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ABSTRACT

The School Timetabling Problem (STP) aims to allocate subjects to specific times for vi-
able planning while avoiding scheduling conflicts between professors, classes, and other resources.
We observed this problem in a higher education institution and, to solve it, implemented the ge-
netic algorithm (GA) and variants RKGA (Random-Key Genetic Algorithm) and BRKGA (Biased
Random-Key Genetic Algorithm). Different parameterizations were experimented with using real
data. We compare the developed methods considering criteria such as the quality of the solutions
and execution time. The results show that BRKGA obtained feasible schedules and better quality
solutions than RKGA in 76.67% of the cases and all cases compared to GA.
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1. Introduction

Scheduling subjects in educational institutions presents a complex challenge due to the
various classes, professors, and constraints involved. Creating timetables is typically done manually,
demanding significant effort and expertise from academic coordinators. This manual approach often
leads to suboptimal solutions, including overlapping subject schedules, and challenges in allocating
professors according to their preferences.

In this scenario, methods like Genetic Algorithms and their variations show great promise
for optimizing academic scheduling. These methods can consider constraints and produce feasible
and practical solutions that align with student’s educational needs and professor’s preferences. Au-
tomating this process reduces manual labor, enhances the quality of the generated timetables, and
establishes a more structured academic environment tailored to educational requirements.

Many federal higher education institutions still rely on manual methods for scheduling
subjects. This process is time-consuming and places a significant burden on the managers involved
in creating a workable schedule. Managing many classes and professors while accommodating var-
ious restrictions and preferences becomes more challenging with a manual approach. Implementing
an automated scheduling system for courses helps address organizational constraints related to re-
source management and compliance, pedagogical concerns impacting student performance, and
personal factors like scheduling conflicts with other professor activities (e.g., administrative, re-
search, extension).

This paper proposes a solution for scheduling subjects for two courses at a higher educa-
tion institution. Additionally, it aims to conduct a comparative study of evolutionary metaheuristics
based on the Genetic Algorithm to address the School Timetabling Problem. We are operating on
the hypothesis that utilizing variants of the Genetic Algorithm can enhance solution quality and per-
formance compared to the original method. To the best of our knowledge, based on a recent search
and the paper of Tan et al. [2021], we do not find works that have used the RKGA or BRKGA
variants in solving the School Timetabling Problem (STP).

This paper is structured as follows: Section 2 provides the theoretical foundation, en-
compassing key concepts, related research, and approaches employed in STP, focusing on genetic
algorithms and their adapted versions. Section 3 formally outlines the definition of STP, while Sec-
tion 4 elaborates on the adopted methods and developed algorithms. Section 5 showcases the results
from the experiments, and finally, Section 6 presents the conclusions and outlines future work.

2. Theoretical Reference

Scheduling issues are prevalent in public and private institutions across various sectors,
including education, transportation, healthcare, industry, sports, and others [Bettinelli et al., 2015].
These issues involve the task of efficiently assigning a set of events (such as subjects, itineraries,
games, surgeries) and resources (such as professors, drivers, athletes, doctors) to specific physical
spaces (such as rooms, courts, offices) and timeslots [Zhang et al., 2010]. Despite the common
challenge of allocating conflicting items, scheduling problems are further categorized based on the
specific context.

Particularly in the academic scenario, the scheduling problem pertains to creating timeta-
bles for educational institutions like schools, colleges, and universities [Teoh et al., 2015]. Each
new academic semester requires course managers to establish class schedules, balancing pedagog-
ical needs, organizational constraints, and professor’s preferences. Institutions’ unique operational
dynamics and educational levels have given rise to various academic scheduling problems. Accord-
ing to Willemen [2002], these problems can be further classified into subcategories such as Course
Timetabling, Examination Timetabling, University Timetabling, and School Timetabling.
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The STP involves assigning each subject to specific times while avoiding scheduling con-
flicts. These conflicts may include scheduling the same professor for multiple classes simultane-
ously or scheduling different subjects for the same class simultaneously, among other constraints
[Tan et al., 2021]. STP is a challenging combinatorial optimization problem classified under the
NP-Hard category [Pillay, 2014], indicating that no deterministic polynomial time algorithms are
currently available for its solution. Due to its complexity, manually obtaining a feasible solution
can be time-consuming or impractical, mainly when dealing with numerous elements such as pro-
fessors, classes, and constraints.

Various methods solve the STP by using strategies like Integer Programming [Fonseca
et al., 2017], single solution metaheuristics such as Simulated Annealing [Zhang et al., 2010] and
Tabu Search [Minh et al., 2010] and population metaheuristics such as Particle Swarm [Tassopoulos
and Beligiannis, 2012] and Genetic Algorithm [Raghavjee and Pillay, 2015].

2.1. Genetic Algorithm and their variants

In the context of bioinspired algorithms, the Genetic Algorithm (GA) is one of the best
known. It emerged in the 1960’s to solve complex problems by simulating evolutionary concepts
such as natural selection of the fittest individuals and mutations [Holland, 1992]. The typical proce-
dure for traditional GA’s involves generating an initial population of solutions randomly, statically,
or through a combination of both. Genetic crossover and mutation operators are then applied to this
population to create the next generation of solutions. Like genetics, crossover always occurs, while
mutation only happens with a small probability. The chromosome of an individual corresponds to a
solution to the problem.

