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Abstract:  

The traditional ant colony algorithm has played an important role in the evacuation path planning of ship 

personnel. By simulating the process of ants searching for food, it effectively solves the optimization problem 

of evacuation paths, improves evacuation efficiency and safety. However, traditional ant colony algorithm in 

path planning applications also has some shortcomings, such as the heuristic function does not introduce the 

distance of the target point, insufficient utilization of obstacle information, and insufficient difference in the 

probability of each node. Therefore, this paper proposes an improved ant colony algorithm to solve these 

problems. In view of  that the traditional ant colony algorithm converges slowly and easily falls into local 

optimum, the distance correction function is introduced into the heuristic function by combining the basic 

concept of the evaluation function of A* algorithm; the obstacle avoidance function is introduced to make the 

heuristic function guide the ants forward more reasonably; the smoothness function is introduced to reduce the 

number of turns and control the turning angle of the planned path. The effectiveness and applicability of the 

improved algorithm are verified through two sets of experiments, and the improved ant colony algorithm meets 

the needs of emergency evacuation of actual ship personnel. Simulation and experimental results show that the 

method proposed can solve the randomness of turning path selection at the early stage of the algorithm, has 

better global search ability and convergence, and performs better in the number of iterations and computation 

time, and can provide efficient and safe evacuation plan in the shortest time, which meets the demand of 

emergency evacuation of actual cruise ship personnel. 

Keywords:  improved ant colony algorithm, ship evacuation path, heuristic function, smoothness function.

INTRODUCTION 

Since the end of the last century, the world cruise tourism economy has been growing at an average annual rate 

of 8%, reaching two times the level of economic growth of the global tourism industry, known as "floating on the 

golden waterways of the gold industry". Compared with other ships, the internal structure of the cruise ship is 

more complex, at the same time, the number of passengers on board, and most of the passengers have not gone 

through professional survival training, how to better cope with the evacuation of personnel in an emergency has 

become a hot issue. In order to minimize casualties, accurate, fast and effective evacuation path planning is 

particularly important in the event of an accident. Path planning algorithm has been the core and hot issue of 

evacuation problem, with the research objective of finding an optimal path or better path between two points. The 

advantages and disadvantages of the path are mainly in terms of travel length, smoothness and safety. After 

decades of development, scholars at home and abroad have proposed many fruitful path planning algorithms, such 

as A* algorithm [1], genetic algorithm [2], particle swarm algorithm [3], artificial potential field method [4], neural 

network [5], Q-Learing algorithm [6], etc. These methods have achieved better results in path planning, but still 

have certain defects when facing complex environments. 

The traditional ant colony system (ACS) is a probabilistic algorithm used to find optimized paths. It was inspired 

by Marco Dorigo's observation of ants' behavior in finding paths while searching for food, and was proposed in 

his doctoral thesis in 1991. This algorithm has advantages such as distributed computing, positive information 

feedback, and heuristic search [7], but it also has disadvantages in path planning applications such as low search 

efficiency and susceptibility to getting stuck in local optimum. To address these problems, many scholars have 

improved ACS for path planning and achieved better results: literature [8] optimized the pheromone recording 

rules and related parameter values of the traditional ACS algorithm to reduce the probability of iterative stagnation 

and premature convergence of the algorithm and improve the solving ability of the algorithm; literature [9] 

proposed a new pheromone update algorithm and global/local pheromone distribution model to achieve fast search 

for the shortest path, thus improving the efficiency of path planning; literature [10] proposed a historical experience-

guided pheromone update method, which adaptively performs different types of pheromone update schemes 

according to the search history to improve the algorithm search performance; literature [11] proposed an improved 
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heuristic function and pheromone update mechanism considering path length and slope smoothing factors to 

improve the global search capability and convergence of the algorithm; In literature [12], the search efficiency of 

the algorithm was improved by limiting the horizontal and vertical search directions of ants, and the adaptive 

expectation function and heuristic factor were introduced to dynamically adjust the state transfer probability to 

improve the convergence speed of the algorithm. The literature [13] used the raster map method to change the 

transfer probability of the ACO and added the dead zone judgment to reduce the number of "invalid ants" to 

accelerate the convergence speed and improve the stability of the algorithm. 

