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Abstract


Path planning for multiple unmanned surface vehicles (USVs) in task planning is a high-complexity problem. When the number of USVs is  n , the computational complexity is usually as high as   O    n 2     , as paths need to be planned from different start points to different target points. In this paper, we propose a low-complexity path-planning algorithm (LCPP) for multiple USVs based on the visibility graph method. First, all paths between the start points, target points, and obstacle vertices are separately planned with the low-complexity   O  n   . After that, the Dijkstra algorithm is employed to find the shortest path from each start point to all target points, also with the low-complexity   O  n   . To enhance the safety of each USV traveling along the edge of obstacles, the parameters of the adaptive line-of-sight (ALOS) guidance algorithm are optimized using the simulated annealing algorithm. The simulation results show that this algorithm outperforms others in calculation time when dealing with a large number of USVs.
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1. Introduction


With the improvement and refinement of unmanned surface vehicle (USV) systems, the application of multiple USVs is gradually expanding in the tasks with increasing complexity and scale. The execution of tasks by multiple USVs is receiving more and more attention, such as monitoring pollutants [1], water quality detection [2], warehouse logistics [3], mapping [4], and hunting [5]. The path planning for multiple USVs is one of the important foundations and prerequisites for task planning and execution [6].



Recently, there has been progress regarding path planning for USVs in task planning. To reduce computational complexity, some researchers use the Euclidean Distance instead of path planning to construct the cost matrix for task planning, and plan paths after task allocation [7,8,9,10,11], while others study path-planning solutions that reduce complexity. Xia et al. [12] proposed an improved genetic algorithm with the shortest path for the path planning of the USV accessing the task nodes after multi-task assignment, and an artificial potential field function was proposed to avoid USV collision during navigation. Ma et al. [13] proposed the collaborative coverage-improved BA* algorithm (CCIBA*). In the algorithm, coverage path planning for a single vehicle is achieved by task decomposition and level map updating. Then, a multiple-vehicle collaborative behavior strategy was designed for coverage path planning, composed of area division, recall and transfer, area exchange, and recognizing obstacles. Zhao et al. [14] proposed a region division method based on a Voronoi diagram, which divides the region and assigns it to each USV. The improved salp swarm algorithm was used to solve the traditional model predictive control (MPC) for path planning. Yao et al. [15] used the bioinspired neural network to plan the standard path of a single USV for obstacle avoidance between the start point and destination. Then, based on the result of the neural activity values, the cost matrix of the Hungarian algorithm was built and modified for task assignment among multi-USVs. Yu et al. [16] proposed the improved Hungarian algorithm used for multi-target allocation and a virtual field RRT* algorithm to solve the problem of path planning for multi-USVs in space-varying ocean currents. Pei et al. [17] proposed an improved Dyna-Q algorithm incorporating heuristic search strategies, the simulated annealing mechanism, and the reactive navigation principle into Q-learning based on the Dyna architecture for robots in the grid map. A novel action-selection strategy combining the ε-greedy policy with the cooling schedule control is presented to tackle the exploration–exploitation dilemma and enhance the performance of global searching, the convergence property, and learning efficiency for path planning. Zhang et al. [18] proposed a new path-planning method that utilizes integrated environment representation and reinforcement learning to control a mobile robot with non-holonomic constraints in unknown dynamic environments. With the control algorithm presented, the novel approach enables one to find the optimal path to the target efficiently and avoid collisions without the shapes of the obstacles or even any information about the obstacles’ velocities. Wu et al. [19] proposed a novel deep neural network (DNN)-based method for real-time online path planning, including an online three-dimensional path planning network to learn 3D local path planning policies and a path planning framework to realize near-optimal real-time online path planning.



Most research focuses on reducing the complexity of path planning for single USVs. However, a large number of USVs and more possible allocation schemes result in a lot of paths that need to be planned with global centralized computing for large-scale and complex task planning. When the number of USVs is  n , the computational complexity is usually as high as   O    n 2     , as paths need to be planned from all different start points to all different target points. When the number of USVs is large, the calculation time of traditional path-planning algorithms will be too long. Therefore, the complexity of the path planning of multiple USVs needs to be reduced [20], as shown in Table 1.



The main contributions in this paper can be summarized as follows:




	
A low-complexity path-planning algorithm (LCPP) for multiple USVs is proposed based on the visibility graph method, which reduces the computational complexity from   O    n 2      to   O  n   .



	
The parameters of the adaptive line-of-sight (ALOS) guidance algorithm are optimized using the simulated annealing algorithm to enhance the safety of each USV traveling along the edge of obstacles.








