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Abstract 

Under the background of the popular research field of intelligent ship path planning, this 
paper aims to optimize the application of particle swarm algorithm in intelligent ship 
path planning. Aiming at the problem of particle swarm optimization easily falling into 
local optimality in ship path planning, this paper introduces chaotic interference, and 
obtains an improved Chaotic Particle Swarm Optimization (Based on Chaotic Particle 
Swarm Optimization, hereinafter referred to as BCPSO). BCPSO increases the inertia 
weight of the particle swarm algorithm in the later stage to improve the probability of 
the particle swarm algorithm jumping out of the local optimum to obtain the global 
optimum, thereby improving the global search ability of the particle swarm algorithm in 
intelligent ship path planning. Through simulation experiments, compared with two 
similar algorithms in terms of convergence and global search ability, it is verified that 
the algorithm in this paper has better convergence and global optimization ability, and 
it has a good effect to make intelligent ship path planning and collision avoidance 
decision-making. 
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1. Introduction 

With the maturity of modern computers and automation technologies, concepts such as "smart ships" 

and "unmanned ships" have been proposed and have become current hot topics. Many experts and 

scholars at home and abroad have devoted themselves to the research of intelligent ships. Intelligent 

ships involve a series of technological innovations. Among them, the core part of the ship's 

autonomous path planning is also the most difficult part to overcome, involving a series of issues 

such as the direction and speed of the ship's movement in a complex marine environment. 

Because the ship's autonomous path planning can reduce the errors caused by the crew's own 

problems and reduce the risk of navigation, it has huge practical application value and has always 

been concerned by the scientific community. At the same time, the research of ship path planning 

involves many disciplines such as artificial intelligence, ship dynamics, and information collection, 

which greatly promotes the communication and progress of these disciplines [1]. Due to the 

complexity of the actual marine environment, such as complex ocean currents, drifting glaciers and 

reefs, simulation experiments are difficult to fully simulate the real situation. How to improve the 

timeliness and adaptability of route planning is a key issue that needs to be solved urgently in ship 

route planning. 
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2. The research of Intelligent Ship Path Planning 

The actual concept of smart ships first appeared in the 1950s and 1960s. Western developed countries 

began to study automatic collision avoidance of ships. The research mainly used traditional classical 

mathematical formulas to calculate the relevant avoidance parameters of the "International Maritime 

Collision Avoidance Regulations" (COLREGs) [1]. Due to limited conditions, the research in this 

period was still at the theoretical level and was not put into actual use. 

With the rapid development of computer technology and automation technology, electronic chart and 

marine radar with Automatic Radar Plotting Aid (ARPA) have been widely used in navigation, which 

has promoted the rapid development of ship automatic collision avoidance research [1]. Experts and 

scholars from Europe, America, Japan and other countries have continuously developed ship collision 

avoidance systems, such as the automatic ship collision avoidance system based on expert systems of 

Tokyo Merchant Marine University [2], the neural network based ship collision avoidance system 

designed by Germany INAISHM [4], The collision avoidance expert system based on the existing 

knowledge base of Liverpool University of Technology [3]. Since the 1990s,  with the continuous 

development of research, many intelligent algorithms have emerged, such as genetic algorithms, 

swarm intelligence algorithms, neural network algorithms, etc., which have been applied to ship path 

planning, and ship path planning has entered a period of rapid development. . 

