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1. Introduction  

University course timetabling is an academic planning activity conducted before each semester to allocate 

courses, lecturers, rooms, and timeslots in a coordinated manner. A timetable is considered feasible when 

fundamental constraints are satisfied so that teaching and learning can proceed without clashes. In practice, 

feasibility is primarily determined by mandatory constraints such as ensuring that a lecturer is not assigned to 

two classes at the same time and that a room is not used simultaneously, while timetable quality can be 

improved by considering preferences and balancing class distribution across days and sessions. The literature 

also confirms that timetabling remains a critical managerial issue in higher education because it affects 

service quality, workload, and operational stability [1], [2], [3]. Practical constraints include limited room 

availability, a relatively fixed weekly timeslot structure, and diverse lecturer teaching-availability patterns. 

Common conflicts observed in practice include room clashes and overlapping lecturer assignments, which 
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 Course timetabling in higher education is a complex combinatorial 
problem due to constraints related to lecturer availability, limited 
classroom resources, and fixed weekly time-slot structures. As the 
number of courses and class sections increases, manual scheduling 
becomes increasingly inefficient and prone to conflicts, particularly 
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academic data from an undergraduate study program, including 
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Experimental results show that the proposed system consistently 
generates conflict-free timetables, achieving a conflict value of zero 
across all repeated runs under the selected parameter configuration. 
Beyond feasibility, the optimization process continues to refine 
timetable quality by reducing soft-constraint penalties, as indicated by 
the convergence behavior observed across repeated executions. This 
repeated-run evaluation provides insight into the stochastic 
optimization characteristics of the ACO-based approach under fixed 
parameter settings. These findings indicate that the Java-based ACO 
approach effectively supports automated university course scheduling 
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structured timetables.    
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makes manual scheduling require repeated cross-checking. As data volume grows, manual procedures tend to 

become more time-consuming and more prone to errors. In addition, administrative changes—such as 

opening parallel class sections, replacing lecturers, or introducing additional time restrictions—often trigger 

timetable reconstruction, increase workload, and may disrupt teaching if conflicts remain in the published 

schedule [4], [5]. Operationally, manual timetabling generally involves iterative checking and revision to 

avoid conflicts; this complexity tends to increase when lecturer preferences are considered, as discussed in 

higher-education timetabling studies [4], [5]. Such preferences narrow the set of feasible timeslot 

combinations and often require adjustments to maintain overall timetable feasibility. 

From an optimization perspective, course timetabling can be formulated as assigning course–lecturer–room–

timeslot combinations within a very large search space and is commonly classified as an NP-hard problem. 

Consequently, exact approaches often become less practical as problem size increases or constraints become 

more diverse, motivating the use of approximation strategies and metaheuristics. Prior studies show that 

metaheuristics can explore large solution spaces efficiently and iteratively improve candidate timetables 

within reasonable computation time, particularly when the problem contains many interacting constraints [1], 

[3], [6], [7]. Among metaheuristic families, Ant Colony Optimization (ACO) is frequently applied because it 

constructs solutions incrementally and “learns” from previous search experience through pheromone 

reinforcement. Several studies report that ACO variants can produce feasible timetables in highly constrained 

cases, and intelligent optimization approaches are often associated with conflict reduction and improved 

scheduling efficiency [5], [8], [9]. Meanwhile, other metaheuristics such as Genetic Algorithms, Simulated 

Annealing, and Particle Swarm Optimization have also been widely applied to balance exploration of new 

solutions and exploitation of promising regions in the search space [10], [11], [12]. Nevertheless, two 

practical gaps remain notable. First, many studies emphasize evaluation on simulated data or standardized 

benchmark datasets, which may not fully represent the policy rules and data characteristics of a specific study 

program; as a result, benchmark performance does not always translate directly to operational settings [3], 

[6]. Second, the development of desktop tools that are ready for use by academic administrators, as well as 

empirical analysis of how core ACO parameters—particularly the number of ants and iteration limits—affect 

performance on real institutional data, remains relatively limited [13], [14].Closing these gaps is important so 

that algorithmic contributions extend beyond conceptual advances and support adoption in program-level 

scheduling contexts. Therefore, this study develops an automatic timetabling system based on Ant Colony 