The remainder of this paper is organized as follows. Section 2 formulates and analyzes the path planning for multiple USVs in task planning. Section 3 presents the low-complexity path planning algorithm (LCPP) and ALOS with the optimized parameter. The results of simulation and comparison are presented in Section 4, followed by conclusions in Section 5.




2. Problem Modeling


The frequently used notations are shown in Table 2.



On a two-dimensional sea chart, the position of the USV can be represented by   P    x u  ,  y u     .   r  q    represents the planned path from the start point    P s    to the target point    P t   , and  q  is the path parameter, which can be either the length variable     0 ≤ q ≤ s     of a straight path or the angle variable     0 ≤ q ≤ θ     of a curved path. The selection of path variables depends on whether the path is a straight line or a curve.   r  q    is constrained by the motion constraint    Π m    of the USV and safety constraint    Π s    related to obstacles. The path planning for multiple USVs is from  n  USVs at start points to  n  target points, as shown in (1).


   P  s i      x  s i   ,  y  s i   ,  φ  s i      →   Π f  ,      Π s  ,    r  i j    q       P  t j      x  t j   ,  y  t j   ,  φ  t j     ,  i = 1 , 2 , … , n ,     j = 1 , 2 , … , n  



(1)







The USV motion constraint    Π m    refers to the fact that the rudder angle  δ , the rudder angle rate   δ ˙  , and the heading rate   φ ˙   are less than    δ  m a x    ,     δ ˙   m a x    , and     φ ˙   m a x    , respectively, as shown in (2).


   Π m  :  δ  ≤  δ  m a x   ,     δ ˙   ≤   δ ˙   m a x   ,     φ ˙   ≤   φ ˙   m a x    



(2)







In path planning, the length of the path taken per unit of time is the step size  l . Based on the minimum turning radius    r  m i n     in the USV motion, the relationship between the step size  l  (or the USV speed  v ) and the maximum heading rate     φ ˙   m a x     is shown in (3) and Figure 1.


    φ ˙   m a x   = 2 arcsin     l  2  r  m i n         



(3)







The security constraint    Π s    is used to avoid obstacles that appear on the route and maintain a safe distance from them. The obstacle is represented by a polygon consisting of multiple endpoints    P  o j      x  o j   ,  y  o j      . It is necessary to ensure that the USV adjusts its heading to avoid obstacles within a safe distance, so the distance    d  u o     from the unmanned ship to the obstacle is larger than the safe distance    d s    from the obstacle and larger than the minimum turning radius    r  m i n    , as shown in (4) and Figure 2.


   Π s  :    d  u o   >  d s  >  r  m i n    



(4)








3. Path Planning with Low-Complexity and Optimized Guidance in Task Planning


The flow chart for the algorithms is shown in Figure 3.



3.1. LCPP for Path Planning of Multiple USVs


The visibility graph method (VG) takes the start point    P s   , target point    P t   , and vertices    P  o i     of polygonal obstacles as the vertices, connects these vertices to each other, and preserves the lines that do not cross obstacles as visible edges [21]. In Figure 4, the paths are planned from the start point    P s    to the target point    P t    using VG in an area with two obstacles. The gray rectangle represents obstacles and the blue line segment represents the planned path.



The key for VG is to determine whether the line between any two vertices passes through an obstacle. It can directly detect whether the line between any two vertices passes through an obstacle or simplify the judgment by using the following methods [21]: (1) the line between adjacent vertices of the same obstacle does not pass through the obstacle, and the line between non-adjacent vertices of the same convex obstacle passes through the obstacle; (2) the determination of whether the line connecting the vertices of different obstacles passes through an obstacle can be transformed into determining whether its vertex line intersects with the edges that make up the obstacle.



LCPP is shown in Algorithm 1, as a low-complexity path-planning algorithm for multiple USVs based on VG.



Algorithm 1.

In order to improve the path safety of USVs and reduce the computational complexity of planning paths and subsequent screening of the shortest path, LCPP adds safety boundaries and reduces the number of planned paths based on VG. The main purpose of LCPP is to construct the safety boundary of obstacles and the path between the starting point, target point, and obstacles. The path of LCPP can be divided into the following three types:





	(1)

	
The path along the safety boundary of obstacles. The safety boundary of the obstacle vertex is represented by a circular arc and is tangential to the safety boundary of the connected straight line.







Example 1.

