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This article focuses on the path planning problem in intelligent tourism scenic areas and innovatively 

proposes a dual-mode Genetic-Ant Colony Optimization algorithm (GA-ACO). This algorithm cleverly 

combines the global exploration advantage of genetic algorithms (GA) with the local development 

expertise of ant colony optimization (ACO), constructing a multi-dimensional dynamic fitness function in 

real-time that incorporates both visitor preferences and dynamic environmental constraints (such as 

attraction congestion index and opening status), thereby achieving refined evaluation of path quality. The 

algorithm facilitates deep collaboration between GA and ACO through the design of pheromone-guided 

genetic operators (which prioritize high-quality path segments with high pheromone concentrations 

during selection, crossover, and mutation operations) and a bidirectional feedback mechanism (where 

elite solutions generated by GA are converted into the initial pheromone matrix for ACO, providing 

guidance for multi-modal search; the pheromone accumulated by ACO provides local heuristic 

information for GA), forming a closed-loop enhancement of global exploration and local development. 

Experiments show that, compared to traditional algorithms (such as pure GA and ACO), GA-ACO 

significantly outperforms key indicators like path length, number of iterations, and number of turns: the 

optimal path length is reduced by 6% compared to ACO, the average number of iterations is reduced by 

50%, and the number of turns is minimal (only 3.8 turns); compared to GA, path smoothness and energy 

efficiency are significantly improved. Additionally, it can accurately generate optimal paths in three-

dimensional space simulations, with reliability verification showing a prediction accuracy of 99.26%, and 

it has significant advantages in solving the total number of feasible paths and the time taken to find the 

optimal path, allowing for rapid responses to dynamic changes in scenic areas, thereby providing efficient 

and reliable solutions for path planning in intelligent scenic areas. 

Povzetek: Metoda GA-ACO za načrtovanje poti v pametnih turističnih območjih upošteva preference in 

dinamiko okolja ter v primerjavi z GA/ACO skrajša pot (~6 %), prepolovi iteracije (~50 %) in izboljša 

gladkost poti (99,26 % natančnost v 3D). 

 

 

1  Introduction 

The rapid integration of digital technology into the 

tourism industry has given rise to the concept of "smart 

tourist attractions" (SSA), marking a shift toward data-

driven, intelligent visitor management and service 

models. At the core of enhancing visitor experiences and 

optimizing operational efficiency in smart tourist 

attractions lies the capability for intelligent path planning. 

This functionality goes beyond simple navigation, 

dynamically coordinating visitor flow under complex 

real-time constraints to maximize visitor satisfaction 

while ensuring sustainable resource utilization and safety. 

While graph-based algorithms (such as Dijkstra's 

algorithm and A* algorithm) have proven effective in 

static network routing, their inherent limitations become 

particularly evident in the dynamic, multi-constraint 

environments of modern SSA. Typical characteristics of 

such environments include fluctuations in visitor density, 

time-varying attraction availability (e.g., operating hours, 

scheduled performances), heterogeneous visitor 

preferences (e.g., interest in  

specific attraction types, tolerance for walking/waiting), 

and dynamic changes in physical constraints (e.g., path 

congestion, queue lengths, attraction capacity limits). 

Consequently, traditional methods often produce 

suboptimal or infeasible paths that fail to adapt to the 

randomness and personalized nature of tourist 

experiences. 

In the face of these challenges, heuristic algorithms, 

especially those inspired by biological collective 

intelligence, have attracted widespread attention in the 

field of path planning in complex scenarios. GA and ACO 

stand out due to their inherent parallelism and ability to 

handle multi-objective optimization problems without 

requiring gradient information. GA excel at broad global 

exploration during the initial search phase, quickly 

identifying promising regions in the solution space. 
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However, they often struggle to achieve fine-grained 

local optimization in later stages due to premature 

convergence or population stagnation. In contrast, ACO 

leverages ant information (communicated via pheromone 

trails) to facilitate efficient local exploitation and positive 

feedback for high-quality paths. However, its 

performance heavily depends on the initial pheromone 

distribution and parameter tuning, often leading to slow 

initial convergence and a tendency to get stuck in local 

optima, especially in large-scale or sparse networks. 

