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Abstract

University course timetabling remains a classic combinatorial optimization problem, and it sits at the heart of how academic
institutions manage their resources. The task becomes considerably harder when operational constraints are tight: teaching
facilities are few, lecture durations are fixed, and scheduling periods are limited. A wide range of optimization approaches has
been proposed in the literature, yet comparatively few studies examine timetabling environments in which temporal structures
are tightly constrained and institutional resources are scarce.

This study presents a Binary Integer Linear Programming (BILP) model that generates conflict-free university course timetables
while minimizing theoretical overflow into the laboratory. Binary decision variables are used to assign courses to specific
classrooms and time slots. A thorough set of hard constraints governs these assignments: they guarantee timetable feasibility,
prevent scheduling conflicts, enforce the exclusive use of classrooms and instructors, and reserve the computer laboratory for
practical courses alone.

The approach was evaluated through a real-world case study at the Department of Engineering Management and Administrative
Leadership, College of Technical Sciences in Bani Walid, Libya. The department offers 48 undergraduate courses across eight
academic semesters, taught by 13 faculty members. Its scheduling environment is notably restrictive: only ten weekly time slots
are available, a consequence of a five-day academic week with two three-hour teaching periods per day, together with four
theoretical classrooms and one computer laboratory. Under these conditions, the BILP model produced a completely conflict-
free timetable with 96.0% overall resource utilization, zero hard-constraint violations (one controlled theoretical overflow into
the laboratory was permitted to preserve overall feasibility), and proven mathematical optimality.

Keywords: Binary Integer Linear Programming, Timetabling Optimization, Resource Allocation, Operations Research, Higher
Education, Course Scheduling.
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1. Introduction
University course timetabling is widely recognized as one of the most challenging combinatorial optimization problems in higher
education management [1], [2]. The task is to assign courses, instructors, classrooms, and student groups to available time slots
while respecting a broad array of institutional constraints. The quality of the resulting timetable has direct consequences for
resource utilization, teaching efficiency, faculty workload, and the overall academic experience of students [3], [4]. As universities
continue to expand their academic programs and student populations, traditional manual scheduling has become slow, inefficient,
and increasingly prone to conflicts [5], [6].

The University Course Timetabling Problem (UCTTP) has attracted sustained attention from researchers in operations research
and artificial intelligence. Because the problem is NP-hard [15], a wide range of solution techniques has been proposed: heuristic
methods; metaheuristic algorithms such as Genetic Algorithms [19], [37], Simulated Annealing [38], and Tabu Search [10]; and
exact approaches such as Constraint Programming and Integer Linear Programming (ILP) [12], [13]. Heuristic methods often
deliver satisfactory solutions within reasonable computation times, but they cannot guarantee true mathematical optimality [14].
Integer Linear Programming, by contrast, yields mathematically optimal solutions whenever the problem size and the available
computational resources permit [15], [16].

Despite this extensive literature, relatively few studies have examined scheduling environments that combine limited educational
resources with rigid temporal structures [17], [18]. In many institutions, particularly in developing countries, academic policies
impose fixed lecture durations, a small number of daily teaching periods, and restricted classroom availability. Conditions of this
kind add considerably to the complexity of the scheduling process and narrow the practical applicability of many existing
timetabling models.

The College of Technical Sciences in Bani Walid offers a practical instance of just such an environment. The Department of
Engineering Management and Administrative Leadership offers 48 undergraduate courses distributed across eight academic
semesters. The entire scheduling process must operate within five teaching rooms: four theoretical classrooms and a single
computer laboratory. Institutional regulations further require every course to be delivered as a continuous three-hour lecture, and
only two teaching periods are available each day across a standard five-day academic week. Together these constraints produce
a dense scheduling environment in which preparing a timetable by hand is difficult and conflict-prone.

To address these challenges, this study proposes a Binary Integer Linear Programming (BILP) model that generates conflict-free,
fully feasible university course timetables while enforcing laboratory requirements. The formulation incorporates a exhaustive
set of hard constraints covering classroom allocation, instructor availability, student cohort conflicts, and laboratory-specific
requirements. We implement the model in Python using the PuLP optimization framework [21] and evaluate it through a real-
world case study built on actual institutional data.

The main contributions of this research are summarized as follows:

e Developing a Binary Integer Linear Programming model tailored to university timetabling under restrictive
scheduling conditions.

e Integrating multiple institutional constraints within a single mathematical optimization framework.
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e  Evaluating the proposed model on empirical, real-world data from the College of Technical Sciences in Bani Walid.

e Demonstrating the practical effectiveness of the approach in producing a feasible timetable while enforcing
laboratory requirements and supporting data-driven academic planning.

e Providing a sensitivity analysis that examines the robustness of the model under varying institutional capacity
parameters.

e Conducting a comparative performance analysis against manual scheduling and metaheuristic approaches.

The remainder of this paper is organized as follows. The rest of this introductory section states the research problem (Section
1.1), sets out the research objectives (Section 1.2), formulates the research hypotheses (Section 1.3), discusses the significance
of the study (Section 1.4), and introduces the definitions, model assumptions, and research boundaries (Section 1.5). Section 2
reviews the related scientific literature. Section 3 describes the research methodology and procedures, and Section 4 provides the
theoretical background of Binary Integer Linear Programming. Section 5 presents the mathematical formulation and
computational implementation; Section 6 reports the analytical results and discussion, and Section 7 gives the sensitivity analysis
and comparative evaluation. Finally, Section 8 concludes the paper and offers recommendations for future research.

1.1. Research Problem

University course timetabling is a complex combinatorial optimization problem: courses, instructors, classrooms, and student
cohorts must all be allocated to a limited set of time slots while numerous overlapping institutional constraints are satisfied [22].
As academic programs expand and resource limitations become more pronounced, producing a feasible and entirely conflict-free
timetable grows harder, particularly when administrators depend on manual procedures [23].

Many optimization models have been proposed for the University Course Timetabling Problem (UCTTP), but a large share of
them rest on the assumption of a relatively flexible scheduling environment [24] — one with multiple daily teaching periods,
ample classroom availability, or less restrictive institutional policies. Models built on such assumptions may not transfer directly
to institutions operating under constrained scheduling conditions [25].

The Department of Engineering Management and Administrative Leadership at the College of Technical Sciences in Bani Walid
represents exactly such a constrained environment. The department currently offers 48 undergraduate courses distributed across
eight academic semesters, and its teaching resources are limited to four theoretical classrooms and one computer laboratory.
Institutional regulations require each course to be delivered in a continuous three-hour lecture format, with only two teaching
periods per day over a standard five-day academic week. These restrictions shrink the entire scheduling horizon to ten weekly
time slots and add substantially to the difficulty of constructing a workable timetable.

Under these conditions, manual timetable preparation becomes inefficient and liable to classroom conflicts, instructor overlaps,
student scheduling conflicts, and suboptimal resource utilization. There is a clear practical need for an optimization model capable
of satisfying all institutional constraints while keeping theoretical overflow into the laboratory space to a minimum.

The primary research problem addressed in this study can be formulated as follows: How can a Binary Integer Linear
Programming model be developed to generate an optimal, conflict-free university course timetable that satisfies all institutional
constraints and efficiently utilizes available educational resources within a highly constrained academic scheduling environment?

1.2. Research Objectives

The primary objective of this study is to develop and evaluate a Binary Integer Linear Programming (BILP) model capable of
generating an optimal, conflict-free university course timetable under constrained institutional scheduling conditions. To achieve
this overarching objective, the study pursues the following specific objectives:

1. Mathematical Formulation: To develop a mathematical optimization model based on Binary Integer Linear
Programming that accurately represents the university course timetabling problem, including a complete objective
function, decision variables, and constraint formulations.

2. Constraint Integration: To express the institutional scheduling requirements as a detailed set of hard constraints,
encompassing classroom availability, instructor availability, student cohort conflicts, lecture duration, and specialized
laboratory allocation requirements.

3. Feasibility Generation: To generate a feasible and conflict-free timetable that assigns all 48 courses to appropriate
classrooms and time slots while satisfying every institutional constraint.

4. Resource Optimization: To optimize the use of available educational resources through efficient classroom allocation
and the exclusive assignment of practical courses to the computer laboratory.
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5. Empirical Validation: To validate the practical effectiveness of the proposed model through its application to a real-
world case study at the Department of Engineering Management and Administrative Leadership, College of Technical
Sciences in Bani Walid.

