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Abstract: In this study, we focus on the Multi-robot Coverage Path Planning (MCPP) problem for
maritime Search And Rescue (SAR) missions using a multiple Autonomous Underwater Vehicle
(AUV) system, with the ultimate purpose of efficiently and accurately discovering the target from
sonar images taken by Side-Scan Sonar (SSS) mounted on the AUVs. Considering the specificities
of real maritime SAR projects, we propose a novel MCPP method, in which the MCPP problem is
transformed into two sub-problems: Area partitioning and single-AUV coverage path planning. The
structure of the task area is first defined using Morse decomposition of the spike pattern. The area
partitioning problem is then formulated as an AUV ordering problem, which is solved by developing
a customized backtracking method to balance the workload and to avoid segmentation of the possible
target area. As for the single-AUV coverage path planning problem, the SAR-A* method is adopted,
which generates a path that preferentially visits the possible target areas and reduces the number of
turns to guarantee the high quality of the resulting sonar images. Simulation results demonstrate that
the proposed method can maintain the workload balance and significantly improve the efficiency
and accuracy of discovering the target. Moreover, our experimental results indicate that the proposed
method is practical and the mentioned specificities are useful for discovering targets.

Keywords: maritime search and rescue; multi-AUV; multi-robot coverage path planning; prior target
information; area partitioning

1. Introduction

In maritime Search And Rescue (SAR) missions, it is common to employ Autonomous
Underwater Vehicles (AUVs) equipped with the Side-Scan Sonar (SSS) to cover the task
area and discover the target from the obtained sonar images [1,2]. To improve the efficiency
and robustness, multiple AUV systems have shown clear advantages [3,4]. In this context,
Multi-robot Coverage Path Planning (MCPP) technology is needed to generate multi-AUV
paths to cooperatively cover the task area [5].

1.1. Related Works

MCPP technology has been applied in many applications, such as terrain monitor-
ing [6], SAR [7], data sampling [8], floor cleaning [9], and surface painting [10], among
others. Currently, some MCPP methods are real-time cooperative MCPP methods which
require reliable communication, while others are extended from single-robot CPP methods.

The MCPP methods in the first category directly generate multi-robot paths without
the task assignment. Wei et al. designed an artificially weighted spanning tree coverage
(AWSTC) algorithm [11], in which the spanning tree of each robot grew toward the un-
covered area and kept away from the trees of other robots. This AWSTC method relies
heavily on real-time communication. Kapanoglu et al. proposed a genetic algorithm based
MCPP method [12] that decomposed the task area into disks whose assignment and order
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are determined by a pattern-based genetic algorithm. This method mainly focused on
minimizing the coverage completion time and ignored the quality of the collected data. Luo
et al. put forward a neural dynamic approach where each AUV was treated as a neuron [13].
During the task, the dynamics of robots were considered and other robots were treated as
moving obstacles for avoidance. In this method, reliable communication was assumed for
the entire task.

For the MCPP methods extended from the single-robot CPP method, the coverage
task is divided into several subtasks and allocated to multi-robots in advance. A type
of MCPP method first generates an overall tour and then assign segments to each robot.
Considering the energy constraints, the task allocation of MCPP can be formulated as the
capacitated arc routing problem (CARP), which aims to optimally select the weighted edges
of a graph-based environment. In [14], a novel CARP algorithm is presented for narrow
environments which is based on a modified Ulusoy’s algorithm [15]. The sensor-based
coverage method presented in [16] applied another modified Ulusoy’s algorithm (MUA) to
plan a dynamic approach. In [17], considering the strong currents in a fixed direction, the
proposed MCPP method first generated the global path using the lawn-mower method and
then broke it into segments for a fleet of Autonomous Surface Vehicles (ASV) to balance the
workload. In summary, they are suitable for known environments which stay unchanged
during the task.

Another type of task allocation method for the MCPP problem is area partitioning,
which splits into two sub-problems: area partitioning and single-robot coverage path
planning [11,18–21]. This type of method is particularly suitable for the tasks employed
the SSS, since the interference between two close SSS is adverse to the discovery of the
target. In [18], an area segment algorithm named DARP was proposed, based on the initial
positions of robots, where the minimum Spanning Tree Coverage (STC) algorithm is used
to generate the coverage paths for each robot. Nair et al. presented a Geodesic–Manhattan
Voronoi Partition-based Coverage method (GM-VPC) [19]. Then, the boustrophedon
method and the STC method are used to cover their assigned task areas. In the majority
of MCPP methods, the task area is divided according to the current or calculated initial
positions. Popular area partitioning methods include the Generalized Voronoi Diagram
(GVD) [20], Constrained Delaunay Triangulation (CDT) [21], and Boustrophedon Cellular
Decomposition (BCD)[22]. However, all AUVs start from a fixed initial position, which
makes the existing methods inapplicable. Moreover, commonly used single-robot coverage
algorithms include the STC algorithm, the Lawn-Mower(LM) method [23], and the grid-
based coverage method [24]. Unfortunately, the existing single-robot coverage algorithms
used for MCPP methods generate a lot of turns in paths, which can seriously decrease the
sonar image quality.

