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Resumo—The Traveling Salesman Problem (TSP) is
one of the most well-known challenges in combinatorial
optimization, extensively studied due to its theoretical
and practical relevance. This work addresses a real-world
instance of the TSP, applied to the 853 cities of Minas
Gerais, using evolutionary algorithms and heuristics to
find near-optimal solutions. Three main methods were
implemented: Tabu Search, Particle Swarm Optimization
(PSO), and Ant Colony Optimization (ACO), along with
auxiliary algorithms such as Kruskal’s Algorithm and
the Bellmore and Nemhauser Heuristic. The results
demonstrated the efficiency of Tabu Search in finding
a significantly lower-cost solution (26,482.811 km) com-
pared to the other algorithms. This study also proposes
suggestions for improving these approaches, highlighting
the potential of evolutionary techniques in solving large-
scale combinatorial problems.
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more and Nemhauser Heuristic, Evolutionary Computa-
tion, Combinatorial Optimization.

I. INTRODUCTION

The Traveling Salesman Problem (TSP) is a classic
routing challenge that consists of finding the shortest
route to visit all nodes in a graph exactly once,
returning to the starting node at the end of the journey.

This problem has numerous practical applications
in different contexts and scenarios, and it is closely
related to many real-world issues, which motivates its
study. Additionally, the TSP is a challenging problem
whose exact solution is difficult to obtain, being clas-
sified as NP-hard according to Karp (1975) [1].

Throughout this article, a comprehensive analysis of
the problem is presented, considering its large mag-
nitude and the inherent difficulties of implementation.
This includes everything from obtaining the real-world
data used, through data manipulation, to the execution
of the selected algorithms.

The evolutionary algorithms applied to address the
problem were Tabu Search, Particle Swarm Optimiza-
tion (PSO), and Ant Colony Optimization (ACO). Each
of these methods required specific adaptations and
distinct strategies to handle the particularities of the
problem.
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In this work, a practical variant of the TSP was
selected, aiming to determine the minimum distance
required to visit the 853 municipalities of the state of
Minas Gerais, Brazil.

Moreover, auxiliary heuristics and algorithms were
employed to compare the obtained results and assist
in the search for the best solution. Among them,
Kruskal’s Algorithm for obtaining the minimum span-
ning tree and the Bellmore and Nemhauser Heuristic
are noteworthy.

II. METHODOLOGY

This section presents the methodology of the Trav-
eling Salesman Problem (TSP) applied to the 853
cities of Minas Gerais, Brazil. The problem data were
obtained through the Google Maps Platform API, and
the cities were modeled as a fully connected graph,
with distances between each pair of municipalities
stored in a symmetric matrix.

To explore and evaluate diverse optimization strate-
gies, the study employs both classical and bio-inspired
algorithms. Kruskal’s algorithm was used to construct
a Minimum Spanning Tree (MST) for initial analy-
sis of the connectivity structure. The Bellmore and
Nemhauser heuristic served as a baseline greedy ap-
proach. More sophisticated techniques, including Par-
ticle Swarm Optimization (PSO), Ant Colony Opti-
mization (ACO), and Tabu Search, were implemented
to handle the combinatorial complexity of the TSP
and seek high-quality approximate solutions. Each
algorithm was adapted and parameterized to cope with
the large solution space while balancing exploration
and exploitation.

A. Database Used

To obtain the problem data, the API from the Google
Maps Platform, a cloud service provided by Google
[2], was used. This service allows routing between
two or more locations, considering various factors. In
this case, a route for cars was considered, disregarding
traffic conditions and prioritizing paved roads.

The problem was modeled as a fully connected
graph, where the 853 municipalities were represented
as nodes, and simply passing through a city without
explicitly visiting it, was not considered a visit. The
resulting distance matrix was organized as a symmetric



matrix of dimensions (853 x 853). The main diagonal,
representing the distance from a city to itself, was
populated with sufficiently large values to avoid erro-
neous positive influences on the results. This strategy
ensures that the algorithms naturally avoid such edges.
To optimize API usage, only the upper triangular part
of the matrix was initially filled and then mirrored to
the lower part, reducing the number of queries to the
service and, consequently, the associated costs.

