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SUMMARY

In order to enhance intelligence and acquire the effective avoidance angles of the ship collision avoidance system, an improved decision-making scheme for ship collision avoidance is proposed by using an improved swarm optimization algorithm and random linear weighting method. Firstly, the key ship avoidance strategy is employed for analyzing the factors involved in ship collision risk. Then, taking the Convention on the International Regulations for Preventing Collisions at Sea (COLREGs), the risk of ship collision, and voyage loss into consideration, a multi-objective function optimization technique based on a random linear weighting method is proposed to overcome the influence of subjective weight assignment. Finally, an improved black widow optimization algorithm with novel position strategies is employed to determine the optimal course alteration for ship collision avoidance. The feasibility and effectiveness of the proposed ship collision avoidance scheme are demonstrated by the ship's intelligent collision avoidance platform. The proposed collision avoidance scheme may provide a reasonable avoidance angle as a reference for the officer on watch in the practice of navigation.
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1. INTRODUCTION

To ensure safe navigation of ships, seafarers need to possess a certain level of maritime technical knowledge and effective information processing ability (Aylward et al., 2022). But the intricacy of the marine environment renders ship collisions a recurrent phenomenon (Li et al., 2020). As a result, the decision-making process for avoiding maritime accidents continues to be a key focus in the maritime navigation field (Lyu & Yin, 2019; Huang et al., 2020; Mohovic et al., 2021; Yu et al., 2023). There is a high requirement for decision-making action to avoid collision. The primary objective of ship collision avoidance decision-making is to identify the optimal safety route while adhering to the 1972 International Regulations for Preventing Collisions at Sea (COLREGs) (IMO, 1972) and reduce maritime accidents caused by human errors (Pietrzykowski et al., 2017). The decision-making process needs to take economic factors into consideration, such as minimizing sailing distance and decreasing the frequency of steering and speed changes. Hence, the collision avoidance decision-making methods have been extensively researched by numerous scholars. Artificial intelligence theory and sequence sampling for collision avoidance path planning have emerged as a powerful tool for collision avoidance decision-making, such as fuzzy inference systems and multi-layer perceptron network (Ahn et al., 2012); fuzzy logic methods (Hu et al., 2020); iterative observation and inference (Wang et al., 2020); reinforcement learning (Zhao & Wang, 2018; Wang et al., 2022; Pan et al., 2025), cooperative game and particle swarm optimization algorithm(Wan et al., 2025); sequential decision-making models (Liu et al., 2022); deliberative trajectory planning based on the rapidly-exploring random trees algorithm (Yang et al., 2019); and adaptive sampling collision avoidance methods (Li et al., 2018). Altering course in maritime transportation is a collision avoidance method with the highest frequency. The altering course for ship collision avoidance decision-making process in maritime transportation can be regarded as an optimization problem. The NSGA-Ⅱ multi-objective optimization algorithm was enhanced by Miao et al. (Miao et al., 2021), specifically to address the timeliness and distribution requirements of the algorithm in the context of decision-making for ship collision avoidance. It improved the timeliness of ship collision avoidance decision-making and reduced the algorithm’s time complexity. Zhou (2021) proposed an optimization model for path planning in ship collision avoidance using a hybrid optimization algorithm that combines both particle swarm optimization and genetic optimization techniques. The convergence speed and computational efficiency of the algorithm have been improved. Yang and Zhao (2018) utilized an enhanced simulated annealing algorithm to explore the optimal solution for the range of ships altering courses and collision avoidance maneuvers in a global scope. The algorithm outperforms traditional optimization algorithms with respect to both convergence speed and optimization accuracy. Yu et al. (2016) proposed an optimization model for collision avoidance decision-making with the nearest encounter distance as the objective function, which considers the constraints of the COLREGs for the complex situation of multi-ship encounters. As proposed by Lazarowska (2015), the Ant Colony Optimisation (ACO) was employed for trajectory planning in a dynamic environment. The computational speed and robustness of the ACO were acceptable for collision avoidance systems at sea. Xia et al. (2020) proposed an improved quantum particle swarm optimization algorithm to quickly obtain the optimal speed and course changes of USV, which considers constraints of the COLREGs and kinematics of USV. It can effectively plan the collision-free path of USV. Zheng et al. (2021) proposed the cultural particle swarm optimization algorithm by using the population premature convergence index and the adaptively adjusted inertia weight. It can search the ships optimal course alteration for collision avoidance within the feasible region constrained by the COLREGs. 

