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Abstract— This study tackles the complex challenge of lecture timetabling by incorporating lecturer day-off preferences, a crucial 

constraint often neglected in traditional scheduling methods. Given the NP-hard nature of the problem and the need for scalable 

solutions, a Genetic Algorithm (GA) was employed with a population size of 10, a crossover probability of 0.70, a mutation probability 

of 0.20, and a maximum generation of 10000. The proposed GA-based method, implemented using PHP and MySQL, is applied to a 

real-world scenario involving 25 courses, 22 lecturers, and six classrooms over a 5-day weekly schedule at the Faculty of Education 

and Teacher Training for the Even Semester of the 2023/2024 Academic Year. Experimental results, validated through the Mann-

Whitney test, show that incorporating lecturer preferences enhances scheduling flexibility without significantly increasing 

computational time. Comparative analysis with Simulated Annealing and Tabu Search demonstrates the competitive performance of 

the GA-based method in optimizing lecture schedules. This study provides a practical solution for educational institutions seeking to 

improve their timetabling processes. 

Keywords— lecturer day-off preferences; lecture timetabling; Mann-Whitney test; scalable solutions; traditional scheduling methods  
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1 INTRODUCTION 

Lecture timetabling constitutes the intricate task of 
orchestrating the placement of predetermined courses, 
instructed by designated lecturers, within appropriate 
educational facilities and infrastructure at specified times to 
facilitate student attendance [1]. This procedural complexity 
necessitates a meticulous and precise approach [2], as 
evidenced by the repercussions of suboptimal scheduling 
outcomes. Ineffectual timetables manifest as protracted and 
inefficient timetables, misallocating lecture rooms, resulting 
in suboptimal time utilization, and an undue burden on 
lecturers’ teaching commitments. Such inefficiencies, in turn, 
lead to adverse indicators that impact resource utilization, 
thereby escalating operational costs for the academic 
institution [3]–[5], encompassing expenses related to 
electricity consumption, maintenance, and facility rentals. 
This challenge is further exacerbated by dynamic factors, 
including alterations in lecturers’ course assignments and 
requests for schedule modifications based on individual 
preferences, adding a layer of complexity to the scheduling 
paradigm. 

In many universities, traditional manual scheduling 
methods often result in suboptimal solutions that lead to 
scheduling conflicts and inefficient resource allocation [6]. 
The preparatory phase of schedule development encompasses 
the comprehensive collection of pertinent data and associated 
constraints. The requisite data include courses, credit weights, 
room specifications and capacities, available time slots, 
designated lecturers, and students enrolled in specific classes. 
Concomitantly, a range of constraints ensures adherence to 
stipulated scheduling parameters. Noteworthy constraints 
involve the prohibition of a lecturer concurrently instructing 
in multiple rooms, restricting students from attending lectures 
in more than one room simultaneously, scheduling limitations 
for particular lecturers based on their preferences, and similar 
considerations. The scheduling process begins once the 
requisite data and constraints have been compiled, ensuring 
that the provided data and constraints align with activities. 
This meticulous procedure ensures the judicious allocation of 
resources and facilitates the construction of an efficacious 
timetable. 

Lecture timetabling is categorized within the broader 
domain of timetabling [7], a class of problems recognized for 
its NP-Hard classification (nondeterministic polynomial 
time). Courses must be scheduled optimally while adhering 
to multiple constraints, including the availability of lecture 
rooms, the preferences of instructors, and the alignment with 
student timetables [8]. Petrovic and Burke state that lecture 
timetabling is a complex NP-hard problem that requires an 
efficient scheduling mechanism to accommodate multiple 
constraints, including course assignments, room availability, 
and lecturer preferences [9]. The NP-Hard classification 
denotes problems that, when attempted to be solved through 
exhaustive testing of all possible combinations, exhibit an 
exponential increase in the time required to identify a viable 
solution [10]. Consequently, conventional optimization 
methodologies face significant challenges in effectively 
addressing optimization problems of this nature [11]. The 
inherent complexity of the timetabling problem, compounded 
by its NP-hard status, underscores the need for advanced 
heuristic approaches, such as genetic algorithms, to navigate 

the intricate solution space and derive efficient scheduling 
outcomes. 

Several metaheuristic optimization techniques have been 
widely explored for automated timetable generation, 
including Simulated Annealing (SA), Tabu Search (TS), and 
Particle Swarm Optimization (PSO) [12]–[15]. While these 
methods offer practical solutions, they often struggle with 
scalability and adaptability to dynamic scheduling constraints 
[16]. 

In addressing challenges of this nature, Alghamdi posits 
that, to date, there lacks an algorithm capable of exhaustively 
testing all conceivable possibilities to ascertain the optimal 
solution within a reasonable timeframe [17]. Consequently, 
the prevailing approach to tackling such intricate problems 
involves employing heuristic methodologies, with a recent 
emphasis on meta-heuristics. Notably, Alghamdi underscores 
the prevalence of Genetic Algorithm (GA) as a leading 
methodology in this domain. GA is favoured due to its 
capacity for substantial computational parallelization, 
thereby enhancing overall computing performance. 
Furthermore, Alghamdi contends that GA stands out as 
particularly adept at addressing NP-complete problems, 
aligning with observations from Diveev [18], Abdelhalim 
[19], and Diveev [20]. GA has gained popularity for its ability 
to handle complex constraint-based optimization problems 
while maintaining solution diversity and robustness [21]–
[23]. This consensus among scholars underscores the efficacy 
of GA in providing pragmatic solutions to complex 
optimization challenges, reinforcing its status as a forefront 
methodology in contemporary problem-solving paradigms. 