As shown in Figure 5, the arc    P  o 1 a    P  o 1 b     is the safe boundary of the vertex    P  o 1    , and the safe distance is    d s   . In the figure, the arcs    P  o 1 a    P  o 1 b    ,    P  o 2 a    P  o 2 b    , and    P  o 3 a    P  o 3 b     and lines    P  o 1 b    P  o 2 a    ,    P  o 2 b    P  o 3 a    , and    P  o 3 b    P  o 1 a     are the paths in LCPP.





	(2)

	
The path from the start point and target point to the vertex of the obstacle. Because the starting and target points are the locations where USVs depart and arrive, the path from the start and target points to the obstacle vertex should be the tangent of the arc from the start and target points to the obstacle vertex. When the tangent point of the tangent falls on the safe arc corresponding to the vertex, the tangent is an optional path. When the USV moves toward the target point, if it needs to update the path, the path from the USV to the obstacle vertex needs to be recalculated because the USV has moved from the start point to a new position. The target point is always stationary, so there is no need to recalculate the path from the target point to the obstacle vertex.







Example 2.

As shown in Figure 6, we take the initial state of the starting point and obstacle safety boundary. We filter the two tangent lines from the start point to the safety circle of    P  o 1     in Figure 7, where the tangent point of the route    s 1    falls on the corresponding safety arc of    P  o 1    , and    s 1    is therefore an optional path. If the tangent point of the route    s 2    does not fall on the safe arc, it is an abandoned path that cannot be chosen. Similarly, as shown in Figure 8, both the route    s 3    and the route    s 4    are nonselectable abandoned paths. The final optional path result is shown in Figure 9, where only route    s 1    and route    s 5    are optional paths.





	(3)

	
The path between the vertices of obstacles. The path between obstacle vertices is based on VG to select feasible theoretical paths, construct a safe circle for obstacle vertices, construct four tangents between vertex safe circles, and observe the position of the tangents. If both tangent points of the tangent line are on the safe arc, then the path is an optional path and other paths are unsafe and unselected abandoned paths. Judging the path between obstacle vertices in this way not only increases the safety of the path but also eliminates nonselectable paths in advance, reducing the filtering range for subsequent selectable path selections.







Example 3.

As shown in Figure 10, the blue line is the optional path extended by the obstacle edge, the purple arc is the safety arc extended by the obstacle vertex, and the yellow line is the four tangent lines between the corresponding safety circles of the vertex    P  o 4     and    P  o 8    . Only tangents with all tangent points on the safe arc are optional paths, so based on the positions of the eight tangent points corresponding to the four tangents, only route    s 4    is an optional path. Two obstacles each have four vertices. If the vertices of the same obstacle are also judged, 28 calculations are required, and there is no need to use tangents to judge the vertices themselves. As shown in Figure 11, LCPP has four selectable paths between two obstacle vertices, while VG corresponds to six paths. In comparison, the improved selectable paths are safer and have fewer options, which is beneficial for reducing the filtering range in subsequent path selection.





Remark 1.

In theory, the complexity of LCPP is related to the number of USVs and the number of vertices of obstacles. However, in map-based path planning, the number of vertices of obstacles is usually fixed. Therefore, in environments where only fixed obstacles exist, LCPP for path planning of multiple USVs can be regarded as only related to the number of USVs.





Remark 2.

The path planning for multiple USVs in task planning is to plan the paths of each USV to each target point, which requires planning    n 2    paths, and the computational complexity is   O    n 2     . However, according to the calculation process of LCPP, the path between obstacle vertices only needs to be calculated once, the path from  n  start points to obstacles needs to be planned  n  times, and the path from  n  target points to obstacles needs to be planned  n  times. Therefore, the planning complexity of LCPP is only   O  n   . In the path planning of a large number of USVs, the lower the complexity, the better. Therefore, LCPP is a better low-complexity path-planning algorithm than other algorithms for multiple USVs in task planning.





Example 4.

The initial environment for comparing LCPP and VG is shown in Figure 12. The calculation results of VG are shown in Figure 13, where the green lines represent the path from the start point to the vertex of the obstacle, with five lines. The blue lines represent the path from the target point to the vertex of the obstacle, with five lines. The red straight line is the path from the vertex of the obstacle to the vertex of the obstacle, with 39 lines.





As shown in Figure 14, we construct safety boundaries for the four obstacles on the map. The light blue straight line is the straight part of the obstacle safety boundary, and the purple arc is the curved part of the safety boundary. As shown in Figure 15 and Figure 16, there are 10 optional paths starting from the starting point, and 4 remaining paths. As shown in Figure 17 and Figure 18, there are 10 optional paths starting from the target point, and 4 remaining paths. By judging the paths between all obstacle vertices, 20 paths from obstacle vertices to obstacle vertices can be obtained, represented by the red lines shown in Figure 19.