6. Performance Analysis: To analyze the generated timetable in terms of feasibility, resource utilization, conflict
elimination, temporal distribution balance, and overall scheduling performance, thereby assessing the practical
applicability of the proposed approach to automated academic planning.

7. Sensitivity Analysis: To assess the robustness of the proposed model by varying key institutional parameters, including
the number of classrooms and available time slots.

8. Comparative Evaluation: To compare the performance of the proposed BILP model against manual scheduling
approaches and metaheuristic methods reported in the literature.

1.3. Research Hypotheses
To allow empirical validation, the following testable hypotheses and acceptance criteria are established:

H1 (Optimality Hypothesis): The proposed BILP model will generate a mathematically optimal solution (zero optimality gap)
within a computational time not exceeding 5 seconds.

H2 (Feasibility Hypothesis): The model will achieve 100% elimination of hard-constraint violations, including zero room
double-bookings, zero lecturer overlaps, and zero cohort conflicts, with at most one controlled theoretical overflow into the
laboratory as explicitly permitted by Constraint 6.

H3 (Utilization Hypothesis): The model will attain the theoretical room-slot utilization ceiling of 96% (48 assigned courses out
of 50 available room-slots) while satisfying all hard constraints. Because every feasible solution assigns exactly 48 courses, this
ceiling follows arithmetically from feasibility itself; the hypothesis therefore concerns reaching full feasibility at this ceiling, not
treating the percentage as a separate optimization achievement.

Acceptance Criteria: A solution is deemed acceptable if and only if it: (i) satisfies all hard constraints with zero violations
(allowing at most one controlled theoretical overflow); (ii) achieves a proven optimality gap of 0.0%; and (iii) completes
execution within 5 seconds of CPU time.

1.4. Importance of the Problem/Research

The significance of this research lies above all in its direct application to a constrained, real-world educational setting, where it
forms a tangible link between theoretical operations research and everyday academic administration [26]. Moving from traditional
manual scheduling to an automated, optimization-based approach can bring measurable gains in operational efficiency. For the
College of Technical Sciences in Bani Walid, adopting such a model translates directly into an optimized, verifiably conflict-free
academic experience for students and a more systematically managed workload for faculty [27].

The analytical methodology developed in this study also serves as a scalable template. Administrators can adapt the framework
and apply it to other faculties facing similarly rigid scheduling paradigms, such as those built around long continuous lecture
blocks [28]. In addition, the study contributes to the literature by addressing a setting that receives relatively little attention:
severely resource-constrained environments, which are common in developing countries.

From a broader scientific perspective, this work shows that exact mathematical optimization remains computationally practical
and capable of producing high-quality solutions for resource-constrained institutions. This point carries weight at a time when
evidence-based decision-making is gaining ground in academic administration.

1.5. Definitions, Model Assumptions, and Research Boundaries
1.5.1. Definitions
For a clear and precise understanding of the proposed optimization model, the following key terms are defined:

Linear Programming (LP): A mathematical optimization technique used to determine the best possible solution to a problem
represented by linear objective functions and linear constraints [31]. The general form is: maximize (or minimize) Z =
cTxsubjecttoAx < b,x > 0.

Integer Linear Programming (ILP): A special case of linear programming in which some or all decision variables are restricted
to integer values. When all variables are integers, the formulation is called Pure Integer Linear Programming [32].

Binary Integer Linear Programming (BILP): A special case of integer linear programming in which all decision variables are
strictly binary (0 or 1), indicating whether a specific assignment is selected or not [33].

Decision Variable: A binary variable indicating whether a particular course is assigned to a specific classroom during a given
time slot.
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Hard Constraints: Mandatory institutional requirements that must be fully satisfied for a timetable to be considered feasible.
These include classroom availability, instructor availability, student cohort conflicts, and laboratory allocation requirements [34].

Feasible Timetable: A timetable that satisfies all hard constraints without generating any scheduling conflicts.

Objective Function: A mathematical expression defining the quantity to be optimized (maximized or minimized). In this study,
it represents the minimization of theoretical course overflow into the laboratory space.

1.5.2. Model Assumptions
To simplify the mathematical formulation while preserving a realistic representation of the institutional scheduling environment,
the following assumptions are adopted:

The academic week consists of five working days (Sunday through Thursday). Each day contains exactly two teaching periods:
Morning (08:00—11:00) and Afternoon (11:30—14:30), resulting in exactly ten weekly time slots. Each course is scheduled exactly
once per week as a continuous three-hour lecture block. The department offers 48 distinct courses distributed across eight
academic semesters. Educational facilities consist of four theoretical classrooms (each with capacity 25) and one computer
laboratory (capacity 20). The department includes 13 active faculty members. Practical courses must be assigned exclusively to
the computer laboratory, whereas theoretical courses are scheduled primarily in theoretical classrooms. Faculty availability is
assumed unless the instructor is already assigned to another lecture during that specific time slot. Instructor preferences and
student elective choices are not considered in the current scope of this model. All courses have equal priority in scheduling.

All instructors are assumed to be available during all ten weekly time slots unless explicitly specified otherwise. This assumption
is formalized through an availability matrix A(p, t), whereA(p, t) = 1 indicates that instructor p is available during time slot t,
and A(p, t) = 0 indicates unavailability. The current implementation assumes full availability ( A(p,t) = 1forallpandt ),
although the model architecture readily supports the integration of partial availability constraints.

1.5.3. Research Boundaries

The scope of this research is deliberately limited to the Department of Engineering Management and Administrative Leadership
at the College of Technical Sciences in Bani Walid, Libya. The proposed model is evaluated using empirical data from a single
academic semester. The study also confines itself to solving the university course timetabling problem through Binary Integer
Linear Programming under hard institutional constraints. Soft constraints, examination scheduling, classroom capacity
optimization beyond basic room-type matching, individual faculty preferences, and complex multi-objective optimization fall
outside the scope of this research and are recommended as directions for future work.

2. Literature Review

The use of operations research in educational timetabling has a long history that runs from early heuristic procedures to today’s
exact mathematical models [35]. This development rests on the foundations of linear programming laid down in the middle of
the twentieth century. Dantzig’s account of the origins and scope of the field [30], together with the standard textbook treatments
of Dantzig and Thapa [35], Chvatal [36], and Winston [5], established the principles that later researchers would adapt to complex
scheduling problems. The maturation of automated timetabling as a research area in its own right was marked by the Second
International Timetabling Competition (ITC-2007), which defined common benchmark instances and evaluation criteria and
thereby set a shared research agenda for the community [11].

Recent literature confirms the effectiveness of Integer Linear Programming (ILP) for the University Course Timetabling Problem
(UCTTP). Chen et al. [3], in a broad survey of the field, observe that heuristic algorithms remain popular chiefly for their speed,
whereas exact methods such as ILP are the only ones that can certify an optimal solution when computational resources allow.
Earlier, Schimmelpfeng and Helber [7] had applied an ILP model to a real university setting, managing tens of thousands of
binary variables to produce conflict-free schedules—evidence that exact formulations can cope with institutional-scale instances,
not merely toy problems.

Several case-based studies reinforce this conclusion. Daskalaki et al. [12] proposed an integer programming formulation for a
Greek university that accommodated a wide range of operational constraints, showing that ILP can absorb complex academic
requirements without losing tractability. MirHassani [13] developed a computationally effective integer programming model for
course timetabling and, through extensive numerical experiments, demonstrated the practical feasibility of the exact approach on
problems of realistic size. More recently, Rappos et al. [1] presented a mixed-integer programming approach that treats hard and
soft constraints jointly in university timetabling, further underlining the versatility of exact methods.

Advances in programming languages and solver technology have made these techniques far more accessible to practitioners.
Python, and in particular the PuLP library, is now well documented as a workable framework for formulating and solving
scheduling models of considerable complexity [21]. Thiruvathukal [8] showed how Python and PuLP can be used to automate
course scheduling in practice, offering a template that other institutions can follow with modest effort.

The relative merits of exact methods and metaheuristics, meanwhile, remain an open research question. Genetic Algorithms [20],
Simulated Annealing [38], Tabu Search [39], and iterative-improvement metaheuristics with composite neighbourhood structures
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[9] all offer flexibility and scalability on very large instances, but none can guarantee optimality. On the more descriptive side,
Kostuch [29] analysed the university course timetabling problem through a three-phase approach that decomposes the
construction of a feasible timetable into successive stages, a decomposition strategy that has influenced much subsequent heuristic
work. Abdullah et al. [40] investigated large-neighbourhood search for examination timetabling, while Al-Yakoob and Sherali
[41] developed mathematical programming models for class—faculty assignment; taken together, these studies illustrate the
complementary roles that heuristic and exact approaches continue to play in timetabling research.

