
Citation: Xing, B.; Wang, X.; Liu, Z.

The Wide-Area Coverage Path

Planning Strategy for Deep-Sea

Mining Vehicle Cluster Based on Deep

Reinforcement Learning. J. Mar. Sci.

Eng. 2024, 12, 316. https://doi.org/

10.3390/jmse12020316

Academic Editor: Sergei Chernyi

Received: 10 January 2024

Revised: 6 February 2024

Accepted: 8 February 2024

Published: 12 February 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Journal of

Marine Science 
and Engineering

Article

The Wide-Area Coverage Path Planning Strategy for Deep-Sea
Mining Vehicle Cluster Based on Deep Reinforcement Learning
Bowen Xing 1,*, Xiao Wang 1 and Zhenchong Liu 2

1 College of Engineering Science and Technology, Shanghai Ocean University, Shanghai 201306, China
2 Shanghai Zhongchuan NERC-SDT Co., Ltd., Shanghai 201114, China
* Correspondence: bwxing@shou.edu.cn

Abstract: The path planning strategy of deep-sea mining vehicles is an important factor affecting the
efficiency of deep-sea mining missions. However, the current traditional path planning algorithms
suffer from hose entanglement problems and small coverage in the path planning of mining vehicle
cluster. To improve the security and coverage of deep-sea mining systems, this paper proposes
a cluster-coverage path planning strategy based on a traditional algorithm and Deep Q Network
(DQN). First, we designed a deep-sea mining environment modeling and map decomposition
method. Subsequently, the path planning strategy design is based on traditional algorithms and
DQN. Considering the actual needs of deep-sea mining missions, the mining vehicle cluster path
planning algorithm is optimized in several aspects, such as loss function, neural network structure,
sample selection mechanism, constraints, and reward function. Finally, we conducted simulation
experiments and analysis of the algorithm on the simulation platform. The experimental results show
that the deep-sea mining cluster path planning strategy proposed in this paper performs better in
terms of security, coverage, and coverage rate.

Keywords: deep-sea mining; path planning; Deep Q Network; wide-area coverage

1. Introduction

There are massive deep-sea mineral resources stored in the deep-sea basin area [1].
Among these mineral resources, the ones with the most economic and development value
are mainly polymetallic nodules and polymetallic sulfide deposits containing gold, sil-
ver, copper, zinc, cobalt, copper, nickel, manganese, and other mineral resources [2,3].
These mineral resources are widely distributed in the flat seabed surface layer at depths
of 4000 to 6000 meters in the form of sediments half-buried on the seafloor surface. There-
fore, it is necessary to design a specialized deep-sea mining system to carry out mining
operations in such environmental conditions. Based on the task requirements and actual
conditions of deep-sea mining, countries around the world have successively proposed
various design schemes for deep-sea mining systems [4–6]. Deep-sea mining systems typi-
cally consist of three main components: the seabed mining sub-system, the pipeline lifting
sub-system [7–9], and the surface storage and transportation sub-system. The seabed min-
ing subsystem is the most critical and complex link in the entire deep-sea mining system.
The main purpose of the seabed mining sub-system is to collect mineral resources from
deep-sea sediments and perform preprocessing tasks such as screening, cleaning, and crush-
ing, thus reducing the difficulty of transporting and lifting the mineral resources [10].
After completing the above work, the processed mineral resources will be transported to
the relay station in the pipeline-lifting sub-system and lifted to the surface mining vessel.

As the core of the deep-sea mining system, seabed mining equipment determines
the system’s overall efficiency. Mainstream seabed mining equipment can be categorized
into towed and remotely operated self-propelled types based on their drive mechanisms.
Some deep-sea mining systems use remotely operated underwater vehicles (ROV) to drag
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mining equipment for mining. As the equipment is powered by the towing force of the
ROV, the disadvantages of this approach are lower motion control precision and weaker
obstacle avoidance capability. Therefore, remotely operated self-propelled vehicles are
more suitable for deep-sea mining systems.

Over the past few years, there have been unprecedented developments in unmanned
mobile vehicles, which have wide applications in multiple fields such as logistics [11],
minerals [12], agriculture [13], etc. Unlike those on land, deep-sea sediments are charac-
terized by low shear strength, high adhesion [14], large pores, and some fluid properties.
Traditional unmanned vehicles are not adapted to this particular environment and usually
have problems with skidding or sinking. Currently, in deep-sea mining systems, using
tracked unmanned vehicles [15–17] to collect seabed mineral resources is an internationally
recognized optimal solution.

