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Abstract

The purpose of this paper is to optimize the tourism path to make the distance shorter. The article first constructed a model
for tourism route planning and then used particle swarm optimization (PSO), genetic algorithm (GA), and ant colony
algorithms to solve the model separately. Finally, a simulation experiment was conducted on tourist attractions in the
suburbs of Taiyuan City to compare the path optimization performance of the three algorithms. The three path optimization
algorithms all converged during the process of finding the optimal path. Among them, the ant colony algorithm exhibited
the fastest and most stable convergence, resulting in the smallest model fitness value. The travel route obtained through
the ant colony algorithm had the shortest distance, and this algorithm required minimal time for optimization. The novelty
of this article lies in the enumeration and description of various algorithms used for optimizing travel paths, as well as the
comparison of three different travel route optimization algorithms through simulation experiments.

Keywords: Tourism; Path Planning; Genetic Algorithm; Particle Swarm Optimization; Ant Colony Algorithm.

1. Introduction

The tourism industry has always been an important part of the global economy, attracting a large number of tourists
seeking different cultural, historical, natural, and entertainment experiences worldwide [1]. However, tourists face
numerous challenges during their journeys, and one of them is how to optimize their time and resources while exploring
as many areas of interest as possible. Tourism path optimization is a method that utilizes computer algorithms [2] to
determine travel routes with the aim of enabling visitors to see multiple attractions within a specific timeframe. It uses
mathematical models and algorithms to calculate the optimal path by considering factors such as distance, transportation
options, time constraints, and individual preferences and needs of tourists [3].

Tourism path optimization techniques can help tourists save time and money while enhancing their exploration and
experiences at the destination. As artificial intelligence and machine learning algorithms advance, tourism path
optimization techniques have become increasingly precise and personalized. Wu et al. [4] proposed a utility function for
the tourism experience and established an optimization model for tourism route planning. The experimental results
showed that tourist attraction preferences, attention to travel time, and travel cost significantly influenced tourism route
planning. Zhang et al. [5] put forward a route planning method that comprehensively considers factors such as distance
between sites, initial travel position, initial departure time, travel time, total cost, site scores, and popularity. The method
was analyzed through real data experiments, and the results showed that the genetic algorithm (GA) had better
performance than two benchmark algorithms in terms of running time.
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Zhu et al. [6] selected route information formats for setting tourism nodes in coastal cities with natural hot springs
and used a multi-objective optimization algorithm to identify key routes for tourism in these cities. The results showed
that, compared with traditional models, the proposed model obtained paths with shorter travel times. Khamsing et al. [7]
proposed a solution to the problem of family travel routes by considering daily time windows and utilizing an enhanced
adaptive large neighborhood search method for its resolution. The findings demonstrated that this approach was
beneficial for tourism organizations when devising route plans. Hirano and Yamamoto [8] developed a tourist planning
support system aimed at determining lunch and dinner locations, sightseeing spots en route, as well as optimal routes. A
preliminary questionnaire survey revealed that users highly appreciated the functionality provided by this system. Chen
et al. [9] proposed a method that combines user clustering, an improved GA, and a rectangular region path planning
algorithm to design personalized travel routes for users. Theoretical analysis and experimental evaluation showed that
this method outperformed other methods in terms of route prediction and area coverage.

Xu et al. [10] introduced an adaptive 2-opt_integral non-dominated sorting GA (AONSGA) for desighing museum
tour routes. Computational results demonstrated that the AONSGA exhibited better convergence and diversity compared
to the non-dominated sorting GA-Il. Zhang et al. [11] proposed research strategies for customizing tourism e-commerce
using big data algorithms such as random forest, support vector machine, and Bayesian estimation. The results showed
that 79.84% of customers were willing to repurchase related products after experiencing personalized travel services
through big data technology.

