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Abstract—This paper investigates the application of meta-
heuristic techniques to solve the School Timetabling Problem
(STP), a classic NP-hard combinatorial optimization challenge.
Specifically, it addresses the scheduling needs of a Brazilian fed-
eral institution (IF Sudeste MG), whose timetable structure does
not fully conform to standard STP formulations, thus requiring
customized constraint modeling and algorithmic adjustments.
The proposed approach integrates a Randomized Constructive
Heuristic with local search-based metaheuristics: Iterated Local
Search (ILS), Variable Neighborhood Search (VNS), and Iterated
Tabu Search (ITS). The problem formulation considers both hard
and soft constraints, which are incorporated into a penalized
cost function. Experiments conducted on real-world instances
from four academic terms show that all proposed metaheuristics
generate feasible solutions. Among them, ITS achieved the best
average performance, while ILS demonstrated superior efficiency
in limited time scenarios. The results confirm the effectiveness of
metaheuristic strategies in generating high-quality solutions for
realistic and institution-specific timetabling problems.

Index Terms—Metaheuristics, Combinatorial Optimization,
ILS, VNS, ITS, Timetabling.

I. INTRODUCTION

The School Timetabling Problem (STP) involves assigning
classes to available time slots and rooms, subject to constraints
that ensure the feasibility of the academic schedule. According
to [1], the problem requires that no classroom be assigned to
more than one class simultaneously, and that no teacher be
scheduled to teach more than one lesson during the same time
period. Manually constructing such timetables is a complex
and often time-consuming task due to the large number of
possible combinations, which may lead to suboptimal solu-
tions.

Automating this process brings substantial benefits in terms
of operational efficiency by enabling the identification of
more appropriate combinations of courses, instructors, and
available physical resources. Such automation helps reduce
idle periods and contributes to more continuous and productive
routines, positively impacting the quality of education and the
satisfaction of both students and faculty [2]. Combinatorial
optimization techniques make it possible to address constraints
such as teacher preferences, room availability, and undesired
scheduling gaps. The elimination or minimization of such gaps
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improves time management and promotes the rational use of
institutional space.

The STP is widely recognized as a classical NP-hard combi-
natorial optimization problem [3], making it impractical to ob-
tain optimal solutions using exact methods within polynomial
time. Consequently, the use of heuristics and metaheuristics
has become common practice, as they can yield high-quality
solutions within acceptable computational time even though
they do not guarantee optimality.

While existing literature, as reviewed in the following sec-
tion, extensively explores various metaheuristic approaches for
different timetabling problem variants, many studies rely on
specific datasets like those from the International Timetabling
Competition (ITC) or address university-specific constraints.
This work distinguishes itself by investigating the application
of the metaheuristics Iterated Local Search (ILS), Variable
Neighborhood Search (VNS), and Iterated Tabu Search (ITS)
to solve the STP, taking into account the unique operational
particularities of a real-world federal educational institution,
which involve a hybrid structure combining features of both
high school and university timetabling problem. Specifically,
our problem formulation includes a set of hard and soft
constraints that partially differ from those commonly found in
standard benchmarks, necessitating a tailored approach to gen-
erate robust and feasible solutions for practical deployment.

The remainder of this paper is structured as follows: Sec-
tion II reviews related work; Section III introduces classical
problem variants and details the adopted modeling; Section IV
discusses the metaheuristic approaches used; experimental
results are presented and analyzed in Section V; finally,
Section VI presents the conclusions and directions for future
work.

II. RELATED WORK

Several studies in the literature address the School
Timetabling Problem (STP) using metaheuristic techniques.
This section highlights relevant research that has contributed
to the advancement of methodologies applied to this context.

In the work of [4], the Simulated Annealing and Iterated
Local Search (ILS) techniques are applied to the High School
Timetabling Problem (HSTP), solving instances from the Inter-
national Timetabling Competition (ITC). The initial solution
is generated using the KHE instance manipulation platform
proposed in [5], which is capable of producing high-quality



starting points. The results showed that ten out of seventeen
generated solutions were feasible, and seven out of twenty-one
instances outperformed the best-known solutions at the time.