At present, meta-heuristic algorithms can be broadly categorized into two groups: (1) optimization algorithms that replicate the evolutionary traits and behavioral patterns of biological systems, such as Genetic Algorithm (GA) (Arunkumar & Chockalingam, 1993), Particle Swarm Optimization Algorithm (PSO) (Kennedy & Eberhart, 1995), and Moth-flame Optimization Algorithm (MOA) (Mirjalili, 2015); and (2) optimization algorithms that draw inspiration from various physical laws and principles of plant growth, such as Artificial Algae Algorithm (AAA) (Uymaz et al., 2015) and Simulated Annealing Algorithm (SA) (Kirkpatrick, 1983). The search procedure of meta-heuristic algorithms can be partitioned into two primary stages: exploration and exploitation (Lin & Gen, 2009). The tradeoff between exploration and exploitation stages is a challenging task, as it is affected by the random nature of metaheuristic algorithms. In order to explore the tradeoff between exploration and exploitation of meta-heuristic algorithms, the optimization algorithms based on the hybrid strategy are proposed to improve their search ability (Fan & Zahara, 2007; Liu et al., 2021; Mirjalili & Hashim, 2010). Peña-Delgado et al. (2020) developed the black widow optimization algorithm (BWOA) in 2020, inspired by the unique courtship patterns of spiders. As with other metaheuristic algorithms, BWOA displays deficiencies, including inadequate robustness and slow convergence speed. In Wan et al. (2022), the optimization performance of the improved black widow optimization algorithm has been enhanced by the incorporation of Gauss chaotic mapping, sine cosine strategy, and the differential evolution method. Despite advancements in artificial intelligence research, no optimization algorithm has been identified as universally suitable for all optimization problems (Wolpert et al., 1997). Therefore, the improved black widow optimization algorithm (IBWOA) is proposed to enhance the optimization performance of the black widow optimization algorithm, which integrates double chaotic mapping, Cauchy barycenter reverse differential variation, and a golden sine guidance strategy in this study. The collision avoidance decision-making problem of altering course between one’s own ship and target ships is regarded as a multi-objective function optimization problem with the factors of the ship collision risk and voyage loss. Thus, the heuristic optimization algorithm can be employed to find the feasible collision avoidance amplitude satisfying the multi-objective function in the feasible region space of the COLREGs (Fıskın et al., 2018; Xu et al., 2018; Zeng et al., 2020; Liu et al., 2021). Based on this, an improved course alteration decision-making scheme for ship collision avoidance is proposed by using the “key ship avoidance” strategy, multi-objective function optimization techniques based on the random linear weighting method, and IBWOA. Firstly, the “key ship avoidance” strategy is employed for analyzing the factors involved in ship collision risk. Then, a multi-objective function using the random linear weighting method is constructed by taking the risk of ship collision and voyage loss into consideration, while adhering to the Convention on the International Regulations for Preventing Collisions at Sea (COLREGs). Finally, the IBWOA is employed to determine the reasonable course alteration for ship collision avoidance. To demonstrate the feasibility and effectiveness of the proposed scheme, the experiments based on ship collision avoidance decision-making have been conducted by using the ship intelligent collision avoidance platform. The performance of the enhanced collision avoidance scheme has been evaluated and analysed. 

The main contributions of this paper are as follows: (1) A novel optimization algorithm is proposed for ship collision avoidance decision-making. The novel position strategies (such as double chaotic mapping, golden sine guidance strategy, and Cauchy barycenter reverse differential variation) are employed for the improved black widow optimization; (2) A multi-objective function based on random linear weighting is proposed to overcome the issues of subjective weighting in the ship collision avoidance system, while adhering to the COLREGs; (3) The ship collision avoidance decision-making platform is established, and the “key ship avoidance” strategy is employed to implement the collision avoidance of multi-ship under encounter situations. 

The rest of this paper is organized as follows: Section 2 gives brief principles and a decision-making model of ship collision avoidance. The basic concepts and principles of IBWOA are described in Section 3. The framework of ship collision avoidance decision-making is presented in Section 4. Section 5 presents the experimental results of ship collision avoidance decision-making. Finally, Section 6 concludes the study and provides the future direction.

2. DECISION-MAKING MODEL OF SHIP COLLISION AVOIDANCE

In the ship collision avoidance decision-making system, the calculation of collision avoidance parameters between one’s own ship and other ships in the same sea area is the basis of collision avoidance decision-making and can also provide a reference for navigators to adopt effective handling methods. 

It is assumed that the own ship’s (OS) velocity (v0), course (𝜑o), and position coordinates x0, y0 are observed by a radar, a global positioning system (GPS), an automatic identification system (AIS), and other equipment on the ship in Figure 1. v׳o denotes a velocity vector in opposite directions from the own ship. The velocity and course of the target ship (TS) are represented by vT and 𝜑T, respectively. The distance between OS and TS is RT, and the relative orientation of TS relative to OS is θT.
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(1) Velocity vector of OS and TS on the coordinate axis
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(2) Relative motion velocity vector between OS and TS
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where vxR=vxT−vxO,vyR=vyT−vyO.