Optimization (ACO), implemented as a Java desktop application, and evaluated using real academic data 

from the Informatics Engineering Study Program of STMIK Widya Cipta Dharma. The system models 

feasibility primarily through hard constraints, such as preventing lecturer and room clashes, while soft 

constraints are incorporated to support schedule quality refinement, including lecturer forbidden timeslots 

and balanced distribution of classes across days and timeslots. The evaluation is conducted through repeated 

runs on the same dataset to assess the system’s ability to consistently generate conflict-free timetables and to 

examine how the optimization process contributes to timetable refinement under realistic institutional 

conditions. The contributions of this study include applying ACO to program-level institutional data, 

embedding the optimization process into a practical Java desktop application usable by non-technical users, 

and providing empirical evidence of how parameter configuration influences convergence toward feasible 

and well-structured schedules [15]. 

2. Method  

 This study uses an experimental computational approach to develop and evaluate an automatic 

course scheduling system based on Ant Colony Optimization (ACO), implemented as a Java desktop 

application. The research data were obtained from the academic records of the Informatics Engineering Study 

Program at STMIK Widya Cipta Dharma for the 2024 academic year (odd and even semesters), including 

class entries, assigned lecturers, the list of available rooms, enrolment numbers, and the weekly timeslot 

structure used by the program. The scheduling process is modeled as assigning course–lecturer–room–

timeslot combinations in a large search space; therefore, solution evaluation is performed using a cost 

function that combines hard-constraint and soft-constraint violations. Hard constraints are prioritized to 

ensure timetable feasibility (such as preventing lecturer clashes and room clashes), while soft constraints are 

used to improve timetable quality through lecturer forbidden timeslot preferences and schedule distribution 

balancing. Procedurally, the system is developed using the Waterfall model, progressing through requirement 

analysis, system design, implementation, testing, and deployment. During testing, the application is executed 

repeatedly on the same dataset to examine output consistency and to evaluate the ability of ACO to produce 

feasible timetables based on conflict/cost indicators computed from the defined constraints. Details of the 

research approach, object and scope, data sources, tools, development stages, and analysis techniques are 

described in Subsections 2.1 to 2.6. 
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2.1 Type and Approach of Research 

This research is an experimental computational study. ACO is applied as the optimization technique to 

construct candidate timetables iteratively, and system performance is examined through repeated runs on the 

same institutional dataset. The evaluation follows common practice in university timetabling studies that 

assess feasibility and quality indicators under configurable parameter settings [5], [6]. 

Repeated execution is used to observe convergence behavior and solution stability, evaluated through the 

number of iterations required to reach feasible schedules and the final cost values obtained across runs. 

 

2.2 Object and Scope of Research 

The object of the study is an ACO-based course scheduling system implemented as a Java desktop 

application for program-level use. The scope covers timetable construction for the Informatics Engineering 

Study Program of STMIK Widya Cipta Dharma by assigning each class entry to one room and one weekly 

timeslot within the program’s scheduling structure. The scheduling horizon is defined as five weekdays 

(Monday–Friday) with three timeslots per day. 

 

2.3 Data Collection Techniques 

The study uses institutional academic records from the Informatics Engineering Study Program of 

STMIK Widya Cipta Dharma for the 2024 academic year (odd and even semesters). The dataset comprises 

class entries (sections), lecturer assignments, available rooms, student enrolment figures, and a fixed weekly 

timeslot structure. Using official institutional data (rather than simulated or benchmark instances) ensures 

that the developed system reflects real operational conditions. A summary of the dataset is provided in Table 

1. 

Table 1. Research dataset overview for the 2024 (Odd–Even) course scheduling case. 

Item Value 

Dataset label Courses in the 2024 Academic Year (Odd and Even Semesters) 

Class entries (sections) 37 (36 unique courses) 

Resources 21 lecturers; 12 rooms 

Time structure 5 days (Mon–Fri); 3 timeslots/day; 15 timeslots/week 

Timeslot schedule 08:00–09:40; 10:00–11:40; 13:00–14:40 (100 minutes) 

Academic/load info 
2 SKS per class; enrolment 41–73 (avg 57.43); room capacity data not 

available 

 

2.4 Tools and Materials Used 

The scheduling system is implemented as a Java desktop application with a graphical user interface 

using Java Swing. The application integrates data input, ACO execution, and timetable visualization within 

one system to support direct use by academic administrators. Inputs (courses, lecturers, rooms, enrolment, 

and timeslots) are stored in internal data structures and processed by the ACO procedure to generate a 

feasible timetable. 