1.2. Motivation

Upon analyzing the previous MCPP methods, we found that previous methods can
not be well-applied to maritime SAR missions. Various aspects need to be considered in
order to perform the MCPP for maritime SAR missions. Typically, the specificities of a real
project have a direct effect on the performance of an algorithm [8]. The general specificities
of maritime SAR missions using multi-AUV equipped with the SSS are as follows:

(a) There is usually prior target information predicted by rescue specialists [25,26], offer-
ing the probability that a target exists in each position, which is helpful for determining
AUV paths [27].

(b) According to the usage of the SSS, the target is discovered by interpreting sonar
images of sub-areas one by one after completing the task [28]. Hence, concentrating
the possible target areas on a few sub-tasks and first interpreting the sonar images
containing the possible target areas can help to discover the target quickly.

(c) All the AUVs start from the same initial position, limited by the AUV deployment
mode. Instead, most MCPP methods assume that the initial position of robots can be
placed anywhere [18].



Remote Sens. 2023, 15, 93 3 of 22

(d) With regard to the characteristics of the SSS, the fewer turns that the AUV makes,
the higher the quality of obtained sonar image [24,29] and less energy wastage [30].
Therefore, fewer turns in the path facilitate accurately discovering the target.

(e) The workload balancing guarantees the robustness of the multi-AUV system as usual
MCPP cases [18,31,32].

However, to the best of our knowledge, few published studies have systematically
considered all the specificities mentioned above. The usage of prior target information
and the same initial position of robots are never mentioned in existing MCPP research.
Motivated by the above problem, it is necessary to formulate a new constrained MCPP
problem and develop a MCPP method that can be well-applied in maritime SAR missions.

1.3. Contribution

Considering the aforementioned specificities, we formulate a MCPP problem including
prior target information. Accordingly, we propose a novel MCPP method that includes a
customized area partitioning method and a single-AUV coverage path planning method.
The area partitioning method specifies responsible sub-areas for the AUVs, while the single-
robot coverage path planning method generates their final paths to cover the assigned
sub-areas.

As for the area partitioning method, Morse decomposition of the spike pattern is
introduced to define the structure of the task area, considering specificity (c). Aiming at
specificities (b) and (e), a customized backtracking method is utilized to determine the split
lines and obtain optimal sub-areas. The result sub-areas can keep the workload balanced
and reduce the number of AUVs assigned to the possible target area.

As for the single-robot coverage path planning method, the SAR-A* method, which
we proposed previously [33], is employed to plan the AUV paths. For the discrete task area,
the SAR-A* method generates a path through iteratively selecting optimal waypoints. The
waypoint selection criteria include the distance, the probability of discovering the target,
and the number of turns, in order to guarantee the resulting path meets the requirements
of specificities (a) and (d).

The main novelty of the proposed method is to make full use of the real specificities to
aid in the target discovery of maritime SAR missions. The specificities (c) and (f) help the
planned path conform to the usage of the equipment. The specificities (a), (b) and (e) are
conducive to further improve the effectiveness and efficiency of the maritime SAR mission.

The main contributions of this study can be summarized as follows:

• This research summarizes the specificities of real maritime SAR projects using multi-
AUV equipped with SSS. This lays the foundation for future research related to
maritime SAR missions.

• Considering the specificities, this research formulates a novel constrained MCPP
problem and proposed a customized MCPP method. The multi-AUV paths generated
by the proposed method facilitate discovering the target quickly and accurately and
balancing multi-AUV workload.

• For the proposed area partitioning method, a variable conversion transforms the
deflection angles of the split lines to the AUV sequences. It helps to simplify the
solving process and reduce the solution space.

The remainder of this paper is organized as follows: In Section 2, we provide the
definitions, assumptions, and objectives of the two sub-problems (i.e., the area partitioning
problem and the single-robot coverage path planning problem). In Section 3, we present
the process of the proposed area partitioning method and briefly describe the SAR-A*
method. Next, simulation and experiment results are described, in order to demonstrate
the performance of the proposed method, in Section 4. A discussion of the simulation and
experimental results is provided in Section 5. Finally, the conclusion and directions for
future work are stated in Section 6.
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2. Problem Definition

For maritime SAR missions, this study addresses a multi-robot path planning problem
to determine paths of AUVs to cover the task area. The MCPP problem is decomposed into
two subproblems, i.e. the area partitioning and the single-AUV CPP. In the area partitioning,
the task division is obtained by partitioning the task area. In the single-AUV CPP, each
AUV covers its subtask area with a single-AUV coverage path. Combining the solutions
of two subproblems, paths of all AUVs are obtained, which are expected to facilitate the
target discovery in maritime SAR missions using AUVs equipped with SSS.