For more clarity, Figure 1(a) illustrates a population of individuals = with identifiers rang-
ing from O to n. A binary vector commonly represents the individual’s chromosome. Each element
in the vector corresponds to a gene that expresses a characteristic of the individual, with its value
indicating the allele. An individual has a fitness value associated with him, given by the model’s
objective function (e.g., f(xg) for the solution x).

Individual (x,) Population Population

Solution (chromosome) (Py) (Pys1)

X2‘ 0 l 1 l 0 l 1 l 0 l 0] 1 l 1 l f(x2)| fitness (objective function) More Copy elite solutions
2 ! suitable BN {3 3 TOP
Solution element (locus, gene) and its value (allele)

Select an elite

Population (P,) partition parent
x[o0[1]o]1]1]o[1]0] fxy
w[olia[1[x[0[1[0] /v oy | o @ ——>
|x_7‘ 0 ‘ f ‘ 0 ‘ 1 ‘ 0 ‘ 0 ‘ s ‘ . ‘ f(xz)l ELITE Select an non-elite
. v partition parent
x,,‘ 1 ‘ 0 ‘ 0‘ 1 ‘ 1 ‘ 0 ‘ 0 ‘ 0‘ Sl suli.:asl.swle Randomly generated ——3 BASE

mutant solutions

(a) (b)

Figure 1: In (a) representation of an individual and a population. In (b) structure of population in RKGA
and BRKGA variants. Font: adapted from Gongalves and Resende [2011].

In Figure 1(b), we can see the composition of a population, representing a group of indi-
viduals. The individuals reproduce using crossing mechanisms to generate a new population in each
generation. The latest population’s individuals are sorted based on their fitness function, with the
fittest individual at the top and the worst fit at the bottom. The elite set is always carried over to the
next generation and comprises the top w% fittest individuals. Although the population structure of

DOI: 10.59254/sbpo-2024-193837
https://proceedings.science/p/1938377?lang=pt-br


https://proceedings.science/p/193837?lang=pt-br
http://dx.doi.org/10.59254/sbpo-2024-193837

LVl B P SIMPOSIO BRASILEIRO DE
PESQUISA OPERACIONAL

EeEe]

5 -['.“.F-a & o neél

FORTALEZA | CEARA
RKGA and BRKGA is similar, the variants differ in the parents’ choice. The RKGA can generate
a new individual by combining two non-elite individuals. In contrast, in BRKGA, at least one of
the individuals must be from the elite group. Mutants randomly generated are introduced into the
population to enhance diversity and prevent the algorithm from stagnating in local sub-optima.
The crossover or recombination process is a fundamental step in genetic algorithms that
combines genetic information from two or more individuals to generate offspring. Crossover aims
to explore different combinations of genetic characteristics present in individuals in the population
and create new, potentially better solutions. Figure 2(a) illustrates the 2-point crossover, in which
two cutoff points are randomly selected in the genetic representation of the parents, followed by the
division of the sequence into three segments: initial, central, and final. In a Multi-point crossover,
Figure 2(b), multiple points are randomly determined to segment the arrays of the parents. For each
segment, a parent is randomly chosen to contribute to the descendant constitution.

Point 1 Point 2 Point1 Point2 Point3 Pointn
1|12 (3(4|5|6)|7]|8 1/12(3|4|5|6)|7]|8
[
6 (2|5 |8|7|1|3 |4 3(2(6 |8 |(5|7|1]|4
V\A\ y / / ¥ v v v )
126 |5|7|3|4]|38 3(2(6(4|5|7|1|8
(a) (b)

Figure 2: Visual representation of the crossover cutting points in (a) 2-point and (b) Multi-point to transfer

of parents’ characteristics to the child.

Various adaptations of the traditional method of Genetic Algorithms have emerged, in-
cluding the Random-Key Genetic Algorithm (RKGA) [Bean, 1994] and the Biased Random-Key
Genetic Algorithm (BRKGA) [Gongalves and Resende, 2011; Frinhani et al., 2015]. One key dis-
tinction between RKGA and BRKGA concerning GAs algorithms is their dividing individuals into
elite and non-elite sets. This approach contributes to improved optimization problem outcomes.
Figure 3 illustrates the execution flow of BRKGA, which uses coding based on random keys to
represent individuals in the population.

Problem Independent Problem Dependent
Begin Generate n vectors Decode each vector
E of random keys of random keys
Y
Classify solutions as | Sort solutions by no Stopping yes
elite or non-elite | their fitness rule satisfied?

