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Abstract—The path planning of the Autonomous Underwater
Vehicle (AUV) has shown great potential in various Internet-of-
Underwater-Things (IoUT) applications. Although considerable
efforts had been made, prior studies are confronted with some
limitations. For one thing, existing work only uses the ocean
current simulation model without introducing real ocean infor-
mation, having not been supported by real data. For another,
traditional path planning algorithms have strong environment
dependence and lack flexibility: once the environment changes,
they need to be re-modelled and re-planned. To overcome
these challenges, this paper proposes COID, an AUV path
planning scheme exploiting comprehensive ocean information and
reinforcement learning, which consists of three steps. First, we
introduce the comprehensive real ocean data including weather,
temperature, thermohaline, current, etc., and apply them into
the regional ocean modeling system to generated reliable ocean
current. Next, through well-designed state transition function
and reward function, we build a 3D grid model of ocean envi-
ronment for reinforcement learning. Furthermore, based on the
framework of Double Dueling Deep Q Network (D3QN), COID
integrates local ocean current and position features to provide
state input and uses priority sampling to accelerate network
convergence. The performance of COID has been evaluated and
proved by numerical results, which demonstrate efficient path
planning and high flexibility for expansion into different ocean
environments.

Index Terms—Internet-of-Underwater-Things (IoUT), Au-
tonomous Underwater Vehicle (AUV), path planning, 3D grid
model, reinforcement learning

I. INTRODUCTION

HE ocean is of great importance to the ecological

environment and human society. It affects the global
climate and ecosystem, and is rich in natural resources such
as biology, minerals and energy. Therefore, human beings
have been researching efficient, intelligent and environment-
friendly ocean exploration technology [1], [2]. Owning to the
large detection range, strong maneuverability, long endurance,
and high intelligence, the Autonomous Underwater Vehicle
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(AUV) stands out and has become an effective tool for vari-
ous Internet-of-Underwater-Things (IoUT) applications which
possess high military and civil values [3]. Recently, quantities
of researches on AUV have emerged [4]-[6], of which the
prominent problem is the path planning of AUV.

As an important research field in control discipline, path
planning mainly contains two aspects: environment modeling
and path planning algorithm. Environment modeling refers
to the process of patterned representation of environment
elements, so as to generalize the real environment and facilitate
research. An excellent environment model not only fits the
physical needs, but also adapts to the path planning algorithm
and promotes the convergence. Typical environment modeling
methods include grid method [7], visibility graph [8], and
Voronoi diagrams [9]. The visibility graph method transforms
the path planning problem into mathematical geometry. It
builds a unique geometric model for each environment and
thus lacks flexibility. The paths generated by Voronoi diagrams
are not smooth and the modeling process is complex as well.
By contrast, the grid method divides the environment into
regular grids, which is easy to implement and expand, and
is suitable for various algorithms. Therefore, path planning
studies usually adopt the grid method.

The path planning algorithm is to search for an optimal path
between the start and terminal points, and can be divided into
two categories: traditional algorithms and intelligent bionic
algorithms based on biology. The former finds the optimal path
by path searching or sampling, such as Dijkstra algorithm [10],
A* algorithm [11], Rapidly exploring Random Tree (RRT)
[12], and RRT* [13]. Although these algorithms are convenient
to implement, when the problem scale expands, the large
search range will cause low efficiency and insufficient global
optimization. The latter leverages the behavior of biological
groups, biological structure or biological evolution mecha-
nism. Typical algorithms include particle swarm optimization
[14], ant colony optimization [15], genetic algorithm [16],
neural network-based algorithm [17], etc. Compared with
traditional algorithms, the intelligent bionic algorithms have
obvious advantages in dealing with complex environment.
However, they still have deficiencies in strong environment
dependence and easy to fall into local optimum.

With the accelerated development of artificial intelligence,
machine learning techniques provide more possibilities for
solving the underwater problems in IoUT [18]. As a new
paradigm of machine learning, Reinforcement Learning (RL)
technology makes people surprised as soon as it comes into
our sight. The mechanism, imitating human from scratch to
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master a skill, endows RL with high intelligence, flexibility
and adaptability. At present, RL has been applied in many
fields, such as robot control [19], recommendation system [20],
and automatic driving [21]. Furthermore, some RL based path
planning methods have emerged and shown great potential in
overcoming the dependence on environment [22]. Most studies
are based on Q-learning algorithm [23] and Deep Q Network
(DQN) algorithm [24]. The Q-learning algorithm establishes
a table to store the values of all the existing state-action pairs
in the environment, which then will be read by inquiries.
As a result, it is only suitable for smaller environments and
fewer states. When the environment expands, it will bring
memory burden, reduce efficiency, and even fail to converge.
Although DQN uses neural network to estimate the values
and overcomes the disadvantages of Q-learning, its updating
mechanism leads to overestimation, resulting in poor stability.

Generally, the path planning of AUV is confronted with two
challenges.