In [6], a solution is presented for the scheduling prob-
lem of the Department of Computing at CCA-UFES. The
method employs the GRASP metaheuristic to generate an
initial solution and refines it using Simulated Annealing. The
proposed algorithm produced feasible solutions that outper-
formed manually constructed timetables within an acceptable
computational time.

The work by [7] addresses the problem by dividing it
into two subproblems: classroom allocation and timetable
scheduling, applied to IME/UERJ. The initial solution is
constructed by assigning each event to a feasible time slot and
a compatible classroom, treating both subproblems simultane-
ously. The metaheuristics used to improve this initial solution
include classical Simulated Annealing and Late Acceptance
Hill-Climbing, which compares neighboring solutions with
previously accepted ones stored in a historical list.

In the study by [8], ILS is combined with the maxmatch
perturbation strategy, starting from an initial solution generated
through a greedy procedure that schedules events period by
period. The study uses a dataset of 60 instances developed in
[9], obtaining feasible solutions for 58 of them and demon-
strating that ILS significantly outperforms other algorithms,
particularly for more complex instances.

In [10], Vanden Berghe et al. propose a graph-based hyper-
heuristic framework for solving university course timetabling
problems, emphasizing the integration of GRASP, VNS, and
hybrid approaches. The study highlights the flexibility of the
proposed model, which allows for various heuristic selection
and acceptance strategies within a high-level search structure.
Through experiments conducted on instances from the Interna-
tional Timetabling Competition (ITC), the authors demonstrate
that hybrid combinations within the hyper-heuristic framework
can produce high-quality solutions, effectively adapting to the
specific features of each instance.

This work proposes a solution for the School Timetabling
Problem tailored to the specific constraints of a real educa-
tional institution, which partially differ from those defined
in the ITC and the previously cited works. The proposed
approach starts from an initial solution generated by a Ran-
domized Constructive Heuristic and refines it using local
search-based techniques, namely ILS, VNS, and ITS.

III. PROBLEM DESCRIPTION

The High School Timetabling Problem (HSTP) is a variant
of the scheduling problem that operates with fixed structures.
In this model, students remain in the same classroom, while
teachers move between different rooms. This structure is typ-
ical of secondary education institutions. Additionally, subject
workloads are standardized across multiple classes of the same
grade level [11].

The University Course Timetabling Problem (UCTP), on
the other hand, presents a more flexible structure with respect
to students, time slots, and classrooms. A single student may

be enrolled in multiple classes, since each course enrollment
generates a distinct class. In this context, both students and
instructors move between rooms, and one of the main ob-
jectives of the UCTP is to minimize this movement between
consecutive classes [12].

The Post-Enrolment Course Timetabling Problem (PE-CTT)
involves the allocation of lectures after the student enrollment
process has been completed. This variant primarily focuses on
minimizing individual student conflicts, reducing the number
of gaps in schedules, and limiting consecutive lectures. Al-
though the PE-CTT is a distinct formulation, its most critical
constraints remain relatively consistent with those of the other
variants [13].

The institution studied in this work does not perfectly fit
into either of the two main formulations but instead adopts
features from both. The structure of class groupings resembles
the HSTP, as the schedule is created by the institution itself.
However, as in the UCTP, lectures can be assigned to different
rooms, requiring student movement between them. Moreover,
IF Sudeste MG offers multiple educational levels—including
integrated technical education (with high school), subsequent
technical education, and higher education—which adds an-
other layer of complexity to the problem. Faculty members
often teach across more than one modality, increasing the
number of constraints to be respected and the scheduling
conflicts to be avoided. Given that the problem formulation
aligns more closely with HSTP. Student-level considerations
are only introduced in exceptional cases, such as when offering
courses outside the standard curriculum. In such cases, a
special class is created with a schedule that avoids conflicts
with regular courses.

A. Constraints

In combinatorial optimization problems [14], constraints
are generally divided into two categories: hard constraints,
which define solution feasibility, and soft constraints, which
influence solution quality. Violating any hard constraint ren-
ders a solution infeasible, regardless of its associated cost.
Soft constraints, on the other hand, may be violated but
incur penalties based on their severity. Although the solution
remains feasible, its overall cost may increase significantly.

The hard constraints are:

HC1 All lectures must be scheduled.

