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This research presents a detailed comparative analysis of algorithms designed to solve the Traveling
Salesman Problem (TSP) within the Northeast region of Thailand, encompassing 20 provinces. The
study evaluates the performance of several heuristic algorithms, including Nearest Neighbor, Farthest
Insertion, traditional 2-opt, and a novel variant termed 2-optRS, which integrates a random shuffle
mechanism. The primary aim is to minimize the total travel distance while considering the
computational trade-offs of these algorithms. Authentic distance data between provinces were sourced
from Google Maps to ensure accuracy and relevance to real-world applications. The study addresses
the dual challenge of computational efficiency and solution quality, emphasizing the practical
implications of algorithmic enhancements in route optimization. Among the tested algorithms, 2-
optRS exhibited superior performance, achieving a notable reduction of approximately 158.6 km in
travel distance compared to the traditional 2-opt algorithm. However, this improvement came at the

expense of significantly increased processing time, highlighting the inherent trade-offs between
computational demands and optimization benefits. By focusing on the Northeast region, which is
poised for significant development through frameworks like the Greater Mekong Subregion (GMS)
and Lancang-Mekong Cooperation (LMC), this research provides valuable insights for optimizing
logistical networks in this rapidly growing area. The findings underscore the potential of advanced
heuristic methods to enhance decision-making in regional transportation planning, contributing to the
broader advancement of TSP optimization methodologies.
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1. INTRODUCTION

The Traveling Salesman Problem (TSP) [1-4] is a well-known combinatorial optimization issue that has received a
great deal of interest from the fields of operations research and computer science. The TSP's goal is to identify the quickest
path that enables a traveling salesman to visit each city exactly once before returning to the starting city. The TSP poses
considerable computational challenges due to its classification as an NP-hard problem [3, 5-6]. The number of possible
solutions grows factorially with the number of cities, making it computationally infeasible to find the optimal solution for
large-scale instances. Therefore, researchers have developed various algorithms and approaches to approximate the optimal
solution or find near optimal solutions within a reasonable computational time.

Previous research on TSP has primarily focused on specific problem domains, or often relying on standardized
datasets for experimentation and evaluation. Zeravan Arif Ali et al [7] presents a hybrid genetic algorithm that combines
genetic and local search algorithms to solve the TSP and achieve optimal or near-optimal solutions. The algorithm improves
the crossover and mutation operators of the genetic algorithm and uses local search to find the best local solutions. Numerical
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outcomes show that the proposed algorithm is more effective than the conventional genetic algorithm in attaining optimal or
near-optimal solutions. The algorithm is tested on various TSP problems from the TSP library and demonstrates its ability to
achieve outcomes close to the optimal solution. Otman and Jaafar [8] present a comparative study of adaptive crossover
operators for genetic algorithms in TSP. They experiment with different operators and conclude that the OX operator is the
most suitable for resolving the TSP problem. Zhou et al. [9] addresses the Multiple Traveling Salesman Problem (MTSP) and
proposes two Partheno Genetic Algorithms (PGA) to solve it. They introduce new mutation operations and evaluate the
algorithms using TSPLIB benchmarks, demonstrating the superiority of the IPGA algorithm. The fourth paper by Ishaya et al.
investigates two methods for solving TSP Branch and Cut (Exact Method) and the 2-opt machine learning method (Heuristics
algorithm). They find that the branch-and-cut algorithm provides an optimal solution, while the machine learning method gives
a near-optimal solution with a small optimal gap.

This study focuses on addressing the challenges of optimizing travel routes in the Northeast region of Thailand, a
geographically diverse area comprising 20 provinces. Despite its strategic importance in regional and national development
through frameworks like the Greater Mekong Subregion (GMS), Aeyawadee-Chaopraya-Mekong Economic Cooperation
(ACMECS), and Lancang-Mekong Cooperation (LMC) [10], limited research has been conducted on applying advanced
heuristic algorithms to optimize travel routes in this specific context. Previous studies on the Traveling Salesman Problem
(TSP) have largely utilized standardized datasets or focused on general algorithmic improvements without contextualizing
their applications in real-world, region-specific cases. Furthermore, existing research rarely addresses the balance between
computational efficiency and solution quality when solving TSP for practical transportation networks.