To summarize the existing research, it can be seen that most of the above improvement methods of ant colony 

algorithm focus on improving the search efficiency of ant colony algorithm, reducing the number of iterations and 

getting the shortest possible path, but there is less research on other factors (such as the number of turns and 

turning angles) that affect the merit of the path. Based on this, this paper introduces a distance correction function 

in the heuristic function for the disadvantages of slow convergence and easy to fall into local optimum of the 

traditional ant colony algorithm, combined with the basic concept of the evaluation function of A* algorithm [14]; 

an obstacle avoidance function is introduced to make the heuristic function better guide ants forward; a 

smoothness function is introduced to reduce the number of turns and control the turning angle of the planned path. 

OBJECTIVES 

To address some shortcomings of the traditional ant colony algorithm in path planning applications, such as the 

heuristic function does not introduce the distance of the target point, insufficient utilization of obstacle 

information, and insufficient difference in the probability of each node, this paper proposes distance correction, 

obstacle avoidance function and smoothing function for improvement through a multi-factor integrated heuristic 

function, while improving the pheromone update model to make the planned path smoother, and finally getting 

the improved ant colony algorithm. 

METHODS 

Ant Colony Algorithm 

Ant colony algorithm can be regarded as the process of ant populations starting from a common point and going 

to an unknown location to find food. Each ant's decision on its direction mainly depends on two key factors: 

pheromone concentration and heuristic information. Pheromones are equivalent to directional information emitted 

by a group. The higher the concentration of pheromones on a path, the more it can guide ants to walk along that 

path. Heuristic information is the self judgment information of each ant based on its own environment. Ants 

determine how to transfer next by combining individual and group information. Therefore, the construction of 

pheromone concentration models and heuristic functions is the key to the superiority or inferiority of ant colony 

algorithms. 

How the ant chooses its next direction of travel is based on the transfer probability derived from the following 

equation. 
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where 
k

, ( )i jp t  denotes the probability of the k th ant transferring from the current grid i  to the neighboring grid 

j  at the t th iteration,   denotes the pheromone,   denotes the heuristic function,  ,   denote the relative 

importance of the pheromone and the heuristic factor, respectively, and allowed i  denotes the set of the next 

transferable neighboring grid of the current grid i  , where 
, ( )k

i j t   is inversely proportional to the Euclidean 

distance between two grids i , j . The larger the Euclidean distance 
ijD  between two grids i , j , the smaller the 

probability that ant k  picks that path, which is usually. 
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where 
ijD  denotes the Euclidean distance between grids i , j . 

Pheromone is the chemical information left by ants in the process of traveling to guide the subsequent ants. The 

shorter the path the ants travel, the more dense the pheromone will be, and the more it can guide the ants to take 

a shorter path. With the growth of the number of iterations, the pheromone will accumulate and volatilize, 

therefore, a pheromone update model is needed, with the following equation. 
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where 
k

ij  is the pheromone concentration released by the k th ant on the path between grids i , j , 
ij  is the 

sum of the pheromone concentrations released by all ants on the path between grids i , j .   is the pheromone 

volatility coefficient, which generally takes the value 0 1  , Q  is the pheromone constant, kL  is the total 

length of the path traveled by ant k  in the t th iteration, m  is the total number of ants, 
,qvisited k

t
 is the ordered 

set of grid labels visited by ant k  up to grid q  in the t th iteration, and q  is the target grid number. 

The initial pheromone is usually set as follows. 

(0)ij C =                                                                                (4) 

C is the initial pheromone constant. 

Multi-factor Integrated Heuristic Function 

At the early stage of the algorithm operation, because the initial pheromone is a fixed value, the difference of 

pheromone values among the grids is small, the inspiration is weak, and the choice of ant travel direction is 

random, which not only affects the convergence speed of the algorithm, but also easily goes into a dead end, and 

the search efficiency of the algorithm is not high. In order to make the heuristic function a better guide for the 

ants, the following changes are made to the heuristic function. 

, ,( ) ( , , ) ( ) ( )k k k

i j i jt D i Nj q t t = + +                                                 (6) 

where ( , , )D i j q  is the distance correction function, 
, ( )k

i j t  is the direction correction function, and ( , )N i j  

is the smoothing function. 

Distance correction function 

The heuristic function of traditional ant colony algorithm is only related to the distance between adjacent grids. 

The difference in values is small, the inspiration is weak, and the search efficiency of the algorithm is not high. 

