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    ABSTRACT

    Course scheduling is a complex combinatorial optimization problem frequently constrained by limited physical resources and time availability. This study formulates a mathematical model to optimize the Even Semester course schedule at the Computer Science Study Program, HKBP Nommensen Pematangsiantar University, which operates under critical infrastructure constraints: five regular classrooms and one computer laboratory. The Weighted Goal Programming (WGP) method with a binary Mixed Integer Linear Programming (MILP) approach was implemented using Python software. The model integrates hard constraints to guarantee a conflict-free schedule for both rooms and lecturers, and accommodates soft constraints through hierarchical priority weighting. Priority goals include optimizing laboratory allocation for practicum courses, equalizing lecturers' teaching workloads to prevent burnout, and minimizing late-evening class sessions. Computational results confirm that the model achieved convergence to a Global Optimal Solution with an objective function value of 19. The WGP model successfully eliminated all scheduling conflicts (zero conflict) and compressed the physical facility requirement from 13 rooms in the manual schedule to only five regular classrooms and one computer laboratory. Furthermore, the proportion of evening classes was significantly reduced, resulting in a more efficient, equitable, and operationally applicable course schedule.
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INTRODUCTION


Course
scheduling constitutes a critical managerial activity in higher education
operations, aiming to allocate limited resources—rooms, time slots, and
instructors—to fulfill academic needs. In the international operations research
literature, this problem is formally defined as the University Course
Timetabling Problem (UCTP), which is classified as NP-hard, meaning its complexity
grows exponentially with increasing numbers of students and facility
requirements (Bashab et al., 2023; Bhoi & Dhodiya, 2024). Within the
Faculty of Mathematics and Natural Sciences, particularly in study programs
with intensive practicum activities such as Computer Science, the complexity of
schedule construction escalates further due to course interdependencies,
varying credit unit distributions, and laboratory facility demands.


To
address this complexity, various mathematical optimization approaches have been
developed. Among the most relevant for handling mutually conflicting objectives
is Goal Programming (GP). Historically rooted in military logistics strategy to
optimize limited resources, the method was introduced by Charnes and Cooper (1961)
as an extension of linear programming designed to solve multi-objective
problems. The primary advantage of GP lies in its ability to minimize
deviations between ideal targets and actual outcomes through the establishment
of priority levels for both hard constraints (absolute restrictions) and soft
constraints (desirable targets) (Khirana, Sinsu & Aryanny, 2022; Helista
Kaban, 2024).


Recent
developments in operations research literature demonstrate that the application
of mathematical optimization methods can significantly minimize conflicts in
schedule construction (Mahrijal & Zulvan, 2024; Rokhim & Saputro,
2025). Bhoi and Dhodiya (2024) also emphasize that modern optimization has
begun to integrate lecturer workload preferences as primary parameters. Nevertheless,
the application of Goal Programming has rarely been explored specifically for
cases at the study program level involving the critical constraint of a single
practicum facility.


This
gap is concretely experienced at the Computer Science Study Program of HKBP
Nommensen Pematangsiantar University. Based on an interview with the Head of
the Study Program conducted on March 5, 2026, it was revealed that the current
semester schedule construction process remains heavily dependent on manual
methods. The process takes more than a week due to the need to map allocations
for 40 courses taught by five permanent lecturers (homebase) and 17 honorary
lecturers across only five regular classrooms and one computer laboratory.
Approximately 30% of schedules require repeated revisions during the first week
due to facility and lecturer time conflicts.


To
resolve this real-world problem, this study applies the Weighted Goal
Programming (WGP) framework. The choice of WGP is based on its ability to
accommodate compromises among multiple conflicting objectives simultaneously
through penalty weight assignment. The model establishes hard constraints that
must not be violated—prohibiting simultaneous use of rooms and lecturer time
conflicts—while soft constraints target three critical goals: ensuring 100%
laboratory allocation for practicum courses, minimizing inequalities in
lecturers' SKS (credit unit) teaching loads, and reducing the number of classes
scheduled in late-evening sessions. The novelty of this study lies in the
integration of critical infrastructure scarcity parameters with lecturer
workload balancing variables within a single Python-based WGP formulation.