To bridge this gap, this study evaluates multiple heuristic algorithms including the Nearest Neighbor, Farthest
Insertion, traditional 2-opt, and an enhanced 2-0ptRS variant with a random shuffle mechanism using authentic distance data
from Google Maps. By applying these algorithms to real-world data, this research not only provides a comparative analysis of
their performance but also highlights the trade-offs between solution optimization and computational demands. The findings
aim to contribute valuable insights for practical decision-making [11] in logistical planning while advancing algorithmic
methodologies tailored to specific geographical and developmental contexts.

2. RESEARCH METHOD

The research methodology employed in this study involves a systematic approach consisting of three key steps: data
collection and pre-processing, algorithm analysis and performance evaluation. Figure 1 illustrates the detailed procedure
followed throughout the research process.

Data Collection

v
Pre-processing
v
D Algorithms Analysis - -
Nearest Neighbor Farthest Insertion 2-Opt 2-OptRS

T R )

Evaluations

Figure 1. A flow chart of the methodology

2.1. Data Collection and Preprocessing

This study has determined the size of the sample, which includes 20 provinces in Thailand's northeast. Google Maps
[12] was used to gather data to gather pertinent information. The acquired dataset consists of the distances between neighboring
provinces, indicating the existence of routes and distances that are used to connect adjacent provinces only within each
province. For example, NONG KHAI -> (BUENG KAN, UDON THANI, LOEI, SAKON NAKHON). Presenting a
geographical representation of the provinces located in the northeastern region, accompanied by a graphical illustration of the
spatial relationships and distances between these provinces and their adjacent territories, as delineated in Figure 2 [13].

Then in the process of obtaining distance information between provinces, the collected data was transformed into
matrix form. This transformation allowed us to organize the distance data systematically and comprehensively. By representing
the distances between provinces in matrix form, we were able to discern the possible distances of all connected provinces. In
this step, Dijkstra's algorithm [14-15] was employed. This algorithm is specifically designed to determine the shortest distance
between a given starting point and any other point within a graph. By iteratively exploring the shortest paths through each
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vertex, the algorithm effectively identifies the path with the minimum overall distance until reaching the desired destination.
An example of a route from CHAIYAPHUM -> KALASIN, which is a non-contiguous province. The shortest path calculated
by Dijkstra's algorithm is equal to 202.8 Km. Which is derived from the path: CHAIYAPHUM -> KHON KAEN; 123 Km
and KHON KAEN -> KALASIN 79.8 Km.
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Figure 2. The spatial interconnectivity and relative distances between adjacent provinces.

2.2. Algorithms

The TSP can be addressed using a variety [5, 16-18] of exact algorithms, heuristic algorithms, metaheuristic
algorithms, approximation algorithms, and reinforcement learning algorithms, among others. Within the scope of this study,
our focus lies on evaluating the performance and effectiveness of different heuristic algorithms as potential solutions for the
TSP. By comparing and analyzing the outcomes produced by these heuristic algorithms [18], we aim to gain insights into their
respective capabilities and suitability for solving the TSP in the context of our research.

2.2.1 Nearest Neighbor

The Nearest Neighbor (NN) [19-21] algorithm is a straightforward and intuitive heuristic approach widely utilized
for solving the TSP. Characterized by its simplicity, the NN algorithm begins its process by selecting an arbitrary starting city.
From there, it continuously identifies the nearest unvisited city to the current location, designating this city as the subsequent
destination. This procedure is repeated iteratively until all cities in the dataset have been visited once, thus completing the tour.
Due to its greedy nature, this method swiftly constructs a tour but does not inherently ensure that the resulting path is the
shortest possible, often yielding solutions that are locally but not globally optimal.

Despite its limitation in achieving global optimality, the Nearest Neighbor algorithm is highly valued for its utility in
providing rapid solutions, particularly beneficial in scenarios where time constraints are a significant factor. Additionally, its
uncomplicated implementation makes it an ideal baseline algorithm for comparative studies with other more complex TSP-
solving techniques. The algorithm's performance tends to be more effective when applied to smaller or moderately sized
problems, where the proximity of choices doesn't drastically deviate from the global optimum. The general pseudo-code for
implementing the Nearest Neighbor algorithm in this study is structured as follows.