1) Authenticity of Environment Model: There is a trade-
off between simplification and authenticity in the environ-
ment modeling of path planning. Existing studies abstract the
mathematical model from the physical demand to simplify
the problem. Some convert the ocean environment into a 2D
model, which only considers the 2D horizontal currents but
ignores the vertical currents. Some synthesize the 3D ocean
current by simple mathematical functions. As a result, the
ocean environment models are divorced from reality, and the
algorithms lack the support of real data.

2) Effectiveness of Path Planning Algorithm: Due to the
complexity of ocean environment, the motion of AUV is
affected by many factors, especially the ocean current. An
intelligent algorithm should make full use of ocean current to
save the time, reduce the energy consumption and shorten the
path length. However, most existing algorithms ignore the use
of ocean current, resulting in poor flexibility and adaptability,
and their paths are usually unstable because of overestimation.

To overcome these challenges, we propose an AUV path
planning scheme, COID (Comprehensive Ocean Information
D3QN), of which the environment model reduces the gap
with the practical applications, and the algorithm provides
a flexible and stable path. It introduces the real data of the
comprehensive ocean information including weather, temper-
ature, thermohaline, current, etc., and applies the Regional
Ocean Modeling System (ROMS) to generate the reliable
3D ocean current data. Then, we establish a 3D grid model
for reinforcement learning environment, which elaborates the
state transition function and the reward function. The state
transition function helps to determine the AUV position under
the combined function of ocean current and action policy; the
reward function points out the learning goal, guides the neural
network updating, and accelerates the learning process. Based
on the characteristics of the ocean environment, we design an
AUV path planning algorithm. It integrates the local ocean
current with position features and transforms the original
observation into state input, which helps to take advantages
of ocean current to improves the intelligence and adaptability.
The proposed algorithm employs the framework of Double
Dueling Deep Q Network (D3QN), which effectively avoids

TABLE I: Notations

Name Description
D A replay buffer based on priority sampling
N Capacity of replay buffer
JJ Priority of experience in replay buffer D
0 Parameters of current network
0’ Parameters of target network
Os Parameters of state value branch in current network
0a Parameters of action value branch in current network
c Global counter for the decay of exploration
M Maximum training episode
t Number of time step in a single episode
Lione Finish indicator in a single episode
pt Position of AUV at the time step ¢
Pt Ocean current value of the position P?
Maximum time step in a single episode
5 Exploration probability of random action
We Exploration decay factor
fe Update frequency of current network
ft Update frequency of target network
N Update times of current network
m Size of minibatch
E; A piece of experience in replay buffer D
P; Sampling probability of experience FE;
« Weight of priority for the sampling probability P;
w Weight of sample for loss function
B Impact factor of weight w;
wg Weight increase factor
¥ Discount factor for reward
n Learning rate for update
0; Temporal Difference error (TD-error)

the overestimation and improves the stability. Furthermore,
priority sampling is used to accelerate network convergence.

The main contributions of this paper are as follows:

1. For the first time, we introduce real data into the ocean
environment model for AUV path planning, which effectively
narrows the gap with practical applications. We utilize ROMS
and comprehensive ocean information to generate the 3D
ocean current data, which makes up for the lack of authenticity
of existing work. Compared with the existing models, it is
more reliable and has higher practical value.

2. An RL environment with well-designed state transition
function and reward function is established, which accurately
summarizes ocean environmental characteristics and guides
the network update. This RL environment provides real data
support and is conducive to the convergence of the algorithms.

3. We propose an RL based AUV path planning algorithm,
which integrates the comprehensive ocean information to assist
AUV planning path. The utilization of ocean current helps
to improve adaptability and expand to robust environments,
and the employment of the D3QN framework overcomes the
overestimation to ensure better stability.

The notations in the text are listed in Table I and the
rest of this paper is organized as follows. In Section II, we
illustrate the background knowledge of ocean current models
and D3QN. Then, the details of our method are described in
Section III. In Section IV, we carry out a series of experiments
and analyze their results. Some related studies are introduced
in Section V. Finally, we summarize the work of this paper
and discuss the future directions in Section VI.
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II. BACKGROUND
A. Ocean Current Modeling

The ocean environment is a 3D space with uncertainty,
heterogeneity and variability, and the motion of AUV is
influenced by many factors, especially the ocean current.
Following the ocean current, AUV can shorten time, improve
speed, save energy, and vice versa. Therefore, a complete
ocean environment model for AUV path planning requires the
ocean current. A great number of researches on ocean current
model have emerged, among which the most common method
is the mathematical function fitting. For example, Chen et al.
[25] introduce the typical non-circulating ocean current

y = () cos(i(r —t) |
1+ (AW sin(r(y — o1)))?
(1)

A(t) = Xo + k cos(wot + @), )

P.yr(x,y,t) = 1 — tanh(

where P.,.(z,y,t) represents the ocean current value of
position P(z,y). The velocity is (V,V,), where

_ OPeyr(,y,t) _ OPeur(z,y,t)
Ve = D , Vy= By .

