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Abstract

For unmanned surface vehicles (USVs), how to find an effective, feasible path that substantially improves mission success rates and time
efficiency in dynamic marine environments is a critical issue. To address the path planning problem for USVs using deep reinforcement
learning (DRL) in dynamic ocean environments, an improved algorithm based on Deep Q-Networks (DQN) is proposed, which is called Fast
Guided Deep Q-Network Algorithm (FG-DQN). This algorithm combines DQN with the artificial potential field (APF) method and uses the A*
algorithm to initialize a guiding path in a global static environment and to provide prior knowledge for the USVs. Additionally, the
configuration of the reward function using APF and the guiding path effectively reduces the frequency of random movements during the early
exploration phase of the DQN algorithm, which accelerates convergence, improves the computational efficiency of path planning, and increases
path safety. Finally, the performance of the presented algorithm is validated through experiments in a 2D environment. Compared with
traditional reinforcement learning methods such as Q-learning and Sarsa, as well as the original DQN algorithm, FG-DQN is more effective for
USV path planning.

Keywords Deep reinforcement learning; Path planning; Unmanned surface vehicles; Fast guided deep Q-Network algorithm

study of USVs. However, as the demand for work and explo-
ration in marine environments continues to grow, USV
technology will become increasingly important. USVs are

1 Introduction

With the continuous advancement of artificial intelli-

gence technology, research in the field of unmanned vehi-
cles, drones, and unmanned surface vehicles (USVs) has
developed rapidly and become more intelligent (Cheng
et al., 2021). While research and applications for unmanned
vehicles and drones are fairly mature, the complexity and
uncertainty of marine environments have restricted the
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extensively used in fields such as marine exploration, search
and rescue, and environmental monitoring (Hong et al.,
2020; Zhang et al., 2023a; Gaugue et al., 2019). To accom-
plish tasks in marine environments, the path planning strat-
egies employed by unmanned vessels play a critical role.
Path planning requires calculating feasible paths from a
starting coordinate to a target coordinate on a map based
on relevant optimization criteria (Zeng et al., 2016). At pres-
ent, many traditional path planning algorithms can imple-
ment path planning in static environments, such as the A*
algorithm (Dechter and Pearl, 1985), which expands from
the starting coordinate to the surrounding grids while per-
forming heuristic calculations until the target path is found.
This method is simple and suitable for path planning strate-
gies, but it relies heavily on accurate environmental mod-
els. When the algorithm fails in a dynamic environment,
replanning is required, and repeated replanning can lead to
inefficiencies in path planning calculations and poorer suc-
cess rates. Other methods from different fields, such as
genetic algorithms (Cobb et al., 1993; Li et al., 2023), par-
ticle swarm optimization (Eberhart and Kennedy, 1995; Hu
et al., 2023), and ant colony optimization (Colorni et al.,
1991; He et al., 2022), are frequently used in path plan-
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ning strategies. Given the need for autonomous learning
capabilities in current path planning, reinforcement learn-
ing algorithms have been introduced as a new solution,
such as the Q-learning method (Watkins and Dayan, 1992),
which has exhibited satisfactory results in path planning.
Reinforcement learning methods are an important category
of machine learning, where agents interact with the envi-
ronment by taking a series of actions to acquire corre-
sponding environmental observations and rewards and
offer strong adaptability and learning capabilities. However,
traditional reinforcement learning methods struggle to main-
tain competent generalization in dynamic environments,
and the large state space for complex problems leads to
dimensionality.

The marine environment is characterized by complexity
and uncertainty, which are chiefly reflected in the follow-
ing aspects: 1) Dynamic Environment: Weather and ocean
conditions are greatly variable. Meteorological factors such
as wind speed and visibility, as well as oceanographic fac-
tors such as currents and tides, remarkably increase the dif-
ficulty of navigation. 2) Obstacles: This aspect includes
static obstacles such as reefs, islands, and port structures,
as well as dynamic obstacles such as other vessels, large
marine animals, and floating debris. 3) Communication and
Navigation: Remote control operations may suffer from
communication delays, whereas navigation signals can
be subject to interference that leads to positioning errors.
4) Mission Complexity: USVs are often compelled to per-
form multiple tasks simultaneously, such as monitoring,
search and rescue, and exploration. 5) Uncertainty: Sensor
inaccuracies can weaken environmental perception, and
the inherent difficulty in creating fully accurate environ-
mental models further complicates prediction and decision
making.

As environmental complexity and uncertainty continue
to increase, the requirements for USV path planning also
rise (Cai et al., 2020; Mac et al., 2016). Thus, researchers
have started to employ deep reinforcement learning (DRL)
methods to complete path planning in partially unknown
dynamic environments (Zhai et al., 2021). DRL does not
rely on map data models and only requires the final target
to improve path planning results through interaction and
training with the environment. Consequently, it has obtained
satisfactory results in many applications, but it still faces
challenges, such as high randomness in exploration under
sparse environmental rewards, which leads to inefficient
training processes (Yang et al., 2022).

