/student
room availability
Lecturer conflicts, room ca-
pacity, student conflicts
Student conflicts, room ca-
pacity, exam spreading

conflicts, Local search, GA
GA, SA, TS, Hyper-heuristics

SA, GA, CP, Hybrid
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In our implementation, four constraints are strictly
enforced as hard: unique assignment (C1), teacher con-
flicts (C2), student conflicts (C3), and room occupancy
(C5). Capacity (C4) and room suitability (C6) are
treated as soft constraints with high penalty weights (10
and 5 respectively), reflecting real-world flexibility where
overbooked rooms or unsuitable venues may be unavoid-
able but strongly discouraged.

This synthesis of the literature informs the mathe-
matical formulation and genetic algorithm design pre-
sented in the following sections. The next section for-
malizes the timetabling problem through sets, parame-
ters, decision variables, and the complete optimization
model.

III. MATHEMATICAL FORMULATION OF

THE TIMETABLING PROBLEM

In order to apply optimization techniques such as Genetic
Algorithms (GAs), the timetabling problem must first be
expressed as a mathematical optimization model |17}/20].
This formulation defines the input data, decision vari-
ables, constraints, and objective function that charac-
terize the scheduling problem [33|. The resulting model
serves as the foundation for implementing heuristic and
metaheuristic optimization approaches [5[34].

A. Sets and Parameters

Let the following sets be defined [35]:
E : set of events to be scheduled
T : set of available time slots
R : set of available rooms
S : set of student groups
P : set of teachers or instructors
For each event e € E the following parameters are
known:
e duration(e): number of consecutive time slots re-
quired by event e
e size(e): number of students attending event e
o teacher(e) € P: teacher assigned to event e
e group(e) C S: set of student groups attending
event e
Each room r € R is associated with a maximum ca-
pacity denoted by cap(r).

B. Decision Variables

The timetabling assignment is represented using the fol-
lowing binary decision variable [14L]17]:

if event e is scheduled in time slot t and room r

1
Te,t,r = .
T {0 otherwise
(1)
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For events requiring multiple consecutive periods, the
formulation may either use additional linking constraints
or define variables corresponding to the starting time slot
of the event [3].

C. Hard Constraints

Hard constraints define the feasibility conditions of the
timetable. Any violation of these constraints results in
an infeasible solution [20}33].

C1 - Unique Assignment Constraint. Each event
must be assigned exactly once [17]:

Z Z Tet,r = 17

teT reR
C2 - Teacher Conflict Constraint. A teacher can-
not be assigned to more than one event during the same
time slot [10L19]:

S Y <1,
ecE, reR
where E, = {e € E | teacher(e) = p}.
C3 - Student Conflict Constraint. A stu-
dent group cannot attend multiple events simultaneously
[17,20):

Ve e E (2)

VteT,Vp e P (3)

Y werr <1, VteTVseS (4)

ecEsreER
where E; = {e € E | s € group(e)}.
C5 - Room Occupancy Constraint. A room
cannot host more than one event during the same time
slot |10,/17]:

Z Tet,r <1,

eclE

VteT,Vr € R (5)

D. Soft Constraints and Objective Function

Unlike hard constraints, soft constraints correspond to
preferences intended to improve timetable quality. Vio-
lations are permitted but penalized through the objective
function [2,20].

In our implementation, the following soft constraints

are considered:

e C4 - Room Capacity Constraint (soft). The
assigned room should accommodate all students at-
tending the event. Occasional overbooking is per-
mitted but penalized with weight w4 = 10 [13},36]:

Penalty if z. ¢, - size(e) > cap(r)

¢ C6 - Room Suitability Constraint (soft).
Events requiring specialized rooms should be as-
signed to suitable rooms when possible. Mis-
matches are penalized with weight we = 5 [4L/11]:

Penalty if 2o, =1 and r ¢ R,
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minimizing gaps between classes for students

respecting preferred teaching periods

clustering related courses together

balancing workload distribution across the week

minimizing consecutive lectures or examinations
Each soft constraint violation is associated with a

penalty weight wy. The overall objective function is

therefore defined as [7.[17]:

K
F(z) = Z wy, - vg () (6)
k=1

where:
e v (x) represents the number or severity of viola-
tions associated with soft constraint k
e w;, denotes the importance weight assigned to that
constraint
The penalty weights used in our implementation are:
capacity violation (wy = 10), room type mismatch
(wg = 5), teacher preferences (w = 2), and student gaps
(w = 1). These weights were empirically determined to
reflect the relative importance of each constraint, with
capacity violations considered the most critical.
The optimization objective consists of minimizing the
total penalty value while maintaining feasibility with re-
spect to all hard constraints [3}14].

E.  Complete Optimization Model

The academic timetabling problem can therefore be
formulated as the following combinatorial optimization
problem [15}20L33]:

min F(x) (7)
subject to: hard constraints C1, C2, C3, C5, and any
additional institution-specific scheduling requirements.