The task scenario is depicted in Figure 1. Additionally, after analyzing real SAR
projects, we noticed that there are usually specificities, including the prior target informa-
tion and characteristics of the equipment. Considering such specificities, an area partition-
ing problem and a single-AUV CPP problem with additional constraints are formulated.

Figure 1. Task scenario of maritime SAR missions.

2.1. MCPP Problem for Maritime SAR Mission

In the maritime SAR missions, a task area A assumed to be an open and flat sea area
without obstacles, which must be covered. There exists a potential target whose likely
position is simulated by rescue specialists. Due to both the target prediction and AUV
navigation are with inevitable errors, the task area to be covered must be larger than the
prior target information. Hence, the task area is to be covered by AUVs to confirm the exact
target position.

According to assumed prior target information, the probabilistic map of target presence
(Pe) is given [34]. Furthermore, the possible target area Z is defined as the zones within the
task area where the probability of target presence is higher than a threshold:

TH = Pemin + λ× (Pemax − Pemin), (1)

where Pemin and Pemax, respectively, indicate the minimum and maximum values of target
presence probability Pe, and λ is a coefficient (with default value of 0.5). A multi-AUV
system is assigned to cover the task area cooperatively. The AUVs are denoted as AUVr,
r = 1, · · · , Nr, where Nr stands for the total number of AUVs and r is the identifier of a
given AUV. It is assumed that the AUVs can overcome the dynamic ocean environment and
accurately follow the specified path. Task information is assigned to AUVs in advance, and
the communication among AUVs is unnecessary while performing the task. All AUVs are
equipped with the same load including the SSS and sensors. During the task, the available
energy of each AUV can be different. Let ECr be the energy capacity of AUVr, ranging
from 1 (for full battery capacity) to 0 (for complete depletion).
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This study focuses on planning paths for AUVs that are expected to cover the task
area and facilitate the identification of targets. To solve the problem, the MCPP is split into
two stages, i.e., the area partitioning and the single-AUV CPP. As for the area partitioning,
the task area A is divided into subareas Ar and assigned to AUVs. As for the single-AUV
coverage path planning, the paths of each AUV Pr are generated to cover the assigned
subareas. Hence, the mathematical model of the MCPP problem is formulated as

A =
Nr⋃

r=1

Ar, (2)

Ar = Pr = {pi
r, i = 1, · · · , Np

r }, (3)

where pi
r denotes the ith waypoint of AUVr, Np

r expresses the total number of waypoints
of AUV AUVr. Combining solutions of the above two subproblems, the whole area is
completely covered by the multi-AUV system. Details about the two subproblems are given
which include the definitions and objectives. Table 1 lists the notations of all important
parameters in the proposed MCPP method.

Table 1. Main Notations.

Symbol Description

A Task area
Ar Subarea assigned to AUVr
EC Energy capacities of AUVs

f1, f2 Objective functions
Nr Total number of AUVs

Nz, Nz′ Number of Z before and after partitioning
O Order of AUVs

PDT Probability of discovering the target
Pr Path of AUVr
Pd Probability of detecting the target
Pe Probability of target presence
φ Map from θ to S
r Identifier of AUV

SA Area of task area A
Sr Expected area of subarea Ar
S′r Real area of subarea Ar
Z Possible target area
θ Deflection angle from y-axis
Θ Optimal deflection angles of split lines
θz Deflection angle of possible target area

2.2. Area Partitioning Problem

The area partitioning problem aims to divide the task area into Nr subareas for AUVs.
There are two basic principles: workload balance and avoiding the segmentation of the
possible target area.

The workload in area partitioning is expressed as the area of Ar, expressed by

Sr =
ECr

Nr
∑

r=1
ECr

× SA , r = 1, · · · , Nr, (4)

where SA is the area of the task area A.
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To describe the main objectives and constraints, the area partitioning problem is
formulated as

min f1 =| Nz− Nz′ |

min f2 =
Nr

∑
r=1
| Sr − S′r |2

s.t. A =
Nr⋃

r=1

Ar

Ar ∩ Ar′ = ∅

r, r′ ∈ {1, · · · , Nr}
r 6= r′

, (5)

where Nz denotes the number of possible target areas before area partitioning (Nz = 1 by
default), and Nz′ and S′r, respectively, represent the number of possible target areas and
the real area of Ar after area partitioning.

In Equation (5), the first objective function f1 measures the segmentation of the possible
target area (specificity (b)). In other words, possible target areas should be assigned to
fewer AUVs, which is achieved by minimizing f1. The second objective indicates the
deviation of AUV workloads (specificity (e)). By minimizing f2, AUVs can be assigned
optimal workloads.