To address the environmental uncertainties caused by
static and dynamic obstacles in marine environments and
to overcome the shortcomings of existing methods, this
paper improves the existing Deep Q Network (DQN)
method by proposing the Fast Guided Deep Q-Network
Algorithm (FG-DQN) that combines the A* algorithm and
the artificial potential field (APF) method. FG-DQN lever-
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ages the advantages of traditional path planning and DRL-
based path planning. Specifically, FG-DQN employs tradi-
tional path planning algorithms to generate an optimal path
in a static environment, which is referred to as a guiding
path. When the USV moves in a dynamic environment, it
follows the rewards from the APF and guiding path to
explore paths and avoid obstacles, thereby reducing explo-
ration randomness, accelerating convergence, and improv-
ing path planning efficiency. FG-DQN benefits from deep
neural networks and effectively addresses the dimensional-
ity faced by traditional reinforcement learning methods.

The results of this paper are summarized as follows:
1) A 2D marine environment is created and gridified. 2) The
guiding path generated by the A* algorithm in a static
environment is combined with the current dynamic envi-
ronmental rewards to decrease randomness during the early
exploration phase, increase algorithm convergence speed,
and lower calculation time. 3) Integration with the APF
method facilitates the utilization of DRL to address the
issue of local optima that prevents reaching the target point
while combining static and dynamic rewards, enables the
USV to plan paths autonomously, and avoids obstacles in
the simulated 2D environment. 4) Compared with other tra-
ditional reinforcement learning algorithms, FG-DQN can
accomplish path planning tasks considering path length,
obstacle collision avoidance, and path generation time.

The remaining sections of this paper are as follows: Sec-
tion 2 introduces the current research status in the areas of
path planning, reinforcement learning, and DRL. Section 3
presents the definitions used in our research and the specif-
ics of the proposed FG-DQN algorithm. Section 4 com-
pares the experimental results of the proposed method
with those of traditional reinforcement learning methods
in a 2D simulated marine environment. Section 5 discusses
the summary and conclusions.

2 Related work
2.1 Traditional path planning algorithm

Recently, with the increasing demand for work and explo-
ration in marine environments, the path planning and
obstacle avoidance problems of USVs have become a pop-
ular research topic, and more scholars are constantly pro-
posing new ideas and algorithms to solve these problems.
Traditional path planning methods, such as the A* algo-
rithm, are widely used in static environments. The A* algo-
rithm maintains an open list and a closed list and utilizes a
heuristic function to estimate costs. The A* algorithm iter-
atively selects the optimal node for expansion until the
shortest path from the start point to the goal point is found.
However, in dynamic environments, the performance of
the A* algorithm is greatly affected due to the inability to
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predict and avoid unknown obstacles. Yu et al. (2021)
improved the existing global path planning methods based
on the A* and APF methods and addressed the limitations
of path planning being independent of the USV control
phase. They also established the effectiveness of the algo-
rithm in different environments through simulation. How-
ever, the path length of the algorithm is not optimal, and
dynamic obstacles in the marine environment have not
been considered. To improve the autonomy of the system,
increase fault-tolerant resilience, and solve the problems
of low payload capacity and short endurance of USV, Sang
et al. (2021) proposed a new deterministic algorithm called
Multi Sub Objective Artificial Potential Field Method, but
this algorithm does not consider dynamic obstacles in
marine environments.

2.2 Traditional reinforcement learning algorithm

With the development of artificial intelligence, reinforce-
ment learning has also been applied as a solution to path
planning problems. As one of the classic reinforcement
learning methods, the Q-learning algorithm is strongly
adaptable to the environment, and reinforcement learning
methods do not require any human knowledge as a priori
knowledge (Watkins and Dayan, 1992). The Q-learning
algorithm enables the agent to learn an optimal policy
through continuous trial and error in the environment,
updates the Q-value table iteratively, and eventually finds
the best path from the start point to the goal point. However,
the Q-learning algorithm has disadvantages such as long
learning time and low exploration efficiency, so many
studies have improved classical reinforcement learning
methods. Hao et al. (2023) proposed a dynamic fast Q-learn-
ing (DFQL) algorithm for the path planning problem of
unmanned underwater vehicles in some known marine
environments. The DFQL algorithm combines the Q-learn-
ing algorithm with the APF method. The performance of
the DFQL algorithm was verified in different environments,
but its calculation time is extremely long, and its conver-
gence is slow. Zhang et al. (2023b) introduced a new reward
function derived from the predator—prey model into the tra-
ditional Q-learning algorithm to overcome the problem of
becoming stuck in local optima. Simulation and experi-
mental verification exhibited that the algorithm outper-
forms traditional Q-learning in terms of repetition rate and
turn count, but it does not consider dynamic obstacles.