Because the timetabling problem is NP-hard [15}/16],
exact optimization methods become computationally ex-
pensive for large real-world instances. Consequently,
metaheuristic approaches such as Genetic Algorithms are
widely adopted to efficiently explore the search space and
generate near-optimal feasible timetables [5],34,37].

In the GA framework, each chromosome represents a
timetable assignment encoded through the decision vari-
ables . ; . The fitness function is generally derived from
the objective function and aims to minimize soft con-
straint penalties while preserving feasibility. A common
fitness definition is [5,/17]:

1
Fitness(z) = ————

1+ F(z) ®)

or equivalently the negative value of F(z), depending
on the optimization strategy used.
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In order to explicitly express how hard constraints are
treated in the formulation stage and not just in the im-
plementation stage, we define a two-level (death penalty)
fitness function. We let H(2) = 3_ c(c1,02,03,05) he(®)
be the sum of the number of hard-constraint violations
in a timetable x with respect to the hard constraint c.

1
5 if H(z)=0 (feasible),
Fitness(z) = 1+ Zg w vg ()
T HE HE) >0 (infeasible),

(9)
where M is a very large constant such that M >
maxy wy and € — 0T. So, individuals with even one
hard constraint receive near-zero fitness values and are
practically removed from the population by the selection
pressure; only the soft constraint violations vy, are taken
into account in the fitness function via the weighted sum.
In other words, hard constraints are used as a multiplica-
tive or death penalty (feasibility gate), whereas soft con-
straints are used as an additive penalty (quality grading);
this is the formal definition of the term “hard” and “soft”
used in the whole paper. Practically, however, the repair
operator (see Section 4, Algorithm [I] line 9) fixes almost
all constraints violations prior to the evaluation.

IV. PROPOSED GENETIC ALGORITHM

A.  Owerview of Solution Paradigms

The literature offers a variety of solution paradigms, in-
cluding exact methods such as integer programming, hy-
perheuristics and hybrid approaches. In this article we
deal with genetic algorithms (GAs). GAs are especially
well-suited for timetabling because they can search large
and complex solution spaces and deal with multiple con-
straints at once.

1. Ezact Methods

Exact methods, such as Integer Programming (IP),
Mixed Integer Programming (MIP) and Constraint Pro-
gramming (CP), seek to find the best solution to a prob-
lem by thoroughly searching through the set of potential
solutions using a mathematically precise method. These
methods are created with the use of sophisticated solvers
such as CPLEX and Gurobi for IP/MIP and Choco or
OR-Tools for CP. All of these methods have an excel-
lent ability to ensure feasible and optimal solutions, par-
ticularly for small to medium sized examples. In par-
ticular, CP has an expressive and adaptable method of
model representation that provides a means to directly
express timetabling constraints (such as conflicts and ca-
pacity) without the need to linearize [17]. However, ex-
act methods have a severely limited practical applica-
bility due to their extreme computational complexity.
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The timetabling problem is nondeterministic polynomial
(NP-hard) |[15], indicating that the number of feasible
solutions (as a function of instance size) grows exponen-
tially. For example, a typical university setting with 200
exams and 20 possible time slots will have a huge num-
ber of possible schedules (approximately equal to 202°0)
making it infeasible within reasonable time bounds to
use exact methods on large scale problems. Thus, exact
methods are typically only used on small problems, or
as part of hybrid methods like combining CP with local
search |24]. For challenging or larger problems in schedul-
ing, researchers and practitioners usually use heuristic or
meta-heuristic methods to trade optimality for computa-
tional efficiency, aiming to obtain high-quality solutions
within acceptable time limits compared to the amount of
time it takes to develop an optimal solution.

2. Heuristic and Metaheuristic Methods

The NP-hard characteristics of timetabling problems re-
sult in the inaccessibility of exact optimization tech-
niques when dealing with large-scale, real-world in-
stances. As a result, heuristic and metaheuristic tech-
niques have been adopted widely for use in finding near-
optimal solutions to these problems in a reasonable
amount of time. Unlike exact methodologies that are
guaranteed to produce global optima, heuristic and meta-
heuristic methods will provide good feasible solutions by
effectively exploring the solution space.

The heuristic method is typically characterized by be-
ing problem-specific, where knowledge of the domain has
been used to create a strategy for quickly developing or
improving feasible solutions. Specific examples would be
the development of graph-coloring heuristics, sequential
assignment techniques, and greedy scheduling methods.
While heuristics are an efficient method for developing a
good feasible solution, they can limit the amount of ex-
ploration available to the algorithm and are quite likely
to become stuck in a poor local optima.

Metaheuristic algorithms are being used extensively
by the research community to overcome the exploration
limitations of heuristics by providing a greater degree
of freedom within the solution space as well as a global
search mechanism. The most widely utilized meta-
heuristics within the educational timetable literature in-
clude Simulated Annealing (SA), Tabu Search (TS), Ant
Colony Optimization (ACO), Particle Swarm Optimiza-
tion (PSO), and Hyper-Heuristics [7}22,23]. To efficiently
search large and heavily constrained search spaces, these
methods create a balance between exploration and ex-
ploitation.

