N> Revista Brasileira de Computagao Aplicada, July, 2026
s i DOI: 10.5335/rbca.v18i2.16869
U PF EDITORA Vol. 18) No 2, pp- 16-31
UNIVERSIDADE 4 Homepage: seer.upf.br/index.php/rbca/index

TUTORIAL

A systematic literature review on the use of machine learning in
traveling salesman problems

Ranulfo Mascari Neto!, Pedro Henrique Cabral Moreiral, Jesimar da Silva Arantes
»1, Renato Ramos da Silva “»1

Federal University of Lavras, Trevo Rotat6rio Professor Edmir Sa Santos, s/n, 37203-202, Lavras, Brazil
*ranulfo.neto@estudante.ufla.br; pedro.moreira4@estudante.ufla.br; jesimar.arantes@ufla.br; renato.ramos@ufla.br

Received: 2025-03-24. Revised: 2026-03-03. Accepted: 2026-07-30.

Abstract

The Traveling Salesman Problem (TSP) has been documented in the history of combinatorial optimization since the
18th century. TSP is a well-known NP-hard problem that has been extensively studied, in which a salesman aims to
visit each city in a set exactly once and return to the starting city with minimal distance traveled. The significance of the
TSP lies in its applicability to many real-life scenarios. Machine Learning (ML) addresses the question of how to build
computers that improve automatically through experience. In the last two decades, ML has been applied in many areas.
This paper aims to bridge a gap in the literature by providing a comprehensive survey of the use of ML in the TSP. The
paper is organized around the following topics: an introduction to the subject, TSP definition, variants and related work,
ML definition and methods, the research methodology used, and the results obtained. Additionally, we discuss open
problems and outline potential directions for future research.

Keywords: Machine learning; Survey; Systematic literature review; Traveling salesman problem

Resumo

0 Problema do Caixeiro Viajante (TSP) tem sido documentado na histéria da otimizacdo combinatéria desde o século
XVIIIL. O TSP é um problema bem conhecido e classificado como NP-dificil, que tem sido amplamente estudado. Nesse
problema, um caixeiro viajante deve visitar cada uma de um conjunto de cidades exatamente uma vez e retornar a
cidade de partida com a menor distancia total percorrida. A importancia do TSP reside em sua aplicabilidade a muitos
cenarios da vida real. O Aprendizado de Maquina (ML) aborda a questdo de como construir computadores que melhorem
automaticamente com a experiéncia. Nas Gltimas duas décadas, o ML tem sido aplicado em muitas areas. O artigo visa
preencher uma lacuna na literatura, fornecendo uma pesquisa abrangente do uso de ML no TSP. O artigo estd organizado
em torno dos seguintes topicos: uma introducdo ao assunto, definicdo do TSP, varia¢des e alguns trabalhos relacionados,
definigao e métodos de ML, a metodologia de pesquisa utilizada e os resultados. Além disso, discutimos problemas em
aberto e delineamos possiveis dire¢des para pesquisas futuras.

Palavras-Chave: Aprendizado de Maquina; Tutorial; Revisdo sistematica da literatura; Problema do caixeiro viajante

1 Introduction carried out by Bellmore and Nemhauser (1968). Their

mathematical definition is rigorous, but for newcomers
Matai et al. (2010) provide a basic overview of the history ~ to the area, it may be difficult to understand. In this work,
of the TSP, starting from Hamilton and Kirkman in the ~ we adopt the definition from Jiinger etal. (1995), in which
18th century and passing through Karl Menger, Hassler, ~ @ person, in this case a salesman, needs to travel to a

Whitney and Merrill (Biggs et al., 1986; Schrijver, 1960).  set of cities exactly once, starting from and returning to
. . . the same city, determining the minimum travel distance
The first survey we found in the literature was
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(Laporte, 1992).

Machine Learning (ML), in its modern sense,
originated in studies of “perception” conducted by
psychologist Frank Rosenblatt at Cornell University
(Fradkov, 2020; Kodratoff, 2014; Rosenblatt, 1960, 1958,
1957). It was the first prototype of modern Artificial
Neural Networks (ANNs). Years later, the Novikoff
theorem provided conditions for the convergence of a
perceptron learning algorithm in a finite number of steps,
which became widely known in the community (Novikoff,
1962). Since then, the area has advanced as applicable
technology has also progressed.

With this historical context in mind, we can now
introduce a definition of machine learning. According to
Jordan and Mitchell (2015), ML addresses the question
of how to build computers that improve automatically
through experience. It is a field of study intersecting
computer science and statistics and lies at the core of
artificial intelligence and data science. Today, due to the
explosion in the availability of online data and low-cost
computation, machine learning is considered one of the
fastest-growing technical fields, with progress in the
development of new learning algorithms and theories.
The adoption of data-intensive ML methods can be found
throughout science, technology, and commerce, leading
to more evidence-based decision-making in domains
such as health care, manufacturing, education, financial
modeling, policing, and marketing.

The main motivation for developing this work is related
to the fact that we did not find a comprehensive systematic
review on the subject. Although Junior Mele et al. (2021)
have made a significant contribution to the topic, a
more comprehensive study of existing research and the
potential avenues for utilizing ML in TSP is warranted.

The remainder of the paper is organized as follows:
Section 2 discusses related surveys conducted in research
on the traveling salesman problem and machine learning.
Section 3 describes the research method used to conduct
the review. Section 4 reports the results of the systematic
literature review. Section 5 discusses the major findings
and provides recommendations for future work, whereas
Section 6 summarizes gaps and limitations of current
research. Section 7 presents the conclusion of the study.

2 Related research
2.1 Traveling salesman problem

There are several scientific works that formally define the
canonical TSP. We briefly adopt here a standard graph-
theoretic formulation, and then summarize the main
variants that are relevant in the context of machine
learning approaches to the problem.

Given a set of cities V, the TSP seeks a minimum-cost
tour that visits each city exactly once and returns to the
starting city. It can be modeled as an undirected graph
G = (V,A) whose vertices are the cities (v1, V2, ..., Vvn), and
whose edges A represent possible connections between
them (VCij, i #j). Each edge (v;, vj) has an associated cost
Cj € R*, which can represent distance, travel time, fuel
consumption or any other non-negative measure.

The classical TSP can be formulated as
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iz )1 if the salesman travels from city i toj,
Y7 )o otherwise.

(5)

The objective function in Eq. (1) minimizes the total
travel cost. Constraints in Egs. (2) and (3) enforce that
each city is entered and left exactly once. Constraint Eq. (4)
eliminates subtours by ensuring that any proper subset
S of nodes is left at least once. Finally, Eq. (5) defines the
binary decision variables (Osaba et al., 2020).

Over time, several variants of the classical TSP have
been proposed to better model real-world applications.
Table 1 summarizes the main variants considered in this
review, highlighting how each one modifies the original
problem structure.

As shown in Table 1, several variants explicitly
incorporate multiple objectives, time windows, limited
resources or dynamic information. These extensions
are particularly relevant for real-world routing scenarios,
where distances and travel times vary due to traffic,
weather or operational constraints. In our review,
however, most machine learning approaches still target
static, metric instances, with comparatively few works
addressing dynamic or time-dependent variants (see
Fig. 10). This imbalance reveals an opportunity for ML
methods that can handle non-stationary or real-time
information.

2.2 Machine learning

Machine Learning (ML) involves programming
computers to optimize a performance criterion using
example data or past experience (Alpaydin, 2020; Mitchell,
1997). It relies on statistical theory to build mathematical
models, because the core task is to infer patterns from
data and generalize to unseen cases. In this work, we
focus on how different ML paradigms have been used to
construct or improve solvers for TSP instances, rather
than on the internal details of the algorithms themselves.
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Table 1: Main TSP variants considered in this review.

Key characteristics

Costs are symmetric, i.e., ¢jj = ¢j;, S0 the cost of going from v; to v; equals
the reverse trip (Matai et al., 2010).

Costs are asymmetric, i.e., ¢;; 7 ¢j;, typically modeled on directed graphs
(Svensson, 2018; Asadpour et al., 2017).

Defined on a complete undirected graph with edge costs satisfying the
triangle inequality, forming a metric over V (Chekuri and Quanrud, 2018).

Minimizes a vector of at least two conflicting objectives, e.g., distance
and time, over a feasible solution space D (Jozefowiez et al., 2008; Lust
and Teghem, 2010; Hameed, 2020).

Travel cost between nodes depends on the departure time from the origin
node, modeling congestion or time-varying conditions (Bigras et al.,

The number or location of cities, or the cost matrix, may change over
time; cities can be inserted or deleted and edge weights may vary
(Guntsch et al., 2001; Zhou et al., 2003).

Several salesmen share the tour, typically starting and ending at
the same depot, to visit all cities (Cheikhrouhou and Khoufi, 2021,
Kitjacharoenchai et al., 2019; Rostami et al., 2015; Gutin and Punnen,

Not all cities must be visited; the objective combines profit collected and
travel cost subject to resource or minimum profit constraints (Gelareh
etal., 2020; Kirschstein and Bierwirth, 2018; Laporte and Martello, 1990;
Soares Marques et al., 2019; Ausiello et al., 2004; Dasari et al., 2021).

A set of markets and products is considered; the goal is to choose markets
and quantities to satisfy product demand while minimizing routing
and purchasing costs (Manerba et al., 2017; Riera-Ledesma and Salazar-
Gonzalez, 2005b,a).

Nodes are partitioned into clusters and the tour must visit at least one
node in each cluster, forming a Hamiltonian circuit over clusters (Pop
etal., 2023; Derya et al., 2020; Laporte et al., 1996).