Modeling the graph as fully connected brought the
problem closer to reality, where traveling between
cities may involve passing through others without visit-
ing them. This approach also simplified data handling,
as all edges between graph vertices were considered
viable. On the other hand, it significantly expanded the
search space due to the completeness of the distance
matrix. Nevertheless, the simplicity in data handling
provided a solid foundation for the execution of the
algorithms and the analysis of the results.

B. Kruskal’s Algorithm for Minimum Spanning Tree
(MST)

Kruskal’s algorithm, used for constructing the Mini-
mum Spanning Tree (MST), is an example of a greedy
algorithm. A greedy algorithm follows a strategy that
makes local decisions at each step, always choosing
the best possible solution at that moment without con-
sidering future implications. In the case of Kruskal’s
algorithm, it selects the edges of the graph in order,
starting with the one with the lowest cost, and adds
them to the spanning tree as long as they do not form
cycles.

The process continues until the number of selected
edges equals the number of vertices minus one, en-
suring that all vertices are connected. This approach
is efficient because it exploits the problem structure to
minimize the total cost of the tree while maintaining
implementation simplicity. Due to its greedy nature,
Kruskal’s algorithm is widely used in graph and opti-
mization problems.

The MST implementation using Kruskal’s algorithm
was carried out utilizing the minimum_spanning_tree
function from the Python scipy library, with the dis-
tance matrix as its input.

C. Bellmore and Nemhauser Heuristic

The Bellmore and Nemhauser (B&N) Heuristic,
described in [1]], consists of choosing the nearest un-
visited city from the last visited city — that is, always
taking the minimum step — provided the city has not
yet been visited. It can be described as shown in the
pseudocode in Algorithm

D. Particle Swarm Optimization Algorithm

This algorithm, also known as PSO (Particle Swarm
Optimization), seeks to replicate the behavior of certain
animal populations in nature, such as schools of fish
swimming, flocks of birds flying, or swarms of bees.
A key characteristic of this algorithm is the exchange

Algorithm 1 Bellmore and Nemhauser Heuristic
1: n_city < Number of cities
start_city < Random starting city
unvisited]. . .] < All cities except start_city
visited|...] < start_city
while length(visited) < n_city do
city < last(visited)
next_city < Nearest city to city in unvisited
Append next_city to visited
Remove next_city from unvisited
end while
Return: visited
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of information among the particles in the population,
meaning they cooperate with each other rather than
solely compete, as in other algorithms [3].

In PSO, the behavior over the course of execution
is governed by (I):

v = w~vi+cl'§~(pb65tifxi)+02~§~(gbestf:ci) (1)

Where the terms in (1)) are:

e v;: particle’s movement velocity that determines
its new position.

o w: inertia weight, which controls how much the
particle continues in its current direction.

e cy: cognitive weight, which controls the influence
of pbest, the best value found by this particle.

e co: social learning weight, which controls the
influence of gbest, the best value found among
all particles.

e &: a random value between 0 and 1, introducing
stochasticity to the particles’ behavior.

It is also important to define the population size.
A small population has low diversity and a higher
chance of stagnating in a local minimum, while a larger
population mitigates this issue but increases execution
time linearly.

However, this PSO formulation does not directly fit
the TSP and needs to be adapted.

The problem is viewed as selecting a permutation
of the 853 cities of Minas Gerais that results in the
shortest route. That is, a path vector C' of dimension
853, where cities are ordered according to the visitation
sequence. The edge between C/[i] and C[i+1], connect-
ing city ¢ to city ¢ + 1, has its distance retrieved from
the distance matrix D at coordinates D[i][i + 1]. The
total distance is computed by summing these distances,
including the return from C[852] to C[0].

To adapt PSO to this problem, velocity is interpreted
as position swaps within the path C. Three types of
swaps are defined:

o Swap within itself: two random positions in parti-

cle ¢ are chosen, and the cities in those positions
are swapped.



o Swap with pbest;: a random city from the par-
ticle’s best-known path (pbest;) is selected, and
its position is replicated in the current particle by
swapping accordingly.

e Swap with gbest: the same procedure as with
pbest;, but using gbest.