Since the Dijkstra algorithm calculates the weights (path lengths) from the start point to all nodes in the graph, it can calculate the shortest path from one start point to  n  target points at a time. The path planning for multiple USVs in task planning is to plan the paths of  n  USVs to  n  target points, usually requiring planning    n 2    paths. However, the Dijkstra algorithm only needs to be calculated  n  times, and the computational complexity is   O  n   , as shown in Figure 20 and Figure 21.



There are 16 paths from each starting point to each target point. The paths from the same starting point to all target points are calculated each time using the Dijkstra algorithm, as shown in Figure 22, Figure 23, Figure 24 and Figure 25.




3.2. ALOS with the Optimized Parameter


The LOS guidance law [22] is based on the lookahead distance and projection, as shown in Figure 26.



In the process of guidance, we only need to control the heading  φ  of the USV to the desired heading    φ  l o s     of LOS to ensure the cross-track error    y e    is equal to 0, as shown in (5) and (6).    α  k i     is the angle of the path relative to the true north.  β  is the sideslip angle.    α  l o s     is the desired angle of LOS to minimize the cross-track error.


  φ →  φ  l o s   =  α  k i   − β +  α  l o s    



(5)






    lim   t → + ∞    y e  = 0  



(6)







The desired path consists of a series of path points    P  k i   =    x  k i   ,  y  k i      .    P  k i     and    P  k i + 1     form a straight path,    α  k i     can be calculated as shown in (7). In the curve guidance,    α  k i    θ    can be calculated, as shown in (8), for any point    P  k i    θ  =    x  k i    θ  ,  y  k i    θ      on the desired path [23].


   α  k i   = a t a n 2    y  k i + 1   −  y  k i   ,  x  k i + 1   −  x  k i      



(7)






   α  k i    θ  = a t a n 2    y  k i + 1    θ  −  y  k i    θ  ,  x  k i + 1    θ  −  x  k i    θ     



(8)







The desired point of LOS is    P  l o s   =    x  l o s   ,  y  l o s      . According to the geometric relationship, the lookahead distance  Δ , cross-track error    y e   , and    α  l o s     can be calculated, as shown in (9) and (10).


   y e  = − c o s  α  k i      x u  −  x  k i     + s i n  α  k i      y u  −  y  k i      



(9)






   α  l o s   = a t a n 2    y e  , Δ    



(10)







In the ALOS with the lookahead distance [24,25], the steady-state error    e s    is zero.  k  in (11) can be adjusted to reduce the maximum error    e  m a x     and convergence time    t c   .    Δ  m a x     and    Δ  m i n     are the maximum and minimum lookahead distances and  e  is the natural constant. The maximum error    e  m a x     corresponds to the safety of the USV, and the convergence time    t c    corresponds to controllability. Therefore, it is necessary to find a suitable  k  based on the specific weight function    f w    and the optimization algorithm to reduce the maximum error    e  m a x     and convergence time    t c   .


  Δ    y e    =    Δ  m a x   −  Δ  m i n      e  − k    y e   2    +  Δ  m i n    



(11)







The important parameters of the USV trajectory after guidance include the maximum error    e  m a x    , the steady state error    e s   , and the convergence time    t c   , as shown in Figure 27 and (12). When the USV trajectory is between the safe boundary and the obstacle,    y e    is negative, indicating more danger. Error outside the safe boundary is relatively safe. In the figure, the trajectory    s 1    is more dangerous than the trajectory    s 2   .


   t c  = min { t |    y e    t + 1   −  y e   t    <  a s  }   e s  =  y e     t c      e  m a x   = min    y e   t     



(12)







Although ALOS can eliminate steady-state errors in straight paths, it may not be possible to completely eliminate steady-state errors in curved paths due to the rapid switching of desired path points. By changing the desired path, the steady-state error    e s    can be reduced, and the actual trajectory can be stabilized at the desired path, as shown in Figure 28. The desired path    P  k i    P  k i + 1     is changed to    P  n e w i    P  n e w i + 1    , so that the trajectory    s  n e w     is exactly stable on the originally expected path    P  k i    P  k i + 1    . Therefore, the steady-state error    e s    can be reduced by changing the desired path when designing the desired path.



The algorithm for calculating the evaluation parameter    y w   k    is shown in Algorithm 2.



