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Abstract: The cooperative execution of complex tasks can lead to desirable outcomes and
increase the likelihood of mission success. Nevertheless, coordinating the movements of multiple
autonomous underwater vehicles (AUVs) in a collaborative manner is challenging due to nonlinear
dynamics and environmental disturbances. The paper presents a decentralized deep reinforcement
learning algorithm for AUVs that enables cooperative motion planning and obstacle avoidance.
The goal is to formulate control policies for AUVs, empowering each vehicle to create its optimal
collision-free path through adjustments in speed and heading. To ensure safe navigation of
multiple AUVs, COLlision AVoidance (COLAV) plays a crucial role. Therefore, the
implementation of a multi-layer region control strategy enhances the AUVs’ responsiveness to
nearby obstacles, leading to improved COLAV. Furthermore, a reward function is formulated to
consider four criteria: path planning, obstacle- and self~=COLAV, as well as feasible control signals,
with the aim of strengthening the proposed strategy. Notably, the devised scheme demonstrates
robustness against disturbances A comparative study is conducted with the well-established
Artificial Potential Field (APF) planning method. The simulation results indicate that the proposed
system effectively and safely guides the AUVs to their goals and exhibits desirable
generalizability.

Keywords: Multi-AUVs; Motion planning; Obstacle avoidance; Ocean current; Deep
reinforcement learning

1. Introduction

Multiple Autonomous Underwater Vehicles (AUVs) have become increasingly important for
various applications such as deep-sea exploration, pipeline monitoring, and search and rescue
operations [1, 2]. With the increasing complexity of AUV missions, there is a growing interest in
employing AUV fleets. The utilization of multiple AUVs can potentially improve system
performance, reduces costs, shortens mission duration, and increases the likelihood of mission
success. Consequently, the navigation and motion control of such autonomous systems operating
in the ocean environment are critical. Path planning is the process of determining a feasible,
collision-free path that connects the starting and finishing points while taking into account the

*b.haadi@gmail.com



following factors: path length, arrival time, energy consumption, path smoothness, environmental
uncertainties, and others [3, 4]. Although extensive research has been conducted on addressing the
path planning problem in both single and multiple AUV applications [5], a smaller portion of
solutions are based on machine learning (ML) techniques [6, 7]. Common methods that have been
utilized in multiple AUVs' path planning include optimal control theory approaches [8],
evolutionary algorithms [9], artificial potential fields (APF) [10], and the artificial neural network-
based method [11, 12]. However, given the complexity and uncertainty of the marine environment,
it can be challenging to generate a large number of possible scenarios, exposing these methods to
reduced effectiveness in addressing external disturbances and fleet control issues in addressing
external disturbances and fleet control issues [3]. To overcome these limitations, this study
presents a novel approach to cooperative path planning of multiple AUVs. By leveraging the power
of ML technologies, this approach paves the way for cooperative planning and control without
relying on tedious if-then rule loops. This paper represents a step forward in the theory of this field,
although the technology is still in its early stages [13].

Deep reinforcement learning (DRL) is a learning method that has been shown to be a beneficial
and effective tool for tackling complicated problems and adapting to unpredictable situations in
autonomous systems [14-16]. Recent studies in the field of marine system mission planning have
shown an increasing tendency to employ DRL techniques [17]. In DRL-based path planning
research, the single AUV motion planning problem [18-26] is comparatively more explored than
the planning for multiple AUVs [7]. One example of the application of DRL in marine system
mission planning is described by [18], where a hierarchical DQN with prioritized experience
replay was presented to plan three-dimensional AUV paths. In order to reach this goal, the path
planning problem was split into three layers, which made the state space smaller, and an artificial
potential field was used to solve the sparse reward problem. Chu et al. proposed the twin-delayed
deep deterministic policy gradient (TD3) algorithm for enhanced path planning in unmanned
underwater vehicles (UUVs), emphasizing the use of multi-beam sonar data. The study includes a
comparison analysis with other DRL algorithms [19]. Wu et al. employed DRL for a maritime
search and rescue vessel coverage path planning framework for multiple persons in water to
maximize the success rate in an effective time. Using DRL approaches, the framework attempted
to dynamically alter the path planning strategy in response to real-time environmental conditions
and operational restrictions [20]. In order to enhance localization accuracy and efficiency in
underwater networks containing a large number of beacons, [21] implemented a DRL-based
localization approach for an AUV. Through the strategic choice of beacons and the adjustment of
their transmission power, the scheme enhances both localization precision and energy efficiency
by taking into account variables like the number of selected beacons, AUV depth, and received
signal strength. Bhopale et al. described how to prevent colliding with obstacles in AUVs using
modified Q-learning. To reduce the risk of a crash, a danger area was constructed near the obstacles
in this technique. Once the AUV entered this danger zone, exploration was stopped and
exploitation was carried out until the danger zone was exited [22]. Hadi et al. have developed an
adaptive motion planning and obstacle avoidance strategy for an AUV based on DRL. The
presented method is robust to ocean currents [23]. In [24], Maximum a Posteriori Policy
Optimization (MPO), a DRL technique, was utilized to address the motion control issue of an
underactuated AUV. Extended state observers were used to estimate five-degrees-of-freedom
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unknown disturbances. Xu et al. implemented DRL into USV path planning and dynamic COLAV
using COLREGs. In this study, a deep deterministic policy gradient (DDPG) was employed to
generate thrust and rudder inputs for vessel steering [27].