The constraints in Equation (5) are as follows: (1) the union of all sub-areas covers the
original task area, and (2) the sub-areas are non-overlapping. For this step, the multi-robot
coverage task for the whole task area is transformed into Nr single AUV coverage tasks.

2.3. Single-AUV Coverage Path Planning Problem

Each AUV takes responsibility for its sub-area and covers the sub-area following an
appropriate path. During this task, all AUVs move in a 2D plane with fixed speed and
altitude. The SSS is used to generate sub-sea sonar images along the track, and the nadir of
the SSS is considered negligible.

In the single-AUV coverage path planning problem, a path consisting of a set of
waypoints is required to fully cover the sub-area. According to specificities (a) and (d), the
possible target area should be first visited and turns in the path should be avoided, in order
to discover the target efficiently and accurately.

3. Method

In this section, to solve the MCPP problem for maritime SAR mission using multi-AUV
systems, a novel two-stage MCPP method is proposed, consisting of area partitioning and
a single-robot coverage path planning. Figure 2 depicts the whole process of the proposed
method to clearly show the main framework and the elaborate steps. In the area partitioning
stage, the structure of the task area is defined using Morse decomposition of the spike
pattern. A customized backtracking method is then proposed, in order to generate the
sub-areas. In the single-AUV coverage path planning stage, the minimum circumscribed
rectangle sub-area is given first. Then, this minimum circumscribed rectangle sub-area
is decomposed into hexagonal cells. Next, the waypoints to be visited are defined as the
centers of hexagonal cells within the subareas. Finally, the SAR-A* method is used to
determine the final coverage path.
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Morse decomposition in the 

spiked pattern

Define the structure of 

the task area

Customized backtracking 

method

Determine the optimal 

split lines

Stage 2: Single-AUV coverage path planning

Stage 1: Area partitioning

Record centers of hexagon 

grids in the subarea as 

waypoints to be visited

Generate the final path 

using SAR-A* method

Define the minimum 

circumscribed rectangle 

of the subarea

Decompose the minimum 

circumscribed rectangle into 

hexagon grids

MCPP problem for maritime 

SAR mission using multi-AUV

Paths of multi-AUV

Figure 2. Whole process of the proposed MCPP method.

3.1. Area Partitioning Method

The proposed area partitioning aims to balance the workload and avoid segmentation
of the possible target area. First, Morse decomposition of the spike pattern is applied to
define the structure of the task area. Then, the optimal split line is determined according to
the order of the AUVs, which is solved using a customized backtracking method.

3.1.1. Spatial Structure of the Task Area

Morse decomposition provides a general framework to define the structure of the task
area [35], which is used in existing coverage path planning studies [36–38]. The key idea
is to scan the task region in different directions using slices of different shapes. Figure 3
shows four examples of Morse decomposition, using different slices and directions. The
slices can be treated as split lines to partition the task area. In the case of task areas with
special zones, such as obstacles, Morse decomposition is particularly suitable.

x

y y

y y

x

x

Slice

x

Direction

(a) h = y (b) h = x

(c) h = tan (y/x) (d) h = x2 + y2

Figure 3. Morse decomposition examples with different slices and directions.
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In this study, Morse decomposition of the spike pattern (see Figure 3c) is adopted
to define the structure of the task area. The reason for choosing the spike pattern is that
all robots start from one position (specificity (c)). Hence, we wish to reduce the distance
between the start position and the assigned sub-areas.

To distinctly display the Morse decomposition in the spike pattern, Figure 4 provides
the definitions and notations of the task area. The slice is defined as a ray from the initial
position. Let θ be the deflection angle from y-axis to slice (see θ in Figure 4), then the split
lines are determined by the set of deflection angles Θ. Thus, the area partitioning problem
is transformed into finding the optimal angles Θ.

θz 

Split line

Initial position

Possible 

target area

θz' 

LA

WA

Task area

θ 

x

y

S(θ)

Figure 4. Definitions and symbols of the spiked Morse decomposition.

3.1.2. Variable Conversion Under the Structure

In this part, the optimal deflection angles are solved by changing the order of AUVs.
The main idea is to assign the task area according to the expected area of Ar, such that
f2 = 0. The minimal f1 is achieved by avoiding the split lines passing the possible target
area. The variable conversion subtracts the objective functions f2, which helps to reduce
the computational burden.