The direction of the relative velocity: [image: ]

where

[image: ]

(3) Relative orientation of TS
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where [image: ] The value of ω is the same as above.

(4) Distance closest point of approach (DCPAT) between OS and TS
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(5) Time closest point of approach (TCPAT) between OS and TS
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2.1 CALCULATION OF COLLISION RISK INDEX

The ship collision risk index (CRI) is an index employed to evaluate whether there is a risk of collision between ships and the magnitude of the risk. There are many factors affecting the ship collision risk index, including the distance to the closest point of approach (DCPA) and the time to the closest point of approach (TCPA), the distance between the two ships, the relative bearing, the visibility, the maneuverability of the ships, etc. In actual navigating operations, the fundamental factors to determine whether there is a collision risk are the DCPA and the TCPA when two ships meet. Therefore, the DCPA and TCPA weighted algorithm for determining the ship collision risk index is employed in this paper (Xue et al., 2014), and the expression is as follows:
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where a and b are weighted values, which are statistical experimental data. For starboard-side target ships, a = 5 and b = 0.5; For port-side target ships, a = 5 and b = 1. The smaller the Pi value calculated by Eq. (3), the more dangerous the target ship will be. According to the key ship-avoiding strategy, priority will be given by the program to the ship with the lowest collision risk index.

2.2 MULTI-OBJECTIVE FUNCTION MODEL FOR SHIP COLLISION AVOIDANCE DECISION-MAKING

According to the specific encounter situation, the collision avoidance through steering in a ship encounter situation is taken as a kind of multi-objective function optimization problem in this study when there is a risk of collision between ships at sea. The improved black widow optimization algorithm is employed to search the reasonable steering collision avoidance amplitude that meets the objective function and the requirement of COLREGs. The requirements are as follows: (1) After turning, the collision risk between the ships shall be as low as possible; (2) On the premise of meeting the “large amplitude” requirement of the COLREGs, the steering amplitude shall be as small as possible to reduce the deviation loss; (3) On the premise of ensuring navigation safety, after turning, the sailing time on the new course shall be as short as possible to reduce the difficulty in resuming the planned course again. The multi-objective function can be expressed as a single objective function using the linear combination weighting method (Yang & Zhao, 2018; Zhou, 2021):
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where f1(xi)∈[0,1] is the sub-objective function of collision risk between the i-th target ship and the other target ships, and f2(xi)∈[0,1] is the sub-objective function of deviation loss; w1 and w2 are weight coefficients. CAi is the steering angle. The steering angle xi is constrained within the range of [30˚, 60˚]. If the weights are randomly generated from a uniform distribution for multi-objective function optimization problems, it is possible to alter the weights with sufficient diversity, thereby accurately approximating the Pareto front (Yang, 2011). To overcome the issues of subjective weighting, the random linear weighting method is utilized to optimize multi-objective functions. Considering previous work, w1 = 0.5+0.4*rand() and w2=1−w1 are employed to deal with the aforementioned problems in this paper. The range of w1 is [0.5, 0.9], and w2 ranges over the interval [0.1, 0.5]. Thus, w1≥w2 indicates a greater emphasis on navigation safety in the process of ship collision avoidance decision-making.

(1) Objective function of ship collision risk index (Yu et al., 2016; Zeng et al., 2020):
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where dCPAir is the distance to the closest point of approach between the i-th target ship and the r-th target ship. N is the number of target ships. The smaller the value of the objective function, the greater the minimum value of the absolute value of the distance to the closest point of approach of the i-th individual to all other target ships, and the smaller the collision risk index.

(2) Voyage loss objective function (Liu et al., 2021):
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where, considering the requirement for “large amplitude” in Rules 8 and 16 of COLREGs and the previous research work, the steering angle shall be not less than 30o in this study. The smaller the value of the loss function, the smaller the steering angle, and the shorter the time of recovery. 

The ship encounter scenarios can be divided into three types: head-on, crossing, and overtaking based on COLREGs. In Figure 2, the encounter scenarios can be determined by the relative bearing between the own ship and the target ship. Under the division of ship encounter scenarios, the ships can take corresponding collision avoidance actions in compliance with Rules 13, 14, and 15 of COLREGs.
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3. IMPROVED BLACK WIDOW OPTIMIZATION ALGORITHM

To address the deficiencies of the standard black widow optimization algorithm in terms of inadequate robustness and slow convergence speed (Peña-Delgado et al., 2020), an improved black widow optimization algorithm that integrates double chaotic map, golden sine search strategy, and Cauchy barycenter reverse differential mutation operator is proposed. the proposed algorithm effectively prevents premature convergence and improves the optimization level of the original algorithm.

