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Abstract

Educational institutions in developing countries continue to struggle with efficiently
scheduling courses due to manual and time-consuming timetabling processes and a lack
of optimization tools. While advanced algorithms now exist, software products that can
bridge the gap between theoretical optimization and practical administrative use in resource-
constrained environments are still lacking. This paper introduces TimeTabler, an open-
source desktop application designed to make automated, constraint-aware timetabling ac-
cessible to non-technical administrators. The framework is designed for offline, low-cost de-
ployment on low-spec hardware. TimeTabler presents a step-by-step workflow guiding users
from data input and constraint configuration to schedule generation and comparison. It in-
corporates a weighted sum genetic algorithm for optimization. In a deployment case study
at a Bangladeshi university involving 10 departments, 56 student batches, and 35 class-
rooms, the system demonstrated significant potential for operational improvements. The
Genetic Algorithm optimizer addressed both quantitative underutilization and qualitative
room-type misallocation, raising the overall UFO utilization rate from 52.34% to 59.16% and
eliminating all 47 initial room-type mismatches. The software’s display of multiple sched-
ules enables administrators to make informed context-sensitive decisions. These findings
suggest that optimization-driven scheduling can uncover hidden capacity within existing
facilities and support transparent, needs-based resource allocation in resource-constrained
institutions.

Keywords: Educational ERP, Genetic Algorithms, ICT4D, Resource-Constrained Envi-
ronments, Course Timetabling, Software Framework, Space Utilization

1 Introduction

Efficient management of physical resources is a cornerstone of operational efficiency in all stages
of educational institutions. Among these resources, teaching and learning spaces such as class-
rooms, lecture halls, and laboratories are arguably the most critical and require most invest-
ment. The efficient utilization of these spaces is directly linked to institutional quality and
cost-effectiveness, as well as their ability to accommodate growing student populations [1, 2].

A common challenge faced by institutions around the globe is the perception of classroom
shortages. However, this often happens not because there aren’t enough spaces but due to
poor management and inefficient scheduling [3]. The prevailing manual timetabling method is
a tedious and time-consuming process also highly susceptible to human error. Schedulers often
find it impossible to simultaneously satisfy a vast number of constraints, ranging from teacher
availability and room capacity to student group conflicts, while also maximizing overall space
usage and ensuring that specialized facilities are used for their intended purposes. This results
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in classrooms being idle for significant periods while other departments struggle to find adequate
space or, on the other hand, being severely over-scheduled during peak hours [4].

In a resource-constrained setting like Bangladesh, where public investment in education is
limited, optimizing the use of existing infrastructure is a financial necessity [5]. In this case, the
issue takes place in two directions. First, there is underutilization in terms of quantity, where
spaces are not utilized fully. Second, and most importantly, qualitative misallocation exists,
in which the use of spaces is done towards pedagogically unsuitable purposes, such as lecture
courses meeting in specialized laboratories or regular classes meeting in auditoriums. This waste
of quality resources is a waste of assets and it interrupts the planned learning processes.

Many academic studies have explored advanced algorithms to tackle the university timetabling
problem, a known NP-hard optimization issue [6]. However, there is a significant gap between
theoretical models and practical tools used by administrators [7, 8]. Metaheuristic methods,
especially Genetic Algorithms (GAs), have shown promise in handling complex constraints and
improving metrics like room utilization [9, 10, 11]. This issue is particularly serious in resource-
limited educational settings. Commercial timetabling systems often involve high licensing fees,
require specialized IT support, and function as proprietary “black boxes,” meaning users can’t
customize or see how they work [12]. On the other hand, spreadsheet-based methods do not
offer optimization features, leading to continued manual inefficiencies. Institutions, especially
in developing areas, find themselves stuck between needing accessible solutions and desiring
sophisticated ones, unable to apply advanced optimization research practically [13].

To address this gap, this paper introduces TimeTabler. Rather than proposing another
algorithm, TimeTabler provides an open-source software framework that makes optimization
accessible and usable for non-technical administrators. The main contribution of this work is
a deployable desktop framework that integrates a Genetic Algorithm-based optimizer into an
accessible, administrator-friendly workflow for data management, constraint configuration, and
schedule analysis.

The primary objectives of this study are:

• To design and implement a modular, desktop-based software framework that includes timetabling
optimization in a user-friendly workflow for administrators, with offline functionality, low
hardware requirements, and free deployment.

• To develop a weighted-sum GA model that accounts for real-world soft and hard constraints,
and to apply it to produce timetables that optimize quantitative utilization rates and address
qualitative misallocation of room types.

• To evaluate the framework’s practical impact by measuring the current and optimized UFO
metrics, operational time savings, and changes in procedures.

By detailing the architecture, design choices, and deployment results of the TimeTabler
framework, this work adds a software engineering viewpoint to educational resource manage-
ment.

This work provides a more holistic and practical interpretation of the management of ed-
ucational space by proving that it is possible to recover the specialized facilities in the places
where they belong and increase the overall efficiency at the same time, through optimization.
The conceptual model uses a straightforward input-process-output structure: room and course
data serve as inputs, the GA handles optimization, and the outputs are improved utilization
metrics and corrected room-type mismatches.
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2 Related Work

2.1 Space Management in Educational Institutions

Efficient space management has changed a lot due to digital transformation. It is now the
data-driven process of optimizing limited physical resources to support academic activities while
keeping costs and environmental impact low [14]. In higher education institutions (HEIs), it
includes planning, allocating, and monitoring space to achieve the best possible efficiency. Recent
methods emphasize real-time monitoring and flexible allocation in what is called ‘smart campus
space management’ [15]. The main goal is to align space use with institutional goals while
making sure the facilities are flexible, useful, and fully utilized. Poor space management raises
operational costs, disrupts the teaching and learning process, and creates a false shortage of
resources [2]. Recent studies show that post-pandemic educational environments need more
flexible and efficient space utilization strategies [16].

The UFO model, first introduced by the National Audit Office [17] and improved by recent
technology, provides a standard framework for measuring efficiency. The UFO model mainly
focuses on two aspects: frequency, which calculates how often a room is used, and occupancy,
which measures how full it is when in use. Studies comparing universities in Asia have shown
significant differences in utilization rates. This highlights opportunities for improvement [18,
19].