Thus, moving toward pbest; or gbest can be seen as
making the path increasingly resemble those solutions.

The number of swaps performed is proportional to
the directional contribution to the resulting velocity.
These contributions are detailed in (I) and can be
specifically described by (Z) and (3):

Upbest = €1 - Tnd - (pbest; — x;) 2)
Vgbest = C2 - T1d - (gbest — x;) 3)
v =W v+ Upbest; + Vgbest 4

The number of swaps ippest and igpes: is limited by
max_changes, which is passed as a parameter to the
algorithm:

ipbest = abs(int(100 - (1 — (v; — Uppest)/(vi)))) (5)

igbest = abs(int(100 - (1 — (v; — vgpest)/(v3)))) (6)

Thus, when vppesr OF Vgpest are null, no swaps are
performed in those directions.

The swap logic for pbest is shown in the pseudocode
in Algorithm [2| which is similarly applied for gbest.

Algorithm 2 Particle Swaps

1: for i =1,2,...,ippest dO

2: city <— Random city

3: m <— Position of city in pbest

4: k < Position of city in the current particle
5: Swap positions m and k in the particle

6: end for

Additionally, a mechanism was inserted into the
algorithm to avoid stagnation in a local minimum,
which would occur when all particles become very
similar to gbest. When this happens, the velocity v;
decreases and tends to zero since, with 0 < w < 1
and Vypest = Vppest = 0, simplifies to v; = w - v;,
causing v; to eventually approach zero.

Thus, whenever v; < 0.0001, a random swap is per-
formed within the particle itself, forcing a movement.

The complete implementation of the algorithm
can be found in the repository [4], where the
file “pso_tsp.py” starts with random particles, and
“pso_tsp_BeN.py” uses the B&N heuristic to define
the initial particles of the population.

E. Ant Colony Optimization Algorithm (ACO)

The Ant Colony Optimization Algorithm (ACO) was
inspired by the behavior of real ants in search of food.
These ants deposit pheromones along the paths they
travel, creating trails that can be followed by others,
with the intensity of the pheromone guiding the choice
of shorter paths over time [5].

The first formal proposal of ACO was made by
Dorigo [6], and since then, it has been applied to
various combinatorial problems, such as the Traveling
Salesman Problem (TSP), vehicle routing problems,
and network optimization. Its effectiveness lies in
the cooperation between agents and in balancing the
exploration of new solutions with the intensification
around the best solutions found.

In the context of the TSP applied to the state of
Minas Gerais, ACO was adapted to handle the high
dimensionality of the problem (853 cities), leveraging
its ability to converge to near-optimal solutions.

1) Algorithm Modeling: The probability of an ant
k choosing city j from city ¢ is defined by (7):
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where:

. pfj: probability of ant k choosing city j from city
(D

e T;;: amount of pheromone on the edge between
cities ¢ and j;

e 7);;: heuristic representing the “desirability” of
moving from ¢ to j, defined as 1/ d;;j, where d;;
is the distance between the cities;

e «: parameter controlling the influence of the
pheromone;

e [3: parameter controlling the influence of the
heuristic.

The pheromone update is governed by (8):

m
Tij%(l—p)'Tij—FZATi]}, (8)
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where:

Ak L%, if edge (4, 7) belongs to Sk,
’7—. . =
* 0, otherwise.

with:

¢ p: pheromone evaporation rate;

e (Q: constant defining the amount of pheromone

deposited;

o Lj: length of the path found by ant k;

e Si: set of edges that make up path k.

2) Parameters and Justifications: The parameters
chosen for ACO were:

e a = 1.0: Provides a balanced influence of
pheromone, allowing previously successful trails
to be considered without monopolizing the
choices.



e 3 = 2.0: Prioritizes the “desirability” of edges
based on distances, which is essential in routing
problems like the TSP.

e p=0.1: A low evaporation rate to preserve rele-
vant historical information over several iterations.

e« @ = 1000: Controls the amount of pheromone
deposited, calibrated to balance the contribution
of each partial solution.

o Number of ants (m) = 853: Chosen to match the
number of cities, ensuring broad exploration of
the distance matrix.

e Number of iterations = 2000: A high value to
allow convergence, considering the large number
of cities.