3.1 DOUBLE CHAOTIC MAP

The sufficient initial diversity within the population contributes to expanding the algorithm’s search range and ultimately enhances its optimization performance and convergence speed. Due to the advantages of randomness, regularity, and ergodicity, chaotic maps can more effectively cover the search space than random initialization methods ( Limane et al., 2025; Zhang et al., 2018). Therefore, a novel chaotic map strategy, named double chaotic map, is introduced in this paper, which is mathematically formulated by Eq. (7). The initial particles generated using the double chaotic map, exhibit better diversity and more even distribution within the search space, further enhancing the efficacy of the optimization algorithm (Xu & Yin, 2023).
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where x→k,y→kandz→k comprise the k-th chaotic number; β∈(0,4] and u make up the real number, and mod () is the remainder function. 

Therefore, the initial position of a black widow individual is indicated by {z→k+1} through linear transformation, as shown in Eq. (8).
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where ubi and lbi are the upper and lower boundaries of the search space, respectively.

To clearly observe the chaotic map phenomenon of the proposed operator, the period-doubling bifurcation diagrams for logistic, sine, and double chaotic maps are presented in Figure 3. As can be seen from Figure 3(a) and (b), the frequency distribution of values within the interval [0, 1] is not uniform for both logistic and sine maps. The numerical values are predominantly distributed at both ends of the search interval. 
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The non-uniform characteristic from the logistic and sine maps can reduce the optimization efficiency of the algorithm and hinder the identification of favorable initial positions, especially when the global optimal positions are far from the endpoints of the search interval. The initial particles generated by the double chaotic map have higher diversity, and the distribution in the search space is more uniform in Figure 3(c). Thus, it is easier to obtain favorable initial values, which can improve the optimization performance of the algorithm.

3.2 GOLDEN SINE GUIDANCE STRATEGY

To enable the black widow spider to utilize the disparity information between itself and the optimal position and make progress towards the latter, the BWOA incorporates the golden sine guidance strategy (Gold-SA) in its movement approach. The proposed algorithm effectively avoids the problem of premature convergence and enhances optimization efficiency by using Gold-SA.

In comparison to other meta-heuristic algorithms, Gold-SA requires fewer parameters and utilizes the golden section coefficient during the location updating process to comprehensively explore the search space, thereby enhancing optimization speed and efficacy. After incorporating the golden sine search strategy (Tanyildizi & Demir, 2017), the position updating equation of the black widow spider during its movement on the web is as follows:
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where xi→t is the position vector of the i-th spider at t step; xr1→(t) denotes the position vector of the random selected spider r1 at t step; x*→(t) is the optimal position vector at t step; m is a stochastic number with the range of [0.4, 0.9]; R1∈[0,2π] and R2∈[0,π] are stochastic number in the corresponding interval; 𝜆1 and 𝜆2 are two parameters related to the golden section coefficient.

According to Eq. (9), the method of individual position updating combines linear movement and golden sine search behavior. As the i-th spider moves towards a potential mate's position on the web, information exchange with the optimal individual occurs at every position update. The spider individual can completely appreciate the difference information between itself and the optimal individual. When rand < 0.3, the individual's position is updated using a linear movement method, which allows the individual to quickly move to the optimal position. Otherwise, the individual position is updated by using the golden sine search strategy. Under this condition, the parameters of R1, R2, and τ in the golden sine search strategy can control the distance and direction of spider individual movement and gradually reduce the search space to accurately approximate the optimal solution. Thus, the algorithm's convergence speed and optimization efficiency can be enhanced by adjusting parameters such as R1, R2, and τ. 

3.3 CAUCHY BARYCENTER REVERSE DIFFERENTIAL MUTATION OPERATOR

In each subsequent iteration of the black widow optimization algorithm (BWOA), there is a significant decrease in population diversity. To enhance population diversity, widen the search space, and prevent the algorithm from getting trapped in local optimization, the Cauchy barycenter reverse differential mutation strategy that combines the advantages of the two mutation strategies (Li et al., 2018; Chi et al., 2010) is introduced to generate mutated spiders near the center of gravity of the contemporary population in this paper. The mutation operator is shown in Eq. (10):
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where Zg is the center of gravity of the population; F is the scaling factor, randomly between [0, 2]. The two randomly selected individuals and their reverse individuals are sorted according to their fitness value from best to worst as x→best, x→m1, x→m2 and x→worst.