Digital systems such as enterprise resource planning platforms can provide scheduling func-
tions, but they are not always affordable, require infrastructure, and cannot always be optimized
[20, 21]. Related challenges have also been observed in advanced learning applications across
developing regions [22]. The choice of software design in these situations is firmly related to
infrastructure reality. Standalone desktop applications with embedded databases (e.g., SQLite)
can operate without a stable network, which is a strong alternative [23, 24, 25, 26]. In addi-
tion, usability is of the utmost importance because administrative staff tend to lack technical
knowledge, so software should display clear visualizations, provide clear workflow processing, and
intuitive configuration interfaces [27]. HCI research demonstrates that decision-support tools are
more acceptable when they decrease cognitive load and fit the current system of administration
[28, 29].

2.2 Timetabling as an Optimization Problem

Timetabling is a type of scheduling problem that involves assigning resources to objects in
space and time while meeting a set of constraints. The university class timetabling problem is
NP-hard, meaning it is difficult to find the optimal solution for real-world problems [30, 31].
Recent reviews have categorized timetabling problems into various types based on the context
of the institution and the complexity of the constraints [32]. Constraints are usually divided
into hard and soft constraints. Hard constraints are strict rules that cannot be broken, such
as a teacher being unable to be in two places at once. Soft constraints are desirable qualities
that improve the overall practicality of the timetable but are not essential, like avoiding isolated
classes for a student group [33]. The goal is to find a workable assignment that meets all
hard constraints while minimizing the violation of soft constraints. There is growing attention
to multi-objective formulations that balance efficiency and quality metrics [6]. Research in
developing countries highlights the need for algorithms that tackle specific local constraints,
such as limited technological infrastructure and differing institutional policies [34]. University
timetabling research continues to develop, with surveys documenting recent advances in methods
and their application areas [35].

Despite this body of research, there remains a significant gap between algorithmic develop-
ments and their practical use in educational institutions [7]. Algorithms are typically tested
in controlled settings that ignore institutional details [8], and their deployment often fails to
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account for the workflow and requirements of administrative employees [36]. As a result, many
institutions, especially in developing countries, continue to rely on manual or semi-automated
scheduling.

2.3 Genetic Algorithms in Timetabling

Genetic Algorithms are search techniques which are based on the principles of natural evolution
and genetics and were first proposed by John Holland in 1975 [37]. They work with a population
of possible solutions, known as chromosomes, and each chromosome is assessed by means of a
fitness function. Those solutions which are highly fit are chosen to reproduce by means of a
process called crossover and also by introducing random changes, a procedure known as mutation.
These elements are what are used to produce a new generation and as a result the population
tends towards better solutions in each subsequent generation. Nowadays, implementations of
GA often include adaptive and hybrid methods in order to make the solutions more robust and
to enable real-time changes to the solutions [38].

Genetic algorithms are highly effective for timetabling since they are capable of dealing
with complex search spaces that involve multiple constraints [39]. In recent times, machine
learning has been incorporated in order to achieve adaptive parameter tuning [40]. Nowadays,
many implementations make use of methods which combine genetic algorithms with local search
techniques in order to enhance convergence [41, 42, 43]. The application of genetic algorithms in
educational institutions has demonstrated their ability to cope with resource constraints without
compromising the quality of the solutions [9, 44].

GAs have been successfully used in a variety of timetabling situations, such as the scheduling
of university courses and the arrangement of examinations. The research in this area shows that
these methods are robust and flexible [30]. The fact that they can be applied in different fields
enables them to be adjusted to the particular constraints of various institutions [9]. For this
reason, they are suitable for use in the present study, particularly in view of the resource-
constrained situation in higher education in Bangladesh.

Although recent studies have concentrated on adaptive parameter tuning through reinforce-
ment learning [40], the present study makes use of a standard GA in order to set up a ro-
bust baseline and is concerned with modeling the complex, real-world constraints particular to
resource-sharing in developing areas.

2.4 The considerations and trade-offs involved in design

The literature points out that institutions in developing countries still face a significant challenge.
They have to choose between accessible but inflexible commercial systems and sophisticated
research prototypes which are technically complex. Although commercial solutions have user-
friendly interfaces they function as “black boxes”, offering only limited optimization and at high
costs [45]. Conversely, the research prototypes, even though they are advanced in terms of their
algorithms, seldom consider the infrastructure constraints, the usability needs or the actual
workflows of the institutions themselves [8, 36].

The importance of this gap is particularly evident in low-resource situations, since the so-
lutions required there must be simple, cheap, and capable of operating even in the absence of
a reliable network infrastructure. They also have to generate results that non-technical ad-
ministrators can understand and make use of [46, 24]. Furthermore, research into technology
adoption shows that people’s perception of how easy a system is to use and the lack of infras-
tructure are some of the main factors affecting the acceptance of technology in an educational
context; systems that are technically competent will not be adopted if usability and suitability
to the situation are insufficient [47, 48, 49].

Instead of treating infrastructure independence, a user-friendly workflow, and clear optimiza-
tion as optional features, TimeTabler focuses on them from the beginning, which stops these
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elements from becoming afterthoughts. The framework deliberately strikes a balance between
algorithmic power and practical deployment, thereby dealing with the trade-offs that have been
mentioned in the literature.

3 Methodology: System Design and Development

3.1 System Architecture Overview

TimeTabler uses a layered architecture to promote modularity, maintainability, and clear separa-
tion of concerns. This design allows for the independent development and testing of components.

Figure 1: TimeTabler Layered System Architecture

3.2 Technology Stack Selection

The technology stack was selected to align with the core design principles. Table 1 summarizes
the key choices and their alignment with design principles.

Table 1: Technology Stack Selection and Rationale

Component Technology Se-
lected

Key Rationale Benefit to Users

Core Lan-
guage

Python 3 Cross-platform, rich libraries,
rapid development

Easy maintenance, runs on
standard PCs without extra
software

GUI Frame-
work

Kivy with KivyMD Open-source, supports multi-
ple OS

Consistent interface, no li-
censing costs

Database SQLite Lightweight, serverless, zero
configuration

Works offline, no IT support
needed

Packaging PyInstaller Standalone executables, no
Python required

Simple deployment on insti-
tutional computers
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3.3 Data Collection

This study used data from a higher education institution in Bangladesh, gathered through
a review of existing class schedules, informal interviews with administrative staff, and direct
observation. The dataset covered 10 departments and 35 rooms. The main data points were
room capacities, hours of use per week, and student batch sizes for each scheduled class. A
standard week was defined as five days from Sunday to Thursday, with eight available hourly
slots per day from 8:00 to 17:00, including a lunch break, for a total of 40 available hours per
room.