The present study builds on this body of work by applying a binary integer programming model, implemented in Python with
PulP, to a markedly constrained institutional context characterised by three-hour lecture blocks and only two teaching periods
per day, and by coupling the optimization with a detailed analytical review of the generated timetable. In contrast to studies that
presuppose flexible scheduling environments, the focus here is on the severely resource-constrained settings that are common in
developing regions.

3. Research Methodology/Procedures

This research follows an applied quantitative methodology centred on the formulation and execution of a Binary Integer Linear
Programming model. The work proceeds through a structured pipeline of four stages: data acquisition, mathematical formulation,
computational implementation, and analytical review.

3.1. Data Acquisition and Structuring
Empirical data from the target institution was collected in direct collaboration with the Department of Engineering Management
and Administrative Leadership. The dataset comprises the following elements:

Data Element Value / Description
Total courses 48
Theoretical courses 41
Practical courses 7
Academic semesters 8
Faculty members 13
Theoretical classrooms 4 (capacity 25 each)
Computer laboratory 1 (capacity 20)
Weekly time slots 10 (5 days X 2 periods)
Lecture duration 3 hours continuous

Collection involved reviewing the official curriculum documents, faculty assignment records, and institutional scheduling
policies, after which all data was organised into relational tables suitable as input to a mathematical program. Table 1 presents
the complete source data, mapping each course to its code, title, semester, type, enrollment, and assigned lecturer.

Table 1: Complete Course Dataset

Course Code Course Title Semester | Type | Enrollment | Lecturer
GH114 English Language | 1 T 16 LO1
GS119 Computer Fundamentals 1 P 16 L00
GS111 Mathematics I 1 T 16 L00
GEl115 Occupational Health and Safety 1 T 16 LO1
GH118 Arabic Language and Islamic Studies 1 T 16 LO1
EM123 Time and Effort Management 1 T 16 L02
IT211 Computer Programming 2 P 9 L04
EMI111 Engineering Design I 2 P 9 L03
GE411 Report Writing 2 T 9 L0l
GS121 Mathematics 11 2 T 9 L00
EM122 Principles of Business Administration 2 T 9 L02
GE124 English Language I1 2 T 9 L0l
EM112 Principles of Accounting 2 T 9 L02
GS222 Numerical Analysis 3 T 5 L00
EM124 Small Business Management 3 T 5 L02
EM214 Engineering Design II 3 P 5 L03
EM216 Microeconomics 3 T 5 L06
EM211 Statistics [ 3 T 5 L05
EM213 Technical Terminology and Comm. Skills 3 T 5 LO05
EM215 Quality Management [ 3 T 5 L03
EM223 Operations Research 4 T 7 LO05
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EM221 Statistics 11 4 T 7 LO05
EM212 Engineering Project Management 4 T 7 L08
EM226 Macroeconomics 4 T 7 L06
EM225 Quality Management II 4 T 7 L03
EM217 Environmental Management 4 T 7 L07
EM222 Project Scheduling with MS Project 4 P 7 L08
EM325 Supply Chain Management 5 T 8 LI12
EM313 Human Resources Management 5 T 8 LO07
EM312 Project Scheduling with Primavera 5 P 8 L08
EM314 Production Operations Management [ 5 T 8 L07
EM318 Engineering Economy I 5 T 8 L06
EM315 Plant Layout 5 T 8 LO8
EM311 Contracts and Specifications Management 5 T 8 L07
EM322 Risk Management 6 T 5 L09
EM323 Data and Information Management 6 T 5 L10
EM326 Maintenance Management 6 T 5 L09
EM321 Systems Analysis, Design, and Simulation 6 T 5 L04
EM317 Financial Management 6 T 5 L09
EM419 Production Operations Management 11 6 T 5 L09
EM412 Engineering Economy 11 6 T 5 L06
EM415 Marketing Management 7 T 4 L10
EM413 Seminar in Specialized Field 7 T 4 L10
EM414 Negotiation and Conflict Resolution 7 T 4 L10
EM316 Cost Accounting Management 7 T 4 L1
EM416 E-Commerce 7 P 4 L04
EM421 Strategic Management 8 T 4 L11
EM422 Engineering Planning and Design Management 8 T 4 L11

3.2. Mathematical Formulation

The problem is defined mathematically through an objective function that minimises the overflow of theoretical courses into the
laboratory, subject to a set of hard constraints that rule out any logical overlap and enforce the laboratory requirements. The
complete mathematical model is presented in Section 5.

3.3. Computational Implementation

The model is coded in Python using the PuLP optimization library (version 2.7.0). PuLP serves as an interface to the CBC (Coin-
or Branch and Cut) Mixed Integer Linear Programming (MILP) solver, which explores the solution space through branch-and-
bound algorithms.

Implementation Environment:

Component Specification
Programming Language Python 3.11
Optimization Library PulP 2.7.0
Solver CBC (default MILP solver bundled with PuLP)
Hardware Standard desktop (Intel Core i5, 8GB RAM)
Execution Time 0.40 seconds for the optimal baseline solution (Appendix C)

3.4. Analytical Review

Once the optimal schedule is obtained, it is extracted and analysed in detail. The review covers resource utilization rates for each
classroom and overall, the balance of the temporal distribution across days and periods, adherence to every established constraint,
and sensitivity to variations in the problem parameters.

3.5. Evaluation Metrics
The following Key Performance Indicators (KPIs) were established to evaluate model success quantitatively:

Conflict Elimination Rate: Percentage of scheduling conflicts eliminated (target: 100%).
Resource Utilization: Ratio of used room-slots to total available room-slots.
Constraint Satisfaction: Binary indicator (pass/fail) for each constraint category.
Temporal Balance: Standard deviation of daily course distribution.

5. Computational Efficiency: Total execution time and solver convergence metrics.
4. Theoretical Background: Binary Integer Linear Programming

LW~
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4.1. Fundamentals of Linear Programming

Linear Programming (LP) is a mathematical method for finding the best attainable outcome—maximum profit or minimum cost,
for instance—within a model whose requirements are expressed as linear relationships [31]. A linear programming problem in
standard form is written as:

Maximize: Z = ¢q1Xq + €3X5 + -+ CpXy
Subject to:
a{1x1 + aq2x, + -+ anx, < by
ay1X1 + AyXy + -+ aynx,, < b,
a,1x, + a,2x, + -+ apnx, < by,
X1,X2, .., Xn =0

Here x; denotes the decision variables, c; the objective function coefficients, a;; the constraint coefficients, and b; the right-hand
side values.

4.2. Integer and Binary Extensions

Integer Linear Programming (ILP) extends LP by requiring some or all of the variables to take integer values. When the variables
are confined to {0, 1}, the formulation becomes a Binary Integer Linear Programming (BILP) problem [32]. Such a formulation
is well suited to assignment and scheduling problems, where decisions are discrete by nature: assigning course c to slot t in room
r is a yes-or-no decision, encoded as 1 or 0.

The general BILP formulation is:

Maximize: Z = Z Cj X X;
Jj

Subject to: Yja;; X xj < b; , foralli = 1,...,m
x;€{0,1}, j=1,..,nforallj=1,..,n

4.3. Solution Methods

Branch-and-bound algorithms are the standard means of solving BILP problems: they partition the solution space systematically
and rely on LP relaxations to bound the optimal value [33]. The CBC solver used in this study combines four complementary
mechanisms—branching, which splits the problem into subproblems by fixing binary variables; bounding, which derives upper
and lower bounds from the LP relaxation; cutting planes, which append constraints that remove fractional solutions; and
heuristics, which locate feasible integer solutions early so as to tighten the bounds.

4.4. Complexity and Applicability

BILP is NP-hard in general, yet modern solvers routinely handle instances with thousands of binary variables when the constraint
structure is favourable [34]. The model proposed here involves 2,400 binary variables (48 courses x 10 slots x 5 rooms), a size
comfortably within the reach of contemporary MILP solvers.

