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AbstractThe path planning of the Autonomous Underwater (AUV) stands out and has become an effective tool for vari-
Vehicle (AUV) has shown great potential in various Internet-of- ous Internet-of-Underwater-Things (IoUT) applications which
Underwater-Things (loUT) applications. Although considerable possess high military and civil values [3]. Recently, quantities

efforts had been made, prior studies are confronted with some .
limitations. For one thing, existing work only uses the ocean of researches on AUV have emerged [4] [6], of which the

current simulation model without introducing real ocean infor- Prominent problem is the path planning of AUV.

mation, having not been supported by real data. For another, ~ As an important research eld in control discipline, path
traditional path planning algorithms have strong environment planning mainly contains two aspects: environment modeling
dependence and lack exibility: once the environment changes, and path planning algorithm. Environment modeling refers
they need to be re-modelled and re-planned. To overcome . -

these challenges, this paper proposes COID, an AUV path to the process of patterned representz_itlon of enwronr_n_ent
p|anning scheme exp|oiting Comprehensive ocean information and elements, soasto genera“ze the real environment and facilitate
reinforcement learning, which consists of three steps. First, we research. An excellent environment model not only ts the
introduce the comprehensive real ocean data including weather, physical needs, but also adapts to the path planning algorithm
temperature, thermohaline, current, etc., and apply them into 54 hromotes the convergence. Typical environment modeling

the regional ocean modeling system to generated reliable ocean - . L
current. Next, through well-designed state transition function Methods include grid method [7], visibility graph [8], and

and reward function, we build a 3D grid model of ocean envi- Voronoi diagrams [9]. The visibility graph method transforms

ronment for reinforcement learning. Furthermore, based on the the path planning problem into mathematical geometry. It
framework of Double Dueling Deep Q Network (D3QN), COID  puilds a unique geometric model for each environment and
integrates local ocean current and position features to provide thus lacks exibility. The paths generated by Voronoi diagrams

state input and uses priority sampling to accelerate network i th and th deli . | I
convergence. The performance of COID has been evaluated and are not smooth an € modeling process Is compiex as well.

proved by numerical results, which demonstrate ef cient path BY contrast, the grid method divides the environment into
planning and high exibility for expansion into different ocean regular grids, which is easy to implement and expand, and

environments. is suitable for various algorithms. Therefore, path planning

Index Terms Internet-of-Underwater-Things (loUT), Au-  Studies usually adopt the grid method.
tonomous Underwater Vehicle (AUV), path planning, 3D grid The path planning algorithm is to search for an optimal path

model, reinforcement learning between the start and terminal points, and can be divided into
two categories: traditional algorithms and intelligent bionic
I. INTRODUCTION algorithms based on biology. The former nds the optimal path

HE is of t . o th loi y path searching or sampling, such as Dijkstra algorithm [10],
_ocean t|s Od Ii]rea impor ?nci Oﬁ te tico Olg'g * algorithm [11], Rapidly exploring Random Tree (RRT)
i ?nwrogmen a? umgn sc.)crl]e.y. ta TCS € glo ﬁ],and RRT* [13]. Although these algorithms are convenient
mms_el an e<_:osys| em, ;m IS Tic TIE nafura rr(]asources SY§ implement, when the problem scale expands, the large
as biology, minera's and energy. Ineretore, human beings, ., range will cause low ef ciency and insuf cient global
n(S'ptimization. The latter leverages the behavior of biological
roups, biological structure or biological evolution mecha-
fem. Typical algorithms include particle swarm optimization
4], ant colony optimization [15], genetic algorithm [16],
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master a skill, endows RL with high intelligence, exibility
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TABLE [: Notations

and adaptability. At present, RL has been applied in many -2

Description

elds, 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 p,
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 1 ygne
fewer states. When the environment expands, it will bring P’
memory burden, reduce ef ciency, and even fail to converge. PctTur
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. fe
Generally, the path planning of AUV is confronted with two Nt
challenges. m
1) Authenticity of Environment ModelThere is a trade- Ei
off between simpli cation 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

o

EN

A replay buffer based on priority sampling
Capacity of replay buffer
Priority of experience in replay buffdd
Parameters of current network
Parameters of target network
Parameters of state value branch in current network
Parameters of action value branch in current network
Global counter for the decay of exploration
Maximum training episode
Number of time step in a single episode
Finish indicator in a single episode
Position of AUV at the time step
Ocean current value of the positiéh
Maximum time step in a single episode
Exploration probability of random action
Exploration decay factor
Update frequency of current network
Update frequency of target network
Update times of current network
Size of minibatch
A piece of experience in replay buffér
Sampling probability of experiendg;
Weight of priority for the sampling probabilit?;
Weight of sample for loss function
Impact factor of weight
Weight increase factor
Discount factor for reward