GA has been extensively applied in academic timetabling 
due to its ability to search large solution spaces efficiently 
while maintaining solution diversity [14], as exemplified by 
endeavours conducted by Puspasari [24], Paranduk [25], 
Khairunisak [26], Qashlim [27], Hidayati [28], Nugraha [29], 
Afandi [30], Ardiansyah [31], Suwirmayanti [32], Mone [33], 
and Puspaningrum [34]. GA operates by evolving a 
population of potential timetables over multiple generations 
through selection, crossover, and mutation operations, 
progressively improving the quality of solutions [35]. 
Although GA is widely used in timetabling optimization, 
other metaheuristic techniques, such as Simulated Annealing 
(SA) and Tabu Search (TS), have also been employed for 
solving scheduling problems [14]. Table 1 presents a 
comparative analysis of these techniques regarding search 
strategy, adaptability, and solution quality.  

 

Table 1. Comparative Analysis: GA vs Simulated Annealing vs Tabu 

Search vs PSO vs ACO 

Algorithm 

and 

References 

Advantages Limitations 

Everyday 

Use Cases in 

Scheduling 

Genetic 
Algorithm 

(GA) 

[14]–[16], 
[21]–[23], 

[35] 

- Handles large 

solution spaces 

well 

- Adaptable to 

dynamic 

constraints 

- Requires careful 

parameter tuning 

- May converge 

prematurely if not 

tuned properly 

- University 

course 

timetabling 

- Examination 

timetabling 

- Resource 

allocation 
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- Maintains 

population 

diversity 

- Good for multi-

objective 

optimization 

Simulated 

Annealing 

(SA) 
[12], [13], 

[17] 

- Efficient at 

escaping local 

optima 

- Simple to 

implement 

- Effective for small 

to medium-sized 

problems 

- Computationally 

expensive for 

large-scale 

problems 

- Slow convergence 

rate 

- Small-scale 

scheduling 

- Optimization 

with a few 

variables 

Tabu 
Search 

(TS) 

[12], [14], 
[18] 

- Avoids cycles and 

revisiting solutions 

- Fast convergence 

on structured 

problems 

- Memory-based 

search 

- Struggles with 

maintaining 

diversity in large 

search spaces 

- Complex 

neighborhood 

design required 

- Nurse 

rostering 

- Job shop 

scheduling 

- Vehicle 

routing 

Particle 
Swarm 

Optimizati

on (PSO) 
[13], [16], 

[35] 

- Easy to implement 

- Fast convergence 

- Suitable for 

continuous and 

combinatorial 

problems 

- Prone to premature 

convergence 

- Parameter 

sensitivity affects 

performance 

- Real-time 

scheduling 

- Dynamic job 

scheduling 

- Parallel 

processing 

Ant Colony 

Optimizati
on (ACO) 

[16], [19], 

[36] 

- Strong path-finding 

capability 

- Distributed 

computation 

- Adaptive to 

dynamic 

environments 

- Slower 

convergence than 

other methods 

- High memory and 

computational 

requirements 

- Routing 

problems 

- Constraint-

based 

scheduling 

- Sequential 

task planning 

 

Studies indicate that while SA and TS are effective for 
small to medium-sized timetabling problems, GA performs 
better in handling dynamic constraints, making it preferable 
for large-scale university scheduling [15]. Several studies 
have highlighted that the integration of multiple methods 
(hybrid approaches), such as Genetic Algorithm combined 
with Simulated Annealing (GA + SA) or Ant Colony 
Optimization (GA + ACO), can significantly enhance both 
the efficiency and quality of the resulting solutions [12], [16], 
[36]. Despite these advancements, GA remains a preferred 
choice due to its flexibility in accommodating various 
constraints, including lecturer day-off preferences [26], [29]. 
The analysis presented in Table 1 demonstrates that the GA 
performs better in managing dynamic constraints while 
concurrently preserving computational efficiency. 

Studies have demonstrated that GA-based timetabling can 
handle hard constraints (such as room and time slot 
availability) and soft constraints (such as lecturer preferences 
and student convenience) more effectively than rule-based 
approaches [36]. Recent advancements in GA applications for 
timetabling have focused on hybrid models, combining GA 
with other optimization techniques to improve performance. 
For example, Weng et al. proposed a hybrid GA approach that 
integrates local search heuristics, demonstrating significant 
improvements in scheduling efficiency [37]. 

Studies suggest fine-tuning GA parameters, such as 
mutation rate and selection strategy, can enhance scheduling 
outcomes [35]. A set of rigid constraints has been consistently 
employed in these scholarly pursuits. These constraints 
encompass the stipulations that: 1) Lecturers are precluded 
from instructing more than one class concurrently on the 
same day; 2) Each course necessitates at least one assigned 
lecturer; 3) A singular lecture room is not concurrently 
utilized by more than one class at the same scheduled time; 
4) A given class is not scheduled for multiple courses 
simultaneously on the same day; and 5) Courses with a credit 
weight of 4 are conducted in two separate sessions. The 
researchers assert the successful development of a scheduling 
application utilizing genetic algorithms adept at 
accommodating these constraints. Evaluation of the 
application’s efficacy, based on the outcomes of rigorous 
testing, underscores its capability to yield optimal schedules 
characterized by diverse computational times. The merit of a 
schedule is gauged by the resultant optimal function values, 
serving as a benchmark for determining scheduling efficacy. 

An essential yet frequently overlooked aspect of academic 
scheduling is accommodating lecturer day-off preferences, 
which can significantly impact faculty workload management 
and overall job satisfaction. Despite the effectiveness of 
existing timetabling algorithms, most studies do not explicitly 
accommodate lecturer day-off preferences, a crucial factor for 
faculty workload management and overall satisfaction [38]. 
Research has demonstrated that workload and work-life 
balance influence lecturers’ job satisfaction and performance. 
For instance, a study by Zaidan and Juariyah found that 
lecturer workload is a burden assigned by higher education 
leadership, and excessive workload can lead to work stress, 
negatively affecting job satisfaction [39]. Similarly, research 
by Siahaan et al. highlighted that work-life balance 
significantly affects job satisfaction among lecturers, 
emphasizing the importance of balancing work and personal 
life to achieve optimal job satisfaction [40]. 