Combined with the basic concept of the evaluation function of A* algorithm[14], this paper constructs the distance 

correction function of the improved ant colony algorithm, and introduces the predicted distance between the 

current grid and the target grid on the basis of the original heuristic function. The distance correction function is 

introduced as follows. 
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In equations (6)-(7), ( , , )D i j q  is the distance correction function, which indicates the corrected distance from a 

neighboring raster j  of the current raster i  to the target raster q , where 1  and 2  (0≤ 1 ≤1, 0≤ 2 ≤1) are 

correction parameters, which can be decided according to the specific application environment, maxD  and minD  

denote the maximum and minimum values of the Euclidean distances from all neighboring rasters of raster i  to 

the target raster, 
ijD   indicates the Euclidean distance between raster i   and neighboring raster j  , and 

jqD  

indicates the Euclidean distance between neighboring raster j  and target raster q . 

Obstacle avoidance function 

At the early stage of algorithm operation, the ants' travel direction may be very chaotic, and the possibility of 

going into a dead end is great, and the situation that ants cannot reach the end point, i.e., the deadlock phenomenon, 

is not conducive to guiding the subsequent ants to find the optimal path. The reason for this phenomenon is that 

the ants are limited by the U-shaped obstacles in the raster map and their own trajectories. However, due to the 

limited number of individuals in the ant population, giving up some ants will not only have an impact on the 

algorithm's ability to find the best, but also reduce the convergence speed of the algorithm. In order to make the 

heuristic function better guide the ants forward, the obstacle avoidance function is introduced as follows. 
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In equation (8), 
, ( )k

i jallowed t  is the number of transferable grids in the neighboring grids of grid i, 
, ( )k

i jall t  is the 

total number of neighboring grids of grid i, and 
, ( )k

i j t  is the obstacle avoidance function, which is used to calculate 

the proportion of transferable grids in the neighboring grids, indicating that the more obstacles around the 

neighboring grids, the smaller the probability of ants k choosing the path, and vice versa, so as to quickly guide 

the ants to choose the optimal direction of travel and obstacle avoidance, and also to reduce the probability of ants 

walking into dead ends and improve the algorithm convergence speed. 

Smoothing functions 

The goal of path planning in ship personnel evacuation is to minimize the evacuation time of personnel. However, 

the personnel evacuation time is not necessarily proportional to the navigation distance when considering the 

effect of the number of turns and the angle of the turns on the walking speed of the crowd. For constant condition 

sections, the energy consumed to complete the task is directly proportional to its navigation time. Therefore, the 

problem of two-dimensional smoothness is considered in path planning, and the number of turns and turning 

angles of the path is desired to be as small as possible, and the two-dimensional smoothness heuristic function is 

introduced with the following equation 
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In equation (9), ( )kN t  is the smoothing function, which indicates the number of turns of ant k in the tth iteration, 

1
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  indicates the total number of turns of ant k visiting the grid so far, 

1

( )
q

k

n

n

t
=

  indicates the total angle 

of turns of ant k visiting the grid so far, 3 , 4  (0≤ 3 ≤1, 0≤ 4 ≤1) are the correction parameters, which can 

be decided according to the specific application environment, if the turn of this iteration is the same as the last 

turn, the heuristic function is larger according to the turn, and vice versa is smaller, which can guide ants to follow 

a straight line as much as possible during their movement, avoiding the zigzag path when the grid distribution is 

too dense. 

Improving the Pheromone Update Model 

In practice the optimal path not only requires a short path, but also more smooth, therefore, this paper uses the 
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following methods to improve the pheromone update model. 

1
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In equation (12), ( )mS t  is the integrated index of the mth ant walking through the path in the tth iteration, ( )mL t  

is the path length, ( )mN t   is the number of turns. The integrated index determine the allocation method of 

pheromones, the smaller the index, the better the path. 5 , 6  are the adjustment coefficients of each factor, 

which are appropriately valued according to the nature of the desired path. 

Improved ant Colony Algorithm Flow 

Figure 1 shows the flow of the improved algorithm proposed in this paper. 

Step 1: Establish an environment model based on planar graphics and initialize algorithm parameters. 

Step 2: Determine the pathfinding starting point and ending point grid, and place m ants at the starting point grid. 

Step 3: Calculate the distance correction function, obstacle avoidance function, and smoothing function for each 

raster by equations (7), (8), and (9) based on the map and obstacles, and then calculate the multi-factor integrated 

heuristic function based on equation (6). 