To give a view that does not focus only on genetic al-
gorithms each of these methods is described one by one
below. Simulated Annealing accepts moves with a prob-
ability that is controlled by temperature, which helps
Simulated Annealing to get out of local optima. This
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has made Simulated Annealing one of the methods that
use a single solution especially when it comes to creating
examination timetables. Simulated Annealing is really
good, at this because it can escape optima. [23]. Tabu
Search (TS) method really helps with finding solutions
by not allowing the system to try things that were just
tried. It does this by keeping a list of things that were
just done called a tabu list. People often say that this
method is just as good as or even better than the simu-
lated annealing method when it comes to making sched-
ules for classes. The tabu search method is very useful
for things, like course timetabling. [7]. Ant Colony Op-
timization (ACO) is a way to find solutions by using
trails that get stronger when they lead to results. These
trails are like signs that say this path is an one. Par-
ticle Swarm Optimization is another method that uses
a group of schedules and moves them around based on
the best schedules found so far. Both Ant Colony Opti-
mization and Particle Swarm Optimization work with a
group of solutions like Genetic Algorithm does but they
share information in different ways. Ant Colony Opti-
mization and Particle Swarm Optimization are good, at
finding the solutions because they use the whole group
to help each other out. [22]. Constructive methods like
GRASP and Variable Neighbourhood Search are really
useful. These methods use an approach and then improve
it. Variable Neighbourhood Search switch between build-
ing a solution and making small changes to it. When peo-
ple compare these methods they find that no one method
is always the best. The performance of GRASP and Vari-
able Neighbourhood Search depends on the problem and
the rules that need to be followed. This is why peo-
ple are now combining methods, like GRASP and Vari-
able Neighbourhood Search to create something even bet-
ter. [22,[30]. The genetic algorithm is used in this work
because it works well with a repair operator. This is
what we need for the sized instances we are looking at.
The genetic algorithm is not the solution for every prob-
lem but it is a good choice here because it uses a group
of solutions and combines them in a natural way. This
gives us a balance between finding solutions that work
and finding the best solutions. The genetic algorithm is
a fit, for the medium-sized instances we are targeting.

Comparative studies in other NP-hard domains, such
as routing and wavelength assignment in optical net-
works, have also shown that genetic algorithms and tabu
search can effectively balance exploration and exploita-
tion [38.[39]. Although these studies address optical net-
work optimization, they are relevant because they val-
idate the behavior of GA and TS on other NP-hard
combinatorial problems with complex constraints, sup-
porting their applicability to timetabling. Furthermore,
even simpler random optimization algorithms have been
applied to problems like static manycast RWA, achiev-
ing reasonable solutions without complex parameter tun-
ing [40].

Journal homepage: www.ijceds.com

15



,(J IJCEDS

International Journal of Computer Engineering and Data Science (ISSN: 2737-8543)
Volume 5-Issue 2, April - June 2026

Table 2: Comparison of solution approaches for timetabling

Strengths

Weaknesses

Approach
Genetic  Algo-
rithm

Exact (IP/CP)
methods
Manual
ning
Simulated An-

plan-

Flexible, handles mul-
tiple constraints, finds
near-optimal solutions
quickly

Guaranteed  optimal
for small instances
Full control, transpar-
ent

Good local exploita-

Parameter sensitivity,
no guarantee of global
optimum

NP-hard for
courses

Time-consuming,
consistent quality
May get trapped in lo-

> 30

in-

nealing / Tabu tion

Search

cal optima

B. Genetic Algorithm Components

GAs perform a population-based search using selection,
crossover, and mutation operators to iteratively improve
candidate timetables [5,/6]. The main components of our
implementation are:

e Encoding: Each chromosome is a vector of
length |E| where each gene encodes a pair (room,
time_slot) for a specific course. This ensures
unique assignment (constraint C1) is automatically
satisfied.

e Fitness Function: Defined in Equation , it
minimizes the weighted sum of soft constraint vi-
olations, with hard violations rendered infeasible
(very low fitness).

e Selection: Tournament selection (tournament size
= 3) balances pressure and diversity.

e Crossover: Single-point crossover, applied with
probability 0.9.

e Mutation: With probability 0.05, a randomly se-
lected gene is reassigned a valid (room, time _slot)
pair.

e Repair Operator: After crossover and mutation,
the repair operator checks for hard constraint vi-
olations (teacher conflicts, room occupancy) and
resolves them by reassigning conflicting events to
free slots.

e Elitism: The best solution is preserved in each
generation to prevent quality degradation.

Several advanced GA variants have been proposed to
further improve timetabling performance. Recursive Ge-
netic Algorithms iteratively refine subproblems [6], while
Guided Search Genetic Algorithms incorporate heuris-
tic information to reduce infeasible offspring [14]. Our
implementation focuses on a practical, constraint-aware
design with a dedicated repair operator, making it par-
ticularly suitable for real-world university scheduling.