 

2.5 Research Procedures or Stages 

Constraint modeling and penalty weights. 

Schedule feasibility and quality are evaluated using hard constraints and soft constraints embedded in the 

scheduling cost function. Hard constraints represent mandatory rules to prevent fundamental conflicts, 

namely room clashes and lecturer clashes. Soft constraints represent preference-based criteria, including 

lecturer forbidden timeslots and balancing of schedule distribution across days and sessions. The separation 

between hard and soft constraints follows the common formulation adopted in university course timetabling 

problems [1], [6]. Penalty weights are defined prior to execution based on operational scheduling 

considerations and the characteristics of the institutional data used. Preliminary testing is conducted to ensure 

that the selected weights allow the system to consistently achieve feasible schedules while preserving clear 

differentiation between hard-constraint and soft-constraint violations. Once defined, penalty weights are kept 

constant throughout all experiments to ensure evaluation consistency and maintain interpretability of the 

optimization results. The constraints and penalty weights implemented in the system are presented in Table 2. 
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Table 2. Hard and Soft Constraints Used in the Scheduling Evaluation. 

Type Constraint 
Violation rule (based on 

implementation) 
Penalty(added to cost) 

Hard Room clash 
Two different courses are assigned to the 

same timeslot and same room 
+1.00 per clash 

Hard Lecturer clash 
Two different courses taught by the same 

lecturer are assigned to the same timeslot 
+1.00 per clash 

Soft Lecturer forbidden timeslot 
A course is placed in a timeslot that is 

forbidden for its lecturer 
+0.30 per violation 

Soft 
Schedule balancing (day & 

timeslot distribution) 

Penalizes overloaded timeslots, overloaded 

days, and empty timeslots 

+0.15×(slot overload) 

+0.20×(day overload) +0.03× 

 

Ant Colony Optimization (ACO) model and transition rule. 

 Ant Colony Optimization (ACO) is a population-based metaheuristic inspired by the collective 

behavior of ants in discovering efficient paths and has been widely applied to combinatorial optimization 

problems, including university course timetabling [6], [8], [16]. In this study, the timetabling problem is 

represented as a graph in which nodes correspond to feasible course–room–timeslot assignments. Ants 

incrementally construct complete timetables by selecting the next assignment according to a probabilistic 

transition rule. 

 

(1) 

where is the probability of moving from node to node , denotes the pheromone value, represents 

the heuristic desirability, and and control the relative influence of pheromone and heuristic nformation, 

respectively [2], [16]. After all ants generate candidate timetables, each solution is evaluated and pheromone 

values are updated to reinforce higher-quality assignments [1], [6].The parameters and are 

selected to emphasize heuristic information during solution construction while preserving pheromone 

influence for long-term learning. This configuration is commonly adopted in ACO-based timetabling and 

scheduling studies to balance exploration and exploitation. Alternative parameter settings were initially 

explored, but and consistently produced more stable convergence and feasible solutions across 

multiple runs, making this configuration suitable for the problem characteristics considered in this study. 

 

Schedule evaluation function. 

 Candidate timetables are evaluated using a weighted cost function that aggregates hard and soft 

constraint violations: 

 

 
(2) 

where counts mandatory constraint violations and  counts preference-based 

violations. Larger weights are assigned to hard violations so that feasibility is prioritized before quality 

refinement, consistent with prior timetabling models [5], [6], [17] 

Pheromone update and reinforcement. 

 At the end of each iteration, pheromone values are updated through evaporation and deposition: 

 

 (3) 

where ρ is the evaporation rate that helps prevent premature convergence[2], [16], [18].Pheromone 

reinforcement is defined as: 

 
(4) 

where is a pheromone constant and is the timetable cost obtained from Eq. (2). Lower-cost solutions 

receive larger reinforcement values[18], [19]. 
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Parameter settings. 