These values were defined considering the problem
scale and the need for a balance between exploration
and intensification.

3) Implementation and Results: The ACO was im-
plemented in Python, using the symmetric distance ma-
trix of the 853 cities. The main function computes the
transition probabilities, constructs the paths for all ants,
and updates the pheromones at each iteration. Further
details, including the code logic, can be found in the
repository [4], specifically in the file “ACO.py”. The
results showed the effectiveness of ACO in generating
approximate solutions to the problem, with the best
paths recorded in files for later analysis.

4) Algorithm Pseudocode: The pseudocode for
ACO can be described as follows:

Algorithm 3 Ant Colony Optimization (ACO) Algo-
rithm
1. for iteration = 1,2, ..

., max_iterations do

2: Initialize the paths for all ants.

3: for each ant k£ do

4: Set the initial city <.

5: while there are unvisited cities do

6: Calculate pf’j for all unvisited cities j.

7: Choose the next city j based on pfj.

8: Update ant k’s path.

9: end while

10: Complete the cycle by returning to the
initial city.

11: end for

12: Update pheromones on the edges based on the

traveled paths.
13: Apply pheromone evaporation (1 — p).
14: end for
15: Return the best path found.

F. Tabu Search Algorithm

Tabu Search is a heuristic optimization algorithm
introduced by Fred Glover in 1986 [7]. This algorithm
is widely used to solve combinatorial optimization
problems, such as the Traveling Salesman Problem
(TSP) and other NP-hard problems, based on a memory
structure called the tabu list — a short-term memory
that records the recent moves of the algorithm.

The term “tabu,” originating from Polynesian lan-
guage, refers to something sacred, special, forbidden,
or dangerous, and in philosophy, anthropology, and
sociology, it is associated with prohibitions or restric-
tions.

In the context of Tabu Search, this concept is applied
to avoid unproductive paths, such as getting trapped
in local optima. Just like in social contexts where
prohibitions can be lifted when necessary, in Tabu
Search the “tabus” can be removed under certain cir-
cumstances. The main connection with the traditional
use of the term comes from the idea of evolutionary
memory, where forbidden elements can have their sta-
tus changed over time depending on the circumstances
(8]

The purpose of the tabu list is to prevent the al-
gorithm from reverting to previously visited solutions,
thus avoiding cycles and enabling the exploration of
new areas of the solution space.

In general terms, this metaheuristic explores the so-
lution space through successive moves between neigh-
boring solutions. This approach aims to find optimal
or near-optimal solutions by minimizing an objective
function.

The objective function for the TSP context can be
represented by the following formula:

n—1

> d(si, sip1) + d(sn, 51) ©)

i=1

where:

e f(s): the total distance traveled.

e d(s;,8;11): the distance between city s; and the
next city s;11 in the path.

e s, the last city and s; is the starting city, closing
the cycle.

1) Algorithm and Main Functions: The Tabu Search
implementation combined techniques for generating
optimized initial solutions, neighborhood exploration,
and dynamic tabu list updates to efficiently solve the
problem. The inclusion of strategies such as aspiration
criteria and tabu list size adjustments enhanced the
algorithm’s ability to find solutions close to the global
optimum, promoting a balance between exploration
and intensification of the search space.

Main functions:

o objective_function: Calculates the total distance
of a path.

o generate_initial_solution: Generates an initial
solution using the Nearest Neighbor Algorithm
(B&N heuristic).

o generate_neighborhood_2opt: Generates neigh-
borhoods using the 2-opt optimization technique.

o tabu_search: Implements the core logic of the
Tabu Search, including initializing the tabu list,
exploring neighborhoods, evaluating solutions,
and updating the list.