5. Mathematical Formulation, Implementation, and Results

5.1. Sets and Indices

The formulation is built over five finite sets that correspond one-to-one with the entities of the departmental scheduling
environment. Their symbols, meanings, and cardinalities are summarized below:

Symbol Description Cardinality / Value
C Set of courses 48
T Set of time slots (5 days X 2 periods) 10
R Set of rooms (Halls 14 and Computer Lab) 5
P Set of lecturers 13
S Set of academic semesters 8

5.2. Parameters
Each course and room is further characterized by a small set of parameters taken directly from the institutional dataset. These
parameters specify the problem instance:
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Parameter Description
type(c) Type of course c: ‘T’ (theoretical) or ‘P’ (practical)
semester(c) Academic semester of course ¢: {1, 2, ..., 8}
lecturer(c) Assigned lecturer for course ¢: {L00, LO1, ..., L12}
enrollment(c) Expected enrollment for course ¢: {4, 5,7, 8,9, 16}, varying by semester cohort (Table 1)
capacity(r) Physical capacity of room r: {25 for halls, 20 for lab}

5.3. Decision Variables
The entire assignment structure is encoded in a single family of binary variables:

X(c, t,r)E 0,1

Here X(c,t,r) = 1 indicates that course ¢ is scheduled at time slot t in room r, while X(c, t,r) = 0 indicates that it is not. No
further decision variables are needed: every institutional requirement examined below can be expressed as a linear condition on
this family alone.

5.4. Objective Function
The objective function counts how many theoretical courses are placed in the Computer Laboratory and seeks to drive that count
down:

Minimize: Z = Z ZX (c,t,Computer_Lab)
ceC, type(c)=T teT

In effect, the formulation reserves the laboratory for practical courses and treats any theoretical placement there as an overflow
to be tolerated only when hall capacity is exhausted — and, by design, no more than once.

It is important to be precise about what this objective actually does in the baseline configuration. Because the department o ffers
41 theoretical courses while the four halls supply only 40 hall-slots, the objective is bounded below by 1; because Constraint 6
caps the overflow at one, it is simultaneously bounded above by 1. Consequently, Z = 1 holds for every feasible solution, and in
the baseline case the model acts primarily as a feasibility-certifying model rather than as a discriminating optimizer. The objective
becomes genuinely selective only when capacity parameters change, as demonstrated in Scenarios 2 and 3, where Z = 0 is
achieved.

5.5. Hard Constraints
Seven hard constraints define the feasible region. Each one translates a specific institutional rule into linear form, and to gether
they ensure that any feasible point of the model corresponds to a workable timetable.

Constraint 1: Course Assignment (Completeness) Every course must appear in the timetable exactly once per week.

ZX(c,t,r) =1 VcecC
teT reR

Since the department offers 48 courses, this family alone fixes the total number of active assignments in any feasible solution at
exactly 48.

Constraint 2: Room Exclusivity A room may host at most one course at any given time.

ZX(c,t,r) <1, VteT, reR

ceC

This is the standard anti-double-booking condition, imposed jointly over all rooms and all time slots.

Constraint 3: Lecturer Exclusivity A lecturer cannot teach two courses simultaneously. Writing C), for the set of courses taught
by lecturer p:

Z ZX(c,t,r)SI, VteT, peP

ceCy TER
This condition prevents any instructor from being assigned to more than one room during the same time slot.

Constraint 4: Student Cohort Conflict Courses belonging to the same semester cohort (C) may not overlap temporally.

Z ZX(c,t,r)Sl, VtET,seS

ceCs TER
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This guarantees that students enrolled in a given semester can attend every mandatory course in their curriculum without ever
facing a clash.

Constraint 5: Strict Laboratory Requirement Practical courses must be scheduled in the Computer Lab, enforced by forcing
every alternative assignment to zero.

X(c, t,r) =0, VceC withtype(c) ="P’, t €T, r # Computer_Lab

These equalities are later absorbed by the solver’s presolve phase as fixed variable bounds, which partly explains the compactness
of the processed model reported below.

Constraint 6: Maximum Theoretical Overflow At most one theoretical course may be scheduled in the Computer Lab.

X (c, t, Computer_Lab) < 1
ceC, type(c)=T teT

This constraint functions as the pressure valve of the model: it acknowledges that 41 theoretical courses cannot fit into 40 available
hall-slots, while preventing the laboratory from degenerating into a general-purpose overflow space.

Constraint 7: Room Capacity Limitation A course may only be assigned to a room that can physically accommodate its
enrollment.

enrollment(c) X X(c, t,r) < capacity(r), VceC teT, reR

Here capacity(r) = 25 for the theoretical classrooms (Halls 1-4) and capacity(r) = 20 for the Computer Lab. Course enrollments
range from 4 to 16 students by semester cohort (Table 1), so every enrollment falls below both the hall capacity and the laboratory
capacity, and the constraint is non-binding in the baseline scenario. It is nevertheless retained in the formulation — and actively
enforced during the optimization run — so that the model remains sound under future enrollment growth.

5.6. Model Size and Complexity
The assembled model comprises 2,400 binary variables and 2,989 constraints at the model level, distributed across the constraint
families as follows:

Model Component Count / Value
Binary Variables 2,400 (48 x 10 x 5)
Course Assignment Constraints 48
Room Exclusivity Constraints 50 (10 x 5)
Lecturer Exclusivity Constraints 130 (10 x 13)
Cohort Conflict Constraints 80 (10 x §)
Laboratory Constraints 280 (7 practical courses X 10 slots X 4 non-lab rooms)
Overflow Constraint 1
Capacity Constraints 2,400 (48 courses x 10 slots x 5 rooms)
Total Aggregated Constraints 2,989
Total Constraints 2,989 (model level); 309 rows after CBC presolve

The capacity family dominates the row count because it is written over the full (c, t, ) cube. The model is nonetheless sparse,
and CBC’s presolve reduces the working problem to 309 rows before the search begins.

5.7. Solver Output and Optimality Evidence
Solving the baseline instance with CBC produced the following output:

Metric Value
Solution Status Optimal
Objective Value 1.0 (One controlled theoretical overflow)
Binary Variables 2,400
Total Constraints 2,989 (model level); 309 processed rows after presolve
Execution Time 0.40 seconds
Nodes Explored 0 (root node solution)
Optimality Gap 0.0%
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Two features of this output deserve emphasis. First, the search terminated at the root node: no branch-and-bound enumeration
was required at all. Second, optimality was not merely attained but certified. The LP-relaxation bound already equals 1, so the
integer solution of value 1 found by the feasibility pump is immediately confirmed optimal, with an optimality gap of 0.0%. The
underlying reason is structural rather than algorithmic. Because the 41 theoretical courses exceed the 40 available hall-slots, every
feasible solution satisfies Z > 1, while Constraint 6 imposes Z < 1. The optimal value Z = 1 is therefore determined by the problem
data itself, and the run serves as a formal certificate that exactly one controlled overflow is both necessary and sufficient.

6. Analytical Results and Discussion

6.1. Comprehensive Timetable Generation

The formulated model was executed using the CBC MILP Solver via Python’s PuLP interface. The optimization problem involved
2,400 binary variables and 2,989 constraints, and the solver returned an optimal, completely feasible solution — one that satisfied
100% of the defined hard constraints, allowing a single controlled theoretical overflow — within 0.40 seconds of computational
time.

All 48 courses were mapped into the tightly constrained 10-slot framework. The model avoided every temporal overlap within
cohorts, routing the practical courses to the Computer Lab and distributing the theoretical courses across the four halls. Exactly
one theoretical course (EM317 — Financial Management, Semester 6, enrollment 5) was placed in the Computer Lab as the
controlled overflow. This placement is a direct consequence of capacity arithmetic rather than a modelling choice: the four halls
provide only 40 slots for 41 theoretical courses. The assignment fully respects the laboratory capacity (5 < 20), so the published
timetable contains zero capacity violations.

A further observation is worth making. The identity of the overflow course is not structurally fixed — nothing in the objective
distinguishes one theoretical course from another for this role — and EM317 is simply the assignment selected by the solver.
What is structurally fixed, as Section 5 showed, is the count: exactly one theoretical course must occupy the laboratory in every
feasible timetable. The result should therefore be read as a certificate about the institution’s capacity situation, not as a preference
for any particular course placement.

Note on Data Provenance and Consistency: All tables, timetables, and analytical results presented in Sections 58 (including
Tables 2—6 and Appendix A) were generated from a single, unified model execution using the Python implementation provided
in Appendix B. No manual post-processing, selective editing, or intervention was applied to the solver output. This ensures
complete internal consistency across all reported results.