As previously mentioned, few studies have explored the use of DRL for multi-AUV path
planning and obstacle avoidance. An ant colony optimization algorithm and a DQN were used to
solve the problems of path planning and obstacle avoidance for multiple unmanned undersea
vehicles (UUVs) [28]. The DRL approach was used to perform generalizable, distributed
formation path planning for unmanned surface vehicles (USVs) [29]. Pan et. al. proposed flocking
control of a swarm of underactuated unmanned surface vehicles (USVs) using DRL and the model
predictive path integral (MPPI) method. A deep neural network was trained to learn each USV
model. Formation control and collision avoidance tasks were achieved based on DRL and MPPI
control designs. Zhao et al. used the PPO algorithm combined with navigation rules to design an
obstacle avoidance model for multi-unmanned vessels [30].

In the current study, the mission involves navigating toward designated destinations for each
AUV, ensuring avoidance of collisions with randomly distributed obstacles and other AUVs. Upon
reaching the designated area, the AUV comes to a complete stop. If a new mission is assigned, it
advances toward the subsequent destination. In another work by the authors, they proposed end-
to-end formation motion planning and control for AUVs. The goal was to create optimal adaptive
distributed controllers based on actor-critic frameworks. Two distinct obstacle-avoidance
strategies were offered [31]. In the present study, DRL is extended to enable cooperative
autonomous tasks in AUVs, where each AUV operates independently to achieve its objective
while avoiding obstacles and other AUVs. It should be noted, another avenue in motion planning
research is the target pursuit or encirclement problem. In target pursuit, the priority is to
circumnavigate and enclose moving targets based on sensing information like range or information
transmission through wireless networks along the path. For example, in [32] a distributed
estimating and control approach is introduced to tackle the issue of distance-based target
localization and pursuit for multiple AUVs. The localization and pursuit of an unknown
underwater moving target are achieved by utilizing range measurements between the trackers and
the target. In [33], a framework for multi-objective motion planning is introduced to achieve the
localization and pursuit of multiple targets. A model predictive control method is employed to
address the issue and ensure optimal control of pursuit vehicles while chasing moving target
vehicles. A multi-agent cooperative pursuit optimization issue for maritime security protection
using distributional soft actor-critic was solved in [34] .

The majority of current research on AUV motion planning using DRL techniques is focused on
solving single AUV path planning problems. Therefore, there is interest in a DRL-based
decentralized adaptive controller with obstacle avoidance and self-COLAV for under-actuated
AUVs. Using actor-critic architecture, optimal adaptive controllers identify the performance of the
current control policy and update the controller to eliminate motion planning errors. The model
for the Markov decision process (MDP) for end-to-end motion planning of the multiple AUV has
been presented. The system achieves end-to-end processing of information by directly mapping
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the state information of the AUVs and the surroundings to control their heading and speed.
Obstacle avoidance throughout the exploration process is considered a challenging task for AUVSs.
Since the proposed approach is a model-free method, reliance on the mathematical model has been
eliminated, and an intelligent controller based on plant’s behavior in an unknown environment has
been developed. Obstacle avoidance is implemented using multi-layer control approaches. All
AUVs are equipped with obstacle avoidance modules. When the obstacles are within the detection
range of each AUV, they are entered into its MDP model, and the change of direction and speed
required to avoid the obstacles is done when they enter the danger zone.