For generating the initial solution, the function
generate_initial_solution uses the Nearest Neighbor
Algorithm (another name for the B&N heuristic), se-
lecting a random starting city. This strategy provides a
reasonably good initial solution, serving as a starting
point for the optimized search.

The neighborhood is generated using the local opti-
mization technique known as 2-opt, which inverts the
order of a segment of the path, creating new solutions
from small modifications and allowing the exploration
of neighboring solutions that may improve the current
solution effectively.

The main function, tabu_search, fully implements
the Tabu Search logic. Initially, the current solution is
set as the best solution found so far, and the tabu list is
initialized. The main search loop involves generating
neighborhoods, evaluating the generated solutions, and
selecting the best solution, provided it is not in the tabu
list or it satisfies the aspiration criteria, which allow
accepting tabu solutions if they represent a substantial
improvement over the current solution.

When a better solution than the best known so far
is found, it replaces the current best solution, and the
local optima counter is reset. Otherwise, the counter
is incremented, and the tabu list size may be adjusted
to promote diversification. The tabu list is periodically
updated, and the results are recorded in a file.

G. Tools and Implementation

The algorithms were implemented using the Python
programming language. Execution was carried out in
a standard computational environment.

III. RESULTS AND DISCUSSION

A. Kruskal’s Algorithm for Minimum Spanning Tree

The limit provided by the minimum spanning tree
was used for comparison with the results obtained.

By defining a Hamiltonian cycle ® in a graph G =
(N, A), and removing one of the vertices from @, a
path in G is obtained. If Tz, is the minimum spanning
tree of the subgraph resulting from the removal of the
vertex, then it serves as a lower bound for the resulting
path. Relaxing this consideration to the graph G and
obtaining a minimum spanning tree for it also provides
a lower bound [/1]].

However, it should be noted that this tree represents
an illegal tour for the TSP [I]] and serves only as a
comparative value for minimization purposes.

To generate the minimum spanning tree, Kruskal’s
algorithm was applied, resulting in:

21758153 meters or 21758.1 kilometers. (10)

Thus, no solution or distance found can be smaller
than this defined lower limit.

B. Bellmore and Nemhauser Heuristic

This greedy heuristic was of great importance for
evaluating the performance of the evolutionary algo-
rithms implemented. Since we do not have guarantees
of optimality in these algorithms, it was necessary
to establish known bounds to properly assess and
compare the results.

The B&N heuristic was executed starting from all
853 cities of Minas Gerais. Among the results, the one
with the shortest distance was chosen to serve as our
upper bound for evaluating the results, ensuring that
we would aim to achieve a result at least better than
this.

The value found was:

31197415 meters or 31197.4 kilometers. (1

C. Farticle Swarm Optimization Algorithm

The PSO algorithm was initially executed starting
from completely random particles (file “pso_tsp.py”),
using the following parameters:

o num_particles = 50
e max_iterations = 1000000

e w=20.6
061:2
062:2

e maxr_swaps = 20
The evolution of the results can be seen in Figure
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Fig. 1. Graph showing the evolution of the best result for the PSO
algorithm, without using B&N, over 1,000,000 iterations.

It can be seen that, despite 1,000,000 iterations, the
algorithm reached a minimum value of 97102.2 km,
which is still far from the target value of 31197.4 km
established in (TT).

Moreover, the graph shows a sharp decline in the
variation of the best result as it approaches lower
values. This behavior is expected, as the closer one
gets to the minimum, the slower the progress tends to
be.

With a sufficiently large number of iterations, or
with a specific strategy to address stagnation when
variation decreases, better results could have been
achieved.



The second strategy to pursue better results with the
PSO algorithm was to start from particles constructed
based on the B&N heuristic, although the choice of the
starting city remained random (file “pso_tsp_BeN.py”).

The execution parameters were the same as those of
the previous execution.

The evolution of the results can be seen in Figure 2}

Evolution of the Best Distance in PSO with B&N
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Fig. 2. Graph showing the evolution of the best result for the PSO
algorithm, using B&N, over 1,000,000 iterations.