The number of ants and maximum iterations are configurable via the application interface. The chosen α, β, 

and ρ values are adopted based on commonly used configurations in related timetabling studies and 

preliminary experimentation to ensure stable convergence behavior. In the implementation, pheromone 

influence is set to α = 1, heuristic influence to β = 3, and evaporation rate to ρ = 0.3, while other parameters 

such as the number of ants and iteration limits are defined by the user according to problem size. The ACO 

parameter settings used in this study are summarized in Table 3. 

 

Table 3. ACO Algorithm Parameter Values. 

Parameter Symbol Value Short Description 

Number of Ant 
 

10 Number of ants constructed in each iteration 

 

Max Iteration 
 

50 Upper limit of optimization iterations per run 

Pheromone Influence 
 

1 Pheromone weight 

Heuristic Influence 
 

3 Heuristic weight 

Evaporation Rate 
 

0.3 Pheromone loss rate 

Reinforcement Constant 
 

500 Addition of best solution pheromones 

Initial Pheromone 
 

0.1 Initial pheromone value 

 

System development model (Waterfall) and implementation. 

The system is developed using the Waterfall model, consisting of requirement analysis, design, 

implementation, testing, and deployment. Requirement analysis defines scheduling data, constraints, and 

parameter inputs. The design stage specifies representations for schedules, pheromone trails, and heuristic 

information. Implementation translates the ACO equations and scheduling logic into a Java application. The 

optimization workflow is organized into modular Java classes responsible for data representation, schedule 

construction, evaluation, and pheromone updating. Testing focuses on feasibility verification and repeated-

run evaluation using the same dataset. Deployment ensures the application can be used in real academic 

scheduling work. The development flow is illustrated in Figure 1 [20]. 

 
Figure 1. Waterfall-based stages of system development. 
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2.6 Data Analysis Techniques 

Data analysis is conducted by evaluating the performance of the generated timetables using the cost function 

in Eq. (2), which aggregates hard- and soft-constraint violations. Feasibility is primarily determined by the 

absence of hard-constraint conflicts, namely room clashes and lecturer clashes, while soft-constraint penalties 

are used to reflect preference-oriented schedule quality. The system is executed repeatedly on the same 

dataset to examine consistency and convergence behavior, and the results are summarized based on 

feasibility status and the final conflict/cost value obtained in each run. This analysis supports observation of 

the stochastic behavior of the algorithm without claiming comparative optimality beyond the defined 

constraint model. 

3. Results and Discussion 

This section presents the results and discussion of the proposed Ant Colony Optimization (ACO)–based 

course scheduling system. The evaluation is conducted using real institutional academic data through 

repeated executions of the algorithm in order to observe solution consistency and convergence behavior. The 

analysis focuses on two main aspects: timetable feasibility, defined by the satisfaction of hard constraints 

without conflicts, and optimization behavior, reflected by changes in the scheduling cost over successive 

iterations. Across repeated runs, the first conflict-free solution was generally obtained within the early-to-

middle iterations, with only minor variation between runs, reflecting the stochastic search behavior of the 

ACO algorithm under fixed parameter settings. To support this analysis, the optimization results are 

presented using convergence visualizations. The first curve illustrates the average cost trend across iterations, 

representing the optimization trajectory of the algorithm, while the second curve shows the feasibility rate per 

iteration, indicating when conflict-free schedules are achieved during the search process  

3.1 Cost Convergence Behavior 

The average cost convergence behavior of the ACO-based scheduling system across multiple runs shows a 

gradual reduction in cost values as the number of iterations increases. This trend indicates that the algorithm 

progressively improves timetable quality after the initial construction phase, rather than stopping once a 

feasible solution is found. Cost fluctuations observed in early iterations reflect the stochastic nature of ACO 

and its exploration of alternative scheduling combinations, while the stabilization of the cost trend in later 

iterations suggests increasing influence of pheromone reinforcement toward lower-cost assignments [5], [6]. 

The behavior of the cost convergence across different runs also suggests that ACO efficiently refines solutions 

by iterating toward a global optimum, reducing the impact of early randomness [17]. assignments Figure 2. 

 

Figure 2. Average cost convergence across iterations over multiple runs. 