The optimal angles of split lines are expressed as Θ = {θr, r = 1, · · · , Nr − 1}. Let
S(θ) denote the area of the subarea determined by θ (see the yellow area in Figure 4) and
ϕ : θ → S be the mapping from θ to S; then, S′r determined by θr can be expressed as

S′r =


ϕ(θr) r = 1
ϕ(θr)− ϕ(θr−1) r = 2, · · · , Nr− 1
SA − ϕ(θr−1) r = Nr

. (6)

Then, let ϕ−1 be the inverse function of ϕ (i.e., ϕ−1 : S→ θ), The rthθ can be obtained as

θr =

ϕ−1(Sr) r = 1

ϕ−1(
r
∑

i=1
Si) r = 2, · · · , Nr− 1

. (7)

Thus, given the expected area Sr from Equation (4), the optimal angle can be deduced.
Further, let O = {oj, j = 1, · · · , Nr} be the order of AUVs, where oj records the

identifier of the jth AUV to be assigned sub-area. As shown in Figure 5, taking O =
{4, 1, 2, 3} as an example, AUV1 is the second subarea to be assigned. Then, for Equation (7),
replacing r in Sr with O, θr is changed according to the AUV order O.
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When optimizing f1, we hope to keep the possible target area complete. Let θz and
θ′z be angle bounds of the possible target area (see θz and θ′z in Figure 4). Hence, f1 is
minimal when

Θ /∈ (θz, θ′z). (8)

Hence, to optimize f1, Θ determined by the AUV order O should satisfy Equation (8).

AUV1

AUV2

AUV3

AUV4

O1=4

SO1=S4
O2=1

SO2=S1

O3=2

SO3=S2

O4=3

SO4=S3

θ1 
θ2 θ3 

θ4 

Figure 5. With Nr = 4, O = {4, 1, 2, 3} as an example, the relationships between θ, O, S, SO are
displayed.

3.1.3. Determination of Optimal Split Lines

The area partitioning problem is transformed to determine the optimal order of AUVs,
similar to the N-Queen problem. Traditionally, the purpose of the N-Queen problem is to
determine the positions of N queens to avoid attacks [39,40].

In this study, a customized backtracking method is proposed to determine the order
of AUVs. As a depth-first search method, the main idea of the backtracking method is
to continuously try each possible position until the positions of all queens are settled. To
find the order O such that Θ satisfies Equation (8), we modified the traditional N-Queen
problem by removing the attacks in diagonal and adding constraints on θ.

The details about the customized backtracking method are described in Figure 6. The
core idea is the process of continuously determining whether an AUV is available for
the position. The available function is described to test if there is no split line across the
possible target area using the current solution (see Algorithm A2 in the Appendix B). If
all candidate AUVs are unavailable, the AUV at the position Oi−1 is changed to another
candidate AUV. The termination condition is all positions have an available AUV. With the
optimal order O∗, the optimal angles Θ are determined.The region partitioning enables the
most reasonable assignment of workloads, with possible target regions being assigned to
fewer AUVs. The related pseudocode is given as Algorithm A1 in the Appendix A.
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Initialize
i = j = 1 

O = ∅   

All positions 

  have an AUV？

  Is AUV Aj  available 

for position Oi ？

Still other 
candidate AUVs ?

Place AUV Aj  

at position Oi ,

Update O

Output O End

Start

No

Yes

i = i + 1  

j = " {1,…,Na}\O

Yes

No

No

Yes

i = i - 1  

j = " {1,…,Na}\O

Figure 6. The flowchat of the customized backtracking method.

3.2. Single-AUV Coverage Path Planning Method

After assigning designated areas for the AUVs, the coverage path is required to
completely cover the sub-areas. There are available existing methods for this purpose,
such as the lawnmower method [41,42], the spanning tree coverage method [43], and so
on. However, considering the prior target information, we adopt our previously proposed
SAR-A* [33], which is specifically designed for coverage path planning for AUVs equipped
with SSS.

Using the SAR-A* method, the first step is to decompose the task area into hexagonal
grids, the centers of which are treated as waypoints. Figure 7 shows a partitioned task
area and their minimum circumscribed rectangles. Taking the first sub-area as an example,
Figure 8 presents the hexagon decomposition. The hexagonal cells in the sub-area (red
points) are retained, and other cells (blue points) are discarded. Thus, sub-area coverage
is achieved by visiting all red waypoints within the subarea. The hexagon decomposition
has the advantage of allowing for more candidate directions and having equal distances
among neighboring grids [44]. If Wsss is the width of the SSS, the radius of the hexagonal
grid elements should be Wsss/2.

After determining all of the waypoints to visit, the SAR-A* method iteratively selects
the most appropriate one as the next waypoint. According to specificities (a) and (d),
the next waypoint selection strategy prefers waypoints with a shorter distance, a higher
probability of discovering the target, and a smaller turning angle. Considering both the
prior target information and the detection capability at cell ci, the probability of discovering
the target PDT is

PDT = Pe× Pd, (9)

where Pd stands for the probability of detecting the target. Hence, preferentially visiting
waypoints with high PDT will help to find the target quickly. The resulting path is generated
when all waypoints are visited. The paths generated by the SAR-A* method not only
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preferentially visit valuable areas, but also guarantee high-quality sonar images to easily
identify the target from images.