This research is a step forward in replacing burdensome, traditional rule-based methods that use
models or geometry with novel learning-based algorithms. The paper's main contributions are as
follows:

e A decentralized deep reinforcement learning algorithm for the path planning of multiple
AUVs is proposed. In this framework, each AUV learns its own policy based on local
observations and rewards without direct communication or coordination with other AUVs,
which is desirable in underwater environments with limited communication capabilities.

e AUVs can make independent decisions based on local data, resulting in more scalable and
resilient operations in real-world circumstances.

e At the sensing level, we developed decentralized collision avoidance strategies that map
end-to-end sensing data directly to the desired collision-free speed and steering commands.

e For more realistic scenarios in underwater operations, the efficacy of the proposed
algorithm under ocean disturbances is considered.

The present paper is organized as follows: In Section 2, the fundamentals of DRL are presented.
AUVs’ motion model is described in Section 3. The details of the DRL algorithm for distributed
cooperative control and obstacle and self-COLAYV, including a definition of the state space, action
space, and reward schemes, are introduced in Section 4. Simulations of various scenarios are
presented in Section 5. Section 6 is devoted to conclusions.

2. Problem statement

2.1. Cooperative motion planning mission

According to Figure 1, the primary mission of AUVs is to efficiently navigate towards
predetermined goals while minimizing travel distance. Additionally, AUVs are designed to
effectively circumvent encounters with stationary obstacles and prevent collisions with other
AUVs. The initial positions of the AUVs are randomly determined within a designated
geographical region. Obstacles within the movement space of AUVs are defined in a random
manner. The selection of targets within a particular area is randomly conducted.
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Fig. 1. Multi-AUVs cooperative motion planning
2.2. AUV motion model

To describe the motion of AUVs, two coordination systems are defined as displayed in Fig. 2:
the body-fixed frame {B}, and the earth-fixed frame {E}. The motion of AUVs on a horizontal
surface is suitable for applications where AUVs operate at a constant depth, such as seabed
exploration. Excluding the roll, pitch and heave motions, the mathematical model of AUVs can be
expressed by the following equations [35]:

n=Jmv (1)
Mv+CW)v+DWv+gn) =t+14 ()

where 7 = [x, y,]"is the position vector of the AUV in the earth-fixed frame, which includes the
(x,y) coordinate and the yaw angle iy € [0,2m). The velocity vector of the AUV in the body-fixed
frame is v = [u, v,7]7, where u is the surge velocity, v is sway velocity, and 7 is the yaw rate.
J() € R3*3 is the rotation matrix, M is the positive definite mass matrix, C(v) is the coriolis
terms and centripetal force matrix; and D (v) is the damping matrix that are defined in [33]. T =
[T, 0, T,-] is the input control vector, which includes the surge force, the sway force (which is zero
because the AUV is under-actuated), and the yaw moment. 74 is disturbance. This model is solely
utilized for data generation in training and simulations; the algorithm does not require an
understanding of vehicle characteristics and is model-free data-driven.

2.3. Deep Reinforcement Learning (DRL) Algorithm

Reinforcement learning enables an agent to learn its intended behavior or policy through direct
interaction with the environment (refer to Fig. 1). At every time step, the agent performs action a
in the state s. Subsequently, it transitions to the new state of s’ and receives the reward r from the
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environment. Through extensive interaction with the environment, the agent discovers a strategy
that maximizes the expected return on investment as a whole. The discounted sum of future
rewards is defined as the expected return, as follows [36]:

~ 3)
Re = Tep1 + VTtpa + VPTpyz + - = Z Y T gern)
k=0

where y € [0 1] is the discount factor that determines the current value of future rewards. The
discounted expected state-value function is defined as follows, starting from the state s and
following the z policy:

- “)
V() = ExlRelse = 51 = Eal ) ¥¥resgesnlse = 5]
k=0
Similarly, the action-value function is defined as follows, which describes the value of the action
a in the state of s under the 7 policy:

Q"(s,a) = Ex[R¢|s; iS; a, = aj Q)
= En[z Vkrt+(k+1)|st =s,a; = aj
k=0

The Bellman Optimality Equations for the state-value function and the action-value function are
defined as follows:

Vi(s) = mng[rtﬂ + YV (St41)lse = s,a; = a] (6)
Q*(s,a) = E[reqq + Vmng*(Stﬂ; al)|5t =s,a; = al (7

where V*(s) = maxQ*(s, a) holds for all s. When Q*is found through interactions, the equation
a
n*(s) = argmaxQ*(s, a) can be used to determine the best policy.
a
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Fig. 2. Interaction of the deep agent with the environment in the Markov decision-making process