Step 4: Calculate the transfer probability based on the pheromone and the comprehensive heuristic function of 

multiple factors, select the grid that the ant will walk next, and add the grid that has been walked to the taboo 

table. 

Step 5: Determine whether the ant has reached the end grid, if so, construct the complete path of the ant, otherwise, 

return to Step 4. 

Step 6: Calculate the length ( )mL t  and the number of turns ( )mL t  of the path taken by the ant, and find the 

optimal path for this iteration. 

Step 8: Compare the optimal paths of each iteration and find the current optimal path. 

Step 9: Determine whether the maximum number of iterations maxT  is reached, if yes, output the current optimal 

path and end the algorithm; otherwise, continue to execute the algorithm. 

Step 10: Calculate the new pheromones on each path according to equations (3) and (12), and then update the 

pheromones of the whole map, reset the ants and start the next round of solving. 
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Start

Generate raster maps 
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Initialization 
of parameters

Determine the starting point and 
the end point, and place m ants at 

the starting point

Calculate the transfer probability 
and select the grid to be walked in 

the next step

Local pheromone update

Whether the target 
grid is reached?

Record the optimal path and update the path node 
pheromone according to the pheromone update rule

Whether the maximum number 
of iterations is reached?

Output optimal path

End
 

Figure 1. Improved ant colony algorithm flow 

RESULTS 

To verify the reliability and the advantages and disadvantages of the algorithm proposed, the path planning process 

of ship personnel in emergency situations were simulated with the traditional ant colony algorithm, the algorithm 

of literature [11] and the improved ant colony algorithm seperately by Matlab. Since the ant colony algorithm uses 

the roulette wheel method in selecting the next pending grid, the results calculated in each simulation will be 

slightly different. Therefore, the algorithms in each experiment are simulated several times in the simulation, and 

the centered results are taken.  

Environment Modeling 
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A deck plan of the daily living area of a large ship as shown in Figure 2 is selected. The cabin equipment and 

space structure are simplified and a 1:1 two-dimensional grid diagram model is built in Matlab, as shown in Figure 

3. 

           
Figure 2. Plan view of the simplified deck                                Figure 3. Grid diagram model of the deck 

Parameter Selection 

The ant colony algorithm involves several parameters that have an important influence on its comprehensive 

performance, but currently it is not possible to determine the optimal combination of parameters based on 

theoretical methods, and the optimal parameters are generally obtained through experiments. In the simulation 

experiments, the default values of other parameters are set as follows:  =0.4, m =50, Q =100, maxT =100, C

=10, 1 =0.1, 2 =0.01, 3 =1, 4 =0.01, 5 =0.1, 6 =1. In order to analyze the impact of different 

parameters on the performance of the improved ant colony algorithm, simulation experiments under different 

parameter combinations were conducted on the basis of the change of above taken values for the main parameters 

α and β of the algorithm. To get representative results, conducted 10 experiments for each parameter combination 

and took the average value of the solution results of the algorithm. The specific experimental results are shown in 

Table 1. 

Table 1. The influence of parameters α and β on the algorithm 

Parameters Value Path length Number of turns 

 

 

α 

0.1 45.8 16.6 

0.5 43.84 8.8 

1 43.34 7.3 

1.5 43.6 9.5 

2 43.74 9.9 

 

 

β 

1 64.4 39.5 

2 43.34 7.3 

3 43.16 7.2 

4 43.22 7.6 

5 43.4 7.3 

From Table 1, it can be seen that parameters α and β have a significant impact on the algorithm results. Pheromone 

factor α represents the influence of information quantity on whether to choose the current path, reflecting the 

relative importance of the information accumulated by ants during movement in guiding the ant colony search. 

The size of α reflects the strength of the randomness factor in the ant colony's path search. The larger its value, 

the greater the likelihood that ants will choose previously traveled paths, and the randomness of the search will 

decrease. When the value of α is too small, it is easy to cause the ant colony's search to prematurely fall into local 

optimum.  By comparing the calculation results, when α was taken around 1, better optimal path length and 

optimal turning times can be obtained. The heuristic function factor β indicates the direction of pheromone on the 

path when searching to guide ants to choose the path. The magnitude of β reflects the apriority and strength of the 

deterministic factors in the process of ant colony searching for the optimal path. The larger the beta parameter is, 

the more likely the ant is to choose the local shortest path at the local point, which helps speed up the convergence 
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of the algorithm, but also reduces the randomness of the ant colony search for the optimal path, and increases the 

risk of the search falling into the local optimal solution. On the contrary, if the value of β is too small, the ant 

colony will search randomly and prefer to determine the path according to the pheromone concentration, so the 

algorithm converges faster and it is difficult to find the optimal solution. By comparing the calculation results, 

when β is taken around 2, better optimal path length and optimal turning times can be obtained. Therefore, α=1 

and β=2 were taken. 