3.4 Performance Measurement: The UFO Model

The Utilization, Frequency, and Occupancy (UFO) model was employed to establish a perfor-
mance baseline. The calculations are as follows:

Frequency Rate (F) = (Hours Used/Hours Available)× 100 (1)

Occupancy Rate (O) = (Total Students/(Room Capacity × Hours Used))× 100 (2)

Utilization Rate (U) = (F ×O)/100 (3)

This model provides a holistic view, distinguishing between how often a room is used (fre-
quency) and how effectively its capacity is filled when it is used (occupancy).

3.5 Notation and Problem Variables

The timetabling problem was formulated for a resource-sharing environment involving multiple
departments with consideration for practical usability.

Table 2: Problem Formulation Variables

Symbol Definition Type

PSet Set of all course placements p ∈ PSet Set
CSet Set of all courses c ∈ CSet Set
RSet Set of all rooms r ∈ RSet Set
TSet Set of all teachers t ∈ TSet Set
DSet Set of all departments d ∈ DSet Set
SSet Set of all timeslots s ∈ SSet Set
LSet Set of all Lunchtime slots l ∈ LSet Set
teacher(p) Teacher assigned to placement p Function
room(p) Room assigned to placement p Function
time(p) Timeslot assigned to placement p Function
course(p) Course associated with placement p Function
dept(p) Department of course in placement p Function
CAP−1(p) Number of students in course of placement p Integer
REQTY PE(c) Required room type for course c Category
REQHOURS(c) Required hours for course c Integer
CAP (r) Capacity of room r Integer
TY PE(r) Type of room r Category
Lactual(t) Assigned hours of teacher t Integer
Lavailable(t) Available hours of teacher t Integer
E Set of timeslots excluded by institutional time policies Set
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3.6 Hard Constraints (H)

H1: Teacher Conflict Constraint. A teacher cannot be assigned to more than one class at
the same time.

f1(p, p
′) =

{

1, if teacher(p) = teacher(p′) and time(p) = time(p′)

0, otherwise
(4)

H2: Room Conflict Constraint. A room cannot host multiple classes simultaneously.

f2(p, p
′) =

{

1, if room(p) = room(p′) and time(p) = time(p′)

0, otherwise
(5)

H3: Room Capacity Constraint. Assigned rooms must accommodate the enrolled student
count.

f3(p) =

{

1, if CAP−1(p) > CAP (room(p))

0, otherwise
(6)

H4: Room Type Constraint. A course must be assigned to a room that matches its type
(e.g., Lab course to a Lab room).

f4(p) =

{

1, if TY PE(room(p)) ̸= REQTY PE(course(p))

0, otherwise
(7)

H5: Course Hour Requirement Constraint. A course must be scheduled for its exact
required number of hours.

f5(c) =

{

1, if REQHOURS(c) ̸=
∑

p∈PSet,course(p)=c 1

0, otherwise
(8)

H6: Institutional Time Policies Constraint. A course must not be scheduled in any
timeslot excluded by institutional time policies. These excluded timeslots cover three categories:

• Weekends and closed days. Days designated as non-working (e.g., Friday and Saturday) are
entirely excluded.

• Daily working hours. Only timeslots within the configured start and end times for each
weekday are considered available (e.g., 08:00–17:00). Any timeslot before the start or after
the end of the working day is excluded.

• Lunch breaks. Timeslots corresponding to the institution’s configured lunch period (e.g.,
13:00–14:00) are excluded.

Let E denote the set of excluded timeslots, defined as the union of these three categories. Then:

V6 =
∑

p∈PSet

f6(p) = 0, f6(p) =

{

1, if time(p) ∈ E

0, otherwise
(9)

All three categories are user-configurable through the application’s settings interface (Table 4).
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H7: Faculty Weekly Hours Cap Constraint. An instructor cannot exceed their maximum
weekly teaching hours.

f7(t) =

{

1, if Lactual(t) > Lavailable(t)

0, otherwise
(10)

where Lavailable(t) is the maximum number of weekly teaching hours allocated to instructor t,
and Lactual(t) is the total number of hours actually assigned to t in the schedule.

H7 enforces a weekly hours cap only. It does not model instructor-specified availability
windows or day/time preferences; these are not currently part of the constraint model (see
Section 6.5).

H8: Contiguous Timeslot Constraint for Selected Courses. For selected courses such
as Lab and Workshop, duration of the course must be met by a single, unbroken block of time.

f8(c) =

{

1, if the placements of course c are not in consecutive timeslots

0, otherwise
(11)

3.7 Soft Constraints (S)

These are desirable and are used to evaluate the quality of feasible solutions.

S1: Course Placement. Maximize the number of courses successfully assigned to rooms and
timeslots.

Maximize: SP =
|P |

|C|
(12)

S2: Class Pattern. Classes for the same course should not be scheduled on consecutive days;
at least a one-day gap is preferred to aid student learning.

Minimize: C1 =
∑

c∈CSet

g1(c) (13)

g1(c) =

{

1, if ∃d ∈ {1, . . . , |D| − 1} such that scheduled(c, d) ∧ scheduled(c, d+ 1)

0, otherwise
(14)

S3: Faculty Utilization. Maximize the utilization of teacher’s available time.

Maximize: C3 =
1

|T |

∑

t∈TSet

g3(t) (15)

g3(t) =
Lactual(t)

Lavailable(t)
× 100 (16)

3.8 Fitness Function

Maximize: w1 ×

(

|P |

|C|
× 100

)

+ w2 ×

[

1−

(

C1

|P |

)]

× 100 + w3 × C3 (17)

The weight parameters were set to w1 = 0.5, w2 = 0.3, and w3 = 0.2, adding up to 1.0.
These values were determined by talking with university administrators to reflect the institution’s
priorities. Course completion is the most important factor at 50%. This is followed by class
pattern quality at 30% and teacher use at 20%.
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3.9 Genetic Algorithm Implementation

A Genetic Algorithm optimizer was developed in Python utilizing NumPy and Pandas libraries
for efficient data handling and numerical operations.