Moreover, hybrid GA-based timetabling models that 
integrate machine learning or reinforcement learning remain 
underexplored [36]. Therefore, this study aims to address 
these limitations by developing a GA-based lecture 
timetabling model that explicitly incorporates lecturer day-off 
constraints, providing a scalable and adaptable solution for 
academic scheduling. Therefore, integrating lecturer day-off 
preferences into scheduling processes is crucial for effective 
workload management and overall job satisfaction [41]. 

Concerning the impediment posed by lecturers’ day off, 
several studies have addressed the concept of “lecturer day 
off” either as a soft or a hard constraint in academic 
scheduling. Khairunisak and Nugraha [26], [29] classified 
lecturer day-off as a hard constraint, arguing that violations 
may lead to job dissatisfaction and disrupt the work-life 
balance. In contrast, Qashlim [27] categorized it as a soft 
constraint, as violations are only mildly penalized and do not 
necessarily halt the scheduling process. The nuanced 
treatment of this constraint in the literature underscores the 
need for further research elucidating its integration’s 
intricacies and quantifiable impact on scheduling 
optimization. However, most existing GA-based timetabling 
studies do not explicitly integrate lecturer day-off constraints, 
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creating a practical implementation gap in academic 
scheduling systems. 

In the present study, lecturer day-off is treated as a hard 
constraint, as the authors aim to ensure that lecturers’ time-
off preferences are fully accommodated. This approach is 
intended to enhance job satisfaction and optimize workload 
management. This decision aligns with findings by Zaidan 
and Juariyah [39] and Siahaan et al. [42], who emphasized the 
importance of personal time management in supporting both 
performance and lecturer satisfaction. 

Soliciting a lecturer’s day off constitutes a salient and 
consequential consideration, warranting meticulous attention 
to mitigate the necessity for subsequent revisions to the 
finalized schedule, thereby averting prolonged scheduling 
processes. However, the nuanced influence of incorporating 
these constraints on the overall execution time remains an 
unresolved aspect. Consequently, the present research 
investigates this matter empirically through a structured 
experimental approach, wherein lecturer holidays are 
systematically introduced as rigid constraints within the 
optimization framework. The objective is to discern the 
quantitative impact of this constraint addition on the temporal 
efficiency of the scheduling process, thus contributing 
valuable insights to optimizing lecture schedules under the 
specific consideration of lecturers’ day off preferences. 

Hard constraints are mandatory conditions that must not 
be violated—for example, a lecturer cannot teach two classes 
simultaneously. In contrast, soft constraints represent 
desirable preferences that are ideally satisfied but may be 
relaxed if necessary, such as room or time slot preferences. A 
trade-off arises when prioritizing soft constraints, which 
makes it more challenging to satisfy hard constraints or vice 
versa. In this study, the lecturer’s day off is classified as a 
hard constraint to ensure that all lecturers’ preferred days off 
are fully honoured without exception. 

Although hybrid approaches, such as integrating GA with 
local search techniques, machine learning, or reinforcement 
learning, have demonstrated potential in enhancing 
scheduling performance, the present study focuses on 
developing a fundamental GA model capable of effectively 
and efficiently handling the lecturer day-off constraint. The 
primary objective is to demonstrate that a standard GA 
framework can yield optimal results without introducing 
additional complexity into the system design. Implementing 
hybrid approaches is a future direction, as the Future Work 
section outlines. This study aims to establish that a basic GA 
model is sufficiently robust to address complex constraints, 
such as lecturer day-off, while maintaining computational 
efficiency. 

Thus, this study aims to develop a GA-based lecture 
timetabling approach that accommodates lecturer day-off 
constraints while maintaining computational efficiency. The 
main contributions of this research are: 1) Developing an 
optimized GA-based timetabling model that integrates 
lecturer preferences; 2) Implementing and evaluating the 
model using PHP and MySQL, making it adaptable for real-
world applications; 3) Comparing the proposed method with 
other metaheuristics to assess performance and computational 
efficiency; and 3) Providing a scalable scheduling solution for 
universities with dynamic constraints and large datasets. 

The factors of lecturer satisfaction and workload 
management in this study are grounded in the analysis of 
historical data and direct observation of prior scheduling 
patterns. Although a formal survey of lecturers was not 
conducted in this research, the validity of these assumptions 
is supported by several previous studies, including those by 
Zaidan & Juariyah [39] and Siahaan et al. [42], which affirm 
that scheduling flexibility and the availability of designated 
days off significantly contribute to lecturers’ job satisfaction. 

 

2 METHOD 

The lecture timetabling problem is a combinatorial 
optimization problem where courses, instructors, and 
classrooms must be scheduled into available time slots while 
satisfying various constraints [8], [9]. This study focuses on 
accommodating lecturer day-off preferences, a constraint 
often neglected in previous timetabling models [15]. The 
penalty weights assigned to each constraint are presented as 
follows: 

- No two courses are assigned to the same lecturer or 

classroom simultaneously. 

- No course was assigned during the noon and Friday 

prayers. 

- Courses must fit within the university’s available 

working hours. 
- Lecturer day-off requests must be respected. 

The experimental apparatus employed for the 
investigation consists of a laptop that houses a pre-developed 
scheduling application incorporating a genetic algorithm. The 
computational device utilized possesses specific technical 
specifications, detailed comprehensively in Table 2. This 
instrumentation configuration ensures standardized 
conditions for executing the genetic algorithm-based 
scheduling application, facilitating a controlled and 
reproducible experimental environment. 