Algorithm 1: Nearest Neighbor Algorithm

1 pseudo tsp_nearest_neighbor(distance matrix):

2 n = get the number of cities from the distance matrix

3 unvisited(cities) = set of cities from 1 to n (excluding 0)

4 current(city) =0

5 path = [current]

6 total =0

7 while unvisited cities are not empty:

8 next(city) = city in unvisited minimum distance from current
9 remove next city from unvisited

10 append next city to path

11 add the distance between current and next to total distance
12 update current city to next city

13 add distance between the last and the starting (0) to total

14 append the starting city (0) to path

15 return path, total distance

16 end pseudo
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2.2.2 Farthest Insertion

The Farthest Insertion [16, 22] algorithm is a sophisticated heuristic technique employed to address the TSP. This
algorithm is distinguished by its strategy of incrementally constructing a tour by specifically selecting the geographically
farthest city from the current route. The process begins with an initial simple solution that includes only a single city. In
subsequent iterations, the algorithm evaluates all cities not yet included in the tour and identifies the city that is farthest from
the current tour's path. This selected city is then inserted into the existing tour at a position where it causes the least increase
in the overall tour length, thereby ensuring efficiency in route expansion.

This iterative insertion continues until every city has been incorporated into the tour, thus completing the circuit. The
Farthest Insertion algorithm is particularly noted for its ability to produce highly efficient and often near-optimal solutions for
the TSP. By always selecting the farthest city, the algorithm effectively minimizes the risk of creating suboptimal local loops
that are common in simpler heuristics like the Nearest Neighbor. This method ensures a broader exploration of the solution
space, which often results in more effective overall tour configurations compared to those constructed using other heuristic
approaches.

The pseudo-code for the Farthest Insertion algorithm, as utilized in this study, can be outlined in the following steps.

Algorithm 2: Farthest Insertion Algorithm

1  pseudo tsp_farthest_insertion(distance matrix):

2 n = get the number of cities from the distance matrix

3 unvisited(cities) = set of cities from 1 to n (excluding 0)
4 current(city) =0

5 path = [current]
6

7

8

9

total = 0

while unvisited is not empty:
farthest(city) = city in unvisited maximum distance from current
closest(city) = city in path with the minimum to farthest

10 index = index of closest city in path
11 insert farthest city after index in path
12 current city = farthest city

13 remove farthest city from unvisited

14 add distance between the last and the starting (0) to total
15 append the starting city (0) to path

16 return path, total distance

17 end pseudo

2.2.3 Traditional 2-opt

The 2-opt [23-25] algorithm is a well-established local search heuristic extensively utilized to enhance the solutions
for the TSP. This algorithm operates on the principle of iteratively swapping pairs of non-adjacent edges within the current
solution. The primary aim of these swaps is to eliminate edge crossings that contribute to longer routes, thereby systematically
reducing the overall length of the tour. This process of swapping is repeated until the algorithm reaches a state where no
additional improvements in the tour length are possible, indicating a local optimum.

In practice, while the 2-opt algorithm does not ensure the discovery of the globally optimal solution, it is highly
regarded for its ability to deliver solutions of commendable quality with considerable efficiency. The effectiveness of the 2-
opt heuristic stems from its simplicity and the relatively low computational overhead involved in performing edge swaps,
making it particularly suitable for moderately sized problem instances where a near-optimal solution is acceptable.

The workings of the 2-opt algorithm can be concisely described using the following pseudo code, which delineates
the step-by-step process employed by the algorithm.

Algorithm 3: 2-opt Algorithm

1  pseudo tsp_2opt (distance matrix, num iterations=1000):

2 num cities = get the number of cities from the distance matrix
3 best path = list of cities in the order from 0 to num cities - 1
4 best distance = calculate distance (best path, distance matrix)
5
6
7
8

for _in range (num iterations):
improved = False
for i from 1 to num cities - 2:
for j from i + 1 to num cities:

9 ifj-i==1:

10 continue

11 new path = copy of best path

12 reverse the order of cities from index i to j in new path
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13 new distance = calculate (new path, distance matrix)
14 if new distance < best distance:

15 best path = new path

16 best distance = new distance

17 improved = True

18 if not improved:

19 break

20 return best path, best distance

21 end pseudo

2.2.4 2-opt with Random Shuffle (2-0ptRS)

This study aimed to enhance the efficiency of the 2-opt algorithm within the generate an initial tour using a
construction heuristic step. To achieve this objective, we introduced a random shuffle process, which entailed the random
rearrangement of the elements in each iteration. This additional step was implemented to increase the likelihood of obtaining
the shortest route.