HC2 Two or more subjects assigned to the same class
group must not be scheduled at the same time.

HC3 No teacher should be assigned to teach more than
one class in the same time slot.

HC4 A classroom cannot host more than one lecture
simultaneously.

HC5 Preassigned lectures must not be altered in terms of
time or room.

HC6 Lectures must be scheduled in the same session (e.g.,
morning or evening) as the offering.

HC7 The total number of weekly lectures allocated to
each subject must match its required workload.

The soft constraints are:



SC1 The number of gaps between lectures of the same

subject should be minimized.

SC2 Teachers’ preferred time slots should be respected.

SC3 Teachers’ workloads should be concentrated on their
preferred days.

SC4 Courses requiring specific resources should prefer-
ably be assigned to rooms that fulfill those require-
ments.

B. Penalties

TABLE I
PENALTY VALUES FOR EACH CONSTRAINT TYPE
Constraint  Penalty
HC* 10,000
SC1 5
SC2 25
SC3 20
SC4 20

In this work, a relaxed version of the School Timetabling
Problem is adopted, in which hard constraints are incorporated
into the objective function through the assignment of high
penalty costs, rather than being strictly enforced as constraints.
This approach allows the use of metaheuristics without re-
quiring strict feasibility throughout the search process. A
fixed penalty of 10,000 units is applied for each violation of
a hard constraint, strongly discouraging infeasible solutions.
Soft constraints are also associated with penalty values, ad-
justed according to their frequency and practical importance.
For instance, SC1—being more likely to occur—is assigned
a higher weight relative to the others. Table I summarizes
the penalty values assigned to each type of soft constraint
violation.

C. Problem Formulation

The objective of the model is to minimize the weighted
sum of violations of hard and soft constraints. The objective
function is defined as follows:
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Where:

e s: set of classrooms;

e H: set of time slots;

e D: set of subjects;

o I: set of all lectures across all subjects;

e P: set of teachers;

e HC(C': set of hard constraints;

o HC}(s): number of violations of the k-th hard constraint
in solution s;

o w;(Dj, H, I,): returns 1 if subject D; has a gap at time
Hj, between its first and last scheduled lectures;

o wq(Dj, Hy, In,): returns 1 if a lecture of D; is allocated
to a room without the required resources;

o wy(P, Hy, I,): returns 1 if a lecture for teacher P, is
scheduled at an unavailable time slot;

o wy(P, Hy, I): returns 1 if a lecture for teacher P is
scheduled outside their preferred teaching days;

« «: fixed penalty weight for each hard constraint violation;

e (1, B2, B3, B4: penalty weights for violations of soft con-
straints SC1, SC2, SC3, and SC4, respectively.

D. Neighborhood Structure

The algorithm employs several auxiliary data structures, the
most important of which is a 2D matrix representing the Room
x Time Slot relationship. Each timeslot in room j at time
k can store an event e;, where each event corresponds to a
weekly lecture of a subject. This structure ensures that hard
constraint HC4 is never violated, since it is not possible to
allocate more than one event in the same timeslot and room
within the timetable matrix.

The exploration of the search space is performed through
neighborhood moves that alter the current allocation by ran-
domly selecting events (lectures) and resources (rooms and
time slots). The two neighborhood moves used are described
below:

e Move. An event a; is removed from a timeslot ¢; and

allocated to an empty timeslot ¢, selected at random.
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Fig. 1. Example of a Move neighborhood operation
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o Swap. Two events, a; and as, are randomly selected and
exchanged between their respective timeslots.
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Fig. 2. Example of a Swap neighborhood operation

The choice of which move to apply is made randomly, but
according to predefined probabilities: in the current configura-
tion, 60% of the iterations apply the Move operation, while



40% apply the Swap. However, this ratio can be adjusted
depending on the characteristics of the instance. In scenarios
with a high number of occupied timeslots and limited avail-
ability of empty slots, the Swap operation tends to yield better
results. Conversely, when many timeslots are available, the
Move operation is generally more effective.

IV. HEURISTIC METHODS

Local search-based heuristic methods aim to improve a
current solution by exploring its neighborhood and moving to
a new solution if it is better. However, metaheuristics require
an initial feasible solution to operate effectively. Therefore, an
initial solution generator adapted to the characteristics of the
problem was developed.