Objective is to maximize the total tour cost, under symmetric, metric
or semi-metric assumptions (Dirgova Luptakova and Pospichal, 2017;
Ahmed, 2013; Bao et al., 2022; Barvinok et al., 2007; Blokh and Gutin,

Variant Acronym
Symmetric TSP SsTSP
Asymmetric TSP aTSP
Metric TSP eTSP
Multi-objective TSP MOTSP
Time-Dependent TSP TDTSP
2008).
Dynamic TSP DTSP
Multiple TSP mTSP
2006).
SeTSP /
Selective / Quota / Profitable TSP | Quota /
PTP
Travelling Purchaser Problem TPP
Generalized TSP GTSP
sMaxTSP,
MAX TSP variants mMaxTSP,
semiMaxTSP
1995).
Moving-Target TSP MT-TSP

Targets move over time along random or predefined trajectories, so their
locations must be updated as the tour progresses (Wang and Wang, 2023;
Maskooki and Kallio, 2023; Helvig et al., 2003).

Today, ML is usually divided into three subareas:
supervised, unsupervised, and reinforcement learning.
Although discussing each algorithm in detail would be
valuable, doing so would be beyond the scope of this paper.
The key here is to acknowledge their existence and typical
roles.

2.2.1 Supervised Learning (SL)

SL involves learning a mapping between a set of input
variables X and an output variable Y, and then applying
this mapping to predict the outputs for unseen data
(Cunningham et al., 2008). There is a distinction in SL
depending on the output. If the output is a label, the task
is called a classification problem. On the other hand, if
the output is a numerical value, the problem is called a
regression problem (Alpaydin, 2020).

In the literature, there are several SL algorithms, some
of which can be found in Nasteski (2017); Osisanwo
et al. (2017); Learned-Miller (2014); Hastie et al. (2009).
The most well-known are linear and logistic regression,

decision trees, random forests (RF), Naive Bayes (NB),
Bayesian networks (BN), support vector machines (SVM),
and artificial neural networks (ANN).

SL has been successfully applied in many domains,
including biomedical data analysis, signal processing and
industrial monitoring (Yakimovich et al., 2021; Won et al.,
2021; Moshkbar-Bakhshayesh, 2019).

2.2.2 Unsupervised Learning (UL)

In UL, the objective is to identify patterns or regularities
within input data, because we do not have a desired output.
There is a structure to the input space such that certain
patterns occur more often than others, and we want to see
what generally happens and what does not. In statistics,
this is called density estimation. One method for density
estimation is clustering (Alpaydin, 2020).

Clustering (or cluster analysis) aims to organize a
collection of data items into clusters such that items within
a cluster are more similar to each other than they are
to items in other clusters. This notion of similarity can
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be expressed in different ways, according to the purpose
of the study, domain-specific assumptions, and prior
knowledge of the problem (Grira et al., 2004).

To support the widespread application of clustering
in areas such as image classification, urban studies,
molecular simulation data, and data science Wang and
Biljecki (2022); Kontolati et al. (2022); Ige and Noor (2022).

Examples of unsupervised learning techniques
and algorithms include the Apriori algorithm, ECLAT
algorithm, frequent pattern growth algorithm, clustering
using k-means, hierarchical clustering, support vector
machines, and self-organizing maps (Naeem et al., 2023;
Karoly et al., 2018).

2.2.3 Reinforcement Learning (RL)

RL is a multidisciplinary field that encompasses
psychology, neuroscience, computer science, cybernetics,
and statistics.

It can be defined as a learning process aimed at solving
a problem through trial-and-error interactions with a
dynamic environment. During each interaction step
with the environment, the agent receives an input, the
current state, denoted as s; € S, wherei = 0,1,...,n
represents time and S is a finite set. Subsequently, the
agent selects an action, a; € A, with A being another
finite set. This changes the state of the environment
and generates a reinforcement value for the state-action
pair. The objective is to create a policy that, over time,
maximizes the expected cumulative rewards (Oh et al.,
2020; Sutton and Barto, 2018; Da Silva and Romero, 2012;
Kaelbling et al., 1996).

RL has three models based on how the reward is
considered for optimality: model-based (Doll et al.,
2012), value-based (Szepesvari and Littman, 1999) and
policy-based (Sutton et al.,, 1999). In each model
there are several RL techniques; the best known are
temporal difference learning (TD), Q-learning, Monte
Carlo methods, policy gradient, actor-critic, maximum
entropy methods, asynchronous advantage actor-critic,
Deep Q-Network (DQN) and deep reinforcement learning.

RL has been applied in diverse areas, such as
healthcare, energy systems, communications and
networking, robotic systems (Li, 2019; Zhou et al., 2021,
Pinciroli et al., 2022; Oliff et al., 2020).

2.3 Surveys

There are several surveys on the TSP available in the
literature. The first survey we found was carried out
by Bellmore and Nemhauser (1968). The mathematical
rigor of the paper is fascinating, with all its theorems.
Subsequently, Jiinger et al. (1995) and Laporte (1992),
in the same decade, provided an update on the area.
Furthermore, they present applications and algorithms to
solve the TSP. Still in the 1990s, Laporte made two more
important contributions in literature reviews on the TSP
(Laporte and Martello, 1990; Laporte et al., 1996).

More recent updates on applications and possible
solutions can be found in Hoffman et al. (2013); Matai
et al. (2010). An important survey about TSP variants
is provided by Ilavarasi and Joseph (2014). A complete
survey of the generalized traveling salesman problem can

be found in Pop et al. (2023). Another variant, the multiple
traveling salesman problem, has a comprehensive survey
by Cheikhrouhou and Khoufi (2021). A survey about bio-
inspired metaheuristics applied to TSP is presented by
Osaba et al. (2020). There are some other articles that
deserve tobe cited, but they do not have the same impactas
the others (Shiand Zhang, 2022; Ruiz-Meza and Montoya-
Torres, 2022; Junior Mele et al., 2021; Roberti and Toth,
2012).

An important note is the well-known and widely
used database in the area, TSPLIB (Reinelt, 1991), which
provides researchers with abroad set of test problems from
various sources and with various properties.

3 Research method

This section introduces the protocol for conducting
this systematic literature review. The stages included
are: specifying the research questions, primary study
search, study selection criteria, study quality assessment
procedures, and data extraction strategy.

3.1 Research questions
The study was guided by the following research questions:

i. How have machine learning algorithms been used
to solve the TSP?
ii. How effective has the application of machine
learning been in solving the TSP and its variants?
iii. What is the coverage of machine learning algorithms
over TSP variants?

3.2 Primary study search

A systematic Internet search using search engines and
academic digital libraries was performed between May
and August 2023 to collect studies for this paper.

Items 1 to 6 in Table 2 list the digital libraries used in
this review, chosen for their broad coverage of computer
science and operations research. Item 7 corresponds to a
general academic search engine.

Table 2: Information sources used.

\ Source \ URL \
1-ScienceDirect https://www.sciencedirect.com/
2-IEEE https://ieeexplore.ieee.org/
3-ACM https://dl.acm.org/
4-Springer https://link.springer.com/
5-Wiley https://wwwwiley.com/en-br
6-PubsOnLine https://pubsonline.informs.org/
7-Google Scholar | https://scholar.google.com/

The next step in the search strategy was to obtain
potentially relevant primary studies from each of the
information sources listed in Table 2. A set of keywords, as
defined by the list below, was created based on the research
questions.

We used combinations of the following keywords
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and phrases (in English) in title, abstract and full

text: “machine learning”, “deep learning”, “reinforcement
» o« » o«

learning”, “clustering”, “supervised”, “unsupervised” and
“traveling salesman problem”.

These keywords were designed to capture a broad
range of literature relevant to the intersection of machine
learning and the traveling salesman problem.

Inaddition to keywords, the following four criteria were
used in the search process to consider studies as potentially
relevant:

i. Papers published in peer-reviewed journals,
conference or workshop proceedings, book chapters,
or open-access repositories of electronic preprints and
postprints.

ii. Papers published in English.

iii. Papers with a date of publication or submission to
open-access repositories after, but not including, the
year 2000.

iv. Titles that clearly indicate the use of ML techniques
applied to the TSP, whether it involves a variant or not.

3.3 Study selection criteria

In the second stage, the abstracts were analyzed. At this
stage, the following questions were asked, and the study
proceeded if the answer to both was positive:

- Does the study solve any instances of the TSP or one of
its variants?

+ Does the study use any of the machine learning
techniques mentioned above to solve or assist in solving
any instance of the TSP?

In addition to these qualitative questions, we applied
explicit exclusion criteria: (i) duplicate records across
digital libraries; (ii) studies that only mention TSP or ML
in a peripheral way, without actually combining them; (iii)
papers focused exclusively on classical metaheuristics or
exact methods without any ML component (e.g., genetic
algorithms, particle swarm optimization and related
approaches not framed as machine learning); and (iv)
extended abstracts, posters, or non-archival material.

Overall, we initially retrieved 19 346 records from the
sources listed in Table 2. Only studies in which machine
learning was actually used to solve instances of the TSP
or its variants were retained. Papers that addressed
optimization techniques conceptually related to ML, such
as genetic algorithms or particle swarm optimization, but

without an explicit learning component, were excluded.

During full-text screening, a small number of additional
studies were discarded due to ambiguity in the use of the
term “cluster”, which in some works referred to clustering
as a machine learning technique, while in others it only
described structural properties of the TSP instance. After
applying all inclusion and exclusion criteria, the final
corpus of this systematic review comprises 35 primary
studies.

3.4 Study quality assessment procedures

Finally, all selected papers from the previous stage were
carefullyread in their entirety, and the same questions and
expected answers from the previous stage were applied
to each one. At this point, any articles that had not fit in
our previous stage but were cited in some of the analyzed
works were carefully examined, and if they fit our study,
they were included.
This constitutes the quality assessment of all studies.

3.5 Data extraction strategy

The first stage of extraction focuses on the basic
information of the studies, such as where they are stored,
year of publication, and country of the authors.