2.3 Deep reinforcement learning algorithm

To address the problems of unsuitability to complex envi-
ronments and poor generalization ability in reinforcement
learning, DRL is proposed by combining deep neural net-
works with reinforcement learning. The DQN (Mnih, 2013)
algorithm combines the Q-learning algorithm and deep
neural networks, which solves the problem that the Q-learn-

ing algorithm is not suitable for complex problems. The
DOQN algorithm processes actions as input data to the neu-
ral network, which then outputs the corresponding Q-val-
ues. This approach removes the need for the Q-learning
algorithm to store Q-values in a Q-table and thereby enables
effectively addressing dimensionality in complex environ-
ments. The introduction of the DQN algorithm has demon-
strated the potential of DRL algorithms in path planning
applications. Presently, numerous studies have investigated
the use of DQN-based algorithms in the field of USV path
planning. Zhai et al. (2021) applied the DQN algorithm to
the path planning problem of unmanned underwater vehi-
cles (UUVs), considering that DRL possesses percep-
tion, decision making, and strong learning capabilities to
improve the autonomous navigation capability of USVs.
The approach was validated on a simulation platform, but
the algorithm suffers from slow convergence during the
initial training phase. Huang et al. (2021) proposed a dou-
ble-DQN algorithm to optimize obstacle avoidance and
path planning. This algorithm decouples action selection
and action evaluation for target Q-values and uses the cur-
rent network to index the action value corresponding to
the maximum Q-value. The selected action value is then
fed into the target network to compute the target Q-value.
The simulation results demonstrate the superior perfor-
mance of the double-DQN algorithm in path planning
compared with the standard DQN algorithm. However, the
algorithm remains unstable during the initial training phase
and has issues similar to those of the traditional DQN algo-
rithm. Liu et al. (2024) introduced a maritime search and
rescue path planning method for USVs based on the DQN
algorithm and enabled USVs to perform search and rescue
tasks efficiently and rationally. First, an improved task
allocation algorithm is used to divide the search area and
to ensure that each task region has a priority and avoids
overlap. Second, the algorithm designs a probability-
weighted reward function and trains the USV to obtain an
optimal search path. Finally, based on the simulation results,
the search path generated by this algorithm prioritizes high-
probability regions and improves search and rescue effi-
ciency while comprehensively considering obstacle avoid-
ance and collision prevention. However, the algorithm
relies on probability estimation, which may lead to poten-
tial collisions with obstacles. Additionally, in dynamic
environments, the success probability may need to be recal-
culated, which results in poor real-time performance. There-
fore, this paper selects the DQN method as the framework
to address the problems of reinforcement learning meth-
ods, proposes an FG-DQN algorithm to reduce the conver-
gence time to the optimal solution, and generates feasible
paths that are highly safe and short in length in environ-
ments with dynamic obstacles, which can solve the prob-
lems of high initial exploration randomness and long cal-
culation time in DRL algorithms.
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3 Method

The decision model of the USV in this article is based
on DRL, whose underlying mathematical model is based
on the Markov decision process (MDP). This section ana-
lyzes MDP and the traditional DQN algorithm and pro-
poses the FG-DQN algorithm.

3.1 Markov decision process

Reinforcement learning is a type of unsupervised learn-
ing algorithm proposed by Minsky (1954). Reinforcement
learning is achieved through an agent—environment inter-
face, which includes elements such as the current state of
the environment (s), the next state of the environment (s'),
actions (a), environmental rewards (R), and strategies (/7).
The goal of reinforcement learning is to acquire the state
action value function of the state through interaction with
the environment, continuously optimize its behavior
strategy, adjust its behavior, and finally determine the best
decision strategy. Intelligent agents are not informed of the
correct action during the action, and they must discover
which actions can bring more rewards to maximize the
rewards. The learning of reinforcement learning is a con-
tinuous trial-and-error process between the agent and the
environment, so reinforcement learning can also be consid-
ered a dynamic interactive process (Tamang et al., 2021),
as shown in Figure 1.

Action a,
Agent Environment
3 Reward r;
State s,

Figure 1 Reinforcement learning principle

When an intelligent agent interacts with the environment,
performing different actions results in different states. The
state transition model of the environment can be seen as a
simplified probability model that represents the probability
of the agent transitioning from the current state s to the
next state s’ after taking action a. Assuming that the state
transition model conforms to Markov properties, the envi-

ronment transition model can be represented by Equa-
tion (1):

pe=E(S, =[S, =s5.4,=a) M
Strategy I7 can be represented by Equation (2):

@ Springer

n(a\s):P(At:a|St:s) 2)

The state value function is the cumulative expected return
from the current state s to the final state, which can be
expressed by the Bellman formula shown in Equation (3):