Chromosome Representation. A direct representation was used. Each gene in a chromo-
some corresponded to a single class meeting of a course. The gene holds information about the
course, assigned room, assigned time slot, and instructor. A chromosome is a collection of these
genes, representing a complete weekly schedule. Table 3 represents a chromosome structure for
course timetabling problem.

Table 3: Chromosome Representation for Course Timetabling Problem (One Chromosome =
One Complete Weekly Timetable)

Gene # Course (c ∈ C) Teacher (t ∈ T ) Room (r ∈ R) Day Timeslot (s ∈ S)

1 CSE-101 Prof. A R-201 Sunday 08:00–09:00
2 IPE-301 Prof. B R-402 Monday 10:00–12:00
3 MATH-202 Prof. C R-105 Tuesday 11:00–12:00
... ... ... ... ... ...
n ENG-201 Prof. N R-407 Thursday 13:00–14:00

Initial Population. The initial population of chromosomes was generated using a limited
random generation method. For each course placement, a time slot and a room were randomly
picked from the set of feasible combinations that met all hard constraints (H1–H8). If no feasible
combination was available for a given placement, the process backtracked by one step to reassign
the previous placement. This greedy backtracking method, implemented in Python, created a
fully feasible initial chromosome for every individual in the population. The computational
overhead of this initialization was negligible, taking less than 2 seconds for a population of 100
chromosomes.

Crossover. A single-point crossover operator was used in this study. Two parent chromosomes
are selected. A random crossover point is chosen, and the segments of the chromosomes beyond
this point are swapped to create two new offspring.

Mutation. With a low probability (mutation rate), random changes are introduced to the
genes of an offspring. This may involve changing the assigned room or time slot for a class. This
helps maintain genetic diversity and explore new areas of the search space.

3.10 GA Parameter Selection

The values selected were a population size of 100, a crossover rate of 0.8, and a mutation rate
of 0.05, all of which are in accordance with the guidelines for university timetabling problems
of comparable complexity [9, 30, 32]. The number of generations was fixed at 500, which is a
typical stopping point that provides a good balance between the quality of convergence and com-
putational cost [50]. An elite population percentage of 10% was used, together with tournament
selection (using a default tournament size of 3). The process stops when either the maximum
number of generations has been reached or a fitness score of 100 (which is the maximum possible
fitness) has been obtained. These default settings were applied in the case study that is reported;
the software allows for modifications to suit different institutional situations.

In order to take into account the stochastic character of Genetic Algorithms and to assess
the consistency of the solutions, the optimization model was run 30 times independently while
using the same parameter settings. Summary statistics derived from all of the 30 solutions were

9



calculated to verify the stability of convergence before the best schedule was chosen for detailed
institutional implementation.

7

Evaluate Fitness 

Score

Figure 2: Genetic Algorithm Workflow for Course Timetabling Problem

Figure 2 shows the complete working procedure of genetic algorithm used in this university
course timetabling problem.

3.11 User Interface and Administrative Workflow

The user interface features six main steps that follow a logical administrative workflow and
it presents optimization through a sequential workflow. Figure 3 illustrates navigation map
showing the sequential workflow of TimeTabler (not a formal state machine diagram). Arrows
indicate progression from one stage to the next after data validation is completed at each step.
Users can return to previous stages via navigation buttons.
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Figure 3: TimeTabler Application Navigation Structure

Workflow Stages:

• Resource Setup: Administrators first fill the system with institutional data, including rooms
(capacities, types), teachers, and departments.

• Course Configuration: Using the room and teacher data already entered, administrators
specify for each course its credits, weekly contact hours, students batch size, and any special
requirements such as laboratory sessions requiring uninterrupted three-hour blocks or specific
room types.

• Student batch Configuration: Courses are assigned to specific academic terms, which sets
the boundaries for the scheduling problem.

• Constraint Setup & Generation: Administrators configure hard and soft constraints based
on institutional policies and begin the optimization process.

• Analysis & Selection: Generated schedules are compared using visualizations and perfor-
mance metrics. This helps administrators choose and export the best timetable.

This step-by-step approach reduces cognitive load by presenting one task at a time and
ensures all prerequisites are met before moving on to optimization.
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4 Implementation

4.1 The approach to development and the architectural framework

The system is based on an event-driven approach in which user actions set off defined workflows
via the Kivy framework’s event system. Development occurred in stages: first carrying out data
modelling and validation, then implementing the constraint management system, followed by
the integration of the Genetic Algorithm, and finally the creation of a full user interface. At
every stage, feedback was provided by members of the administrative staff in order to enhance
the efficiency of the workflow and to make the interface more user-friendly.

4.2 Key Component Implementation Details

4.2.1 Data Management and State Persistence

The system selects SQLite for storing the data locally since no setup is needed in cases where
it is not practical to manage a database server. It makes use of SQL Alchemy’s ORM for
mapping between objects and relational databases, which enables Python classes to stand in for
database items such as Room, Instructor, Course, Department, and Semester (Student Batch)
with the data being saved automatically. A system for managing state ensures that the data
remains consistent throughout the application. This module carries out all the Create, Read,
Update, and Delete (CRUD) operations for these entities and guarantees data integrity through
real-time validation and by maintaining referential integrity across all entities, thus avoiding
orphaned records.

4.2.2 Constraint Modeling and Management Pipeline

The pipeline design of the constraint management subsystem converts the administrator’s pref-
erences into optimization parameters.

Figure 4: Constraint Processing Pipeline

Figure 4 illustrates how the translation is carried out from UI controls to algorithm pa-
rameters. The UI inputs (which include checkboxes and text boxes) are interpreted and con-
verted into formal constraint objects having the form {’type’: ’hard’/’soft’, ’rule’:

’room_capacity’, ’parameters’: {...}}. These objects are then passed to a weighted fit-
ness function, which gives priority weights (for example, course placement is 0.5, class pattern
is 0.3, and faculty utilization is 0.2). Finally, the Genetic Algorithm uses these fitness scores to
evaluate the schedules.