For the more complicated eddy current, the velocity com-
ponents of longitude and latitude are

3)

U(l’, y) = Umax COS(I - Pmm’) Sin(y - Pcur)a (4)

Pcur) COS(y - Pcur)~ (5)

There are some limitations in the ocean current models
generated from mathematical functions. The ocean current is
an integrated result of numerous factors, such as climate, tem-
perature, season, and topography. The comprehensive ocean
information and physical constraints are not taken into account
in these models. The vertical velocity of the 3D ocean current,
which is much smaller than the longitude and latitude compo-
nents, is usually ignored for the sake of simplicity. Generally,
in the ocean environment of AUV path planning, the ocean
current models usually lack the support of real data and are
different from the practical application requirements.

V(z,y) = —Viax sin(z —

B. Double Dueling Deep Q Network

RL solves problems through interaction, which divides the
system into two parts: agent and environment. The agent learns
policies, takes actions and receives rewards; the environment
changes according to the state transition function, gives re-
wards or punishments by the reward function. The ultimate
goal is to maximize the reward and the agent updates the
parameters accordingly. The interaction can be summarized
by the Markov Decision Process (MDP) and represented by
the five tuple < S, A, T,R,P >. S is the state space, which
is a collection of all states; the action space A is a collection of
all actions; 7 represents the state transition probability of the
environment and R is the corresponding immediate reward;
agent makes the action decision according to the policy P.
The combination (s,a,r,s’) represents a concrete process
of interaction, which is called a piece of experience. Agent

interacts with the environment to collect pieces of experience
and then samples for learning.

Q-learning is a basic algorithm of RL, which constructs a
table (Q table) to store the value of all the state-action pairs,
Q(s,a). Q(s,a) represents the reward expectation obtained
when action a is taken in the case of state s. Through
interaction, Q-learning updates the Q table by Eq. (6) to find
the best action for the maximum reward

Qs,0) = Q(s,0) +71 (1 +ymaxQ (s',a') = Q(s,a) ) , (6)

where @ (s',a’) means the value of next state-action pair; 7
is the learning rate and <y is the reward discount. Q-learning
is only suitable for the problem of discrete state and action
space with small dimension, which can be listed in a table.

DQN introduces a neural network to overcome this lim-
itation, which is regarded as a function fitting problem,
Q(s,a;0) = Q(s,a). 0 is the parameter of the neural network.
At the same time, DQN also introduces other innovations, two
neural networks and replay buffer D. These two neural net-
works, one is called current network Q(s,a;#) and the other
is target network Q' (s, a; @’). The current network participates
in the information flow of forward propagation and outputs
the estimated value of state-action pair. The target network is
used to find the maximum value of next state-action pair. For
updating, the loss function is calculated by

Loss = E[(r+ 7 max Q' (s',d0") — Q(s,a; 9))2]7 )

where E[-] represents the expectation. Then, the current net-
work parameter is updated by gradient descent as

Vo Loss=E[(r+ymax Q'(s’,a’;0')~Q(s,a;0))VeQ(s, a; 0)].
a
®)
The selection of the maximum value of next state-action pair
by DQN leads to overestimation.
The design of D3QN solves the problem of overestimation.
It improves DQN in two aspects: network structure and update
mechanism. In the network structure, D3QN decouples the
value of state-action pair into state value and action value.
The network parameters become 6 = [6;,0,], in which 0
and 6, represent state value branch and action value branch
respectively. During updating, in stead of directly outputting
the maximum value of the next state-action pair by target
network, the current network selects the best action, and then
the target network outputs the value of the corresponding state-
action pair. The double decoupling effectively improves the
learning stability and convergence speed. The performance
of D3QN has been proved by many applications, so that it
becomes the mainstream algorithm for RL.

III. METHODOLOGY

Based on the real data of the comprehensive ocean infor-
mation, we propose COID, an RL based AUV path planning
scheme, of which the detailed technologies are as follows.
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Fig. 1: Topographic map of the South China Sea. The black
box identifies the research sea area, 118.5°F to 120°FE,
20.75°N to 22.25°N, and —3600M below the surface.

A. Utilization of Comprehensive Ocean Information

To solve the contradiction between simplification and au-
thenticity in the environmental modeling, we introduce the real
data of the comprehensive ocean information to narrow the gap
with the practical application scenarios, which can effectively
improve the reliability of the simulation environment and
provide real data support for the path planning algorithms.

As an ocean environment simulation tool, ROMS integrates
comprehensive physical and mathematical constraints, which
has been widely used in the simulations of hydrodynamics
and water circulation. Therefore, we exploit ROMS to gen-
erate the ocean current data to overcome the limitations of
mathematical functions in environment modeling. It follows
the conventions of the Earth System Modeling Framework
(ESMF) for model coupling, with a sophisticated initial field,
boundary field, forcing field, and generating coupled 3D ocean
current data. This paper takes part of the South China Sea as
the research object (118.5°F to 120°F, 20.75° N to 22.25°N,
and —3600M below the surface), as shown in Fig.1. For
initial field, we input the ocean current and surface information
in Feb. 2018 and the thermohaline data in Nov. 2020. The
corresponding edge of the initial field and the thermohaline
record in Nov. 2013 are set as the boundary field. We add the
weather information of Feb. 2018 for the forcing field.