V,[(S) :En(Rt+1 + th+2 + y2Rt+3 + ...|St:S):

3
E(R. +p(s,.)) ©

St=s>

The action value function is the cumulative expected
return acquired by continuing to interact with the environ-
ment according to strategy I/ after completing action a
from the current state s. The action value function can also
be expressed by the Bellman formula shown in Equa-
tion (4):

qn(s,a) = En(Rz+l + yR1+2 + y2R1+3 ... Sz = S’Ar = a)
)
Similar to the state value function, the state action func-

tion can be expressed by the Bellman formula shown in
Equation (5):

qn(saa):En(RHl + )’C](S,H,Aﬁ]) St:S’At: a) (5)

where R, , | is the environmental reward of state s, , ;.
Equations (3), (4), and (5) are further simplified as
Equation (6):

v(s)= i m(als)g,(s.a)=

acd

S alals)| R+ y S PLv(s)

aed

(6)

where R{ is the environmental reward obtained after select-
ing action « in state s.

In reinforcement learning, calculating the state value
function determines the expected return value in the cur-
rent state. The state value function is the expected return
value of an action in the current state. To maximize the
state value function, it is found after selecting the optimal
action a in the current state.

3.2 DQN algorithm

DRL combines the perceptual ability of deep learning
with the decision-making ability of reinforcement learn-
ing. The advantage of DRL lies in using deep neural net-
works to learn the low-dimensional features of high-dimen-
sional states through dimensionality reduction when inter-
acting with the environment. DQN further proposes an
experience replay mechanism and adopts a structure of two
networks based on DRL methods.
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3.2.1 Experience replay

The underlying mathematical model of reinforcement
learning is the Markov Decision Model (MDP), which
requires caching a batch of quadruples (s, a, 7, s') into the
experience pool for training. Because each action executed
transitions to the next state and receives corresponding
rewards, the quadruples generated by each action during
each training cycle are directly placed into the experi-
ence pool.

Due to the continuous transition of states, the quadruples
are correlated, which can lead to overfitting when training
without an empirical replay mechanism due to the lack of
independence between training samples. Experience replay
overcomes the correlation of experience samples and accel-
erates training by randomly selecting a batch size of qua-
druples from the experience pool as the training set.

3.2.2 Target network

DQN uses two networks: the current network and the
target network. The algorithm structure is presented in
Figure 2. The action value function of the current network
is represented as Q (s, a), and the action value function of
the target network is represented as Q(s', a’). The calcula-
tion formulas are simplified by Equation (4) and repre-
sented by Equations (7) and (8):

O(s,a)=r+ymaxQ,. (s.a) ()
O(s.a')=r+ymaxQ, . (s.a) ®)

The current network calculates the Q-value and itera-
tively updates the Q-value for policy selection. The target
network determines the Q-value of the next state. Q(s, a)
is the approximation of Q(s’,a’) by the current network
under the current network parameters. During training,
O(s,a) is made closer to Q(s',a’) by updating the net-
work parameters. The MSE loss function is used during
training and can be represented by Equation (9):

[ Loss function = MSE(Q, . .» ngu) ]

0,..(s,a;0) Gradient Qs> 95 8)
value\”> &> descent TD target
Copy parameter
g 9 after each
Y Value step N Target
nvironment network network B
argmax O(s, a; 0) Next
(s, a) state s’

(s,a,r,s")

Figure2 Flowchart of DQN

L(0) = E[(r +ymax O(s',a'[0) - Q(S>a|9)) } ©)

Network parameter 6 is updated through stochastic gra-
dient descent, and the formula can be represented by Equa-
tion (10):

VL(0)=
E[(”Vm,?XQ(S’aa'W)— Q(S»“|‘9)VQ(S’“|0))]
(10)

Combining the current network with the target network
reduces the update frequency of the target network, pro-
vides a more stable target to update the main network,
reduces the volatility of learning, stabilizes learning, and
prevents overfitting.

3.3 Improvement of DQN algorithm

3.3.1 Global guidance path

The main function of the global guidance path is to gen-
erate and provide long-term effective global information
quickly through a global static algorithm in a known static
environment to assist in the path planning and movement
of the USV. To address the issue of high randomness in
the early stages of DQN training, a guiding path is gener-
ated. This goal is achieved through a reward function that
provides rewards without requiring the USV to follow the
current global guidance strictly. When encountering mov-
able unknown obstacles, the reward function still moves
through the DQN algorithm’s own perception and deci-
sion-making ability, which promotes the convergence of
the USV algorithm.