The second stage focuses on the machine learning
methods used, which TSP variants are addressed, and
a comparison of problem-solving approaches between
those using machine learning and those based solely on
the classical literature.

The final stage involves analyzing the type of dataset
used, the size of the instances, and the number of nodes.

4 Results

Fig. 1 displays the distribution of selected studies by the
country of origin of the contributors. There is at least one
study from each continent except Africa. The majority
of the studies originated from China, totaling eleven
contributions, followed by Singapore with six original
papers. The United States follows with five papers.

Fig. 2 displays the selected studies distributed by
publication year and the number of papers in each
source per year. The majority of studies were published
between 2019 and 2023, indicating a growing interest
from the computing and engineering research community
in addressing the TSP using machine learning in recent
years. By source, it is possible to identify a sharp increase
in the number of arXiv preprints around 2019, making
arXiv the most frequent outlet across all years considered.
Despite this difference, most peer-reviewed venues (IEEE,
ScienceDirect, Springer) typically host one or two papers
each within our corpus.

Fig. 3 shows the number of scientific articles found
in each scientific database. The majority of the selected
studies came from arXiv (37.14%). This is followed by IEEE
and ScienceDirect (17.14% each), Springer (14.29%), MDPI
(5.71%), and ACM, PubsOnLine, and Wiley (2.86% each).
This result is not surprising, given that arXiv does not have
peer review, and some of the other top-ranking sources
(ScienceDirect, IEEE, Springer) are more well-known in
the scientific publication realm.

When analyzing which category of machine learning is
being applied to TSP, as presented in Fig. 4, reinforcement
learning emerges as the most prominent (43.2%),
representing nearly half of the works. It is closely followed
by supervised learning (37.8%), while only 16.2% of
the works utilize unsupervised learning. It is worth
mentioning that there are works that combine multiple
categories of machine learning to achieve their results.
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Figure 2: Distribution of selected studies by publication
year and scientific source.

Fig. 5 illustrates how each category is tested in terms
of the number of TSP instances, with Figs. 6 to 8 detailing
supervised, unsupervised and reinforcement learning,
respectively. The mixed category, comprising only one
work, is omitted; it used 1000 instances.

It is noteworthy that most works, regardless of

category, employ a relatively low number of instances.

despite supervised learning including two works with the
largest number of instances.

In supervised learning, the number of instances is
predominantly in the lower range, following a pattern,
with some works using around 30000 and 110000
instances, as shown in Fig. 6.

In Fig. 7, the distribution of instances used in
unsupervised learning shows a similar pattern, with a
majority having a small number of instances, and nearly
half utilizing around 10 000 instances.

Fig. 8 illustrates that reinforcement learning has been
applied to a small number of instances in many works, but
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Category
B Reinforcement Learning
Supervised Learning
Unsupervised Learning
Mixed

Figure 4: Percentage of machine learning category
utilized to solve the Traveling Salesman Problem.
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Figure 5: Number of instances utilized by each machine
learning category.

some studies report experiments with a very large number
of instances, including one with 1 million instances.

The number of instances represents the frequency
with which each amount of nodes is used by the machine
learning system to obtain results. It is evident that
reinforcement learning often requires more instances due
to its construction.

Fig. 9 displays the number of nodes used by each
machine learning category in each instance. In general,
the works mostly operate with fewer than 500 nodes.
Reinforcement learning exhibits some works between 500
and 1000 nodes, with only one above 1100. Supervised
learning demonstrates a gradual increase in the number
of nodes up to around 2500. Unsupervised learning shows
an increase beyond 500 nodes with some repetition. The
mixed category, comprising one work, does not exceed
500 nodes. This gradual increase suggests that current
ML techniques are still more commonly applied to small
and medium-sized instances, and their behavior on very

Reinforcement Learning

Unsupervised Learning

140k

120k

100k

80k

Instances

60k
40k

20k

Supervised Learning

Figure 6: Distribution of selected papers by category of
machine learning (supervised learning).

12k

10k

Instances
@
2

Unsupervised Learning

Figure 7: Distribution of selected papers by category of
machine learning (unsupervised learning).

large instances remains less explored.

Table 3 presents the techniques used in each paper
included in this systematic review. Some works
employ more than one technique. In addition to SOM
(Self-Organizing Map), GNN (Graph Neural Network),
GCN (Graph Convolutional Network), LSTM (Long
Short-Term Memory), Neuro Gas, Transformers, and
Hopfield Networks are neural networks. REINFORCE,
Adam optimization, Actor-Critic, Policy Gradient, Self-
Critic, and Q-learning belong to reinforcement learning.
Organizing them this way provides readers with a broad
overview of the techniques employed.

Tables 4 and 5 provide a consolidated view of the
primary studies, linking ML categories to specific TSP
variants, datasets and problem scales. Reinforcement
learning studies are summarized in Table 4, while
supervised and unsupervised learning studies are
presented in Table 5. This quantitative summary
complements the more qualitative analysis presented in
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Table 3: Machine learning techniques utilized in each work.

Technique Work

SOM Créput and Koukam (2009); Avsar and Aliabadi (2015); Luptakova and Pospichal (2017)

GNN Kaempfer and Wolf (2018); Prates et al. (2019); Ma et al. (2019); Hu et al. (2020, 2021)
Perera and Kamalaruban (2021); Joshi et al. (2022); Kool et al. (2022); Min et al. (2023)

REINFORCE Bello et al. (2017); Kool et al. (2019); Ma et al. (2019); Kyaw et al. (2020); Joshi et al. (2022)

Ling, Zhang and Chen (2023); Yang et al. (2023); Li et al. (2023)

Adam Optimizer

Avsar and Aliabadi (2015); Deudon et al. (2018); Jaradat et al. (2019); Joshi et al. (2019)
Prates et al. (2019); Hu et al. (2020); Kyaw et al. (2020); Joshi et al. (2022); Ling, Zhang and Chen (2023)
Lietal. (2023); Ling, Zhou and Zhang (2023); Varol et al. (2023)

Actor-Critic

Bello et al. (2017); Ma et al. (2019); Li et al. (2020); Kyaw et al. (2020)

Policy Gradient Roberto et al. (2020)
Self-Critic Perera and Kamalaruban (2021)
Q-learning Dai et al. (2017)
KNN Joshi et al. (2019); Ghiani et al. (2020); Joshi et al. (2022)
GCN Joshi et al. (2019); Roberto et al. (2020)
LSTM Kyaw et al. (2020); Roberto et al. (2020)
SVM Sun et al. (2021)
k-means Avsar and Aliabadi (2015); Jaradat et al. (2019); Ghiani et al. (2020)
Neuro Gas Luptakova and Pospichal (2017)
NN Varol et al. (2023)
Transformers Bresson and Laurent (2021); Yang et al. (2023)
Hopfield Network | Tan etal. (2005);Li et al. (2016); Garcia et al. (2017); Luo (2019); Qiao et al. (2019)
Table 4: Summary of primary studies based on Reinforcement Learning (RL).
Reference TSP variant | Dataset [ scale (approx.)
Bello et al. (2017) eTSP Synthetic 2D instances, usually 20—100 nodes, tens of thousands of training
instances
Bresson and Laurent (2021) eTSP Synthetic Euclidean instances, 20—100 nodes, large training sets
Deudon et al. (2018) eTSP Synthetic instances for training, TSPLIB for evaluation, up to 100 nodes
Dai et al. (2017) eTSP Synthetic graph instances, up to 50—100 nodes, thousands of episodes
Hu et al. (2020) mTSP Synthetic multiple TSP instances, tens to hundreds of nodes and several
salesmen
Kool et al. (2019) eTSP Synthetic Euclidean instances, 20—100+ nodes, tens of thousands of training
instances
Kool et al. (2022) eTSP /[VRPs | Synthetic graph instances, up to a few hundred nodes
Kyaw et al. (2020) TSP-like Grid-map coverage instances, tens to hundreds of cells, thousands of episodes
Lietal. (2023) MOTSP Synthetic multi-objective TSP instances, typically 50—100 nodes
Ling, Zhang and Chen (2023) | eTSP Synthetic and traffic-like instances, tens to hundreds of nodes
Ma et al. (2019) eTSP Synthetic graph instances, up to a few hundred nodes
Perera et al. (2023) MOTSP Synthetic multi-objective TSP instances, tens to hundreds of nodes
Roberto et al. (2020) eTSP Synthetic training instances and TSPLIB test sets, up to 100 nodes
Yang et al. (2023) eTSP Synthetic Euclidean instances, 20—100+ nodes, large training sets
Zhang et al. (2021) DTSP Synthetic dynamic TSP instances, with nodes or edge costs changing over time

Sections 4 and 5.

The Metric TSP (eTSP) is the most commonly used
variant among researchers attempting to solve problems
using machine learning techniques (Fig. 10). It is
followed by Multiple TSP (mTSP), with Multi-objective
TSP (MOTSP) and Symmetric TSP (STSP) tied in the next
positions.

Lastly, the analysis of the datasets used is presented in
Fig. 11. Most works (64.6%) generate their own datasets,
while 29.2% use TSPLIB. While it is encouraging that
some works utilize TSPLIB as a ground truth, the majority
still create datasets that are not validated against widely
accepted benchmarks.

5 Discussion

The results of this review show that the use of ML
for TSP is growing rapidly, but still exhibits several
structural imbalances. Geographically, a large proportion
of contributions originates from a small set of countries,
particularly China and a few research hubs in Asia
and North America, while other regions remain
under-represented. This concentration may limit the
diversity of application domains and datasets considered,
and suggests that closer collaboration with logistics and
transportation stakeholders in other regions could enrich
future research.