Through ROMS, we obtain the reliable ocean current data,
which are then utilized to constructed a 3D grid ocean envi-
ronment model. The target sea area is divided into 50 x 50 x 50
grids, and the ocean current data are interpolated accordingly,
so that each grid point P has a corresponding ocean current
P (u,v,w). Specifically, u,v represent the 2D ocean cur-
rent, along the longitude and latitude. w is vertical current,
which is normally smaller. Fig. 2 visualizes this 3D grid model
of the target sea area, in which the black arrow of each grid
indicates the corresponding 3D ocean current. The black arrow
points to the direction, and the length represents the ocean
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Fig. 2: The visualization of the 3D grid ocean environment
model of the research sea area, which is divided into 50 X
50 x 50 grids. The black arrow on each grid indicates the 3D
ocean current.

B. Reinforcement Learning Environment

On the basis of the 3D grid ocean environment model, we
design an RL environment, which mainly comprises following
two essential modules: the state transition function and the
reward function.

1) State Transition Function: The state space S is a contin-
uous vector of six dimensions, which is the input information
of the neural network. The action space A is represented
by a six dimensional discrete vector, which indicates six
motion directions. The state transition function generalizes
the environmental changes and is the fitting object of neural
network. A thoughtful and accurate state transition function
helps to improve the performance of the algorithm. In the
complex ocean environment, the motion of AUV is affected by
the joint action of external conditions and internal motivation.
For simplicity, AUV is usually reduced to a mass point and
we use grid coordinates uniformly. Suppose the AUV transfers
from the position P(z,y, z) to the next position P'(z’, 3y, 2’).
The spatial coordinates are continuous while the value of
ocean current is discrete, thus the ocean current of position
P needs to be interpolated by its eight adjacent grid points
Pi,i=1,2---8. The Euclidean distance between two points
is calculated by

Dis(P,P) =z ) + (g -y 4~ )% ©)

Then, the value of the ocean current at position P is

P, =Y P, Dis(P, Pl’)/z Dis(P,PY).  (10)
The action a = [ay, as, as, a4, as, aG]T, a € A indicates the
movement of the AUV in six directions, in which a; and as
along the direction of longitude, as, a4 along the latitude, and
as, ag along the verticality. The next position P'(x’,y’,2’) is
calculated as
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x’ x a1, a9) U
y/ = |y |+ Vavv h(a?)) Cl4) +Vewr | v |, (A1
2! z has, ag) w
in which
h(p, q) = sgn(p) — sgn(q) (12)

indicates the direction of motion determined jointly by p and
q. Moreover, the ratio of ocean current velocity V.., to AUV
velocity V4py reflects the ocean current intensity

Icur = chu'r/VAUV-

2) Reward Function: In RL, the purpose of the agent is to
maximize the expectation of reward, which further influences
the direction of the neural network gradient update. There-
fore, the reward function is essential and should be carefully
designed for specific applications. In our model, the reward
function includes the following four items: the distance reward
Tqis, the ocean current reward 7., the step reward 7., and
the goal reward 74,4;. The distance reward is

rais = Dis(P, P9o),

(13)

(14)

which calculates the grid distance between the present position
and the terminal point. It guides the AUV to approach the
target point. The ocean current reward r.,,- makes use of the
ocean current, which helps to encourage the AUV to follow the
ocean current to shorten the moving time and reduce energy
consumption. This paper expresses the item 7., as

6

Teur = COS(Z (Sgn(ai)ﬂ- - ¢l))’

i=1

5)

which is only related to the direction of the ocean current and
¢; represents the angle between the ocean current component
and the corresponding plane. The step reward 74, is the
number of time steps executed in one episode. The goal reward
Tgoql 18 @ huge attraction and only available when the AUV
successfully reaches the terminal point. Finally, the reward
function is expressed as

T = C1Tdis + C2Tcur + C3Tstep + Idonergoal; (16)

where c; is the weighting factor and I, is the finish indica-
tor. Specifically, c; =—0.7, c2=1, c3=1073, ryoq = 103, and
Tione = 0 or 1. Under the regulation of such reward function,
the AUV fully utilizes the ocean current to reach the terminal
point as fast as possible.

C. Path Planning Algorithm

One remarkable characteristic of ocean environment is the
uncertainty, i.e., the ocean current has a great influence on the
movement of AUV. The path planning of AUV puts forward
higher requirements for the flexibility of the algorithm. Taking
advantage of the ocean current can effectively improve the
intelligence and adaptability. Traditional path planning algo-
rithms have limited capabilities, so we design an RL based
algorithm, COID.
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Algorithm 1: COID Algorithm

Input : Replay buffer capacity N, initial priority

pi=1, current network Q(s,a; (0s,0,)),
target network Q' (s, a; (0%,6.)),
0, 05,0, « 0,.