A global static guidance path is generated before the
start of each training round. At each step of training, the
reward function provides rewards through different situa-
tions: 1) When the USV moves on a blank unit guided by
the guidance path, a small positive reward 7, is generated.
2) When the USV collides with a static or dynamic obsta-
cle, it receives a large negative reward r,. 3) When the
USV collides while traveling on the guidance path, it
receives a negative reward with a value of », + r,. The
reward function can be defined as Equation (11):

rl pusv(t-‘r I)EG

Ry(t)=17 Pt + 1) e O +0, (11)
rtr, pot+1)eGU (O.v U Od)

where p (¢ + 1) is the position of the USV after taking
action a, step £, and R;(¢) is the guidance reward at step ¢.

3.3.2 Artificial potential field
The APF (Khatib, 1986) method introduces potential
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field forces from mechanics and assumes the presence of
virtual force fields in the environment that influence move-
ment. The APF method has the advantages of simple design
ideas, low computational complexity, and the ability to
adjust according to actual changes. Improving DQN using
the APF method can accelerate algorithm convergence and
address the issue of paths generated by the DQN algorithm
being extremely close to obstacles during training. Thus,
the algorithm is improved using APF to generate corre-
sponding rewards for attraction and repulsion in the envi-
ronment. The current position of the USV is used as the
origin, attractive and repulsive forces are generated, and
the subsequent resultant force vector is compared with the
next action of the USV: 1) If the resultant force vector cor-
responds to the same vector component sign as the USV
action vector, a positive reward is obtained. 2) When the
sign of the corresponding vector component of the resul-
tant force vector differs from that of the USV action vec-
tor, a negative reward is obtained. The calculation for the
APF method is presented in Equations (12)—(15):

U(s) = 5 k.pis) (12)
1 1 1
—k - <
Uls,)=12 "\ puls,) P pulsi) <2, (13)
0 pob(sl) >po
U(s,)=U(s,)+ Uy,(s,) (14)
U(S[) _ Umax l_]Unl(St) (15)

where Ua(s ,) is the gravitational field that generates gravity

in state s,, U, (s,) is the gravitational field that generates

gravity in state s, Un(s[) is the total potential energy of
state s, p g(s ,) is the Euclidean distance from state s, to the
center of the target position, pob(s,) is the Euclidean dis-
tance from state s, to the center of the obstacle, p, is the
obstacle influencing factor, K, and K, are proportionality
factors, U (s t) is the potential energy of state s, and U, 1is
the highest potential energy of state s, The reward func-
tion is expressed as Equation (16):

RAPF(t):n1Xr4+n2Xr5 (16)

where n, is the number of vector components with the same
symbol, and 7, is the number of vector components with
different symbols. The enhanced algorithm is presented
above as Algorithm 1.

@ Springer

Algorithm 1 FG-DQN algorithm

1: Initialize replay memory D to capacity N

2: Initialize action-value function Q with random weights 0

3: Initialize target action-value function Q with weights 6~ = ¢
4: for episode = 1, M do

5: [Initialize state space s,

6 Initialize a global guidance path Py,
7: fort=1,Tdo
8
9

With probability ¢ select a random action a,

otherwise select a, = argmaxaQ(s[, a; 6)

10: Execute action a,
11: emulator and observe reward 7
12: Compare with P, and the APF vector, obtain guidance
reward 7 and APF reward r*™
13: Add reward 77, r%, r*™ in proportion and get reward r,
and next state s, , |
14: Sets, ., =s,
15: Store transition (s,, ATy S, ) in D
16: Sample random minibatch of transitions (s[, ATy S, )
from D
r;  if episode terminates at stepj + 1
17: Sety = s .
o+ ymaxa,Q(s La'; 6 ) otherwise
2
18: Perform a gradient descent step on ( v, = 0(s,a;0) )
19: Update the network parameter by action-value function

approximation 6 = 6 + A0

20: Every C steps reset ° = 0
21: end for
22: end for

4 Experiment design and simulation results
4.1 Experiment design

4.1.1 Simulated environment

To verify the proposed algorithm, a map coordinate sys-
tem is designed, and the simulation environment is divided
into a grid of 100 x 100 squares, each with a side length of
2r. In this map, free navigable areas are represented by white
grids, whereas static obstacles (such as shoals or islands)
are denoted as 100 x 100 blue squares. Dynamic obstacles
(small vessels or floating debris) are represented as 5 x 5
yellow squares. Figure 3(a) presents the current marine envi-
ronment, where the blue areas indicate obstacles detected
by sensors. When converting the current marine environ-
ment into a grid map, any static obstacle smaller than 10 x
10 is approximated as 10 x 10, as illustrated in Figure 3(b).
In Figure 3(c), the red squares indicate the starting and end-
ing points of the USV, with the starting coordinates at (10,
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0) and the ending coordinates at (90, 100). The schematic
of the USV and the definition of safety distance are pre-
sented in Figure 3(d), where x,, y, represents the map coor-
dinate system, and x,, y, represents the USV body coordi-
nate system, with the centroid of the body coordinate sys-
tem as the origin. To avoid collisions during path planning,
the safety distance for the USV is defined as a circle with
a radius of » Based on this safety distance definition, the
USV is projected onto the map and treated as a 10 x 10
square with a side length of 2r. This paper evaluates and
analyzes two different grid maps in Figure 4 to determine
the effectiveness and feasibility of the proposed algorithm.

directions, as presented in Equations (17) and (18), where
d is set as 10 in our experiment. Each action causes a
change in the current state of the USV, as demonstrated in
Figure 5.