	
Algorithm 2. Calculate evaluation parameter    y w   k   




	
Input:  k , USV motion model    f m   , USV control algorithm    f c   , LOS algorithm    f  l o s    , weighting function    f w   , end time of LOS    t  e n d    , initial position    P  u 0    , initial speed    v 0   , and initial heading    φ 0    of USV, desired path    P  k i    P  k i + 1    ,      Δ    m a x    ,      Δ    m i n    




	
Output: evaluation parameter    y w   k   




	
1:

	
  i = 0  ;




	
2:

	
While   i <  t  e n d    




	
3:

	
     y e  ←    P  u i   ,  P  k i    P  k i + 1      ; // track error




	
4:

	
     φ  d i   =  f  l o s      Δ  m a x   ,  Δ  m i n   ,  y e  , k    ; // desired heading




	
5:

	
     δ i  =  f c     φ  d i      ; // desired rudder angle




	
6:

	
       P  u i + 1   ,  v  i + 1   ,  φ  i + 1     =  f m     P  u i   ,  v i  ,  φ i  ,  δ i     ; // USV travels




	
7:

	
    i = i + 1  ;




	
8:

	
End




	
9:

	
  (  t c  ,  e s  ,  e  m a x   ) ←    y e    ← (    P u    ,    P k     );




	
10:

	
   y w   k  =  f w  (  t c  ,  e s  ,  e  m a x   )  ;









In (11),  k  in ALOS is a single variable, so a simple and flexible simulated annealing algorithm is suitable for determining  k  of the formula, as shown in Algorithm 3.



	
Algorithm 3. Parameter selection of LOS using Simulated Annealing




	
Input: Initial temperature    T 0   , final temperature    T f   , attenuation coefficient  α , initial solution    k 0   , length of Markov chain  l , random function    f r   ,    y w   k   




	
Output: Best solution    k  b e s t    




	
1:

	
  i = 0  ;    k  b e s t   =  k 0   ;    t k  =  T 0   ;   t =  T 0   ;




	
2:

	
While   t >  T f    &&   i < l  




	
3:

	
     k  i + 1   =  f r     k i     ;




	
4:

	
  If    y w     k  i + 1     <  y w     k  b e s t      




	
5:

	
      k  b e s t   =  k  i + 1    ;




	
6:

	
  Else if   exp   −       y w     k  i + 1     −  y w     k  b e s t          t k       ≥ rand   0 , 1    




	
7:

	
      k  b e s t   =  k  i + 1    ;




	
8:

	
  End




	
9:

	
    t = α t ;  




	
10:

	
    i = i + 1  ;




	
11:

	
End











4. Simulation


4.1. LCPP for Path Planning of Multiple USVs


LCPP proposed in this paper is compared with the A * algorithm [26], the Fast Marching Method (FMM) [7,9], the Rapidly Exploring Random Tree algorithm (RRT) [27], the Bidirectional Rapidly Exploring Random Tree algorithm (Bi RRT) [28], the Probabilistic Roadmap algorithm (PRM) [29], the Gradient Descent Genetic Algorithm (GA/GD) [30], and Ant Colony Optimization (ACO) [31]. The algorithms used for comparison in the simulation are shown in Table 3.



The path planning for multiple USVs in task planning is composed of path planning for the single USV, so the calculation time of the single USV is first analyzed, and then the calculation time and path length of multiple USVs are compared.



	(1)

	
Calculation time and path length of path planning for the single USV







Figure 29 and Figure 30 show the initial maps and the path using LCPP. In Figure 31, Figure 32, Figure 33 and Figure 34, paths are planned using A*1, A*2, and A*3. Figure 35 and Figure 36 show the potential field maps constructed by FMM from the start point to the target point and the paths planned based on potential field gradient descent. Figure 37, Figure 38, Figure 39, Figure 40, Figure 41 and Figure 42 show the random exploration process and planned paths using RRT, Bi RRT, and PRM in the map. Figure 43 and Figure 44 show the paths planned using GA/GD and ACO. The calculation time of these algorithms is shown in Table 4.



In the figure and table, the LCPP proposed in this paper has a shorter path length compared to other algorithms, and constructing reusable paths between obstacles results in a longer initial calculation time (static obstacles mean the path between obstacles is calculated only once). However, as the number of USVs increases, the calculation time for the same start point increases less, indicating that LCPP is suitable for scenarios with a large number of USVs.