In recent years, the research results of western developed countries have continuously emerged and 

have become the vane of intelligent ship research. Jinxin et al. [13] proposed a new method that uses 

speed obstacle algorithm to calculate the hazard and combines the double standard evolution (BCE) 

and ant optimization algorithm for the nonlinear collision avoidance trajectory of ships. It has been 

verified that the algorithm has good performance. Lee, SM et al. [14] In order to solve the problem 

of saving fuel consumption, they proposed a method to determine the route and speed of the ship at 

the same time. The method was applied to various examples of ship route planning. The test results 

showed that the method can effectively reduce the total fuel consumption. . Guo, SY et al. [15] aimed 

at the path planning problem of smart ships in unknown environments, and proposed a combination 

of the Deep Deterministic Strategy Gradient (DDPG) algorithm and the artificial potential field to 

obtain an improved algorithm. This algorithm can achieve autonomous path planning with 

convergence The advantages of fast speed and good stability. Yuanchang Liu et al. [16] proposed a 

novel algorithm based on the fast marching (FM) method to solve the USV formation path planning 

problem, and the algorithm can work normally and effectively in a complex navigation environment. 

Compared with developed countries such as Europe, America and Japan, our country's national ship 

route planning research started relatively late. Among them, domestic maritime universities or 

research institutes are the main research institutions, such as the National University of Defense 

Technology, Shanghai Maritime University, and Dalian Maritime University. As early as the 1990s, 

a group of pioneers in ship route planning research emerged in China. As early as 1995, Zhaolin Wu 

of Dalian Maritime University and others [5] proposed to reduce the ship’s self-completion function 

and strengthen the support function in dangerous waters, that is, to replace the crew operation with a 

machine operation with a small probability of error, so as to reduce the risk of accidents. The concept 

of smart ships. Wang Peng et al. [6] realized a selective neural network method based on particle 

swarm optimization algorithm. It has been verified that the neural network integration method is 

suitable for the ship collision avoidance problem model with high accuracy. Xu Wen et al. [7] 

introduced fuzzy rules and fuzzy comprehensive evaluation methods into a calculation method of 

ship's compound collision risk. It has been verified that this algorithm is effective for path planning 

in complex environments. 

Currently there are many types of path planning algorithms, each with its own advantages and 

limitations. In order to avoid limitations and achieve better path planning results, many researchers 

have proposed the idea of algorithm fusion to achieve the effect of complementing each other. Tong 

Bangyu et al. [8] designed an improved ant colony algorithm based on the artificial potential field 

method for the navigation environment of the navigation area, which has a good ship planning effect. 
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Ji Wei et al. [9] combined the PSO algorithm and the chaos idea of Logistic mapping to optimize the 

parallel evolution of the PSO population, and proposed a dual-population comprehensive learning 

PSO algorithm with better path planning performance. Chen Tianpei et al. [10] combined particle 

swarm algorithm, ant colony algorithm and fuzzy logic, etc., and proposed a fuzzy logic particle 

swarm algorithm. It has been verified that the algorithm is effective. Pan Mingyang et al. [17] 

improved the A* algorithm from the three aspects of adding channel constraints, valuation function, 

and optimizing cost function. The algorithm can plan the optimal route of ships with different 

parameters, and is good for inland river route planning. performance. Gao Fei et al. [18] proposed a 

step-by-step multi-ship collision avoidance path planning algorithm: first use the particle swarm path 

planning algorithm to obtain the ship avoidance turning point, and then use the navigation rules to 

dynamically modify the steering angle. Simulation experiments verify that the algorithm can solve 

the problem of multi-ship collision avoidance path planning, and provide a new idea for solving the 

problem of multi-ship collision avoidance. 

According to the above researches at home and abroad, algorithm fusion and the introduction of 

various new theories are a novel idea to optimize algorithms. This article is based on this idea and 

introduces chaos theory. In addition, there are currently two key issues that need to be solved in ship 

path planning: one, avoids all obstacles from the starting point to the end safely; the other, reduces 

the time required on the basis of satisfying A, and satisfies the principle of optimal navigation. From 

the algorithm level, the main evaluation indicators are as follows: ① Convergence speed: This 

indicator reflects the speed at which the algorithm continuously optimizes to obtain the optimal value, 

and relates to whether the ship can quickly make decisions on the environment; ② Robustness: 

stability, which refers to Whether the algorithm exits without error when receiving external 

interference, and continues to complete the task; ③Optimality: refers to the path planned by the 

algorithm in terms of length, distance between the path and obstacles and other parameters in line 

with navigation economy and navigation Under the safety principle, the overall situation is optimal.  