3.2 Feasibility per Iteration 

The feasibility rate per iteration aggregated over multiple runs increases as the optimization process 

progresses, indicating that conflict-free schedules are achieved more consistently after a certain number of 

iterations. In the early stages, the feasibility rate remains low due to the difficulty of satisfying all hard 

constraints during initial solution construction. As iterations advance, the feasibility rate stabilizes, 

demonstrating the algorithm’s ability to reliably converge toward feasible schedules under stochastic search 
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behavior and to prioritize hard-constraint satisfaction before further quality refinement [1], [6], [17]. 

assignments.Figure 3. 

  

Figure 3. Feasibility rate per iteration aggregated over multiple runs. 

3.3 Presentation of Research Results 

The developed system is implemented as a Java desktop application with a graphical user interface that 

supports academic data management, ACO parameter configuration, optimization execution, and result 

presentation. Through the interface, users can manage course, lecturer, room, and timeslot data, specify ACO 

parameters (including ant count and iteration limits), and execute the scheduling procedure in a single 

workflow. The system displays the generated timetable along with detected conflicts to support feasibility 

validation, as illustrated in Figure 4. 

 

Figure 4. Primary interface of the ACO scheduling application. 

To support operational use, the application provides an integrated screen for entering scheduling data and 

configuring key optimization settings. The output view presents the optimized timetable together with conflict 

information so that users can review feasibility and perform administrative follow-up actions when necessary. 

An example of this integrated interface is shown in Figure 5. 
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Figure 5. Integrated GUI for the ACO-based scheduling system. 

 

To incorporate lecturer availability considerations, the system includes a dedicated interface for lecturer 

time preferences. Users can specify preferred and restricted timeslots for each lecturer, and these inputs are 

incorporated into the scheduling model as soft constraints. This design allows the system to generate schedules 

that better reflect actual teaching conditions while maintaining feasibility requirements. The lecturer 

preference input screen is presented in Figure 6. 

 

Figure 6. Interface for setting lecturer time preferences. 

 

After optimization, the timetable output is displayed in a day-by-timeslot matrix format. This 

representation facilitates verification that lecturers and rooms are not assigned to multiple classes 

simultaneously and provides a concise overview of course allocations across the weekly structure. An example 

timetable generated from the institutional dataset is shown in Figure 7. 
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Figure 7. Timetable matrix produced by the system. 

 

3.4 Analysis of Findings 

The experimental results indicate that Ant Colony Optimization (ACO) can address the timetabling 

requirements of the Informatics Engineering Study Program of STMIK Widya Cipta Dharma when applied to 

real academic data. The observed reduction of conflicts across iterations suggests that pheromone 

reinforcement progressively biases the search toward more feasible assignment combinations, consistent with 

prior work showing that ACO is effective for highly constrained timetabling problems [1], [2], [3]. The results 

further suggest that system performance is sensitive to core parameter settings, particularly the number of ants 

and the maximum iterations. Increasing these values generally improves exploration and provides more 

opportunities for pheromone-based refinement, which can increase the consistency of achieving conflict-free 

solutions. However, excessively large settings may increase computation time without proportional 

improvements, implying that practical deployment benefits from balanced parameter selection [17]. 

Repeated-run outcomes also show that the configured setting is sufficient to reliably reach feasibility, while 

lecturer preferences primarily influence convergence speed rather than the final feasibility status. Because 

ACO is stochastic, the iteration at which the first feasible solution appears can vary even when the dataset and 

parameters are fixed. When lecturer forbidden-timeslot preferences are enabled, the search space becomes 

more constrained through additional penalties, which can shift the exploration–exploitation balance and delay 

feasibility in some repetitions [17], [18]. 

This behavior is reflected in the repeated-run comparison that summarizes final feasibility, first feasible 

iteration, and runtime under both preference settings. Using institutional records increases the practical 

relevance of the study because the generated timetables reflect the program’s real constraints, including 

lecturer availability patterns, room lists, and timeslot structures. Embedding the optimization procedure into a 

Java desktop application also improves usability for academic administrators and supports direct operational 

use, aligning with applied scheduling studies that emphasize deployable tools rather than purely benchmark 

evaluations [16], [18]. Despite these positive outcomes, performance may vary with instance size and 

parameter configurations. Future work can investigate adaptive parameter control and scalability 

improvements. Another promising direction is hybridization, in which ACO is combined with local search or 

other optimization mechanisms to strengthen robustness and improve solution quality. For example, hybrid 

scheduling approaches that integrate ACO with tabu search have been reported to improve search 

effectiveness in minimizing tardiness and refining solution quality, suggesting a relevant direction for 

enhancing timetabling performance under complex constraints [5], [6]. 
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3.5 Implications of the Results 