Beyond describing these parts it is worth looking into
why the design choices are important. They really affect
how doable and good the final result is. There are three

ways to encode timetables in studies:

e Direct encodings, where each part stores the room
and time slot of an event. This is the method used
here. It makes sure that each event has a time and
room but it can create problems, with teachers and
rooms that have to be fixed.

e Permutation encodings, where the order of events
is decided first and then placed by a decoder. These
work well to keep things but can make it hard to
find good solutions because many things depend on
each other.

e Grouping encodings, which group events that hap-
pen together and work well for scheduling rooms
and periods.. They need special methods to work
properly. [4,6].

The reason why naive crossover is a problem is that
it can mess up the schedule. When you combine two
schedules it can put two events with the same teacher or
in the same room, at the same time. This is an issue.
That is why people usually use crossover with methods
that keep the schedule feasible or they use a repair step
like we do to fix the problems that crossover causes with
the naive crossover method and the schedule. |14].When
it comes to operators people usually choose tournament
selection. They often use it with single-point or uniform
crossover. These are the methods that people talk about
the most. Some studies have compared these methods.
They found that having a repair or local-search step is
really important for getting good results. This step is
more important than the selection or crossover method
that people use. Operators, like these are used with tour-
nament selection and point or uniform crossover. [6}41].
These findings from the analysis. Than just doing things
the usual way. Show that the design used in this study
is a good idea.
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The design is aware of the constraints. It tries to re-
pair things, which is what makes it work. The findings,
from the analysis justify the design used in this study.

C. Genetic Algorithm Optimization Process

The optimization flow follows the standard GA cycle il-
lustrated in Figure [2} The algorithm starts with a ran-
domly initialized population of timetables, ensuring di-
versity to avoid premature convergence [14]. Fitness eval-
uation follows the penalty-based formulation defined in
Section 3.4. Parent selection uses tournament selection,
crossover and mutation are applied as described above,
and the repair operator ensures feasibility. The process
continues until a stopping criterion is met (maximum
generations or convergence).

Figure |3| illustrates the conceptual distinction be-
tween hard and soft constraints in the optimization pro-
cess. Algorithm [I] presents the complete pseudocode of
our GA implementation.

D(Eroblem input dat§)4

Initialize population
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{ Hard Constraints ] { Soft Constraints

{Cl: Unique assignment {04: Room capacity]

{02: Teacher conflicts {CG: Room suitability]

Teacher preferences]

[ C3: Student conflicts

Penalty weights
{052 Room occupancyr g[ Student gaps ]

Strictly enforced Penalised

Figure 3: Conceptual distinction between hard and soft
constraints in timetabling optimization.

Algorithm 1 Genetic Algorithm for University Course
Timetabling

Require: Population size N, max generations Gqz,
crossover rate P., mutation rate P,

Ensure: Best feasible timetable x*
1: Initialization:
2: Generate initial population Py of size N with random
valid assignments

: Evaluation:

: Compute fitness f(z) for each individual using
Eq.

5: Evolution:

6: for gen =1 to Gipae do

> W

7 Selection: Select parents using tournament se-
> Evaluate fitness lection (size 3) . . .
8: Crossover: Apply single-point crossover with
rate P, to generate offspring
) 9: Mutation: Apply mutation with rate P, (reas-
Next generation .
et es = sign random gene)
-opping K . s . ) 10: Repair: Enforce hard constraints (C1, C2, C3,
criterion? imetable = .. ..
C5) by reassigning conflicting events
11: Evaluation: Compute fitness for offspring
No 12: Elitism: Preserve best individual from previous
generation
[ Selection ] 13: Replace population with new generation
14: end for
15: return Best individual z* with highest fitness
[ Crossover ]
This algorithm ensures that all hard constraints are
satisfied through the repair operator, while soft con-
straints are minimized via the fitness function. The com-

\{ Mutation & repair ]

Figure 2: Flowchart of the genetic algorithm
optimization process.

bination of constraint-aware operators and a repair mech-
anism is the key innovation of our implementation, en-
abling the generation of high-quality feasible timetables
for real-world instances.
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D. Implementation Details
1. Problem Instance and Data

The algorithm was evaluated on two realistic university
scheduling instances. The first instance comprises 15
courses, 8 rooms, and 10 time slots (2 per day over 5
days). The second, larger instance consists of 69 courses
and 25 rooms, reflecting a more complex departmental
scheduling scenario.