A. Randomized Constructive Heuristic with Repair

Based on the approach proposed by [15], the Randomized
Constructive Heuristic (RCH), as presented in Algorithm 1,
iterates over a set of unscheduled events, assigning each event
to a randomly selected room j and time slot k, while verifying
the feasibility of the solution after each allocation. Frequently,
the algorithm encounters events for which no conflict-free
timeslot is available. In such cases, a repair mechanism is
triggered. A conflicting resource—such as a teacher, room,
or time—is selected and reallocated. If the conflict persists,
a conflicting event is randomly selected and returned to the
list of unallocated lectures, allowing the current event to be
inserted into the desired timeslot.

Algorithm 1: Randomized Constructive Heuristic

1 Input: Instance

2 Output: Feasible solution s

3 LC + ListOfUnscheduledLectures();
4 while |LC| > 0 do

5 Select a random lecture a;;

6 Select a random time slot k& and room j;
7 if s is feasible then

8 Allocate a; in the original matrix;

9 L Remove a; from LC;

10 else

1 L RepairSolution();

12 return s;

B. Iterated Local Search

Iterated Local Search (ILS), as presented in Algorithm 2, is
a variant of basic local search that aims to escape local optima
by perturbing the current solution. The algorithm receives a
solution s already improved through local search. After a
fixed number of iterations without improvement, it applies
a perturbation operation that generates a new solution ¢/,
followed by a new local search phase resulting in solution
s”. After each perturbation and local improvement, s” is
compared to s, and if better, s is updated to s”. Although

the perturbation may temporarily increase the cost, it enables
the algorithm to explore new regions of the search space [16].

Algorithm 2: [terated Local Search

Input: sg, Timenmar
Output: best s
s < LocalSearch(so);
while Time < Time,,q, do
s' < Perturb(s);
s"" < LocalSearch(s');
if f(s”) < f(s) then
ITter < 0;
L s+ s";
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return s;

C. Variable Neighborhood Search

Variable Neighborhood Search (VNS), as presented in
Algorithm 3, as defined in [17], operates over a series of
neighborhood structures (Ny, No, ..., N) and consists of two
main phases: a shaking phase, which introduces a controlled
perturbation to generate a random neighbor by applying the
k-th neighborhood operation, and a local search phase, which
applies the same procedure described in the previous section.

Algorithm 3: Variable Neighborhood Search

1 Input: s, Timenmar

2 Output: best s

3 s < LocalSearch(sp);

4 while Time < Time,,q, do
5 s' + Shake(s);

6 s" « LocalSearch(s');
7 if f(s”) < f(s) then

8 L Iter + 0;

9

s+ s";

10 return s;

D. Iterated Tabu Search

Originally proposed in [18], Tabu Search (Algorithm 4) is
a memory-based local search metaheuristic that maintains a
tabu list to store previously visited moves, thereby preventing
cycles and promoting diversification. The algorithm starts with
an empty tabu list of fixed size. Each newly performed move
is added to the list, and the oldest entries are discarded as
needed to make room for new ones.

To approach the global optimum, [19] enhanced the classic
Tabu Search by proposing the Iterated Tabu Search (ITS)
(Algorithm 5). This method combines the perturbation phase
of ILS with the memory-based mechanism of Tabu Search.
After each perturbation and TS phase, the resulting solution
s" is compared with the current one s, and if it is better, s
is updated accordingly—similar to the acceptance criterion in
ILS with local search.



Algorithm 4: Tabu Search

Input: sg, Timenqz
Output: best s
T« 0;
S < So;
Iter + O;
while Iter < Iter,,,, do
N < GenerateNeighborhood(S);
m* < SelectBestMove(N, T);
s’ < ApplyMove(s, m*);
if f(s') < f(s) then
L 5+ s';

2 | T+ Tu{m}
13 | UpdateTabuList(7);
14 Iter < Iter + 1;

15 return s;
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Algorithm 5: [terated Tabu Search

1 Input: s, Timemar

2 Output: best s

3 s < TabuSearch(sy);

4 while Time < Time,,q, do
5 s’ < Perturb(s);

6 s < TabuSearch(s');
7 if f(s”) < f(s) then

8 Iter < O;

9 s+ s,

10 return s;

V. RESULTS

All experiments were conducted on a computer equipped
with a Ryzen 5 5600G processor clocked at 3.9GHz and 16GB
of RAM. The implementations were developed in C++ and
compiled using G++ 11.4.0, running on Ubuntu 22.04 LTS.

