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Abstract: Underwater gliders (UGs) are widely applied to regional exploration to find potential
targets. However, the complex marine environment and special movement patterns make it difficult
to plan their coverage path. In this paper, a novel multi-underwater gliders coverage path planning
algorithm based on ant colony optimization (MGCPP-ACO) is proposed. First, according to the
detection radius of the sonar and the motion process of the UGs, we establish a detection coverage
model. Then, considering the motion constraints of the UGs and optimization objectives, we redesign
the feasible region, transition probability, pheromone update rule and heuristic function of the ACO
algorithm. Finally, we carry out three groups of experiments. The simulation results show that the
MGCPP-ACO can cover almost the entire sea area and adapt to different initial positions and heading
angles. In addition, compared with the traditional scan-line (SCAN) algorithm, the MGCPP-ACO
has a higher coverage efficiency and lower coverage cost.

Keywords: ant colony optimization; underwater glider; coverage path planning

1. Introduction

The underwater glider (UG) is a new type of underwater vehicle, which has the
characteristics of low cost, low energy consumption and low noise [1]. It can carry various
sensors to perform tasks, such as ocean observation [2], biological observation [3] and ocean
mapping [4]. In addition, the UG can also equip with passive sonar for area detection to
find underwater targets [5]. Reasonable coverage path planning will significantly improve
coverage efficiency and reduce coverage costs.

The multi-robots coverage path planning method is widely used in autonomous un-
derwater vehicles, ground robots, UAVs and other carriers, mainly in area detection [6],
post-disaster search and rescue [7] and 3D structure detection [8]. Considering the existence
of thermoclines in the ocean and the special motion of the UG, Ref. [9] proposed a full-
coverage path planning and obstacle avoidance (CCPP-OA) algorithm to make two UGs
collect the data from the entire sea area. Kapoutsis proposed a DARP algorithm that con-
verted multiple robot problems into a single robot problem, with each region corresponding
to a robot to ensure full coverage [10]. Extending the traditional grid decomposition-based
coverage path planning method, Nedjati used multiple drones to collect images of the
earthquake site to assess the damage caused by the earthquake [11].

The premise of most current methods is that the detection range of the robot is
always the same, so as to facilitate the pre-planning of the waypoints. When all the
waypoints are traversed, the entire area can be covered. Ref. [12] considered that the
terrain affected moving speed and detection radius of the robot. However, in the ocean
environment, the situation is more complicated. Seawater temperature, salinity, depth, and
seabed topography will significantly affect the detection ability of sonar [13,14]. Detection
performance tends to vary at different locations in the region, so it is challenging to plan
the waypoints in advance. In this paper, the heuristic function of the ant colony algorithm
is redesigned so that the UGs can be adaptive to different detection radius and improve the
detection effect.
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In addition, although the characteristics of the UG make it very suitable for area
detection, the coverage path planning is complicated. On the one hand, the saw-tooth
pattern motion of the UG in three-dimensional space is easy to hit the seabed [15]. On
the other hand, the UG cannot communicate with the commander under the water, so
their navigation parameters can only be planned before entering the water. After entering
the water, it will sail according to the saw-tooth pattern trajectory, but the navigation
trajectory will directly affect the detection area [16]. Considering the UG’s motion pattern
and communication constraints, we propose an adaptive coverage path planning algorithm
for multiple UGs in the complex ocean environment. For the cooperation problem between
multiple UGs, we give the cooperation strategy with reference to the working process of
ant colony.

The contributions of this paper are as follows:

(1) A detection coverage model for single period of the UG is proposed;
(2) Redesign the feasible region of the ants adapt to the motion constraints of the UGs;
(3) Reconstruct the transition probability, pheromone update rule and fitness function of

ant colony algorithm to increase coverage efficiency and reduce coverage costs.

The rest of this paper is arranged as follows: Section 2 shows the motion process of
UG. In Section 3, the regional detection coverage model is given. In Section 4, an adaptive
coverage path planning algorithm based on MGCPP-ACO is proposed. Section 5 analyzes
the simulation results of the algorithm and compare it with the traditional SCAN algorithm.
Section 6 presents the conclusions.