100 100
80 I 80 I
= 40 =40
20 20
0 20 40 60 8 100 O 20 40 60 80 100
x (m) x (m)
(a) The current marine (b) The grid map after
environment convert
100 -
80 !
2 60 ,
= 40
20 :
n 8 |
0 20 40 60 80 100 x X,
x (m)

Figure 3 USV path planning environment and problem description

(¢) The starting and ending (d) The schematic of the USV and

points

the definition of safety distance

100 - 100 -
80 80 r .
g6 g o
= 40 ~ 40
20 20 I .
0 20 40 60 80 100 0 20 40 60 80 100
x (m) x (m)

Figure4 Two testing environments for USV

4.1.2 Action space design

Action space is the collection of all possible actions of
the USV in the current environment. To simplify the com-
plexity and difficulty of experimental simulation for algo-
rithm training, as well as to fit the grid map environment
model, this paper discretizes the action space of USV and
defines it as the set of discrete actions in eight navigation

A :[alsa29a35a4sa53a63a7’ a8:| (17)
a, =up
a, = down
a, = left
a, = right
A= 18
as = up to the left (18)
as = up to the right
a, = down to the left
ay = down to the right
aj [11 616
A
a, « » d

<
R
o

Figure5 Action space

4.1.3 Reward function

The reward and punishment function is employed to
determine the value of behavior; USV interacts with the
environment, obtains rewards through the reward and pun-
ishment function, and determines the strategy of action
through the reward function (Jiang et al., 2019). The DRL
methods aim to find the optimal path from the starting
point to the target point by maximizing the cumulative
reward value of the USV.

USV has four states: 1) Collision occurs with obstacles
or map boundaries. 2) No collision occurs, and the action
belongs to [a,, a,, a,, a,]. 3) No collision occurs, and the
action belongs to [as, a,, a,, a,]. 4) The target point is
reached. The first state should be avoided; thus, a large
negative reward is given when the USV is in this state.
The second and third states are in the process of searching
for the path but have not reached the target point, so a
small basic negative reward is given. However, the third
state moves further than the second state, so the negative
reward given is slightly greater than the second state.
Based on the basic negative reward, the improved reward
in this paper is added to the second and third states accord-
ing to a specific parameter ratio. The fourth state is the tar-
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get state of the USV, so a large positive reward is given
when it is reached. The reward function is represented by
Equation (19):

-20 Ses,
-l+axRuy+f*xR; Sef

R: APF ﬂ G 2 (19)
-15+axRus+BXR;, SeS;
20 Ses,

When the USV collides with obstacles or the map bound-
ary, it receives a reward of —20. If the USV moves vertically
or horizontally without colliding, it receives a base reward
of —1 and additional rewards based on the attractive poten-
tial field (APF) and global rewards, weighted by factors o
and . For diagonal movement without collision, the USV
receives a reward of —1.5, along with the same APF and
global rewards. Finally, when the USV successfully reaches
the target point, it earns a reward of 20.

4.1.4 Parameter configuration

The experimental simulation platform is configured with
Windows 11, an 17-12650h processor, 16 GB of RAM, an
NVIDIA GeForce RTX 3060 graphics card, and Python
version 3.7. The parameter settings used in the experiment
are listed in Table 1.

During training, parameter selection aims to balance
between stability and performance. Actions transition from
extensive random exploration of the environment in the
initial phase to leveraging learned strategies in the later
phase, and the exploration rate gradually decreases as
training progresses. A higher initial exploration rate facili-
tates thorough environmental exploration in the early stages,
whereas a lower final exploration rate guarantees a focus
on exploitation in the later stages. An extremely low initial
exploration rate may result in insufficient early explora-
tion. An overly high final exploration rate may lead to
unstable strategies in the later phases. A higher discount
factor allows the algorithm to prioritize future rewards,
whereas a lower discount factor may result in short-sighted
strategies. Thus, the discount factor is set to 0.99. The learn-
ing rate controls the magnitude of updates, and a smaller
learning rate helps avoid instability caused by excessively
rapid updates. An extremely high learning rate may lead to

training instability, whereas an overly low learning rate
may result in slow convergence. The total number of epi-
sodes required for algorithm convergence is determined
experimentally. For the four algorithms, DQN and FG-DQN
converge within 200 episodes, whereas the traditional rein-
forcement learning algorithms fail to converge even after
500 episodes. Thus, the training episodes are uniformly set
to 200 to facilitate the comparison of the results of the algo-
rithms under the same training conditions. In the improved
FG-DQN algorithm, a lower proportion of the APF reward
ensures that the USV maintains a safe distance from obsta-
cles while avoiding navigation failure in environments with
dense obstacles. A higher proportion of the global guiding
reward provides the USV adequate guidance during move-
ment and reduces the computational time caused by exten-
sive random exploration in the initial phase. An extremely
small global guiding reward may lead to excessive random
exploration. Through comparative experiments with differ-
ent reward configurations, the optimal performance met-
rics—such as computation time, path length, and smooth-
ness—are achieved when a = 0.6 and f=0.1.