3. Chaos Particle Swarm Optimization 

3.1 Traditional Particle Swarm Algorithm 

The traditional particle swarm optimization (hereinafter referred to as PSO) was proposed by Dr. 

Eberhart and Dr. Kennedy in 1995. The basic principle is that the information of the particles in the 

particle swarm can be shared. After the particle swarm analyzes and judges the information, it 

constantly Iterative and a process of continuous improvement in the direction of the best. The Particle 

swarm optimization has a simple structure, fewer parameters, and is easy to implement, but it also 

has the defect of easily falling into a local optimal value. 

Assuming that the dimension of the search space of the objective function is N-dimensional, in ship 

path planning, it refers to the number of nodes of the path, and the size of the particles in the particle 

swarm is m, where the position of the particle can be represented by an N-dimensional vector Xi = 

(xi1 ,Xi2,...,xiN) T, i=1, 2, 3...m. The particle velocity is represented by an N-dimensional vector 

Vi=(vi1, vi2,...,viN), i=1, 2, 3...m. Suppose the historical optimal position experienced by the particle 

of Pi is the individual extreme value, and set Pg the optimal position among all the particles in the 

current particle swarm, which is the global extreme value. In the Particle swarm optimization, the 

position of each particle is a potential solution of the objective function. There is a function that 

measures the pros and cons of the particle's position called the objective function, which obtains the 

fitness value. The fitness value of each particle can be obtained by substituting the position Xi of each 

particle into the objective function. In each iteration process, the fitness value of the target is used to 

measure the quality of the particle. In the iteration process, the particle uses individual extreme values 

and global extreme values to Update itself, the formula for updating speed and position is as follows: 

 

𝑉𝑖 (𝑡 + 1) = 𝜔𝑉𝑖(𝑡) + 𝑐1𝑟1(𝑃𝑖 − 𝑋𝑖(𝑡)) + 𝑐2𝑟2 (𝑃𝑔 − 𝑋𝑖(𝑡))                             (1) 
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𝑋𝑖(𝑡 + 1) = 𝑋𝑖(𝑡) + 𝑉𝑖 (𝑡 + 1)                                                        (2) 

 

In the formula, ω is the inertia weight, which is the degree of dependence of the speed of the next 

moment on the speed of the previous moment, and the balance between the local search ability and 

the global search ability can be adjusted by adjusting its size; c1, c2 are learning factors; r1 and r2 are 

random numbers between [0,1]. 

3.2 Chaos Theory 

Chaos mapping comes from a nonlinear dynamic system, which has the characteristics of randomness, 

sensitivity to initial conditions, ergodicity, etc. It can traverse all states within a certain range 

according to its own rules without repetition. This article will use a one-dimensional Logistic mapping 

model, the expression is as follows: 

 

𝑍𝑖+1 = 𝜇𝑍𝑖(1 − 𝑍𝑖)                                                                (3) 

 

In the formula, Z represents a chaotic variable, and Zi is the state value of the mapping model. When 

Zi∈[0,1], it is in a chaotic state. The initial value Z0 is a random number in the interval (0,1). The 

model adjusts the value of the inertia weight through the chaotic variable Z, so that small changes in 

the inertia weight value have a huge impact on the subsequent ship path and prevent the search process 

Fall into the local optimum, thereby increasing the probability of obtaining the global optimum. 

3.3 Inertia Weight Setting 

The inertia weight is the most important adjustable parameter in the Particle swarm optimization. It 

controls the degree to which the current speed is affected by the particle velocity of the previous 

generation, and is closely related to the global and local optimization capabilities of the Particle 

swarm optimization. Larger weights help improve the algorithm's global search capabilities, but the 

convergence is slower; smaller weights can enhance the algorithm's local search capabilities and 

converge faster. How to set a reasonable inertia weight is the key to avoiding the algorithm from 

falling into the local optimum. 