Learning rate for update

model, which only considers the 2D horizontal currents but
Temporal Difference error (TD-error)

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 AlgorithnRue to the
complexity of ocean environment, the motion of AUV
affected by many factors, especially the ocean current. AnThe main contributions of this paper are as follows:
intelligent algorithm should make full use of ocean current to 1. For the rst time, we introduce real data into the ocean
save the time, reduce the energy consumption and shortengheironment model for AUV path planning, which effectively
path length. However, most existing algorithms ignore the usarrows the gap with practical applications. We utilize ROMS
of ocean current, resulting in poor exibility and adaptabilityand comprehensive ocean information to generate the 3D
and their paths are usually unstable because of overestimatigeean current data, which makes up for the lack of authenticity

To overcome these challenges, we propose an AUV path existing work. Compared with the existing models, it is
planning scheme, COID (Comprehensive Ocean Informatigfiore reliable and has higher practical value.

D3QN), of which the environment model reduces the gap 2. An RL environment with well-designed state transition

with the practical applications, and the algorithm prOVIOI%nction and reward function is established, which accurately

a exible and stable path. It introduces the real data of thg, 4765 ocean environmental characteristics and guides

comprehensive ocean information including weather, temp‘ﬂﬁ‘i network update. This RL environment provides real data

ature, thermohaline, current, etc., and applies the RegiO%ﬂ port and is conducive to the convergence of the algorithms.
Ocean Modeling System (ROMS) to generate the reliable

3D ocean current data. Then, we establish a 3D grid modef3- We propose an RL based AUV path planning algorithm,
for reinforcement learning environment, which elaborates tHgch integrates the comprehensive ocean information to assist
state transition function and the reward function. The staf®/V Planning path. The utilization of ocean current helps
transition function helps to determine the AUV position unddP improve adaptability and expand to robust environments,
the combined function of ocean current and action policy; ti&'d the employment of the D3QN framework overcomes the
reward function points out the learning goal, guides the neufdférestimation to ensure better stability.

network updating, and accelerates the learning process. Basethe notations in the text are listed in Table | and the
on the characteristics of the ocean environment, we designrast of this paper is organized as follows. In Section I, we
AUV path planning algorithm. It integrates the local oceaiflustrate the background knowledge of ocean current models
current with position features and transforms the originahd D3QN. Then, the details of our method are described in
observation into state input, which helps to take advantagesction lll. In Section IV, we carry out a series of experiments
of ocean current to improves the intelligence and adaptabilind analyze their results. Some related studies are introduced
The proposed algorithm employs the framework of Double Section V. Finally, we summarize the work of this paper
Dueling Deep Q Network (D3QN), which effectively avoidsand discuss the future directions in Section VI.

the overestimation and improves the stability. Furthermore,
iSpriority sampling is used to accelerate network convergence.
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Il. BACKGROUND 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
ble (Q table) to store the value of all the state-action pairs,
(s;a). Q(s;a) represents the reward expectation obtained
hen actiona is taken in the case of state. Through
eraction, Q-learning updates the Q table by Eq. (6) to nd

best action for the maximum reward

A. Ocean Current Modeling

The ocean environment is a 3D space with uncertain%
heterogeneity and variability, and the motion of AUV i
inuenced by many factors, especially the ocean current;
Following the ocean current, AUV can shorten time, improv%
speed, save energy, and vice versa. Therefore, a compig
ocean environment model for AUV path planning requires the
ocean current. A great number of researches on ocean curr C i 0. i )
model have emerged, among which the most common methgg{‘c” )= Qsa+ e ma%le (s%a) Qsia) 5 (®)
is the mathematical function tting. For example, Chenhal.

[25] introduce the typical non-circulating ocean current ~ WhereQ(s v_ao) means the value of next state-action pair;
is the learning rate and is the reward discount. Q-learning

Por (CYit) =1  tanh(g— (Hcos( (x D) ), is only suitable for the problem of discrete state and action
1+( (®sin( (y b)) 2 space with small dimension, which can be listed in a table.