Recognizing the complementary strengths and 

weaknesses of these methods, hybrid strategies have 

gradually become a promising research direction. This 

paper proposes a novel GA-ACO algorithm specifically 

designed for dynamic multi-objective path planning in 

intelligent tourist attractions, providing a solution that 

combines dynamic responsiveness with cultural privacy 

protection for cross-cultural intelligent interaction. 

The genetic-ant colony dual-peak algorithm (GA-

ACO) proposed in this paper achieves a deep 

collaborative mechanism by establishing a unified 

pheromone knowledge base. This framework employs 

pheromone-guided genetic operators, which prioritize the 

selection, crossover, and mutation operations to utilize 

high-quality path segments where pheromone 

concentration is high, thereby converting the search 

experience accumulated by ACO into a directed evolution 

strategy for GA. At the same time, the diverse elite 

solutions discovered by GA feed back to ACO through 

pheromone updates, providing it with multi-peak search 

guidance. This bidirectional feedback mechanism 

overcomes the initial search blindness and premature 

convergence issues of traditional ACO, while 

compensating for the weak local development capability 

of GA, creating a synergistic enhancement effect between 

global exploration and local refinement. Key parameters 

are optimized based on problem scale and algorithm 

mechanics: population size (50-100) balances diversity 

with efficiency, crossover probability (0.75-0.95) 

promotes gene recombination, and mutation probability 

(0.01-0.05) maintains population vitality; pheromone 

heuristic factor α (1.0-1.5) and expectation factor β (2.0-

5.0) coordinate the weights of experience and heuristic 

information, with evaporation coefficient ρ (0.1-0.5) 

controlling the speed of knowledge base updates. This 

integrated mechanism significantly enhances the 

optimization efficiency and solution quality of multi-

constraint scenic area path planning through a rigorous 

Lamarckian knowledge inheritance path. 

The core issues of intelligent scenic area route 

planning are threefold: first, the dynamism of the scenic 

area environment, where the status of attractions and path 

congestion changes in real-time, making traditional 

algorithms difficult to adapt; second, the heterogeneity of 

tourist demands, with significant differences in 

preferences for attraction types and walking intensity 

among different tourists, requiring personalized paths; 

third, performance bottlenecks of algorithms, where a 

single genetic algorithm (GA) is prone to local optima, 

and ant colony optimization (ACO) has blind initial 

exploration, making it hard to balance the breadth and 

precision of solution space exploration. The research 

objective is clear: to design a genetic-ant colony dual 

peak algorithm (GA-ACO) that, through a dual-mode 

collaborative mechanism, breaks through the limitations 

of traditional algorithms to achieve intelligent scenic area 

route optimization that takes into account personalized 

demands and planning efficiency in dynamic 

environments, thereby improving path quality and 

algorithm response speed. 

2 Theoretical analysis of traditional 

path planning algorithms 

2.1 Dijkstra's algorithm 

Dijkstra's algorithm was proposed in 1956 by Dutch 

computer scientist Ezhel Dijkstra, who is is an efficient, 

classical greedy algorithm for solving the shortest path 

from a fixed starting point to all other nodes in a graph 

with non-negative weights in a non-negative weighted 

graph.Dijkstra's algorithm gradually finds a globally 

optimal solution to the problem by continuously adding 

the node with the smallest current distance estimate to a 

“determined” set and relaxing its neighbors' distance 

estimates. Dijkstra's algorithm gradually finds the global 

optimal solution by continuously adding the node with 

the smallest current distance estimate to the “identified” 

set and relaxing the distance estimates of its neighbors. 

The core node relaxation equation is shown in (1.1), 

where 𝑑𝑖𝑠𝑡[𝑣] is the shortest distance from the starting 

point to 𝑣, 𝑤(𝑢, 𝑣) is the edge weights, 𝐴𝑑𝑗[𝑢] is the 

set of neighboring nodes of 𝑢 , 𝑑𝑖𝑠𝑡[𝑢]  and is a 

temporary estimate of the currently known shortest path 

length from the starting point to node 𝑢. 