4.2.3 Optimization Engine Integration

The adapter pattern was used to integrate the Genetic Algorithm optimization engine in such a
way that the domain logic remains separate from the algorithmic details, which makes it easier
to replace the algorithm in the future. The integration carries out two main types of translation:
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that of the domain objects into representations suitable for use in the GA, and that of the GA’s
output back into actionable schedules together with performance metrics.

Rather than presenting a single “optimal” timetable, TimeTabler generates and displays a
number of solutions. Once the optimization process has been finished, the system selects the
top five solutions from the last population and shows a number of high-quality alternatives via a
comparative interface. With each option are provided the full UFO metrics, so that the various
trade-offs can be seen and informed decision-making can be supported.

The design makes particular choices with regard to architecture in order to guarantee good
performance as the organization expands. It employs memory-efficient data structures for rep-
resenting chromosomes and checks the constraints gradually as part of the genetic operations.
Because of these features, the system remains responsive even when dealing with large amounts
of data. The fact that linear processing times were seen during deployment indicates that the
framework will be able to cope with the institution’s growth without experiencing major perfor-
mance problems. Convergence was determined by keeping an eye on the best fitness value over
the generations; in reality, the population usually settled down before arriving at the maximum
number of 500 generations.

4.3 User Interface Implementation

4.3.1 Interface Implementation Strategy

The interface was developed using Kivy and included KivyMD components, adhering to the
Model-View-Controller (MVC) pattern as modified for Kivy’s methodology. Each screen is
implemented as a separate Kivy Screen class, and when the user carries out an action, this
triggers Kivy events (such as on_press, on_text_validate, and on_clock_tick), which are then
passed on by the Kivy Event Dispatcher to the appropriate handlers that are responsible for
updating the user interface, validating the input, and logging the actions.

4.3.2 Screenshots of the interface and the realization of the design principle

The figures given below display the main screens of the TimeTabler application and show how
the design principles were applied to create practical and functional interfaces.

Figure 5: Constraint Configuration Panel

The settings interface illustrated in Figure 5 puts the principles of transparency and user
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control into action. The system makes institutional policies—for example, those concerning
the avoidance of classes on weekends or scheduling during lunchtime—clear by expressing them
through simple textbox entries and checkboxes. This enables administrators to influence the
algorithm’s priorities without having to be experts in adjusting the parameters of genetic al-
gorithms. As a result, administrative objectives are effectively linked with the computational
optimization.

Figure 6: System Dashboard and Solution Viewer

The dashboard illustrated in Figure 6 presents the comparative metrics (Utilization, Fre-
quency, Occupancy, Fitness Score) for the top five solutions, enabling administrators to compare
them and then choose one for export; the second screen displays the schedules on a batch basis
and can be navigated using a series of drop-down menus. The design of the interface tackles the
problem of resource sharing between departments by making use of visual aids which encourage
transparency.

Key implementation decisions included:

• Responsive Layouts: Using Kivy’s size hints and adaptive containers to ensure proper
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rendering across different screen resolutions.

• Input Validation: Immediate feedback for invalid data entry through color coding and error
messages.

• Progress Indication: Visual progress bars and status updates during long operations.

• Consistent Navigation: Maintaining application state during screen transitions.

4.4 Configuration and Adaptability Features

To meet different institutional needs, TimeTabler includes several configuration options. The
system has a hierarchical configuration setup where default settings can be overridden by insti-
tutional preferences, which can also be overridden by user preferences. This layered approach
offers flexibility while keeping sensible defaults.

Table 4: Configuration Layers and Examples

Layer Example Configuration Purpose

System Defaults Default soft constraint weights Provides working out-of-the-box
behavior

Institutional Set-
tings

Working hours: 08:00–17:00, Lunch: 13:00–
14:00, Weekends: Friday & Saturday

Captures organization-wide poli-
cies

User Preferences Interface theme: Light, Primary Palette:
BlueGray

Customizes user experience

GA Parameters Population size = 100, Generations = 500,
Mutation Rate = 0.05

Customizes optimizer settings

The configuration framework allows for dynamic constraint loading. This feature lets users
add new constraint types without having to change the core application code. This flexibility
is particularly useful for institutions with unique scheduling needs that standard constraints do
not address.

4.5 Performance Optimization and Resource Management

To operate efficiently within common resource limitations, several performance strategies were
implemented: lazy loading for data retrieval, indexed database columns for frequent queries,
and incremental UI refresh mechanisms. These optimizations enable the application to handle
large institutional datasets (dozens of rooms, hundreds of courses) with smooth interaction on
standard institutional computers. The framework operates offline with minimal dependencies
and maintains compatibility with low-specification hardware.

5 Evaluation and Results

5.1 Deployment Context and Institutional Setting

TimeTabler was deployed at a university in Bangladesh with 10 academic departments sharing
35 classrooms and labs and 56 student batches. The deployment followed one week of soft-
ware familiarization, two weeks of active use, and systematic assessment of process metrics and
schedule outcomes. The software ran on institutional desktops (Intel Core i5-8500, 8GB RAM,
Windows 10 Pro) and requires any 64-bit system with ≥4GB RAM.
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5.2 Baseline Administrative Process Assessment

Before implementation, timetabling was manual and departmental, using spreadsheets and in-
formal department-to-department negotiations. The process took approximately 12–15 days for
a team of several people, consistent with findings reported by Nsulangi et al. [36]. Conflict
detection relied on manual cross-checking, and resource allocation was often uneven, with sev-
eral courses conducted in auditoriums — a hard-constraint violation. This baseline forms the
operational reference against which the automated framework is judged.

5.3 Current Space Utilization Performance

For the 10 departments, the overall utilization rate was 52.34% (frequency 62.57%, occupancy
83.65%; Table 5). When rooms were in use, they were usually full, but the frequency rate
indicated that rooms sat empty more than a third of the available time. These results match
recent studies on space use in universities in developing countries [51].

Table 5: Current UFO’s Rate

Hours Available Hours Used Capacity Total Students Utilization Rate Frequency Rate Occupancy Rate

1400 876 4689 53922 52.34% 62.57% 83.65%

5.4 Optimized Space Utilization via Genetic Algorithm

The weighted-sum GA was executed across 30 independent runs on the institutional dataset
involving 56 student batches, 10 departments, and 35 shared rooms. Across all 30 runs, 100%
hard constraint satisfaction was achieved. Table 6 presents the aggregate performance metrics
across all 30 runs and shows relatively stable performance under the tested configuration.