From a methodological perspective, reinforcement
learning and supervised learning dominate the landscape
(Fig. 4), whereas unsupervised learning plays a
comparatively minor role and is often used only as
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Table 5: Summary of primary studies based on Supervised (SL) and Unsupervised Learning (UL).

Reference ML category | TSP variant Dataset / scale (approx.)

Avsar and Aliabadi (2015) UL eTSP TSPLIB and synthetic Euclidean instances, up to a few
hundred nodes

Créput and Koukam (2009) UL eTSP TSPLIB benchmark instances, up to about 100 cities

Fuentes et al. (2018) UL* eTSP Clustered synthetic and TSPLIB instances, up to a few
hundred nodes

Garcia et al. (2017) UL STSP/eTSP TSPLIB and synthetic instances, small to medium size

Ghiani et al. (2020) SL+UL TDTSP Time-dependent synthetic instances, small to medium
road networks

Hu et al. (2021) SL eTSP Synthetic Euclidean and TSPLIB instances, up to a few
hundred nodes

Jaradat et al. (2019) UL* eTSP Synthetic clustered instances and TSPLIB, up to a few
hundred nodes

Joshi et al. (2019) SL eTSP Synthetic Euclidean instances and TSPLIB, up to 200
nodes

Joshi et al. (2022) SL eTSP Synthetic instances with varying sizes and distributions,
up to a few hundred nodes

Kaempfer and Wolf (2018) SL mTSP Synthetic multiple TSP instances on Euclidean graphs,
tens to hundreds of nodes

Lietal. (2016) UL sTSP/eTSP TSPLIB and synthetic instances, small to medium size

Ling, Zhou and Zhang (2023) SL mTSP Synthetic multiple TSP instances, up to a few hundred
nodes

Luo (2019) UL sTSP/eTSP TSPLIB and synthetic instances, small to medium size

Luptakova and Pospichal (2017) | UL sMaxTSP Synthetic complete graphs, maximizing tour length,
small to medium size

Min et al. (2023) UL eTSP Synthetic Euclidean instances, typically up to 100 nodes

Prates et al. (2019) SL decision TSP Synthetic instances for decision TSP, up to a few hundred
nodes

Qiao et al. (2019) UL sTSP/eTSP TSPLIB and synthetic instances, small to medium size

Sun et al. (2021) SL TSP (reduction) | TSPLIB and synthetic instances for problem-reduction
models

Tan et al. (2005) UL STSP/eTSP TSPLIB instances, small to medium size

Varol et al. (2023) SL eTSP Synthetic TSP instances with arbitrary node

distributions, up to a few thousand nodes

* Clustering used as an auxiliary heuristic component, not as a standalone learning approach.
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Figure 8: Distribution of selected papers by category of
machine learning (reinforcement learning).

a preprocessing step (e.g., clustering) rather than as a full
solution approach. One plausible explanation is that TSP
is naturally formulated as a sequential decision-making
problem with explicit rewards, which matches well with
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Figure 9: Number of nodes utilized by each machine

learning category.

RL paradigms. Supervised approaches, on the other hand,
typically rely on synthetic labels or optimal solutions
generated by classical solvers, which may not scale well to
very large instances.
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Regarding problem scale, most studies still operate
on instances with fewer than 500 nodes (Fig. 9), and
frequently on far smaller problems. Although a few
works report experiments with tens of thousands of
training instances or nodes, these are exceptions rather
than the rule. Taken together with the reliance on
self-generated datasets (Fig. 11), this raises concerns
about the external validity of current ML-based TSP
solvers: performance gains demonstrated on small,
synthetic benchmarks may not directly translate to large-
scale, noisy or heterogeneous industrial cases.

Another important observation concerns the coverage
of TSP variants. Out of the eighteen variants briefly
reviewed in Section 2.1, only eleven appear in the
primary studies collected (Fig. 10). Most works target
static, metric or symmetric instances, while dynamic
and time-dependent variants such as DTSP, TDTSP
and MT-TSP receive little attention. This is somewhat
paradoxical, because in real-world routing problems
travel times and distances fluctuate due to traffic,
weather and operational constraints. ML, particularly
RL and online learning, is well positioned to handle such

non-stationary environments, yet the existing literature
seldom exploits this potential. Future work could, for
example, investigate RL agents that continuously adapt
to streaming information about congestion, incidents
or weather, or meta-learning schemes that can rapidly
specialize to new network conditions.

Finally, dataset practices deserve comment. Although
the use of TSPLIB and related benchmark collections
is not negligible, the majority of works rely on ad hoc
synthetic data. While synthetic benchmarks are useful
for controlled experiments, a more systematic adoption of
standardized datasets (TSPLIB, National TSPs, mTSPLIB,
MATILDA, among others) would greatly facilitate fair
comparison between approaches and reduce the risk of
overfitting to specific, researcher-defined distributions.
Shared experimental protocols and open-sourced code
and data are also necessary to make progress beyond
isolated case studies.

6 Gaps and limitations of current research

This review identifies several gaps in the existing
literature on ML for TSP. First, most approaches are
evaluated on relatively small, static and synthetic
instances, which limits our understanding of how
they perform on large-scale, noisy or dynamic routing
problems. In particular, there is very limited empirical
evidence on ML methods for time-dependent, dynamic or
moving-target variants (TDTSP, DTSP, MT-TSP), despite
their clear practical relevance.

Second, the diversity of experimental protocols
hampers systematic comparison across studies. Different
authors use distinct datasets, instance generators,
baselines and evaluation metrics, and only a subset rely on
widely accepted benchmarks such as TSPLIB or National
TSPs. This heterogeneity makes it difficult to assess
whether reported improvements are due to algorithmic
advances or to differences in experimental design.

Third, from a methodological viewpoint, current
ML-based solvers often treat TSP as a standalone
combinatorial optimization benchmark, rather than
as part of broader decision-making pipelines (e.g.,
integration with inventory management, scheduling or
real-time information systems). As a consequence, issues
such as interpretability, robustness to distribution shifts
and alignment with domain-specific constraints remain
underexplored.

This systematic review has some limitations. Although
we followed a structured search protocol and consulted
multiple digital libraries, it is possible that some relevant
studies were not captured, especially those published
outside the main venues or in other languages. In addition,
we did not perform a meta-analysis of performance
metrics, because the heterogeneity of experimental
setups and the lack of standardized reporting prevented
a meaningful quantitative synthesis. Future reviews
could focus on specific subsets of ML methods or TSP
variants, adopting stricter inclusion criteria to enable
deeper statistical comparison.
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7 Conclusion

The Traveling Salesman Problem (TSP) has persisted
since the 18th century and continues to be addressed
today through the application of machine learning
(ML) algorithms to solve the original problem or its
variants. This field of research is expanding, and this
work highlights the ample opportunities for further
investigation. One important observation is related to
datasets and experimental configurations they could be
more structured, standardized and easy to reuse in many
different scenarios, enabling more reliable comparisons
among proposed methods.

Declaration of competing interest

The authors declare that they have no known competing
financial interests or personal relationships that could
have appeared to influence the work reported in this paper.

Acknowledgement

The authors are grateful to the PIVIC/UFLA and
PIBIC/FAPEMIG programs for supporting this work.

References

Ahmed, Z. H. (2013). An experimental study of a hybrid
genetic algorithm for the maximum traveling salesman
problem, Mathematical Sciences 7: 1—7. https://doi.or
g/10.1186/2251-7456-7-10.

Alpaydin, E. (2020). Introduction to machine learning, MIT
press.

Asadpour, A., Goemans, M. X., Madry, A., Gharan,
S. 0. and Saberi, A. (2017). An o (log n/log log n)-
approximation algorithm for the asymmetric traveling
salesman problem, Operations Research 65(4): 1043—
1061. https://doi.org/10.1287/opre.2017.1603.

Ausiello, G., Demange, M., Laura, L. and Paschos, V.
(2004). Algorithms for the on-line quota traveling
salesman problem, International Computing and
Combinatorics Conference, Springer, pp. 290—299.
https://doi.org/10.1016/j.ipl.2004.06.013.

Avsar, B. and Aliabadi, D. (2015). Parallelized neural
network system for solving euclidean traveling
salesman problem, Applied Soft Computing- Elsevier .
https://doi.org/10.1016/50925-2312(00)00363-9.

Bao, X., Xu, L., Yu, W. and Song, W. (2022). Approximation
algorithms for the min-max clustered k-traveling
salesmen problems, Theoretical Computer Science
933: 60—66. https://doi.org/10.1016/j.tcs.2022.08.
030.

Barvinok, A., Gimadi, E. K. and Serdyukov, A. L. (2007).
The maximum tsp, The Traveling Salesman problem and
its variations pp. 585—607. https://doi.org/10.1007/
0-306-48213-4_12.

Bellmore, M. and Nemhauser, G. L. (1968). The traveling
salesman problem: a survey, Operations Research
16(3): 538—558. https://doi.org/10.1287/opre.16.
3.538.

Bello, 1., Pham, H., Le, Q., Norouzi, M. and Bengio,
S. (2017). Neural combinatorial optimization with
reinforcement learning, arxiv.org . Available at https:
//arxiv.org/abs/1611.09940.

Biggs, N., Lloyd, E. K. and Wilson, R. J. (1986). Graph
Theory, 1736-1936, Oxford University Press.

Bigras, L.-P., Gamache, M. and Savard, G. (2008). The
time-dependent traveling salesman problem and single
machine scheduling problems with sequence dependent
setup times, Discrete Optimization 5(4): 685—699. https:
//doi.org/10.1016/j.disopt.2008.04.001.

Blokh, D. and Gutin, G. (1995). Maximizing traveling
salesman problem for special matrices, Discrete Applied
Mathematics 56(1): 83—86. Availableat{https://pure
.royalholloway.ac.uk/ws/files/878546/}.