Each course is characterised by:

e Required room capacity (student count)

e Course type (CM, TD, TP)

o Assigned teacher

e Optional time and room preferences

Table [3] summarises the key characteristics of both
datasets. All experiments were conducted with 10 in-
dependent runs using different random seeds to ensure
statistical robustness. Results are reported as average
values with standard deviations where applicable (see Ta-

ble @

Table 3: Characteristics of the datasets used for
evaluation

Characteristic Instance 1 Instance 2
(Small) (Large)

Number of courses 15 69

Number of rooms 8 25

Room capacities
Time slots

Course types
Number of teachers
Number of student
groups

Time/room prefer-
ences

20-100 seats
10 (2 per day
x 5 days)
CM, TD, TP
8

6

Optional

20-200 seats
10 (2 per day
x 5 days)
CM, TD, TP
32

18

Optional

2. Chromosome Representation

A direct representation is used: each chromosome is a
vector of length equal to the number of courses. Each
gene encodes a pair (room, time slot) for a specific
course. This representation ensures that every course
appears exactly once, automatically satisfying hard con-
straint C1 (unique assignment).

3. Constraint Classification
Following the mathematical formulation in Section 3,

constraints are classified as follows:

Hard constraints (strictly enforced):
e C1: Unique assignment — each event assigned ex-
actly once

Volume 5-Issue 2, April - June 2026

e C2: Teacher conflicts — no teacher assigned to
multiple events simultaneously

e C3: Student conflicts — no student group attends
multiple events simultaneously

e C5: Room occupancy — no room hosts more than
one event per time slot

Soft constraints (penalised in the fitness func-
tion):
e C4: Room capacity — each room must accommo-
date all attending students (penalty weight = 10)
e C6: Room suitability — events requiring spe-
cialised rooms must be assigned appropriately
(penalty weight = 5)
o Teacher time preferences (penalty weight = 2)
e Student gap minimisation (penalty weight = 1)
This distinction reflects practical university schedul-
ing: while capacity and room-type mismatches are un-
desirable, they are occasionally unavoidable and can be
resolved through manual adjustments. Treating them as
soft constraints with high penalty weights allows the al-
gorithm to find feasible schedules in tightly constrained
instances while strongly discouraging violations.

4. Fitness Function

The fitness function evaluates a timetable by penalising
violations of soft constraints. Hard constraints (C1, C2,
C3, C5) are strictly enforced: any violation renders the
solution infeasible, and such individuals are assigned a
very low fitness value.

Fitness is defined as:

1

T 10
1+kak'1}k ( )

Fitness =

where:
e v}, is the number of violations of soft constraint &
e wy, are empirically determined penalty weights:
— Capacity violation: w = 10
— Room type mismatch: w =5
— Teacher preference: w = 2
— Student gaps: w=1
Let’s set the record straight on hard constraints and
how they show up in this evaluation. Equation is
only about soft constraint violations—it ignores the hard
ones. You won’t see hard constraints just added into the
mix with a huge weight or anything like that. They act as
strict gatekeepers thanks to the death-penalty rule laid
out in Equation @: how it works: If someone racks up
even one hard violation (H(x) > 0), their fitness gets
crushed to something like e/(1 + M - H(z)), with M
set way higher than any of the soft constraint weights.
So, no matter how great the rest of the scores look, a
hard constraint slip-up wipes out the fitness—no excep-
tions. There are a few ways we handle hard constraints:
First, the encoding step always guarantees C1 is satisfied.
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Next, the repair operator fixes C2, C3, and C5 before we
even start scoring anyone. And if something somehow
gets by, the death-penalty rule takes care of the strag-
glers. Only the soft constraints—C4 and C6—along with
those teacher-preference and student-gap terms, actually
go into the weighted sum inEquation .

These weights were chosen to reflect the relative im-
portance of each constraint, with capacity violations con-
sidered the most critical. A sensitivity analysis was per-
formed by varying each weight by +50%; the selected
values provided the best balance between constraint sat-
isfaction and computational efficiency. You can actually
see how these weights shape the search process in Fig-
ure [4] :the penalized fitness keeps dropping in a steady
way until things level off.

5. Genetic Operators

Table 4: Genetic operators used in the proposed
algorithm

Operator Description

Tournament selection with tournament
size = 3 to balance selection pressure
and population diversity.

Single-point  crossover: a random
crossover point is chosen, and offspring
inherit genes from the first parent be-
fore the point and from the second par-
ent after the point. Crossover rate =
0.9.

With low probability (typically 0.05), a
randomly selected gene (course) is re-
assigned a new valid (room, time _slot)
pair chosen from the set of feasible as-
signments.

Selection

Crossover

Mutation

These parameter values are consistent with those com-
monly reported in the timetabling literature [41]. After
crossover and mutation, a repair operator checks for hard
constraint violations (e.g., two courses placed in the same
room at the same time) and resolves them by reassigning
conflicting events to the first available feasible slot.

6. Parameter Configuration

Table [5| summarises the parameter configurations tested.
The configuration selected for the main results was: pop-
ulation size = 100, crossover rate = 0.9, mutation rate
= 0.05, and generations = 500. This choice was based
on preliminary tuning experiments. As shown in Fig-
ure [4] the algorithm converges within 300 generations;
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the additional 200 generations ensure full convergence
while maintaining reasonable computation time.