 

𝑑𝑖𝑠𝑡[𝑣] = min(𝑑𝑖𝑠𝑡[𝑣], 𝑑𝑖𝑠𝑡[𝑢] + 𝑤(𝑢, 𝑣)) , ∀𝑣 ∈

𝐴𝑑𝑗[𝑢] (1.1) 

2.2 A* algorithm 

The A* algorithm, introduced by Hart et al. in 1968, 

improves upon Dijkstra's algorithm by incorporating a 

heuristic function. This function estimates the cost from 

the current node to the goal node, guiding the search 

process more efficiently toward the goal and significantly 

enhancing overall performance. However, the 

effectiveness of the A* algorithm is critically dependent 

on the design of its heuristic function. If the heuristic 

function is not properly designed, it may lead to 

inefficient search or even failure to find the optimal 

solution. In addition, in dynamic multi-constraint 

scenarios, the adaptability of the A* algorithm is not 

sufficient to meet the complex demands of intelligent 

scenic path planning. 
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The evaluation function of A* algorithm is shown in 

equation (1.2). In Equation (1.2), 𝑓(𝑛)  denotes the 

estimated total cost of reaching the goal through node n, 

𝑔(𝑛) denotes the distance from the start node to node 𝑛 

without costing the finger and ℎ(𝑛)  is the estimated 

costing the distance from the next point to the end point. 

The node with the smallest f(n) is prioritized in the A * 

algorithm. 

 

𝑓(𝑛) = 𝑔(𝑛) + ℎ(𝑛) (1.2) 

2.3 Genetic algorithms 

Developed by Holland in 1975, the Genetic Algorithm 

(GA) emulates Darwin's "survival of the fittest" principle 

and the processes of genetic inheritance and natural 

selection to search for optimal solutions. In path planning, 

GA encodes paths as “chromosomes” and optimizes the 

population iteratively through selection, crossover, 

mutation and other operations. In the path planning 

problem, the basic steps of GA are: randomly generating 

a set of possible paths as the initial population; calculating 

the fitness value of each individual, which is usually 

inversely proportional to the length of the path; selecting 

the best individuals for reproduction based on the fitness 

value; the probability of selection is usually proportional 

to the fitness value of an individual, i.e., the higher the 

fitness value of an individual, the higher the probability 

of being selected; and generating a new individual by 

exchanging part of the gene fragments of two individuals. 

gene segments to generate new individuals, where the 

crossover probability formula is shown in Equation (1.3). 

In Equation (1.3), 𝑃  denotes the crossover probability 

and 𝑓(𝑥𝑖)  denotes the fitness value of individual 𝑥𝑖 . 

Finally, a gene segment of an individual is randomly 

changed to maintain the diversity of the population. 

 

𝑃 = 𝑓(𝑥𝑖)/𝛴𝑓(𝑥𝑖) (1.3) 

2.4 Ant colony optimization 

ACO is an optimization algorithm that simulates the 

foraging behavior of ants proposed by Italian scholars 

Dorigo et al. in 1991. In the path planning problem, the 

ACO algorithm uses the positive feedback mechanism of 

pheromone to guide the ants to find the optimal path by 

simulating their behavior of releasing pheromone on the 

path. The transfer probability formula of the ACO 

algorithm is shown in Equation (1.4). 

 

 𝑃𝑖𝑗
𝑘 = [𝜏𝑖𝑗]𝑎 ∙ [𝜂𝑖𝑗]

𝛽
/𝛴

𝑙∈𝑁𝑖
𝑘[𝜏𝑖𝑙]𝑎 ∙ [𝜂𝑖𝑙]

𝛽 (1.4) 

 

In Equation (1.4), 𝑃𝑖𝑗
𝑘  is the probability that ant 𝑘 

transfers from node 𝑖  to node 𝑗   𝜏𝑖𝑗 is the information 

concentration or trajectory strength on the edge (𝑖 , 𝑗 )  
𝜂𝑖𝑗 is the heuristic information, which is the inverse of 

the distance between nodes i and j, both the shorter the 

distance between i and j, and the bigger the 𝜂𝑖𝑗 is, the 

stronger the attractiveness of the path  𝑎  is the 

pheromone factor, the bigger 𝑎 is, the more the ant tends 

to choose the pheromone concentration of higher path  𝛽 

is the heuristic factor, the larger 𝛽 is, the more the ant 

tends to choose the path with shorter distance  𝑁𝑖
𝑘 is the 

set of neighboring nodes, i.e., legitimate nodes that are 

not visited, that ant 𝑘 can choose at node 𝑖. 
 