Bresson, X. and Laurent, T. (2021). The transformer
network for the traveling salesman problem. Available
athttps://arxiv.org/abs/2103.03012.

Cheikhrouhou, O. and Khoufi, I. (2021). A comprehensive
survey on the multiple traveling salesman problem:
Applications, approaches and taxonomy, Computer
Science Review 40: 100369. https://doi.org/10.101
6/j.cosrev.2021.100369.

Chekuri, C. and Quanrud, K. (2018). Fast approximations
for metric-tsp via linear programming. Available at
https://arxiv.org/abs/1802.01242.

Créput, J. and Koukam, A. (2009). A memetic neural
network for the euclidean traveling salesman problem,
Neurocomputing - Elsevier . https://doi.org/10.1016/
j.neucom.2008.01.023.

Cunningham, P, Cord, M. and Delany, S. J. (2008).
Supervised learning, Machine learning techniques for
multimedia: case studies on organization and retrieval,
Springer, pp. 21—49. https://doi.org/10.1007/978-3
-540-75171-7_2.

Da Silva, R. R. and Romero, R. A. F. (2012). Modelling
shared attention through relational reinforcement
learning, Journal of Intelligent & Robotic Systems 66: 167—
182. https://doi.org/10.1007/510846-011-9624-y.

Dai, H., Khalil, E. B., Zhang, Y., Dilkina, B. and Song,

L. (2017). Learning combinatorial optimization
algorithms over graphs, Proceedings of the 31st
International Conference on Neural Information

Processing Systems, NIPS’17, Curran Associates
Inc., Red Hook, NY, USA, p. 6351-6361. https:
//dl.acm.org/doi/10.5555/3295222.3295382.

Dasari, K. V., Pandiri, V. and Singh, A. (2021). Multi-start
heuristics for the profitable tour problem, Swarm and
Evolutionary Computation 64: 100897. https://doi.or
g/10.1016/3.swevo.2021.100897.


https://doi.org/10.1186/2251-7456-7-10
https://doi.org/10.1186/2251-7456-7-10
https://doi.org/10.1287/opre.2017.1603
https://doi.org/10.1016/j.ipl.2004.06.013
https://doi.org/10.1016/S0925-2312(00)00363-9
https://doi.org/10.1016/j.tcs.2022.08.030
https://doi.org/10.1016/j.tcs.2022.08.030
https://doi.org/10.1007/0-306-48213-4_12
https://doi.org/10.1007/0-306-48213-4_12
https://doi.org/10.1287/opre.16.3.538
https://doi.org/10.1287/opre.16.3.538
https://arxiv.org/abs/1611.09940
https://arxiv.org/abs/1611.09940
https://doi.org/10.1016/j.disopt.2008.04.001
https://doi.org/10.1016/j.disopt.2008.04.001
Available at {https://pure.royalholloway.ac.uk/ws/files/878546/}
Available at {https://pure.royalholloway.ac.uk/ws/files/878546/}
https://arxiv.org/abs/2103.03012
https://doi.org/10.1016/j.cosrev.2021.100369
https://doi.org/10.1016/j.cosrev.2021.100369
https://arxiv.org/abs/1802.01242
https://doi.org/10.1016/j.neucom.2008.01.023
https://doi.org/10.1016/j.neucom.2008.01.023
https://doi.org/10.1007/978-3-540-75171-7_2
https://doi.org/10.1007/978-3-540-75171-7_2
https://doi.org/10.1007/s10846-011-9624-y
https://dl.acm.org/doi/10.5555/3295222.3295382
https://dl.acm.org/doi/10.5555/3295222.3295382
https://doi.org/10.1016/j.swevo.2021.100897
https://doi.org/10.1016/j.swevo.2021.100897

Netoetal. |

Revista Brasileira de Computagdo Aplicada (2026), v.18, n.2, pp.16—31 27

Derya, T., Dinler, E. and Kececi, B. (2020). Selective
generalized travelling salesman problem, Mathematical
and Computer Modelling of Dynamical Systems 26(1): 80—
118. https://doi.org/10.1080/13873954.2019.1705496.

Deudon, M., Cournut, P, Lacoste, A., Adulyasak, Y.
and Rousseau, L.-M. (2018). Learning heuristics
for the tsp by policy gradient, Integration of
Constraint Programming, Artificial Intelligence, and
Operations Research: 15th International Conference,
CPAIOR 2018, Delft, The Netherlands, June 26—
29, 2018, Proceedings 15, Springer, pp. 170—181.
https://doi.org/10.1007/978-3-319-93031-2_12.

Dirgova Luptakova, 1. and Pospichal, J. (2017). Maximum
traveling salesman problem by adapted neural gas, in
R. Matousek (ed.), Recent Advances in Soft Computing,
Springer International Publishing, Cham, pp. 168—175.
https://doi.org/10.1007/978-3-319-58088-3_16.

Doll, B. B., Simon, D. A. and Daw, N. D. (2012). The ubiquity
of model-based reinforcement learning, Current opinion
in neurobiology 22(6): 1075—1081. https://doi.org/10
.1016/j.conb.2012.08.003.

Fradkov, A. L. (2020). Early history of machine learning,
IFAC-PapersOnLine 53(2): 1385—1390. https://doi.org/
10.1016/j.ifacol.2020.12.1888.

Fuentes, G. E. A., Gress, E. S. H., Mora, J. C. S. T. and Marin,
J. M. (2018). Solution to travelling salesman problem
by clusters and a modified multi-restart iterated local
search metaheuristic, PLoS ONE 13. https://doi.org/10
.1371/journal.pone.0201868.

Garcia, L., Talavan, P. M. and Yafiez, J. (2017). Improving
the hopfield model performance when applied to
the traveling salesman problem, Soft Computing
21(14): 3891—3905. https://doi.org/10.1007/s00500
-016-2039-8.

Gelareh, S., Gendron, B., Hanafi, S., Neamatian Monemi,
R. and Todosijevi¢, R. (2020). The selective traveling
salesman problem with draft limits, Journal of Heuristics
26:339—352. https://doi.org/10.1007/s10732-019-0
9406-z.

Ghiani, G., Adamo, T., Greco, P. and Guerriero, E.
(2020). Lifting the performance of a heuristic for the
time-dependent travelling salesman problem through
machine learning, Algorithms . https://doi.org/10.3
390/a13120340.

Grira, N., Crucianu, M. and Boujemaa, N. (2004).
Unsupervised and semi-supervised clustering: a brief
survey, A review of machine learning techniques for
processing multimedia content 1(2004): 9—16. Available
athttp://muscle.ercim.eu/images/DocumentPDF/Deliv
erables/d8.1_wp8_muscle_soa.pdf.

Guntsch, M., Middendorf, M. and Schmeck, H. (2001).
An ant colony optimization approach to dynamic tsp,
Proceedings of the 3rd Annual Conference on Genetic
and Evolutionary Computation, GECCO’01, Morgan
Kaufmann Publishers Inc., San Francisco, CA, USA,
p- 860—867. https://dl.acm.org/doi/10.5555/295
5239.2955396.

Gutin, G. and Punnen, A. P. (2006). The traveling salesman
problem and its variations, Vol. 12, Springer Science &
Business Media. https://doi.org/10.1007/b101971.

Hameed, 1. A. (2020). Multi-objective solution of
traveling salesman problem with time, The International
Conference on Advanced Machine Learning Technologies
and Applications (AMLTA2019) 4, Springer, pp. 121—132.
https://doi.org/10.1007/978-3-030-14118-9_13.

Hastie, T., Tibshirani, R., Friedman, J., Hastie, T.,
Tibshirani, R. and Friedman, J. (2009). Overview of
supervised learning, The elements of statistical learning:
Data mining, inference, and prediction pp. 9—41.

Helvig, C., Robins, G. and Zelikovsky, A. (2003). The
moving-target traveling salesman problem, Journal of
Algorithms 49(1): 153—174. https://doi.org/10.1016/
$0196-6774(03)00075-0.

Hoffman, K. L., Padberg, M., Rinaldi, G. et al. (2013).
Traveling salesman problem, Encyclopedia of operations
research and management science 1: 1573—1578. https:
//doi.org/10.1007/1-4020-0611-X_1068.

Hu, Y., Yao, Y. and Lee, W. (2020). A reinforcement
learning approach for optimizing multiple traveling
salesman problems over graphs, Knowledge-Based
Systems - Elsevier . https://doi.org/10.1016/j.kn
osys.2020.106244.

Hu, Y., Zhang, Z., Yao, Y., Huyan, X., Zhou, X. and Lee,
W. S. (2021). A bidirectional graph neural network for
traveling salesman problems on arbitrary symmetric
graphs, Engineering Applications of Artificial Intelligence
97:104061. https://doi.org/10.1016/j.engappai.202
0.104061.

Ige, A. O. and Noor, M. H. M. (2022). A survey
on unsupervised learning for wearable sensor-based
activity recognition, Applied Soft Computing p. 109363.
https://doi.org/10.1016/j.asoc.2022.109363.

Ilavarasi, K. and Joseph, K. S. (2014). Variants of travelling
salesman problem: A survey, International conference
on information communication and embedded systems
(ICICES2014), IEEE, pp. 1—7. https://doi.org/10.1109/
ICICES.2014.7033850.

Jaradat, A., Diabat, W. et al. (2019). Solving traveling
salesman problem using firefly algorithm and k-
means clustering, 2019 IEEE Jordan International Joint
Conference on Electrical Engineering and Information
Technology (JEEIT), IEEE, pp. 586—589. https://doi.or
g/10.1109/JEEIT.2019.8717463.

Jordan, M. I. and Mitchell, T. M. (2015). Machine
learning: Trends, perspectives, and prospects, Science
349(6245): 255—260. https://doi.org/10.1126/scienc
e.aaa8415.