For example, generate an initial tour step by the random shuffle.

Before random shuffle:

[12345678910111213141516171819]

After random shuffle:

[311 1914 2 41519 6 812 718161310 517]

The pseudo-code of random shuffle can be explained as follows.

Algorithm 4: 2-optRS Algorithm

1 pseudo tsp_20ptRS (distance matrix):

2 initial tour = range (1, num cities)

3 shuffle (initial tour)

4 tour = concatenate ([0], initial tour) // starting city O
5 improved tour = tsp_2opt(tour) // Algorithm 3

6 end pseudo

The 2-opt algorithm, widely used for its efficiency in refining solutions to the TSP, shows enhanced performance
when preceded by an initial random shuffle. This improvement can be attributed to several factors. Firstly, the random shuffle
facilitates a broader exploration of the solution space, allowing the algorithm to avoid local minima and potentially discover
more optimal routes. By starting with a varied initial solution, the algorithm is not confined to a narrow path that may lead to
suboptimal results. Additionally, this randomized approach helps in mitigating biases inherent in the input data. Such biases
might otherwise lead the algorithm to repeatedly favor certain patterns or sequences, thereby limiting its effectiveness. Lastly,
the random shuffle disrupts fixed patterns of connections, which are often a result of sequential or structured data inputs. This
disruption is crucial as it prevents the algorithm from settling into predictable loops and encourages the exploration of novel
pathways that may yield shorter circuits. Overall, the integration of a random shuffle into the 2-opt algorithm not only
diversifies the search process but also significantly enhances the possibility of finding a more efficient solution to the TSP
[26].

2.3. Evaluation Metrics

This study utilized the Python programming language for the development and experimentation of the algorithms.
The experiments were conducted by executing the code on a Colab Pro+ platform with a GPU V100. The evaluation metrics
for assessing the performance of each algorithm can include the following.

2.3.1 Distance Measurement

To accurately measure the effectiveness of each algorithm in solving the TSP, we calculate the total travel distance
of the tour generated by each algorithm [8, 27-28]. This calculation is performed by summing the distances between
consecutive cities as per the tour sequence determined by the algorithm. These distances are derived from a pre-established
matrix or direct measurements, ensuring that the data reflects realistic travel scenarios between locations.

For a comprehensive evaluation, each algorithm is subjected to multiple runs specifically, we execute each algorithm
10 times. This repetition is crucial for mitigating variations in performance due to stochastic elements or initial conditions in
the algorithms, especially those incorporating randomization techniques such as the 2-optRS. By running each algorithm
multiple times, we can more reliably assess their performance and ensure the robustness of our results.

After the runs, we identify and record the shortest total distance achieved in any of the cycles for each algorithm. This
step is essential as it allows us to focus on the best possible outcome for each algorithm, providing a clear basis for comparison.
We then compare these shortest distances across the different algorithms to determine their relative effectiveness. This
comparison not only highlights which algorithm is most efficient in terms of minimizing travel distance but also sheds light
on the potential trade-offs between the execution time and the optimality of the route. Selecting the tour with the shortest
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distance from among multiple runs ensures that our evaluation is not biased by outlier results and reflects a truly effective
solution to the TSP under the given conditions.

2.3.2 Runtime Performance

To thoroughly assess the performance of each algorithm in solving the TSP, we adopted a methodical approach by
focusing on the execution time as a key performance metric. Specifically, we executed each algorithm through a series of 10
iterations to ensure robustness in our measurements, capturing the runtime for each iteration [27-28]. This repetitive testing is
critical as it helps to mitigate any anomalies due to transient system conditions or external interferences that might affect
computational performance. After collecting runtime data from all ten trials, we computed the average execution time for each
algorithm. This average provides a reliable measure of the algorithm’s efficiency under controlled conditions and allows for a
fair comparison across different algorithms.

This quantitative method of evaluation using execution times enables us to systematically compare the computational
efficiency of each algorithm. By analyzing these times, we can identify which algorithm achieves its goal with minimal
processing time, thereby offering insights into its suitability for real time applications or scenarios where speed is paramount.
Furthermore, this approach helps in understanding the trade-offs between the quality of the solution provided by each algorithm
and the time it requires to reach that solution, thus guiding users in choosing the appropriate algorithm based on their specific
performance and efficiency needs.