The main components of a deep-sea mining system include seabed mining vehi-
cles [18–20], transportation hoses, relay stations, lifting hard pipes [21], and surface mining
vessels [22–24]. The complete system structure is shown in Figure 1. Seabed mining vehi-
cles are used to collect mineral resources and preprocess; transport hoses are employed
to transport preliminarily processed mineral resources from the mining vehicles to the
relay station; mineral resources will be temporarily stored in the relay station, and when
the storage volume reaches a predetermined level, the relay station transports the mineral
resources to the surface mining vessel by lifting the hard pipe; the surface mining vessel is
responsible for cleaning, classifying and storing the resources, and then transporting them
to the land.

Figure 1. The structure of deep-sea mining system.

Most of the mineral resources in the deep sea are in the form of nodules dispersed
over wide environments. In deep-sea mining missions, mining vehicle clusters need
to accomplish complete coverage of wide areas to collect mineral resources in seafloor
sediments [25]. Therefore, the study of cluster-coverage path planning technology can help
mining vehicles achieve efficient path planning for full coverage of the mining area and
improve the comprehensive efficiency of the deep-sea mining system.

In recent years, many researchers have been working on coverage path-planning
algorithms in different directions to solve various problems. Li [26] proposed a heuristic
approximate credit-based Dubins multi-robot coverage path planning (CDM) algorithm,
which utilizes the credit model to balance tasks among robots and a tree partition strategy
to reduce complexity. Tan [27] proposed a complete coverage path planning algorithm
based on Q-learning to solve the problems of local optimal path and high path coverage
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ratio in the complete coverage path planning of the traditional biologically inspired neural
network algorithm. Lu [28] proposed Turn-minimizing Multirobot Spanning Tree Coverage
Star (TMSTC*), an improved multirobot coverage path planning (mCPP) algorithm based
on MSTC*. Ai [29] planned a search path that would be the least time-consuming and
prioritized coverage of high-probability areas based on reinforcement learning, considering
complete coverage of maritime SAR areas and avoiding maritime obstacles.

In terms of path-planning algorithms for robot clusters, some researchers have con-
ducted relevant studies using several kinds of algorithms. Qiu [30] proposed using the BSO
algorithm for unified scheduling and allocation of multiple robots to improve the efficiency
of task execution. Dong [31] proposed a joint optimization algorithm of task assignment
and flight path planning for a heterogeneous unmanned aerial vehicle (UAV) cluster in a
multi-mission scenario (MMS). An optimized particle cluster hybrid ant colony (PSOHAC)
algorithm was proposed by Yan [32] to plan the path of a UAV cluster task. Park [33]
presented an online distributed trajectory planning algorithm for a quadrotor cluster in
a maze-like dynamic environment. Zhang [34] proposed a novel strategy that integrates
sensor area partitioning and flight trajectory planning for multiple UAVs, forming an
optimization framework geared towards minimizing task completion duration. Chen [35]
proposed a cooperative hunting method for multi-USV based on the A* algorithm in an
environment with obstacles and a biomimetic multi-USV cluster collaborative hunting
method. Baras [36] introduced an innovative methodology that employs Affinity Propaga-
tion (AP) for area allocation in multi-robot CPP. In this approach, the area is partitioned
into ‘n’ clusters through AP, with each cluster subsequently assigned to a robot. A new
framework of team-based multi-robot task allocation and path planning is developed for
robot exploration missions through a convex optimization-based distance optimal model
by Lei [37].

This paper studies the path planning problem of wide-area coverage for a deep-sea
mining vehicle cluster. We used deep learning techniques to implement the design of a
wide-area coverage path planning algorithm for a deep-sea mining vehicle cluster. Based
on the path planning of the mining vehicle cluster, we also considered the movement
strategy of the relay station and used the inner spiral algorithm to plan the movement
route of the relay station, thus indirectly expanding the coverage of the mining vehicle
cluster. In addition, this paper also designs and uses a variety of constraints to achieve
collaboration between the mining vehicle cluster and the relay station.

After completing the above algorithm design, we conducted multiple simulation
experiments. The simulation experiment results show that the proposed path planning
strategy can complete the mission with good performance in many different situations.