Damos et al. [12] proposed a city tourism route planning method based on a multi-objective GA that was more
accurate and intuitive compared to existing methods. In previous related studies, different researchers have proposed
various tourism route planning methods. However, the focus of these studies was mainly on developing tourism route
planning models that can be used to measure the quality of planned routes, while this paper emphasizes the optimization
algorithms for solving the route planning models. This article briefly introduces a tourism path planning model used to
measure the quality of tourism planning routes and three tourism path planning algorithms based on particle swarm
optimization (PSO), GA, and ant colony algorithms that could solve the model. Then, a simulation experiment was
conducted using tourist attractions in the suburbs of Taiyuan City. The main difficulty of this article lies in the
construction of the tourist route planning model. If all factors were fully considered, the model would become complex,
and the computational difficulty would greatly increase. Therefore, when constructing the model, some conditions have
been simplified. The main contribution of this article lies in the research on PSO, GA, and ant colony algorithms,
providing effective references for optimizing travel routes. The structure of this article consists of an abstract, an
introduction, a description of the tourism path algorithm, simulation experiments, discussion, and a conclusion.

2. Travel Path Optimization Algorithm
2.1. Path Planning Model for Travel

Before optimizing the tourism path, it is first necessary to construct a tourism path planning model, which is used to
measure the goodness and feasibility of the planned path [13]. By using the total travel time, a tourism path planning
model can be constructed with the aim of enhancing the tourist experience by minimizing their travel time. In this model,
the target value of the tourism path plan is determined by summing up both travel time between attractions and tour time
at each attraction, which can be minimized by adjusting the order of attractions in the path plan [7, 14].

The total travel time can intuitively reflect the time spent by tourists in tourism. However, in real life, due to traffic
jams or congestion at attractions and other factors, the travel time becomes uncertain. The path length between attractions
is usually kept constant. Therefore, this paper uses the travel distance to measure the path scheme. The mathematical
expression of the path planning model [15] is:

objective function:
mins = YL, Y, sy (1)

conditional function

o= {1 tourists from point i to point j
! 0 other
Ti]' X rji =0 (2)
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where s is the total distance of the path scheme, s;; is the distance from attraction i to attraction j, r;; is the decision
variable, and N is the total number of attractions. The objective function can minimize the total distance of the path
scheme, and the conditional function can ensure that the tourists in the path scheme can traverse all the attractions at
once and finally return to the starting point through the decision variable [16]. The second condition in the conditional
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function ensures that there are no round trips in the path, the third condition ensures that the path eventually returns to
the starting point, and the fourth condition ensures that all scenic spots are visited at once.

2.2. PSO-based Path Planning Algorithm

After establishing the path planning model of the tour, the model can be solved to obtain the optimal path solution.
The exhaustive method lists all feasible solutions and finds the optimal solution among them, which can be considered
as the most accurate way to solve the path planning model. However, this method becomes computationally intensive
when dealing with path planning for multiple attractions [17-19].

The PSO algorithm generates more than one particle in the "search space" when planning tourism paths. The number
of axes in the "search space" is influenced by the number of attractions, and the sequence of coordinates of each particle
represents the order of visiting attractions. By substituting the path scheme represented by each particle into the path
planning model, the path length obtained after calculation is the fitness value of the particle. When the PSO algorithm
searches for the optimal tourism path scheme, the fitness value represented by the objective function of the path model
is used as a guiding direction to adjust particle positions in the space through an iterative formula until the desired goal
is achieved. The iterative formula is:

{vi(t +1) =@v(t) + ¢ (Pi(8) — (1)) + c212(Gy (8) — x:(8))

x(t+1) =x(t) +v(t+ 1) 3)

where v;(t + 1) and x; (t + 1) denote the velocity and position of particle i after one iteration, v;(t) and x;(t) denote
the velocity and position of particle i before the iteration, @ is the inertia weight of the particle, ¢, and c, represent
learning factors, r; and r, represent random numbers between 0 and 1.