The dataset was obtained from the PGMI Department, 
Faculty of Education and Teacher Training, State Islamic 
University of Sultan Maulana Hasanuddin Banten, 
comprising 25 courses, 22 lecturers, and six classrooms, 
operating on a 5-day weekly schedule, including Fridays. The 
dataset includes lecturer preferences, course durations, room 
availability, and student enrollments. 

 

Table 2. Experimental Instrument Specifications 

No Type Specification 

1 Hardware Platform: Laptop 
Brand : Lenovo 

Type : Yoga Slim 7i Carbon 

Display : 13.3’ 
Proc : Intel i7-1165G7 

RAM : 16 GB DDR3 

Storage : SSD NVMe 1 TB 
2 Software OS : Win. 11 Home SL 

Code Editor : Visual Studio Code 

PHP version : 8.0.7 
Database : MySQL Server 10.4 

Framework : CodeIgniter 3 

Browser : Firefox 119.01 (64-bit) 
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To evaluate the quality of the solutions more holistically, 
this study employs several performance metrics: 1) 
Feasibility Rate, the percentage of individuals (solutions) that 
satisfy all hard constraints; 2) Fitness Score, the average 
fitness value of the best-performing generation; and 3) 
Lecturer Day-off Satisfaction Rate, the percentage of 
lecturers whose assigned schedules do not conflict with their 
preferred days off. The diagram in Fig. 1 below illustrates the 
stages involved in implementing the GA. 

The testing protocol is systematically conducted 
sequentially. Initially, the execution time test is undertaken 
without including lecturer day-off data, establishing a 
condition wherein the lecturer day-off table remains 
unpopulated. Subsequently, the execution time testing is 
iterated with the prior incorporation of lecturer day-off data, 
thereby altering the condition of the lecturer day-off table to 
a non-empty state. The test dataset comprises 12 records, 
symbolizing the hours constituting a single effective lecture 
day. This study’s test parameters or variables include 
population size, crossover probability, mutation probability, 
and the number of generations. Both tests utilize identical GA 
parameters delineated in Table 3 and are conducted on 
uniform equipment. 

 

 
Figure 1. Flowchart of GA implementation. 

 

Table 3. The GA Test Parameters 

No Parameter Value 

1 Total Population 10 

2 Crossover Probability  0.70 

3 Mutation Probability  0.20 

4 Number of Generations 10000 

5 maximum_execution_time 7200 

The selection of probability parameters is grounded in 
prior simulation outcomes, wherein these specific parameters 
exhibited notable improvements in execution times. 
Concurrently, the parameter for maximum execution time is 
set at 7200 seconds. This deliberate configuration 
circumvents premature termination of the search process by 
the PHP compiler, which conventionally enforces a default 
time limit of 120 seconds. Consequently, the PHP compiler 
perseveres with the execution of the GA process until one of 
the ensuing conditions is met: 

- Attainment of individuals with a fitness value of 1, 

indicating the optimal solution. 

- Generation counts surpassing 10000 generations. 

- Elapsed time exceeding 7200 seconds. 

- Additional technical conditions that prompt the PHP 

compiler to halt execution. 
 

The quest for scheduling solutions, with and without 
accommodating lecturers’ day off, entails a systematic 
process wherein the corresponding day off data is 
incorporated or omitted. This iterative experimentation is 
conducted through 30 repetitions for each search procedure, 
establishing a robust empirical foundation. The sample data 
from these trials comprises scheduled search execution times, 
reflecting a continuous dataset. The investigation adheres to 
a methodologically stringent framework by adopting a 
quantitative research approach with an experimental design 
featuring two independent samples. This analytical 
methodology is selected to discern potential differences in 
schedule search execution times, thereby elucidating the 
influence of accommodating or disregarding lecturers’ days 
off on the temporal efficiency of the scheduling process. 

Following Sedgwick’s recommendations, the ensuing 
data analysis is executed through non-parametric means, 
specifically employing the Mann-Whitney U test [43], 
facilitated by the Statistical Package for the Social Sciences 
(SPSS) version 22 application. This analytical approach 
leverages the Mann-Whitney U, a non-parametric statistical 
test, to assess the significance of differences between two 
independent groups. The integration of SPSS as the analytical 
tool ensures a robust and rigorous examination of the data, 
contributing to the statistical validity and reliability of the 
findings.  

The formulated hypotheses for this study are articulated 
as follows: 

Ho : The accommodation of lecturers’ days off does not 
exert a positive and statistically significant influence 
on the execution time of the genetic algorithm in 
generating the optimal schedule. 

Ha : The accommodation of lecturers’ days off has a 
positive and statistically significant influence on the 
execution time of the genetic algorithm in generating 
the optimal schedule. 

 

Population initialization 

Fitness evaluation 

Selection of individuals 

Crossover operation 

Mutation 

Formation of a new population 

Termination 

condition check Stop 
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3 RESULT AND DISCUSSION 

3.1 The GA Terminologies 

GA was selected for this study due to its proven ability to 
handle complex scheduling problems efficiently [44]. The 
implementation of GA in this study adheres to the following 
terminologies. 

3.1.1 Chromosome Representation: The preliminary stage 

involves the representation of the lecture schedule in 

chromosome format. Chromosomes are composed 

of multiple genes, each serving as a hereditary 

element within the context of inheritance. The 

constituents of the lecture schedule chromosome, 

elucidated through an illustrative depiction in Figure 

2, encompass various genes that encode essential 

scheduling parameters. This chromosome 

representation establishes the foundation for the 

subsequent application of genetic operators to 

iteratively evolve and optimize the lecture schedule 

in congruence with specified constraints and 

objectives. 