4.2 Simulation results

Two testing environments are established for obstacles
of different densities, and dynamic obstacles are set on the
USV’s moving route.

4.2.1 Simulation and analysis of a small number of
obstacles

The starting point of the USV is (10, 0), and the target
point is (90, 100). The path planning diagram and step
change diagram of the experimental results are illustrated
in Figures 6 and 7, respectively.

The simulation path planning diagrams of the four algo-
rithms under a small number of obstacles are shown in
Figure 6, where Figure 6(a) is Q-learning, Figure 6(b) is
Sarsa, Figure 6(c) is original DQN, and Figure 6(d) is
FG-DQN. Comparing the step count changes of the four
algorithms in Figure 7 reveals that Q-learning and Sarsa
algorithms do not converge in environments with dynamic
obstacles. DQN achieves convergence stability after 180
rounds of iterative training, whereas the improved FG-DQN
already converges and stabilizes after 125 rounds.

Table 1 Parameter settings in the experiment
Algorithms Parameter selection
Q-learning  Learning rate = 0.01,y=10.99, ¢,... = 0.2, &, = 0.001, number of explore episodes = 200
Sarsa Learning rate = 0.01,y=0.99, ¢, .., = 0.2, &, , = 0.001, number of explore episodes = 200
DQN Learning rate = 0.001,2=0.6,=0.1,y=0.99, &, = 0.6, &, ., = 0.1, replay buffer size = 100000, batch size = 128, number of
explore episodes =200
FG-DON Learning rate = 0.001, 2 = 0.6, #=0.1,7y=0.99, ¢, ..., = 0.6, &; . = 0.1, replay buffer size = 100000, batch size = 128, number of

explore episodes = 200

@ Springer



S. Q. Li et al.: Path Planning for USVs in Dynamic Environments Based on APF and Global Guided RL 583

100 100
80 80 ?
~ 60 -
G 6 60
= 40 ~ 40
20 20
0 20 40 60 80 100 0 20 40 60 80 100
x (m) x (m)
(a) Q-learning (b) Sarsa
100 100
-
80 80
z 60 = 60
= 40 = 40
20 20
0 20 40 60 80 100 0 20 40 60 80 100
x (m) x (m)
(c) DQN (d) FG-DQN

Figure 6 Simulation path planning diagrams of four algorithms
under a small number of obstacles
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Figure 7 Step count variation diagram of four algorithms under a
small number of obstacles

In environments with dynamic obstacles and a moder-
ately low density of obstacles, the Q-learning and SARSA
algorithms experience an increase in state space as training

progresses, which leads to dimensionality and prevents
training from converging. This limitation results in sub-
stantial increases in computation time, episode steps, and
the number of turns. By contrast, the DQN and FG-DQN
algorithms can achieve convergence in such dynamic envi-
ronments by leveraging deep neural networks and demon-
strate remarkable advantages over traditional reinforcement
learning algorithms in terms of performance metrics. Com-
pared with the standard DQN algorithm, FG-DQN incor-
porates an APF reward and ensures that the generated paths
maintain a safe distance from obstacles. Additionally, the
global guiding reward reduces the randomness of initial
exploration and enables convergence while decreasing the
computational time required for training and accelerating
convergence. FG-DQN exhibits higher computational effi-
ciency in such environments.

Table 2 presents that the Q-learning and Sarsa algo-
rithms encounter collisions in environments with dynamic
obstacles, whereas DQN and FG-DQN successfully reach
the target point while avoiding obstacles. FG-DQN main-
tains a certain distance from obstacles to prevent being
extremely close, which results in an overall path that is 7%
longer than that of the DQN algorithm. However, the dif-
ference in path length is minimal, and the path generated
by the improved algorithm is safer, with 12% fewer turns.
Moreover, the improved algorithm converges more quickly
and reduces the time consumed by 18%.

Table 2 Comparison of four algorithms in a simulation environment
with a small number of obstacles

Statistics Q-learning Sarsa DQN FG-DQN
Path steps 51 58 18 22
Time 453.83 485.32 305.34 248.61
Inflection point 35 37 8 7

4.2.2 Simulation and analysis of a large number of obstacles

In this simulation environment, the starting point of the
USV is (10, 0), and the target point is (90, 100). The path
planning diagram and step change diagram of the experi-
mental results are presented in Figures 8 and 9, respectively.