Joshi, C. K., Cappart, Q. and Rousseau, Louis-
Martinand Laurent, T. (2022). Learning the
travelling salesperson problem requires rethinking
generalization, Constraints 27(1): 70—98. https:
//doi.org/10.1007/s10601-022-09327-y.


https://doi.org/10.1080/13873954.2019.1705496
https://doi.org/10.1007/978-3-319-93031-2_12
https://doi.org/10.1007/978-3-319-58088-3_16
https://doi.org/10.1016/j.conb.2012.08.003
https://doi.org/10.1016/j.conb.2012.08.003
https://doi.org/10.1016/j.ifacol.2020.12.1888
https://doi.org/10.1016/j.ifacol.2020.12.1888
https://doi.org/10.1371/journal.pone.0201868
https://doi.org/10.1371/journal.pone.0201868
https://doi.org/10.1007/s00500-016-2039-8
https://doi.org/10.1007/s00500-016-2039-8
https://doi.org/10.1007/s10732-019-09406-z
https://doi.org/10.1007/s10732-019-09406-z
https://doi.org/10.3390/a13120340
https://doi.org/10.3390/a13120340
http://muscle.ercim.eu/images/DocumentPDF/Deliverables/d8.1_wp8_muscle_soa.pdf
http://muscle.ercim.eu/images/DocumentPDF/Deliverables/d8.1_wp8_muscle_soa.pdf
https://dl.acm.org/doi/10.5555/2955239.2955396
https://dl.acm.org/doi/10.5555/2955239.2955396
https://doi.org/10.1007/b101971
https://doi.org/10.1007/978-3-030-14118-9_13
https://doi.org/10.1016/S0196-6774(03)00075-0
https://doi.org/10.1016/S0196-6774(03)00075-0
https://doi.org/10.1007/1-4020-0611-X_1068
https://doi.org/10.1007/1-4020-0611-X_1068
https://doi.org/10.1016/j.knosys.2020.106244
https://doi.org/10.1016/j.knosys.2020.106244
https://doi.org/10.1016/j.engappai.2020.104061
https://doi.org/10.1016/j.engappai.2020.104061
https://doi.org/10.1016/j.asoc.2022.109363
https://doi.org/10.1109/ICICES.2014.7033850
https://doi.org/10.1109/ICICES.2014.7033850
https://doi.org/10.1109/JEEIT.2019.8717463
https://doi.org/10.1109/JEEIT.2019.8717463
https://doi.org/10.1126/science.aaa8415
https://doi.org/10.1126/science.aaa8415
https://doi.org/10.1007/s10601-022-09327-y
https://doi.org/10.1007/s10601-022-09327-y

28 Netoetal. |

Revista Brasileira de Computagdo Aplicada (2026), v.18, n.2, pp.16—31

Joshi, C. K., Laurent, T. and Bresson, X. (2019).
An efficient graph convolutional network
technique for the travelling salesman problem,
arXiv preprint arXiv:1906.01227 Available at
http://arxiv.org/abs/1906.01227.

Jozefowiez, N., Glover, F. and Laguna, M. (2008). Multi-
objective meta-heuristics for the traveling salesman
problem with profits, Journal of Mathematical Modelling
and Algorithms 7(2): 177—195. https://doi.org/10.100
7/510852-008-9080-2.

Jiinger, M., Reinelt, G. and Rinaldi, G. (1995). The traveling
salesman problem, Handbooks in operations research and
management science 7: 225—330. Available at https://
kups.ub.uni-koeln.de/54671/.

Junior Mele, U., Maria Gambardella, L. and Montemanni,
R. (2021). Machine learning approaches for the traveling
salesman problem: A survey, Proceedings of the 2021 8th
International Conference on Industrial Engineering and
Applications (Europe), pp. 182—186. https://doi.org/10
.1145/3463858.346386.

Kaelbling, L. P., Littman, M. L. and Moore, A. W. (1996).
Reinforcement learning: A survey, Journal of artificial
intelligence research 4: 237—285. https://doi.org/10.1
613/jair.301.

Kaempfer, Y. and Wolf, L. (2018). Learning the multiple
traveling salesmen problem with permutation invariant
pooling networks, arXiv preprint arXiv:1803.09621 .
Available at http://arxiv.org/abs/1803.09621.

Karoly, A. 1., Fullér, R. and Galambos, P. (2018).
Unsupervised clustering for deep learning: A tutorial
survey, Acta Polytechnica Hungarica 15(8): 29-53.
https://doi.org/10.12700/APH.15.8.2018.8.2.

Kirschstein, T. and Bierwirth, C. (2018). The selective
traveling salesman problem with emission allocation
rules, Or Spectrum 40(1): 97—124. https://doi.org/10
.1007/500291-017-0493-z.

Kitjacharoenchai, P., Ventresca, M., Moshref-Javadi, M.,
Lee, S., Tanchoco, J. M. and Brunese, P. A. (2019).
Multiple traveling salesman problem with drones:
Mathematical model and heuristic approach, Computers
& Industrial Engineering 129: 14—30. https://doi.org/
10.1016/j.cie.2019.01.020.

Kodratoff, Y. (2014).
Elsevier.

Introduction to machine learning,

Kontolati, K., Loukrezis, D., Giovanis, D. G., Vandanapu, L.
and Shields, M. D. (2022). A survey of unsupervised
learning methods for high-dimensional uncertainty
quantification in black-box-type problems, Journal of
Computational Physics 464: 111313. https://doi.org/10
.1016/j.jcp.2022.111313.

Kool, W., van Hoof, H., Gromicho, J. and Welling,
M. (2022). Deep policy dynamic programming for
vehicle routing problems, in P. Schaus (ed.), Integration
of Constraint Programming, Artificial Intelligence, and
Operations Research, Springer International Publishing,

Cham, pp. 190—213. https://doi.org/10.1007/978-3-0
31-08011-1_14.

Kool, W., van Hoof, H. and Welling, M. (2019). Attention,
learn to solve routing problems! Available at https:
//arxiv.org/abs/1803.08475.

A, Thu, T., Mohan, R. and
Coverage path planning for

Kyaw, P, Paing,
Le, A. (2020).

decomposition reconfigurable grid-maps using
deep reinforcement learning based travelling
salesman problem, ieeexplore.ieee.org . https:

//doi.org/10.1109/ACCESS.2020.3045027.

Laporte, G. (1992). The traveling salesman problem:
An overview of exact and approximate algorithms,
European Journal of Operational Research 59(2): 231—247.
https://doi.org/10.1016/0377-2217(92)90138-Y.

Laporte, G., Asef-Vaziri, A. and Sriskandarajah, C.
(1996). Some applications of the generalized travelling
salesman problem, Journal of the Operational Research
Society 47: 1461—1467. https://doi.org/10.1057/palg
rave.jors.0471204.

Laporte, G. and Martello, S. (1990). The selective travelling
salesman problem, Discrete Applied Mathematics
26(2): 193—207. https://doi.org/10.1016/0166-218
X(90)90100-Q.

Learned-Miller, E. G. (2014). Introduction to supervised
learning, I: Department of Computer Science, University of
Massachusetts 3. Available at https://people.cs.umass.
edu/~elm/Teaching/Docs/supervised2014a.pdf.

Li, K., Zhang, T. and Wang, R. (2020). Deep
reinforcement learning for multiobjective optimization,
IEEE transactions on cybernetics . https://doi.org/10.1
109/TCYB.2020.2977661.

Li, R., Qiao, J. and Li, W. (2016). A modified hopfield
neural network for solving tsp problem, 2016 12th World
Congress on Intelligent Control and Automation (WCICA),
IEEE, pp. 1775—1780. https://doi.org/10.1109/WCICA.
2016.7578744.

Li, S., Wang, F, He, Q and Wang, X. (2023).
Deep reinforcement learning for multi-objective
combinatorial optimization: A case study on
multi-objective  traveling salesman problem,
Swarm and Evolutionary Computation 83: 101398.
https://doi.org/10.1016/j.swevo.2023.101398.

Li, Y. (2019). Reinforcement learning applications, arXiv
preprint arXiv:1908.06973 . https://doi.org/10.48550/a
rXiv.1908.06973.

Ling, Z., Zhang, Y. and Chen, X. (2023). A deep
reinforcement learning based real-time solution policy
for the traveling salesman problem, IEEE Transactions
on Intelligent Transportation Systems . https://doi.org/
10.1109/TITS.2023. 3256563.