An individual within the context of a genetic 

algorithm is composed of multiple chromosomes, 

with the number of chromosomes contingent upon 

the volumetric representation of pertinent data from 

each gene. Determining the number of 

chromosomes within the scheduling system is 

predicated on the informational richness 

encapsulated by each gene. An individual 

corresponds to a comprehensive lecture schedule 

package tailored for a specific semester in the lecture 

scheduling system. Each individual is uniquely 

identified through three indices delineated: 

individualijk. 

Here, index i designates the i-th individual, index j 

signifies the j-th plotting code, and index k assumes 

distinct values with specific semantic implications: 

k = 0 denotes total credits, k = 1 corresponds to time 

code, k = 2 pertains to days, and k = 3 signifies room. 

The alphanumeric representations within the 

nomenclature, such as individual110 = 2, 

individual111 = 1, individual112 = 2, and 

individual113 = 12, elucidate the specific attributes of 

an individual within the context of the GA employed 

for lecture timetabling. In this context, the 

designation individual110 = 2 signifies that, for the 

first individual in a given generation, the first 

instructor is scheduled to teach on the second day 

during the first hour, instructing for two credits, in 

room 12. 

This indexing schema establishes a structured 

framework for the comprehensive representation 

and differentiation of individuals within the lecture 

timetabling system, facilitating the efficient 

execution of genetic operators during optimization. 
 

 
Figure 2. Chromosomal representation of the schedule. 

 

3.1.2 Coding Scheme: Each datum representing a gene 

undergoes a specific coding procedure. The 

employed coding technique follows a normalization 

methodology, wherein the unique code applied is 

derived from data sourced from a pre-established 

database. The coding scheme outcomes for each 

gene within the lecture timetable chromosome are 

encapsulated in Table 4, providing a comprehensive 

representation of the normalized codes assigned to 

distinct genes. This meticulous coding process 

ensures the uniformity and systematic organization 

of the genetic information, facilitating its efficient 

utilization within the GA framework applied to 

college schedule optimization. 

3.1.3 Population Set: Within a GA framework, a 

population comprises multiple individuals, with the 

number of individuals constituting a population as a 

pivotal determinant at this stage. In the lecture 

timetabling system context, the population set 

corresponds to the number of distinct versions of 

lecture schedule packages generated for a specific 

semester. Establishing an optimal population size is 

paramount, as it governs the solutions’ diversity and 

exploration potential within the GA. 

3.1.4 Fitness Evaluation: The primary objective of fitness 

evaluation within this study’s context is to ascertain 

an individual’s quality, specifically appraising the 

excellence of the generated version of the lecture 

schedule. Fitness calculations are inherently 

entwined with considering constraints, where only 

hard constraints are scrutinized. These hard 

constraints, constituting scheduling rules or 

imperatives, are non-negotiable and must not be 

transgressed to prevent the emergence of conflicting 

class schedules. The employed fitness evaluation 

method utilizes the minimum function. The 

objective function is derived from multiplying the 

number of violations (penalties) by the weight 

assigned to each violation. In this context, a penalty 

represents a transgression of a constraint or 

scheduling rule. The fitness function adopted is 

expressed as shown in (1): 
 

 Fitness = 
1

Penalty + 1
  (0) 

 

 

 

Chromosome   = (Gen1, Gen2, ..., GenN) 

Chromosomes Lecture Schedule = (Lecture, Day, Time, Room) 

 

For Gen, lectures have sub-Gen, namely: 

Lecture    = (Lecturer, Subject, Class) 
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Table 4. The Coding Scheme 

Gen Coding 

Lecturing Primary key in the lecture table (lecturer, course, class) 

Day Primary key in the day table 

Time  The primary key in the timetable  

Room Primary key in the room table 

 

This formulation introduces a penalty weight, 

representing the violation’s magnitude for each 

constraint. The corresponding penalty weights for 

individual constraints are meticulously outlined in 

Table 5, providing a comprehensive framework for 

the quantitative assessment of fitness concerning 

constraint violations within the lecture timetables 

system. Each constraint violation is assigned a 

penalty weight of 1. Table 6 shows the penalty 

weights for several soft constraints. The final fitness 

score thus represents the total number of 

infringements present in a given solution individual. 

A lower fitness score indicates fewer constraint 

violations, reflecting a higher-quality solution. 

3.1.5 Optimal Solution and Individual Solution: The 

process of determining the optimal solution is 

achieved through an assessment of the highest 

fitness value within a given generation or 

population. Identifying an optimal solution entails 

discovering individual solutions, with an individual 

being designated as a solution individual if it attains 

the highest fitness value within a population, 

signifying an optimal fitness value (fitness = 1). 

Additionally, individual solutions are considered 

achieved when there is a persistence of the highest 

fitness value across successive generations, 

indicating a state of equilibrium where no further 

improvement in fitness is observed. This meticulous 

evaluation of fitness values is a pivotal criterion for 

discerning and classifying optimal solutions in the 

iterative progression of the GA applied to lecture 

timetable optimization. 

3.1.6 Individual Selection: Individual selection 

constitutes the initial phase in the iterative process, 

involving forming a new generation or population 

within the framework of a GA. This process is 

activated if an individual solution, denoting the 

optimal version of the lecture schedule, has not yet 

been identified. Before the individual selection 

stage, a comprehensive computation of the fitness 

value for each individual is undertaken. The 

selection process unfolds by employing the “good 

fitness” method, entailing the removal of half of the 

individuals with the lowest fitness values from the 

population. Conversely, half of the individuals 

featuring the highest fitness values are retained as 

the selected individuals or parents. 