2.5 Related work 
Research on path planning for smart tourist areas mainly 

revolves around three types of methods: traditional graph 

theory algorithms (Dijkstra, A*) can solve static path 

problems but cannot adapt to the dynamic constraints of 

tourist areas, and the A* algorithm is prone to local 

optimal solutions due to its dependency on heuristic 

functions  among single heuristic algorithms, GA has 

strong global exploration capabilities but weak local 

optimization, often leading to premature convergence, 

while ACO is efficient in local development but blindly 

explores initially and relies on parameter tuning, making 

it difficult to balance the breadth and precision of solution 

space exploration  the existing GA-ACO mixed 

algorithms are often loosely combined as 'GA search - 

ACO optimization', lacking bi-directional information 

feedback, and they do not design adaptation mechanisms 

specifically for smart tourist scenarios. The GA-ACO 

dual-mode algorithm proposed in this paper innovatively 

constructs a bi-directional collaborative mechanism of 

'global coarse search - local fine excavation - information 

feedback', guiding the genetic operators with pheromones 

and optimizing the elite solution pheromone matrix to 

achieve deep integration  at the same time, it designs a 

multi-dimensional dynamic fitness function specifically 

to adapt to the dynamic multi-constraint scenarios of 

smart tourist areas, overcoming the shortcomings of 

existing mixed algorithms in terms of synergy and 

adaptability to the scene, which is the core novelty 

distinguishing this paper from existing research. 

3 Genetic-ant colony bimodal 

algorithm for designing systems 

3.1 General description of the GA-ACO 

framework 

The Genetic-Ant Colony Bimodal Algorithm combines 

the global exploration capability of GA and the local 

development advantage of ACO, and solves the multi-

objective optimization problem of path planning in 

complex environments through the hierarchical 

mechanism of “coarse-grained global search - fine-

grained local optimization”. Figure 1 shows a hybrid 

optimization path planning system based on real-time 

visitor location data, which tightly couples the global 

search capability of genetic algorithm (GA) with the local 

optimization advantage of ant colony algorithm (ACO) 

through a co evolution mechanism. The system first sets 

key parameters such as iteration times, population size, 

pheromone weight, and volatility coefficient in the 
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initialization module and generates a random population. 

GA explores high-quality paths globally through integer 

encoding, crossover, mutation, and selection operations, 

and evaluates the scheme with a comprehensive fitness 

function F=f1+f2+f3; ACO refines and optimizes the path 

driven by pheromone distribution, probability selection 

model, and dynamic volatilization mechanism; The two 

achieve information exchange and performance 

improvement through "elite injection pheromone field" 

and "optimal path feedback population", ultimately 

outputting the optimal path solution visualized on the 

map, suitable for real-time dynamic environments such as 

scenic area navigation and robot path planning. 

 

 
 

Figure 1: General framework diagram of the system 

 

(1) Global search layer 

Based on the principle of survival of the fittest in 

biological evolution, diverse path solution spaces are 

generated through selection, crossover, mutation and 

other operations. This layer adopts integer coding to 

represent path sequences, avoiding the semantic gap of 

binary coding and adapting to the sequence-dependent 

characteristics of scenic paths. For example, for a scenic 

area containing individual attractions, the 

𝑣1, 𝑣2, 𝑣3, … , 𝑣𝑛 chromosome is encoded as, where 𝑋 is 

the attraction node number, ensuring that each node is 

visited only once. And the fusion of path length, visitor 

preference matching, and real-time congestion index sets 

the adaptatiIon function, which is Equation (2.1). 

 

1 2 3

1
Fitness( )

( ) ( ) ( )
X

L X U X C X  
=

+ +
 (2.1) 

 

In Equation (2.1), 𝐿(𝑋) is the total length of the 

path; 𝜔𝑖𝑗  is the preference weight of attraction 𝑖  to 

tourist 𝑗 ; 𝑈(𝑋)  is the preference mismatch degree, 

whose value is 𝛴(1 − 𝜔𝑖𝑗) ; 𝐶(𝑋) is the sum of 

congestion indices  𝑐𝑖𝑗 ; and 𝜔1, 𝜔2, 𝜔3  is the dynamic 

weighting coefficient, whose sum of the three is 1. 

 

 

(2) Local optimization layers 

The high-quality solution generated by the genetic 

algorithm is used as the initial pheromone distribution, 

and the local optimality of the path is strengthened by the 

positive feedback mechanism of the pheromone. The 

dynamic volatilization factor is introduced in this layer, 

and the volatilization rate calculation of the dynamic 

volatilization factor is calculated according to Equation 

(2.2). 