For the experiments, data provided by the educational
institution for academic terms from 2023/1 to 2024/2 were
used. These datasets included information about instructors,
student groups, available rooms, time slots, and scheduling
preferences. Table II summarizes the characteristics of the
instances used in the experiments. Distance learning (EAD)
lectures were excluded from the allocation process.

TABLE II
CHARACTERISTICS OF THE INSTITUTIONAL INSTANCES BY ACADEMIC
TERM
Term  Teachers Rooms Class Groups Courses Lectures
2024/2 16 9 9 53 131
2024/1 17 9 10 60 157
202372 15 9 11 61 154
2023/1 16 9 10 81 168

A. Results Analysis

Although feasible, the initial solutions produced by the RCH
algorithm exhibited significantly higher costs compared to
those refined by metaheuristic methods, as shown in Table III.

TABLE III
SOLUTION OBTAINED BY RCH
Term  f(s)

202472 4110
2024/1 4305
2023/2 4120
2023/1 3685

For the ILS metaheuristic, an adaptive perturbation tech-
nique was employed. Initially, 3% of the solution is perturbed.
If no improvement is observed after 50 perturbations, the
perturbation rate increases to 5%. After 100 iterations with-
out improvement, a more aggressive perturbation of 10% is
applied. In the ITS, the same perturbation strategy as ILS is
adopted, but with a fixed perturbation rate of 5% and a tabu list
size of 100 moves. For the VNS, the neighborhoods alternate
systematically between Move and Swap operations throughout
the 300-second runtime. Table IV presents the results obtained
after executing each method under a 300-second time limit.
The table reports the best solution cost f(s*) and the average
solution cost f(§) for each metaheuristic.

TABLE IV
RESULTS OBTAINED BY METAHEURISTCS

ILS VNS ITS
Periodo  f(s*) f(5) f(s) f(3) f(s)  f()
20242 40 725 40 819 40 427
2024/1 255 3703 255 3912 255 3465
20232 245 3918 245 4065 245 2521
2023/1 340 4587 340 4709 340 3511

While RCH provided feasible initial solutions for all in-
stances, their costs were considerably higher. The use of ILS,
VNS, and ITS led to solutions that ranged from 1% to 10%
of the cost obtained by RCH. Although all three metaheuris-
tics achieved comparable best-case results, ITS consistently
yielded the best average performance, outperforming ILS,
which in turn outperformed VNS across all instances.

To further analyze performance, the TTTplots technique
[20] was applied to visualize the probability of each method
reaching a predefined target solution cost within a given time
frame.

A total of 200 independent runs were executed for each
algorithm and each instance, with a maximum execution time
of 900 seconds per run. The target cost was set to 10% above
the best-known solution for most instances, except for the
2024/2 instance, for which a 13% margin was used due to
its notably lower baseline cost, which made target attainment
more challenging.

For the 2023/1 instance, all runs of ITS reached the target.
Eight runs failed to reach the target with ILS, and six with



VNS. For 2023/2, fifteen ILS and eleven VNS runs failed,
while ITS reached the target in all runs. For 2024/1, thirteen
ILS, seven VNS, and two ITS runs failed to reach the target.
Lastly, for 2024/2—which presented the most challenging
scenario—twenty-six ILS and nineteen VNS runs failed, while
all ITS runs succeeded in reaching the target.
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Fig. 3. TTTplot 2023/1 - target = 370
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Fig. 4. TTTplot 2023/2 - target = 270
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Fig. 5. TTTplot 2024/1 - target = 280

B. Discussion of Results

The experimental results presented in this work reveal
consistent evidence regarding the effectiveness and limita-
tions of the proposed metaheuristic approaches for solving
the School Timetabling Problem (STP). From the data in
Tables III and IV, it is evident that the Random Constructive

Accumulated Probability

— s

iS)

[ 200 400 600 800

Time(s)

Fig. 6. TTTplot 2024/2 - target = 45

Heuristic (RCH) serves as an efficient method for producing
feasible initial solutions; however, the high associated costs
highlight its inadequacy as a final solution strategy. Instead,
its role is best suited as a starting point for local search-based
improvement processes.