The simulation path planning diagrams of the four algo-
rithms under a large number of obstacles are presented in
Figure 8, where Figure 8(a) is Q-learning, Figure 8(b) is
Sarsa, Figure 8(c) is original DQN, and Figure 8(d) is
FG-DQN. Comparing the step count changes of the four
algorithms in Figure 9 reveals that Q-learning and Sarsa
still collide in environments with dynamic obstacles, which
leads to algorithm nonconvergence. DQN achieves conver-
gence stability after 100 rounds of iterative training, whereas
the improved FG-DQN already acquires convergence sta-
bility after 75 rounds.

Table 3 indicates that the Q-learning and Sarsa algo-
rithms do not converge, whereas DQN and FG-DQN suc-
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Figure 8 Simulation path planning diagrams of four algorithms
under a large number of obstacles
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Figure 9 Step count variation diagram of four algorithms under a
large number of obstacles

cessfully reach the target point while avoiding obstacles.
FG-DQN uses 7% more steps than DQN in path planning

@ Springer

Table 3 Comparison of four algorithms in a simulation environment
with a large number of obstacles

Statistics Q-learning Sarsa DQN FG-DQN
Path steps 22 19 14 15
Time 329.25 311.46 213.12 175.61
Inflection point 15 12 8 4

but is safer, with 50% fewer turns, which results in better
path smoothness. Moreover, the time consumed by the
algorithm is reduced by 17%.

In environments with dynamic obstacles and a high den-
sity of obstacles, the paths generated by Q-learning and
SARSA often collide with dynamic obstacles, which results
in a failure to converge and a substantial increase in com-
putation time. These algorithms continuously attempt to
adjust their strategies, but due to the dynamic nature of the
environment, they struggle to find stable policies, which
leads to wasted computational resources. By contrast, DQN
and FG-DQN can generate the shortest collision-free paths
under the same dynamic conditions. However, while the
standard DQN algorithm requires 100 training iterations to
achieve convergence stability, FG-DQN incorporates an
APF reward and ensures safer paths when intersecting
with dynamic obstacles. Additionally, the global guiding
reward contributes to smoother paths and further decreases
computation time. Consequently, FG-DQN achieves con-
vergence in only 75 training iterations and demonstrates
faster convergence and smoother paths compared with the
DQN algorithm. FG-DQN exhibits stronger adaptability and
higher computational efficiency in dynamic environments.

Comparative analysis of the two sets of experiments
reveals that the proposed FG-DQN in this paper is effec-
tively adaptable to different map environments. For the
first grid map, the DRL algorithms exhibit substantial
advantages over traditional reinforcement learning algo-
rithms. Although the difference in training steps between
DQN and FG-DQN is not pronounced due to the sparse
distribution of obstacles, FG-DQN demonstrates consider-
able superiority in terms of average steps, computation
time, and the number of turns. For the second grid map,
the DRL algorithms again outperform traditional methods
by effectively avoiding dynamic obstacles. However, due
to the higher density and dispersion of obstacles in this
environment, DQN requires more exploration steps in the
initial phase. Consequently, FG-DQN not only excels in
overall performance metrics but also considerably reduces
the number of initial exploration steps. The analysis of
these two experiments reveals the clear advantages of
FG-DQN over traditional reinforcement learning algorithms
and the standard DQN algorithm in terms of performance
metrics and further validates the effectiveness, feasibility,
and superiority of the proposed algorithm.
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5 Conclusion

To solve the path planning problem of USVs in dynamic
marine environments based on DRL, FG-DQN is proposed.
FG-DQN utilizes the A* algorithm to initialize a guiding
path in a global static environment, provide prior knowl-
edge to the USV, and address excessive exploration rates
during the initial phase, and thus avoid blind exploration.
FG-DQN also integrates with the APF method, enhances
the directional guidance of initial exploration and improves
obstacle avoidance while ensuring a safe distance from
obstacles. The experimental results confirm that the improved
algorithm effectively reduces the frequency of random
movements during the initial exploration phase of DQN
through the configuration of rewards based on APF and
the guiding path, accelerates convergence, and improves
computational efficiency. The resulting paths are safer, less
prone to collide with obstacles, and computed in less time
compared with other approaches. Compared with tradi-
tional reinforcement learning algorithms and the original
DOQN algorithm, the proposed improved algorithm demon-
strates better path planning efficiency and practicality for
USVs. For our future research, we plan to integrate mean
field game strategies into the path planning of large num-
ber of USVs; see (Imanuvilov et al., 2023; Liu and Zhang,
2025; Liu and Lo, 2025; Ding et al., 2025; Liu et al., 2023)
for some related recent breakthroughs.
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