2. Motion Process of UG

To reduce energy consumption, the UG does not carry underwater acoustic communi-
cation equipment, so the glider can only be set with mission parameters at the surface (a),
and then dive to perform the mission. The UG will glide for one period in the saw-tooth
pattern motion shown in Figure 1. A complete period of gliding includes the following
steps:

• (a). Setting gliding parameters, including gliding angle, heading angle, depth, and
then preparing to dive.

• (a–b). Reducing buoyancy, gliding down at glide angle and adjusting the wing angle.
Influenced by the wings, the UG moves forward simultaneously during the diving
process.

• (b). Adjusting buoyancy and preparing to float.
• (b–c). Increasing buoyancy, gliding upwards at glide angle and adjusting the wings to

the opposite direction. Influenced by the wings, the UG moves forward simultaneously
during the floating process.

• (c). Surfacing and reporting location.
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Figure 1. The UG motion process.

3. Detection Coverage Modeling
3.1. Sonar Detection Probability

Underwater gliders are equipped with passive sonar to detect targets. The detection
probability of the sonar presents a normal distribution, as shown in Figure 2.
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Then the detection probability Pd and false alarm probability Pf can be expressed as:

Pf = Q
(

γ− µ0√
σ2

)
(1)

Pd = Q
(

γ− µ1√
σ2

)
(2)

where µ1 is the signal mean, µ0 is the noise mean, σ2 is the noise variance, γ is the detection
threshold, Q is the standard normal distribution function.

The signal margin can be expressed as:

SE = 10× lg
d2

d02 (3)

where d2 = (µ1−µ0)
2

σ2 , when µ0 = 0, it is expressed as the system output signal-to-noise ratio;
d0

2 is the signal-to-noise ratio when the false alarm probability and detection probability
are constant.

The underwater glider is equipped with passive sonar, which can be obtained from
the sonar equation:

SE = FOM− TL(p, ϕ, r, h) (4)

The FOM is the inherent property of the sonar, which is generally a constant under the
condition that the background noise is relatively stable, and TL represents the propagation
loss, which is related to the location of the sonar and the pressure p, relative azimuth ϕ,
relative distance r, and depth h of the detection point.

Using Equations (3) and (4), the detection probability can be expressed as:

Pd = Q(Q−1(Pf )− d0 × 100.05×(FOM−TL(p,ϕ,r,h))) (5)

Equation (5) shows that the sonar target detection probability is closely related to the
marine environment.

3.2. Detection Radius Map

We construct the map using the grid method [17]. The dimension of the grid map is
M× N, where M is the number of rows and N is the number of columns. Complex marine
environment leads to uneven detection radius of sonar. We adopt the calculation method
of literature [18] to calculate the detection radius.

The whole area is discretized into M × N sub-areas, and the detection efficiency of
each sub-area is calculated separately to obtain the detection efficiency of the whole area.
The specific calculation steps are as follows:

(1) At a certain depth h, divide the entire area into multiple sub-areas, as shown
in Figure 3.



Electronics 2022, 11, 3021 4 of 14

Electronics 2022, 11, x FOR PEER REVIEW 4 of 16 
 

 

marine environment leads to uneven detection radius of sonar. We adopt the calculation 
method of literature [18] to calculate the detection radius.  

The whole area is discretized into M × N sub-areas, and the detection efficiency of 
each sub-area is calculated separately to obtain the detection efficiency of the whole area. 
The specific calculation steps are as follows: 

(1) At a certain depth h , divide the entire area into multiple sub-areas, as shown in 
Figure 3. 

(2) Based on the center point O  of each sub-areas, according to azimuth interval 
ϕΔ  and distance step rΔ , take a series of sampling points. Then, calculate the detection 

probability ,rPϕ  of each calculation point using Equation (5). 
Where ,rPϕ  is the probability of calculation point which is located at relative azi-

muth ϕ and relative distance r ; 
(3) For a specific azimuth iϕ , if ,i r

Pϕ  greater than the detection threshold P λ , it is 

considered that the point can be detected. 
i

Rϕ  is the maximum detectable distance in the 
azimuth, as shown in Equation (6). 