3. The structure of DRL for cooperative motion planning and obstacle
avoidance of multi-AUVs



The design of AUV control is complicated by the highly nonlinear dynamics of underwater
vehicles and the unknown disturbances caused by environmental conditions. Adaptation strategies
that do not require dynamic models can be advantageous in this context. By employing actor-critic
structures, RL algorithms converge to adaptive-optimal online solutions for systems that are
entirely unknown. The (TD3) algorithm [37] is elaborated on to achieve an integrated cooperative
motion planning and control algorithm, addressing a more comprehensive challenge than a
standalone control problem that could be addressed using well-established classical techniques.

3.1. State and action representation

Each AUV aims to reach its destination safely by using the shortest possible path. Thus, the state
space is based on the AUV’s direction error from its target and distance from the identified
obstacles.

dpi-T 8
Savv; = [eA, 2 dEtl, i=1,23, j=0,A (8)
Tdet
dAj' Tget
Tdet
_ {Value if obstacles or other AUVs are in AUV's sensor range detection
0 else

where e, = A — 1 is the direction error of the AUV toward the target, and A indicates the direction
of the target (Fig. 2). ¥ is the heading angle of each AUV. d,; is the N X 1 vector of the distance
from identified obstacles or other AUVs, and N is the number of the objects. r4.1s the maximum
detection range of the AUV’s sensor.

As stated previously, the AUVs intend to arrive at their destination safely and avoid obstacles
and other AUVs during navigation, which requires speed and direction control. To accomplish
this, the surge force 7,, and yaw moment 7,. are controlled.

A=[1,, T, ] )
3.2 Reward function

A detailed reward function is meticulously designed to shape the cooperative motion planning
and obstacle avoidance mechanisms of the AUVs. This function strategically encourages desired
behaviors while penalizing deviations from the intended course of action. It comprises three
distinct sub-terms for the AUVs: efficiently guiding them towards targets, steering clear of
potential hazards, and preventing collisions with other AUVs.

3.2.1 LOS tracking reward



This reward motivates the AUVs to follow the Line of Sight (LOS), thus enhancing the chances
of reaching the target. This is expressed in the following equation:

r=—l1=1y| (10)

where A is the LOS angle target with the AUV, and v is the AUV’s heading angle.
3.2.2 Multi-layer obstacle and collision avoidance

This paper presents a two-layer region control concept for obstacle and self-collision avoidance,
as shown in Figs. 3 and 4. Each AUV is surrounded by layers. Each layer has its own gain. The
gains from the layers increase as they move from the outer to the inner layers. The rewards due to
the inner layer with significant gain are only activated when an obstacle enters the inner layer
region. This makes COLAV implementation more efficient. When an obstacle reaches the first
layer, it is rewarded negatively. As it advances to the second layer, it receives increasingly severe
negative rewards. Consequently, compared to receiving rewards with a constant gain, the AUV's
sensitivity to its immediate surroundings increases. Each AUV learns a policy to avoid obstacles.
According to Fig. 3, first, a circular shell is made for the AUV model. A collision is indicated by
a shell overlapping an obstacle. The scaled distance of all obstacles inside sensors’ detection range
is entered into the corresponding AUV’s MDP model, and thus, the reward function is defined as
follows:

O AUV’s sensor detection range
O First avoidance layer

. Second avoidance layer

:\/ﬂj Circular shell for the AUV model

. Obstacle

Fig. 3. Two-layer obstacle avoidance: each AUV senses the obstacles in the range of sensors detection
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where £ denotes the number of obstacles sensed within the detection range of the AUV's sensors.
d,o 1s the distance between the AUV and the obstacle and dg,,piq = 14 + d1 + d2 + Tops » Which
1y 1s the AUV’s shell radius, d;; and d;, are the first and the second layer width distances
respectively, and 7,,,1s the obstacle radius. If the distance of the AUV from the obstacles exceeds
the defined danger zone with a radius of d ;4. it receives a reward of zero; otherwise, it incurs
penalized.