Combine elite and
Copy elite solutions Generate mutants non-elite solutions
to next population 7] in next population 7| and add offspring
to next population

A
A

Figure 3: BRKGA algorithm execution flowchart. Font: adapted from Gongalves and Resende [2011].
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Initially, the algorithm is configured with parameters such as population size, crossover
rate, and mutation rate. The initial individuals are generated as random keys, which are sequences of
positive real numbers in the range [0, 1], then decoded. Currently, the BRKGA-MP-IPR [Andrade
et al., 2021] is the state-of-the-art of GA’s variants. Through a deterministic function, it is possible
to calculate the fitness of each individual of the population and measure how fit it is for solving the
problem. If the stopping criterion has not been met (e.g., number of generations), the individuals
are ordered according to their fitness and classified as elite or non-elite. The subsequent population
receives the elite individuals and those generated by crossover and mutation.

3. Problem Definition

The study takes a practical and quantitative approach to the concept of STP, and it is an
exploratory case study. It was conducted at the Institute of Mathematics and Computing (IMC)
at the Federal University of Itajuba (UNIFEI) for the Computer Science (CCO) and Information
Systems (SIN) courses. The IMC has around 18 computing professors and 450 active students
across both courses. The subjects are organized into periods based on the pedagogical projects of
the courses. CCO offers 41 subjects distributed over eight periods, and SIN offers 44 subjects dis-
tributed over eight periods. Both courses provide odd-numbered period subjects in the 1! semester
and even-numbered period subjects in the 2" semester.

A matrix organizes the time slots and shifts in which each subject is offered, depending
on the availability of professors. Each course has a matrix for each period provided in the semester.
The CCO course operates on an integral schedule, with classes allocated to the morning, afternoon,
or evening shifts. The morning and afternoon shifts receive priority. The SIN course occurs on
the night shift only. Each shift has 5 slots of time totaling 15 slots of time per day. In day shifts,
each slot corresponds to a class lasting 55 minutes, and the night shift corresponds to one class
lasting 50 minutes. The subject classes are scheduled from Monday to Saturday, prioritizing until
Friday whenever possible. Courses with 2 credits require 2 consecutive slots per week; those with 4
credits require 4 slots/week (2 successive slots in two days or 4 consecutive slots in 1 day).

The following non-linear mathematical model formalizes the problem for the study sce-
nario. The general idea is to minimize the weighted sum of violations of the problem’s constraints
via a set of weights that measure the intensity of each breach according to the user’s needs. This
approach has been chosen due to the difficulty of finding viable solutions when all constraints are
imposed. When transferring these constraints to the objective function, the problem is relaxed, and
every solution is feasible from the model’s point of view, facilitating the construction of methods
for its resolution. Additionally, practical solutions that, although unfeasible, are still good enough
for university planners to appreciate may be obtained.

Let T be the set of classes or subjects, P be the set of professors, and H = {1,...,n} be
the set of schedules. Consider 72 C T and T* C T, such that 72NT* = () as the sets of subjects of
two and four credits respectively. Consider the credit vector K; € N such that K; = k for t € T*.
The value of each cost constraint described below equals the product of the constraint’s weight by

the total number of times that’s violated in the solution. The value of C’Iﬁ: ef Times € N indicates

the cost of violating the time preferences h € H of each professorp € P. CI]:,Z“ ohibTimes ¢ N
is the cost resulting from assigning times h € H considered prohibited or not suitable for a given
professor p € P. The value CAveidClashes corresponds to the cost of violating the constraint in
which a professor p is simultaneously assigned to different classes ¢ in the same time slot. The value
C}];mdﬂme € N corresponds to the cost of violating fixed time schedules and aims to ensure that a
course subject does not occur in the wrong shift. Therefore, this weight is zero for the times h € H
allowed for class ¢t € T'. In other cases, the weight is adjusted to a positive value. The value of
CAvoidSplit < N indicates the cost of allocations that do not have at least two consecutive slots
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of schedules. The binary decision variable x,;, indicates whether professor p € P is assigned to
classt € T attime h € H. The binary decision variable y,;, indicates whether the classt € T'
is assigned to the time slot h € H.

The Objective Function (1) seeks the minimum value solution considering the weighting
of the violation of constraints given their costs. The first term considers each professor’s preferred
schedules, being zero cost if all of their preferences have been met. The smaller C7/T%mes is_the
more suitable that timetable is. The second term penalizes assignments for times when professors
are not available. Note that the first and second terms can be carefully combined by adjusting their
weights. The third term penalizes collisions, which occur when the same professor is assigned
to different classes in the same slot time. The fourth term of the objective function punishes as-
signments that violate previously fixed timetables, with the cost being a positive value when the
time h should not be assigned to time ¢. Finally, the fifth and sixth terms penalize solutions that
assign two or four credit courses at non-consecutive times. For two-credit courses, check pairs of
non-contiguous slots. The verification is similar in cases with four credits but divided into two
blocks or two pairs of slots. Note that although both terms are non-linear, they can be linearized by
introducing auxiliary variables, but for brevity, this is not covered in this text.