2.3. GA-based Path Planning Algorithm

GA is also an optimization algorithm [20] that mimics the evolutionary process in nature. GA generates more than
one chromosome when planning tourism paths, and each of which represents a path scheme. The genetic sequence of
the chromosomes is the order of visiting the attractions. By substituting the path scheme represented by each
chromosome into the path planning model, the path length obtained after calculation is the fitness value of the
chromosome. GA takes the existing chromosome population as parents, selects, crosses over, and mutates them to obtain
offspring. Then it calculates the fitness value of the offspring chromosomes. These iterative operations are repeated until
the fitness value of the population reaches the termination condition. The iterative operation is at the core of GA. The
selection operation involves reserving the best chromosome from the parent population to the offspring population, and
roulette wheel selection is often used to determine which chromosome becomes an offspring. The crossover operation
randomly selects two chromosomes according to the preset crossover probability and swaps the codes at the same gene
position to generate offspring chromosomes. The mutation operation changes the code of a gene position in a
chromosome according to the preset mutation probability. The planning of the paths in this paper needs to ensure that
each attraction is passed through only once, so some adjustments are needed when performing crossover and mutation
operations. The crossover operation, as shown in Figure 1, exchanges gene fragments from the same part of two
chromosomes. However, duplicate fragments may appear in the exchanged offspring chromosomes, necessitating
conflict adjustment. In the mutation operation, where only a single gene fragment is randomly transformed, duplicate
fragments may also occur. Therefore, this paper proposes swapping two fragments in the chromosome as the mutation
operation.

Parent Offspring Offspring
population 1 1113[4]2]6]5] population 1| 1/ 3[1[4]3]5] 532;“3 EOPUIat'O” 11/3[1]4]6]5]
Parent gﬁiﬁ;ﬂ?mfspring Offspri
population2‘5‘6|1|4|3|2‘ population2‘5‘6l4lzl6|2‘ popu?§t2?32‘5‘6|4|2|3|2‘
(1) Crossover operation
Mutatig

0
exchange

Offspring E

population

P
e+ [113[@]2[6]5]

(2) Mutation operation

Figure 1. Schematic diagram of crossover and mutation operations
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2.4. Path Planning Algorithm based on Ant Colony Algorithm

The ant colony algorithm is also a commonly used path planning algorithm for optimizing tourism paths [21]. When
using the ant colony algorithm to optimize the tourist path, the size of the ant colony is first determined, and then the
ants in the colony randomly select the next attraction based on a certain probability. The formula for calculating the
probability is:

6
wij(u)nfj

——— j €& tabu(r
Py () = { Ty aliong; € 400

4
0 otherwise

where w;; is the residual pheromone, 6 is the importance of the pheromone [22], n;; is the heuristic factor of the path, o
is the importance of the heuristic factor, tabu(r) is the tabu table, and P/;(u) is the probability of selecting the next
node. The ants in the colony traverse all attractions for one iteration, and then the pheromone on the path is updated
according to the path taken by the ants. The update formula is:

wij(u+1) =pw;j(u) + Adwi(u+1)
IkAwirj w+1) = {S‘r The path of ant r contains edge (i, j) in this iteration

0 else
where p is the pheromone residual coefficient, Aw;; (u + 1) is the pheromone increment on the path from attraction i to
attraction j [23], m is the number of ants in the colony, Awj;(u + 1) is the pheromone increment of ant r on the path
from attraction i to attraction j, @ is the amount of pheromone that ants can release, and s, is the length of the path

searched by ant r, i.e., the objective function.

3. Simulation Experiments
3.1. Experimental environment

The experiments in this paper were carried out on a laboratory server with configurations of Windows 7 system, 16
G memory, and 17 processor. The Matlab simulation platform was used to implement the model algorithm.

3.2. Experimental Setup

The three path planning algorithms were preliminarily tested using the Benchmark27 problem, followed by
simulation experiments conducted at tourist attractions in the suburbs of Taiyuan city. The geographical location of
Taiyuan City is illustrated in Figure 2. The map of the suburbs around Taiyuan city and the topology of the target
attractions are shown in Figure 3. The feasible paths between the attractions in the simulation experiments are simplified
to line segments connecting the nodes in the topology diagram, which facilitates their calculation. Table 1 shows the
node numbers corresponding to the attraction names, where node 0 represents both the starting and ending point of the
self-driving tour, while the remaining ten nodes represent target attractions. The distances between the nodes are shown
in Table 2.