(1) DQON introduces a neural network to overcome this lim-
()= o+ kcos(lot + ); (2) itation, which is regarded as a function tting problem,

Q(s;a; ) Qf(s;a). isthe parameter of the neural network.
where Peyr (X;y;t) represents the ocean current value okt the same time, DQN also introduces other innovations, two

position P (x;y). The velocity is(Vx;Vy), where neural networks and replay buff@. These two neural net-
@R, (XYt @ Xyt yvorks, one is called current netwof(s; a; ) and thg cher
Vi = %; y = %yy): (3) s target networkQqs; a; 9. The current network participates

_ . in the information ow of forward propagation and outputs
For the more complicated eddy current, the velocity conthe estimated value of state-action pair. The target network is
ponents of longitude and latitude are used to nd the maximum value of next state-action pair. For

U(CY) = Unax COS(X P )SIN(Y  Peur ); @) updating, the loss function is calculated by

VOGY)= V max SiN(X  Pou)cosly Par): (5)  Loss=E[(r+ maxQ(s%a’ ) Qsia )7 (1)

There are some limitations in the ocean current modelsn
generated from mathematical functions. The ocean current 18 . )
an integrated result of numerous factors, such as climate, tevr\/wqu parameter is updated by gradient descent as
perature, season, and topography. The comprehensive ocea y . o
information and physical constraints are not taken into accodnt Loss=E1(r+ Q%XQO(S? ah 9 Qs ) Qsiar )l
in these models. The vertical velocity of the 3D ocean current, ) . .(8) .
which is much smaller than the longitude and latitude compdhe selection of the maximum value of next state-action pair
nents, is usually ignored for the sake of simplicity. Generallpy DQN leads to overestimation.
in the ocean environment of AUV path planning, the ocean The design of D3QN solves the problem of overestimation.
current models usually lack the support of real data and dfémproves DQN in two aspects: network structure and update
different from the practical application requirements. mechanism. In the network structure, D3QN decouples the
value of state-action pair into state value and action value.
The network parameters become= [ s; a], in which ¢
and , represent state value branch and action value branch

RL solves problems through interaction, which divides thespectively. During updating, in stead of directly outputting
system into two parts: agent and environment. The agent leagié maximum value of the next state-action pair by target
policies, takes actions and receives rewards; the environmastwork, the current network selects the best action, and then
changes according to the state transition function, gives tae target network outputs the value of the corresponding state-
wards or punishments by the reward function. The ultimatgtion pair. The double decoupling effectively improves the
goal is to maximize the reward and the agent updates te@rning stability and convergence speed. The performance
parameters accordingly. The interaction can be summarizgfdD3QN has been proved by many applications, so that it
by the Markov Decision Process (MDP) and represented bgcomes the mainstream algorithm for RL.
the ve tuple< S;A;T;R;P >. S is the state space, which
is a collection of all states; the action spaceés a collection of
all actions;T represents the state transition probability of the I1l. M ETHODOLOGY
environment anR is the corresponding immediate reward;
agent makes the action decision according to the pdicy Based on the real data of the comprehensive ocean infor-
The combination(s; a;r;s% represents a concrete procesmation, we propose COID, an RL based AUV path planning
of interaction, which is called a piece of experience. Agestheme, of which the detailed technologies are as follows.

ereE[] represents the expectation. Then, the current net-

B. Double Dueling Deep Q Network
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Fig. 1: Topographic map of the South China Sea. The blaflig. 2: The visualization of the 3D grid ocean environment

box identi es the research sea areh]8:5E to 120 E, model of the research sea area, which is divided Bfio

20:75N to 22:25N, and 3600M below the surface. 50 50 grids. The black arrow on each grid indicates the 3D
ocean current.

A. Utilization of Comprehensive Ocean Information
B. Reinforcement Learning Environment

To solve the contradiction between simpli cation and au- ) ) .
thenticity in the environmental modeling, we introduce the real On the basis of the 3D grid ocean environment model, we
ign an RL environment, which mainly comprises following

data of the comprehensive ocean information to narrow the _ _ . _
with the practical application scenarios, which can effective WO essenna_l modules: the state transition function and the
eward function.