3.2.3 Self-COLAY reward

What?? This term of the reward reflects the AUVSs' self-=COLAYV with respect to other AUVs, as
formulated below:

T = {O if dAA > davoid (12)
3 _ldavoid - dAAI otherwise

where, d441s the distance between two AUVs. This reward is designed to prevent AUV collisions.
davoia = 2(ry +dq + d;,). Figure 4 demonstrates a two-layer region for self-collision evasion.

3.2.4 Total reward
The total reward function is defined as the weighted sum of all the mentioned reward functions:

T, =win + Wy Ty + W3T3 (13)
+ [wa, wslrg”

where wy, w, ,w3 ,w, and wg are positive constants. Each of the aforementioned weightings
represents the significance of its corresponding reward in the control policy. The selection of 5 =
[=|Tul, —I7,|] aims to reduce total control effort by incorporating the modulus of control signals
to avoid the neutralization of negative and positive values.

Fig. 4. Two-layer self-COLAV: indicating distance layers

The cooperative motion planning of multi-AUVs is presented in Algorithm 1 using the TD3
algorithm. The actor- critic reinforcement learning scheme AUV motion planning is shown in Fig.
5. An architecture with two hidden layers was used to estimate the value function (state-action)
and policy for the DRL algorithm's actor and critic networks.
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Fig. 5. Schematic diagram of AUV motion planning based on the proposed strategy

states

Algorithm1: Adaptive motion planning based on DRL

1. Configure initial poses, number of episodes, number of steps in each episode N, reply buffer size D, mini-
batch size M, the learning rate for decision-making networks y
2. Initialization online critic networks Qg,, @, and the online actor ugy
3. Initialization target critic networks Q ol Q ) and target actor network “,9’
4. For episode = 1, T do
5. Initialize a random process (N;)for action exploration
6. Receive initial observation states (Eq. 8)
7.Fort=1,Ndo

8. For each AUV, select the action a, = u(s|6) + N, according to the current policy and the
explored noise

9. Executing the action a; on AUV and observing the new state si+1 (Eq.8) and obtaining the
reward r; (Eq.13)

10. Storing the transfer (s;, a;, 7, S¢+1) in the experience reply buffer D

11. Sampling a random mini-batch (M * (s;, a;, 1;, S;;1)) from the experience reply buffer D
12. Fori=1,M do

13. Calculation a;,, = 1'(s;41|0") + clipped noise
14. Calculating the value of target state-action using the equation y; =71; +

yminQ, (Si+1 Qisaldd;)
15. End for
16. Updating the critic networks by minimizing the cost function of Bellman equation errors

M
1
¢, =rt+arg rﬁ}lnﬁ; (J’i - Q¢1 (s, ai|¢1)) op

M
o1
=n+arg "é)lan; (Yi — Q¢, (s ai|¢z))

17. If t mod d then
18. Updating the online actor policy (0), using the sampled deterministic policy gradient
Vol (0) = 3 Zscm Vo Qpy (5, 16(9)) ,
19. soft updating the target networks: ¢! = 1! + (1 — 1)}, for i=12, ' =
0+ (1 —-1)6
20. End if
21. End for

22. End for
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The proposed cooperative motion control and obstacle avoidance model seek an optimal policy
for each agent using the TD3 algorithm. Before the start of the episodes, all the settings are done,
including the initial position and orientation of multiple AUVs, the dimensions of the training area,
the training rate, the exploration noise for the actor network, the smoothing noise for the target
network, etc. In each episode, the variables of the velocity vector and the AUV’ position are reset.
Multiple random target zones are selected, and the obstacles are distributed in the training zone
randomly. In the algorithm, the critic has four networks, of which two have similar structures, i.e.,
online networks with ¢ and ¢, parameters, and target networks with ¢; and ¢, parameters. The
actor has two online and target networks with similar structures, with 6 and 6’ parameters,
respectively. In order to have proper exploration in state and action spaces while choosing the
policy, the noise N, is added (line 8). In each time step, by applying action to each AUV, new
states sy, based on Eq. (9) are obtained, and the instant reward 7; based on the reward function
designed for control purposes are received and stored in the experience buffer (D) along with the
applied action and the system’s current state. The buffer stores a predetermined number of state
transitions and a mini-batch (M) is sampled from them (line 11). In the subsequent stage, an action
is chosen for each state of the mini-batch. Applying the smoothing regularization strategy to the
target policy and adding clipped noise to the deterministic output of the target actor network a’ for
the state s;,1 will prevent high variance when updating the critic network (line 13). The critic’s
target Q-values for all mini-batch samples are calculated. The online critic network’s parameters
¢+ and ¢, are updated by minimizing the mean square of the Bellman error (line 16). The training
process of the online actor network is updated according to the random data sampled from the
buffer, M = (s;,a;, 13, Si+1), based on a deterministic policy gradient with a lower frequency than
the critic networks (line 18). By doing so, the critic network becomes more stable before being
used for training the target network, and the errors are reduced. With a frequency equal to the
update frequency of the actor’s policy function, the parameters of the target actor network 8’ and
the target critic networks ¢; and ¢, are soft updated with the aim of enhancing the stability of the
learning process (line 19). This procedure is repeated in every episode until all AUVs reach the
destinations or the time of the episode’s step is over.