Table 2: Generated Conflict-Free Timetable for Semester 1 Cohort

Number | Course Code Course Title Type Room Day / Period
1 GH114 English Language | T Hall 1 Sunday Morning
2 GS111 Mathematics I T Hall 4 Monday Morning
3 GEl115 Occupational Health and Safety T Hall 2 Monday Afternoon
4 GS119 Computer Fundamentals P Computer Lab | Tuesday Morning
5 EM123 Time and Effort Management T Hall 4 Wednesday Morning
6 GH118 Arabic Language and Islamic Studies T Hall 1 Thursday Morning

Table 2 illustrates the pattern for the Semester 1 cohort: its six mandatory courses are spread across the academic week with no
two courses occupying the same period. The algorithm correctly identified ‘Computer Fundamentals’ (GS119) as a practical
course and assigned it exclusively to the Computer Lab. The complete timetable for all eight semesters, encompassing all 48
courses with zero constraint violations, is presented in Appendix A.

6.2. Resource Utilization Analysis
The scheduling environment offers five rooms across ten weekly time slots, a total of 50 room-slots. Of these, 48 were occupied.
Table 3 reports the breakdown by room.

Table 3: Detailed Resource Utilization Report

Room Capacity Courses Assigned Utilization Rate Idle Slots
Hall 1 25 10 100% 0
Hall 2 25 10 100% 0
Hall 3 25 10 100% 0
Hall 4 25 10 100% 0
Computer Lab 20 8 80% 2
Total — 48 96% 2

The utilization profile is striking in its asymmetry. All four theoretical halls operate at 100% — they are saturated, with not a
single idle hall-slot anywhere in the week — while the Computer Lab absorbs 8 of its 10 slots (80%). The overall figure of 96.0%

11
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is thus not a balanced outcome but the sum of total hall saturation and partial laboratory occupancy. Two readings follow. First,
the 96% value is the theoretical ceiling for this instance: because every feasible timetable assigns exactly 48 courses into 50
room-slots, this utilization follows arithmetically from feasibility itself rather than from any distinctive optimization achievement.
Second, the distribution of the load is nonetheless informative. To resolve the deficit of one hall-slot while maintaining feasibility,
the algorithm directed exactly one theoretical course into the laboratory’s idle capacity, so the laboratory accommodated all 7
practical courses and simultaneously served as an overflow buffer. The two slots that remain idle are both laboratory slots — a
nuance that matters, since Constraint 6 prevents them from absorbing further theoretical demand.

6.3. Temporal Distribution Analysis
Tables 4 and 5 examine how the 48 assignments are spread across the days of the week and across morning and afternoon periods.

Table 4: Temporal Distribution Summary

Day Morning Afternoon Total
Sunday (Slot 0-1) 5 5 10
Monday (Slot 2-3) 5 5 10
Tuesday (Slot 4-5) 5 5 10
Wednesday (Slot 6—7) 4 5 9
Thursday (Slot 8-9) 4 5 9
Total 23 25 48

Note: The table reports the number of courses scheduled per day. The Computer Lab is idle in slots 6 and 8 (Wednesday and
Thursday mornings), so 48 of the 50 available room-slots are utilized.

Table 5: Detailed Period Distribution

Period Course Count Percentage
Morning (Slots 0, 2, 4, 6, 8) 23 47.9%
Afternoon (Slots 1, 3,5,7,9) 25 52.1%

Total 48 100%

The daily load is nearly uniform: three days carry ten courses each, and the remaining two carry nine. The deviation has a simple
origin — the Computer Lab stands idle on Wednesday and Thursday mornings (slots 6 and 8) — rather than any imbalance in the
placement logic. Aggregated by period (Table 5), mornings account for 23 courses (47.9%) and afternoons for 25 (52.1%), a gap
of exactly two courses that mirrors the two idle morning laboratory slots; in effect, the afternoon sessions absorb the full slack of
the schedule. It is worth noting that the objective function contains no term rewarding temporal balance, so this near-uniform
distribution is an emergent property of the constraint structure. With the halls saturated in every slot, the only meaningful degrees
of freedom left to the solver concern which laboratory slots remain empty and which course fills the single overflow position.

6.4. Constraint Verification and Feasibility
A post-processing verification pass checked the generated timetable against every constraint category. The results are summarized
in Table 6.

Table 6: Constraint Verification Report

Constraint Violations Expected Violations Actual Status

Room Double-Booking 0 0 PASS
Lecturer Overlap 0 0 PASS

Cohort Conflict 0 0 PASS
Practical Course Lab Assignment 7 7 PASS
Theoretical Overflow (Controlled) <I 1 PASS
Capacity Violation 0 0 PASS

Every category reports zero violations, the sole exception being the theoretical overflow, which stands at exactly one — the value
explicitly permitted by Constraint 6 and, as established in Section 5, required by the capacity arithmetic. A separate feasibility
check is also reassuring: the largest single-semester cohort contains 7 courses, against 10 available weekly time slots, so up to 10
courses per semester could in principle be scheduled without overlap. The algorithm navigated this constrained space without
resorting to any relaxation beyond the designed overflow.

6.5. Automated Validation Summary

12
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As a final integrity layer, an independent automated validation script was executed against the generated timetable. The script
applies six checks in sequence:

1. Course Coverage: Confirms all 48 courses are assigned exactly once.
2.  Room Exclusivity: Iterates over all (slot, room) pairs and verifies no duplicates exist.

Lecturer Exclusivity: Iterates over all (slot, lecturer) pairs and verifies no duplicates exist.

AW

Cohort Conflict: Iterates over all (slot, semester) pairs and verifies no duplicates exist.
5. Laboratory Compliance: Verifies all 7 practical courses are in the Computer Lab.
6. Capacity Check: Verifies no room assignment exceeds its enrollment capacity.

All six checks returned zero violations (with the allowed theoretical overflow), corroborating the verification reported in Table
6. Because this validation operates on the extracted timetable rather than on the solver’s internal state, it provides an independent
layer of assurance that the published schedule — not merely the solver’s own report — is conflict-free.

7. Sensitivity Analysis and Comparative Evaluation

7.1. Sensitivity Analysis

A sensitivity analysis was carried out to examine how the proposed BILP model responds when key institutional parameters are
varied. One parameter was changed at a time, and the full optimization model was re-run under each configuration using the CBC
solver (version 2.10.3). For every run, the actual solver output was recorded, including the solution status, the objective function
value, the computational time, and the constraint violation counts.

7.1.1. Scenario 1: Baseline Configuration

The baseline reflects the institution as it currently operates: 5 rooms (4 halls + 1 lab), 10 time slots (5 days x 2 periods), and 48
courses. The solver returned an optimal solution with an objective value of 1.0, corresponding to one theoretical course
overflowing into the Computer Lab, and reported zero conflicts across all categories within 0.40 seconds. At the model level, the
instance comprised 2,400 binary variables and 2,989 constraints (309 rows after presolve). The solution was found at the root
node without any branch-and-bound enumeration, which means the very first feasibility pump iteration produced a solution that
was immediately certified optimal.

7.1.2. Scenario 2: Adding a Sixth Classroom

Re-running the model with 6 rooms (one additional theoretical hall) changed the outcome in a meaningful way: the solver reached
an objective value of 0.0 in 0.55 seconds, and the theoretical overflow disappeared entirely. A single extra classroom, in other
words, provides enough capacity for all 41 theoretical courses to be accommodated within the halls, leaving zero overflow into
the Computer Lab. The instance grew to 2,880 variables and 3,549 constraints, and the solution was once again found at the root
node.

7.1.3. Scenario 3: Adding an Eleventh Time Slot

A comparable effect followed from extending the academic week by one period (Saturday morning, for example) while keeping
5 rooms. Here, too, the overflow vanished: the objective value fell to 0.0 in 0.50 seconds. With 55 room-slots available for 48
courses, the model returned a conflict-free solution with 7 idle slots, using 2,640 variables and 3,283 constraints.

7.1.4. Scenario 4: Removing One Classroom (4 rooms)

When one theoretical hall was removed (leaving 3 halls + 1 lab = 4 rooms, 40 slots), the solver declared the problem infeasible
after only 0.06 seconds. This outcome is not surprising: 40 slots cannot hold 48 courses, even before room-type and cohort
constraints enter the picture.

7.1.5. Scenario 5: Removing One Time Slot (9 slots)

Reducing the schedule to 9 time slots (45 total slots with 5 rooms) also rendered the problem infeasible, again within 0.06 seconds.
Since 45 room-slots fall short of the 48-course demand, infeasibility already follows from a simple capacity count. The room-
type and cohort constraints only tighten matters further: the 7 practical courses consume 7 of the 9 laboratory slots, leaving at
most 36 hall-slots, plus one controlled overflow, for 41 theoretical courses.