Minimize Z Z Z Cgefﬂmes “Tpth T

peEP t€T heH

§ :E :E : ProhibT'
Cp}z‘o b Times Tpth +

peEP teT he H

Z Z Z CAvodelashes . (xphh . xptzh) +

t1,to€T: peP he H

t1#£t2
Z Z C]i;medeme Y+ (1)
heH teT
AwvoidSplit
SN A (g )+
teT?2 h,h/cH:
h<h'+1

AvoidSplit
Z Z ¢ PO (Yot Yenz + Yens - Yens)
tET4 hl ..... 4€H'

h1<‘..<h4',
hl<h2+41,
h3<hi4+1
Subject to:
ZychKka VtETk7k€{274}7 (2)
heH
> apn =yne, VteT,heH (3)
peEP

As many practical constraints were relaxed due to your inclusion in the objective function,
only two specific constraints are considered. The Constraint (2) ensures the number of time slots
allocated to a subject conforms to its number of credits (two or four). Constraint (3) guarantees that
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if a class is assigned to a specific time, a professor will also be assigned to that time. It is impor-
tant to note that this model allows planners great flexibility in adjusting their preferred constraints.
However, care and ingenuity are necessary when determining weights so that preferences can re-
flect the desired reality. From a resolution point of view, it is possible to develop new methods to
minimize the violation of practical constraints modeled in the objective function, enabling the use
of a broader range of techniques.

4. Implemented Methods

The methods implemented were the traditional Genetic Algorithm (GA) and the RKGA
and BRKGA variants, with the crossing strategies 2-point and Multi-point. A key-value structure
and matrices represent the individual. The key uniquely identifies the individual, and the value
corresponds to the timetable matrices of the semester periods under analysis, in addition to the
corresponding fitness function. As an example, an individual with key (id) equal to O is made up of
four matrices, one for each period of the course (e.g., in the 1% semester of the year, the 15t 3rd 5th
and 7" periods). Another key-value structure stores the individuals of a population (generation),
being a mutable, indexed, and unordered collection of elements.

The initial population (Fy) corresponds to generation 0, being constructed entirely ran-
domly until reaching a parameterizable criterion (e.g., maximum number of individuals). The next
generations are created through crossing, mutation, and selection of individuals. A key-value struc-
ture stores the generated populations, with the key identifying a specific generation and the value
corresponding to the population. It is possible to locate the individual and obtain their characteris-
tics from the chain of individual, population, and generation structures. This format contributes to
executing population evolution operations throughout the algorithm iterations.

For GA, two approaches were used. The first follows the original strategy, randomly
selecting the parents considering the entire population, followed by their crossing. The second
procedure is analogous to BRKGA, where one parent is necessarily chosen from the elite set, and
the other is randomly selected from the entire population. The individuals in the new generation
are ordered according to the fitness function, with the best ranked % being considered elite and
copied to the next generation. The solution obtained at the end of the algorithm execution is the one
that violates the least hard and soft restrictions. RKGA and BRKGA also use this strategy in their
implementations, but the decoder and random keys are used only in the variants. Considering matrix
modeling, for coding to occur, each matrix is first converted into a one-dimensional vector. After
conversion, the vectors are encoded, and the random keys are sorted in ascending order. A copy of
the subject vectors and respective codes is made to enable subsequent decoding of the solution.

The crossover and mutation methods were adjusted considering the use of matrices to
represent timetables. Crossover starts with converting the selected matrix from each parent into a
vector. Then, randomly are choosed cutting points in the vector of the parents. A daughter vector
is created from these points by combining the genes of the first parent, which are at the extremes of
the cutoff points, and those of the second parent, which are between the cutoff points. Furthermore,
a conditional check is carried out to ensure that subjects are classified, respecting their maximum
credit specifications. Although there are multiple occurrences of the same subject in the timetable
matrix, there is a credit limit that must not be exceeded. This restriction is taken during the crossover
process to avoid excessive workload allocation and the creation of feasible solutions.

About the 2-point crossover and Multi-point crossover methods, their main distinction is
in the way the parent matrices are selected. In 2-point, the matrices are chosen randomly, while
in Multi-point, all matrices are subjected to the crossover process, allowing a broader exploration
of possible genetic combinations. The Algorithm 1 corresponds to 2-point crossover, which has as
input the matrices corresponding to the parent! and parent2 chosen randomly. In line 1, a vector is
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allocated for the child individual, whose dimension is the same as that of the parents. The matrix
of each parent is converted into a vector (lines 2 and 3), and the crossover cutoff points are defined
randomly (lines 4 and 5). The purpose of the ties is to attribute to the child the characteristics of the
first parent (parentl), given by the genes between position 0 and the position of point_one (lines
6-7), as well as those from the position of point_two to the final position of the vector (lines 8-9).
Similarly, the same procedure mentioned above is carried out for the second parent through the loop
of lines 10-12, which attributes to the child its characteristics, given by the genes included between
the positions point_one and point_two. To prevent duplicates when adding parent characteristics to
the child and ensure feasible solutions, line 11 only adds the feature if it is not already present.