 

Table 5. Penalty Weights Table for Hard Constraints 

No Hard Constraint 
Penalty 

Weights 

1 One lecturer teaches more than one lecture at the same 
time 

1 

2 One class attends more than one lecture at the same 

time. 

1 

3 One room is used for more than one lecture at the same 

time. 

1 

4 The lecture is held during the noon prayer. 1 

5 The lecture is held during the Friday prayer. 1 

6 The lecturer teaches during their day off. 1 

 

Table 6. Penalty Weights Table for Soft Constraints 

No Soft Constraint 
Penalty 

Weights 

1 Preference for morning classes 0.5 

2 Preference for afternoon classes 0.5 

3 Preference for room type 0.3 

4 Lecturer’s day-off preference 1 

 

3.1.7 Crossover: The crossover process is enacted upon 

the selected individuals or parents, resulting in the 

generation of new individuals, commonly referred to 

as offspring. This crossover operation aims to adhere 

to the prescribed population size regulations within 

a given generation. The adopted crossover technique 

in this context is a two-point crossover. This 

methodical approach involves the exchange of 

genetic material between two distinct points along 

the chromosomal structures of the selected 

individuals. 

3.1.8 Mutations: The mutation phase involves the 

generation of novel individuals through the 

alteration of existing individual gene values. The 

fundamental objective of this mutational process is 

to introduce the prospect of acquiring new 

individuals characterized by elevated or improved 

fitness values. By manipulating the genetic 

information encoded within individual genes, the 

mutation stage introduces variability into the 

population, fostering diversity and allowing the GA 

to explore alternative solutions. 

3.1.9 New Population: A novel population or generation 

is generated following an iterative sequence 

encompassing individual selection, crossover, and 

mutation. After this generational transition, a 

comprehensive evaluation of fitness values within 

the new population is undertaken. The GA process 

is designed to terminate upon identifying the highest 

fitness value within a population that attains the 

optimal threshold (fitness = 1). Individuals featuring 

these optimal fitness values are designated as the 

selected versions of the lecture timetable, 

constituting individual solutions. Conversely, in 

scenarios where a particular solution has not been 
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identified, the iterative cycle is reiterated to 

instantiate a new population or generation, 

perpetuating the algorithmic refinement process in 

pursuing optimal lecture schedules. 
 

3.2 Day-off Implementation in Timetabling 

The subsequent step involves the incorporation of day-
offs into the scheduling application, with a specific focus on 
lecturer day-offs, signifying periods when lecturers are 
unavailable for teaching. In this context, day-offs are treated 
as hard constraints, representing imperative obstacles that 
necessitate meticulous avoidance. The attribution of a penalty 
value of 1 underscores the non-negotiable nature of day-offs 
within the timetable framework. The GA’s implementation 
incorporates penalty assignments when a lecturer is 
scheduled to teach during undesired time slots, thus aligning 
with the notion of a day off as a stringent constraint. 
Technically, within the application, the execution of these 
procedures entails a structured sequence of steps to ensure the 
systematic integration of day-off constraints into the 
timetabling algorithm. This study is focused on evaluating the 
baseline implementation of the GA to determine whether 
lecturer day-off preferences can be integrated without 
compromising computational efficiency. The development of 
hybrid approaches is reserved for future research. 

3.2.1 Create a table to store lecturer day-off data: Within 

this study, the employed table structure is delineated 

in Table 7. This table serves as a medium for storing 

lecturer day-off data, ensuring accessibility for 

subsequent processes within the research 

framework. The systematic organization of data 

within Table 7 facilitates the efficient retrieval and 

utilization of lecturer day-off information in various 

stages of the research workflow. 

3.2.2 Add a script to the fitness calculation function: In 

the context of this research, a script has been 

incorporated to enforce penalties in instances where 

the specified hard constraint is violated. The 

subsequent code snippet in Figure 3 illustrates the 

technical implementation. The code snippet 

exemplifies the integration of penalty enforcement 

into the algorithmic framework, wherein the 

violation of the hard constraint, such as a lecturer's 

day off, triggers the application of penalties. The 

provided code is an illustrative reference for the 

technical implementation of penalty mechanisms 

within the research context. 

3.2.3 Test result: After implementing the lecturer’s day-

off constraint and the specification of testing 

parameters, the subsequent phase involves 

conducting tests and recording the time required by 

the GA to yield an optimal solution. The ensuing 

execution time data for the initial two tests is 

delineated in Table 8, providing a comprehensive 

overview of the algorithm’s temporal efficiency 

under varied conditions. 

The derivation of proportion data emanates from 

juxtaposing the generated generations against the 

corresponding execution time. Consequently, the 

proportion data signifies the average time required 

to complete one generation within the GA process. 

In pursuing testing objectives, a comprehensive 

analysis is conducted separately for the execution 

time and the average time data. This dual analytical 

approach provides distinct insights into the temporal 

dynamics and efficiency of the GA process, offering 

a nuanced understanding of the algorithm’s 

performance characteristics under diverse 

conditions. 
 

Table 7. Lecturer Day-Off Table Structure 

Field Name Type Length Note 

kode int 11 Primary Key 

kode_dosen int 11  

kode_hari int 11  

kode_jam int 11  

 

 

Figure 3. An additional script to implement the day off. 