Table 5: GA parameter settings tested

Parameter Value 1 Value 2
Selected

Population size 50 100

100

Crossover rate 0.7 0.9

0.9

Mutation rate 0.05 0.1

0.05

Generations 200 500

500

7. Graphical User Interface

A graphical user interface was developed using Tkinter
(Python) to make the algorithm accessible to non-expert
users. The interface provides four main panels:

1. Parameter configuration: set population size,
crossover rate, mutation rate, and maximum gen-
erations.

2. Data input panel: enter course characteristics
(size, type, teacher), room capacities, and time
slots.

3. Execution and monitoring: displays the con-
vergence curve (best fitness per generation) in real
time and shows the current best timetable.

4. Results viewer: presents a colour-coded
timetable matrix with scheduled courses per room
and time slot, together with summary statistics
(occupancy rates, constraint satisfaction).

The GUI is designed for usability by administrative
staff without technical expertise, bridging the gap be-
tween algorithmic research and practical deployment.

V. EXPERIMENTAL RESULTS

A. Statistical Results over 10 Runs

Table [] reports the statistical results over 10 indepen-
dent runs for the best fitness, runtime, and constraint
satisfaction metrics, demonstrating the robustness of the
proposed approach.
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Table 6: Statistical results over 10 independent runs

Metric Mean Std Dev

Best

Fitness 0.043 0.002
(15 courses)
Fitness

(69 courses)
Runtime

(15 courses, sec-
onds)

Runtime

(69 courses, sec-
onds)

Capacity prefer- 0.8 0.4
ence violations

Room-type 1.9 0.5
mismatch viola-

tions

968.5 4.2

45.3 2.1

187.6 8.3

0.045

967

43.2

179.4

Volume 5-Issue 2, April - June 2026

B. Best Solution Obtained

Table 7: Best solution obtained (population = 100,
crossover = 0.9, mutation = 0.05)

Metric Value
Courses scheduled without conflict  15/15 (100%)
Average room occupancy rate 78%
Teacher conflict resolution 100%
Capacity preference violations 1
Room-type mismatch violations 2
Computation time (seconds) 453 £ 2.1

C. Convergence Behavior

Figure [d| shows the convergence curve of the genetic algo-
rithm. The evolution of the best and average fitness val-
ues over 500 generations for the room timetabling prob-
lem (population size = 100, crossover rate = 0.9, mu-
tation rate = 0.05). The best fitness improves rapidly
during the first 80 generations and stabilizes after ap-
proximately 300 generations, indicating convergence.

As illustrated in Figure[d] the genetic algorithm con-
verges rapidly during the first 80 generations, reach-
ing a near-optimal fitness value by generation 200. Af-
ter approximately 300 generations, the improvement be-
comes marginal, indicating that an early stopping crite-
rion could be applied to reduce computation time. The
gap between the best and average fitness curves reflects
the population’s diversity and the algorithm’s continued
exploration of the solution space.

900

800 A

Fitness
-~
8

600 4

500

— Best fitness
—-- Average fitness (simulated)

T T
0 100

T
200

T T T
300 400 500

Generation

Figure 4: Convergence curve of the genetic algorithm: best and average fitness over 500 generations (population
size 100, crossover rate 0.9, mutation rate 0.05).
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D. Results Display
Once the genetic algorithm terminates, the system

presents the optimised timetable through an intuitive vi-
sual interface. The main display consists of a colour-
coded matrix where rows represent time slots, and
columns represent rooms. Each cell contains:

e the course name or identifier

e the assigned teacher

e a color indicating room occupancy status (e.g.,

green for high utilisation, yellow for medium, red
for low)

A separate statistics panel provides quantitative feed-
back:

e Average room occupancy rate (78%+2% in the best

solution)

e Number of satisfied constraints (hard and soft)

o Residual conflicts (if any)

e Total computation time (45.3 £ 2.1 seconds)

The timetable visualised in Figure [5| corresponds to
the solution reported in Table [7} where all 15 courses
are scheduled without teacher or room conflicts, and
capacity /room-type constraints are satisfied for the ma-
jority of courses. This solution (population size = 100,
crossover rate = 0.9, mutation rate = 0.05) achieved an
average room occupancy of 78% and a computation time
of 45.3 + 2.1 seconds.

The system was successfully tested on a larger in-
stance comprising 69 courses and 25 rooms, achieving a
fitness of 967 + 4.2 with 100% of courses scheduled.

E.  Comparison with Manual Planning
To assess the practical value of the proposed system,

we compared the GA-generated timetable with a man-
ually constructed schedule produced by an experienced
university scheduler (5+ years of experience in course
timetabling). The same dataset (15 courses, 8 rooms, 10
time slots) and constraint definitions were used for both
methods. Conflicts are defined as violations of hard con-
straints (C1, C2, C3, C5).

Table 8: GA vs. human expert comparison on the
15-course instance

Criterion Genetic Algorithm  Human
Expert
Design time 45.3 + 2.1 seconds 4 hours

Number of hard con- 0 0
straint violations

Number of soft con- 2.1+0.3 3
straint violations

Average room occu- 78% + 2% 72%
pancy

Overall constraint sat- 93% + 1.5% 91%
isfaction

Note: Values are presented as mean + standard deviation
over 10 independent runs.
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The GA produces a feasible timetable with higher
room utilization in less than one minute, compared to
several hours of manual effort. This demonstrates the
practical viability of GA-based timetabling for real-world
institutions.