 The findings indicate that integrating Ant Colony Optimization (ACO) into a Java desktop 

application can provide a practical operational solution for course timetabling at the study-program level. In 

practice, the system supports academic data management (courses, lecturers, rooms, and timeslots), user-

configurable parameter setting, and automated optimization, while presenting the resulting timetable together 

with conflict information to facilitate validation. The dedicated lecturer preference module further implies that 

teaching-availability considerations can be incorporated systematically through soft constraints, enabling 

schedules that better reflect real teaching conditions without compromising feasibility. From an academic 

perspective, this study strengthens empirical evidence that ACO is suitable for timetabling problems with 

many interacting constraints and large search spaces, particularly when evaluated on real institutional data 

rather than simulated instances. In addition, the study contributes a deployable tool that can be used by non-

technical academic staff, thereby helping bridge optimization methods and administrative scheduling needs. 

Future practical implications include extending institutional policy rules, integrating the system with an 

academic information system, and applying the approach to larger-scale scheduling scenarios across multiple 

programs. 

3.6 Limitations of the Study 

 Several limitations should be acknowledged to contextualize the results and guide future work. First, 

the dataset is derived from a single study program and one academic year, so constraint characteristics and 

data patterns may be specific to that institutional context. Second, room capacity information is not available 

in the dataset; therefore, capacity-based constraints (e.g., matching enrolment to room capacity) could not be 

modeled as hard or soft constraints in the current evaluation. Third, the system is implemented as a Java 

desktop application, which implies dependency on the user’s local environment and does not yet support 

multiuser access or direct web-based integration. Fourth, although the application allows users to configure 

ACO parameters, the exploration of parameter-tuning strategies can be extended, including adaptive 

parameter control to improve stability on larger instances. Finally, timetable quality is influenced by the 

completeness and accuracy of input data and lecturer preference specifications; when preference data are 

incomplete or change over time, inputs must be updated before re-optimization. These limitations suggest 

directions for future research, including adding room-capacity constraints, improving scalability, adopting 

adaptive parameter tuning, and integrating the system with institutional academic information systems for 

more automated scheduling workflows. 

4. Conclusion 

This research developed a Java-based desktop application that automates university course timetabling using 

Ant Colony Optimization (ACO). The system integrates academic data input, configurable algorithm 

parameters, optimization execution, and timetable visualization within a single interface to support practical 

scheduling at the study-program level. Evaluation was conducted using real institutional data from the 

Informatics Engineering Study Program of STMIK Widya Cipta Dharma with a fixed configuration of 10 

ants and 50 iterations per run. Experimental results demonstrate that the proposed system consistently 

produces feasible timetables without room or lecturer conflicts, achieving a minimum cost value of zero 

across all runs. As shown by the cost convergence curve, the optimization process continues beyond initial 

feasibility by gradually reducing soft-constraint penalties, while the feasibility-per-iteration curve indicates 

that conflict-free solutions are typically reached after a certain number of iterations. Variations in the 

convergence point across runs reflect the stochastic nature of ACO, particularly during early exploration 

phases. 

The convergence patterns observed in the two curves also highlight opportunities for further improvement. 

Specifically, the cost convergence curve shows periods of stagnation after feasibility is reached, suggesting 

that additional local refinement mechanisms could accelerate cost reduction. Similarly, the feasibility rate 

curve indicates that convergence speed varies across runs, implying sensitivity to parameter settings during 

early search stages. Based on these observations, future work may explore hybrid optimization strategies that 

combine ACO with local search or tabu search to enhance post-feasibility solution refinement, as well as 

adaptive or reinforcement learning–based parameter control to regulate exploration–exploitation balance and 

reduce convergence variability. Such extensions are directly motivated by the algorithmic behavior observed 

in the convergence and feasibility curves and would strengthen the system’s alignment with advanced AI-

based optimization research while maintaining practical applicability. 
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