In other path-planning algorithms, the A * algorithm has lower calculation time and path distance values. The FMM plans a shorter path and constructs a potential field map covering the entire map, which takes a longer calculation time. The RRT has a longer calculation time and path length than the Bi-RRT and PRM. GA/GD and ACO have relatively longer calculation times and path lengths according to the population size and iteration times.



	(2)

	
Calculation time and path length of path planning for multiple USVs.







The calculation time of 10 algorithms for path planning from 1 USV (1 path) to 50 USVs (2500 paths) is shown in Figure 45. Among them, the calculation times of FMM, RRT, Bi RRT, GA/GD, and ACO are too long. Therefore, the calculation time of LCPP, A*1, A*2, A*3, and PRM, which are less time-consuming, is further enlarged and compared, as shown in Figure 46.



In the figure, the calculation time of LCPP increases linearly, and the path-planning complexity is only   O  n   . The computation time of other algorithms increases exponentially, and their path planning complexity is   O    n 2     . Although LCPP initially takes some time to construct the path between obstacles (static obstacles mean the path between obstacles is calculated only once), as the number of USVs increases (such as in Figure 46, where the number of USVs is greater than 14), the calculation time of LCPP will eventually be less than other algorithms.



The average lengths of the paths planned by 10 algorithms are shown in Figure 47. LCPP has the shortest path length.




4.2. ALOS with the Optimized Parameter


The parameters of ALOS need to be selected based on the motion model and control algorithm of the USV. The data of the USV in the simulation is shown in Table 5.



The simplified dynamic model of the USV [32] is established in (13). The mass matrix parameters of the USV can be obtained as follows:    m  11   = 210  ,    m  22   = 264.29  , and    m  33   = 277.34  . The damping matrix parameters of the USV after interpolation and adjustment are as follows:    d  11   = 70.15  ,    d  22   = 100  , and    d  33   = 284.30  .


         u ˙  =     m  22      m  11      v r −     d  11      m  11      u +   1   m  11       τ u         v ˙  =     m  11      m  22      u r −     d  22      m  22      v        r ˙  =     m  11   −  m  22      m  33      u v −     d  33      m  33      r +   1   m  11       τ r         



(13)







The thrust generated by the thruster is based on the reference of the Wageningen B-Screw Series [33] according to the propeller speed. The thrust of the USV in each direction [34] is shown in (14), where    x l  = L / 2  .


         τ u  = T c o s δ        τ v  = T s i n δ        τ r  =  x l  T c o s δ        



(14)







The initial speed of the USV is 1 m/s. In the LOS,    Δ  max     and    Δ  min     are set to 6 times and 3 times the length of the USV, respectively. The control algorithm for USV is PID, with the input of    y e    and the output of the rudder angle  δ . The relevant parameters are    k p  = 8.35  ,    k i  = 0  , and    k d  = 4.9  .



The key parameters for the Simulated Annealing algorithm are as follows: the initial temperature is 100; the final temperature is     10   − 8    ; and the random function is a standard normal distribution; the mean is 0; the standard deviation is 0.1; the initial solution is 0.01; the attenuation coefficient is 0.95; and the maximum iteration is 1000. The weight function    f w    is designed as shown in (15).


   y w  =  f w     t c  ,  e  m a x     = a  e  m a x   +   1 − a    t c  / 10  



(15)







	(1)

	
Trajectory and cross-track error of the straight desired path







In the simulation of the straight desired path, the initial position    P u    is     60 , 20    . The points of the desired path (DP) are    P  k i   =   50 , 50     and    P  k i + 1   =   130 , 130    . We add the lateral time-varying disturbance velocity     sin t     sin 5 °   U  , where  U  is the speed of the USV and  t  is the simulation time. The comparison results between ALOS with the optimized parameter (OP-ALOS) and guidance algorithms of Fossen and Wan are shown in Figure 48, Figure 49, Figure 50 and Figure 51.



Due to significant time-varying disturbances, the cross-track errors of USVs have not remained stable, and the corresponding stability errors and convergence time are invalid. The maximum errors corresponding to the five trajectories of OP-ALOS and Fossen’s algorithm are 0.1659, 0.2349, 0.2757, 0.4392, and 0.6001, with relatively small differences. The maximum errors corresponding to the five trajectories of OP-ALOS and Wan’s algorithm are 0.2871, 0.3186, 0.2757, 0.2121, and 0.2966. All maximum errors are positive, indicating that the USV is always on the same side as the start point relative to the desired path. The maximum error of OP-ALOS is 0.2757, which is relatively small, proving its effectiveness in time-varying disturbances.