,= arg max( )
i i r

r
R P Pϕ ϕ λ>  (6)

(4) The average of the detection distances in all directions is recorded as the detection 
radius of this sub-area, indicating the distance that can be detected if the underwater 
glider is located in this sub-area. 

360

1

360
ixy

i
R R

ϕ

ϕϕ

Δ

=

=
Δ   (7)

where ( 1,2,.., , 1,2,... )xyR x M y N= =  is the detection radius at the grid ( , )x y . 

 
Figure 3. The calculation method of the radius. 

The detection radius of different points is shown in Figure 4. The warmer the color 
of the grid, the larger the detection radius, and vice versa.  

Figure 3. The calculation method of the radius.

(2) Based on the center point O of each sub-areas, according to azimuth interval ∆ϕ and
distance step ∆r, take a series of sampling points. Then, calculate the detection probability
Pϕ,r of each calculation point using Equation (5).

Where Pϕ,r is the probability of calculation point which is located at relative azimuth
ϕ and relative distance r;

(3) For a specific azimuth ϕi, if Pϕi ,r greater than the detection threshold Pλ, it is
considered that the point can be detected. Rϕi is the maximum detectable distance in the
azimuth, as shown in Equation (6).

Rϕi = arg max
r

(Pϕi ,r > Pλ) (6)

(4) The average of the detection distances in all directions is recorded as the detection
radius of this sub-area, indicating the distance that can be detected if the underwater glider
is located in this sub-area.

Rxy =
360
∆ϕ

360/∆ϕ

∑
i=1

Rϕi (7)

where Rxy(x = 1, 2, . . . , M, y = 1, 2, . . . N) is the detection radius at the grid (x, y).
The detection radius of different points is shown in Figure 4. The warmer the color of

the grid, the larger the detection radius, and vice versa.
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In general, the detection radius of the UG is much larger than the depth of the seabed
topography. Therefore, we assume that the UG can detect all depth ranges of the current
grid, and we only need to consider the 2D coverage effect.

At time t, the state of the grid (x, y) is oxy(t), using binary encoding, which is set to 1
if the grid is covered, and set to 0 if the grid is not covered. Assuming the glider is in grid
(x, y) at time t, its detection range follows:
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oxy(t) =
{

1, i f (dis < Rxy)
0, i f (dis > Rxy)

(8)

where dis represents the Euclidean distance between the surrounding grid and the grid
where the glider is currently located.

3.3. Detection Model of One-Period Gliding

The UG will glide for one period in the saw-tooth pattern motion shown in Figure 1.
Assuming that the diving gliding angle and the ascending gliding angle are the same as θ,
and the steady-state gliding speed is V, the vertical speed Vz and horizontal speed Vx can
be calculated as follows: {

Vz = V sin(θ)
Vx = V cos(θ)

(9)

Assuming the horizontal distance for one period of gliding:

S =
2D

tan(θ)
(10)

where D is the dive depth. The time required to glide one period is:

Tper =
2D
Vz

=
2D

V sin(θ)
(11)

At time t, the UG is ready to start a period of gliding. The UG enters the water
from point Pt(xt, yt), and glides one period at heading angle H. The water outlet point
Pt+Tper (xt+Tper , yt+Tper ) and the water inlet point satisfy the following relationship:{

xt+Tper = xt + S× cos(H)

yt+Tper = yt + S× sin(H)
(12)

where t + Tper is the water outlet time.
The UG will detect during the entire gliding period and update the grid coverage state

according to Equation (8).