 

max/

min max min( ) ( )
t T

t e    −
= + −   (2.2) 

In Equation (2.2), 𝜌(𝑡)  is the pheromone 

volatilization rate at the moment 𝑡 , which varies 

dynamically with the number of iterations 𝑡; 𝛽𝑚𝑖𝑛  and 

𝛽𝑚𝑎𝑥  are the minimum and maximum values of the 

volatilization rate, respectively; 𝑇𝑚𝑎𝑥  is the maximum 

number of iterations preset by the algorithm; and 𝑡 is the 

normalized iteration process in the range 𝑡𝜖[0, 𝑇𝑚𝑎𝑥]. 
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(3) Co-evolutionary layer 

Design a two-way feedback mechanism, 

GA→ACO  where the elite solution of the genetic 

algorithm (the top 10% optimal individuals) is 

transformed into the initial value of the pheromone 

matrix; and the pheromone initialization process of the 

co-evolutionary layer in the GA-ACO, i.e., the generation 

of the initial pheromone matrix 𝜏𝑖𝑗
0  of the ACO by the 

elite solution of the GA , in order to steer the direction of 

the local optimization of the ACO, where the computation 

of the initial pheromone matrix 𝜏𝑖𝑗
0  is Equation (2.3). 

 

0

GA-best avg

exp
ij

ij

dQ

L D


 
=  −  

 

 (2.3) 

 

In the formula, 𝜏𝑖𝑗
0  is the initial pheromone 

concentration, which represents the initial pheromone 

strength on the path from node 𝑖  to node 𝑗 ; 𝑄  is the 

pheromone strength constant, which is used to regulate 

the overall strength of the pheromone; 𝐿𝐺𝐴−𝑏𝑒𝑠𝑡  is the 

total length of the path of the elite solution (the top 10% 

of the optimal individuals) generated by the genetic 

algorithm; 𝑑𝑖𝑗  is the direct distance from node 𝑖 to node 

𝑗  (the Euclidean distance or the actual path distance); 

𝐷𝑎𝑣𝑔  is the average value of the distances between all 

nodes; 𝑒𝑥𝑝 (−
𝑑𝑖𝑗

𝐷𝑎𝑣𝑔
) is the exponential decay function 

for adjusting the pheromone concentration according to 

the distance 𝐿𝐺𝐴−𝑏𝑒𝑠𝑡 . 

3.2 GA-ACO design steps 

During the algorithm initialization phase, the 

configuration of the parameter system is first completed, 

including the population size, crossover probability, 

mutation probability of the genetic algorithm, as well as 

key parameters of the ant colony algorithm such as 

pheromone heuristic factors, expected factors, and 

evaporation coefficients. An initial population is 

generated using a greedy rule-based construction method: 

starting from the initial attraction site, the algorithm 

iteratively selects the nearest unvisited adjacent attraction 

sites until a complete path is formed, obtaining diverse 

initial solutions through repeated construction. 

In the genetic evolution phase, pheromone-guided 

genetic operators are used to achieve directional 

evolution of the population. The selection operation 

employs a fitness proportionate selection strategy 

enhanced by pheromone, where the selection probability 

of individuals is proportional to the product of their path 

pheromone intensity and original fitness. The crossover 

operation uses an improved ordered crossover operator 

(OX), where the filling process of the offspring path is 

based on the transfer probabilities calculated from 

pheromone concentration and heuristic information, 

prioritizing edges with higher pheromone intensity for 

genetic segment recombination. The mutation operation 

uses a neighborhood search strategy based on pheromone 

probability, with a certain probability replacing the 

current edge with a neighboring edge that has a higher 

pheromone concentration. After each genetic operation, 

the population fitness is recalculated, and the current 

optimal solution is updated. In the ant colony 

optimization phase, the pheromone distribution is 

initialized with the current optimal path from the genetic 

algorithm, applying additional pheromone increments to 

the edges of the path.  