improve the reliability of the simulation environment an . ) . .
provide real data support for the path planning algorithms, 1) State Transition FunctionThe state spac8 is a contin-
As an ocean environment simulation tool, ROMS integrat us vector of six dimensions, which is the input information
comprehensive physical and mathematical constraints, wh hthe _neL(er_aI net_worl|<. d'_l'he action spa@ehl_shre_p(rfsented _
has been widely used in the simulations of hydrodynami y a Six dimensiona Iscrete ve<_:t_or, which n 'CateS.S'X
and water circulation. Therefore, we exploit ROMS to ger{potlon directions. The state transition function generalizes
erate the ocean current data to overcome the limitations tBF environmental changes and is the tting Obj.e.Ct of negral
mathematical functions in environment modeling. It follow etwork. A thoughtful and accurate state transition function

the conventions of the Earth System Modeling Framewo Ips to improve the performance pf the algqrithm. In the
(ESMF) for model coupling, with a sophisticated initial eIOI’complex ocean environment, the motion of AUV is affected by

boundary eld, forcing eld, and generating coupled 3D oceaﬂqe joint action of external conditions and internal motivation.

current data. This paper takes part of the South China SeaFg§ simplicity, AUV is usually reduced to a mass point and

the research object (1185 to 120 E, 20:75 N to 22:25 N we use grid coordinates uniformly. Suppose the AUV transfers
and 3600M below the surface), :as shown in Fig.1. 'FO]‘,rom the positionP (x;y; 2) to the next positio (% y*; 29).

initial eld, we input the ocean current and surface informatior-“—he spatial co_ord|_nates are continuous while the value_ .Of

in Feb. 2018 and the thermohaline data in Nov. 2020. Ti§ean current 1S discrete, thus _the ocean (_:urrent OT pos_|t|on

corresponding edge of the initial eld and the thermohalingi_n,eeds_ 1o be mterpolat(_ad by 't.s eight adjacent grid pqmts

record in Nov. 2013 are set as the boundary eld. We add the:! = 1: 2 ~ 8. The Euclidean distance between two points

weather information of Feb. 2018 for the forcing eld. is calculated by q
Through ROMS, we obtain the reliable ocean current data, . 2 2 2

which arge then utilized to constructed a 3D grid ocean envi- Dis(P;P 9= (x x9°+(y ¥+ 29 (9

ronment model. The target sea area is divided #to 50 50 Then, the value of the ocean current at positioris

grids, and the ocean current data are interpolated accordingly,

so that each grid poirf® has a corresponding ocean current X X

Peur (U;v;w). Speci cally, u;v represent the 2D ocean cur- Pewr = P, Dis(P;P ") Dis(P;P "): (10)

rent, along the longitude and latitude. is vertical current,

which is normally smaller. Fig. 2 visualizes this 3D grid modethe actiona = [a;: ay;as;a4:as:8]" ; a2 A indicates the

of the target sea area, in which the black arrow of each grriﬁovement of the AUV in six directionS, in Wh|Cﬂ_|_ and a»

indicates the corresponding 3D ocean current. The black arrgwng the direction of longitudes; a, along the latitude, and

points to the direction, and the length represents the ocegnag along the verticality. The next positidR%(x 2 y® z9 is

current value Pgy . calculated as
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Algorithm 1: COID Algorithm

2 x03 2 X 3 2 ~(ag;ay) 3 2 u 3 Input : Replay buffer capacit\N , initial priority
405 = 4y5 1\, 4~(ag;as)5 + Ver 4v5:  (11) p =1, current networkQ(s; a; ( s; a)),
20 2 ~(as; a) w target networkQ¥s; a; ( J; ),
0 . 0
. . S Sy a a-
in which 1 Global counterc = 0
~(p; @) =sgn(p)  sgn(q) A2 ;for n=1;M do

t =0, lqone = False, start pointP?, initial states
while t <= T or NOT | gone do

Integrate the positiof! and the local ocean
currentP},, : st P Y P

Estimate action value

Q(st; & ( s; a))=a(st; s)td(st;a; a) AVE(st)

Choose actiora;

indicates the direction of motion determined jointly pyand 3
g. Moreover, the ratio of ocean current velocity,, to AUV 4
velocity Vayy re ects the ocean current intensity 5

leur = Veur IV auv - (13) &

2) Reward Function:In RL, the purpose of the agent is to
maximize the expectation of reward, which further in uences
the direction of the neural network gradient update. Theré-
fore, the reward function is essential and should be carefully

randoma 2 A; t

designed for speci c applications. In our model, the reward &= argmaxQ(sia( s a);1 "
function includes the following four items: the distance reward a
rdis ,» the ocean current reward,, , the step rewardsiep, and Transfer state according
the goal reward oo . The distance reward is 9 Receives;s1 , 1, and| gone
rais = Dis(P; P Goal ): (14) 10 Store the experiencgs;; a;;r¢; Sw+1 ) into D
11 t t+1l,¢c c+1