 


LITERATURE REVIEW


Linear Programming


Linear Programming (LP) is a
mathematical optimization method developed by George B. Dantzig for allocating
limited resources to achieve a single objective efficiently (Suhandi, Arisandhy
& Liputra, 2023). LP aims to maximize (e.g., profit) or minimize (e.g.,
cost) an objective function subject to a set of linear constraints. According
to Rao (2020), linear programming is an optimization method applicable to
problems where both the objective function and constraints appear as linear
functions of decision variables. The general LP model is expressed as:


Min/Max
Z = c₁x₁
+ c₂x₂
+ ⋯ + cₙxₙ


Subject
to: aᵢ₁x₁
+ aᵢ₂x₂
+ ⋯ + aᵢₙxₙ ≤,
=, ≥ bᵢ  ∀i;
and xⱼ ≥ 0


Two
primary solution methods for LP are the Graphical Method, applicable for
two-variable problems (Abidah et al., 2022), and the Simplex Method, a general-purpose
iterative algebraic technique suitable for multi-variable problems (Taha,
2017). In scheduling contexts with non-regular constraints, LP-based models
have demonstrated effectiveness in minimizing time conflicts (Cutillas et al.,
2022).


 


Goal Programming (GP)


Goal Programming is a
multi-criteria decision-making method designed to handle situations where
multiple, often conflicting, objectives must be achieved simultaneously.
Introduced by Charnes and Cooper (1961) as an extension of linear programming,
GP works by minimizing deviations between actual outcomes and predetermined
targets. Each objective is expressed as a goal constraint, and the model seeks
the solution that comes closest to all specified targets (Bhoi & Dhodiya,
2024; Dursun et al., 2017). The general GP model minimizes:


Z
= Σᵢ wᵢ(dᵢ⁺
+ dᵢ⁻)


Where dᵢ⁺
represents positive deviation (overachievement of target bᵢ)
and dᵢ⁻ represents negative deviation
(underachievement). Goal constraints take the form: Σⱼ
aᵢⱼxⱼ −
dᵢ⁺ + dᵢ⁻
= bᵢ, ∀i. Two
principal solution approaches exist: the Preemptive (Lexicographic) method,
which resolves objectives in strict priority order, and the Non-Preemptive
(Weighted) method, which assigns numerical weights to deviation variables and
minimizes the weighted sum simultaneously (Alghamdi et al., 2020).


 










Weighted Goal Programming (WGP)


Weighted
Goal Programming (WGP) assigns penalty weights (W) to deviation variables to
reflect the relative importance of each objective. Objectives with higher
priority receive larger penalty weights, compelling the optimization algorithm
to minimize their deviations first. According to Taha (2017), weight values are
determined through direct decision-maker preferences, hierarchical ordinal
scaling (e.g., W₁ ≫ W₂ ≫
W₃), or sensitivity analysis through
trial-and-error scenarios. In the context of course scheduling, WGP has been
demonstrated effective in managing multiple simultaneous objectives such as
room utilization, workload balance, and preference satisfaction (Bashab et al.,
2023; Movahedi et al., 2021; Prisila & Siregar, 2024).


WGP assumes linearity,
proportionality, additivity, divisibility, and determinism—properties shared
with classical LP but applied to multi-objective settings (Papaioannou &
Podinovski, 2023; Podinovski et al., 2024). These properties make WGP
particularly suited for academic scheduling environments where resource
constraints are deterministic and well-defined.


University Course
Timetabling Problem (UCTP)


The
University Course Timetabling Problem (UCTP) is a branch of operations research
concerned with allocating activities to limited resources over a defined time
horizon. The UCTP is classified as NP-hard due to the simultaneous interaction
of courses, instructors, students, rooms, and institutional policies (Zabidee
& Adnan, 2024; Bashab et al., 2023). Scheduling objectives in academic
settings are categorized into hard constraints (inviolable restrictions such as
room and lecturer availability) and soft constraints (desirable preferences
such as workload equalization and avoidance of non-productive hours) (Diallo,
2024).