3. RESULTS AND DISCUSSION

This section offers a detailed and systematic analysis of the experimental outcomes derived from the implementation
of the proposed algorithms, with an emphasis on evaluating their performance relative to conventional algorithms. The research
was conducted using geographical data from the northeastern region of Thailand, encompassing the central locations of 20
provinces. The actual distances between these provinces were meticulously sourced from Google Maps to ensure accuracy in
route measurements, and the detailed results of these measurements are systematically presented in Table 1.

To maintain consistency and comparability in our analysis, the city of Kalasin was designated as the starting point for
all algorithms across each iteration of the experiments. This consistent starting point ensures that the comparative analysis of
the algorithmic performance is fair and controlled, allowing for a direct evaluation of the efficiency and effectiveness of each
algorithm without confounding variables.

The core experimental results concerning the traditional 2-opt algorithm and the newly proposed 2-0ptRS algorithm
are encapsulated in Table 1. This table serves as a crucial comparative tool, illustrating both the total distance traversed by
each algorithm and the corresponding computational time required for each run. Specifically, the table delineates the
comparative performance of the 2-opt and 2-optRS algorithms, providing a detailed breakdown of processing times and the
total distances calculated. By presenting these metrics, the table enables a clear and direct comparison between the two
algorithms, highlighting differences in efficiency and effectiveness in solving the TSP under the specified conditions of the
study. Through this comparative analysis, we aim to illustrate the potential improvements in route optimization and
computational efficiency introduced by the 2-optRS algorithm.

Table 1. Comparative Performance of 2-opt and 2-optRS Algorithms

Times 2-opt 2-0ptRS
Total distance (km) | Runtime (sec) | Total distance (km) | Runtime (sec)
1 2161.1 0.00358 2509.5 0.00826
2 2161.1 0.00359 2225.9 0.00680
3 2161.1 0.00354 2174.1 0.00951
4 2161.1 0.00356 2363.5 0.00637
5 2161.1 0.00336 2090.0 0.00732
6 2161.1 0.00360 2114.6 0.00761
7 2161.1 0.00532 2002.5 0.00871
8 2161.1 0.00363 2068.8 0.01001
9 2161.1 0.00351 2344.2 0.00948
10 2161.1 0.00358 2213.5 0.01056

Table 1 provides a systematic comparison of the 2-opt and 2-optRS algorithms based on experimental results derived
from this study. It is evident from the data that the integration of a random shuffle technique into the conventional 2-opt
algorithm, denoted as 2-optRS, significantly enhances its capability to minimize the travel distance in the TSP. Specifically,
the minimum distance achieved by the 2-optRS algorithm was 2002.5 km, which presents a substantial improvement, reducing
the travel distance by 158.6 km compared to the traditional 2-opt algorithm, which consistently produced a distance of 2161.1
km across all runs.

However, this enhancement in route optimization comes with a trade-off in computational time. The data indicates
that the runtime required for the 2-optRS algorithm is consistently longer than that of the standard 2-opt. This increase in
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runtime highlights the computational cost associated with implementing the random shuffle procedure, which, while effective
in reducing the travel distance, demands more processing resources.

Figure 3 illustrates these findings visually, with part (a) displaying the path results obtained from the standard 2-opt
algorithm and part (b) showing the optimized path generated by the 2-optRS algorithm. This visual representation complements
the quantitative data presented in Table 1, providing a clear depiction of the practical impact of the algorithmic enhancements
on the TSP solutions.
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Figure 3. The path result: (a) 2-opt (b) 2-0ptRS (Our).

Figure 3 provides a visual comparison of the routes generated by the 2-opt and 2-optRS algorithms, offering a clear
illustration of their respective performance in solving the TSP in the northeastern region of Thailand. This figure comprises
two sub-figures: part (a) showing the path from the traditional 2-opt algorithm with a total distance of 2161.1 km, and part (b)
depicting the optimized path achieved by the 2-optRS algorithm, which recorded a shorter distance of 2002.5 km.