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 rewarg, makes use of the 14

end
Update current network
if nmodf, == 0 then

ocean current, which helps to encourage the AUV to follow the
ocean current to shorten the moving time and reduce eneigy

fori =1;N do
for j =1;m do

consumption. This paper expresses the itggn as 17 Probability P} = pPi
P
p| 2D
H L= 1
rar =cos( (sgn(@)  1)); (15) 18 Weight$ = 55 maxs,
i=1 19 Sample a piece of experience

which is only related to the direction of the ocean current and

i represents the angle between the ocean current comporén
and the corresponding plane. The step rewaygd, is the
number of time steps executed in one episode. The goal reward
lqoal iS @ huge attraction and only available when the AUV
successfully reaches the terminal point. Finally, the rewasgl

[

Ej (PG):$))
Find best action by current network
31 = arg max Q(st;a; (s; a))
Calculate update target

ye=r¢+ Q 0(St+l vae ; ( %; Oa))

end

function is expressed as 23 Calculate loss function
P
Loss= L sas( s a)’$)

I = Cilgis + Colcur + Cal'step * | donegoal; (16) m j=1 O Qvail s a))$,

. N . . Update parameter + r (.. yLoss
wherec is the weighting factor antlyone is the nish indica- fo?j — f.)m do (sia)
tor. Speci cally,c;= 0:7, ¢;=1, c3=103 , rgoa = 103, and TD-error - = vi O(stac( s a)
I =0 or 1. Under the regulation of such reward function AN AL
done 9 2 Update priorityp; | jj+
the AUV fully utilizes the ocean current to reach the terminazlg end ! J
point as fast as possible. 2 end

30 end

C. Path Planning Algorithm 31 Update target network

if nmodf; == 0 then
Copy from the current network
0 . 0

One remarkable characteristic of ocean environment is the
uncertainty, i.e., the ocean current has a great in uence on e
movement of AUV. The path planning of AUV puts forward
higher requirements for the exibility of the algorithm. Taking®*
advantage of the ocean current can effectively improve ﬁ’?eend
intelligence and adaptability. Traditional path planning algo-
rithms have limited capabilities, so we design an RL based
algorithm, COID.

S Sy a a
end
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Fig. 3: The pipeline of COID.

At rst, COID integrates the local ocean current information Then, to pursue better learning performance, COID uses the
Pe.ur (U; v; w) and the position featurB (x;y;z) by framework of D3QN, which has become the mainstream basic
T algorithm for discrete task. As the network structure shown in
(P; Pewr)=[x5y525 55 1 (17 Fig. 3, COID extracts the common feature through two fully

Speci cally, it processes the local ocean current informatiofPnnected layers. After that it is divided into two branches:
and transforms the spatial coordinate valBigg (u;v;w) into  Q(S) and Q(A), which respectively estimate the state value
relative valueg; : ) by q(s; s) and the action value(s;a; ). Then the value of

state-action pair is calculated by

T Par B9 Qsais )= s O+ asia 2 AVEE): (29)
=arccosW/ Peyr ); (19) in which 1 X
2 AVE(s)= — as; ai; a) (24)
= =2(sgn( u) 1)sgn(v) +arctan(v=u): (20) IA] ai 2A

Such feature integration can effectively improves exibilitymeans the average value of action value. This independent
because the supplement of ocean current information helps stieicture decouples the state value and action value, which
agent summarize the uncertainty of the environment, so asefectively improves the learning reliability and accelerates the
master the ability to exploit the ocean current, improving theonvergence speed. To update the network parameters, COID
speed, shortening the time and saving the energy consumptigglects the action by the current network

There is a problem of exploration and exploitation dilemma
in RL, which means that the agent chooses actions based on

Xperien r explores the unknown. Too much n
E€Xperience or explores the u Jown. 100 muc depe. derg:l?bsequently, the target network outputs the value of the cor-
on experience may lead to falling into the local optimum

i i 0(g0.50. 0. O i
and unable to nd the global optimum. On the contrary, to(r)espondmg state act!on pa (S. 85 (si a)). Th|s update .
: - L mode decouples action selection and value estimation, which
much exploration will increase the training time and reduce the L S
: . .solves the problem of overestimation. The loss function is
effect. To balance this contradiction, we decay the exploration

a’=argmax Q(s® a;( s; a)): (25)

probability of random action by Loss=E[r + Q%s%a%( %; %)) Q(s;a;(s; a)?l:
wo_ o " " c_ (26)
= "tinal * ("start “final ) €77 1) The current network updates by
which ensures a gradual decline with the increase of the (s a) (o a)* T Loss: 27)
Sy a Sy a s, a .