Figure 2. The geographical location of Taiyuan City
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Table 1. Names of attractions corresponding to node numbers
Node number Name of the attraction Node number Name of the attraction

0 Taiyuan South Station 7 Gengyang Suburban Forest Park
1 Jiulong International Cultural and Ecological Tourism Park 8 Yuquanshan Suburban Forest Park
2 Dongshan Wulong Suburban Forest Park 9 Xishan Changfeng Suburban Forest Park
3 Taitai Mountain Scenic Area 10 Jinyang Lake Park
4 Waujinshan Carnival Valley 11 Taiyuan Forest Park
5 Caiwei Manor 12 Taiyuan Zoo
6 Nanzhai Park 13 Double-tower Park

Table 2. Distance between tourist attractions (unit: km)

Number 0 1 2 3 4 5 6 7 8 9 10 11 12 13

0 0

1 6 0

2 6.7 43 0

3 / 9.7 6.7 0

4 /104 102 65 0

5 / / / 114 180 O

6 / / / / / 8.7 0

7 / / / / / /104 O
/ / / / / /112 37 O

10 9.7 / / / / / / / / 6.3 0

11 / / / / / / 77 91 72 110 / 0

12 / / / 12.6 / 53 87 / /138 169 42 0

13 6.2 / 6.7 116 / / / / /113 115 [/ 72 O

The basic flow of the three algorithms is shown in Figure 4.
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Figure 4. The basic flow of three algorithms

The relevant parameters of the PSO-based path planning algorithm are shown below. The population size was set to
20, learning factors c¢; and c, were 1.5 and 1.0, respectively, the inertia weight was 0.6, and the maximum number of
iterations was 300.

The relevant parameters of the GA-based path planning algorithm were set as follows. The population size was 20.
The crossover probability was 0.6. The mutation probability was 0.1. The maximum number of iterations was 300.

The relevant parameters of the ant colony algorithm were set as follows. The colony size was set to 20. The
pheromone residual coefficient was 0.5. The pheromone that the ants can release was set to 600. 6 and o were set to 3.
The maximum number of iterations was 300. The above parameters were obtained by orthogonal experiments.

3.3. Experimental Results

The Benchmark27 problem was used to preliminarily test three path planning algorithms. The planning results of the
three path planning algorithms are shown in Figure 5. The PSO-based path planning algorithm obtained a path scheme
with a distance of 14,603, the GA-based path planning algorithm obtained a path scheme with a distance of 14,512, and
the path planning algorithm based on the ant colony algorithm obtained a path scheme with a distance of 14,397. It was
observed from Figure 5 that the shortest path distance was obtained by using the ant colony algorithm, and the longest
path distance was obtained by using the PSO algorithm.

The iterative convergence curves of the three path planning algorithms in the optimization process are shown in
Figure 6. The fitness values of the path schemes derived by the three path planning algorithms converged as the number
of iterations grew. The ACO-based path planning algorithm had the fastest decrease in fitness value during convergence
and reached a stable state after approximately 30 iterations. The fitness value of the GA-based path planning algorithm
decreased the second fastest and converged to a stable state after about 100 iterations and stabilized after about 120
iterations. The fitness value of the PSO-based path planning algorithm decreased the slowest and converged to a stable
state after about 170 iterations and stabilized after 200 iterations. The PSO-based path planning algorithm had the slowest
decrease in fitness value, converging to a stable state after approximately 170 iterations and stabilizing around 200
iterations. In addition, it was observed from Figure 4 that the scheme obtained by the PSO algorithm had the highest
fitness value, the scheme obtained by the GA had the second highest fitness value, and the scheme obtained by the ant
colony algorithm had the lowest fitness value once all the algorithms reached stability.
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PSO GA Ant colony algorithm

Figure 5. Planning results of three path planning algorithms for Benchmark27 problem
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Figure 6. Iteration curves of three path planning algorithms