VI. DISCUSSION

A. Interpretation of Results

Feasibility. The GA consistently produced feasible
timetables satisfying all strictly enforced hard constraints
(C1: unique assignment, C2: teacher conflicts, C3: stu-
dent conflicts, and C5: room occupancy). For the 69-
course instance, all 69 courses were scheduled using 20
out of 25 available rooms.

Soft Constraint Performance. Capacity (C4) and
room suitability (C6) preferences, treated as soft con-
straints with high penalty weights (10 and 5, respec-
tively), resulted in only 1 capacity violation and 2 room-
type mismatches out of 15 courses in the best solution.
This demonstrates the algorithm’s ability to find a fea-
sible solution while strongly discouraging, but allowing,
unavoidable violations, reflecting real-world scheduling
flexibility where overbooked rooms or unsuitable venues
may occasionally be unavoidable.

Quality. The final fitness of 967 + 4.2 (lower is bet-
ter, averaged over 10 runs) indicates a good trade- off
between soft constraint violations. The average room
occupancy rate of 78% + 2% (on the 15- course test) is
reasonable for a typical university, comparable to rates
reported in similar studies [20].

Convergence behaviour. As shown in Figure [d] the
algorithm improves rapidly during the first 80 genera-
tions and stabilises after approximately 300 generations,
confirming that the GA efficiently balances exploration
and exploitation. The gap between best and average
fitness curves reflects maintained population diversity
throughout the optimisation process.

B. Comparison with Other Approaches

Table |2| (presented in Section 4.1) provides a qualitative
comparison of solution paradigms for timetabling. For
quantitative context, the proposed GA achieves a fitness
of 967 &+ 4.2 on the 69-course instance with 45 seconds
computation time, outperforming manual planning (4
hours) and showing competitive performance compared
to reported results in the literature [3L[7].

While exact methods guarantee optimal solutions
for small instances, their exponential complexity ren-
ders them impractical for problems with more than
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Figure 5: GA-based timetabling system interface with statistics panel showing key performance indicators.

30 courses. Metaheuristic approaches such as Simu-
lated Annealing and Tabu Search offer good local ex-
ploitation but risk entrapment in local optima. The
proposed GA’s combination of population-based search,
constraint-aware operators, and a repair mechanism pro-
vides effective global exploration while maintaining feasi-
bility, addressing key limitations of standalone heuristics.

C. Strengths of the Proposed GA System

e Scalability demonstrated: from 15 to 69 courses
without major redesign.

e User-friendly GUI: allows non-expert adminis-
trators to load data, run evolution, and export re-
sults.

e Real-world statistics: daily load distribution
and most-used rooms help decision-makers validate
schedules.

e Repair operator: effectively resolves hard con-
straint violations after crossover/mutation.

e Statistical robustness: 10 independent runs con-
firm the consistency of the approach.

D. Limitations

e Computational time: increases significantly be-
yond 69 courses (not tested on 200+ courses yet).

e Parameter sensitivity: The present values (pop
= 100, crossover = 0.9, mutation = 0.05) worked
well for the tested instances but may require re-
tuning for other datasets, a common challenge in
metaheuristic optimisation [41].

e Room usage anomaly: the 69-course instance
used 20/25 rooms — some rooms were never allo-
cated. This may indicate under-utilisation or lim-
ited exploration of room assignments, which could
be improved by a diversification mechanism.

e Multi-objective handling: The weighted-sum
fitness function requires careful weight tuning and
does not explicitly address trade-offs between con-
flicting objectives (e.g., minimising student gaps vs
maximising room usage).

e Event model simplification: each course is
treated as one atomic event. Real universities of-
ten have multi-session courses (CM, TD, TP) and
weekly patterns not yet modelled.

e Dataset scale. The main validation example—15
courses, 8 rooms, and 10 time slots—is intention-
ally small so it’s easy to follow and to compare
with human experts. There’s also a bigger case
with 69 courses and 25 rooms, mainly to see how
the approach handles larger problems, though even
this one doesn’t match typical competition bench-
marks. If you want details on how the method
holds up with bigger or standardized test cases,
check out Sections 6.5 and 6.7.

E.  Benchmark Evaluation

Benchmark datasets are essential for objective evaluation
of timetabling algorithms. Standard instances from the
International Timetabling Competition (ITC), particu-
larly the Curriculum-Based Course Timetracking (CB-
CTT) formulation, provide a common framework for
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comparing different optimisation methods under identi-
cal conditions [23].