The dynamic coefficient conforming to the standard Cauchy distribution, Cauchy (0, 1), is incorporated into the Cauchy barycenter reverse mutation strategy, which can avoid the repetition of the reverse solution with other individuals and expand the reverse search space. The reverse mutation strategy of Cauchy's center of gravity shows different effects in the early and late stages of iteration. During the initial phase of iteration, there are the relatively large differences between individuals under the influence of mutation strategies, and the population search space of the population has been effectively expanded. In the later stage of iteration, the population diversity is also maintained according to the generation mechanism of mutant strategy. Therefore, the Cauchy reverse mutation mechanism can effectively maintain population diversity and can make the algorithm obtain better global exploration ability and faster convergence speed. In addition, the differential evolution algorithm by using the difference of two randomly selected individuals as the difference vector ignores the direction information of the difference vector. Although the difference operator can improve the search ability of the algorithm. However, the operator tends to get trapped in local optima during the later phase of iteration. Therefore, Eq. (10) 

incorporates the strengths of the differential evolution algorithm and the reverse mutation of the center of gravity method. As presented in Eq. (10), the expression of each mutated spider is linked to the fitness value of four chosen individuals, starting from the population’s center of gravity and proceeding towards the optimal individual direction of x→best. The barycenter reverse learning can produce reverse solutions that are far away from local extreme points to avoid getting trapped in local optima. Under this condition, the searching ability and population diversity of the proposed can be enhanced. The set of difference vectors is oriented towards x→best. The novel mutation operator based on the Cauchy barycenter reverse differential mutation strategy not only incorporates randomness but also provides guidance. The improved black widow optimization algorithm (IBWOA) achieves rapid convergence while attaining a satisfactory tradeoff between global exploration and local exploitation by using the Cauchy barycenter reverse differential mutation strategy.

The pseudocode in Table 1 presents the process of the ship collision avoidance decision-making via the IBWOA.
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4. FRAMEWORK OF SHIP COLLISIONAVOIDANCE DECISION-MAKING

The effective steering angle decision-making scheme for ship collision avoidance is proposed by using the "key ship avoidance" strategy, a stochastic linear weighted multi-objective function, and an improved black widow optimization algorithm in this study. The framework of the ship collision avoidance decision-making system is shown in Figure 4. In this paper, it is assumed that the visibility at sea is good and the water area required for ship collision avoidance is sufficient and free from obstructions. 
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At present, ships undertaking maritime cargo transportation are equipped with modern navigation equipment such as GPS, radar, AIS, and ECDIS and have a high degree of information integration. In this situation, the own ship can achieve environmental information perception by obtaining dynamic and static information of the target ship's position, course, and velocity through navigation equipment. Then, the parameters of ship collision avoidance, including DCPA, TCPA, etc., can be calculated in real-time based on the target ship information obtained by the own ship. A weighted algorithm of DCPA and TCPA is employed to calculate the collision risk between ships, and the “key ship avoidance” strategy is utilized to determine collision avoidance targets in the multi-ship encounter scenarios. According to the Convention on the International Regulations for Preventing Collisions at Sea (COLREGs) and ship motion information, the ships encounter scenarios including head-on, overtaking, and crossing can be identified to determine the ship avoidance responsibility. The ship collision avoidance in this paper is achieved by means of changing course. In order to obtain reasonable and effective collision avoidance angles in the decision-making process of ship collision avoidance, the improved black widow optimization algorithm (IBOA) is employed to optimize the random linear weighted multi-objective function (including ship collision risk index and voyage loss). Finally, the ship is maneuvered according to the avoidance responsibility to achieve safe navigation through avoidance and resumption actions.

5. SIMULATION AND ANALYSIS OF SHIP COLLISION AVOIDANCE DECISION-MAKING

The simulation environment and platform of the experiments in this section is MATLAB software installed on the Windows 11 operating system with a 12th Gen Intel (R) Core (TM) i9-12900H, 2.5 GHz (CPU), and 32.0 GB (RAM).

5.1 PERFORMANCE ANALYSIS OF INTELLIGENT OPTIMIZATION ALGORITHMS

To verify the performance of the proposed algorithm compared to other previous works, the single-modal (Sphere) and multi-modal functions (Ackley) are employed to demonstrate the exploration and exploitation capabilities in this paper. The Sphere and Ackley Functions are as follows (Yapici and Cetinkaya, 2019):

1. Sphere Function (F1):
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where n is the dimension, x is the variable with the range of [–100, 100], and the optimal value of the F1 is zero.

2. Ackley Function (F2):
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where n is the dimension, x is the variable with the range of [–32, 32], and the optimal value of the F2 is zero.