4. Simulation results

The motion planning of under-actuated AUVs is evaluated in various scenarios to validate the
efficiency of the proposed method. Cooperative motion planning is taken into account in the
presence of obstacles. Furthermore, the algorithms' performance and robustness are assessed in the
presence of ocean currents. This section discusses the acquired results. The training area measures
250 x 250 m?. The AUVs are placed in the one corner area of the training zone. The targets are
circles with a radius of 3 meters at the boundary of the training zone. The dynamic model
parameters used in AUV; (i = 1 — 5) simulations are adapted from [38] and are as follows: m;; =
200kg, m,, = 259kg, mz3 = 80kg, dy; = (70 + 100|u|)kg/s, d,, = (100 + 200|v|)kg/s,
and dj3; = (504 100|r|)kg/s. The authorized range of control signals is T, €
[150, 300] (N) and 7, € [—20, 20] (N.M). The obstacles are distributed randomly in an 8-meter
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radius inside the training zone. An AMD Ryzen 7 3800XT 8-Core, 3.89 GHz CPU processor, and
an NVIDIA GeForce RTX 2060 GPU were used to run algorithm 1 in MATLAB.

4.1 DRL parameter configuration and training

The actor-critic networks have a similar structure (Fig .6), which means that double-layer, fully
connected networks of 400 and 300 neurons with a RELU activator function have been used. These
values were chosen based on the dimensions of the state and action spaces, and they are adequate
for approximating the state-action and policy functions in this study.
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Fig. 6. Structure of the deep neural networks

Hidden layers

Value
function

The action is chosen using the Ornstein-Uhlenbeck process noise to fully leverage the state and
action spaces. The following is a definition of the noise process:

Ni41 = N + agy(uoy — Ni) + 0oyNg(0,1)

(14)

where N, and N, ;are the Ornstein-Uhlenbeck process values at times k and k + 1, respectively.
N;(0,1) is a Gaussian noise having a mean of zero and a standard deviation of one. The parameters
of the Ornstein-Uhlenbeck process are ayy, oy, and oyy. The values of the TD3 parameters are

shown in Table 1.

Tablel: networks’ parameters

Parameters Value
Actor network learning rate 0.001
Critic network learning rate 0.0001
Discount factor 0.99
Memory size le6
Smooth update 0.005
Policy and target delay update 2
Target policy noise variance 0.1
Exploration variance 0.1
Sample time 0.5
oy (Constant) 1
Uoy (The noise model's mean) 0
oy (The noise model's variance) 0.1
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In each episode, the AUV can travel 350 steps. The AUV's action is the surge force and the
moment of yaw, so the heading and position of the AUVs are updated by equations (7) and (8).
An episode ends when all AUVs reach the target areas or when the entire time step of each episode
has passed. The training phase is conducted for three AUVs with initial positions of (20,10),
(15,20), and (5,10), respectively. Obstacles are distributed randomly in the training area. The
objective is to train AUVs so that they reach their destinations safely. Each AUV is equipped with
a module for avoiding obstacles. Fig. 6 depicts the training diagrams of all three agents. As training
episodes increase and the reward value stabilizes, the average reward steadily increases. Three
AUVs are used in the training phase. However, five AUVs are used in testing situations to simulate
the generalization of DRL capacity. In testing situations, five AUVs are used to simulate the
generalization and scalability of proposed structure.
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Fig. 7. Training result: the cumulative rewards per episode

4.2 Obstacle-free cooperative motion planning result

In the first section of the evaluation, obstacle-free path planning is considered. Five AUVs are
used to assess the system's performance and demonstrate that the intelligent motion planning
system has adequate generalization capability. Five AUVs move towards the designated targets at
coordinates (10, 15), (20, 20), (20, 10), (25, 15), and (1, 8), respectively. The path of AUVs is
depicted in Fig. 8. Each AUV successfully reaches the designated target.