1 Global counter ¢ = 0
2 for n=1,M do

3 t =0, Ijone = False, start point PY, initial state sg
4 while ¢t <=T or NOT 1;,,,. do
5 Integrate the position P! and the local ocean
current P!, : s, + (P, Pt,)
6 Estimate action value
Q(s¢, a5 (0s,04))=q(5¢; 05)+q(st, a; 00 )-AV E(s¢)
7 Choose action a;
random a € A, €t
at = argmaXQ(stva; (9579(1))71 — &t
a
Transfer state according to T
Receive s;41, 74, and Ijone
10 Store the experience (s;, at, 7, S¢+1) into D
1 t—t+1l,c+c+1
12 end
13 Update current network
14 if n mod f. == 0 then
15 for i =1, N do
16 for j =1,m do
... o ps
17 Probability P; = 729 po
P ED
18 Weight w; = VPP max ot
19 Sample a piece of experience
Ej ~ (P(j), @;)
20 Find best action by current network
ar+1 = argmax Q(s¢, a; (0s,0,))
a
21 Calculate update target
Yo =11 + Q' (8t41, ar41; (0'5,64))
22 end
23 Calculate loss function
m
2
Loss = % Zl(yt — Q(st,at;(05,0,)) w;
J:
24 Update parameter ¢ < 0 +nV g, g,)Loss
25 for j =1,m do
26 TD-error §; = y: — Q (s¢, as; (5,64))
27 Update priority p; < |d;] + x
28 end
29 end
30 end
31 Update target network
32 if n mod f; == 0 then
33 Copy from the current network
0l 05,0, 0,
34 end
35 end
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Fig. 3: The pipeline of COID.

At first, COID integrates the local ocean current information
Py (u,v,w) and the position feature P(z,y, z) by

(P, ﬁcw) = [x,y, 2, p, L,U]T 17

Specifically, it processes the local ocean current information
and transforms the spatial coordinate values P.,,.(u, v, w) into
relative values (p, ¢, o) by

—

pP= HPcur

. (18)
2

L= arccos(w/”ﬁcw

2), 19)

(20)

—m/2 (sgn(u) — 1) sgn(v) + arctan(v/u).

Such feature integration can effectively improves flexibility,
because the supplement of ocean current information helps the
agent summarize the uncertainty of the environment, so as to
master the ability to exploit the ocean current, improving the
speed, shortening the time and saving the energy consumption.

There is a problem of exploration and exploitation dilemma
in RL, which means that the agent chooses actions based on
experience or explores the unknown. Too much dependence
on experience may lead to falling into the local optimum
and unable to find the global optimum. On the contrary, too
much exploration will increase the training time and reduce the
effect. To balance this contradiction, we decay the exploration
probability of random action by

€ = €final T (5start - 6final) X e%s’ (21)

which ensures a gradual decline with the increase of the
global counter c. The initial exploration is €44+ = 0.9, final
exploration is € fipq; = 1072 and exploration decay factor is
w. = 8 x 10°. The action is determined by
{ random a € A, €
a =

argmax Q(s,a;0), 1—¢ (22)

Then, to pursue better learning performance, COID uses the
framework of D3QN, which has become the mainstream basic
algorithm for discrete task. As the network structure shown in
Fig. 3, COID extracts the common feature through two fully
connected layers. After that it is divided into two branches:
Q(S) and Q(A), which respectively estimate the state value
q(s;0s) and the action value ¢(s,a;0,). Then the value of
state-action pair is calculated by

Q(s,a;(05,04)) = q(s;05) + q(s,a;0,)

in which
E (s,a;;0
azEA

— AVE(s), (23)

AV E(s 24)

means the average value of action value. This independent
structure decouples the state value and action value, which
effectively improves the learning reliability and accelerates the
convergence speed. To update the network parameters, COID
selects the action by the current network

o = argmax Q(s', a; (0, 6,)). 25)
a

Subsequently, the target network outputs the value of the cor-

responding state-action pair Q' (s’,a’; (6',60’,)). This update

mode decouples action selection and value estimation, which

solves the problem of overestimation. The loss function is

Loss=E[r +7Q' (s, a’;(0'5,0'0)) —Q(s, a; (05,604)))?].
(26)
The current network updates by

(0s,0,) «

According to the task requirements and experimental compar-
ison, we determine that the reward discount v = 0.99 and the
learning rate n = 10~

In addition, to further accelerate the convergence speed and
improve the efficiency, COID employs priority sampling for

(0s,04) +1V (6, 6,y Loss. 27

2327-4662 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See htg) ://www.ieee.org/publications standardsEpubhcatlons/rlghts/mdex -html for more information.
Authorized licensed use limited to: Anhui Normal University. Downloaded on June

7,2022 at 04:19:44 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JI0T.2022.3155697, IEEE Internet of

Things Journal

network parameter updates. For each update, a minibatch of
experience is sampled with the probability

p— U iy m (28)
7 — Zplaa J=1L14...M,
p €D

where m is the size of minibatch and « is the weight of
priority for sample probability. The priorities are updated by
the Temporal Difference error (TD-error), which is usually
used to solve the sequence prediction problem. When a=0,
Eq. (28) is equivalent to uniform sampling; when o =1, it
becomes greedy sampling which always selects the sample
with the highest priority. At the same time, the loss function
is rewritten as

. 1 - / 1T, / / _ . 2__ .
LOSS_E ;(T+’7Q (5 , A (0 ED) 0 a)) Q (57 a; (933 6‘0«))) Wiy
(29)
where 1
e — 30
I (NP;)’ max @, G0

is the weight of priority sample. A represents the capacity
of the replay buffer. 5 is the impact factor of weight and
expressed as

k(l - 6316(17"1‘,)
wg

B= min(L Bstart + ) (31
The initial weight B4+ = 0.4, the weight increase factor
wpg = 10° and k is the sampling times.