Table 6: Algorithmic Stability and Performance Across 30 Independent Runs

Performance Metric Mean ± SD Minimum Maximum

Fitness Score 92.90 ± 3.51 86.47 97.67
Utilization Rate, U (%) 57.57 ± 1.22 55.60 59.17
Frequency Rate, F (%) 63.75 ± 1.36 60.79 65.79
Occupancy Rate, O (%) 90.33 ± 0.53 89.41 91.56

From this pool of 30 generated solutions, the top-performing candidate schedules were ex-
tracted for departmental analysis. Table 7 summarizes top performing chromosomes based on
fitness function.

Table 7: Top Performing Chromosomes from Genetic Algorithm Optimization

Chromosome Fitness Course Placement Class Pattern Faculty Utilization U (%) F (%) O (%)

1 97.67 97.90 96.93 98.20 58.72 65.43 89.75
2 97.22 98.20 96.27 96.17 58.67 65.57 89.48
3 97.38 97.90 96.93 96.75 58.75 65.43 89.79
4 97.38 97.90 95.90 98.29 59.17 65.50 90.33
5 97.09 97.60 97.95 94.53 58.30 65.21 89.41

Table 7 shows that the chromosome with the highest fitness value does not have the highest
utilization rate, illustrating the trade-off in the weighted fitness function.
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Table 8: UFO Results from Optimum GA Schedule

Hours Available Hours Used Capacity Total Students Utilization Rate Frequency Rate Occupancy Rate

1400 917 4469 40367 59.16% 65.50% 90.33%

Table 8 shows the chromosome with the highest utilization rate. It ranks 4th in fitness value,
due to the weighting scheme.

5.5 Statistical Significance Testing

To determine whether the observed improvements are statistically significant, paired t-tests
were conducted comparing department-level performance between current and GA-optimized
schedules (n=10 departments).

Table 9: Statistical Significance of Improvements

Metric Current Mean GA Mean Mean Difference SD of Difference t-statistic p-value Cohen’s d

Utilization Rate 52.34% 59.16% +6.82 17.47 0.98 0.351 0.39
Frequency Rate 62.57% 65.50% +2.93 18.04 0.22 0.827 0.16
Occupancy Rate 83.65% 90.33% +6.68 7.33 2.85 0.019 0.91

Only Occupancy Rate showed a statistically significant improvement (p = 0.019), with a
mean increase of 6.68 percentage points and a large effect size (d = 0.91) [52]. Utilization
and Frequency improved numerically (+6.82 and +2.93 percentage points) but did not reach
significance (p = 0.351 and 0.827), likely due to the small sample (10 departments) and high
variance.

5.6 Comparative Analysis

The comparative analysis showed improvements across all key metrics after implementing the
GA-optimized timetable.

Figure 7: Comparison of Utilization Rate for 10 Departments
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Figure 8: Comparison of Frequency Rate for 10 Departments

Figure 9: Comparison of Occupancy Rate for 10 Departments

Figures 7–9 show department-wise comparisons for Utilization, Frequency, and Occupancy.
Utilization improved from 52.34% to 59.16% (relative +13.03%), Frequency rose slightly by 2.93
percentage points, and Occupancy showed the most dramatic improvement (83.65% to 90.33%).

5.7 Capacity Expansion

Although UFO metrics indicate the efficiency of space usage, they do not directly evaluate what
is most important to an institution’s mission—that is, the number of courses it can schedule
with its existing resources. The manual scheduling method used 876 weekly room-hours for the
312 scheduled courses, which amounts to 93.69% of the 333 required courses and left 21 course
sections without accommodation. The GA-optimized schedule raised the weekly room-hours to
917 and comprised 326 courses, or 97.89%, thus achieving an increase of 14 additional course
sections without altering the physical resources.
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The effective scheduling capacity is increased by 4.68 per cent because of these 41 extra
weekly room-hours; with an average class size of 50, this means 2,050 additional student-contact
hours per week, or 34,850 more over the course of a 17-week semester — that is the same as
adding 2 to 3 new classrooms without having to make a capital investment.

5.8 Correction of Misallocations of Room Types

One of the key results of this study is that inappropriate room assignments were directly cor-
rected. In the initial schedule, 47 courses, which amounts to 15.1% of the 312 courses that were
scheduled, were assigned to rooms that were not suitable for their type; for example, lecture
courses took place in computer labs and regular classes were held in auditoriums. However,
after applying GA optimization, the number of mismatches was reduced to zero (0 out of the
326 scheduled courses). This full elimination of room-type mismatches was due to the GA’s
hard constraint H4, which ensured that each course was allocated to the right kind of room.
Moreover, once the rooms had been reallocated, there were sufficient standard classrooms to
accommodate all the lecture-based courses.

The GA has not only boosted the numerical utilization figures but has also restored special-
ized facilities, such as laboratories and auditoriums, to their appropriate educational uses. It is
now possible for the institution to offer more courses based in laboratories without having to
construct new facilities, and students can study in environments which satisfy their educational
requirements.

5.9 Operational efficiency and workflow transformation

The use of TimeTabler resulted in substantial savings of time usually spent on scheduling. The
average time taken per student batch for automated schedule generation was 15.1 seconds, and
this time was almost directly proportional to the size of the problem. That 15.1 seconds figure
applies only to the computation time; an extra 3 to 4 hours per semester are needed for data
entry across all student batches. Besides being fast, the system centralized scheduling decisions
by replacing the previous practice of department-by-department negotiations with clear, system-
wide allocation criteria. This increased consistency, reduced the need for manual reconciliation,
and made it easier to share common resources transparently. The administrators stated that the
time which had previously been used for identifying conflicts and making amendments to spread-
sheets could now be redirected towards considering alternative schedule options and assessing
institutional priorities.