In addition, the ablation experiments have been conducted to demonstrate the effectiveness of the proposed position update and mutation strategies in this study. The particle swarm optimization algorithm (PSO) (Kennedy & Eberhart, 1995), the black widow optimization algorithm (BWOA), the black widow optimization algorithm with double chaotic map and golden sine guidance strategy (ABWOA), and IBWOA are selected for comparative analysis. The number of iterations and population size of the algorithms are set to 50 and 30, respectively. The specific parameter values employed in the algorithms are shown in Table 2. The algorithms are run independently 50 times. The statistical values (worst, best, mean, and standard deviation) are employed as evaluation metrics for algorithms’ performance. The fitness curves during the algorithms’ search process are shown in Figure 5.
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As shown in Table 3, for the single-modal function (Sphere), IBWOA achieves the best results, followed by ABWOA, and PSO performs the worst. IBWOA obtains the smallest standard deviation value, and ABWOA's value is also smaller than that of BWOA and PSO. During the iteration process, IBWOA also had the smallest worst value compared to ABWOA, BWOA, and PSO. ABWOA also demonstrates superior performance compared to BWOA and PSO during the optimization process. For the optimization results of the multimodal function (Ackley), the optimal values obtained by IBWOA, AWBOA, and BWOA are identical. The worst values obtained by IBWOA and ABWOA are equal but superior to those obtained by BWOA and PSO. The standard deviation of IBWOA is identical to that of ABWOA, yet lower than those of BWOA and PSO. From the above analysis, it can be seen that by integrating the double chaotic map, golden sine guidance strategy, and Cauchy barycenter reverse differential mutation operator proposed in this paper into BWOA, the algorithm's exploration and exploitation capabilities have been enhanced, which is specifically reflected in terms of convergence speed, convergence accuracy, and stability. Moreover, the ablation studies indicate that the BWOA, which integrates the double chaotic mapping and golden sine guidance strategies, outperforms BWOA and PSO in terms of convergence speed, convergence accuracy, and stability. Therefore, the proposed strategies have made substantial contributions to the IBWOA, which can enable the IBWOA to achieve a tradeoff between exploration and exploitation.
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5.2 COLLISION AVOIDANCE IN MULTI-SHIP COORDINATION

In order to validate the feasibility and effectiveness of the enhanced ship collision avoidance scheme and facilitate comparative analysis, the multi-ship encounter scenario from the reference (Liu et al., 2020) is employed to simulate a ship collision avoidance test situation. In addition, the “key ship avoidance” strategy is also employed to analyze the factors involved in ship collision risk and simulate the decision-making process of ship collision avoidance (Zheng, 2020) when more than two ships meet. When there is a collision risk between the ships, steering action is taken to avoid collision. The initial parameters of the ships are shown in Table 4. 
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In this paper, the IBWOA, BWOA, and PSO are employed to solve the turning amplitude problem in the ship encounter situation. The population number is set at 30, and the number of iterations is set at 60. The particle swarm optimization algorithm parameters are c1 = c2 = 2.0 and w = 0.6. The other parameters are set to default values. The simulation results are shown in Figures 6 and 7, and Table 5.
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The simulation results based on IBWOA in Figure 6 show that when the other ships are found to have entered the radar range, the collision risk index (CRI) of each ship and their respective responsibilities are calculated in real time, and corresponding actions are taken when they reach the 6 n mile equidistant circle. In the initial encounter state of ships, the distance between ships is relatively far. Thus, there is no collision risk. The ships maintain stand-on status. In relation to OS2, OS1 is the stand-on vessel, and OS3 is the give-way vessel. As the distance between the ships decreases, OS2 determines that OS1 poses a higher collision risk compared to OS3 and OS4. Therefore, OS2 obtains a reasonable avoidance angle to the right through the decision support system, while OS1 maintains stand-on status. However, a new risk of collision has developed between OS1 and OS4. In relation to OS4, OS1 is the give-way vessel. At this point, the system determines that OS1 should turn to starboard by a certain angle. As the distance closes, a new risk of collision arises between OS4 and OS3, with OS4 being the give-way vessel. Therefore, the collision avoidance system provides OS4 with a reasonable angle of avoidance to the right. Throughout the decision-making process for collision avoidance, it is evident that OS3 maintains status as the stand-on vessel. When there is no risk of collision between ships, the ship will resume its original course.

Figure 7 (a)~(c) shows that when one of the own ships is taken as a give-way vessel, the PSO algorithm tends to fall into the “premature” convergence state. The numbers of required convergence iterations for IBWOA to search for optimal steering angles of OS1, OS2, and OS3 are 3, 9, and 4, correspondingly. Its convergence speed and fitness values outperform PSO and BWOA. Therefore, the IBWOA with smaller optimization results for multi-objective functions can easily find the reasonable solution in the search space and has a faster convergence speed, which can ensure the reliable decision-making in ship collision avoidance. It can be seen from Figure 7(d) that the collision avoidance action under the guidance of the proposed optimization algorithm makes the ships pass safely 2n mile away. The collision avoidance steering angles decided by the three intelligent algorithms are different from the coordinated collision avoidance algorithm (CCAA) (Liu et al., 2020) in Table 5. The cosine similarity values of the steering angles between PSO, BWOA, IBWOA, and the CCAA are 0.999406, 0.991623, and 0.999999, correspondingly. Therefore, the collision avoidance steering angles of own ships from IBWOA are similar to those of the CCAA. Thus, the steering angle of IBWOA outperforms PSO and BWOA. As for the problem of resumption time, the paper makes full use of the advantages of computers to calculate the ship collision avoidance parameters in real time. Thus, it can be ensured that the DCPA with other ships will be greater than or equal to the required safe encounter distance after the resumption of any own ship. Therefore, the resumption time of the ship may not be consistent with that in a real situation. Table 5 shows that the intelligent optimization algorithms lead to reduced resumption time compared to the CCAA, thereby minimizing voyage losses.