2. Technical Method
2.1. Deep-Sea Environmental Modeling

Mining vehicle clusters need path planning algorithms to provide safe and efficient
action paths for mining operations in deep-sea environments, while the algorithms need to
be aware of the current environment information and the current position of the mining
vehicles to perform effective path planning. Therefore, we began by establishing the envi-
ronment space model of mining vehicles based on the deep-sea environment. At present,
deep-sea environment detection mainly uses acoustic technology to measure the depth of
the seafloor and establishes a three-dimensional model of the deep-sea seafloor environ-
ment based on the depth data. However, due to technical constraints, the error of the depth
data used to establish the deep-sea environment model is about 1% of the measured depth.
For deep-sea mining missions, the depth of the environment in which the mining vehicles
are located is typically in the kilometer range.

Therefore, the three-dimensional model established based on acoustic technology is
not suitable for direct use in path planning. Based on the movement capabilities of deep-sea
mining vehicles and using the depth data of the seabed mining environment, the three-
dimensional seabed environment can be converted into a two-dimensional grid map model.
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The specific processing process is as follows: We use grayscale values to represent the depth
of each location in the deep-sea mining area, and grids with different grayscale values
represent areas of different depths in the seabed mining area. If the depth gap between a
certain grid and other grids exceeds the movement capacity of deep-sea mining vehicles
and causes the mining vehicle to be unable to pass through the grid successfully, the area
should be set as an uncoverable area. Otherwise, it can be considered a safe area that can
be covered. Based on the above process, the three-dimensional depth model is converted
into a two-dimensional grid map as shown in Figure 2.

Figure 2. The two-dimensional grid map of deep-sea mining area.

This picture describes a two-dimensional grid map established based on the depth
data of the seafloor mining environment. The unit of data is meters. Different gray values
in the figure represent different depths in the deep-sea mining environment. As mentioned
previously, based on the depth gap between a single grid and other grids, these grids
can be divided into coverable and non-coverable grids, represented by white and black,
respectively. The basis for grid-type division needs to be determined by the upper limit
of the deep-sea mining vehicle’s actual movement capability. According to the actual size
and movement capacity of the current deep-sea mining vehicles, we set the basis for the
division of grid type as 3.5 m. If the topographical variation of the deep-sea environment
exceeds 3.5 m, the area can be regarded as a non-coverable area; conversely, it is regarded
as a coverable area.

After streamlining the environment information to obtain the grid map, we can further
process it. The current environment A of the mining vehicle is defined as a state matrix
containing m × n elements:  p1,1 · · · p1,n

...
. . .

...
pm,1 · · · pm,n

 (1)

where m and n represent the length and width of the grid map, and p represents the
environmental state of the corresponding location on the grid map. We use different values
to represent different states, as shown in Table 1 below:

Table 1. The state of grid area is indicated by different values of pmn.

The Value of pmn State

0 Uncovered security areas
1 Covered security area
−1 Dangerous areas with obstacles
7 The current area of the mining vehicle
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After the grid map and state matrix representing the deep-sea environment are set up,
if the mining vehicle executes the action at, the state space will also change, and our state
matrix will change as well. The transition from the current state st to the next state st+1 can
be described as follows:

st+1 =


st(pi−1,j = pi,j, pi,j = 1), at = 0

st(pi,j−1 = pi,j, pi,j = 1), at = 1

st(pi+1,j = pi,j, pi,j = 1), at = 2

st(pi,j+1 = pi,j, pi,j = 1), at = 3

(2)

where the next position pi±1,j±1 is set as the current area of mining vehicle, and the current
position pi,j is set as the covered area. The four values of at from 0 to 3 represent up, left,
down, and right.

2.2. Map Decomposition

As mentioned in Section 1, the deep-sea mining vehicle is connected to the relay
station through a transport hose, so the movement range of the mining vehicle is limited
by the length of the hose. To cover as much of the deep-sea mining area as possible,
we need to divide the larger complete mining area map into smaller sub-maps that are
connected. To ensure the safety of the deep-sea mining system, the maximum distance
between the deep-sea mining vehicle and the relay station must be less than the transport
hose’s maximum length 1

2 Ldia1. With the above requirements, the range of action of the
mining vehicle is a circle. However, if the circular motion range is directly used for map
decomposition, there will be gaps between each circular sub-map, resulting in the omission
of some seafloor mining areas that need to be covered. To ensure full coverage of the mining
area and to facilitate the switching of mining vehicles between sub-maps, the map needs to
be divided into rectangles. This requires finding the inscribed rectangle with the largest
area Srect within the circular motion range of the mining vehicle. According to Equation (3):

Srect =
Ldia1Ldia2sinθ

2
(3)

where Ldia1, Ldia2 are the two diagonals of the rectangle, θ represents the angle between the
diagonals, and Srect represents the area of the rectangle. From the above equation, when θ
is 90°, it can be seen that the largest area within the circle is the square with the diameter as
the diagonal. Therefore, we decompose the map in this shape, as shown in Figure 3 below.