To summarize, COID integrates the ocean current informa-
tion and position feature into the state input of neural network,
so that AUV can intelligently take advantages of ocean current
for path planning to possess better flexibility. The double
decoupling of action value & state value and action selection &
value prediction overcomes the problem of overestimation and
makes the path more stable and reliable. The priority based
sampling speeds up the network convergence and improves
the efficiency of the algorithm. The information flow of the
algorithm and the network structure are shown in Fig. 3. The
specific process of parameter update and iteration is shown in
Algorithm 1.

IV. EXPERIMENTS
A. Basic Settings and Evaluation Indicators

We take part of the South China Sea as research object
(118.5°F to 120°E, 20.75°N to 22.25°N, and —3600M
below the surface). The real data of comprehensive ocean
information are from the National Marine Data Center [26],
IRI/LDEO Climate Data Library [27], and European Centre
for Medium-Range Weather Forecasts [28]. Through ROMS,
we generate the reliable ocean current data and interpolate it
into the grid of 50 x 50 x 50. As a contrast, we also implement
algorithms of DQN and D3QN. All algorithms are set with
the same default parameters, which are listed in Table II.
The experiments run on the Ubuntu 20.04, with 16G RAM,
NVIDIA GTX 3070 GPU, and python 3.7.

To quantify the performance of different algorithms, we use
the following two indicators to evaluate the planned path.

7
TABLE II: Parameter setting
Parameter Value
Weighting factor c1, c2, c3 —0.7,1, 1073
Finish indicator g,y Oorl
Goal reward 7gq; 103
Initial exploration €stqrt 0.9
Final exploration € f;nq; 10—2
Exploration decay factor we 8 x 106
Network width w 27
Replay buffer capacity A 217
Maximum training episode M 5 x 10*
Maximum time step 1T' 103
Current network update frequence f. 1
Update times N 27
Minibatch size m 27
Weight of priority o 0.6
Initial weight Bstart 0.4
Weight increase factor wg 10°
Discount factor ~y 0.99
Learning rate n 10~4
Target network update frequence f; 4
3 3
1.0 < DON - DON
—— D3N 1.0 —— D3QN
0.8 coip — con
0.8
204 Bos
n \ I\
04 o4
Ny N,
0.2 Mo 0.2 { I
001 3 4 5 09 i 2 3 4 5
Episode x 10* Episode x10*
(a) step (b) length
%103 x 10%
S ———  persm ‘v“;k.
0 81 i I RESOL AR
‘J“\, / /AR~
T2 1M
g o \‘,}‘
3g_ 4 44
DaN 2 DON
_6 D3QN D3QN
coip O coin
0 1 2 3 4 45 1 2 3 4 45
Episode x 10 Episode x 10
(c) reward d) Q

Fig. 4: The results of training process.

1) Step: The AUV chooses an action according to the
policy at a fixed interval time step. Then it moves to the next
position based on the state transition function. The number of
steps reflects interaction times and time consumption.

2) Length: For convenience and standardization, this paper
uses grid coordinates uniformly. Therefore, we calculate the
grid distance between two adjacent positions on the track and
measure the total length of the whole path.

B. Effectiveness

We carry out a validation experiment of effectiveness. Fig.
4 records the training results, in which Fig. 4(a), 4(b) and
4(c) restore the whole process. In the initial stage, the AUV
is ignorant and it randomly chooses actions to explore the
whole sea area. At this point, the number of time steps is
approximately equal to the maximum time step 7', and the

2327-4662 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See ht'g://www.ieeeorg/ ublications_standards/publications/rights/index.html for more information.
Authorized licensed use limited to: Anhui Normal University. Downloaded on June

7,2022 at 04:19:44 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JI0T.2022.3155697, IEEE Internet of

Things Journal

length of the path is quite long. The experience of accidental
success brings higher reward, which is stored in the replay
buffer. Next, the AUV learns towards the direction of increas-
ing reward and updates the network parameters according to
the algorithms mentioned in Section III-C. Finally, with the
convergence of the algorithms, the AUV finds a stable and
optimal path. The step and path length of COID and D3QN
are far less than DQN. Moreover, the variances of D3QN and
COID are obviously smaller than that of DQN. Fig. 4(d) tracks
the Q value, in which COID maintains a faster and smoother
convergence. In addition, its smaller estimate indicates that it
overcomes the overestimation as mentioned in Section II-B.