	(2)

	
Trajectory and cross-track error of the curve desired path







In the simulation of the curve desired path, the comparison results between ALOS with the optimized parameter (OP-ALOS) and guidance algorithms of Fossen and Wan are shown in Figure 52, Figure 53, Figure 54 and Figure 55.



Due to significant time-varying disturbances, the trajectory errors of USVs have not remained stable, and the corresponding stability errors and convergence time are invalid. The maximum errors corresponding to the five trajectories of OP-ALOS and Fossen’s algorithm are −1.4597, −1.5166, 0.0110, −1.5332, and −1.5763, with relatively small differences. The maximum errors corresponding to the five trajectories of OP-ALOS and Wan’s algorithm are −0.1291, −0.1301, 0.0110, −0.1897, and −0.1613. Among them, the four maximum errors are all negative, indicating that the USV is always on the opposite side of the desired path from the start point, which is more dangerous. The maximum error of OP-ALOS is 0.0110, with a relatively small absolute value, which proves the effectiveness of the optimized guidance algorithm in time-varying disturbances.





5. Conclusions


In this paper, LCPP is proposed as a low-complexity path-planning algorithm for multiple USVs based on the visibility graph method. While ensuring a shorter path distance, the algorithm outperforms the comparison algorithm in terms of computational complexity, reducing the original path planning computational   O    n 2      complexity to   O  n   . When the number of USVs is large, the LCPP algorithm requires less calculation time and maintains a shorter path distance. OP-ALOS is proposed as an algorithm of ALOS with optimized parameters to ensure the USV approaches obstacle edges quickly and maintains a specific safe distance from the obstacles. Even in time-varying disturbances, this algorithm can also reduce the maximum error. The effectiveness of the algorithm has been verified through simulation. In addition, this algorithm can only be used in static and known environments. In the future, we will investigate more USVs working together to explore unknown environments and reach target points.
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Figure 1. The USV turning. 






Figure 1. The USV turning.
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Figure 2. Obstacle and safe distance. 






Figure 2. Obstacle and safe distance.
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Figure 3. The flow chart for the algorithms. 






Figure 3. The flow chart for the algorithms.
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Figure 4. Example of VG. 
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Figure 5. Obstacle and safe distance. 
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Figure 6. Initial state. 






Figure 6. Initial state.
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Figure 7. Filter and discover optional paths. 
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Figure 8. Filter but no optional path found. 
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Figure 9. The result of filtering optional paths. 
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Figure 10. Filter and discover optional paths. 
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Figure 11. The result of filtering optional paths. 
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Figure 12. Start point, target point, and obstacles. 
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Figure 13. Calculation results of VG. 
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Figure 14. Safety boundary of obstacles. 
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Figure 15. Possible paths from the start point. 
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Figure 16. The filtered path from the start point. 
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Figure 17. Possible paths from the target point. 
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Figure 18. The filtered path from the target point. 






Figure 18. The filtered path from the target point.



[image: Jmse 13 00556 g018]







[image: Jmse 13 00556 g019] 





Figure 19. Calculation results of LCPP. 
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Figure 20. The path to be calculated. 
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Figure 21. The result of the Dijkstra algorithm once. 
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Figure 22. All paths start from start point 1. 
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Figure 23. All paths start from start point 2. 
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Figure 24. All paths start from start point 3. 
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Figure 25. All paths start from start point 4. 
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Figure 26. LOS guidance law. 






Figure 26. LOS guidance law.
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Figure 27. Evaluation parameters of LOS. 
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Figure 28. Change in the desired path to reduce the steady-state error. 
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Figure 29. Simulation area. 






Figure 29. Simulation area.
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Figure 30. Planning path using LCPP. 
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Figure 31. Initial map of A*1. 
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Figure 32. Path planning using A*1. 
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Figure 33. Path planning using A*2. 






Figure 33. Path planning using A*2.
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Figure 34. Path planning using A*3. 






Figure 34. Path planning using A*3.
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Figure 35. Building a potential field using FMM. 
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Figure 36. Path planning using FMM. 
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Figure 37. Explore maps using RRT. 






Figure 37. Explore maps using RRT.
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Figure 38. Path planning using RRT. 






Figure 38. Path planning using RRT.
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Figure 39. Explore maps using Bi-RRT. 