5.10 User Experience and Deployment Outcomes

The feedback was obtained by means of informal interviews and observations, with no stan-
dardized usability tool being employed. Administrators pointed out that the framework’s clear
and objective criteria for the allocation of resources had dealt with longstanding equity prob-
lems which had existed in the previous departmental manual procedures. One administrator
in particular noted the greater transparency now available regarding the assignment of rooms
and premium facilities, something that stood in sharp contrast to the unclear negotiations that
had taken place in the past. The system’s ease of use was also shown by the way it integrated
smoothly into the existing workflows. It had been mentioned that the time previously spent on
settling conflicts could now be put towards evaluating scheduling options and taking account of
institutional priorities. This change from a focus on fixing problems to one on forward planning
marks a major shift in administrative practice. The findings show that TimeTabler is able to
convert optimization algorithms into a tool that non-technical administrators can understand,
trust, and use, even in situations where resources are limited. These observations are still prelim-
inary and were gathered through informal interviews without the use of a standardized usability
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instrument; they are meant to supplement, not to replace, the formal quantitative evaluation.

6 Discussion

6.1 The Dual-Layer Improvement

The study makes a practical contribution by putting right the qualitative misallocations. In
the manual timetable laboratories were being used for regular lectures, this is a hidden form of
inefficiency and a waste of specialized equipment. The GA addressed this by introducing the
room-type constraint (H4), which released the specialized facilities and allowed the institution to
provide more lab based courses without constructing any new facilities, in line with established
standards for laboratory facilities [53]. The gradual increase in Frequency Rate is a by-product
of this reallocation since courses which were previously held in non-standard, uncounted spaces
are now being given in the pool of rooms as measured by the UFO method. Thus, the traditional
aim of timetabling optimization is extended beyond simply filling capacity to include functional
alignment.

6.2 Framework’s capabilities and design validation

TimeTabler addresses the particular challenges faced by resource constrained institutions. The
significant increase in speed changes timetabling from a task that has to be carried out period-
ically into an interactive planning activity. This ability to generate timetables quickly enables
administrators to look at various ‘what-if’ situations, try out different constraint configurations,
and swiftly respond to last-minute changes, thus moving the planning approach from one that
is reactive to one that is proactive.

The constraint management system is able to deal with a number of conflicting requirements
at the same time by taking into account hard constraints, institutional preferences, and opti-
mization objectives, thus arriving at solutions that satisfy the actual needs of the institution
rather than those of simplified models.

Presenting the top five solutions acknowledges that scheduling requires value judgments
beyond mathematical optimization. It is not the case that every schedule with a high fitness
value corresponds to practical preferences or utilization objectives. The five solutions are the
best-fitness chromosomes obtained from one run of a genetic algorithm with fixed weights—
alternative high-quality schedules, not solutions that have been optimized for different sets of
weights.

The design of TimeTabler tackles two problems which affect organizations in developing
countries: limited resources and the existence of departmental barriers. Because it has a stan-
dalone desktop structure it does not require any servers or continuous connectivity and can
therefore be used on standard equipment. The amount of memory it uses at peak load is under
500MB, which means it can operate on older machines and thus prevents the need for expensive
upgrades that would hinder the adoption of the technology.

Just as importantly, TimeTabler encourages the sharing of resources among different de-
partments. Since it treats all departments on an equal footing within a single optimization
model, it eliminates the “department-first” method which results in suboptimal overall utiliza-
tion. Inter-departmental conflicts are reduced because clear criteria for allocation together with
visual comparison tools make the allocation decisions transparent.

The system is able to handle increasing course loads. Unlike manual methods, in which
complexity increases exponentially, or some algorithmic methods that become computationally
impractical, TimeTabler keeps its performance at a practical level as the size of the institution
grows. The training process takes between two and three hours and all that is required is a basic
knowledge of computers.
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The fact that the system was deployed proved that the design principles were sound. The
system’s ability to function in areas where connectivity is unreliable showed that offline access
was feasible. Administrators reported that the system placed less mental strain on them than
manual methods, even though a standardized usability scale had not been employed. The fact
that administrators could understand and affect the results of optimization showed that both
transparency and user control had been achieved. The zero-cost method of deployment was
found to be financially viable. Thus, the design principles of the framework have been shown
not only to be sound in theory but also to provide effective solutions to actual institutional
problems.

6.3 Policy and Practice Implications for Space Management

For university administrators, especially those working in situations where resources are limited,
this study provides a fact-driven argument opposing hasty investments in capital. The actual
improvements show that a great deal of capacity is being hampered by operational inefficiencies
which are of both a quantitative and qualitative nature. Introducing GA-based scheduling turns
timetabling into a resource management tool rather than an administrative one. It promotes a
fair and need-based distribution of inter-departmental resources and establishes clear allocation
criteria that do not rely on historical priority or the power of particular departments. This is
particularly important in the case of publicly funded institutions operating in the developing
world where the requirement to achieve more with less is a financial necessity.

6.4 Broader implications for educational technology

TimeTabler demonstrates that with careful design it is possible to overcome resource limitations
and make advanced tools available in places where they weren’t before. The achievements
here extend beyond the field of timetabling; similar approaches could be used to balance the
workload of faculty members, allocate research space, and provide advice to students by offering
optimization through user-friendly interfaces which take into account infrastructure constraints.

The framework also acts as a model for sustainable educational software development; since
it is open-source, modular, and oriented towards the actual needs of institutions rather than
being driven by technological fads, it escapes the cycles of obsolescence and dependency which
are so common in commercial systems. This aspect is particularly important in developing
countries, where long-term sustainability is often more significant than short-term features.

TimeTabler demonstrates that advanced optimization and practical accessibility can exist
together. The framework achieves this by combining the power of algorithms with a user-friendly
design, taking account of available resources while at the same time maintaining capabilities, and
balancing automation with human judgment, thus providing institutions with a straightforward
way of improving their administrative processes without having to make much greater use of
technical or financial resources.