Fig. 5 visualizes the planned paths from the start point
(48,2, 3) to the terminal point (3, 47,49) in the 3D grid model.
To show the details clearly, they are further shown from the
vertical view in Fig. 5(b). The path planned by COID is better
than the other two, which is shorter and smoother. The reason
is that COID masters the characteristics of the ocean current
and mostly moves along it, thereby effectively saves time and
energy consumption.

Generally, this validation experiment fully proves the effec-
tiveness of COID. For the training process, it is faster and
more stable; for the result, it fully exploits the ocean current,
which makes the path shorter and smoother.

C. Influence of Ocean Current

Ocean current has a profound impact on the path planning
of AUV. The influence can be further divide into the current
direction and current intensity. Therefore, we elaborate two
series of comparative experiments.

1) Ocean Current Direction: To investigate the influence of
ocean current direction, we design six path planning tasks as
shown in Table III, which have different start and terminal
points. Thereby, these paths are accompanied by different
ocean current directions. In particular, Path 1 & 2, 3 & 4, and
5 & 6 exchange their start and terminal points. Such setting
ensures that the movement of the AUV at the same position
will be with or against the current direction due to the different
terminal points.

Table III records the results of the six paths. It can be
inferred that most of the currents encountered on the Path 1,
3, 5 follow the motion direction of AUV. On the contrary, the
Path 2, 4, 6 are mostly counter the current directions, because
they spend more time steps to reach the termianl points and
their path lengths are longer. On the whole, the performance of
COID is better than that of DQN and D3QN, with fewer time
step and shorter path length. Moreover, it is well known that
the longer the grid distance between the start and the terminal
point, the greater the difficulty of path planning task. For the
shorter Path 5 & 6, these three algorithms can achieve similar
results. But in the longer Path 1 & 2, COID is obviously better
than the other two, which fully proves that our method has
sufficient ability to deal with complex ocean current directions.
It can adapt to different directions and remain stable no matter
how difficult the conditions are.

To further analyze the influence of ocean current direction
on AUV path planning, we visualize the Path 1 & 2 planned
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(b) Vertical view

Fig. 5: The planned paths from (119.94, 20.78, -3335) to
(118.56, 22.16, -70.97). (The corresponding start and terminal
point in the 3D grid model are (48,2,3) and (3,47,49).) The
blue and red symbol denote start and terminal point respec-
tively. (a) is the 3D view. (b) is the vertical view.

by COID. The start and terminal points of Path 1 are (119.94,
20.78, -3335) and (118.56, 22.16, -70.97), and Path 2 is the
opposite. Fig. 6 shows the 3D trajectories from the vertical
view for a clear illustration. The trajectory of Path 1 mostly
coincides with the direction of ocean current, so it is smooth
and takes fewer time step. Conversely, Path 2 is mainly against
the direction of the ocean current, so the AUV has to try its
best to overcome the resistance caused by the ocean current.
It first moves along the ocean current to the border and then
goes against to reach the terminal point, consuming more
energy and forming a longer trajectory. We can conclude from
the above experiments the ocean currents direction plays an
important role in the AUV path planning, and the reasonable
utilization of ocean currents can effectively shorten the time
and save energy.

2) Ocean Current Intensity: The ocean current intensity is
another critical factor that deeply affects the path planning
performance. The movement of AUV is determined by the
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TABLE III: The results of different ocean current directions.

Path Start Point Terminal Point DN D3QN cotb
step length step length step length
1 (48, 2, 3) (3,47,49) 109.8 123.0732 106.2 123.0600 106.2 122.3556
2 (3,47,49) (48,2, 3) 130.8 133.6667 124.4 133.1060 123.8 133.1505
3 (5,7,16) (47,48,45) 102.8 106.6450 101.0 106.1606 100.8 105.8459
4 (47,48,45) (5, 7,16) 109.6 111.2950 110.0 111.1526 109.8 110.3932
5 (4,20,19) (46,22,10) 49.0 49.6560 49.0 49.6196 49.0 49.6097
6 (46,22,10) (4,20,19) 53.0 52.1591 53.0 52.8208 53.0 52.8118
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: The influence of ocean current direction.

combined function of action policy and external environment.
The ocean current ﬁcur(u, v,w) is an environmental uncer-
tainty factor and affects the next position of AUV in the
state transition function of Eq. (11). According to Eq.(13),
when the ocean current intensity I.,, is small, the impact
of uncertainty is relatively small. And vice versa, the ocean
current will become a non-negligible influence factor. Thus,
the larger the current intensity, the greater the difficulty of the
path planning task. We conduct the experiments with a wide
range of intensities, and the results are recorded in Fig. 7.

Overall, the performance of COID is better than that of
DQN and D3QN. As previously analyzed, the current intensity
affects the next position of AUV. Therefore, the greater the
intensity, the fewer steps are required. Only the step count
curve of COID conforms to the gradual decreasing trend of
the theoretical analysis. This phenomenon illustrates the good
property that COID is sensitive to the ocean current intensity,
so that it can make better use of them to shorten the number of
steps needed and thus reduce energy consumption. Although
the ocean current adds huge uncertainty to the state transition
function, comprehensive ocean information assists COID to
adapt to the difficult patterns and grasps the skills. The greater
the challenge of the path planning task, the more obvious the
advantage of COID.