Among the metaheuristics analyzed, the Iterated Tabu
Search (ITS) achieved the most robust performance. It con-
sistently delivered the best average solution cost across all in-
stances, while also reaching the minimum solution cost (f(s*))
in every case, demonstrating its high effectiveness in both so-
lution quality and reliability. The Iterated Local Search (ILS),
while slightly less effective in more complex instances such as
2024/2, still outperformed the Variable Neighborhood Search
(VNS) in average performance and showed good convergence
properties under limited time budgets (300 seconds). On the
other hand, although VNS did not reach the same quality of
results under time constraints, the TTTplot analysis indicates
a more gradual and stable convergence behavior when the
execution time is extended. This suggests that VNS can be
particularly beneficial in scenarios with higher computational
tolerance, where broader search diversification is desired.

The use of adaptive perturbation techniques in ILS and ITS
was shown to be crucial in escaping local optima, a recurring
challenge in combinatorial optimization problems such as the
STP. The ITS strategy, in particular, leverages memory-based
mechanisms through the tabu list, which prevents cycling
and promotes search diversification, enabling the algorithm
to explore new regions of the solution space efficiently. The
combination of adaptive perturbation and memory-based inten-
sification allows ITS to strike a balance between diversification
and intensification, resulting in more reliable performance.

The application of TTTplots proved essential for assessing
the temporal robustness of each method. The ITS demonstrated
superior resilience, reaching the target solution in 100% of the
runs across all instances. In contrast, ILS and VNS showed
a greater number of failures, particularly under strict targets
such as the one defined for instance 2024/2. These findings
reinforce the importance of employing time-to-target analysis
in future studies, as traditional evaluation metrics may fail to
capture performance stability over time.

Overall, the results validate the effectiveness of ILS, VNS,



and ITS in generating high-quality solutions while strictly
satisfying hard constraints. The empirical evidence supports
the claim that ITS is the most promising standalone approach
for practical applications of school timetabling. Furthermore,
the complementary characteristics observed among the meta-
heuristics suggest promising directions for hybrid algorithms
that integrate the strengths of each method. Future work should
also consider extending these approaches to other variants of
the timetabling problem and exploring multi-objective opti-
mization scenarios where criteria such as fairness, equity, and
energy efficiency may play relevant roles.

VI. CONCLUSION

The experiments conducted demonstrate the feasibility and
efficiency of the proposed metaheuristic strategies for solving
real-world instances of the School Timetabling Problem (STP).
Among the evaluated methods, the Iterated Tabu Search (ITS)
stood out by achieving the best average performance and the
most consistent results across all tested instances.

Although Iterated Local Search (ILS) and Variable Neigh-
borhood Search (VNS) also delivered feasible and competitive
solutions, their performance was more sensitive to instance
complexity and runtime limits. VNS exhibited more gradual
convergence, suggesting its suitability in scenarios with ex-
tended execution time.

While the results confirm the effectiveness of the proposed
methods for the tested institutional instances, it is essential
to investigate their scalability. Larger and more complex
instances may expose limitations in search strategies or pa-
rameter tuning, potentially impacting solution quality and
runtime. Therefore, future studies should include experiments
on larger benchmark datasets, particularly those provided by
the International Timetabling Competition (ITC), to further
assess robustness and generalizability.

The empirical evidence supports the use of ITS as a robust
standalone method. Additionally, the observed complementary
behaviors of the algorithms point to promising directions
for hybridization. Future research should also explore hybrid
metaheuristics, multi-objective formulations, and the develop-
ment of practical tools to facilitate adoption in educational in-
stitutions. Furthermore, studying the integration of mathemat-
ical heuristics, such as matheuristic approaches that combine
exact optimization techniques with metaheuristic frameworks,
represents an additional promising line of investigation to
enhance solution quality and scalability.
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