Algorithm 1: 2-point crossover

Data: parentl, parent2
child < [];
parentl_array < toArray(parentl);
parent2_array <— toArray(parent2);
point_one < random(0, length(parentl_array)/2);
point_two < random(length(parentl _array)/2, length(parentl_array));
for i in range(0, point_one) do
| child[i] = parent]_arrayli];
for j in range(point_two, 1enght(parentl_array)) do
| child[j] = parent]_arraylj];
for k in range(point_one +1, point_two —1) do
if parent2_array[k] ¢ child then
‘ child[ k] = parent2_array[k];
return child;

e L 9 N R W N =

- U
= o ==

In the Multi-point crossover, all matrices from the first parent will undergo crossover with
the matrices from the second parent. This way, more significant variability is guaranteed, being
useful mainly for large datasets. In an individual with several matrices, if the crossover is carried
out in just one of the matrices, the evolution of the Population will take longer, requiring more
generations due to the slight difference between individuals and a longer time until convergence.

In mutation, the random permutation strategy is adopted, in which each individual has a
parameterizable mutation rate of y%. When an individual is selected to undergo the mutation, a
random permutation is applied to one of your matrices. In this way, a new individual is generated
without using parents, as occurs in crossover. It is essential to highlight that at least one individual in
the population is subjected to the mutation process, ensuring diversification and exploring different
genetic configurations. The mutation rate determines the probability of a gene being changed during
the mutation process, promoting the introduction of variations into the population and avoiding
stagnation at local optima.

5. Experiments

The language Python version 3.8.5 was used to develop the methods. The machine used
for the experiments contained an Intel(R) Core(TM) i7-9750H processor, 16.0 GB of RAM, 1TB
of HD memory, Windows 10 64-bit operating system. We carried out the experiments in the same
development environment.

Eight methods were evaluated: GA with 2-point crossover and without elitism (G'As,),
GA with 2-point and elitism (G Aapr), GA with Multi-point crossover without elitism (G Ajy,,) and
with elitism (GApE), RKGA with 2-point (RK G As,) and BRKGA with 2-point (BRK G Asy),
RKGA with Multi-point (RK G Ajr,) and BRKGA with Multi-point (BRK G Ayyp) . The param-
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eters defined for the execution of the methods were mutation rate (0.05%), number of individuals
(10, 15, 20, 50, 100, and 200), and number of generations (10, 50, 100, 200, and 400 ).

The metrics used to evaluate the solutions were: (i) Fitness (evaluates how appropriate
the solution is according to the established criteria); (if) a Total number of restrictions violated (the
lower, the better the quality); (iii) Number of violated soft constraints (soft constraints related to
professor’s preferences that can be violated but still affect the quality of the solution); (iv) Number
of hard restrictions violated (mandatory restrictions considered essential that were violated, whose
high value indicates a lower quality solution); (v) Execution time of the method measured in seconds
until presenting the final solution. A solution considered adequate must be found in a reasonable
time (less than an hour) and minimize the number of soft and hard constraints violated to obtain a
feasible and quality matrix of schedules.

5.1. Results

Table 1 contains the results of the experiments in which the column # Indiv. shows the
number of individuals in the population, the columns HR and SR respectively contain the number
of Hard and Soft constraints that were violated, FO the score of the solution found and ¢ the time
necessary until the completion of the method. The results indicate that as the population and the
number of generations increases, there is a progressive improvement in the quality of the solutions
found. This behavior suggests that exploring a broader search space provided by a larger population
and with more opportunities for evolution can contribute to discovering better solutions.

Analysis of the schedules generated by BRK G Ay, revealed a significant conflict reduc-
tion. There is a better use of resources, with a more balanced distribution of subjects in the timetable
slots and reduced overlaps between professors and classes. A gradual refinement of solutions over
the generations was also evident, indicating the evolution of the population in reducing remaining
conflicts and optimizing allocations. In BRK G Ay, gradual improvements in the solutions can
be seen, with fewer constraints being violated over the generations. For example, the case with 20
individuals and 200 generations that obtained a solution without any hard constraint violated, and
100 generations, which obtains only 1 HR and 4 SR.

In some cases (e.g., GAz, and RK G Az, with 200 individuals), no significant improve-
ments were observed, even with the increase in populations and generations. Another finding re-
vealed that using elite individuals in GA did not provide substantial benefits. The solutions obtained
had similar costs in many cases, but the time needed to find them varied. We can observe this pattern
in both crossing strategies adopted. An example would be G' Az, and G Ay, with 100 generations,
whose solutions presented the same objective function value and violated the same number of con-
straints, but the execution time increased. In contrast, BRKGA demonstrated superior performance
compared to GA and RKGA, finding solutions without violating hard, achieving satisfactory re-
sults in minutes. The elite parent selection strategy did not present significant benefits for G4y,
and G Ajrp, while BRKGA obtained better results than RKGA in the two crossover methods an-
alyzed. We noted that although RKGA was unable to find feasible solutions, RK G Ay, with 50
generations and 100 individuals obtained solutions with few soft and hard constraints violated.
This situation highlights the relevance of not immediately discarding unfeasible solutions, as they
can still contribute to improvements.