4. MGCPP-ACO
4.1. Optimization Objective

Multiple UGs may cover the same grid repeatedly. As long as any UG covers the grid,
the grid is considered to be covered. Cxy(P) represents the situation of grid coverage map
after P periods and it can be calculated:

Cxy(P) =


1,

m
∑

k=1

P
∑

t=1
oxy(P) > 1

0,
m
∑

k=1

P
∑

t=1
oxy(P) = 0

(13)

where m is the number of UGs.
The optimization objective is to maximize the area coverage rate after m UGs glide for

P periods, as shown in the following formula:

maxPc(P) =

M
∑

x=1

N
∑

y=1
Cxy(P)

M× N
(14)

where Pc is the area coverage rate.
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4.2. Ant Colony Optimization

The ant colony optimization (ACO) algorithm is an intelligent optimization algorithm,
which has good advantages in discrete optimization problems [19]. The ants are considered
UGs for coverage path planning. The mapping relationship between UGs and ants is shown
in Table 1:

Table 1. The mapping relationship between UGs and ants.

UGs Ants

Mobile space grid map foraging space
Feasible Domain a set of restricted outlet points next walkable area

Behavior from the water entry point to
the next water outlet point transfer next cell

Target maximum coverage rate find food

We improve the algorithm based on ant colony optimization to meet the UG’s motion
constraints and optimization objectives. In each iteration, we use w groups of ants, and
each group has m ants, corresponding to m UGs. The initial position of the ants corresponds
to the initial position of the UGs, and the initial heading of the ants corresponds to the
initial heading of the UGs.

4.2.1. Collaboration Strategy

Specifically, each group of ants walks in turn according to the transition probability
and stops after walking for P periods in each iteration. After the w×m ants in one iteration
have all walked, the pheromone on the updated path provides a reference for the ants in
the next iteration. As the iteration progresses, the ants’ paths will gradually converge. The
final convergent path is the optimal path for area coverage.

4.2.2. Feasible Region Constraints

Considering the special kinematic characteristics of UGs, the feasible region needs to
be redesigned. Firstly, UGs have special motion trajectories. The horizontal distance for
one gliding period is affected by the gliding angle and the depth, and both of them have
limitations that lead to the limited water exit point. Secondly, the flexibility of the UG is
low, and it cannot complete a large turn, so there is a constraint on the amount of change in
the turning angle. Therefore, the feasible region is a restricted set of water outlet points.

From Equation (10), the relationship between the single-period horizontal distance
and the profile depth and gliding angle variation can be shown in Figure 5. When the
gliding angle is the largest and the depth is the smallest, the single period gliding horizontal
distance takes the smallest value Smin. When the gliding angle is the smallest and the
depth is the largest, the single period gliding horizontal distance takes the maximum
value Smax.
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Hp is the heading angle of the p period and the heading change angle is ∆H. The
heading angle range of the p + 1 period is Hp+1 ∈ [Hmin, Hmax]. The heading angle is
defined as the angle between the positive direction of the axis. Hmin and Hmax can be
calculated: {

Hmin = Hp − ∆H/2
Hmax = Hp + ∆H/2

(15)

The maximum horizontal distance of gliding, the minimum horizontal distance of
gliding and the heading angle jointly constrain the feasible region. The next exit point of
the UG will be in the fan-shaped area as shown in Figure 6.
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Figure 6. Feasible region constraints.

Considering the special zigzag motion trajectory of the UG, it may bottom out during
the gliding process, so it is necessary to further constrain the feasible region. According to
the motion model of the UG, all the waypoints of the UG can be calculated. If the depth of a
point in the waypoint is greater than the terrain depth, the grid is marked as an unreachable
point and removed from the feasible region.

Restricted by terrain and steering, the feasible region may be empty. At this time, the
ant is determined to be a dead ant, and will not walk in the future. The fitness of this ant is
set to -Inf.

4.2.3. State Transition Rule

The kth (k = 1, 2, . . . , m) ant in each group of ants chooses the next path in turn, and
the probability of the kth ant transferring from the grid i to the grid j at time t is Pij

k(t),
which is calculated by the following formula:

Pij
k(t) =


(τij

k(t))
α
(ηij(t))

β

∑
a∈allowed

τa(t)ηa(t)
a ∈ allowedk(t)

0 other
(16)

where allowedk(t) is the set of grids that kth ant can choose in the next step at time t.
τk

ij(t) represents the pheromone concentration between grid i and grid j at time t.
There are m pheromones in the map, corresponding to m ants. The kth ant is only affected
by the kth pheromone, and the pheromone will be updated after the ant walks through the
grid. α represents the pheromone weight. β is the weight of the heuristic function.