In this case, since the starting points already had
much smaller values, the evolution of the results pro-
ceeded extremely slowly. The best value found was
31465.0 km, which was still greater than the value
established in (TT).

D. Analysis of the ACO Algorithm Results

Figure |3| shows the evolution of the best result
obtained by the Ant Colony Optimization (ACO)
algorithm over 2000 iterations. It can be observed
that, initially, there is a sharp reduction in the total
distance found, highlighting the algorithm’s efficiency
in quickly exploring promising solutions during the
early cycles. In the first 250 iterations, ACO exhibits
an intense exploration phase, during which the ants
test different routes and reinforce the best edges with
pheromone.

After this initial phase, an apparent stabilization
in the improvement of results is noted, indicating a
transition to an intensification phase. At this stage,
exploration diminishes, and the algorithm focuses on
refining the solutions around the identified local min-
imum. This stabilization is reflected in the flattening
of the graph curve, suggesting a gradual reduction in
improvements as the number of iterations increases.

Despite the 2000 iterations, the algorithm converged
to a final value of 31.489,632 km, slightly above
the upper bound established by the Bellmore and
Nembhauser heuristic, defined in as 31.197,4 km.
This result demonstrates that ACO was capable of
finding a high-quality solution, but stagnation in a
local minimum prevented the algorithm from reaching
the ideal value. This limitation can be attributed to
the excessive concentration of pheromone on certain

edges, which reduced the diversity of solutions during
the final execution phase.

The observed behavior is characteristic of ACO,
whose initial efficiency is due to the balance between
exploration (guided by the heuristic 7;;) and inten-
sification (pheromone reinforcement 7;; on the most
promising edges). However, for large-scale problems
such as the TSP applied to the 853 cities of Minas
Gerais, additional strategies may be necessary to avoid
premature convergence. Mechanisms such as periodic
pheromone reinitialization or hybridization with other
evolutionary algorithms could help overcome these
challenges.

Evolution of the Best Distance using ACO
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Fig. 3. Evolution of the best distance found by the ACO algorithm
over 2000 iterations.

It can be seen that, despite the 2000 iterations, the
algorithm reached a minimum value of 31.489,632 km,
slightly higher than the upper bound of 31.197,4 km
to be surpassed, defined in . This performance
highlights the robustness of ACO in finding high-
quality solutions for complex combinatorial problems,
although it also emphasizes the need for strategies to
mitigate stagnation in local minima.

E. Tabu Search Algorithm

The Tabu Search algorithm was first executed start-
ing from a random initial point, and subsequently,
the initial solution was improved using the Nearest
Neighbor algorithm (file “busca_tabu.py”), with the
following parameters:
o Initial Tabu List Size: initial_tabu_size = 50
e Maximum Number of Iterations:
max_iterations = 1000

e Maximum Tabu List Size:
max_tabu_size = 100

o Local Optimum Period:
local_optimum_period = 200

The evolution of the results can be seen in Figure [

The graph shows the evolution of the best solution
cost throughout the Tabu Search iterations. Upon an-
alyzing the results, it is possible to observe a rapid
initial reduction in the solution cost, indicating that the
algorithm is efficient at escaping suboptimal solutions
and quickly finding a better solution. After around 200
iterations, the curve stabilizes around 26.528,34 km,



Evolution of the Best Solution Cost
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Fig. 4. Graph showing the evolution of the best result for the Tabu
Search algorithm over 1000 iterations.

suggesting that Tabu Search found a relatively low-
cost solution and maintained it throughout the subse-
quent iterations. Although the curve stabilizes, small
cost variations are still observed, reflecting continued
exploration of the solution space in search of even
better solutions, without significant changes.

The analysis of the results reveals that the algorithm
demonstrated efficiency by finding a solution with a
significantly lower cost than the initial one in a short
amount of time, effectively balancing the exploration
of new solutions with intensification around the best
solutions found. Furthermore, the stability of the cost
throughout the iterations reflects the robustness of the
algorithm in maintaining high-quality solutions. After
1000 iterations, the best result found was 26.482.811
meters, or 26.482,8 kilometers.