From Table 6, it can be seen that the max time required for the PSO algorithm is 0.020382s in the ship collision avoidance simulation, while the time required for IBWOA is 0.121899s. The novel position update and mutation strategies have been added to IBWOA, which lead to an increase in the time complexity of the algorithm. However, the time consumed by the optimization method used for collision avoidance decision-making is all within 1s, which can meet the requirements of real-time collision avoidance decision-making at sea.
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5.3 SENSITIVITY ANALYSIS OF OBJECTIVE FUNCTION WEIGHT IN SHIP COLLISION AVOIDANCE SYSTEM

In the ship collision avoidance decision-making system, the two factors of collision risk and voyage loss are considered as the optimization objective to obtain a reasonable and effective collision avoidance angle. In previous work, the determination of weight values is often achieved by subjective assignment. In order to verify the effectiveness of the random linear weighting strategy employed in this paper, the four groups (w1, w2) are utilized to observe the change of collision avoidance angle in the ship collision avoidance system. The simulation results based on the IBWOA are presented in Table 7.
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It can be seen from Table 7 that the weight values of the sub-objective functions have a significant impact on the ship collision avoidance decision-making system for obtaining an avoidance angle. As the weight of the collision risk index objective function increases, the avoidance angle obtained by the ship gradually increases. 

While the navigation safety is ensured, it can also lead to increased voyage loss. Additionally, the avoidance angle obtained by using the random linear weighting strategy is closer to the results provided by the coordinated collision avoidance algorithm (CCAA) employed in previous work (Liu et al., 2020). The strategy of random linear weighting enables the ship collision avoidance system to achieve a tradeoff between collision risk and voyage loss and accurately approximate the Pareto front for the multi-objective function optimization problem.

The research results based on the platform of ship collision avoidance mentioned above indicate that the enhanced collision avoidance scheme has promising performance in the aspect of finding the reasonable steering angles for the ship collision avoidance. The evaluation parameters of the enhanced scheme, such as the convergence speed , outperform the PSO and BWOA. Compared to the CCAA model, the voyage loss is reduced by using the enhanced scheme. A major strength of the current research was the use of three prospective methods to improve intelligence and acquire the effective avoidance angles of ship collision avoidance decision-making. An improved black widow optimization algorithm with novel position strategies of double chaotic map, the Cauchy barycenter reverse differential mutation, and the golden sine guidance is employed to determine the reasonable course alteration for ship collision avoidance. The enhanced method of constructing a multi-objective function by using a random linear weighting method is employed to deal with the problem of subjective parameter setting. Under the premise of complying with COLREGs, the “key ship avoidance” strategy can enable the ships to clearly determine their responsibilities (stand-on vessel or given-way vessel) in different scenarios and increase the intelligence of the ship collision avoidance system. It should be noted that the factors are not considered in the ship collision avoidance decision-making system, such as ship maneuverability, ship domain, and size. In the future research work, more factors may be considered to further reduce the limitations of the study. 

6. CONCLUSIONS

In this paper, an improved alteration of course decision-making scheme is proposed for the ship collision avoidance decision-making system by using IBWOA, a multi-objective function technique based on the random linear weighting and “key ship avoidance” strategies. The simulation experiments based on ship collision avoidance decision-making are conducted to evaluate the performance of the proposed collision avoidance scheme. The enhanced collision avoidance scheme can effectively search for the reasonable collision avoidance steering angle without falling into local optimization, thus ensuring the safety of ship navigation. The innovative approach may enable the officer on watch to achieve the reasonable decision scheme during navigation practice. 
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Table 4. Imtiahization of ship encounter situation
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Table 5. Results of ship collision avoidance

Correlation result \ Algorithms ccaa PSO BWOA IBWOA
Time to start collision avoidance (5) 1150 1080 1080 1080
Tuming angle(deg) 30 3207 30 30
ot Time to stay on the new course (5) 2010 1800 1872 1872
Convergence iterations NA Prematurity 25 3
Time to start collision avoidance (5) 1055 1008 1008 1008
o Tuming angle(deg) 30 3270 30 30
Time to stay on the new course (5) 3830 3060 3132 3132
Convergence iterations NA Prematurity 4 9
Time to start collision avoidance (5) NA NA NA NA
o Tuming angle(deg) NA NA NA NA
Time to stay on the new course (5) NA NA NA NA
Convergence iterations NA NA NA NA
Time to start collision avoidance (5) 1225 1188 1188 1188
Tuming angle(deg) 46 4641 60 4597
o Time to stay on the new course (5) 2435 2232 1980 2232
Convergence iterations NA 4 50 4