Recent literature highlights a
clear shift from single-objective to multi-objective optimization in academic
scheduling. Rashed et al. (2023) confirm this trend through bibliometric
analysis, while Zabidee and Adnan (2024) conclude that multiobjective and
hybrid approaches represent the main trajectory for modern scheduling systems.
Moallemi and Patange (2024) demonstrate that Mixed-Integer Programming
integration yields long-term improvements in room utilization and schedule
stability. Domestically, Mengko et al. (2026) proved that Integer Linear
Programming can fully eliminate lecturer and room scheduling conflicts, and
Prisila and Siregar (2024) established that GP effectively balances multiple
conflicting objectives in academic resource allocation.


Python as
Optimization Solver


Python,
particularly with the PuLP library and the integrated COIN-OR Branch and Cut
(CBC) solver, provides a high-performance computational environment for
formulating and solving mixed-integer linear programming models. The PuLP-CBC
framework enables iterative binary optimization across large decision variable
matrices—essential for the combinatorial nature of UCTP. Compared to manual
computation, Python-based optimization significantly accelerates solution
convergence and improves accuracy (Nigussie, 2020). In this study, Python
serves as the computational bridge between the WGP mathematical model and
operational scheduling outputs.


 


METHODOLOGY


Research Design


This
study employs an applied quantitative research design grounded in mathematical
modeling within the operations research domain. A total population approach was
adopted, utilizing all components of the Even Semester 2025/2026 course
schedule at the Computer Science Study Program: 40 active courses forming 161
class sessions, 34 lecturers (5 permanent, 17 honorary, 12 cross-program), 5
regular classrooms, 1 computer laboratory, and 10 daily time slots (08:00–17:10
WIB) across six active days (Monday–Saturday). Data were collected through
documentation of official academic records and structured interviews with the
Head of the Study Program.


 


Mathematical
Formulation


1.     Sets and
Indices


i = 1, 2, ..., 40 : course index j = 1, 2,
..., 34 : lecturer index t = 1, 2, ..., T : time slot index (10 slots per day)
h = 1, ..., H : room index (5 regular classrooms, 1 laboratory)


2.     Parameters


aᵢⱼ  = 1 if
lecturer j is qualified to teach course i; 0 otherwise


bᵢ  = number of
credit units (SKS) / time slot duration for course i


cⱼ  = maximum
teaching load for lecturer j = 9 slots/day


w₁, w₂, w₃, w₄  = priority
weights (w₁ ≥ w₂ ≥ w₃ ≥ w₄)


3.     Decision
Variables


The
binary decision variable is defined as:


xᵢⱼₕₜ
= 1 if course i is scheduled with lecturer j in room h at time slot t; 0
otherwise










4.    
Deviation
Variables


Four
pairs of deviation variables are defined:


d₁⁺, d₁⁻
: Deviations for Priority 1 (university vs. faculty course ordering)


d₂⁺, d₂⁻
: Deviations for Priority 2 (faculty vs. study program course ordering)


d₃⁺, d₃⁻
: Deviations for Priority 3 (lecturer conflicts)


d₄⁺, d₄⁻
: Deviations for Priority 4 (room conflicts and utilization)










5.    
Objective
Function


Minimize
Z = w₁(d₁⁺
+ d₁⁻) + w₂(d₂⁺
+ d₂⁻) + w₃(d₃⁺
+ d₃⁻) + w₄(d₄⁺
+ d₄⁻)


subject
to w₁ ≥ w₂ ≥
w₃ ≥ w₄


6.    
Hard
Constraints


(1) Each course is scheduled exactly once per week:


Σₜ Σₕ Σⱼ
xᵢₕⱼₜ = 1, ∀i


(2) No room or lecturer may be double-booked at the same time:


Σᵢⱼ
xᵢₜₕⱼ ≤
1, ∀t,h   and   Σᵢₕ
xᵢₜₕⱼ ≤
1, ∀t,j


(3) Lecturer maximum daily teaching load must not be exceeded:


Σᵢₜₕ
bᵢ · xᵢₜₕⱼ ≤
9, ∀j


(4) No classes on Tuesday 09:00–10:00 (religious observance):


Σᵢⱼ
(xᵢⱼ₂₂ + xᵢⱼ₂₃)
= 0


(5) No classes on Saturday after 16:20:


Σᵢⱼ
(xᵢⱼ₆₁₁ + xᵢⱼ₆₁₂
+ xᵢⱼ₆₁₃) = 0


 










7.    
Soft
Constraints and Priority Weights


Priority 1 (W₁): All
university-level courses must be scheduled before faculty-level courses.