Figure 3. The sub-map range set by map decomposition.
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Once the complete mining area map has been divided into sub-maps, the mining
vehicle cluster will execute the coverage mission of the current sub-map at first. After com-
pleting the coverage of the current area, the deep-sea mining system will control the relay
station and move it to the center point of the next sub-map, and the mining vehicle cluster
will also switch to the next sub-map for a new area coverage mission. The deep-sea mining
system repeats the above process as a way to achieve wide area coverage.

3. Design and Optimization of Algorithms
3.1. Design of Path Planning Strategy for Relay Station

Based on the map decomposition method, we divide the mining area into several
sub-maps. Due to the limited action range of mining vehicles, to accomplish the goal of
wide-area coverage, the relay station must follow a predetermined path to expand the
action range of mining vehicles. Therefore, it is necessary to study the action path planning
strategy of relay stations.

If the individual sub-maps are considered as a grid, from the result of the map decom-
position, we can obtain a new grid map. Each grid in this map represents a sub-map of
the mine. The study of the movement path strategy of the relay station is based on this
grid map. Since the relay station is usually located in seawater and connected to the lifting
hard pipe at a certain distance from the seabed, there are usually no obstacles or dangerous
areas within the movement range of the relay station. In addition, the relay station also
needs to stay in the center of the sub-map to ensure that the mining vehicle’s action range
can cover the entire sub-map.

Based on the above conditions, the environment where the relay station is located can
be regarded as a regular and obstacle-free environment, and its coverage path planning
strategy does not need to use a very complex algorithm. The traditional inner spiral
algorithm or boustrophedon method can meet the requirements. We choose to use the
inner spiral algorithm as the coverage path planning strategy for relay stations. The result
is shown in Figure 4 below:

Figure 4. Relay station path planning results based on traditional algorithms.

3.2. Design of Path Planning Algorithms for Mining Vehicle Cluster

Reinforcement learning theory allows the agent to interact with the environment and
select actions based on a strategy to maximize rewards. The agent accumulates a large
amount of learning experience in the environment, learns from mistakes, and updates
the strategy. The interaction process between the agent and the environment is usually
represented by a Markov decision process.

At any time step t, the agent is in its current environmental state st. When the agent
selects an action at and executes it in the environment, it will receive a reward value rt,
and the state of the environment will be updated to the next state st+1 according to the
state transition function P. Reinforcement learning algorithms select actions for the agent
through action selection strategy π(a|s). Action selection strategies can be divided into
two types: random and deterministic [38,39]. The stochastic strategy randomly selects
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actions based on probability, and the deterministic strategy selects actions based on state
st. Q-learning is a classical reinforcement learning algorithm with the following policy
iteration formula:

Q(st, at)← Q(st, at) + α(rt + γmaxQ(st+1, at+1)−Q(st, at)) (4)

The disadvantage of Q-learning is that it is not suited to handling high-dimensional
complex problems. This is also a common problem with reinforcement learning algo-
rithms [40]. Q-learning counts and iterates the evaluated values (Q-values) of actions based
on states that have appeared in the past. If the state and action space is large, the efficiency
of Q-learning will be greatly decreased. On the other hand, Q-learning cannot handle states
that have never appeared.

The deep reinforcement learning algorithm introduces the neural network on the
original basis and uses the neural network to predict the action evaluation value of the
unknown state. The addition of neural networks not only solves the problem of reinforce-
ment learning’s adaptability to unfamiliar states but also improves the efficiency of the
algorithm when facing complex problems [41,42]. The most common deep reinforcement
learning algorithms available today are Deep Q Network (DQN), Asynchronous Advantage
Actor-Critic (A3C), and Deep Deterministic Policy Gradient (DDPG).