At present, there are many researches on optimizing Particle swarm optimization, and one of the main 

directions is to achieve the goal by optimizing the setting of inertia weight. For example, Shi Yu-hui 

[12] proposed a linearly inertia weight decreasing Particle swarm optimization (hereinafter referred 

to as LWDPSO). When the value of ω decreases linearly with the iteration of the algorithm, the 

algorithm has a high convergence rate verified by simulation experiments. Sexual speed, its 

expression is as follows: 

 

ω(t) = 𝜔𝑚𝑖𝑛 + (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛)
𝑁 − 𝑖

𝑁
                                          (4) 

 

In the formula, ωmin is the set minimum inertia weight; ωmax is the set maximum inertia weight; N is 

the maximum number of iterations; i is the number of current iterations. 

In order to increase the convergence speed of the previous algorithm, this paper introduces the S-

shaped growth function of inertia weight, which changes slowly in the initial and final stages, and 

changes quickly in the middle stage, which can prevent particles from gathering at the local optimal 

value. The formula is as follows: 

 

ω(t) = {
𝜔𝑚𝑖𝑛 + (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛)𝑆(𝑡) + 𝜛 × 𝑍𝑖                          𝑃𝑖 ≤ 𝑃𝑐

𝜔𝑚𝑖𝑛 + (𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛)𝑆(𝑡)                                           𝑃𝑖 > 𝑃𝑐

                 (5) 
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𝑆(𝑡) = exp (−k × (
i

N
)

𝑞

)                                                         (6) 

𝜛 =
𝜔𝑚𝑎𝑥 − 𝜔𝑚𝑖𝑛

2
                                                               (7) 

𝑃𝑐 = 𝑘1 × Dstf                                                                      (8) 

 

In the formula, Zi, Pi, ωmin, ωmax, N, i are the same as defined in the previous formula. k is the 

adjustment parameter of the inertia weight, and its value is generally [25,60]. The dynamic adjustment 

of the inertia weight can be achieved by changing the value of k. According to experience, the 

algorithm obtains the optimal solution when k=40, and its convergence speed is Good stability [11]; 

Dstf is the straight-line distance from the start point to the end point; k1 is the adjustment parameter 

of Pc, which should be selected according to different situations and experience; Pc is the set fitness 

value limit, and the fitness value should be lower than this value When introducing chaotic 

interference, avoid the algorithm falling into the local optimal value; q generally takes 2. 

3.4 Fitness Calculation 

In the particle swarm optimization algorithm, the fitness value of the particle calculated according to 

the fitness function is a measure of the pros and cons of the particle position, and is used to select the 

individual extreme value of each particle and the global extreme value of the entire population. In 

addition to the conventional indicators, this article adds penalties from obstacle points to paths that 

are too small. The indicators for judging the pros and cons of the planned path include: 1) path length; 

2) whether to pass the obstacle; 3) whether the distance to the obstacle is less than 0.5, adapt The 

degree function is set as follows. 

 

fit(t) = {

𝐷𝑖                                                           Distance between connected nodes 
k1 ∗ push1                                                                 Path through obstacles 
k2 ∗ push2           The path length from the obstacle point is too small

             (9) 

𝐷𝑖 = ∑(𝑑𝑖−1𝑑𝑖)                                                                  (10)

𝑛

𝑖=1

 

 

The fitness value is calculated from the three indicators of the evaluation path, and the fitness value 

of the path is the sum of these three components. In the formula, fit(t) is the fitness value of the 

particle; di-1di is the distance from the i-1th node to the i-th node in the path; k1 is the number of 

obstacle points that the path passes through, k2 Is the number of obstacle points whose distance from 

the path is less than 0.5; push1 is the penalty coefficient for the path passing through the obstacle, 

push2 is the penalty coefficient for the path distance from the obstacle point is less than 0.5, its value 

should be fully considered according to different environments, in this article In the algorithm, push1 

takes the value 30, and push2 takes the value 20. 