Algorithm Simulation Comparison 

The three algorithm are compared and experimented on a map of 35x35 scale. The starting coordinates was set 

(3.6, 25.2) and the ending coordinates was set (32.4, 10.3). The simulation experiments results are shown in Figure 

4 and Table 2. 

 
           (a) Optimal path diagram                                      (b) Iterative graph of the length of the path 

 
(c) Iterative diagram of the number of turns of the path 

Figure 4. (3.6, 25.2)→(32.4,10.3) Simulation results 

Table 2. Simulation results of (3.6, 25.2)→(32.4,10.3) 

Algorithm 
Ant colony 

algorithm 

The improved ant colony algorithm 

in this paper 

The algorithm in the 

literature [11] 

Optimal path length 42.4 42.8 44 

Optimal number of turns 13 6 6 

Optimal turning angle 810 495 540 

Number of convergence 

iterations 
34.5 15 16 

Algorithm running time 3.49 3.99 4.19 
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In Figure 4, blue, red and green represent the simulation results of the traditional ant colony algorithm, the 

improved algorithm of this paper and the literature algorithm, respectively; the number of convergence iterations 

is the average of the convergence iterations for the optimal path length and the convergence iterations for the 

optimal turning path. According to the simulation results in Figure 4, combined with Table 2, the following 

conclusions can be drawn. 

(1) In terms of path length, the improved algorithm of this paper has little difference with the other two algorithms. 

The traditional ant colony algorithm performs the best, followed by the improved algorithm in this paper, both of 

which are better than the literature [11] algorithm. 

(2) In terms of iteration stability, it is obvious that the advantage of improved algorithm of this paper is very 

obvious. The previous iteration of the traditional ant colony algorithm and the literature algorithm is very unstable, 

while the algorithm in this paper benefits from the introduction of obstacle avoidance function in the heuristic 

function, the overall iterative curve shows a downward trend. The number of stable iterations in the later stage is 

significantly less than the other two algorithms. 

(3) In terms of the number of turns and turning angle of the path, both the improved algorithm in this paper and 

the algorithm in literature [11] perform well, but the former outperforms the other two algorithms in terms of 

iterative fluctuation stability. The convergence curve of traditional ant colony algorithm is apparently unstable. 

Therefore, in the pursuit of better performance in all aspects of the path, the algorithm in this paper has obvious 

advantages. 

To further verify the reliability of the algorithm, the map of 35x35 scale was used again. Set the starting oordinates 

(3.6, 25.2) and the ending coordinates (4.4, 8.3).  The simulation experiments results are shown in Figure 5 and 

Table 3. 

 
                     (a) Optimal path diagram                                (b) Iterative graph of the length of the path 

 
(c) Iterative diagram of the number of turns of the path 

Figure 5. (3.6, 25.2)→ (4.4, 8.3) Simulation results 
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Table 3. Simulation results of (3.6, 25.2) → (4.4, 8.3) 

Algorithm 
Ant colony 

algorithm 

The improved ant colony algorithm 

in this paper 

The algorithm in the 

literature [11] 

Optimal path length 21.6 21.6 22.8 

Optimal number of turns 8 5 6 

Optimal turning angle 450 315 450 

Number of convergence 

iterations 
24 23.5 14 

Algorithm running time 2.68 2.78 3.28 

According to the simulation results in Figure 5, combined with Table 3, the following conclusions can be drawn. 

(1) As shown in Figure 5(a), most of the optimal paths obtained by the 3 algorithms have the same sections. But 

through comparison, the path of the algorithm in literature [11] has a small number of redundant sections out of the 

starting point, while the path of the traditional ant colony algorithm has multiple redundant sections, mainly 

concentrated in the starting point and the path turns, which indicates that the other two algorithms fall into local 

optimum. 