-1000 0 1000 2000 3000 4000 5000

x(m)

-1000

-500

0

500

1000

1500

2000

2500

3000

3500

y(
m

)

Figure 7. Minimum circumscribed rectangles of the sub-areas generated by the area partitioning
method.

-1500 -1000 -500 0 500 1000 1500 2000

x(m)

500

1000

1500

2000

2500

3000

y(
m

)

Figure 8. The first sub-area in Figure 7 decomposed into hexagonal cells. The waypoints to be visited
are marked with red points.

3.3. Computational Complexity Analysis

The proposed method has two stages, i.e., area partitioning and single-AUV coverage
path planning. For the area partitioning stage, the customized backtracking method is the
main computational cost. The upper bound of the computational price of the backtracking
method is O(Nr!) which occurs for all AUVs’ sequences making the possible target area
divided. For the single-AUV coverage path planning, the computation complexity is O(Nr

c
2)

according to [33], where denotes the number of grids for AUVr. Hence, for the whole process
of the proposed method, the worst computational load is O(Nr!) + Nr×O(Nr

c
2).
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4. Results

To test the performance of the proposed MCPP method, simulations and an experiment
in a lake environment were conducted. The simulations included two parts: Coverage path
results using different numbers of AUVs and comparisons with existing MCPP methods.
Additionally, the field experiment was performed in a lake, in order to cover an area with a
preset target. The details and results are elaborated in this section.

4.1. Simulations

In the simulation part, a rectangular area of 5000 m × 2500 m was to be covered,
including regions with different SSS detection capabilities due to inhomogeneous hydro-
logical conditions. As shown in Figure 9, the areas in blue and yellow are those with strong
and poor detection capabilities, respectively. The sub-area in the red circle represents a
possible target area. The blue dotted lines are the boundaries of the possible target area.
Based on the prior target information, the target presence probability distribution is shown
in Figure 10.

Possible target area

Boundaries of the 

possible target area

Area with good 

detection capability

Area with poor 

detection capability

Figure 9. Task area in a plane view. The target is assumed to be in the center of the task area. The
possible target area and areas with different detection capabilities are marked.

P
ro

b
ab

ili
ty

 o
f 

ta
rg

e
t 

p
re

se
n

ce

x(m)

y(m
)

(a) (b)

Figure 10. The probabilistic distribution of the target presence, in (a) 3D and (b) 2D views.

4.1.1. Simulations with Different Numbers of AUVs

To cover the task area, multiple AUVs equipped with SSS were deployed from the
point (0,0). The range of the SSS was 200 m. To test the performance with different numbers
of AUVs, we considered the results for 3 ≤ Nr ≤ 8. The energy capacities were set
as EC = {0.93, 0.98, 0.65, 0.97, 0.85, 0.4, 0.7, 0.9}. If Nr < 8, the EC considered the first
Nr elements.
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The customized backtracking method was used to partition the task area. Table 2 lists
the numerical results of the customized backtracking method, including the optimal order
O∗ and angles Θ.

Figure 11 shows that the task area was partitioned into Nr sub-areas, according to
the numerical results in Table 2 for 3 ≤ Nr ≤ 8. In the figure, the sub-areas are separated
by thick lines. Additionally, the minimum circumscribed rectangles of the partitioned
sub-regions are also shown in Figure 11. It can be seen that the possible target area was
not divided when 3, 5, 6, 7 AUVs were used; that is, the proposed area partitioning method
could assign the possible target area to fewer AUVs.

Figure 11. Area partitioning result and corresponding minimum circumscribed rectangles.
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Table 2. The area partitioning results of the proposed method.

Nr O Θ

3 1 2 3 55.46 75.75
4 1 3 4 2 46.50 60.81 74.48
5 3 2 4 1 5 30.69 56.10 67.88 79.01
6 4 3 6 5 2 1 39.06 53.58 59.39 68.21 78.99
7 7 1 3 2 6 5 4 27.06 49.95 59.00 67.95 71.63 79.96
8 1 3 6 7 5 8 4 2 30.24 44.73 51.15 59.24 65.93 73.00 81.26

The final paths generated by the proposed MCPP method are shown in Figure 12,
where the number of AUVs ranged from 3 to 8. The paths of the AUVs are colored
differently. As can be seen from the figure, all AUVs started from the original point and
covered the task area completely. Obviously, there were few turns in the possible target
area, even in the sub-areas, thus guaranteeing high-quality sonar images in the valuable
area. Additionally, the waypoints with high possibility of discovering the target were
preferentially visited.

Figure 12. AUV paths generated by the proposed method.