The Multi-point strategy proved more efficient and robust than the 2-point crossover. Per-
forming crossover on all matrices one at a time resulted in superior solutions compared to the
purely 2-point-based strategy. This behavior indicates that considering a more significant number
of crossover points when combining chromosomes can lead to more promising and diverse solu-
tions. Another advantage of Multi-point is its ability to generate more significant variability due to
increased crossing points between parents.
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Table 1: Experiment results of the implemented methods.

GENERATIONS
10 50 100 200 400
METHOD | #Indiv. | HR SR FO t HR SR FO t HR SR FO t HR SR FO0 t HR SR FO t
10 5 20 5020 1,57 | 6 24 6024 157 4 22 4022 1,36 4 24 4024 2,73 3 18 3018 547
GA 15 8 38 8038 230 | 7 227022 1,08 7 20 7020 2,13 4 12 4012 433 4 22 4022 8,58
2 point 20 6 26 6026 308 ]| 5 15 5015 1,34 5 15 5015 2,68 4 12 4012 523 222 2022 10,46
1o elite 50 6 27 6027 7,14 | 6 24 6024 3,36 6 24 6024 681 4 124012 12,23 4 124012 258,00
100 7 19 7019 141 6 22 6022 648 6 22 6022 12,85 3 18 3018 25991 4 12 4012 512,20
200 7 23 7023 283 | 3 22 3022 823 3 22 3022 262,50 | 3 18 3018 509,57 | 3 22 3022 1.018,34
10 5 20 5020 1,52 6 24 6024 3,67 4 22 4022 1,39 5 15 5015 2,76 3 18 3018 542
GA 15 8 38 8038 236 7 22 7022 1,22 7 20 7020 2,17 6 24 6024 423 4 22 4022 8,54
2 point 20 6 26 6026 292 5 15 5015 1,56 5 15 5015 2,65 6 22 6022 530 2 22 2022 10,51
with elite 50 6 27 6027 7,2 6 24 6024 3,76 6 24 6024 649 3 22 3022 130,34 | 4 12 4012 258,08
100 7 19 7019 1,51 6 22 6022 744 6 22 6022 1297 4 24 4024 261,01 | 4 12 4012 514,86
200 7 23 7023 281 3 22 3022 147,39 3 22 3022 26422 4 124012 514,09 | 3 22 3022 1.032,53
10 3 7 3007 1,63 | 2 12 2012 1,14 3 7 3007 1,41 3 7 3007 2,83 3 8 3008 5,54
15 3 7 3007 259 | 3 7 3007 1,15 3 7 3007 231 3 7 3007 4,62 2 10 2010 8,90
RKGA 20 3 10 2010 326 | 2 10 2010 1,43 2 10 2010 2,79 2 10 2010 5,53 3 6 2006 11,03
2 point 50 3 12 2012 810 | 3 122012 3,54 3 122012 6,97 2 12 2012 823 2 11 2011 275,02
100 2 122012 1,60 | 2 122012 7,02 2 122012 523 2 122012 27889 | 2 6 2006 549,22
200 2 3 2003 3,21 2 3 2003 823 2 3 2003 27853 | 2 32003 562,31 2 4 2004 1.106,62
10 3 8 3008 1,59 2 11 2011 1,42 3 8 3008 1,41 3 8 3008 2776 3 18 3018 5,90
15 2 10 2010 2,60 2 10 2010 1,16 2 10 2010 225 2 10 2010 4,51 4 22 4022 8,92
BRKGA 20 3 6 2006 3,19 3 6 2006 1,60 2 6 2006 2,80 2 6 2006 5,59 2 22 2022 11,32
2 point 50 2 11 2011 796 2 11 2011 3,63 2 11 2011 6,94 2 11 2011 13747 | 4 124012 280,50
100 2) 6 2006 1,63 2 6 2006 7,07 2 6 2006 223 2 6 2006 27429 | 4 12 4012 570,38
200 2 4 2004 320 2 4 2004 523 2 4 2004 284,15 2 4 2004 54620 | 3 22 3022 1.103,40
10 7 21 7021 148 | 7 14 7014 229 5 11 5011 1,36 4 15 4015 2,66 3 25 3025 5,28
GA 15 8 16 8016 229 | 6 33 6033 1,08 4 27 4027 2,07 4 17 4017 4,19 2 30 2030 8,27
Multi-point 20 8 19 8019 281 | 7 33 7033 1,30 5 19 5019 2,60 4 30 4030 5,14 4 17 4017 10,19
no elite 50 7 28 7028 698 | 7 14 7014 323 7 14 7014 6,30 5 15 5015 12,54 4 23 4023 25848
100 5 18 5018 1,38 | 3 25 3025 6,37 3 25 3025 1248 3 25 3025 248,69 | 4 18 4018 507,96
200 10 19 10019 275 | 5 19 5019 12,82 5 19 5019 260,60 | 4 21 4021 51244 | 3 25 3025 988,80
10 4 13 4013 144 5 19 5019 226 3 11 3011 1,34 3 11 3011 2,68 3 11 3011 5,24
GA 15 8 21 8021 226 S 19 5019 1,05 5 19 5019 2,06 4 28 4028 4,10 4 28 4028 8,19
Multi-point 20 7 28 7028 283 5 26 5026 1,31 2 20 2020 2,64 2 20 2020 5,23 2 20 2020 10,43
with elite 50 7 30 7030 7,04 5 19 5019 322 3 24 3024 6,32 3 21 3021 13222 | 3 21 3021 249,69
100 9 35 9035 138 5 19 5019 648 4 31 4031 12,50 4 22 4022 24983 | 2 27 2027 497,94
200 7 23 7023 275 6 24 6024 12,79 5 12 5012 25341 4 28 4028 54895 | 3 26 3026 1.014,83
10 2 9 2059 135 1 24 1024 2,64 1 24 1024 1,17 1 24 1024 2,30 1 24 1024 4,57
15 2 53 2053 2,14 | 2 22 2022 8,19 2 44 2044 1,86 2 40 2040 372 2 22 2022 7,39
RKGA 20 2 90 2090 2,74 2 22 2022 1,18 222 2022 230 2 22 2022 4,56 2 22 2022 9,18
Multi-point 50 2 24 2024 6,65| 2 22 2022 293 2 22 2022 576 1 11 1011 11,59 1 111011 231,99
100 2 59 2024 1,38 1 24 1024 593 1 221022 11,44 1 11 1011 230,17 1 11 1011 460,89
200 2 1 2001 2,62 1 11 1011 11,68 1 1 1011 229,54 1 11011 45730 | 1 111011 908,09
10 1 4 1004 133 1 69 1069 2,19 1 4 1004 1,15 1 44 1044 229 0 40 40 4,57
15 2 44 2044 2,16 2 44 2044 2,19 2 44 2044 1,87 2 43 2043 3,70 0 40 40 {285
BRKGA 20 1 50 1050 2,68 1 50 1050 1,18 1 50 1050 2,29 0 40 40 4,55 0 38 38 9,02
Multi-point 50 1 69 1069 6,69 1 69 1069 3,07 1 69 1069 5,70 0 40 40 666,51 0 38 38 225,60
100 1 66 1066 1,31 1 66 1066 5,90 1 66 1066 1145 0 40 40 22974 | 0 38 38 470,88
200 1 64 1064 2,63 1 64 1064 11,58 1 64 1064 239,11 1 64 1064 453,04 | 0 38 38 931,80