Priority 2 (W₂): All
faculty-level courses must be scheduled before study-program-level courses.


Priority 3 (W₃): No
scheduling conflicts among lecturers or rooms.


Priority 4 (W₄):
Optimization of classroom and lecturer utilization.


 


Implementation


The model was implemented using the PuLP library in Python, solved
by the COIN-OR Branch and Cut (CBC) algorithm with a 120-second time limit. The
full combinatorial matrix comprised: 161 class sessions (kelas_mk), 34 lecturer
assignments (pengampu), 6 active days, 10 time slots (08:00–17:10), and 6
rooms. Binary variable count exceeded 10,000 decision variables. Results were
automatically exported to an Excel file (fixjadwal_final.xlsx) for
implementation by the academic administration.         


 


RESULTS AND
DISCUSSION


Descriptive Data Analysis


The study utilized operational
data from the Computer Science Study Program for Even Semester 2025/2026. A
total of 40 active courses were distributed across multiple parallel classes,
forming 161 total class sessions. Courses were partitioned into: 4
university-level (UNIV), 1 faculty-level (FAK-general), and 35
study-program-level (PRODI) courses across Semesters II, IV, VI, and VIII.
Among these, 14 courses contained a practicum component (31 practicum sessions
total), all of which required exclusive allocation to the single computer
laboratory. The 34 lecturers were coded D01–D34, covering 5 permanent
(homebase) Computer Science lecturers and 29 part-time and cross-program
instructors.


Table 1. Summary of Operational Parameters



 
  	
  Parameter

  
  	
  Detail

  
  	
  Count

  
 

 
  	
  Active Courses

  
  	
  Even Semester 2025/2026

  
  	
  40 courses / 161 sessions

  
 

 
  	
  Lecturers

  
  	
  Permanent + Honorary + Cross-program

  
  	
  34 (5 + 17 + 12)

  
 

 
  	
  Regular Classrooms

  
  	
  RK1–RK5

  
  	
  5 rooms

  
 

 
  	
  Computer Laboratory

  
  	
  LAB ILKOM

  
  	
  1 room

  
 

 
  	
  Daily Time Slots

  
  	
  08:00–17:10 WIB

  
  	
  10 slots × 6 days

  
 

 
  	
  Practicum Sessions

  
  	
  Requiring computer laboratory

  
  	
  31 sessions

  
 












Model Optimization Results


Upon
execution of the Python-PuLP CBC solver, the system returned the status 'Result
– Optimal solution found,' confirming that the binary WGP algorithm converged
to a global optimum within the 120-second time limit. The objective function
value was Z = 19, representing the minimal achievable weighted deviation across
all priority goals. All hard constraints comprising thousands of binary relational
combinations were satisfied without infeasibility. The resulting schedule was
automatically exported as fixjadwal_final.xlsx.


Key achievement metrics from the
optimal solution are as follows. First, with respect to practicum allocation,
all courses containing a 'Praktik' (practicum) label were assigned exclusively
to the Computer Laboratory (Room 6/LAB ILKOM), achieving a 100% practicum
placement success rate with zero misallocation of theory classes into the
laboratory. Second, regarding course hierarchy, the algorithm successfully
relocated all university-level (UNIV) general courses away from late-afternoon
time slots (slots 9–10), placing them within the productive morning-to-midday
window in accordance with the penalty function embedded in the objective code.