global counterc. The initial exploration is's;at = 0:9, nal
exploration is"fna = 102 and exploration decay factor isAccording to the task requirements and experimental compar-
. =8 10°. The action is determined by ison, we determine that the reward discount 0:99 and the
learning rate =104 .
a= randoma 2 A; o 22) In addition, to further accelerate the convergence speed and
arg;naxQ(s; a ) 1 ' improve the ef ciency, COID employs priority sampling for
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network parameter updates. For each update, a minibatch of
experience is sampled with the probability

TABLE II: Parameter setting

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

7

Parameter Value
— pJ' T TP, Weighting factorcy; cz; c3 0:7, 1,103
P = 437‘3’ =L 2m (28) Finish indicatorl gone Ooril
P 2D ! | ‘_G?al r(lewarQrgoa| :CL)OS
) . o . ) nitial exploration” start :
where m is the size of minibatch and is the weight of Final exploration"ﬁsn: 102
priority for sample probability. The priorities are updated by Exploration decay factor - 8 7106
the Temporal Difference error (TD-error), which is usually Re p’l\'a'ilt"gﬁ;fg"’gga"zm 2217
used to solve the sequence prediction problem. Whef, Maximum training episod& 5 10t
Eq. (28) is equivalent to uniform sampling; when=1, it Maximum time stegl 103
becomes greedy sampling which always selects the sample ~ Current ”Et""é’:t‘e“tfﬂiifreque”te 217
with the highest priority. At the same time, the loss function Miﬁibatch sizem o7
IS rewritten as Weight of priority 0:6
1 Initial weight  start 0:4
_ 0(c0.,0./ 0. 0 iaef - . Weight increase factor 10°
LOSS_ E (r + Q (S 1a ] ( Sy a)) Q (S: a-r ( Sy a))) 2$j ) Discount factor 0:99
j=1 Learning rate 104
(29) Target network update frequente 4
where 1
$j= ———— (30)
(NP;) max$,
is the weight of priority sampleN represents the capacity
of the replay buffer. is the impact factor of weight and
expressed as
. k(1
=min(l; sat + W): (31)
The initial weight g4t = 0:4, the weight increase factor
. S b) length
I =10° andk is the sampling times. (a) step (b) lengt
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 exibility. 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 ef ciency of the algorithm. The information ow of the (©) reward d) Q

algorithm and the network structure are shown in Fig. 3. The
speci ¢ process of parameter update and iteration is shown in
Algorithm 1.

Fig. 4: The results of training process.

IV. EXPERIMENTS 1) Step: The AUV chooses an action according to the
A. Basic Settings and Evaluation Indicators poligy at a xed interval time step_. _Then it moves to the next
position based on the state transition function. The number of
We take part of the South China Sea as research objgfdps re ects interaction times and time consumption.
(1185E to 120 E, 20:75N to 22:25N, and 3600M 2) Length: For convenience and standardization, this paper
below the surface). The real data of comprehensive ocegbs grid coordinates uniformly. Therefore, we calculate the

information are from the National Marine Data Center [26}y/ig distance between two adjacent positions on the track and
IRI/LDEO Climate Data Library [27], and European Centrgneasure the total length of the whole path.

for Medium-Range Weather Forecasts [28]. Through ROMS,

we generate the reliable ocean current data and interpolate it .

into the grid of50 50 50. As a contrast, we also implemenB: Effectiveness

algorithms of DQN and D3QN. All algorithms are set with We carry out a validation experiment of effectiveness. Fig.

the same default parameters, which are listed in Table 4l.records the training results, in which Fig. 4(a), 4(b) and

The experiments run on the Ubuntu 20.04, with 16G RAMi(c) restore the whole process. In the initial stage, the AUV

NVIDIA GTX 3070 GPU, and python 3.7. is ignorant and it randomly chooses actions to explore the
To quantify the performance of different algorithms, we usehole sea area. At this point, the number of time steps is

the following two indicators to evaluate the planned path. approximately equal to the maximum time st&p and the
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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 IlI-C. Finally, with the
convergence of the algorithms, the AUV nds 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 poin{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 (a) 3D view
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. Inuence of Ocean Current