From the visual representation, it is evident that the path optimization achieved by the 2-optRS algorithm not only
reduces the total travel distance but also alters the travel sequence between provinces. This observation suggests that the
introduction of a random shuffle technique effectively diversifies the initial route configurations, thereby enabling the
algorithm to explore more varied paths that potentially bypass longer routes inherent in the initial setup used by the traditional
2-opt algorithm. The path generated by the 2-optRS algorithm (Figure 3b) demonstrates fewer long-distance connections
between provinces, which is indicative of a more efficient routing logic. In contrast, the 2-opt path (Figure 3a) includes several
extended travel links, which contribute to its overall longer circuit. This difference highlights the 2-optRS algorithm’s ability
to break away from less optimal initial solutions and explore a broader solution space that likely contributes to finding shorter
and more efficient routes.

Moreover, the comparative visual analysis also underscores the computational trade-off involved. While the 2-optRS
algorithm achieves a shorter path, it does so at the cost of increased runtime, as previously noted in Table 1. This trade-off is
a crucial consideration for practical applications where both route efficiency and computational resources are critical factors.
In conclusion, Figure 3 not only corroborates the quantitative data presented in Table 1 but also provides a graphical elucidation
of how the random shuffle mechanism enhances the performance of the 2-opt algorithm. The implications of these findings
are significant for optimizing logistic routes, reducing transportation costs, and improving overall operational efficiency in
geographical routing problems.
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Figure 4: The comparison results total distance and runtime.
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In this study, we conducted an extensive comparative analysis of various algorithms, including the newly developed
2-0ptRS, the traditional 2-opt, Nearest Neighbor (NN), and Farthest Insertion (FI) algorithms, focusing on their effectiveness
in solving the TSP. The primary metrics for this comparison were the total travel distance achieved by each algorithm and their
computational runtimes, as depicted in Figure 4.

The data from Figure 4 illustrates that the 2-optRS algorithm substantially outperforms the Nearest Neighbor and
Farthest Insertion algorithms in terms of minimizing the total travel distance. Specifically, the 2-0ptRS algorithm achieved a
total travel distance of 2002.5 km, significantly less than the 2284.6 km and 2946.7 km distances achieved by the Nearest
Neighbor and Farthest Insertion algorithms, respectively. This represents a reduction in travel distance of 282.1 km compared
to NN and 944.2 km compared to FI. This improvement highlights the efficacy of the 2-optRS algorithm in optimizing route
efficiency, leveraging the random shuffle technique to explore more effective pathways that reduce the overall travel distance.

However, the advancements in distance minimization come with a notable increase in computational time. As shown
in the figure, while the 2-optRS algorithm reduces the travel distance substantially, it also requires a longer processing time
marked at approximately 0.00847 seconds on average compared to 0.00015 seconds and 9e-05 seconds for the FI and NN
algorithms, respectively. This increase in runtime is attributed to the more complex computations involved in the random
shuffle and subsequent optimization steps in the 2-optRS algorithm.

The comparative analysis [29] underscores a critical trade-off between minimizing travel distance and optimizing
computational efficiency. While the 2-optRS algorithm offers significant improvements in route optimization, the increased
runtime could be a limiting factor in scenarios where both time efficiency and distance minimization are crucial.

In conclusion, the results from Figure 4 provide a comprehensive overview of the strengths and limitations of the 2-
optRS algorithm compared to traditional TSP-solving methods. It highlights the potential of advanced optimization techniques
to significantly enhance route efficiency at the expense of increased computational demand. This balanced evaluation is crucial
for practical applications, where the choice of algorithm may depend on specific operational requirements and constraints. The
findings serve as a valuable benchmark for future research and applications in route optimization within logistic and
transportation planning domains.

4., CONCLUSION

This research focused on investigating the TSP and aimed to compare the performance of various heuristic algorithms,
including nearest neighbor, farthest insertion, the traditional 2-opt algorithm, and the author's proposed algorithm that
incorporates an enhancement to the 2-opt algorithm by introducing a random shuffle (2-optRS). The study collected new real
route information from Google Maps, specifically from the northeastern region of Thailand, encompassing a total of 20
provinces. The dataset used in this study is made available for future research and interested parties [30]. Through extensive
experimentation, the results demonstrated that the proposed algorithm outperformed all other algorithms by consistently
yielding shorter total distances. This finding underscores the effectiveness of the proposed method in achieving improved
solutions to the TSP. The research findings contribute to the existing body of knowledge on TSP-solving algorithms and offer
potential insights for practical applications in optimizing travel routes and logistics planning. Further investigations can be
conducted to explore the algorithm's performance on larger datasets or to examine its adaptability to different geographical
regions or problem instances.
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