The travel path schemes and computation times provided by the three path planning algorithms are shown in Figure
7 and Table 3. The path given by the PSO-based path planning algorithm had a distance of 125.7 km and a computation
time of 203.5 s. The path given by the GA-based path planning algorithm had a distance of 120.3 km and a computation
time of 175.3 s. The path solution given by the ant colony algorithm-based path planning algorithm had a distance of
105.4 km and a computation time of 55.6 s. The comparison of Figure 7 and Table 3 revealed that the path provided by
the PSO-based path planning algorithm had the longest distance and highest computation time, followed by the path
provided by the GA-based path planning algorithm, and the path provided by the ant colony algorithm-based algorithm
had the shortest distance and computation time.

b

PSO

Ant colony algorithm

Figure 7. Travel path schemes given by the three path planning algorithms
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Table 3. Path schemes given by the three path planning algorithms and the computational time consumed

Path planning algorithm Path schemes Program distance/lkm  Computational time/s
PSO algorithm 0-2-1-3-4-5-6-7-8-11-12-9-13-10-0 125.7 203.5
GA 0-1-2-3-4-5-12-6-7-8-11-9-13-10-0 120.3 175.3
Ant colony algorithm 0-1-2-4-3-5-6-12-11-7-8-9-10-13-0 105.4 55.6
4. Discussion

With the booming development of the tourism industry, an increasing number of tourists are choosing to enjoy their
holidays through self-guided tours and self-driving trips. During the travel process, how to plan a cost-effective and
time-saving route becomes a concern for travelers. Travel route planning can be seen as a form of path optimization
problem, where path optimization is essentially a combinatorial optimization problem with the goal of finding an optimal
path given the starting point and destination. In the optimization of travel routes, the optimal path usually refers to the
route that reaches the destination in the shortest time or requires the minimum cost within a given time. Algorithms used
to solve this problem include Dijkstra's algorithm, the genetic algorithm, etc. This article first constructs a tourism path
planning model for evaluating the quality of travel routes. Then, the PSO, GA, and ant colony algorithms were proposed
to solve the path planning model.

A case study was conducted using tourist attractions around Taiyuan City, and the final results are shown as
mentioned above. In the basic Benchmark 27 problems, the ant colony algorithm obtained the shortest path; when
selecting actual tourist attractions, it converged the fastest and had a small fitness value after convergence to stability.
The final path-planning solution obtained was also superior using the ant colony algorithm. The reasons are as follows:
The PSO algorithm relies on the current best particle and the historical best position of particles during the optimization
iteration process. Once these two positions fall into a local optimum, it will cause the entire particle swarm to converge
towards a local optimal solution. During the process of optimization iteration, the GA relies on chromosome crossover
and mutation operations, which are influenced by the probabilities of crossover and mutation. The settings of these two
probabilities directly impact the effectiveness and efficiency of convergence for the entire population. If these
probabilities are set too high, it becomes challenging to stabilize excellent planning solutions; if they are set too low, it
reduces the optimization efficiency of chromosomes. However, determining these probabilities typically depends on
experience, which means that they may not be suitable. The ant colony algorithm uses the 'ant colony' to navigate
between tourist attractions, finding feasible paths and utilizing residual pheromones left by ants on the path to guide
subsequent iterations of the ant colony in selecting a path. In the optimization process, the concentration of pheromones
plays a crucial role in guiding the ant colony and depends on the length of the path, which is not influenced by local
optima. Therefore, this algorithm exhibits better optimization performance compared to the other two algorithms.