Let’s talk about why CB-CTT ended up as the go-to
standard, what’s wrong with it, and what came after.
CB-CTT really took off after the Second International
Timetabling Competition in 2007, mainly because the
organizers handed out public problem instances, gave
everyone a clear objective function, and even shared a
validator to check solutions. That meant researchers
everywhere could reproduce and compare results eas-
ily—unlike those old, custom datasets that were tied to
specific institutions and made it pretty much impossi-
ble to compare apples to apples [2,[3].People know the
main problems with CB-CTT by now: the test cases
are small and don’t really change, the soft constraints
are fixed and don’t fit every institution, and the way it
sums up the objectives misses important points—Ilike jug-
gling competing goals or handling last-minute changes.
That’s why new benchmarks popped up, like ITC-2019
and, for high schools, the XHSTT archive. These offer
more flexible constraints, use standard XML for data,
and include larger, more varied cases. Because of these
improvements, researchers are starting to leave CB-CTT
behind. They’re picking ITC-2019, XHSTT, or even real-
world datasets from institutions—especially when they
care about practical results instead of just competing in
rankings. For this study, we focus on real institutional
data. Fully syncing up with ITC-2019 is still on our to-do
list, and we talk more about that later.

Although the current implementation was validated
on realistic university datasets (15 and 69 courses), these
are institution-specific and not directly comparable with
ITC benchmarks. Future work will include systematic
experimentation on ITC benchmark instances to en-
able direct comparison with state-of-the-art approaches,
including Tabu Search, Simulated Annealing, Hyper-
Heuristics, and Constraint Programming methods.

F.  Future Work Directions

e Hybridisation: combine GA with local search
(memetic algorithm) or constraint programming to
improve convergence and feasibility for larger in-
stances.

e Adaptive parameter control: dynamically
modify mutation rate and crossover probability
during evolution using self-adaptive or feedback-
based strategies.

e Multi-objective optimisation: Implement
NSGA-II to obtain a set of Pareto-optimal trade-off
solutions (e.g., minimise student gaps vs maximise
room usage).

e Dynamic rescheduling: handle real-time events
such as teacher absences and room unavailability.

e Larger benchmark testing: evaluate on ITC in-
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stances (200+ courses) to establish scalability and
comparative performance.

e Integration with learning analytics: predict
student attendance patterns to optimise room ca-
pacities dynamically.

G. Practical Implications

The system shows potential for pilot deployment in a
medium-sized university department (up to 100 courses).
The Excel export feature allows administrators to make
manual adjustments—a necessary feature for real-world
acceptance. The statistical dashboard helps identify bot-
tlenecks (e.g., Thursday has 17 courses, suggesting a po-
tential room shortage) and supports data-driven resource
allocation decisions.

However, full deployment would require additional
validation with real administrative users, reliability test-
ing, and integration with existing institutional scheduling
systems. The current work serves as a proof-of-concept
demonstrating the feasibility and practical value of GA-
based automated timetabling.

VII. CONCLUSION

This article has addressed the university course
timetabling problem, a recurring and computationally
challenging task for educational institutions. A math-
ematical formulation was proposed distinguishing hard
constraints (strictly enforced) from soft constraints (pe-
nalised to reflect quality preferences). Given the NP-hard
nature of the problem, exact optimisation methods are
impractical for real-world instances, motivating the use
of metaheuristic approaches.

A genetic algorithm was designed with constraint-
aware operators and a repair mechanism to evolve pop-
ulation of candidate timetables. The fitness function
penalises soft constraint violations while enforcing hard
constraints through infeasibility rejection or repair. A
graphical user interface was developed in Python (Tk-
inter) to ensure accessibility for non-expert administra-
tors, providing modules for data input, parameter con-
figuration, real-time convergence monitoring, and Excel
export.

Experimental evaluation on two realistic instances
demonstrated the effectiveness of the approach. For the
15-course instance, the GA generates feasible timetables
in 45 seconds with 78% room occupancy, compared to
4 hours of manual effort. The 69-course instance con-
firmed scalability, scheduling all courses with a final fit-
ness of 967. Statistical analysis over 10 independent runs
(reported in Table 8) confirms the robustness of the ap-
proach.

However, limitations remain. Computational time in-
creases significantly beyond 100 courses; parameter set-
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tings require manual tuning; the current atomic event
model does not capture multi-session lectures; and the
weighted-sum fitness function does not explicitly address
multi-objective trade-offs.

Future work will focus on hybridisation with local
search or constraint programming for larger instances,
adaptive parameter control, multi-objective optimisation
(NSGA-II), dynamic rescheduling for real-time events,
and benchmarking against ITC standard instances for
objective comparison.

In conclusion, the proposed genetic algorithm system
demonstrates that automated timetabling is practical for
medium-sized universities. The main measurable contri-
bution is a 98% reduction in timetable construction time
compared to manual planning, while improving resource
utilisation (78% room occupancy vs 72% manually). By
integrating evolutionary optimisation with an intuitive
interface and statistical feedback, the system effectively
bridges the gap between theoretical research and admin-
istrative practice, offering a deployable solution that can
significantly reduce scheduling burden while improving
stakeholder satisfaction.
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