(2) The convergence curves shown in Figure 5(b) and (c) shows that the traditional ant colony algorithm searches 

for the optimal path with the largest number of turns and converges slowly, obtaining the optimal path with the 

length of 21.6m and the number of turns of 8 at the 24th iteration. While the literature [11] algorithm converges 

quickly, however, the length of the optimal path searched is the longest, and the optimal path with a length of 

22.8m was obtained in the 14th iteration. Compared with the first two algorithms, the improved algorithm in this 

paper searches for the shortest optimal path length and the least number of turns, and the convergence speed of 

the algorithm is in the middle. 

(3) In terms of algorithm running time, there is little difference between the traditional ant colony algorithm and 

the improved algorithm in this paper. The traditional ant colony algorithm performs best, followed by the 

improved algorithm in this paper, both of which are better than the literature [11] algorithm. 

Lost Ants Number Analysis 

Lost ants number is an important index to evaluate the comprehensive performance of ant colony algorithm, the 

smaller, the more accurate the optimal solution will be and the stronger the positive feedback of information; 

while the larger,  it may lead to some never-searched paths with zero pheromone concentration, resulting in many 

paths not being found and the algorithm tends to converge prematurely. The global optimality of the solution is 

reduced.  

Through simulation experiments and analysis the lost ants number of the traditional ant colony algorithm and the 

improved ant colony algorithm in this paper, explore the comprehensive advantages and disadvantages of the 

algorithm. Figure 6(a) shows the distribution of the lost ants number in each iteration of the algorithm, and Figure 

6(b) shows the change of the lost ants number accumulated after each iteration of the algorithm. 

 
      (a) Iterative distribution of the lost ants number            (b) Graph of the total number of iterations of lost ants 

Figure 6. Graph of the lost ants number  



Computer Fraud and Security  

ISSN (online): 1873-7056 

 

__________________________________________________________________________________________ 

175 
Vol: 2024 | Iss: 12| 2024 
 

Table 4. Table of the lost ants number 

 

Algorithm 

 

Lost ants number 

Start and finish points 

(3.6,25.2) 

(32.4,10.3) 

(3.6,25.2) 

(4.4,8.3) 

 

Ant colony algorithm 

Maximum value 2381 2798 

Minimum value 2165 2662 

Average value 2273 2717.6 

 

The improved ant colony algorithm in this paper 

Maximum value 366 505 

Minimum value 259 389 

Average value 310.6 427.1 

Table 4 shows the comparison table of the results obtained from the traditional ant colony algorithm and the 

improved ant colony algorithm in this paper for (3.6, 25.2)→(32.4, 10.3), (3.6, 25.2)→(4.4, 8.3) each run 10 times. 

M indicates the lost ants number. The comparison results indicate that. 

(1) The improved ant colony algorithm in this paper can effectively reduce the lost ants number. In the simulation 

experiment of (3.6, 25.2)→(32.4, 10.3), the the minimum of the total lost ants number in the traditional ant colony 

algorithm is 2662, the maximum is 2798, and the average is 2717.6 a, compared with 389 at the minimum, 505 at 

the maximum, and 427.1 at the average of the improved algorithm. In the paths of (3.6, 25.2)→(32.4, 10.3) and 

(3.6, 25.2)→(4.4, 8.3), the average lost ants number of the improved algorithm is reduced by more than 90%, 

which are 92.68% and 93.64% respectively.  

(2) The stability of the improved algorithm in this paper is high. Figure 6(a) shows that the traditional ant colony 

algorithm is easy to fall into local optimum, and the lost ants number is highly volatile throughout the iterations, 

and does not show a trend of decreasing generation by generation. In contrast, the lost ants number fluctuates 

steadily throughout the iterations, and shows a trend of decreasing generation by generation, and decreases to 0 

in the 9th iteration. 

DISCUSSION 

In general, the performance of the improved algorithm in this paper is the best, and the number of iterations is 

slightly larger than that of the literature [11] algorithm, but the algorithm in this paper is more concise and faster in 

execution. However, from the overall comprehensive performance, the improved algorithm in this paper is 

relatively better in terms of the number of convergence iterations and running time, and has the best performance 

in terms of path length, number of turns, and turning angle, which indicates that the algorithm has higher 

performance stability, and the improved algorithm has advantages when searching for different paths, which meets 

the demand of emergency evacuation of actual cruise ship personnel. 
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