Comparative Analysis: Manual vs. Optimized Schedule


Table 2. Performance Comparison: Manual
Schedule vs. Optimized Schedule





 
  	
  Performance Indicator (KPI)

  
  	
  Manual Schedule

  
  	
  Optimized Schedule

  
  	
  Impact Description

  
 

 
  	
  Lecturer
  Scheduling Conflicts

  
  	
  3 Incidents

  
  	
  0 Incidents

  
  	
  Total
  elimination (zero conflict)

  
 

 
  	
  Room
  Scheduling Conflicts

  
  	
  2 Incidents

  
  	
  0 Incidents

  
  	
  Total
  elimination (zero conflict)

  
 

 
  	
  Regular
  Room Requirement

  
  	
  13 Classrooms

  
  	
  5 Classrooms

  
  	
  Efficient
  space compression (RK1–RK5)

  
 

 
  	
  Operational
  Time Boundary

  
  	
  Extended to evening

  
  	
  Completed by 17:10 WIB

  
  	
  All
  academic activities conclude before evening

  
 















 


The total elimination of
scheduling conflicts (zero conflict) demonstrates the effectiveness of binary
hard constraints in protecting against infeasible allocations. The finding
aligns with Mengko et al. (2026), who showed that ILP-based approaches can
completely eliminate lecturer and room conflicts in academic timetabling. The
compression of room requirements from 13 to 5 classrooms—a 61.5% reduction—demonstrates
the substantial inefficiency of manual scheduling in terms of facility
utilization, and is consistent with the findings of Moallemi and Patange (2024)
and Cutillas et al. (2022).


The
termination of all class sessions by 17:10 WIB, eliminating late-evening
scheduling, addresses a documented biological and cognitive concern regarding
student learning effectiveness in non-productive hours (Bhoi & Dhodiya,
2024). This outcome validates the practical impact of incorporating soft constraints
related to evening classes into the WGP framework, a design feature that
extends beyond purely mathematical optimization into educational welfare. The
hierarchical penalty weighting (w₁ ≫
w₂) embedded in the Python objective function—assigning
a coefficient of 1,000,000 to the primary allocation constraint versus 1 to the
evening class penalty—ensured that primary goals were
resolved before secondary preferences, consistent with the preemptive spirit
described by Ignizio (1976) and Romero (1991).


These
findings collectively confirm the superiority of mathematical optimization over
manual approaches for UCTP, extending previous research by Rokhim and Saputro
(2025), who demonstrated conflict-free schedule generation within 1–5 minutes
of computation, and by Prisila and Siregar (2024), who established GP's
effectiveness in balancing competing academic objectives. The study's specific
contribution lies in integrating the single-laboratory bottleneck constraint
with multi-objective workload and time preferences into a unified WGP
formulation, a configuration not previously explored in the Indonesian higher
education context.


 


CONCLUSION AND RECOMMENDATION


This
study successfully formulated and implemented a Weighted Goal Programming (WGP)
mathematical model for optimizing the Even Semester course schedule at the
Computer Science Study Program, HKBP Nommensen Pematangsiantar University. The
model was executed via Python's PuLP-CBC solver and achieved a Global Optimal
Solution with an objective function value of Z = 19.


Three
key contributions are established. First, the model completely eliminated all
scheduling conflicts (zero conflict)—reducing lecturer conflicts from 3 to 0
and room conflicts from 2 to 0—providing a 100% conflict-free schedule. Second,
physical facility requirements were compressed from 13 rooms to 5 regular
classrooms and 1 laboratory, representing a 61.5% reduction in room needs
through combinatorial optimization. Third, all class sessions were bounded
within productive hours (concluding by 17:10 WIB), eliminating late-evening
classes and improving the pedagogical environment.


For
future research, it is recommended to incorporate dynamic lecturer availability
constraints (especially for part-time lecturers) as additional soft constraints,
and to explore hybrid approaches integrating WGP with meta-heuristic algorithms
such as genetic algorithms or simulated annealing for larger-scale instances.
The model may also be adapted to automate scheduling across multiple study
programs simultaneously.


 


FURTHER
STUDY


            This study
still has limitations; therefore, further research on the topic is required.
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