3.5 Algorithm Implementation Steps 

The main feature of the Particle swarm optimization is that the architecture is relatively simple and 

the parameters are relatively few. The basic steps are as follows: 

Step 1 initialization: 

Initialize the particle swarm (the particle swarm has n particles in total): Assign a random initial 

position and velocity to each particle. 

Step 2 calculate fitness value: 

According to the fitness function (formula (9), formula (10)), calculate the fitness value of each 

particle. 



 

 

412 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 6 Issue 12, 2020 

DOI: 10.6919/ICJE.202012_6(12).0057 

Step 3 Find the best fitness value of the individual: 

For each particle, the fitness value of its current position is compared with the fitness value 

corresponding to its historical best position Pi. If the fitness value of the current position is higher, 

the current position is used to update the historical best position. 

Step 4 Find the best fitness value of the group: 

For each particle, the fitness value of its current position is compared with the fitness value 

corresponding to its global optimal position Pg, and if the fitness value of the current position is 

higher, the current position is used to update the global optimal position. 

Step 5 Update particle position and velocity: 

Update the velocity and position of each particle according to formulas (1) and (2). 

Step 6 Determine whether the algorithm meets the ending conditions: 

If the end condition is not met (the maximum number of iterations is reached or the optimal solution 

has been reached), the algorithm ends, the global optimal path Pg is the global optimal solution, and 

its fitness value is the global optimal value. Exit Loop, the algorithm ends, otherwise return to step 2. 

4. Simulation Experiment and Analysis 

In order to verify that the optimization of the inertia weight of the algorithm in this paper (BCPSO) 

can improve the global optimization ability of the algorithm, it will be compared with the traditional 

particle swarm optimization (PSO) and the linearly decreasing inertia weight algorithm (LWDPSO) 

under the same control of other variables. On the MATLAB simulation platform, the overall 

optimization capability and convergence speed are compared. 

4.1 Simulation Experiment Design 

The three algorithms are coded in the MATLAB 2018b environment and run on a computer with a 

Core i7 2.4 GHZ processor and 8.0 G RAM. In order to avoid the contingency of an event and ensure 

the scientific nature of the experiment, the comparative experiment will be carried out multiple times 

for each algorithm in the same environment, and the results of multiple experiments will be compared. 

The environment map uses a 26*26 grid map, with black points as obstacle areas and white points as 

safe and feasible areas. For parameter setting, this article refers to past experience to set various 

parameters reasonably. The main parameter settings are as follows: 

 

Table 1. Initialization parameter settings of each algorithm 

parameter name 
Parameter definition 

PSO LWDPSO BCPSO 

Starting point [1,2] 

end  [21,25]  

Maximum operating speed  Vmax=3  

NNumber of particles  40  

DParticle search dimension  10  

interMax  200  

ω 0.5 ω(t),𝜔𝑚𝑎𝑥 = 0.9 ,𝜔𝑚𝑖𝑛 = 0.1 

C  C1=C2=1.7  

In addition, the initial value of the chaotic variable Z^0 of the BCPSO algorithm is a random number 

between [0,1]; the adjustment parameter of the inertia weight k=40; the inertia weight correlation 

index q=2. 

 

4.2 Simulation Experiment Results and Analysis 

The planned ship path calculated by the algorithm (BCPSO) in this paper is shown in Figure 1. The 

path length is about 33.81, and the fitness value is 32.61 when there is no obstacle and the distance 

from the obstacle is less than 0.5. 
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The path planned by the linearly inertia weight decreasing algorithm (LWDPSO) is shown in Figure 

2. The path length is about 37.62. There is no obstacle point from the start point to the end point. The 

length from one obstacle point to the path is less than 0.5, and the fitness value is 61.62. . 