The ants choose their movement paths based on the 

state transition probability formula, which is determined 

by both the pheromone concentration and heuristic 

information. After all ants complete their path 

construction, the pheromone is globally updated based on 

the evaporation coefficient, and then pheromone 

increments are applied according to the quality of each 

ant's path, with high-quality paths receiving stronger 

pheromone enhancement. The dual algorithm achieves a 

coordinated evolutionary mechanism through the 

pheromone matrix and elite solution set. 

 The ant colony algorithm provides local heuristic 

information for the genetic operators through the 

pheromone matrix, guiding the genetic search towards 

regions of high-quality solutions; conversely, the genetic 

algorithm injects diversity solutions into the pheromone 

matrix through the elite solution set, preventing 

premature convergence of the ant colony. This 

bidirectional feedback mechanism creates a synergistic 

enhancement effect of global exploration and local 

optimization. The algorithm iterates through the 

aforementioned processes until the maximum iteration 

count or optimal solution stabilization criterion is 

reached, ultimately outputting the optimal path solution 

that integrates the advantages of both algorithms. 

The overall algorithm flow, designed according to 

the aforementioned Genetic-Ant Colony Bimodal 

Algorithm (GA-ACO) framework, is depicted in Figure 

2. 
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Figure 2: GA-ACO bimodal algorithm flow program diagram 

 

3.3 Experiment and result analysis 

To comprehensively evaluate the performance of the 

algorithm, the experiment compares GA-ACO with 

advanced algorithms such as the improved ant-lion 

optimizer, hybrid leapfrog algorithm, and multi-objective 

gray wolf optimizer. Through comparative analysis, it is 

concluded that all three algorithms can reach the endpoint 

from the starting point, but the effective path lengths and 

running times vary, as shown in Table 1 of the specific 

iteration results. The data indicates that the optimal path 

length using the GA-ACO bimodal algorithm is 6% less 

than that of the ACO algorithm, with an average of 50% 

fewer iterations, and it has the least number of loops and 

is the most energy-efficient. Its planned path better meets 

actual touring needs, verifying the algorithm's 

effectiveness and superiority in solving multi-constraint 

path planning problems. 

Figure 3 has showed the comparative analysis chart 

of the three algorithms. Due to the spatiality of the scenic 

path, the two-dimensionality and three-dimensionality of 

GA-ACO are simulated and analyzed during the 

experiment, in which the simulation parameters are 

shown in Table 2, and the specific experimental results 

are shown in Figure 4. It is concluded through the 

experiment that the best path can be obtained in three-

dimensional space by using GA-ACO, which proves that 

GA-ACO can be applied to scenic path planning in three-

dimensional space. 

 

 

   

   (a) Genetic algorithm path trajectories (b) Ant colony optimization path trajectory 
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(c) Genetic-Ant Colony Bimodal Algorithm Trajectory 

 

Figure 3: Comparative analysis chart of the three algorithms 

 

Table 1: Three algorithmic iterations datasheet 

 

Parameters 
Optimal path 

length 

Average path 

lengths 

Average number of 

iterations 

Average number of 

turns 

GA 30.98 31.23 19.45 9.20 

ACO 31.78 32.84 27.30 5.40 

GA-ACO 29.86 30.92 13.50 3.8 

 

 
Figure 4: GA-ACO three-dimensional spatial path analysis effect diagram 

 

Table 2: Genetic and ant colony optimization design parameters 

 

Arithmetic Initial number 
Maximum 

iterations 
Relevant parameters 

GA 50 400  =1 =8  1  0. 9   0. 1initial minQ   = = =， ， ， ，  

ACO 200 150 6 4 1 0.78 0.1 0.5c m maxa b c P P P= = = = = =， ， ， ， ，  
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Figure 5: Predictive residual analysis plot for GA-ACO algorithm 

 

Figure 5 shows the performance of the residual 

values of the GA-ACO predictions, respectively. The left 

panel shows the residual prediction values at 1-100 

predictions and the right panel shows the residual 

prediction values at 100-200 predictions. It can be 

concluded from Figure 5 that the mean value of the 

residuals at 1-100 predictions is smaller than 100-200 

predictions, and the maximum of the residuals at 1-200 

predictions is 17.3, the minimum is -1.2, and the average 

absolute residual value is 4.63, which indicates that the 

gap between the prediction using the algorithm and the 

actual result is small, and the algorithm has a high degree 

of credibility in the practical application. 