Figure 39. Explore maps using Bi-RRT.
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Figure 40. Path planning using Bi-RRT. 
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Figure 41. Explore maps using PRM. 
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Figure 42. Path planning using PRM. 
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Figure 43. Path planning using GA/GD. 
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Figure 44. Path planning using ACO. 
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Figure 45. Calculation time of 10 algorithms. 
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Figure 46. Calculation time of 5 algorithms. 
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Figure 47. The average path length of 10 algorithms. 
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Figure 48. Comparison of trajectory with Fossen’s algorithm. 
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Figure 49. Comparison of cross-track error with Fossen’s algorithm. 
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Figure 50. Comparison of trajectory with Wan’s algorithm. 
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Figure 51. Comparison of cross-track error with Wan’s algorithm. 
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Figure 52. Comparison of trajectory with Fossen’s algorithm. 
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Figure 53. Comparison of cross-track error with Fossen’s algorithm. 
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Figure 54. Comparison of trajectory with Wan’s algorithm. 






Figure 54. Comparison of trajectory with Wan’s algorithm.
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Figure 55. Comparison of cross-track error with Wan’s algorithm. 






Figure 55. Comparison of cross-track error with Wan’s algorithm.
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Table 1. Differences in path planning for multiple USVs in task planning.
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	The Traditional Path-Planning Algorithms
	A Low-Complexity Path Planning

Algorithm





	The planned path
	Plan    n 2    paths

(from  n  start points to  n  target points).
	Plan possible paths and find the shortest path



	Computational complexity
	   O    n 2      
	Plan possible paths:   O  n   

Find the shortest paths:   O  n   

(Obstacles are stationary and have a fixed number)



	Calculation time
	Exponential growth
	Linear growth










 





Table 2. Frequently used notations.
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	Notations
	The Meaning of Notations





	    P s    
	Position of the start point



	    P t    
	Position of the target point



	    P u    
	Position of the USV



	    P o    
	Position of edge points of the obstacle



	    P k    
	Position of the desired path point










 





Table 3. Comparison algorithms.
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	Algorithm
	Note





	LCPP
	Based on VG and using Dijkstra algorithm.



	A*1
	The grid is 50 m × 50 m



	A*2
	The grid is 25 m × 25 m.



	A*3
	The grid is 10 m × 10 m.



	FMM
	Based on potential field. The minimum potential field unit is 10 m × 10 m, and step length is 80 m.



	RRT
	Initial step length is 100 m. The minimum step length is 80 m.



	Bi-RRT
	Step length is 80 m.



	PRM
	The number of key nodes is 20.



	GA/GD
	Population size 100, iteration times 1000.



	ACO
	Population size 100, iteration times 1000.










 





Table 4. Calculation time and path length.
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Algorithm

	
The First Calculation

	
The Second Calculation

	
The Third Calculation




	
Calculation Time (s)

	
Path Length (m)

	
Calculation Time (s)

	
Path Length (m)

	
Calculation Time (s)

	
Path Length (m)






	
LCPP

	
215.169

	
2568.2

	
The same start point: 0.269

Different start points: 3.960

	
2568.2

	
The same start point: 0.721

Different start points: 3.541

	
2568.2




	
A*1

	
1.720

	
3026.3

	
1.494

	
3026.3

	
1.392

	
3026.3




	
A*2

	
1.847

	
3026.3

	
1.826

	
3026.3

	
1.827

	
3026.3




	
A*3

	
2.686

	
3026.3

	
2.652

	
3026.3

	
2.641

	
3026.3




	
FMM

	
19.981

	
2826.0

	
19.362

	
2826.0

	
21.035

	
2826.0




	
RRT

	
12.570

	
4111.0

	
12.060

	
3831.9

	
9.799

	
3447.6




	
Bi-RRT

	
6.137

	
3267.2

	
4.588

	
3431.0

	
4.366

	
3366.3




	
PRM

	
1.513

	
3084.2

	
1.533

	
3032.2

	
1.716

	
3273.8




	
GA/GD

	
74.840

	
3548.0

	
91.038

	
3744.0

	
91.408

	
3664.0




	
ACO

	
113.545

	
3090.1

	
101.123

	
3033.6

	
105.098

	
3123.3











 





Table 5. The data of the USV.
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	The Data of the USV
	Value





	Mass
	   m = 200    kg    



	Length
	   L = 3.3    m    



	Width
	   B = 1.5    m    



	Sea water density
	   ρ = 1025    kg  /  m 3    



	Distance between thrusters
	  l = 0    m    (Single thruster)



	Propeller diameter
	    D p  = 0.235   m   



	Propeller speed
	   n = 900    rpm    



	Rudder angle
	   δ ∈   − 15 ° , 15 °     



	Rudder rate
	    δ ˙  ∈   − 5 ° / s ,   5 ° / s     
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