Note: The simulation scenario is deived fom Liu et al. 2020), and the avoidance result by using the CCAA algorithm has been effectively verified.
Therefore. it is a suitable benchmark result for the alzorithms’ comparison.
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Table 6. Cost tume for making-decision Unit: s

Methods 0s1 0s2 0s3 0s4
PSO 0009701 0020382 N/A  0.007533

BWOA 0011847 0026190 NA  0.009655

IBWOA 0063940 0121899 N/A  0.062468
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Table 7. Sensitivity analysis of weights Ior ship collision
avoidance decision-making system

w) Osl OS2  0S3 0S4
(06.04)Zengetal  30°  30°  NA  4588°
(2020)

(07.03)Zimetal 3219 3150° NA  4588°
(2021) & Tuetal

(2016)
(08,02) Xuetal. 3957 3757 NA  4849°
(2018)
(09.0.1) 50200 4538 NA 5741
CCAA Liuetal 30 300 NA 46
(2020)
Random weight 3° 300 NA 4597

Note: The simulation scenario is derived from Liu et al. 2020). and
the avoidance result by using the CCAA algorithm has been effectively
verified. Therefore, it is @ suitable benchmark result for the algorithms’
o
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‘Table 1. Pseudocode of the ship collision avoidance decision-making via the IBWOA

Algorithm 1 Ship collision avoidance decision-making via the IBWOA.

1: Input: Obiaining environmental perception information to calculate the risk of ship collision; determining the avoidance respon-
sibility of ships in encounter scenarios based on COLREGs and identifying key avoidance ships.

2: Initialize the parameters of the improved BWOA such as population size (PopSiz), the masimum mumber of iterations (K), the
upper and lower boundaries of the search space of avoidance angle:

3: Initialize the population position through double chaotic map(Eq. (7))

4: Calculate the fimess value of the black widow individuals by using Eq.(4):

5: Calculate the pheromone value of the black widow individuals by using Pheromona(s)
6: Select the global optimal position .(7).

7 fort=1K

8: Tnitialize the random parameter m and related parameters of the golden sine search sirategy:
9. forj=1PopSize

fimess, ~ fimess(i)
Sfimess,.. ~ fimess...

in the BWOA:

10 if random < 0.3 then

11 X+ =X.(0) - mT, (1)

12: else

13 F, (41 =%, (6) <[sin(R)| + R, xsin(R) x |4, x E.(6) = 4, %%, (r)\

14 endif

15: if Pheromone (j) < 0.3 |

16: Update the black widow individual using (1) = %.(0+ 7 [F, ()= (-1 *%, (0] in the BWOA.
17: endif =

18: Update the black widow individual using the Cauchy barycenter reverse differential mufation operator in Eq. (10)
19: Calculate the fitness value of a black widow individual %, (f+1) based on Eq.(4).

200 fEED <SG

21 £()=F,0+D
2 endif
23 endfor

g
24: Calculte the pheromone of black widov individuals based on phromone() = ASan = TMESD. gy o,
25: end for Fimess .. — fimess_,

26: Output: Optimal avoidance angle CA(H) = X.(1)
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Table 2. Parameter values of the algorithms

Algorithms Parameters Values
Tnertia weights (1) 06
PSO Cognitive constant (¢;) 2
Social constant (c;) 2
Random number 71 [04.0.9]
BWOA
Random number 1 L1
. Random number mandn  Referring to the
ABWOA BWOA
Random number mandn  Referring to the
BWOA
IBWOA
golden proportion 0.618

coefficient T
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‘Table 3.

Optumization results of typical benchmark functions

Functions Algorithms Worst Best Mean Standard
SO 721.9707048 2428339796 4433264877 106.6285174
BWOA 4.18906 % 107 2.9489 x 10 842123 x 107 5.92364 x 107
Sphere
ABWOA 5.65235 % 1 135963 % 1079 1.639 x 10°* 8.64251 x 10
IBWOA 2.59601 x 10 432438 %10 5.35050 x 10~ 3.6716 % 10
SO 7.298875458 4925778734 6035029493 0.500809042
BWOA 2.88658 x 10 444089 % 1071 1.01252 % 10°% 401944 x 1075
Ackley
ABWOA 4.44080 x 10 444089 % 1071 444080 x 107 0
IBWOA 4.44080 x 10 4.44089 x 107 4.44080 1076 0