 

 
Figure 6: Predicted values of GA-ACO algorithm and predicted residual analysis plots 

 

 
Figure 7: Plot of actual values and actual residual analysis of GA-ACO algorithm 

 

Figure 6 and Figure 7 show the accuracy comparison 

of the GA-ACO proposed in this paper in the actual smart 

scenic area path selection, covering the size of the actual 

value and the predicted value under 200 calculations. It 

can be concluded from the data in Figure 6 and Figure 7 

that there is a certain error between the actual value and 

the predicted value under each calculation, but the error 

is controlled within 1%, and the accuracy between the 

predicted value and the actual value reaches 99.26% after 

the comprehensive calculation and analysis, which 

further verifies that GA-ACO has a high degree of 

reliability in intelligent scenic area path selection

. 
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Figure 8: Plot of solving time for the total number of paths for the three algorithms GA-ACO, GA, and ACO 

 

 

 
 

Figure 9: Optimal path solving time graphs for three algorithms GA-ACO, GA, and ACO 

 

Algorithm solution time reflects its responsiveness. 

To evaluate and compare the optimization performance 

of the Genetic Algorithm (GA), Ant Colony Optimization 

(ACO), and the GA-ACO hybrid algorithm (bimodal 

colony), we recorded the computation time required by 

each to complete the maximum iterations for two 

optimization objectives: (1) identifying the total number 

of feasible paths meeting the requirements, and (2) 

finding the optimal path. Results are presented in Figures 

8 and Figure 9. 

Analysis of Figure 8 reveals that the GA-ACO 

hybrid algorithm exhibited the shortest computation time 

for identifying the total feasible paths. The largest 

discrepancy in solution time among the three algorithms 

occurred at the 10th iteration, reaching a maximum 

difference of 102.21 s. 

Similarly, Figure 9 demonstrates that the GA-ACO 

hybrid algorithm also achieved the shortest computation 

time for determining the optimal path. The greatest 

difference in solution time, observed at the 10th iteration, 

was 16.2 s. 

 

4 Discussion 

This article conducts a sensitivity analysis of key 

parameters. The results indicate that the pheromone 

evaporation factor ρ and the pheromone enhancement 

coefficient Q significantly affect the algorithm's 

convergence and solution quality: a ρ value that is too 

high (e.g., ρ>0.8) causes the search to prematurely fall 

into local optima, while a value that is too low (e.g., 

ρ<0.3) reduces convergence efficiency; an increase in the 

Q value can enhance the ability to discover optimal paths, 

but improvements are limited after exceeding a threshold 

and increase computational burden. The crossover 

probability Pc and mutation probability Pm together 

influence population diversity: when Pc is maintained at 

0.6–0.8 and Pm is controlled at 0.05–0.15, the algorithm 

can maintain a good balance between exploration and 

exploitation. The number of ants m and the number of 

iterations T exhibit a synergistic effect: for medium-sized 

tourist attractions (number of nodes 50–100), m=30–50 

and T=100–200 can yield stable and high-quality 

solutions.  

 

 

 



280 Informatica 49 (2025) 271–282                                                                             Y. Wang et al. 

 

The sensitivity analysis confirms that parameters need to 

be dynamically adjusted according to the actual scale and 

complexity of the tourist attraction to balance planning 

efficiency and robustness. 

The experiment aimed to verify the performance of 

the Genetic Algorithm - Ant Colony Optimization (GA-

ACO), selecting standard Genetic Algorithm (GA), 

standard Ant Colony Algorithm (ACO), and improved 

Ant Lion Optimization (ALO) as controls. The 

independent variables included algorithm type, scenic 

area scene dimension (2D/3D), and visitor preference 

weights, while the dependent variables were path 

indicators (length, number of iterations, number of turns), 

solution time, and prediction accuracy. A digital model 

was constructed based on a medium-sized smart scenic 

area layout covering 15 km² with 20 core attractions, with 

key parameters set (GA population size of 50, crossover 

probability of 0.75, ACO pheromone heuristic factor of 

1.5, evaporation coefficient of 0.5). The computing 

environment used an Intel Core i7-12700H processor, 

32GB DDR4 memory, and Windows 10 system, 

implementing the algorithm and scene simulation based 

on Python 3.9 and Matplotlib 3.7. The results were 

validated through independent sample t-tests 

(significance level α=0.05), showing that the differences 

in optimal path length (6% shorter than ACO), number of 

iterations (reduced by 50%), and solution time were 

statistically significant (P<0.05). Moreover, the 

prediction accuracy in the 3D scene reached 99.26%, and 

residual analysis further confirmed the reliability of the 

algorithm. 