7.1.6. Scenario 6: Increasing Course Load to 53 Courses

Adding 5 theoretical courses (53 in total) while keeping the baseline infrastructure (5 rooms, 10 slots) led to infeasibility within
0.07 seconds. The current configuration has a theoretical maximum of 50 courses (50 room-slots), and the existing demand of 48
courses already leaves only 2 idle slots; five additional courses exceed the physical capacity.

7.1.7. Scenario 7: Allowing Two Theoretical Overflows
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Relaxing the overflow constraint from 1 to 2, with the rest of the baseline configuration unchanged, still yielded an objective
value of 1.0. The optimal solution therefore requires only one overflow even when a second is permitted, which indicates that the
single-overflow constraint is binding but not overly restrictive.

7.1.8. Scenario 8: Removing Two Time Slots (8 slots)
With only 8 time slots (40 total slots with 5 rooms), the problem was immediately infeasible (0.05 seconds). This confirms that
the current 10-slot configuration lies close to the absolute minimum.

Table 7: Thorough Sensitivity Analysis Results

Scenario Configuration Status Objective Overflow Time Variables | Constraints
Value (s)
1. Baseline | > rooms, 10slots, 48\ (ool 1.000 1 0.40 2,400 2,989
courses
2 1 Ha | Orooms 10slots, 48 g 0.000 0 055 | 2,880 3,549
courses
3. +1 Slot > rooms, 11 slots, 48 Optimal 0.000 0 0.50 2,640 3,283
courses
4.-1Hall | Arooms 10slots, 48 posible - - 0.06 | 1,920 2,429
courses
5.-1 Slot 3 rooms, 9 slots, 48 | 1 eoasible - - 0.06 2,160 2,695
courses
6-+5 3 rooms, 105slots, 531 1 poaible - - 0.07 | 2,650 3,244
Courses courses
7.2 > rooms, 10 slots, 48 Optimal 1.000 1 0.45 2,400 2,989
Overflow courses
8. -2 Slots > rooms, 8 slots, 48 Infeasible - - 0.05 1,920 2,401
courses
Table 8: Capacity Thresholds for Feasibility
Parameter Current Infeasible Optimal (overflow=1) Optimal (overflow=0)
Classrooms 5 Infeasible (4 rooms) Optimal (overflow=1) Optimal (r(z)\;ig:;) w=0at6
Time Slots 10 Infeasible (9 slots) Optimal (overflow=1) Optimal (overflow=0 at 11 slots)
Optimal (overflow=1 at Not achievable at 5 rooms x 10
Course Load 48 Infeasible (53 courses) P 48) slots (requires 6 rooms or 11
slots)

Taken together, these scenarios show an institution operating at a critical tipping point. The 5-room, 10-slot infrastructure is the
minimum viable configuration for 48 courses, and it runs with no margin for error: removing a single classroom or a single time
slot tips the problem into infeasibility. In the opposite direction, one additional classroom or one additional time slot eliminates
the overflow entirely. The policy implication follows directly: the institution should either add a sixth classroom or introduce an
additional teaching period if it wants a more robust scheduling configuration.

7.2. Comparative Performance Analysis

The performance characteristics of the proposed BILP model were set against alternative scheduling approaches on the basis of
methodological properties documented in the literature. A direct empirical comparison on the same problem instance and
hardware was not conducted for metaheuristic methods; the analysis below therefore concentrates on conceptual differences
between approaches rather than on runtime benchmarks.

Table 9: Comparative Characteristics of Scheduling Methods

Criterion BILP Manual Scheduling Metaheuristic
Solution Quality Proven optimal Approximate Approximate
Conflict Guarantee Yes (hard constraints) No Not guaranteed
Computational Time 0.40 s (measured) Hours Minutes to hours
Reproducibility Yes (deterministic) No Partial

Optimality Proof Yes (root node) N/A No
Scalability Limited to problem size Unlimited High
Constraint Handling Hard constraints only Informal Hard + soft
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Provable optimality stands out as the decisive advantage of the BILP approach. In the baseline configuration, the solver settled
the problem at the root node, with zero branch-and-bound enumeration, so the solution was proven optimal without any heuristic
search. That degree of mathematical certainty is fundamentally out of reach for metaheuristic methods, which return approximate
solutions and offer no guarantee of global optimality.

8. Conclusions and Recommendations

8.1. Summary of Findings

This study presented a Binary Integer Linear Programming (BILP) model for solving the University Course Timetabling Problem
(UCTTP) under tightly constrained institutional scheduling conditions. The model was developed and evaluated through a real-
world case study drawn from the Department of Engineering Management and Administrative Leadership at the College of
Technical Sciences in Bani Walid, Libya. By folding the institution’s strict requirements into a unified mathematical optimization
framework, the model produced a conflict-free timetable that satisfied every mandatory scheduling constraint.

The computational results attest to the model’s effectiveness. The optimal timetable contains no classroom conflicts, no instructor
conflicts, and no student scheduling conflicts, with the single exception of one controlled theoretical overflow explicitly permitted
by Constraint 6. Practical courses were allocated correctly to the computer laboratory, and the strictly limited educational
resources were used to their theoretical limit: a room-slot utilization of 96%, a figure that follows arithmetically from the fact
that all 48 courses are assigned. These findings support the view that Binary Integer Linear Programming is a dependable,
workable approach for automating university course scheduling in institutions that operate under strict operational constraints.

The sensitivity analysis placed this result in a sharper light. The current institutional configuration (5 classrooms, 10 time slots)
turned out to be the minimum viable capacity for the present course load of 48 courses; any reduction in resources renders the
scheduling problem mathematically infeasible. This gives decision-makers quantitative evidence on which to base future resource
allocation.

The comparative evaluation, for its part, showed that the BILP model outperforms manual scheduling in conflict elimination and
resource utilization, while offering proven mathematical optimality of a kind that metaheuristic approaches cannot guarantee.

8.2. Practical Recommendations for the Institution
On the basis of the analytical findings, the following practical recommendations are put forward for the College of Technical
Sciences in Bani Walid:

e Immediate Implementation: Deploy the proposed BILP model as the primary scheduling tool for the Department of
Engineering Management, replacing the current manual process.

e Resource Planning: Consider expanding the Computer Lab capacity or adding a sixth classroom to increase
scheduling flexibility and accommodate future enrollment growth.

e Policy Review: Reassess the current 3-hour continuous lecture format, which constrains scheduling flexibility
considerably; alternative formats, such as two 1.5-hour sessions, could be explored.

e Automation: Integrate the model into a user-friendly web-based Decision Support System so that department
administrators can generate schedules independently.

e Data Maintenance: Establish a centralized database for courses, instructors, and room availability to facilitate regular
schedule updates.

8.3. Theoretical Contributions
Beyond the immediate case, this study adds to the university timetabling literature in four respects:

e [t presents an exact optimization model designed for academic environments characterized by limited teaching
periods, continuous three-hour lectures, restricted classroom availability (only 4 halls and 1 lab), and specialized
laboratory requirements.

e [t demonstrates that exact mathematical optimization remains computationally practical and well able to produce high-
quality solutions for resource-constrained institutions.

e It provides a thorough sensitivity analysis framework for institutional capacity planning in timetabling.
e It establishes a replicable methodology for similar institutions operating under comparable constraints.

8.4. Limitations

Several limitations deserve transparent acknowledgement. The proposed model considers hard constraints only and does not, at
present, incorporate soft constraints such as faculty scheduling preferences, preferred teaching times, or complex workload
balancing. The evidence base is confined to a single academic department and one academic semester, so the findings should be
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generalized with due attention to institutional differences. Course demands are treated as static: dynamic changes, such as last-
minute course cancellations or instructor substitutions, fall outside the model. Room-capacity modeling rests on cohort-level
enrollment figures (Constraint 7) rather than individual per-course registration data, and it does not capture room-attribute
matching beyond capacity and room type. Finally, the comparison with metaheuristic methods is conceptual rather than empirical,
because the same problem instance was not tested under identical conditions.

8.5. Future Research Directions
Building directly on these findings, eight directions for future research are recommended:

1. Soft Constraints Integration: Extend the proposed model by formally incorporating soft constraints and preference-
based scheduling mechanisms, such as faculty preferred time slots and room preferences.

2. Multi-Objective Optimization: Develop a comprehensive multi-objective optimization model that simultaneously
considers resource utilization, temporal balance, faculty preferences, and student convenience.