Ling, Z., Zhou, Y. and Zhang, Y. (2023). Solving
multiple travelling salesman problem through deep
convolutional neural network, IET Cyber-Systems and
Robotics 5(1): €12084. https://doi.org/10.1049/csy2.1
2084.


http://arxiv.org/abs/1906.01227
https://doi.org/10.1007/s10852-008-9080-2
https://doi.org/10.1007/s10852-008-9080-2
https://kups.ub.uni-koeln.de/54671/
https://kups.ub.uni-koeln.de/54671/
https://doi.org/10.1145/3463858.346386
https://doi.org/10.1145/3463858.346386
https://doi.org/10.1613/jair.301
https://doi.org/10.1613/jair.301
http://arxiv.org/abs/1803.09621
https://doi.org/10.12700/APH.15.8.2018.8.2
https://doi.org/10.1007/s00291-017-0493-z
https://doi.org/10.1007/s00291-017-0493-z
https://doi.org/10.1016/j.cie.2019.01.020
https://doi.org/10.1016/j.cie.2019.01.020
https://doi.org/10.1016/j.jcp.2022.111313
https://doi.org/10.1016/j.jcp.2022.111313
https://doi.org/10.1007/978-3-031-08011-1_14
https://doi.org/10.1007/978-3-031-08011-1_14
https://arxiv.org/abs/1803.08475
https://arxiv.org/abs/1803.08475
https://doi.org/10.1109/ACCESS.2020.3045027
https://doi.org/10.1109/ACCESS.2020.3045027
https://doi.org/10.1016/0377-2217(92)90138-Y
https://doi.org/10.1057/palgrave.jors.0471204
https://doi.org/10.1057/palgrave.jors.0471204
https://doi.org/10.1016/0166-218X(90)90100-Q
https://doi.org/10.1016/0166-218X(90)90100-Q
https://people.cs.umass.edu/~elm/Teaching/Docs/supervised2014a.pdf
https://people.cs.umass.edu/~elm/Teaching/Docs/supervised2014a.pdf
https://doi.org/10.1109/TCYB.2020.2977661
https://doi.org/10.1109/TCYB.2020.2977661
https://doi.org/10.1109/WCICA.2016.7578744
https://doi.org/10.1109/WCICA.2016.7578744
https://doi.org/10.1016/j.swevo.2023.101398
https://doi.org/10.48550/arXiv.1908.06973
https://doi.org/10.48550/arXiv.1908.06973
https://doi.org/10.1109/TITS.2023.3256563
https://doi.org/10.1109/TITS.2023.3256563
https://doi.org/10.1049/csy2.12084
https://doi.org/10.1049/csy2.12084

Netoetal. |

Revista Brasileira de Computagdo Aplicada (2026), v.18, n.2, pp.16—31 29

Luo, Y. (2019). Design and improvement of hopfield
network for tsp, Proceedings of the 2019 International
Conference on Artificial Intelligence and Computer Science,
AICS 2019, Association for Computing Machinery, New
York, NY, USA, p. 79—83. https://doi.org/10.1145/33
49341.3349372.

Luptakova, I. D. and Pospichal, J. (2017). Maximum
traveling salesman problem by adapted neural gas,
Recent Advances in Soft Computing: Proceedings of
the 22nd International Conference on Soft Computing
(MENDEL 2016) held in Brno, Czech Republic, at June 8-
10,2016 22, Vol. 576, Springer Verlag, pp. 168—175. https:
//doi.org/10.1007/978-3-319-58088-3_16.

Lust, T. and Teghem, J. (2010). The multiobjective
traveling salesman problem: a survey and a new
approach, Advances in Multi-Objective Nature Inspired
Computing, Springer, pp. 119—141. https://doi.org/10
.1007/978-3-642-11218-8_6.

Ma, Q., Ge, S., He, D., Thaker, D. and Drori, 1. (2019).
Combinatorial optimization by graph pointer networks
and hierarchical reinforcement learning. Available at
https://arxiv.org/abs/1911.04936.

Manerba, D., Mansini, R. and Riera-Ledesma, J. (2017).
The traveling purchaser problem and its variants,
European Journal of Operational Research 259(1): 1—18.
https://doi.org/10.1016/j.ejor.2016.12.017.

Maskooki, A. and Kallio, M. (2023). A bi-criteria moving-
target travelling salesman problem under uncertainty,
European Journal of Operational Research 309(1): 271—
285. https://doi.org/10.1016/j.ejor.2023.01.009.

Matai, R., Singh, S. P. and Mittal, M. L. (2010). Traveling
salesman problem: an overview of applications,
formulations, and solution approaches, Traveling
salesman problem, theory and applications 1(1): 1—25.
https://doi.org/10.5772/12909.

Min, Y., Bai, Y. and Gomes, C. P. (2023). Unsupervised
learning for solving the travelling salesman problem,
arXiv preprint arXiv:2303.10538 . https://doi.org/10.4
8550/arXiv.2303.10538.

Mitchell, T. M. (1997). Machine learning, Vol. 1, McGraw-
hill New York.

Moshkbar-Bakhshayesh, K. (2019). Comparative study of
application of different supervised learning methods in
forecasting future states of npps operating parameters,
Annals of Nuclear Energy 132: 87—99. https://doi.org/
10.1016/3.anucene.2019.04.031.

Naeem, S., Ali, A, Anam, S. and Ahmed, M. M.
(2023). An unsupervised machine learning algorithms:
Comprehensive review, Int. J. Comput. Digit. Syst . https:
//doi.org/10.12785/1ijcds/130172.

Nasteski, V. (2017). An overview of the supervised machine
learning methods, Horizons. b 4: 51—62. https://doi.or
g/10.20544/HORIZONS.B.04.1.17.P05.

Novikoff, A. B. (1962). On convergence proofs on
perceptrons, Proceedings of the Symposium on the
Mathematical Theory of Automata, Vol. 12, New York, NY,
pp. 615—622.

Oh, J., Hessel, M., Czarnecki, W. M., Xu, Z., van Hasselt,
H. P, Singh, S. and Silver, D. (2020). Discovering
reinforcement learning algorithms, Advances in Neural
Information Processing Systems 33: 1060—1070. https:
//dl.acm.org/doi/10.5555/3495724.3495814.

Oliff, H., Liu, Y., Kumar, M., Williams, M. and Ryan,
M. (2020). Reinforcement learning for facilitating
human-robot-interaction in manufacturing, Journal of
Manufacturing Systems 56: 326—340. https://doi.org/
10.1016/j. jmsy.2020.06.018.

Osaba, E., Yang, X.-S. and Del Ser, J. (2020). Chapter
9 - traveling salesman problem: a perspective review
of recent research and new results with bio-inspired
metaheuristics, in X.-S. Yang (ed.), Nature-Inspired
Computation and Swarm Intelligence, Academic Press,
Pp. 135—164. https://doi.org/10.1016/B978-0-12-819
714-1.00020-8.

Osisanwo, F., Akinsola, J., Awodele, O., Hinmikaiye, J.,
Olakanmi, O., Akinjobi, J. et al. (2017). Supervised
machine learning algorithms: classification and
comparison, International Journal of Computer
Trends and Technology (IJCTT) 48(3): 128-138.
https://doi.org/10.14445/22312803/1JCTT-V48P126.

Perera, A. and Kamalaruban, P. (2021). Applications of
reinforcement learning in energy systems, Renewable
and Sustainable Energy Reviews 137: 110618. https://do
i.org/10.1016/j.rser.2020.110618.

Perera, J., Liu, S.-H., Mernik, M., CrepinSek, M.
and Ravber, M. (2023). A graph pointer network-
based multi-objective deep reinforcement learning
algorithm for solving the traveling salesman problem,
Mathematics 11(2): 437. https://doi.org/10.3390/math
11020437.

Pinciroli, L., Baraldi, P., Ballabio, G., Compare, M. and
Zio, E. (2022). Optimization of the operation and
maintenance of renewable energy systems by deep
reinforcement learning, Renewable Energy 183: 752—763.
https://doi.org/10.1016/j.renene.2021.11.052

Pop, P. C., Cosma, O., Sabo, C. and Sitar, C. P. (2023).
A comprehensive survey on the generalized traveling
salesman problem, European Journal of Operational
Research . https://doi.org/10.1016/j.ejor.2023.
07.022.

Prates, M., Avelar, P. H., Lemos, H., Lamb, L. C. and Vardi,
M.Y. (2019). Learning to solve np-complete problems: A
graph neural network for decision tsp, Proceedings of the
AAAl Conference on Artificial Intelligence, Vol. 33, pp. 4731—
4738. https://doi.org/10.1609/aaai.v33101.33014731.

Qiao, J., Hu, Z. and Li, W. (2019). Hysteretic noisy
frequency conversion sinusoidal chaotic neural network
for traveling salesman problem, Neural Computing and
Applications 31(11): 7055—7069. https://doi.org/10.1
007/s00521-018-3535-9.


https://doi.org/10.1145/3349341.3349372
https://doi.org/10.1145/3349341.3349372
https://doi.org/10.1007/978-3-319-58088-3_16
https://doi.org/10.1007/978-3-319-58088-3_16
https://doi.org/10.1007/978-3-642-11218-8_6
https://doi.org/10.1007/978-3-642-11218-8_6
https://arxiv.org/abs/1911.04936
https://doi.org/10.1016/j.ejor.2016.12.017
https://doi.org/10.1016/j.ejor.2023.01.009
https://doi.org/10.5772/12909
https://doi.org/10.48550/arXiv.2303.10538
https://doi.org/10.48550/arXiv.2303.10538
https://doi.org/10.1016/j.anucene.2019.04.031
https://doi.org/10.1016/j.anucene.2019.04.031
https://doi.org/10.12785/ijcds/130172
https://doi.org/10.12785/ijcds/130172
https://doi.org/10.20544/HORIZONS.B.04.1.17.P05
https://doi.org/10.20544/HORIZONS.B.04.1.17.P05
https://dl.acm.org/doi/10.5555/3495724.3495814
https://dl.acm.org/doi/10.5555/3495724.3495814
https://doi.org/10.1016/j.jmsy.2020.06.018
https://doi.org/10.1016/j.jmsy.2020.06.018
https://doi.org/10.1016/B978-0-12-819714-1.00020-8
https://doi.org/10.1016/B978-0-12-819714-1.00020-8
https://doi.org/10.14445/22312803/IJCTT-V48P126
https://doi.org/10.1016/j.rser.2020.110618
https://doi.org/10.1016/j.rser.2020.110618
https://doi.org/10.3390/math11020437
https://doi.org/10.3390/math11020437
https://doi.org/10.1016/j.renene.2021.11.052
https://doi.org/10.1016/j.ejor.2023.07.022
https://doi.org/10.1016/j.ejor.2023.07.022
https://doi.org/10.1609/aaai.v33i01.33014731
https://doi.org/10.1007/s00521-018-3535-9
https://doi.org/10.1007/s00521-018-3535-9

30 Netoetal. |

Revista Brasileira de Computagdo Aplicada (2026), v.18, n.2, pp.16—31

Reinelt, G. (1991). Tsplib—a traveling salesman problem
library, ORSA journal on computing 3(4): 376—384. http:
//dx.doi.org/10.1287/ijoc.3.4.376

Riera-Ledesma, J. and Salazar-Gonzalez, J. J. (2005a).
The biobjective travelling purchaser problem, European
Journal of Operational Research 160(3): 599—613. https:
//doi.org/10.1016/j.ejor.2003.10.003.