ηij(t) is the heuristic function, representing the expected degree of ant transfer from
grid i to grid j. Assuming that the ant is in the grid i at time t, and the ants are in the j grid
at time t + Tper, the definition is as follows:

ηij(t) =
M×N

∑
x=1,y=1

oxy(t + Tper)−
M×N

∑
x=1,y=1

oxy(t) (17)
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where x = 1, 2, . . . , M,y = 1, 2, . . . , N.
M×N

∑
x=1,y=1

oxy(t + Tper) indicates the number of grids

covered at time t + Tper,
M×N

∑
x=1,y=1

oxy(t) indicates the number of grids covered at time t. The

difference ηij(t) represents the increased number of undetected grids transferred from i
grid to grid j, which can make the ants move towards the unexplored grid.

Calculate the transition probability of the current grid i and all grids in the feasible
region in turn. Use the roulette method to choose which grid the ants will choose next.
This helps to increase the randomness of the paths chosen by the ants and prevents the
algorithm from falling into local optima.

4.2.4. Escape from Local Optimum

When the ants find that ηij(t) of all grids in the feasible region is zero, it means that
the ants cannot explore new uncovered grids. The ants are trapped in the local optimum,
and the heading is adjusted according to the following formula:

H = argmin
Ha

|Ha − Htar| (18)

where Ha represents all the selectable headings in the feasible region. Htar is the target
heading of the ants, which can be calculated by the following formula:

Htar = atan(
ytar − yt

xtar − xt
) (19)

where (xtar, ytar) is the closest uncovered grid to the current grid and (xt, yt) represents the
current coordinates of the ant.

4.2.5. Fitness Function

The fitness function is the number of grids covered by the P period after the ants walk.
The calculation method is as follows:

f it =
M×N

∑
x=1,y=1

Cxy(P) (20)

In Section 3.2, the optimization objective is the coverage from 0 to 1, and directly using
the coverage as the fitness function will lead to small calculation results. In order to reflect
the different coverage effects of ants choosing different paths and accelerate the convergence
speed of the algorithm, the number of grids covered by ants in P cycles after walking was
taken as the fitness function, which was obtained by enlarging the optimization objective
by M × N times. In fact, both functions are unified.

4.2.6. Pheromone Update Rule

Before iteration, there are initial pheromones τ0 on all paths. During each iteration,
each m ants walk as an ant unit with the same fitness. When w× m ants all finish their
pathfinding, the m pheromones on the path are updated. In order to prevent the same group
of ants from interfering with each other, we made some restrictions. The kth (k = 1, 2, . . . , m)
ant will only affect the kth pheromone.

In the algorithm, the dimension of the pheromone matrix is consistent with the dimen-
sion of the grid map, both are M×N. When the ant’s path contains the grid, the pheromone
of the grid will be updated by pheromone update rules. For grids without ants passing by,
the pheromone in them will evaporate over time, the evaporation rate controlled by the
evaporation coefficient ρ.

The pheromone update rule is as follows:

τk
ij(t + Tper) = (1− ρ)τk

ij(t) + ∆τk
ij (21)
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τk
ij(t + Tper) represents the kth pheromone between grid i and grid j after the update

at time t + Tper, τk
ij(t) and represents the kth pheromone between grid i and grid j before

the update at time t. ρ is the volatility coefficient, ∆τk
ij is the pheromone left by the ants,

and the calculation method is as follows:

∆τk
ij =

{
Q× f itk, ant′s path contains cell i, j

0, others
(22)

where Q is a constant, f itk is the fitness of the kth ant. Too high or too low pheromone will
increase the probability of falling into a local optimum. In order to avoid this situation,
the pheromone is limited to a certain range [τmin, τmax]. The optimized pheromone update
rules are as follows:

τk
ij(t + Tper) =


τmin τk

ij(t + Tper) < τmin
τk

ij(t + Tper) τmin < τk
ij(t + Tper) < τmax

τmax τk
ij(t + Tper) > τmax

(23)

4.3. Pseudocode of MGCPP-ACO

The pseudocode of MGCPP-ACO is given in Algorithm 1. Lines 1 to 2 correspond
to the initialization of the algorithm. Lines 3 to 25 correspond to the main loop of the
algorithm. At the end of the algorithm (line 26), it will return the optimal coverage path
after iteration.