 

The path planned by the traditional particle swarm optimization algorithm (PSO) is shown in Figure 

3. The path length is about 35.64. There are no obstacle points from the start point to the end point. 

There are two points to the path length less than 0.5, and the fitness value is 75.64. 

 

     

Figure 1. BCPSO planning path              Figure 2. PSO planning path 

 

     

Figure 3. LWDPSO planning path                Figure 4. Evolution curve 

 

The evolution curve of each algorithm in this comparative verification test is shown in Figure 4. From 

the evolution curve, it can be seen that in the early stage of the algorithm, the convergence speed of 

the algorithm in this paper is faster than the other two algorithms. In addition, the three algorithms 

obtain local optimal values before and after 20 iterations respectively. At this time, the fitness value 

is about 75. Only around the 90th iteration of the algorithm in this paper, it began to deviate from the 

local optimum, and got the global optimum at the 162nd iteration, and the fitness value was about 33 

when the global optimum was obtained. 

In order to avoid the contingency of an experiment and improve the scientific nature of the experiment, 

this paper has carried out multiple comparison simulation experiments, and selected six representative 
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experimental results from them for comparative analysis, respectively numbered as experiments 1-6, 

its evolution The curve is shown in Figure 5-10. 

 

       

Figure 5. Experiment 1 evolution curve          Figure 6. Experiment 2 evolution curve 

 

       

Figure 7. Experiment 3 evolution curve          Figure 8. Experiment 4 evolution curve 

 

       

Figure 9. Experiment 5 evolution curve          Figure 10. Experiment 6 evolution curve 
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According to the results of 6 simulation experiments, the experimental results corresponding to 

experiments 1-5 are similar. The algorithm in this paper converges faster than the other two 

algorithms in the early stage. In addition, the three algorithms all fall into the local optimum after a 

certain number of iterations, and then the algorithm in this paper deviates from the local optimum 

after a certain number of iterations to obtain the global optimum. The difference is that the number 

of iterations for jumping out of the local optimum is not the same. Experiments 1, 3, and 5 have a 

smaller iteration number when the algorithm jumps out of the local optimum, and experiments 2 and 

4 have a larger iteration number when the algorithm jumps out of the local optimum. In addition, in 

Experiment 6, the three algorithms did not jump out of the local optimum after falling into the local 

optimum. 

Based on the analysis of the results of many experiments, the algorithm in this paper is faster than the 

other two algorithms in the early stage of convergence, and after falling into the local optimal in the 

later stage, it jumps out of the local optimal with a great probability to obtain the global optimal. 

However, the number of iterations for the algorithm to jump out of the local optimum fluctuates 

greatly and is relatively late. Based on this, we can draw conclusions: (1) Using the S-shaped curve 

to optimize the inertia weight can speed up the convergence speed of the algorithm in the early stage; 

(2) The introduction of chaotic interference can greatly improve the probability of the algorithm 

jumping out of the local optimum in the later stage to obtain the global optimum, Which improves 

the global optimization capability of the algorithm. 

5. Conclusion 

This paper optimizes the Particle swarm optimization for the defect of the Particle swarm 

optimization, which is easy to fall into the local optimum. In order to speed up the convergence speed 

in the early stage, the algorithm of this paper introduces the sigmoid function to optimize the inertia 

weight. By accelerating the early fall speed of the inertia weight, the purpose of improving the 

convergence speed in the early stage is achieved. At the same time, in order to solve the problem that 

the Particle swarm optimization is easy to fall into the local optimal value in the middle and later 

stages, chaotic interference is introduced. When the inertia weight is too small in the later stage, the 

inertia weight is increased to improve the global optimization ability of the algorithm. However, the 

algorithm in this paper also has certain shortcomings, the algorithm deviates from the local optimal 

value relatively late, and at the same time it does not take into account the dynamic changes of the 

obstacle map. This is the direction that needs to be studied in future ship road strength planning. 
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