5. Conclusion

This article briefly introduces a tourism path planning model used to measure the quality of tourism planning routes.
It also discussed three tourism path planning algorithms based on PSO, GA, and the ant colony algorithm and used them
to solve the model. Then, a simulation experiment was conducted using tourist attractions in the suburbs of Taiyuan
City. The results are as follows: As the number of iterations increased, all three path-planning algorithms converged.
The ant colony algorithm-based planning algorithm converged to a stable state after about 30 iterations, the GA-based
planning algorithm converged to a stable state after about 100 iterations, and the PSO-based planning algorithm
converged to a stable state after about 170 iterations. After convergence to a stable state, the PSO-based planning
algorithm had the highest fitness value, followed by the GA-based planning algorithm, while the ant colony algorithm-
based planning algorithm had the lowest fitness value. The path scheme provided by the PSO-based planning algorithm
was "0-2-1-3-4-5-6-7-8-11-12-9-13-10-0" with a distance of 125.7 km and a computation time of 203.5 s. The path
scheme provided by the GA-based planning algorithm was "0-1-2-3-4-5-12-6-7-8-11-9-13-10-0" with a distance of 120.3
km and a computation time of 175.3 s. The path scheme provided by the ant colony algorithm-based planning algorithm
was "0-1-2-4-3-5-6-12-11-7-8-9-10-13-0" with a distance of 105.4 km and a computation time of 55.6 s.

6. Declarations
6.1. Data Availability Statement

The data presented in this study are available in the article.

6.2. Funding

The author received no financial support for the research, authorship, and/or publication of this article.

409



HighTech and Innovation Journal Vol. 4, No. 2, June, 2023

6.3. Institutional Review Board Statement

Not applicable.

6.4. Informed Consent Statement

Not applicable.

6.5. Declaration of Competing Interest

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

7. References

[1] Yu, C., & Zhang, H. (2020). Research on experiential tourism route planning based on multi-source data algorithm in rich energy
and cultural resources areas. Journal of Physics: Conference Series, 1648(2), 1-5. doi:10.1088/1742-6596/1648/2/022034.

[2] Dayoub, B., Yang, P., Dayoub, A., Omran, S., & Li, H. (2020). The role of cultural routes in sustainable tourism development: A
case study of Syria’s spiritual route. International Journal of Sustainable Development and Planning, 15(6), 865-874.
doi:10.18280/ijsdp.150610.

[3] Qu, Z. (2020). Construction of Tourism Planning Information System Based on Ant Colony Algorithm. Journal of Physics:
Conference Series, 1533(2), 022101. doi:10.1088/1742-6596/1533/2/022101.

[4] Wu, X., Guan, H., Han, Y., & Ma, J. (2017). A tour route planning model for tourism experience utility maximization. Advances
in Mechanical Engineering, 9(10). doi:10.1177/16878140177323009.

[5] Zhang, Y., Jiao, L., Yu, Z., Lin, Z., & Gan, M. (2020). A Tourism Route-Planning Approach Based on Comprehensive
Attractiveness. IEEE Access, 8, 39536-39547. d0i:10.1109/ACCESS.2020.2967060.

[6] Zhu, Y., & Lan, S. (2020). Key Route Planning Models of Natural Hot Spring Tourism in Coastal Cities. Journal of Coastal
Research, 103(sp1), 1084. d0i:10.2112/S1103-226.1.

[7] Khamsing, N., Chindaprasert, K., Pitakaso, R., Sirirak, W., & Theeraviriya, C. (2021). Modified ALNS Algorithm for a Processing
Application of Family Tourist Route Planning: A Case Study of Buriram in Thailand. Computation, 9(2), 23.
doi:10.3390/computation9020023.

[8] Hirano, M., & Yamamoto, K. (2022). Food Tourism Planning Support System within Urban Sightseeing Areas in Japan. Journal
of Geographic Information System, 14(05), 389-409. doi:10.4236/jgis.2022.145021.

[9] Chen, C., Zhang, S., Yu, Q., Ye, Z,, Ye, Z., & Hu, F. (2021). Personalized travel route recommendation algorithm based on
improved genetic algorithm. Journal of Intelligent &amp; Fuzzy Systems, 40(3), 4407-4423. doi:10.3233/jifs-201218.

[10] Xu, Y., Guo, Q., Tan, A., Xu, L., Tu, Y., & Liu, S. (2021). Multi-objective Route Planning of Museum Guide based on an
Improved NSGA-I1 Algorithm. Journal of Physics: Conference Series, 1828(1), 012051. doi:10.1088/1742-6596/1828/1/012051.