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

1) Ocean Current DirectioniTo investigate the in uence of (b) Vertical view
ocean current direction, we design six path planning tasks as
shown in Table Ill, which have different start and termindrid. 5: The planned paths from (119.94, 20.78, -3335) to
points. Thereby, these paths are accompanied by differéh#8.56, 22.16, -70.97). (The corresponding start and terminal
ocean current directions. In particular, Path 1 & 2, 3 & 4, anpint in the 3D grid model are (48,2,3) and (3,47,49).) The
5 & 6 exchange their start and terminal points. Such settifgle and red symbol denote start and terminal point respec-
ensures that the movement of the AUV at the same posititiely. (a) is the 3D view. (b) is the vertical view.
will be with or against the current direction due to the different
terminal points.

Table Ill records the results of the six paths. It can bey COID. The start and terminal points of Path 1 are (119.94,
inferred that most of the currents encountered on the Path20,78, -3335) and (118.56, 22.16, -70.97), and Path 2 is the
3, 5 follow the motion direction of AUV. On the contrary, theopposite. Fig. 6 shows the 3D trajectories from the vertical
Path 2, 4, 6 are mostly counter the current directions, becawéw for a clear illustration. The trajectory of Path 1 mostly
they spend more time steps to reach the termianl points afincides with the direction of ocean current, so it is smooth
their path lengths are longer. On the whole, the performanceastd takes fewer time step. Conversely, Path 2 is mainly against
COID is better than that of DQN and D3QN, with fewer timéhe direction of the ocean current, so the AUV has to try its
step and shorter path length. Moreover, it is well known th&est to overcome the resistance caused by the ocean current.
the longer the grid distance between the start and the termiliarst moves along the ocean current to the border and then
point, the greater the dif culty of path planning task. For th@oes against to reach the terminal point, consuming more
shorter Path 5 & 6, these three algorithms can achieve simigitergy and forming a longer trajectory. We can conclude from
results. But in the longer Path 1 & 2, COID is obviously bettdhe above experiments the ocean currents direction plays an
than the other two, which fully proves that our method hagportant role in the AUV path planning, and the reasonable
suf cient ability to deal with complex ocean current directionsutilization of ocean currents can effectively shorten the time
It can adapt to different directions and remain stable no mat&id save energy.
how dif cult the conditions are. 2) Ocean Current IntensityThe ocean current intensity is

To further analyze the in uence of ocean current directioanother critical factor that deeply affects the path planning
on AUV path planning, we visualize the Path 1 & 2 plannefderformance. The movement of AUV is determined by the
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TABLE IlI: The results of different ocean current directions.

Path Start Point Terminal Point DQN D3QN coib

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

intensity and evaluate the robustness of the algorithm, we
elaborate the experiments in Fig. 8. Train the AUVs at a xed
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 signi cantly greater. This re ects 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.
) ) o In conclusion, the current intensity has a signi cant impact
Fig. 6: The in uence of ocean current direction. 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
combined function of action policy and external environmening the position features enriches the input characteristics of
The ocean currenPe, (u;v; W) is an environmental uncer- neyral network, so as to improve the learning ability and
tainty factor and affects the next position of AUV in theagaptability. Therefore, COID can deal with the environmental
state transition function of Eq. (11). According to Eq.(13)yncertainty caused by the ocean current intensities, and a well-

when the ocean current intensity,, is small, the impact trained model can be extended to more environments.
of uncertainty is relatively small. And vice versa, the ocean

current will become a non-negligible in uence factor. Thus,
the larger the current intensity, the greater the dif culty of the
path planning task. We conduct the experiments with a wide Environment Modeling
range of intensities, and the results are recorded in Fig. 7. Environment modeling is the basis of path planning, among
Overall, the performance of COID is better than that ofhich grid method is most convenient and widespread. The
DQN and D3QN. As previously analyzed, the current intensityrid environment models start from 2D [29], [30] and then
affects the next position of AUV. Therefore, the greater thexpand to 3D [31], [32]. However, part of them have non-
intensity, the fewer steps are required. Only the step coutdgligible limitations that they omit the ocean current, a
curve of COID conforms to the gradual decreasing trend afajor factor affecting the path of AUV. Following the ocean
the theoretical analysis. This phenomenon illustrates the gaagtrent, AUV can save time, improve speed, and reduce energy
property that COID is sensitive to the ocean current intensigonsumption [33], [34]. Then, a number of institutions and
so that it can make better use of them to shorten the numbeseholars have made efforts to introduce ocean current into the
steps needed and thus reduce energy consumption. Althogggan environment. For example, Chegral. [35] introduced
the ocean current adds huge uncertainty to the state transitiogionstant ocean current model to represent the effect of ocean
function, comprehensive ocean information assists COID ¢arrent on AUVs. Maet al. [36] added the ocean current
adapt to the dif cult patterns and grasps the skills. The greatesnstraints into the AUV’'s path. Yaet al. [37] designed
the challenge of the path planning task, the more obvious thespace-variable but time-constant ocean current model and
advantage of COID. assumed to be known in advance. Cletral. [25] used two
As analyzed above, ocean current brings uncertainty mmathematical models to generate non-circulating but time-
the environment. To further investigate the effect of curremairying ocean currents and stationary but complex spatial