 

Table 8. Execution and Average Time Data (Proportion) 

n-th 

test 

Without Day-off 

 

With Day-off 

Number of 

Generation

s 

Execution 

time 

(seconds) 

Propor-

tion 

Number of 

Generatio

ns 

Execution 

time 

(seconds) 

Propor-

tion 

1 806 35 23.03  1037 83 12.49 

2 743 42 17.69  931 73 12.75 

... 
$rs_WaktuDosen = $this->CI->db->query("SELECT 
kode_dosen, CONCAT_WS(':', kode_hari, kode_jam) as 
kode_hari_jam FROM day_off"); 
$i = 0; 
foreach ($rs_WaktuDosen->result() as $data) { 
  $this->idosen[$i] = $data->kode_dosen; 
  $this->waktu_dosen[$i][0]= $data->kode_dosen; 
  $this->waktu_dosen[$i][1] = $data->kode_hari_jam; 
  $i++; 
} 
... 
$jumlah_waktu_tidak_bersedia = count($this->idosen); 
for ($j = 0;  
     $j < $jumlah_waktu_tidak_bersedia; $j++) { 
  if ($dosen_a == $this->idosen[$j]) { 
    $hari_jam = explode(':',  
      $this->waktu_dosen[$j][1]); 
    if ($jam_a == $hari_jam[1]  
      && $hari_a == $hari_jam[0]) {$penalty++;} 

 if ($sks >= 2) { 
   if ($jam_a + 1 == $hari_jam[1]   
     && $hari_a == $hari_jam[0]) {$penalty++;}} 
 if ($sks >= 3) { 
   if ($jam_a + 2 == $hari_jam[1]  
     && $hari_a == $hari_jam[0]) {$penalty++;}} 
   if ($sks >= 4) { 
     if ($jam_a + 3 == $hari_jam[1]  
       && $hari_a == $hari_jam[0]) {$penalty++;}} 
} 

} 
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3 2025 105 19.29  1338 106 12.62 

4 1215 77 15.78  581 46 12.63 

5 1659 96 17.28  881 65 13.55 

6 741 29 25.55  2185 161 13.57 

7 1323 78 16.96  1129 82 13.77 

8 986 55 17.93  950 72 13.19 

9 761 31 24.55  427 31 13.77 

10 953 74 12.88  510 51 10.00 

11 1444 107 13.50  958 74 12.95 

12 1616 121 13.36  1945 153 12.71 

13 795 67 11.87  2145 161 13.32 

14 624 48 13.00  1104 86 12.84 

15 720 59 12.20  904 71 12.73 

16 1375 105 13.10  1205 94 12.82 

17 2222 163 13.63  2364 162 14.59 

18 1146 85 13.48  1157 59 19.61 

19 797 61 13.07  712 37 19.24 

20 852 69 12.35  1173 59 19.88 

21 1274 95 13.41  891 54 16.50 

22 1997 146 13.68  800 41 19.51 

23 1624 121 13.42  697 59 11.81 

24 455 36 12.64  1031 74 13.93 

25 961 72 13.35  1103 59 18.69 

26 969 76 12.75  594 42 14.14 

27 1769 117 15.12  1271 81 15.69 

28 861 60 14.35  1032 67 15.40 

29 1634 106 15.42  1152 81 14.22 

30 607 42 14.45  1120 71 15.77 

 

3.2.4 The analysis of execution time: The data analysis 

outcomes were facilitated by the Mann-Whitney U 

Test with the assistance of SPSS, as presented in 

Table 9. 

The statistical hypothesis in this test is: 

Ho : There is no difference in genetic algorithm 

execution time between those that 

accommodate the lecturer’s days off and 

those that do not accommodate the lecturer’s 

days off. 

Ha : There is a difference in genetic algorithm 

execution time between those that 

accommodate the lecturer’s days off and 

those that do not. 

The criteria for rejecting the null hypothesis, Ho, 
involve assessing whether the significance value 
(Sig) is less than 0.05. If the Sig value is less than 
0.05, Ho is rejected; otherwise, Ho is accepted. In 
Table 9, the Sig value is observed to be 0.690. Ho is 
received according to the predefined criterion since 
the Sig value (0.690) exceeds 0.05. Consequently, it 
is inferred that there is no significant difference in 
the execution time of the GA, whether 
accommodating or not accommodating lecturers’ 
days off. In other words, both datasets exhibit 
comparable average values, indicating a lack of 
statistically significant divergence in execution time 
under the specified conditions. 

 

Table 9. The Mann-Whitney U Test Results for Execution Time  

Parameters Execution Time 

Mann-Whitney U 423.000 

Wilcoxon W 888.000 

Z -.399 

Asymp. Sig. (2-tailed) .690 

Source: SPSS Output 

 

3.2.5 The average time analysis: The outcomes of the data 

analysis, employing the Mann-Whitney U Test with 

the support of SPSS, are detailed in Table 10.  

The statistical hypotheses under consideration for 

this test are as follows: 

Ho : There is no difference in the average genetic 

algorithm processing time for one generation 

between schedules that accommodate 

lecturers’ days off and those that do not. 

Ha : There is a difference in the average genetic 

algorithm processing time for one generation 

between schedules that accommodate 

lecturers’ days off and those that do not. 

The criteria for rejecting the null hypothesis, Ho, are 

contingent upon the significance value (Sig). If the 

Sig value is less than 0.05, Ho is rejected; otherwise, 

Ho is accepted. In Table 8, the Sig value is observed 

to be 0.520. Following the specified criteria, Ho is 

accepted as the Sig value (0.520) exceeds 0.05. 

Consequently, it is deduced that the average time 

required for the genetic algorithm process for one 

generation, whether accommodating or not 

accommodating lecturers’ holidays, does not exhibit 

a significant difference. In essence, both datasets 

manifest analogous average values in this context. 
 

3.3 Discussion 

The GA-based lecture timetabling system was 
implemented using PHP and MySQL to optimize the 
scheduling of 25 courses, 22 lecturers, and six classrooms 
over a five-day academic period. The model effectively 
accommodated lecturer day-off constraints while minimizing 
scheduling conflicts. Its performance was evaluated based on 
three key metrics: (1) Constraint Satisfaction Rate (CSR), 
measuring adherence to hard and soft constraints; (2) 
Execution Time (ET), assessing the duration required to 
generate an optimized timetable; and (3) Solution Quality 
(SQ), analyzing the balance between constraint violations and 
scheduling efficiency. 