As analyzed above, ocean current brings uncertainty to
the environment. To further investigate the effect of current

intensity and evaluate the robustness of the algorithm, we
elaborate the experiments in Fig. 8. Train the AUVs at a fixed
intensity of 0.8, which is a common situation in practical
applications, and test under other intensities. The results of
COID are generally better than that of DQN and D3QN in
terms of the two evaluation indicators. Although the step count
curves all decrease as the ocean current intensity increases,
which is consistent with the theoretical analysis, the magni-
tude of COID is significantly greater. This reflects the good
adaptability and robustness of COID to the environment, which
can cope with a wide range of ocean current intensities. In
addition, COID also keeps a relatively good performance on
the path length, especially when the ocean current intensity is
greater than 0.8.

In conclusion, the current intensity has a significant impact
on the time step, and our method can maintain better perfor-
mance and robustness, even in the most uncertain environ-
ments. The integration of the local ocean current information
and the position features enriches the input characteristics of
neural network, so as to improve the learning ability and
adaptability. Therefore, COID can deal with the environmental
uncertainty caused by the ocean current intensities, and a well-
trained model can be extended to more environments.

V. RELATED WORK
A. Environment Modeling

Environment modeling is the basis of path planning, among
which grid method is most convenient and widespread. The
grid environment models start from 2D [29], [30] and then
expand to 3D [31], [32]. However, part of them have non-
negligible limitations that they omit the ocean current, a
major factor affecting the path of AUV. Following the ocean
current, AUV can save time, improve speed, and reduce energy
consumption [33], [34]. Then, a number of institutions and
scholars have made efforts to introduce ocean current into the
ocean environment. For example, Chen et al. [35] introduced
a constant ocean current model to represent the effect of ocean
current on AUVs. Ma et al. [36] added the ocean current
constraints into the AUV’s path. Yao et al. [37] designed
a space-variable but time-constant ocean current model and
assumed to be known in advance. Chen et al. [25] used two
mathematical models to generate non-circulating but time-
varying ocean currents and stationary but complex spatial
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Fig. 7: The influence of ocean current intensity. Each result is from the model trained under the corresponding intensity.
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Fig. 8: The influence of ocean current intensity. All results are from the model trained under the ocean current intensity of 0.8.

eddies. Generally, most of these ocean current models are
generated by mathematical functions, which lacks the support
of real data and physical constraints. To make up for the
shortcomings of the existing work, we establish a 3D grid
ocean environment model based on real ocean current data,
which is more representative and close to actual requirements.

B. Path Planning Algorithm

People are constantly breaking through the bottleneck and
improving the path planning algorithm for better performance.
For the traditional path planning algorithm, Wang et al. [38]
introduced the neural network into RRT* algorithm, which
solves the problem of sensitive to the initial solution. Xu et
al. [39] improved the fast marching tree algorithm, using two
hybrid search methods to find the optimal solution. Huang
et al. [40] proposed a planning and tracking framework
which used artificial potential field method to assign potential
functions. For the intelligent bionic algorithms, Yu ef al. [41]
improved the ant colony optimization algorithm, which uses
the A* search for complex environments. Wu et al. [42]
combined genetic algorithm with other algorithm to improve
the performance of global and local search. With the profound
development of machine learning [43], [44], RL has attracted a

lot of attention, provided solutions for many applications and
achieved satisfactory results. In recent years, some scholars
have begun to apply it in path planning. For example, Han et
al. [34] introduced a Q-learning method for multi-AUV path
planning. Wang et al. [45] proposed a hierarchical deep Q-
network to plan the collision avoidance path and approach
path. Semnani er al. [46] combined Deep Reinforcement
Learning (DRL) algorithm with Force-based Motion Planning
(FMP), using DRL for time-optimal paths and FMP for
collision free paths. Liu et al. [47] also used Q-learning based
method to adjust the local path of AUV. Generally, the RL
based algorithms adopt the end-to-end training mode, which
avoids the tedious modeling process and has greater flexibility.

VI. CONCLUSION AND DISCUSSION

In this paper, we propose COID, a comprehensive ocean
information enabled AUV path planning scheme. It first in-
troduces real data into the ocean environment model, which
makes up for the lack of authenticity in existing work.
Subsequently, we elaborately establish an RL environment
for AUV path planning, which accurately summarizes the
environment characteristics and assists in the algorithm ac-
celeration. Moreover, COID integrates the the local ocean
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current with position features and employs the framework of
D3QN to enhance the practical value. The experimental results
fully prove the superiority of our method. For one thing, the
utilization of ocean current information endows COID with
intelligence, so that it can find the optimal path and adapt to a
variety of environments. For another, the ingenious network
structure significantly improves the stability. COID solves
several urgent problems in the field of AUV path planning.
There still remains some challenges, such as the dynamic and
time-varying environment, precise energy consumption model
in large-scale environment. We will make unremitting research
in the future.
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