Table 2 contains an example of the solution for the course schedules for classes in odd-
numbered semesters (1, 374, 5t" and 7*" Periods) of Computer Science and Information Systems
courses, according to the solution obtained by BRK G Ay, with populations of 20 individuals and
400 generations. A total of 38 Preferred_Times constraints were violated. An example of breaking
this constraint would be on a Tuesday, in which Professor P13 would not like to be allocated but
ended up being. Although it is not a breach of constraint, it can negatively affect the timetable
quality generated in cases of subjects allocated in a sequence of four slots. An example occurs in
the 3" period, in which the subject SRSCO3, taught by Professor P11 on Thursday, was allocated
four consecutive times. We observe this situation in other cases, such as the CIC271 subject with
Professor P07 in the 7" period.

Some cases do not correspond to constraint violations but would imply improvements
from a business perspective. For example, the subject XMACO1, taught by Professor P05, was
assigned to the first two periods of the morning, but ideally, it would have been allocated to the
second and third periods of this shift. The subject COM230 of the 5 period was allocated in the
third and fourth-time slots on Monday, but as between these slots there is a rest interval, the ideal
would be for the subject to be allocated in the second and third-time slots (2M23) or the fourth and
fifth (2M45).
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Table 2: Class schedules matrices for the first semester of Computer Science and Information Systems
courses (1%, 374, 5" ¢ 7" Periods).