3. Metaheuristic Comparison: Systematically compare the proposed Binary Integer Linear Programming approach with
advanced metaheuristic techniques such as Genetic Algorithms, Tabu Search, and Simulated Annealing on the same
problem instance.

4. Scalability Evaluation: Evaluate the scalability of the proposed mathematical model using extensive datasets from
multiple academic departments or entire universities.

5. Decision Support System: Integrate the developed optimization model into a user-friendly, web-based Decision
Support System to actively facilitate automated timetable generation and real-time academic scheduling.

6. Dynamic Scheduling: Extend the model to handle dynamic scheduling scenarios, including real-time adjustments for
cancellations, substitutions, and enrollment changes.

7. Multi-Semester Planning: Develop an integrated model that simultaneously schedules multiple semesters or academic
years, considering prerequisite relationships and curriculum sequencing.

8. Lecturer Availability Modeling: Incorporate a formal availability matrix A(p, t) to capture instructor time-slot
availability constraints, enabling more realistic scheduling that respects faculty schedules and contractual obligations.

8.6. Concluding Remarks

In conclusion, the proposed Binary Integer Linear Programming framework offers an effective, transparent, and scalable solution
for university course timetabling. The study demonstrates that exact optimization techniques remain a powerful decision-support
tool for academic planning and resource management, particularly in higher education institutions operating under severely
limited resources and strict scheduling requirements. The application to the College of Technical Sciences in Bani Walid validates
the practical viability of the approach and establishes a replicable methodology for similar institutions operating under comparable
constraints, pending further empirical validation.
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Appendix A: Complete Generated Timetable for All Semesters

This appendix presents the comprehensive, conflict-free timetable generated by the BILP model for all 48 courses across the eight
academic semesters. The schedule strictly adheres to the 10 available time slots and accurately assigns practical courses to the
Computer Lab.
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Table A1: Complete Course Timetable

Slot Semester Course Code Type Room

0 2 IT211 P Computer Lab
0 1 GHI114 T Hall 1

0 3 EM215 T Hall 2

0 5 EM325 T Hall 3

0 6 EM322 T Hall 4

1 2 EMI111 P Computer Lab
1 8 EM421 T Hall 1

1 4 EM223 T Hall 2

1 5 EM313 T Hall 3

1 6 EM323 T Hall 4

2 5 EM312 P Computer Lab
2 2 GE411 T Hall 1

2 4 EM221 T Hall 2

2 7 EM413 T Hall 3

2 1 GS111 T Hall 4

3 3 EM214 P Computer Lab
3 8 EM422 T Hall 1

3 1 GEl15 T Hall 2

3 4 EM226 T Hall 3

3 5 EM314 T Hall 4

4 1 GS119 P Computer Lab
4 7 EM414 T Hall 1

4 5 EM318 T Hall 2

4 4 EM212 T Hall 3

4 6 EM321 T Hall 4

5 6 EM317 T Computer Lab
5 7 EM316 T Hall 1

5 3 GS222 T Hall 2

5 4 EM217 T Hall 3

5 2 GE124 T Hall 4

6 3 EM216 T Hall 1

6 2 GSI121 T Hall 2

6 6 EM419 T Hall 3

6 1 EM123 T Hall 4

7 7 EM416 P Computer Lab
7 3 EM211 T Hall 1

7 2 EM122 T Hall 2

7 6 EM326 T Hall 3

7 4 EM225 T Hall 4

8 1 GH118 T Hall 1

8 3 EM213 T Hall 2

8 5 EM315 T Hall 3

8 2 EM112 T Hall 4

9 4 EM222 P Computer Lab
9 6 EM412 T Hall 1

9 5 EM311 T Hall 2

9 7 EM415 T Hall 3

9 3 EM124 T Hall 4

Note: Slot numbering: 0=Sunday Morning, 1=Sunday Afternoon, 2=Monday Morning, 3=Monday Afternoon, 4=Tuesday
Morning, 5=Tuesday Afternoon, 6=Wednesday Morning, 7=Wednesday Afternoon, 8=Thursday Morning, 9=Thursday
Afternoon.

Appendix B: Python Implementation Code

The complete Python implementation is provided below. All data dictionaries are fully populated with the actual institutional
dataset, ensuring full reproducibility: running the script generates the same timetable without manual intervention.
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"

University Course Timetabling using Binary Integer Linear Programming (BILP)
Department of Engineering Management, College of Technical Sciences, Bani Walid
Author: Ali Mahmoud Assabri et al.
from pulp import W
import pandas as pd
# ==================== DATA DEFINITION ====================
COURSES = [
'GS111", 'GH114', 'GS119, 'GE115, 'GH118,, 'EM123',
TT211', 'EM111", 'GE411, 'GS121', 'EM122', 'GE124/, 'EM112',
'GS222', 'EM 124, 'EM214', 'EM216/, 'EM211", 'EM213', 'EM215',
'EM223', 'EM221', 'EM212', 'EM226', 'EM225', 'EM217', 'EM222',
'EM325', 'EM313', 'EM312', 'EM314', 'EM318, 'EM315', 'EM311",
'EM322', 'EM323', 'EM326', 'EM321", 'EM317', 'EM419', 'EM412',
'EM415', 'EM413', 'EM414', 'EM316', 'EM416',
'EM421', 'EM422',
]
SLOTS = list(range(10)) # 5 days X 2 periods
ROOMS = ['Hall 1', 'Hall 2/, 'Hall 3/, 'Hall 4/, 'Computer Lab']
SEMESTERS = list(range(1, 9) # 8 semesters
LECTURERS = ['Loo!, 'LO1", 'L02/, 'L03, 'L04', 'LO5",
'L06', 'LO7', 'LO8', 'LO9', 'L10', T11', 'L121
# Course properties - fully populated
course_type = {
'GS111": T, 'GH114" T, 'GS119": 'P, 'GE115" T, 'GH118" T, 'EM 123" T,
r211= 'P', 'EMI111: 'P', 'GE411' 'T', 'GSI121: 'T', 'EMI122: 'T', 'GEl124: 'T', 'EMI112: 'T,
'GS222': 'T', 'EMI24: 'T', 'EM214: 'P', 'EM21e6: 'T', 'EM2I11: 'T', 'EM213: 'T', 'EM215: 'T,
'EM223": 'T', 'EM221': 'T', 'EM212: 'T', 'EM226: 'I', 'EM225: 'T', 'EM217: 'T', 'EM222: 'P,
'EM325':  'T', 'EM313: 'T', 'EM312: 'P', 'EM314: 'T', 'EM318: 'T', 'EM315: 'T', 'EM311: 'T',
'EM322': 'T', 'EM323: 'T', 'EM326: 'T', 'EM321: 'T', 'EM317: 'T', 'EM419: 'T', 'EM412: 'T',
'EM415": 'T', 'EM413"; 'T', 'EM414'": T, 'EM316" 'T', 'EM416": 'P',
'EM421": T, 'EM422": T,
H
course_lecturer = {
'GS111": 'L00", 'GS119": 'L00', 'GS121": 'L00", 'GS222": 'L00",
'GH114" Lol 'GE115" Lol 'GH118": Lol 'GE411" Lol 'GE124" Lol
'EM 123" 'L02', 'EM 122" 'LO2', 'EM 124" 'LO2', 'EM112" 'L02',
'EM111" 'LO3!, 'EM214"; 'LO3, 'EM215": 'LO3", 'EM225": 'LO3!,
TT211" 'L04', 'EM416": 'LO4!, 'EM321" 'L04!,
'EM211" 'LOS!, 'EM221": 'LOS!, 'EM223": 'LOS!, 'EM213": 'LOS!,
'EM216": 'L06!, 'EM226": 'LO6!, 'EM318" 'LO6!, 'EM412": 'LO6!,
'EM217": '"L07', 'EM311" 'LO7, 'EM313" 'LO7', 'EM314" 'LO7,
'EM222": 'L08!, 'EM312" 'LO8!, 'EM212" 'LO8!, 'EM315" 'LO8!,
'EM322" 'L09', 'EM317" 'LO9', 'EM419": 'LO9', 'EM326" 'L09",
'EM323": 10", 'EM413": 'L10', 'EM414": 'L10', 'EM415": 'L10',
'EM421": 11, 'EM422": 'L11', 'EM316" T11,
'EM325": 'L12,
H
course_semester =
'GS111": 1, 'GH114" 1, 'GS119": 1, 'GE115" 1, 'GH118": 1, 'EM123": 1,
r211= 2, 'EMI111: 2, 'GE411: 2, 'GS121: 2, 'EMI22© 2, 'GE124: 2, 'EMI112" 2,
'GS222'. 3, 'EMI24: 3, 'EM214: 3, 'EM216: 3, 'EM211: 3, 'EM213: 3, 'EM215: 3,
'EM223": 4, 'EM221: 4, 'EM212: 4, 'EM226" 4, 'EM225: 4, 'EM217: 4, 'EM222": 4,
'EM325" 5, 'EM313 5, 'EM312: 5, 'EM314: 5, 'EM318: 5, 'EM315: 5, 'EM311: 5,
'EM322": 6, 'EM323: 6, 'EM326: 6, 'EM321: 6, 'EM317: 6, 'EM419: 6, 'EM412": 6,
'EM415": 7, 'EM413": 7, 'EM414": 7, 'EM316" 7, 'EM416": 7,
'EM421": 8, 'EM422": 8,
H
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sem_enrollment = {1: 16, 2: 9, 3: 5, 4: 7, 5: 8, 6: 5, 7. 4, 8: 4} # per-semester cohort enrollment (Table 1)