To further verify the performance of the genetic-ant 

colony optimization algorithm (GA-ACO), the 

experiment introduced RRT* (Rapidly-exploring 

Random Tree algorithm) and PRM (Probabilistic 

Roadmap algorithm) as benchmarks, comparing them in 

the same computing environment (Intel Core i7-12700H, 

32GB DDR4, Python 3.9) and a medium-sized scenic 

area model (including real-time congestion and tourist 

preference constraints). The results show that: in terms of 

path quality, the optimal path length of GA-ACO (29.86) 

is 13.5% shorter than RRT* (34.52) and 9.9% shorter 

than PRM (33.17), with the number of turns (3.8) 

significantly lower than both (11.6 and 9.3); in terms of 

efficiency, the optimal path solving time for GA-ACO 

(18.7s for the 10th iteration) is reduced by 56% compared 

to RRT* (42.5s) and by 41.4% compared to PRM (31.9s); 

in terms of dynamic adaptability, when sudden 

congestion occurs in the scenic area, the re-planning 

response time of GA-ACO (2.3s) is faster than that of 

RRT* (5.8s) and PRM (4.1s). An independent sample t-

test (α=0.05) confirms that the differences are statistically 

significant (P<0.05), further validating the advantages of 

GA-ACO.  

The results of 200 repeated calculations show that its 

optimal path length (29.86), average number of iterations 

(13.50), and other metrics are better than those of GA and 

ACO, with a standard deviation of metrics < 0.5, 

indicating small performance fluctuations; the prediction 

error is < 1%, accuracy reaches 99.26%, and the average 

absolute residual is only 4.63, with residual distribution 

being concentrated; the solving time is stable, and at the 

10th iteration, the time difference with GA and ACO 

reaches a maximum of 102.21s (total feasible paths) and 

16.2s (optimal path), with a coefficient of variation < 0.1; 

moreover, it can stably generate optimal paths in both 

two-dimensional and three-dimensional spaces, showing 

significant robustness and reliability. 

5  Conclusion 

The GA-ACO proposed in this paper performs well in 

intelligent scenic area path planning, successfully 

overcomes the dynamic multi-constraint path planning 

problem, and provides efficient, accurate and real-time 

responsive solutions for scenic area path planning, which 

vigorously promotes the development of intelligent 

guided tours. The multi-dimensional dynamic adaptive 

function of GA-ACO can accurately capture the dynamic 

changes of tourists' preferences and the environment, and 

integrate the real-time tourists' preferences and the 

dynamic environmental constraints to achieve a refined 

path quality assessment. The multi-dimensional dynamic 

fitness function of GA-ACO can accurately capture the 

dynamic changes of tourists' preferences and 

environment, integrate the real-time tourists' preferences 

and dynamic environment constraints, and realize the 

refined path quality assessment, which strongly supports 

the real multi-objective optimization for individuals and 

scenic spots. 

Experimental validation shows that GA-ACO has 

significant advantages in several key indicators. In terms 

of path length, compared with the ant colony 

optimization, the optimal path length of GA-ACO is 

reduced by 6%; in terms of iteration efficiency, the 

average number of iterations is reduced by 50%; in terms 

of turn optimization, GA-ACO has the least number of 

turns, which effectively improves the smoothness of the 

paths and energy saving; in the 3D space simulation, GA-

ACO can accurately find the optimal paths, which proves 

its applicability to path planning for scenic spots in 3D 

space; reliability verification results. In the three-

dimensional space simulation, GA-ACO can find the 

optimal path accurately, which proves that it is suitable 

for path planning in three-dimensional space in the scenic 

area; the results of reliability verification show that the 

algorithm's prediction residuals are small, and the 

prediction accuracy is as high as 99.26%, which indicates 

that GA-ACO has a high degree of reliability and 

trustworthiness in practical application; compared with 

the traditional algorithms, GA-ACO is shorter in the total 

number of paths and the optimal path resolution time, 

which is able to respond to the dynamic changes in the 

scenic area quickly and provide real-time and efficient 
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path planning service, which improves the tourists' 

experience. 
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