V. RELATED WORK
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Fig. 7: The in uence of ocean current intensity. Each result is from the model trained under the corresponding intensity.

Fig. 8: The in uence 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 keof attention, provided solutions for many applications and
generated by mathematical functions, which lacks the suppathieved satisfactory results. In recent years, some scholars
of real data and physical constraints. To make up for theve begun to apply it in path planning. For example, idan
shortcomings of the existing work, we establish a 3D gridl. [34] introduced a Q-learning method for multi-AUV path
ocean environment model based on real ocean current dalanning. Wanget al. [45] proposed a hierarchical deep Q-
which is more representative and close to actual requirememtstwork to plan the collision avoidance path and approach
path. Semnaniet al. [46] combined Deep Reinforcement
B. Path Planning Algorithm Learning (DRL) algorithm with Force-based Motion Planning

. FMP), using DRL for time-optimal paths and FMP for
People are constantly breaking through the bottleneck a11 lision free paths. Lilet al.[47] also used Q-learning based

improving the path planning algorithm for better performanc?nethod to adjust the local path of AUV. Generally, the RL

For the tragitional path plannmg aIgonthT, Waa_g al. [38]. based algorithms adopt the end-to-end training mode, which
introduced the neural netw_o_rk Into RR.T. _algorlth_m, Wh'crzavoids the tedious modeling process and has greater exibility.
solves the problem of sensitive to the initial solution. Xu

al. [39] improved the fast marching tree algorithm, using two
hybrid search methods to nd the optimal solution. Huang
et al. [40] proposed a planning and tracking framework In this paper, we propose COID, a comprehensive ocean
which used arti cial potential eld method to assign potentialnformation enabled AUV path planning scheme. It rst in-
functions. For the intelligent bionic algorithms, ¥t al. [41] troduces real data into the ocean environment model, which
improved the ant colony optimization algorithm, which usesmakes up for the lack of authenticity in existing work.
the A* search for complex environments. Wat al. [42] Subsequently, we elaborately establish an RL environment
combined genetic algorithm with other algorithm to improvéor AUV path planning, which accurately summarizes the
the performance of global and local search. With the profoumshvironment characteristics and assists in the algorithm ac-
development of machine learning [43], [44], RL has attractedcaleration. Moreover, COID integrates the the local ocean

VI. CONCLUSION AND DISCUSSION
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current with position features and employs the framework @f7]
D30QN 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 with18]
intelligence, so that it can nd the optimal path and adapt to a
variety of environments. For another, the ingenious network
structure signi cantly improves the stability. COID solveg19]
several urgent problems in the eld of AUV path planning.

X. Cao and J. Peng, A potential eld bio-inspired neural network
control algorithm for AUV path planning, 2018 IEEE International
Conference on Information and Automation (ICIA), 2018, pp. 1427
1432.

J. Du, C. Jiang, J. Wang, Y. Ren, and M. Debbah, Machine learn-
ing for 6G wireless networks: Carrying forward enhanced bandwidth,
massive access, and ultrareliable/low-latency servigeEE Vehicular
Technology Magazine, vol. 15, no. 4, pp. 122 134, 2020.

Z. Wan, C. Jiang, M. Fahad, Z. Ni, Y. Guo, and H. He, Robot-
assisted pedestrian regulation based on deep reinforcement learning,
IEEE Transactions on Cybernetics, vol. 50, no. 4, pp. 1669 1682, 2020.

There still remains some challenges, such as the dynamicgﬂﬁi
el

time-varying environment, precise energy consumption mo

in large-scale environment. We will make unremitting research

in the future.
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