To further improve the results, it would be advanta-
geous to incorporate additional diversification mecha-
nisms, allowing a broader exploration of the solution
space and the potential identification of even better
solutions. Adjustments to the aspiration criteria could
also be a useful strategy.

FE. Summary of Results

The results obtained with the different algorithms
implemented highlight the diversity of strategies and
their respective efficiencies within the context of the
Traveling Salesman Problem applied to the 853 cities
of Minas Gerais.

Initially, the lower bound was established by
Kruskal’s algorithm for the Minimum Spanning Tree,
with a value of 21,758.153 km (10). On the other hand,
the Bellmore and Nemhauser heuristic provided an
upper bound of 31,197.415 km (TI)), which was used
as a reference to compare the evolutionary algorithms.

Among the evolutionary algorithms, Tabu Search
stood out for its efficiency in escaping local optima
and finding a solution with a cost of 26,482.811 km
after 1000 iterations (). The algorithm’s behavior
demonstrates its robustness in exploring and intensi-
fying solutions, balancing these two aspects well. The
solution found was significantly lower than the defined
upper bound, indicating strong overall performance.

The Particle Swarm Optimization (PSO) algorithm,
despite adaptations and strategies, showed convergence
limitations. When executed with randomly generated
particles, the algorithm reached 97,102.2 km, well
above the upper bound (I). With initialization based
on the B&N heuristic, the performance improved to
31,465.0 km (2), but still above the target value. This
highlights that PSO has potential but requires further
adjustments for high-dimensional problems like the
TSP.

Meanwhile, the Ant Colony Optimization (ACO)
algorithm reached a final value of 31,489.632 km after
2000 iterations (3). Although it demonstrated initial
efficiency, the stagnation observed in later iterations
points to the need for additional strategies to avoid
local minima and enhance solution space exploration.

Overall, the algorithms’ performances can be sum-
marized as follows:

e Lower Bound (Minimum Spanning Tree -
Kruskal): 21,758.1 km.

« Upper Bound (Bellmore and Nemhauser Heuris-
tic): 31,197.4 km.

o Best result from Tabu Search: 26,482.8 km.

o Best result from PSO: 31,465.0 km (using B&N).

o Best result from ACO: 31,489.6 km.

The results emphasize the efficiency of Tabu Search
as the most promising strategy among the evaluated
methods, obtaining a solution significantly closer to
the expected optimum. On the other hand, both PSO
and ACO showed limitations but also demonstrated
potential for future improvements with parameter ad-
justments and diversification strategies.

Additionally, the use of well-defined bounds, both
upper and lower, was crucial for evaluating algorithm
performance and validating the solutions obtained. This
reinforces the importance of combining heuristics and
evolutionary algorithms to tackle complex combinato-
rial problems like the TSP.

IV. CONCLUSION

This study explored solving the Traveling Salesman
Problem for the state of Minas Gerais using evolu-
tionary and heuristic algorithms. Three main methods
were implemented and evaluated: Tabu Search, Particle
Swarm Optimization (PSO), and Ant Colony Optimiza-
tion (ACO), along with auxiliary heuristics such as
Kruskal’s Algorithm and the Bellmore and Nemhauser
Heuristic.

The results obtained show that Tabu Search stood
out as the most efficient strategy, achieving a cost
of 26,482.811 km, significantly lower than the upper
bound provided by the B&N heuristic (31,197.415
km). Although promising, ACO and PSO exhibited
limitations related to stagnation in local minima and
slow convergence, particularly for high-dimensional
problems like the one addressed.

The analysis of the results highlights the impor-
tance of well-defined bounds to evaluate algorithm



effectiveness and the impact of parameter choices.
Despite the observed limitations, the study underscores
the potential of evolutionary approaches for tackling
highly complex combinatorial problems.

Finally, this work contributes to the literature by
adapting evolutionary algorithms to a real and large-
scale instance of the TSP, providing a solid foundation
for future research and practical applications in logis-
tics and route optimization.

Future directions include algorithm hybridization,
enhanced diversification, parallelization, and exploring
other metaheuristics to improve efficiency and solution
quality.
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