6.5 Limitations and future work

The study has a number of methodological and technical limitations. It is based on a single
anonymized institution in Bangladesh, consisting of 10 departments, 35 rooms, and 56 classes
during a 14-week semester, which limits the generalizability of the findings. There was no com-
parison with existing open-source systems such as FET and UniTime or with benchmark datasets
such as ITC-2007 [54]. While the 100% hard constraint satisfaction demonstrates feasibility, it
does not indicate comparative optimality. The manual scheduling baseline required 12 to 15
days and user feedback was obtained through informal interviews without using standardized
tools such as SUS or measuring time spent. The GA parameters employed were a population
size of 100, 500 generations, a mutation rate of 0.05, an elite rate of 10%, and tournament
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selection, with no sensitivity analysis carried out. Convergence plots and fitness trajectories are
not provided. The weighted-sum GA, with weights of 0.5, 0.3, and 0.2, produces solutions that
are optimized for this particular configuration and does not produce a true Pareto front. The
constraint model enforces instructor non-overlap and a weekly teaching hours cap, but does not
account for instructor-specified availability windows or day/time preferences. The standalone
desktop version does not support multi-user collaboration. Scalability beyond the tested config-
uration (10 departments, 35 rooms) has not been verified; the claim of linear processing time is
only valid within this range. The hardware used consisted of an Intel Core i5-8500 with 8GB of
RAM and Windows 10 Pro, although the minimum system requirements are 4GB of RAM and
a 64-bit operating system. Also, the assumption of 100% student attendance when calculating
occupancy is optimistic. Finally, statistical significance was not achieved in the improvements
of the Utilization and Frequency rates (p > 0.05), probably because of the small sample size of
10 departments and the high variance.

Future research must verify the framework in a number of institutions of varying sizes. In
order to set performance benchmarks, direct comparisons should be made with the FET [55],
UniTime [56], the ITC-2007 [54] and ITC-2019 [57] datasets. A formal usability evaluation, based
on the System Usability Scale and with time-logged baseline data, would offer more solid evidence
of efficiency improvements. In order to improve reproducibility and the quality of optimization,
the analysis of parameter sensitivity, convergence studies, and the systematic determination
of fitness weights should be carried out. The optimization model should be extended to take
into account teacher availability windows and preferences, and the weighted-sum GA should be
replaced by genuine multi-objective methods such as NSGA-II in order to generate true Pareto
frontiers. Later versions might include real-time multi-user collaboration, web portals tailored
to specific roles, automated exam scheduling, and IoT-based attendance tracking in order to
enable dynamic utilization analytics. It would be useful to carry out a long-term study using
a GA-generated timetable in a real-world environment in order to assess its practical usability
and to identify any unforeseen problems; furthermore, an automated technique for tuning the
parameters could be used to optimize the GA parameters for particular institutional situations.
Lastly, research that compares other metaheuristics, for example Simulated Annealing or Ant
Colony Optimization, with the same dataset could yield insights into the most efficient and
effective algorithm for educational scheduling.

7 Conclusion

The study demonstrates that Genetic Algorithm optimization is able to deal with two kinds of
inefficiency in the management of educational space: quantitative underutilization and quali-
tative misallocation. When a weighted-sum Genetic Algorithm incorporating hard constraints
(for example, room-type matching) and soft constraints (such as class patterns and faculty us-
age) was applied at a university in Bangladesh with limited resources, the improved timetable
increased the overall UFO utilization rate by 13.03% (raising it from 52.34% to 59.16%) and
eliminated all of the original 47 room-type mismatches. This improvement resulted in an in-
crease in the number of courses offered by 4.48% (from 312 to 326), which is equivalent to adding
two or three new classrooms without making any capital investment.

For a long time, the successful introduction of timetabling optimization into higher education
has not been limited by the complexity of the algorithms, but rather by the lack of software
that enables such capabilities to be used within the structural and human conditions of universi-
ties. This article introduces TimeTabler, an open-source, desktop-based system which has been
specifically developed to fill this implementation gap.

TimeTabler offers a software engineering approach that demonstrates four key design prin-
ciples in practice: it includes offline functionality to prevent dependence on an unreliable in-
frastructure; it features a user-friendly workflow which enables non-technical administrators to
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have control; it provides transparent optimization by replacing opaque black-box algorithms
with trade-offs that can easily be understood; and it allows for zero-cost deployment so as to
remove any financial barrier to adoption. These principles were not merely aspirational but
rather formed the basis of the design, and they were put to the test through its implementation
at a university in Bangladesh comprising 10 departments, 35 classrooms and 56 student batches.

The results show that there is practical value in this particular situation. TimeTabler cuts
down the amount of manual work which had previously taken 12 to 15 days down to just
3 to 4 hours’ worth of one-off data entry and about 15.1 seconds of automated generation
each student batch, at the same time eliminating all violations of hard constraints and greatly
improving compliance with soft constraints. Not only does it increase efficiency, but the new
structure also altered the way scheduling decisions were made: rather than holding department-
by-department discussions, open and data-based allocation guidelines were introduced which
provided transparent allocation criteria that administrators found to be fairer than the earlier
manual methods. Apart from saving time, the administrators also noted that the ability to
compare several different schedules with clear performance trade-offs enabled more informed
decision-making.

For university administrators, particularly those in developing countries, the main point is
that they can secure considerable improvements in their operations without costly infrastruc-
ture expansion. By using an optimization-driven scheduling approach, hidden capacities in the
existing facilities can be identified, room allocation can be ensured in a fair and need-based
manner, and specialized rooms such as laboratories and auditoriums can be restored to their
original purpose as teaching spaces. Since the GA is capable of dealing with complex, real-world
constraints, timetabling becomes a strategic resource management activity rather than merely
an administrative one.

The implications of these results extend well beyond the scheduling aspect. TimeTabler
demonstrates that advanced computational methods can be successfully applied to software
design when software design prioritizes contextual fit over algorithmic sophistication. Because
of its modular structure and the fact that it is open source, the framework provides a platform
that can be adapted to a wide variety of institutional situations, and the design philosophy
itself acts as an example of how to deal with other resource-constrained problems in educational
management, for instance those relating to faculty workload management or the allocation of
resources in research space.

Several limitations point to further areas for development. The current desktop version does
not offer real-time multi-user collaboration, and having it tested in other institutions would
increase its generalizability. Upcoming versions could allow direct input of teacher preferences,
be extended to cover examination scheduling, and incorporate IoT-based attendance tracking in
order to support dynamic utilization analytics.

In the end, TimeTabler does support the main argument that the barrier to optimization
in education is not computational but translational. The study provides both a practical tool
and a model that can be replicated by demonstrating that user-centered design and algorith-
mic capability can coexist so as to enable institutions to redirect their limited resources from
administrative logistics to their primary purpose, which is teaching and learning. The fact
that TimeTabler has proven successful in a real-world situation underscores the value of frugal
innovation in educational technology.
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