1°! Period 374 Period
Turn Monday Tuesday ‘Wednesd: Thursday Friday Monday Tuesday Wednesday Thursday Friday
M1 - XDESOI - P12 - - XMACOT1 - P05 - - - - MAT002
M2 MATO050 XDESOI - P12 - - XMACOT1 - P05 CMACO03 - P16 | XDES04-P01 | CTCOO02 - P18 | XDES02 - P09 MAT002
M3 MATO050 CRSC03 - P13 - - - CMACO03 - P16 | XDES04-P01 | CTCOO02 - P18 | XDES02 - P09 MAT002
M4 MATO050 CRSCO03 - P13 | CAHCO04 - P16 | XMACOI - P05 - XMACO02 - P09 | XMAC02 - P09 | CRSCO2 - P13 - CRSC02 - P13
M5 MATO050 - CAHCO04 - P16 | XMACO1 - P05 - XMACO02 - P09 | XMACO02 - P09 | CRSCO2 - P13 - CRSC02 - P13
T1 MATO11 = MATO00A = = = = XDES04 - P01 MATO013
T2 MATO11 - - MATO00A - - - - XDES04 - PO1 MATO013
T3 MATO11 CRSCO03 - P13 | XDESOI - P12 - MATO00A - CTCO02 - P18 - XDES02 - P09 | CMACO3 - P16
T4 MATO11 CRSCO03 - P13 | XDESOI - P12 - MATO00A - CTCO02 - P18 - XDES02 - P09 | CMACO3 - P16
T5 - - - - - - - - - -
N1 | SAHCO5 - P10 | SAHCO5 - P10 1EPG22 XDESO1 - P15 | SAHCO04 - P06 STCO02 - P14 | XDES03 - PI5 | STCOO02 - P14 | SRSC03 - P11 | XDESO03 - P15
N2 SAHCO5 - P10 | SAHCOS - P10 1IEPG22 XDESOI - P15 | SAHCO04 - P06 STCOO02 - P14 | XDES03 - P15 | STCO02-PI4 | SRSCO3-P1l | XDESO3-PI5
N3 MATO00A MATO00A XDESO1 - P15 - 1IEPGO1 SDESO05 - PO8 - SDESO05 - PO8 | SRSCO3 - P11 ECNO001
N4 MATO00A MATO00A XDESO1 - P15 - 1IEPGO1 SDESO05 - PO8 - SDESO05 - PO8 | SRSCO3 - P11 ECNO001
N5 - - - - 1EPGO1 - - - - ECNOOT
5" Period 7" Period
Turn Monday Tuesday ‘Wednesday Thursday Friday Monday Tuesday Wednesday Thursday Friday
M1 - - - - - - - - - COM222 - P15
M2 - - CIC132 - POS - COM211 - PO8 COM212 - P01 - - - COM222 - P15
M3 | COM230 - P12 - CIC132 - POS - COM211 - PO8 COM212 - PO1 - - COM242 - P16 | COM222 - P15
M4 | COM230-P12 | COM211 - PO8 | COM230 - P12 - - COM213-P06 | COM212-P01 | COM242-P16 | COM222 - P15
M5 - COM211-P08 | COM230 - P12 - - - COM213 - P06 | COM212 - PO1 - COM222 - P15
Tl COM221 -P10 COM211 - PO8 = CIC132 - P05 = CIC271 - P07 = COM213 - PO6 =
T2 COM221 -P10 COM211 - PO8 = CIC132 - P05 = CIC271 - P07 = COM213 - PO6 =
T3 CICI11-P14 COM311-P02 | COM240 - P04 | COM240 - P04 = CIC271 - P07 COM212 - P01 = COM242 - P16
T4 CICI11-P14 COM311-P02 | COM240 - P04 | COM240 - P04 = CIC271 - P07 COM212 - P01 = COM242 - P16
TS CICI11-P14 COM3II - P02 = = = = = = = =
N1 - SIN311-P05 | COM231 -PI18 | COM240 - P04 SIN260 - P07 SIN210 - PO8 SIN210 - P08 | COM213-P06 | SIN413-P08 SIN413 - P08
N2 - SIN311-P05 | COM231 - P18 | COM240 - P04 | SIN260 - P07 SIN210 - P08 SIN210- P08 | COM213 - P06 | SIN413 - P08 SIN413 - P08
N3 SIN132 - P05 SIN260 - P07 | COM240 - P04 | SIN311 - P05 SIN132 - P05 SIN412 - P10 SIN412-P10 | COM213 - P06 | SIN414 - P04 SIN313 - P02
N4 SIN132 - P05 SIN260 - P07 | COM240 - P04 | SIN311 - P05 SIN132 - P05 SIN412 - P10 SIN412-P10 | COM213 - P06 | SIN414 - P04 SIN313 - P02
N5 - SIN260 - P07 - - - - SIN412 - P10 - SIN414 - P04 SIN313 - P02

Another item with potential for improvement is the excess free time between classes on
certain days or the allocation of many continuous slots. A more balanced distribution of times
throughout the week would make the schedule less tiring. The solutions respected the course shifts
and allocated subjects to at least two consecutive time slots.

6. Conclusions

STP is a complex problem that involves efficiently allocating subjects at specific times to
avoid conflicts in using restricted resources, meeting pedagogical requirements, and accommodating
professor’s preferences. Among the methods implemented for its solution, BRKGA presented the
best performance, with the experiments showing satisfactory and feasible results at an acceptable
computational cost.

A suggestion for future work would be adopting a restriction that imposes minimum and
maximum limits on free time slots between professor’s classes. Another would be using alterna-
tive crossover strategies other than 2-point and Multi-point to improve the solutions. Also, using
adaptive crossing techniques in which operators are dynamically adjusted during the evolutionary
process can provide better solutions. Combining multiple crossover operators can increase genetic
diversity and the ability to explore the search space in more detail, resulting in more robust and
better-quality solutions.

Another improvement is the development of a front-end interface for the end user’s friendly
use of scheduling software. This interface would facilitate data entry and visualization of results,
providing a more intuitive experience. Implementing this interface would involve software devel-
opment and design techniques, focusing on system architecture and integration with genetic algo-
rithms. Usability studies would be crucial to ensure the interface meets users’ needs, including
collecting feedback and testing the interface for continuous improvement. The interface would
also allow system customization, offering specific configurations, viewing different perspectives of
timetables, and generating personalized reports.
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