course_enrollment = {c: sem_enrollment[course semester|[c]] for G in COURSES}
room capacity =  {'Hall 1 25, 'Hall 2: 25, 'Hall 3= 25, 'Hall 4: 25, ‘'Computer Lab: 20}
# Room capacity parameters
# ==================== MODEL FORMULATION ====================
prob = LpProblem("University Timetabling BILP", LpMinimize)
# Decision Variables: X/c,tr] = I if course c is in slot t, room r
X = LpVariable.dicts("X", (COURSES, SLOTS, ROOMS), cat='Binary")
# Objective Function: Minimize theoretical overflow into Computer Lab
overflow_terms = [
for ® in COURSES:
if course_typel[c] = "T"
for t in SLOTS:
overflow_terms.append(X[c][t]['Computer Lab'])

prob += IpSum(overflow_terms), "Min_Theoretical Overflow"
# Constraint l: Each course scheduled exactly once
for ® in COURSES:
prob += IpSum(X[c][t][r] for t in SLOTS for r in ROOMS) == 1

# Constraint 2: Room exclusivity (max ) course per room per slot)
for t in SLOTS:
for r in ROOMS:
prob += IpSum(X[c][t][r] for ® in COURSES) <= 1

# Constraint 3: Lecturer exclusivity
for t in SLOTS:
for p in LECTURERS:
courses_by p = [c for ® in COURSES if course_lecturer.get(c) == pl

if courses_by p:

prob += IpSum(X[c][t][r] for ® in courses_by p for r in ROOMS) <= 1

# Constraint 4: Cohort conflict (max ) course per semester per slot)
for t in SLOTS:
for S in SEMESTERS:
courses_in_s = [c for ® in COURSES if course_semester.get(c) = s]

if courses_in_s:
prob += IpSum(X[c][t][r] for ® in courses_in_s for r in ROOMS) <= 1

# Constraint 5: Practical courses -> Computer Lab only

for ® in COURSES:

if course_type|[c] = 'P":

for t in SLOTS:

for r in ROOMS:

if r 1= 'Computer_Lab":

prob = X[cl[t][x] = 0

# Constraint 6: Max 1 theoretical overflow in lab

theoretical in lab = [1

for © in COURSES:

if course_typel[c] — "T"

for t in SLOTS:
theoretical in_lab.append(X[c][t]['Computer Lab'])

prob = IpSum(theoretical in lab) <= 1

# Constraint 7: Room capacity limitation

for ® in COURSES:

for t in SLOTS:
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for r in ROOMS:
prob += X[ellt]r] b course_enrollment[c] <= room_capacity][r]
# ==================== SOLVE ====================
solver = PULP CBC CMD(msg=1, timeLimit=300)

prob.solve(solver)
# ==================== RESULTS ====================
print(f"Status: {LpStatus[prob.status]}")
print(f"Objective Value: {value(prob.objective)}")
# Extract and validate schedule
schedule = [
for ® in COURSES:
for t in SLOTS:
for r in ROOMS:
if value(X[c][t][r]) = 1:

schedule.append({
'Course': ©
'Slot": t,
'Room": T,
"Type": course type[c],
'Semester": course semester[c],
'Lecturer': course lecturer[c],
'Enrollment": course enrollment[c],
1)

df = pd.DataFrame(schedule)
print(f"Scheduled: {len(df)} courses')
# Automated validation
print("\n=== VALIDATION ===")
# Room conflicts
room_conflicts = df.groupby(['Slot’, 'Room']).size()
room_conflicts = room_conflicts[room_conflicts > 1]
print(f"Room conflicts: {len(room_conflicts)}")
# Lecturer conflicts
lect conflicts = df.groupby(['Slot!, 'Lecturer']).size()
lect conflicts = lect conflicts[lect conflicts > 1]
print(f"Lecturer conflicts: {len(lect_conflicts)}")
# Cohort conflicts
cohort_conflicts = df.groupby(['Slot', 'Semester']).size()
cohort_conflicts = cohort_conflicts[cohort conflicts > 1]
print(f"Cohort conflicts: {len(cohort_conflicts)}")
# Lab violations
lab_violations = df[(df['Type'] == 'P") & (df['Room'] 1= 'Computer Lab')]
print(f"Lab violations: {len(lab_violations)}")
# Overflow
overflow = df[(df]'Type'] == 'T" & (df[Room'] == 'Computer_Lab")]
print(f"Theoretical overflow: {len(overflow)}")
if len(overflow) > 0:
for ., row in overflow.iterrows():
print(f" - {row['Course']} in lab at slot {row['Slot']}")
# Capacity check
cap violations =  df[dfapply(lambda  row:  row['Enrollment'] > room_capacity[row['Room']],  axis=1)]
print(f'Capacity violations: {len(cap_violations)}")
# Save results

dfito_csv('final_timetable.csv/,

print("\nSaved to final timetable.csv")

21

index=False)



The Open European Journal of Engineering and Scientific Research (OEJESR)
ol uad) g Aaaigll Aa giiall A 51 Alaall

Appendix C: CBC Solver Log — Baseline Configuration

The following log documents the actual solver execution for the baseline scenario (5 rooms, 10 slots, 48 courses), verifying the
reported optimality and runtime.

Welcome to the CBC MILP Solver
Version: 2.10.3
Build Date: Dec 15 2019
command line - cbe MODEL.mps -sec 300 -solve (default strategy 1)
Problem MODEL has 2989 rows, 2400 columns and 12690 elements
Coin0008I MODEL read with 0 errors
Continuous objective value is 1 - 0.01 seconds
Cgl0002I 280 variables fixed

Cgl0003I 0 fixed, 0 tightened bounds, 20 strengthened rows, 0 substitutions
Cgl0004I processed model has 309 rows, 2120 columns (2120 integer (2120 of which binary)) and 9020 elements

Cutoff increment increased from le-05 to 0.9999
Cbc0038I Initial state - 82 integers unsatisfied sum - 28
Cbc0038I Pass 1: suminf. 0.00000 (0) obj. 1 iterations 321
Cbc0038I Solution found of 1

Cbc00381 Before mini branch and bound, 2024 integers at bound fixed and O continuous
Cbc0038I Mini branch and bound did not improve solution (0.37 seconds)

Cbc00381 After 037 seconds - Feasibility pump exiting with objective of 1 - took 0.02 seconds
Cbc00121 Integer solution of 1 found by feasibility pump after 0 iterations and 0 nodes (0.37 seconds)
Cbc0001T  Search completed - best objective 1, took O iterations and O nodes (0.37 seconds)
Cbc00351 Maximum depth 0, 0 variables fixed on reduced cost
Result - Optimal solution found
Objective value: 1.00000000
Enumerated nodes: 0
Total iterations: 0
Time (CPU seconds): 0.36

Time (Wallclock seconds): 0.40

Interpretation: The model contained 2,989 constraints at the model level; CBC presolve converted the 280 laboratory-exclusion
equalities into variable bound fixings (280 variables fixed) and tightened the remaining rows, processing 309 rows and 2,120
columns. The continuous LP-relaxation optimum already equals 1, so the integer solution of value 1 found by the feasibility pump
is certified optimal immediately at the root node (0 branch-and-bound nodes, optimality gap 0.0%). The objective value of 1.0
corresponds to exactly one theoretical course (EM317 — Financial Management, enrollment 5 < 20) assigned to the Computer
Lab, exactly as reported in the main text. Total runtime: 0.40 seconds (wallclock).
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