4.1.2. Comparison with Existing MCPP Methods

In order to verify the advance of the proposed method, we compared it with other
current MCPP methods, taking five AUVs covering the task area as an example. The
performances of the DARP method [18] and the BoB method [22] are given for comparison.
The DARP method consists of a partitioning method based on the initial positions of the
robots and the STC algorithm. As an alternative method for comparison, the BoB method
is based on boustrophedon and backtracking mechanisms, which continuously moves to
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the unvisited areas incrementally through boustrophedon motions. Workload balancing
was also addressed in the BoB method.

To describe the performance, we chose the following three indicators: (1) The first was
the number of turns, which counts the number of turning angles greater than 0. Fewer turns
implies higher quality of the resulting sonar image. (2) The second was the cumulative
probability of discovering the target [45], which is calculated by the following formula:

Ps
DT =

s

∑
i=1

Pi
DT , (10)

where s denotes the step number. A rapidly increasing cumulative probability of discover-
ing the target means that a target can be found quickly. (3) The third was the difference
in workload (dW) between the real and expected workloads. Unlike the workload in area
partitioning, the final workload of an AUV is measured by the length of the coverage path
Lr. Hence, the difference in workload dW is given by

dWr =
Lr

∑Nr
r=1 Lr

− ECr

∑Nr
r=1 ECr

. (11)

A smaller dW indicates better workload balancing performance.
Table 3 lists the final number of turns using the DARP method, the BoB method, and

the proposed method. There were 31 turns in the whole path of the proposed method,
while the other two methods presented 84 and 102 turns in the generated path, respectively.
These results suggest that the quality of the sonar images obtained by the proposed method
is higher, which helps discover the target from sonar images.

Table 3. The number of turns in the final paths of the three methods.

Method Number of Turns

DARP 84
BoB 102

Proposed method 31

Figure 13 compares the proposed method with the two other MCPP methods in
terms of the cumulative probability of discovering the target. Apparently, the cumulative
probability of discovering the target for the proposed method increased more rapidly,
compared with the other two methods. This indicates that the proposed method is able to
discover the target within the shortest time.
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Figure 13. Cumulative probabilities of discovering the target using three methods.
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Figure 14 displays the difference in workload (i.e., the indicator dW given in
Equation (11)) between the three methods. Overall, for the proposed method, the dW
value of all AUVs varied between 0.1 and 1, lower than those of the other two methods.
This means that the proposed method has the best capability for workload-balancing,
compared to the DARP and BoB methods.
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Figure 14. Difference in workload for the three methods.

To further compare with existing methods, the time consumption of the compared
methods is given. Taking 5 AUVs as an example, the time consumptions of the proposed
method, the DARP method and the BoB method are 88.325 s, 90.103 s and 59.272 s. As can
be seen, the running time of the proposed method is similar to the other two methods. By
the way, all methods were run on an AMD Ryzen 7-4800U CPU @ 1.8 GHz with eight cores.

In summary, the proposed method dominated the DARP and BoB methods, in terms of
the growth of the cumulative probability of discovering the target, the number of turns, and
the workload balance. The proposed method has thus been theoretically shown to perform
well in maritime SAR missions using multiple AUVs equipped with SSS. Field experiments
were further conducted to verify the performance in a real-world environment.

4.2. Experiments

To verify the performance of the proposed method in practice, a field experiment was
conducted. In this experiment, the employed multi-AUV system contained three AUVs,
each equipped with a pair of SSS. The ultimate aim of the experiment was to cover the
whole area and find the target from sonar images generated along the AUV trajectories
by SSS.

The field experiment was carried out in Apr. 2022 in Liquan Lake, Shaanxi, China.
Figure 15 depicts the general task scenario, with the task area, the start position, and the
pre-placed target being marked. In the task area (600 m × 330 m), a metal cylinder target
with a height of 1 m and a diameter of 0.5 m was placed as the target. The target location
and the corresponding probability of target presence are presented in Figure 16.
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Figure 15. Experimental scenario, including the task area, the start position, the target position, and
the three AUVs.
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Figure 16. Probability maps of target presence (a) and the target location (b).

Three AUVs developed by the Xi’an Tianhe Maritime Technology Co. were employed
to cooperatively perform the coverage task. Table 4 lists the parameters of the employed
small model AUVs and the equipped SSS. The AUV weighs 15 kg and is 1.53 m long. The
maximum depth and maximum underwater speed are 50 m and 8 knots respectively. The
navigation accuracy and turning radius are 5 m. During the experiment, all AUVs started
from the Start Position shown in Figure 15, and moved at an altitude of 5 m and a speed
of 2 knots. The equipped SSS worked at 330 kHz with a 30 m range and a beam width
of 1.8◦ by 60◦. As the task area was relatively small, the detection capability of the SSS
was neglected, such that the probability of target presence was numerically equal to the
probability of discovering the target. Figure 17 displays the experimental scenario. The
launching process is shown in Figure 17a,b, which further validates that AUVs start from
the same position. In Figure 17c,d, AUVs are performing the coverage task following the
planned paths.
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Table 4. The parameters of the employed equipment.