13



220

200

180

160

140

120

y (m)

100

80

60

AUV
AUV 2

AUVS3
40

AUV4

AUVS

20

X : :

50 100 150 200

x (m)

Fig. 8. Trajectories of five AUVs in an obstacle-free scenario

4.3 Cooperative motion planning with obstacles present

Static obstacles with a random distribution of 8 meters in radius are considered in the following
scenario. It can be observed (Fig. 9) that AUVs choose their routes so that they avoid obstacles
and do not collide with each other. Figures 10 and 11 depict the linear and angular velocities and
the control signal. Figure 12 indicates the changing distance between AUVs and obstacles over
time. It is evident that the AUVs do not collide with obstacles.
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Fig. 10. State variables for five AUVs in the presence of the obstacles
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Fig. 12. Variation in the distance between AUVs and obstacles

In order to demonstrate the algorithm's capacity to do intricate tasks, a challenging mission was
devised for some AUVs. This objective consisted of a series of successive targets. In the first
scenario, AUVs initiated their movement from separate positions and effectively reached the pre-
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established destinations. In the second scenario, four consecutive targets in different directions
were considered for the second AUV (red color). In the third scenario, AUV3 (green color), four
consecutive targets are considered, which include returning to the starting point and then going to
the fourth target. In the fourth scenario, successive targets are designed for AUV1 (blue color).
The simulation results in Fig. 13 show that the proposed approach has successfully completed
complex missions and has generalized well to unseen scenarios.
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Fig. 13. The outcomes of simulations for single-goal and multi-goal scenarios

The AUVs undergo training to effectively navigate and prevent collisions with both stationary obstacles
and other AUVs. To assess the algorithm's performance in the presence of a dynamic obstacle, one of the
obstacles was simulated to be in motion in an east-to-west direction at a velocity of 0.3 meters per second.
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Figure 14 depicts the AUVSs' trajectory when they encounter the moving obstacle, as well as their distance
from the obstacle border. According to the diagram, the fifth AUV passes the obstacle with the shortest
distance.
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Fig. 14. AUV's trajectories in the presence of static and dynamic obstacles and the distance between the AUVs and the boundary
of the dynamic obstacle along the movement path

4.4 Comparison between DRL and artificial potential field path planning

This section presents a comparative analysis between the method proposed in the article and the
artificial potential field (APF) technique as one of the accepted approaches in motion planning. To
achieve this, cooperative path planning consisting of five AUVs is performed using both the APF,
and the results are compared under identical conditions. The task of path planning, which involves
reaching targets, avoiding obstacles, and preventing collisions, is accomplished by the utilization
of a modified artificial potential approach as outlined in reference [3]. For this purpose, the
functions of attraction and repulsion are established. The force of attraction potential facilitates the
achievement of the desired objective. The repulsive potential force diminishes the possibility of
inter-particle collisions and the probability of encountering obstacles. Figure 13 depicts the APF
path planning with a dashed line as the DRL outcomes (solid line). Based on results, the DRL
paths are desirable. To comprehensively evaluate the performance of algorithms, quantitative
criteria are employed. These criteria include distance traveled, minimum distance to obstacles
(MDTO), average distance to obstacles (ADTO), integral of the absolute control effort (IACE =

of |7,-|dt), and integral of the absolute control effort rate (IACER = o | L dt). Based on the
0 0 dt

results presented in Table 2, the proposed DRL algorithm demonstrates comparable performance
compared to APF. Selecting an optimal path by the DRL algorithm results in a lower average
distance to obstacles compared to the APF method. Moreover, based on the IACE and IACER
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criteria, the quality of control signals generated by the DRL method compared to the APF is more
desirable for implementation.
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Fig. 15. Comparison of path planning results: The solid line is DRL path planning, and the corresponding dashed line is APF path
planning results.