Riera-Ledesma, J. and Salazar-Gonzalez, J. J. (2005b). A
heuristic approach for the travelling purchaser problem,
European Journal of Operational Research 162(1): 142—152.
https://doi.org/10.1016/j.ejor.2003.10.032.

Roberti, R. and Toth, P. (2012). Models and algorithms
for the asymmetric traveling salesman problem:
an experimental comparison, EURO Journal
on Transportation and Logistics 1(1-2): 113—133.
https://doi.org/10.1007/s13676-012-0010-0.

Roberto, P,, Costa, O. D., Rhuggenaath, J., Zhang, Y. and
Akcay, A. (2020). Learning 2-opt heuristics for the
traveling salesman problem via deep reinforcement
learning, proceedings.mlr.press 129: 465—480. https:
//doi.org/10.48550/arXiv.2004.01608.

Rosenblatt, F. (1957). The perceptron, a perceiving and
recognizing automaton, Project PARA 85-460-1, Cornell
Aeronautical Laboratory, Bufallo, NY.

Rosenblatt, F. (1958). Two theorems of statistical
separability in the perceptron, United States Department
of Commerce Washington, DC, USA.

Rosenblatt, F. (1960). Perceptron simulation experiments,
Proceedings of the IRE 48(3): 301—309.

Rostami, A. S., Mohanna, F., Keshavarz, H. and
Hosseinabadi, A. A. R. (2015). Solving multiple
traveling salesman problem using the gravitational
emulation local search algorithm, Applied
Mathematics & Information Sciences 9(2): 1-—11.
http://dx.doi.org/10.12785/amis/090218

Ruiz-Meza, J. and Montoya-Torres, J. R. (2022). A
systematic literature review for the tourist trip
design problem: Extensions, solution techniques and
future research lines, Operations Research Perspectives
9:100228. https://doi.org/10.1016/j.0rp.2022.100
228.

Schrijver, A. (1960). On the history of combinatorioal
optimization, Discrete Optimization pp. 1-68.

Shi, Y. and Zhang, Y. (2022). The neural network methods
for solving traveling salesman problem, Procedia
Computer Science 199: 681—686. https://doi.org/10.1
016/j.procs.2022.01.084.

Soares Marques, T., Fideles Cezario, S., Ferreira
Gouvéa Goldbarg, E., César Goldbarg, M. and Maria
Diniz Monteiro Maia, S. (2019). Quota traveling
salesman with passengers and collection time, 2019
8th Brazilian Conference on Intelligent Systems (BRACIS),
PP. 2909—304. https://doi.org/10.1109/BRACIS.2019.
00060.

Sun, Y., Ernst, A, Li, X. and Weiner, J. (2021).
Generalization of machine learning for problem
reduction: a case study on travelling salesman
problems, OR Spectrum 43: 607—633. https:
//doi.org/10.1007/S00291-020-00604-X.

Sutton, R. S.and Barto, A. G. (2018). Reinforcement learning:
Anintroduction, MIT press.

Sutton, R. S., McAllester, D., Singh, S. and Mansour, Y.
(1999). Policy gradient methods for reinforcement
learning with function approximation, Advances in
neural information processing systems 12. Available at
https://papers.nips.cc/paper_files/paper/1999/fi
le/464d828b85b0bed98e80ade0a5c43b0f -Paper . pdf.

Svensson, O. (2018). Algorithms for the asymmetric
traveling salesman problem, 38th IARCS Annual
Conference on Foundations of Software Technology and
Theoretical Computer Science (FSTTCS 2018), Schloss
Dagstuhl-Leibniz-Zentrum fuer Informatik, p. o.
https://doi.org/10.4230/LIPIcs.FSTTCS.2018.3.

Szepesvari, C.and Littman, M. L. (1999). Aunified analysis
of value-function-based reinforcement-learning
algorithms, Neural computation 11(8): 2017—2060.
https://doi.org/10.1162/089976699300016070.

Tan, K. C,, Tang, H. and Ge, S. S. (2005). On parameter
settings of hopfield networks applied to traveling
salesman problems, IEEE Transactions on Circuits and
Systems I: Regular Papers 52(5): 994—1002. https://doi.
org/10.1109/TCSI.2005.846666.

Varol, T., Ozener, O. O. and Albey, E. (2023). Neural
network estimators for optimal tour lengths of traveling
salesperson problem instances with arbitrary node
distributions, Transportation Science . https://doi.org/
10.1287/trsc.2022.0015.

Wang, J. and Biljecki, F. (2022). Unsupervised machine
learning in urban studies: A systematic review of
applications, Cities 129: 103925. https://doi.org/10
.1016/j.cities.2022.103925.

Wang, Y. and Wang, N. (2023). Moving-target travelling
salesman problem for a helicopter patrolling suspicious
boats in antipiracy escort operations, Expert Systems
with Applications 213: 118986. https://doi.org/10.1
016/j.eswa.2022.118986.

Won, M., Spijkervet, J. and Choi, K. (2021). Music
classification: beyond supervised learning, towards
real-world applications, arXiv preprint arXiv:2111.11636 .
https://doi.org/10.48550/arXiv.2111.11636.

Yakimovich, A., Beaugnon, A., Huang, Y. and Ozkirimli,
E. (2021). Labels in a haystack: Approaches beyond
supervised learning in biomedical applications, Patterns
2(12). https://doi.org/10.1016/j.patter.2021.1003
83.

Yang, H., Zhao, M., Yuan, L., Yu, Y., Li, Z. and Gu, M.
(2023). Memory-efficient transformer-based network
model for traveling salesman problem, Neural Networks
161: 5890—597. https://doi.org/10.1016/j .neunet.202
3.02.014.


http://dx.doi.org/10.1287/ijoc.3.4.376
http://dx.doi.org/10.1287/ijoc.3.4.376
https://doi.org/10.1016/j.ejor.2003.10.003
https://doi.org/10.1016/j.ejor.2003.10.003
https://doi.org/10.1016/j.ejor.2003.10.032
https://doi.org/10.1007/s13676-012-0010-0
https://doi.org/10.48550/arXiv.2004.01608
https://doi.org/10.48550/arXiv.2004.01608
http://dx.doi.org/10.12785/amis/090218
https://doi.org/10.1016/j.orp.2022.100228
https://doi.org/10.1016/j.orp.2022.100228
https://doi.org/10.1016/j.procs.2022.01.084
https://doi.org/10.1016/j.procs.2022.01.084
https://doi.org/10.1109/BRACIS.2019.00060
https://doi.org/10.1109/BRACIS.2019.00060
https://doi.org/10.1007/S00291-020-00604-X
https://doi.org/10.1007/S00291-020-00604-X
https://papers.nips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://papers.nips.cc/paper_files/paper/1999/file/464d828b85b0bed98e80ade0a5c43b0f-Paper.pdf
https://doi.org/10.4230/LIPIcs.FSTTCS.2018.3
https://doi.org/10.1162/089976699300016070
https://doi.org/10.1109/TCSI.2005.846666
https://doi.org/10.1109/TCSI.2005.846666
https://doi.org/10.1287/trsc.2022.0015
https://doi.org/10.1287/trsc.2022.0015
https://doi.org/10.1016/j.cities.2022.103925
https://doi.org/10.1016/j.cities.2022.103925
https://doi.org/10.1016/j.eswa.2022.118986
https://doi.org/10.1016/j.eswa.2022.118986
https://doi.org/10.48550/arXiv.2111.11636
https://doi.org/10.1016/j.patter.2021.100383
https://doi.org/10.1016/j.patter.2021.100383
https://doi.org/10.1016/j.neunet.2023.02.014
https://doi.org/10.1016/j.neunet.2023.02.014

Netoetal. | RevistaBrasileira de Computagdo Aplicada (2026), v.18, n.2, pp.16—31

Zhang, Z., Liu, H. and Zhou, M. (2021). Solving dynamic
traveling salesman problems with deep reinforcement
learning, ieeexplore.ieee.org . https://doi.org/10.110
9/TNNLS.2021.3105905.

Zhou, A., Kang, L. and Yan, Z. (2003). Solving dynamic
tsp with evolutionary approach in real time, The 2003
Congress on Evolutionary Computation, 2003. CEC ’03.,
Vol. 2, pp. 951-957 Vol.2. https://doi.org/10.1109/
CEC.2003.1299769.

Zhou, S. K., Le, H. N,, Luu, K., Nguyen, H. V. and Ayache,
N. (2021). Deep reinforcement learning in medical
imaging: A literature review, Medical image analysis
73:102193. https://doi.org/10.1016/j.media.2021
.102193.


https://doi.org/10.1109/TNNLS.2021.3105905
https://doi.org/10.1109/TNNLS.2021.3105905
https://doi.org/10.1109/CEC.2003.1299769
https://doi.org/10.1109/CEC.2003.1299769
https://doi.org/10.1016/j.media.2021.102193
https://doi.org/10.1016/j.media.2021.102193

	1 Introduction
	2 Related research
	2.1 Traveling salesman problem
	2.2 Machine learning
	2.2.1 Supervised Learning (SL)
	2.2.2 Unsupervised Learning (UL)
	2.2.3 Reinforcement Learning (RL)

	2.3 Surveys

	3 Research method
	3.1 Research questions
	3.2 Primary study search
	3.3 Study selection criteria
	3.4 Study quality assessment procedures
	3.5 Data extraction strategy

	4 Results
	5 Discussion
	6 Gaps and limitations of current research
	7 Conclusion