Item Unit Parameter

AUV

Weight kg 15
Length m 1.53

Nominal Speed kn 3
Maximum Forward Speed kn 8

Navigation Accuracy m 5.00
Turning Radius m 5.00

Maximum Depth m 50.00

SSS

Range m 30.00
Frequency kHz 330

Beam Width ◦ 1.8×60
Range Resolution 0.2% of Range

(a) (b)

(c) (d)

Figure 17. Experimental scenarios.

Figure 18 shows the real trajectories of the three AUVs in different colors. While per-
forming the task, AUVs obtained their position by the dead reckoning which continuously
calculates the current position using the distance and direction of movement. The real
trajectory is read from the AUV log file which records the calculated positions throughout
the task. We can see that the task area was fully covered and the possible target area was
preferentially visited by the three paths. It was concluded that the proposed method can
assign the coverage task to multiple AUVs and generate feasible paths, such that the task
area is successfully covered.

Figure 19 displays the sonar image with the target found in the sonar images obtained
by AUV1. It can be seen that the obtained sonar image was clear enough to identify the
target. The main reason for guaranteeing the image quality is the consideration of avoiding
turns in the SAR-A* method.

By analyzing the experimental results (Figures 18 and 19), the proposed method
enabled the three AUVs to complete the coverage task with a possible target area. Areas
with a higher probability of discovering the target are preferentially visited, such that the
target can be found quickly. Moreover, the sonar images of the SSS are of superior quality
and the target can more easily be identified.
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Figure 18. Real trajectories of the three AUVs. The target location and the start position are marked
with yellow icons. The possible target area is marked with a red circle.

Figure 19. The obtained high-quality sonar image containing the target (marked with a red circle).

5. Discussion

Motivated by the design of a customized MCPP method for maritime SAR missions
using multi-AUV systems, this study takes into account the specificities regarding device
usage and prior information. The proposed method balanced the workload of the multiple
AUVs. Moreover, the generated paths guided AUVs preferentially cover the possible
target area. Besides, the quality of sonar image along the generated paths are improved by
reducing the number of turns. The possible target area was allocated to fewer AUVs for
efficient object discovery from sonar images. The strong practicality and good performance
of the proposed method have been demonstrated in both simulations and experiments. All
above results are beneficial to efficiently and accurately discovering the target.

This study fills the gap where the existing MCPP methods do not work well for
maritime SAR missions using multi-AUV systems. The results of the study revealed that
the mentioned specificities play a vital role in discovering the target.

Unfortunately, we aware that the computation burden of our MCPP method may
increase with the number of AUVs. The principle reason is the usage of the backtracking
method which find feasible solutions by exhaustion. This problem can be solved by
employing heuristic methods such as genetic algorithm to determine the AUVs’ sequence.

6. Conclusions

This study addressed the multi-robot coverage path planning problem with prior
target information for maritime SAR missions using multiple AUVs equipped with SSS.
Considering the specificities of the task scenario and the employed equipment, we proposed
a novel MCPP method to assign the coverage task and generate feasible paths for multiple
AUVs. The efficiency of discovering the target was improved by preferentially interpreting
sonar images with respect to a possible target area and visiting waypoints with a high
probability of discovering the target. The target discovery accuracy was enhanced by
reducing the number of turns in path planning. The proposed method is the first MCPP
method that simultaneously takes into account the effect of the potential target and the
equipment. Furthermore, the proposed method is practical and significant, allowing for
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improvement of the efficiency of maritime SAR missions, as it takes into account the
specificities of real maritime SAR projects.
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Appendix A

Algorithm A1 Customized Backtracking Method

Input: Nr, θz, θ′z
Output: f1, f2, O

1: f1 = f2 = ∞ ; i = 1; j = 1;//initialization
2: while i > 0 do
3: while j ≤ Nr do
4: calculate is Available(j,θz, θ′z)
5: if is Available then
6: tempO(i) = j;
7: break
8: else
9: j = j + 1;

10: temp f1 = Nr− i;
11: compare and record f1 = min temp f1;
12: nO = argmin f1;
13: end if
14: end while
15: if j <= Nr then
16: i = i + 1; j = 1;
17: else
18: BACKTRACKING;
19: end if
20: if all elements in tempO are settled then
21: calculate temp f2;
22: f2 = min(temp f2); O = argmin f2;
23: end if
24: end while
25: if O is then
26: restAUV = {1, . . . , Nr}
27: O = nO

⋃
(restAUV \ nO)

28: calculate f2(O )
29: end if
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Appendix B

Algorithm A2 Available Function

Input: O, θz, θ′z
Output: is Available

1: is Available = 1; i = 1; j = 1;
2: calculate θ according to O;
3: if θ /∈ (θz, θ′z) then
4: is Available = 0
5: end if
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