Algorithm 1: MGCPP-ACO

01: Model underwater environments and initialize pheromone amount
02: Determine the initial positions and heading of ants and parameters of ACO
03: while termination rule is not met do
04: Mark all ants as alive and place them at starting points
05: for g = 1 to w
06: for p = 1 to P
07: for i = 1 to m
08: if anti is alive
09: Implement state transition rule to select next waypoint
10: if feasible region is NULL
11: Escape from local optimum
12: end if
13: else
14: The fitness of anti = -Inf
15: end if
16: anti moves to next waypoint
17: if anti collisions with the seabed
18: Mark anti as dead
19: end if
20: end for
21: end for
22: Evaluate paths of all alive ants;
23: end for
24: Implement pheromone update rule to update pheromone
25: end while
26: Returns the final path of the iteration

5. Simulation Experiment and Result Analysis

In this section, we show the path of the algorithm in the 2D plane and 3D space and
analyze the adaptability of the algorithm to different initial positions and initial headings.
Then, we compare the algorithm with the traditional scan-line algorithm and analyze the
performance.
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5.1. Simulation Environment

We use MATLAB for simulation; multiple UGs will perform coverage tasks in
15 km × 15 km, and we use the actual seabed topography as the depth constraint. The UG
simulation parameters are shown in Table 2 [20].

Table 2. Simulation Parameters.

Parameters Values Description

M 75 number of rows in the grid map
N 75 number of columns in the grid map
m 3 number of UGs
w 100 number of ant groups

∆H 180◦ heading range
D [100 m, 400 m] gliding depth range
θ [20◦, 40◦] gliding angle range
α 0.8 weight of the pheromone
β 0.8 weight of the heuristic function
ρ 0.05 evaporation coefficient
Q 0.5 fitness factor
τ0 100 initial value of pheromone

τmin 10 minimum value of pheromone
τmax 10,000 maximum value of pheromone

5.2. Analysis of MGCPP-ACO Algorithm

In Scenario 1, we carried out several simulation experiments to demonstrate that the
proposed algorithm adapts to the different initial positions and headings angles. The three
UGs glide fixedly for 12 periods. Table 3 shows the initial coordinates and heading angle,
and Figure 7 show the coverage effect under different parameters.

As shown in Table 3, the proposed algorithm achieves high coverage for different
initial positions and initial heading angles.

Figure 7a–c show that the UGs keep going to the undetected area and avoid colliding
with each other. This is due to the setting of the heuristic function, since the number of new
uncovered grids is reduced by the close distance. The pheromone mechanism of the ant
colony maintains the global optimality of the algorithm and allows the algorithm to have a
high area coverage.

In addition, the algorithm makes full use of the detection effectiveness of the region.
The UGs glider to locations with larger detection radius to improve the area coverage.

Figure 7d–f show that the 3D trajectories of the UGs are not the same for each glide,
because the algorithm adaptively adjusts the glide angle and depth to avoid collision
with the seafloor, and adjusts the water exit point to reach the place with better detection
effectiveness.

Table 3. Initial positions and heading angles.

Scenario
Number

Fig No.
Initial Coordinate (km) Initial Heading Angles (◦) Coverage

Rate (%)P0
(1) P0

(2) P0
(3) H0

(1) H0
(2) H0

(3)

1 Figure 7

1 (1, 1) (1, 6) (1, 11) 0 0 0 95.62

2 (1, 1) (7, 14) (14, 1) 90 270 90 91.33

3 (1, 3) (2, 2) (3, 1) 90 45 0 90.61

2 Figure 8

4 (1, 1) (1, 6) (1, 11) 0 0 0 91.45

5 (1, 1) (7, 14) (14, 1) 90 270 90 84.64

6 (1, 3) (2, 2) (3, 1) 90 45 0 89.25
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Table 3. Cont.