Table2: Performance evaluation of DRL and APF methods

DRL APF
Travelled Travelled
Distance MDTO  ADTO IACE IACER Distance MDTO  ADTO IACE TACER
™ ™

AUV1 2494 6.72 62.79 8.42 7.75 344.74 8.98 1574  27.74  404.08
AUV2 25479 4.29 75.58 10.33 9.22 338.04 6.60 13.25 29.24  448.17
AUV3  239.86 8.09 63.11 8.26 6.07 338.74  26.03 14.47 2933 444.89
AUV4  183.35 6.60 57.11 10.21 4.45 345.19  10.75 13.60  29.72  395.13
AUVS ~ 227.90 3.76 63.87 10.70 8.85 322 323 13.33 35.17  532.99

4.5 Ocean currents and cooperative motion planning

Underwater currents in the ocean are vertical and horizontal flow patterns caused by different
factors, such as wind friction and gravity. To include ocean currents and how they affect AUV
movement, the equations of motion can be written in terms of relative velocity [39]:

V=V — 1, (15)
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where v, = [u,, v, 0]7 denotes the ocean current in a body-fixed frame, v = [u, v,7]7 represents
the linear and angular velocities of AUV in a body-fixed frame. For the 2-D current model, we
have:

uc = Vycos(Be — ) (16)
Ve = Ve sin(Be — )

where 1 is the AUV’s heading. V, and S, are the speed and direction of the ocean current. As a
result, the dynamic equations of the AUV are used based on the relative velocity[39].

Cooperative motion planning begins under the constant direction and amplitude of the ocean
current to evaluate the robustness of the designed model. Figure 14 presents the AUVs' paths to
the destinations with and without ocean current. The ocean current's speed is 0.15 m/s, and its
direction relative to the x-axis is 70 degrees. Despite a little deviation in the AUV's path, the results
show that the group can safely arrive at its destination. As a result, the DRL-based cooperative
motion planning system is adaptable and robust enough.
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Fig. 16. The trajectories of AUVs in the ocean current, dashed line: AUVs' trajectories without ocean current, solid line: AUVs'
trajectories with ocean current

Finding the maximum ocean current that the system can withstand depends on the testing scenario
and becomes stochastic in general. However, we tested various conditions to determine the
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maximum tolerability of the algorithm for this particular scenario. We applied four currents—
North-South, South-North, West-East, and East-West—with various magnitudes to assess
tolerances. Our findings indicate that the best case was North-South with a tolerance of 0.45 m/s,
while West-East was the worst case with a 0.2 m/s tolerance. These results are acceptable, given
the challenging scenario and the considerably lower speed of operation for these AUVs,
approximately ~2 m/s. Therefore, the developed algorithm demonstrates acceptable robustness
against external disturbances like ocean currents, which are common in practice.

Overall, the developed algorithms are evaluated in multiple testing scenarios. AUVs success is
determined by their ability to reach random targets, avoid collisions with static obstacles arbitrarily
placed in their path, and maintain a safe distance from one another. Additionally, AUVs achieve
objectives in non-training directions and on consecutive missions in various directions without
collisions. The proposed algorithm demonstrates proper robustness when confronted with the
ocean current. Moreover, the developed algorithm demonstrated acceptable performance even
when confronted with moving obstacles. The suggested method outperforms the APF method in
terms of performance measures such as travel distance, average distance to obstacles, the minimum
distance to obstacles, integral of the absolute control effort (IACE) and integral of the absolute
control effort rate (IACER).

5. Conclusion

This paper proposes a novel cooperative motion control and obstacle avoidance approach based
on machine learning for multiple AUVs that does not require complex control design, unlike most
conventional analysis techniques. The TD3 algorithm, a policy gradient algorithm with a
deterministic policy for continuous action, has been employed. Continuous control signals are
appropriately calculated and applied to the AUV to accomplish the mission. A multi-layer control
concept is developed for obstacle- and self-collision avoidance so that AUVs’ sensitivity to the
distance from surrounding obstacles is increased. To evaluate the efficacy of the suggested end-
to-end motion planning and control method, various simulation scenarios are conducted.
Moreover, the performance in the presence of ocean currents demonstrates the robustness of the
proposed scheme under realistic conditions. In summary, the key findings are as follows:

e The proposed Al-based algorithm successfully accomplishes the cooperative task,
avoiding collisions with obstacles and other AUVs.

e The method demonstrates robustness against disturbances caused by oceanic currents.

e The generated control signals are feasible.

e Performance indicators, including travel distance, minimum distance to obstacles, IACE,
IACER, and average distance to obstacles, reveal comparable results compared to the
APF method.

e The generalizability of the method is demonstrated by the successful performance of a
group of AUVs in challenging tasks.
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Therefore, the proposed technique demonstrates merits for further considerations. Future work can
include the experimental implementation of the suggested algorithm.
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