[11] Zhang, H., Guo, T., & Su, X. (2021). Application of Big Data Technology in the Impact of Tourism E-Commerce on Tourism
Planning. Complexity, 2021, 1-10. doi:10.1155/2021/9925260.

[12] Damos, M. A., Zhu, J., Li, W., Hassan, A., & Khalifa, E. (2021). A novel urban tourism path planning approach based on a
multiobjective genetic algorithm. ISPRS International Journal of Geo-Information, 10(8). doi:10.3390/ijgi10080530.

[13] Xiao, Z., Sen, L., Yunfei, F., Bin, L., Boyuan, Z., & Bang, L. (2017). Tourism Route Decision Support Based on Neural Net
Buffer Analysis. Procedia Computer Science, 107, 243-247. doi:10.1016/j.procs.2017.03.086.

[14] Milosevi¢, P., MiloSevi¢, V., & Milosevi¢, G. (2022). Investigation Architecture and Environmental Planning in Prehistory for
Designing an Ecologically Sustainable Tourist Resort. Journal of Human, Earth, and Future, 3(1), 99-128. doi:10.28991/HEF-
2022-03-01-08.

[15] Mei, Y. (2018). Study on the application and improvement of ant colony algorithm in terminal tour route planning under Android
platform. Journal of Intelligent and Fuzzy Systems, 35(3), 2761-2768. doi:10.3233/JIFS-169628.

[16] Zhou, X., Su, M., Liu, Z., & Zhang, D. (2019). Smart tour route planning algorithm based on clustering center motive iteration
search. IEEE Access, 7, 185607-185633. doi:10.1109/ACCESS.2019.2960761.

[17] Wang, J. (2019). Research on the optimization of path information in the process of logistics distribution by improved ant colony
algorithm. Italian Journal of Pure and Applied Mathematics, 2019(41), 343-352.

[18] Anand, A., & George, V. (2022). Modeling Trip-generation and Distribution using Census, Partially Correct Household Data,
and GIS. Civil Engineering Journal, 8(9), 1936-1957. doi:10.28991/CEJ-2022-08-09-013.

410


https://doi.org/10.28991/HEF-2022-03-01-08
https://doi.org/10.28991/HEF-2022-03-01-08

HighTech and Innovation Journal Vol. 4, No. 2, June, 2023

[19] Theocharis, N., Leligou, H. C., & Tseles, D. (2022). Innovation for People with Disabilities in Hospitality Industry: A Theoretical
Approach. HighTech and Innovation Journal, 3(1), 102-114. doi:10.28991/H1J-2022-03-01-010.

[20] Surono, S., Goh, K. W., Onn, C. W., Nurraihan, A., Siregar, N. S., Saeid, A. B., & Wijaya, T. T. (2022). Optimization of Markov
Weighted Fuzzy Time Series Forecasting Using Genetic Algorithm (GA) and Particle Swarm Optimization (PSO). Emerging
Science Journal, 6(6), 1375-1393. doi:10.28991/ESJ-2022-06-06-010.

[21] Wang, Y., Zhou, H., & Wang, Y. (2017). Research and application of genetic algorithm in path planning of logistics distribution
vehicle. AIP Conference Proceedings. doi:10.1063/1.4992864.

[22] Simi¢, D., Kovacevié, 1., Sviréevi¢, V., & Simi¢, S. (2014). Hybrid firefly model in routing heterogeneous fleet of vehicles in
logistics distribution. Logic Journal of the IGPL, 23(3), 521-532. doi:10.1093/jigpal/jzv011.

[23] Gu, W., Liu, Y., Wei, L. R., & Dong, B. K. (2015). A hybrid optimization algorithm for traveling salesman problem based on
geographical information system for logistics distribution. International Journal of Grid and Distributed Computing, 8(3), 359—
370. doi:10.14257/ijgdc.2015.8.3.33.

411