Scenario
Number

Fig No.
Initial Coordinate (km) Initial Heading Angles (◦) Coverage

Rate (%)P0
(1) P0

(2) P0
(3) H0

(1) H0
(2) H0

(3)

3 Figure 9

7 (1, 1) (1, 6) (1, 11) 0 0 0 91.59

8 (1, 1) (7, 14) (14, 1) 90 270 90 87.17

9 (1, 3) (2, 2) (3, 1) 90 45 0 91.06
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In addition, to demonstrate the adaptability of the algorithm under different detection
radius maps, we additionally conduct two group of experiments whose detection radius
maps are not the same.

Figure 8 shows the detection radius map and simulation results under scenario 2.
Figure 9 shows the detection radius map and simulation results under scenario 3. The
simulation results and the coverage rate in Table 3 show that the algorithm still has high
adaptability to different detection radius maps.
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5.3. Performance Comparison
5.3.1. Scanline Covering (SCAN) Algorithm

The scan-line (SCAN) algorithm proved to be simple and effective when covering
rectangular areas [21]. The coverage path consists of straight lines and 90◦ turns, and the
two parallel lines are separated by twice the detection radius to minimize overlapping
coverage [22].

We decompose the entire area into rectangular areas equal to the number of UGs,
where each glider covers an area correspondingly. They all use the SCAN algorithm to
cover sub-regions.

The UG uses the most energy-efficient gliding angle for sailing while avoiding hitting
the seabed. Because of the different gliding parameters each time, the horizontal distance
of gliding is also different. There is a different detection radius at different locations, so
we use twice the average detection radius of the entire sea area as the interval between
parallel lines. The UG will automatically calculate the glide period according to the interval.
Figure 10 shows the motion trajectories of the SCAN algorithm in 2D space and 3D space,
respectively.
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5.3.2. Comparison and Analysis

Next, we compare the proposed algorithm with the SCAN algorithm. The initial
headings and initial positions of the three UGs are the same as those of simulation No.1 in
Table 3. The simulation requires to reach 95% area coverage rate; otherwise, continue to
increase the glide period.

Coverage rate Pc and coverage requirements ξP, ζT are used to evaluate both algo-
rithms. Pc can be calculated by Equation (14), which represents the detection coverage of
the area after a fixed glide P period. ξP is the number of periods required to glide when the
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same coverage is required, and ζT is the time required to glide when the same coverage is
required.

Figure 11a shows the coverage rate of the two algorithms. When sailing for the
same number of periods, the MGCPP-ACO algorithm has higher coverage than the SCAN
algorithm and completes the task earlier (the 12th period), while the SCAN algorithm takes
20 periods to complete the task. The coverage efficiency of the MGCPP-ACO algorithm
is also significantly better than that of the SCAN algorithm. This is due to the setting of
the heuristic function, which makes the glider tend to go to the uncovered grid, so the
MGCPP-ACO coverage is more efficient.
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Figure 11b shows the coverage requirements of the two algorithms, that is, the number
of periods and time required to achieve the same coverage. The requirements of the
MGCPP-ACO algorithm are significantly smaller than those of the SCAN algorithm. This
shows that the algorithm proposed in this paper is less expensive and can complete the
coverage task in fewer periods and time.

6. Conclusions

In this paper, we innovatively propose the MGCPP-ACO algorithm to solve the multi-
UGs coverage problem. First, fully considering the influence of the kinematic constraints of
the UG and the complex ocean environment on the sonar detection radius, we built the
UG detection model. Then, for the multi-glider coverage planning problem, the basic ACO
is improved to obtain higher coverage efficiency. Finally, the improved ACO algorithm is
used to compare with the SCAN algorithm. The simulation shows that the MGCPP-ACO
algorithm has higher coverage efficiency and lower coverage cost. In the future, we will
consider the impact of ocean currents on multi-UGs coverage path planning.
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