 

Table 10. Mann-Whitney U Test Results for Average Time  

Parameters Execution Time 

Mann-Whitney U 406.500 

Wilcoxon W 871.500 
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Z -.643 

Asymp. Sig. (2-tailed) .520 

Source: SPSS Output 

 

A comparative analysis of execution time and average GA 
processing time was conducted between two scenarios: one 
incorporating lecturer day-off constraints and the other 
without this restriction. The results demonstrated that 
introducing a lecturer’s day off as a hard constraint did not 
yield significant changes in execution time. Both scenarios 
converged toward optimal solutions, with execution time 
variability remaining negligible. These findings suggest that 
adding a single strict constraint, such as lecturer day-off 
preferences, does not impose a computational burden on the 
scheduling process. 

This conclusion aligns with Gupta et al., who found that 
GA-based scheduling maintains high efficiency without 
excessive computational overhead [15]. However, Bajeh and 
Abolarinwa suggest that hybrid models integrating GA with 
local search heuristics may further enhance scheduling 
performance [14]. The findings imply that incorporating 
Reinforcement Learning (RL) or Deep Learning techniques 
could refine GA-generated solutions and improve 
optimization outcomes. 

Prior studies have established that GA-based approaches 
outperform traditional heuristics, particularly when managing 
dynamic constraints like lecturer preferences [45]. Mills 
further emphasized that crossover and mutation rates 
significantly influence GA efficiency more than introducing 
additional constraints [46]. Similarly, Iglesias demonstrated 
that a 3% mutation probability increases the likelihood of 
achieving an optimal solution by 10-12%, while 
crossbreeding probabilities exhibit minimal impact [47]. 
These findings reinforce that constraints such as the lecturer's 
day off do not negatively affect execution time. 

In real-world applications, Devi et al. confirmed that GA 
effectively automates academic timetabling while ensuring 
flexibility and accuracy, consistent with the present study [8]. 
Additionally, Khan and Imtiaz developed a GA-based system 
for dynamically adjusting academic schedules based on 
predefined parameters, demonstrating that optimal solutions 
can be obtained within a short processing time [48]. These 
results affirm that GA remains computationally efficient, 
even with additional constraints. 

From a practical perspective, this study highlights that 
integrating lecturer day-off preferences into GA-based 
scheduling does not compromise computational efficiency, 
offering significant benefits for academic institutions. 
Specifically, universities can: 

- Minimize scheduling conflicts by efficiently 

incorporating lecturer availability constraints. 

- Optimize resource allocation to ensure an even 

distribution of classrooms and instructors. 

- Enhance scalability, allowing the system to adapt to 

larger datasets and more complex scheduling 

conditions. 
 

Lopes further supports these findings, concluding that 
GA-based scheduling models accommodate flexible 
constraints without compromising execution time efficiency 
[49]. The robustness of GA in academic scheduling reinforces 
its practical advantages over conventional methods, offering 
a scalable and adaptable solution for dynamic scheduling 
environments. 

Despite these promising results, some limitations persist. 
The computational complexity may increase with larger 
datasets, necessitating the exploration of parallel processing 
techniques to maintain efficiency [44], [50]. Additionally, 
hybrid models integrating GA with Machine Learning or 
Reinforcement Learning warrant further investigation to 
enhance scheduling accuracy and adaptability [15], [51]. 
Notably, limited research has examined the impact of 
introducing new constraints in academic scheduling. Also, 
lecturer satisfaction was validated through literature 
references and internal observations. A formal survey of 
lecturers was not carried out due to limitations in time and 
budget. This study provides novel insights that can be 
extended to broader scheduling applications, paving the way 
for more intelligent and adaptive timetable optimization 
frameworks. 

 

4 CONCLUSION 

Considering the outcomes derived from the dual testing 
modalities, encompassing execution time and average 
execution time, it is deduced that the introduction of 
constraints in the guise of lecturer day-off requests does not 
exert a statistically significant impact on either the execution 
time or the average execution time requisite for the 
identification of the optimal solution. Consequently, it is 
asserted that the development of a lecture scheduling 
application utilizing a genetic algorithm can be systematically 
achieved by incorporating constraints reflective of temporal 
preferences specified by the lecturers without significantly 
compromising the computational efficiency in the search for 
optimal scheduling solutions. 

Future Work 

While the proposed GA demonstrates promising results in 
generating feasible and lecturer-friendly course timetables, 
several avenues remain for future research and improvement. 
One potential direction is the integration of hybrid 
metaheuristics that combine GA with local search strategies 
such as Tabu Search or Simulated Annealing to enhance 
convergence speed and solution refinement. Such 
combinations may help escape local optima and produce 
more optimal schedules, especially in larger problems. 

Another promising enhancement involves incorporating 
machine learning or reinforcement learning techniques to 
dynamically adjust penalty weights or predict lecturer 
preferences based on historical data. This adaptive approach 
could improve the algorithm’s responsiveness to institutional 
scheduling patterns and policy or staff availability changes. 

Additionally, future studies may involve feedback loops 
from faculty members or administrative staff to validate 
satisfaction levels more accurately and inform iterative model 
adjustments. Incorporating multi-objective optimization to 
balance different stakeholder priorities, such as room 
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utilization, lecturer satisfaction, and student timetable 
compactness, can also improve the model’s real-world 
applicability. 

Lastly, implementation in a live academic environment 
would offer valuable insights into deployment challenges, 
scalability, and user acceptance, forming a bridge between 
theoretical models and operational scheduling systems. 
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