Based on the DQN algorithm, we study the coverage path planning mission of deep-
sea mining vehicle cluster. The traditional DQN algorithm does not perform well when
dealing with the mission of cluster-coverage path planning. Based on the actual require-
ments of the deep-sea mining mission, we make a series of improvements to the DQN
algorithm to enhance its performance in cluster-coverage path planning. The optimization
problem set in this article is to maximize the algorithm coverage and minimize the loss
function through the limitation of the set angle-based constraints and the feedback of the
reward function.

The algorithm sets up two neural networks with the same structure, which are defined
as Q-target and Q-eval, respectively. The algorithm selects actions using Q-target and
evaluates them using Q-eval. The two neural networks perform parameter synchronization
at intervals. The algorithm inputs the current environment state st into Q-eval to obtain the
Q-values of all the actions in the action space. Then, the intelligent body selects the optimal
action based on the Q-values and executes it in the environment to reach the next state
st+1 and the corresponding reward value rt. These data are saved to the training sample
repository. After accumulating a predetermined number of training samples, the algorithm
extracts data from the training sample repository to train the neural network.

After the training samples are input into Q-target and Q-eval simultaneously, two
different sets of results will be calculated. The algorithm uses the difference between these
two data sets to calculate the neural network’s loss function. The loss function is used to
update the parameters of the neural network for Q-eval, which determines the speed of
convergence of the neural network. Based on the computation results of the two neural
networks, the algorithm calculates the loss function and uses the obtained data to update
the neural network parameters of Q-eval. In addition, the parameters of the two neural
networks are synchronized at intervals. Different problems have different requirements
for loss functions. Currently, commonly used loss functions include the mean absolute
error function and the mean square error function. For the cluster-coverage path planning
problem of deep-sea mining, the loss function we use combines the characteristics of the
above two functions. The specific definition of the function is as follows:

Loss =


1
2

{
Q(s, a)− [r + γ max

a∈A
Q(s

′
, a
′
; θ−)]

}2
, |Q(s, a)− [r + γ max

a∈A
Q(s

′
, a
′
; θ−)]| < 1

|Q(s, a)− [r + γ max
a∈A

Q(s
′
, a
′
; θ−)]| − 1

2
, otherwise

(5)



J. Mar. Sci. Eng. 2024, 12, 316 8 of 16

In simulation tests, the loss function we use effectively enhances the stability of the
algorithm and the convergence speed of the neural network.

The neural network structure has also been modified and optimized to adapt to the
requirements of the deep-sea mining mission. The path planning task needs to incorporate
the current environmental information. The neural network first inputs the state matrix
into the convolution layer to extract the mining area environmental information and mining
vehicle position information and then uses the ReLU activation function to mine relevant
features, fit the training data and accelerate the convergence of the neural network. We
removed the common pooling layer in neural networks to retain all the information of the
state matrix as much as possible and avoid losing effective environmental data during the
pooling process. The algorithm also introduces a long- and short-term memory mechanism
(LSTM) to correlate successive state matrix information and enhance the effectiveness of
the neural network. After completing the above processing steps, the algorithm uses a
fully connected layer to weight the previously obtained features and integrate the feature
representation into a concrete numerical representation. The final output of the fully
connected layer is the evaluation value of all actions in the action space. The specific
structure of the neural network is shown in Figure 5 below.

Figure 5. The neural network architecture of deep-sea mining vehicle cluster path planning algorithm.

The last step is to optimize the selection mechanism of training samples. Using
high-quality training samples for neural network training can effectively improve the
convergence speed. To define the quality of training samples, we calculate the priority of
each training result based on the coverage and path length, and the sample priority data are
stored using a binary tree structure. In the training process of neural networks, the higher
the priority of the samples, the higher the probability of being selected. This method can
ensure the randomness of sample selection based on fully utilizing the training value of
high-quality samples. The formula for calculating the sample priority is shown below:

Vp = (
scover

S
)α − βL (6)

where Vp represents the sample prioritization parameter, α and β are the adjustment factors,
scover represents the covered area, S represents the total area of the current sub-map, and L
is the length of the planned path.

Based on the above optimization method, the structure of the proposed algorithm in
this paper is shown in Figure 6.
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Figure 6. The structure of the proposed algorithm.

3.3. Design of Constraints

In cluster-coverage path planning, it is usually necessary to set constraints to imple-
ment specific functions or solve special problems. Common constraints mainly include
energy constraints, time constraints, and distance constraints.

As mentioned in Section 1, the distance between the mining vehicle and the relay sta-
tion should be less than the length of the transport hose to ensure system safety. According
to this requirement, we set the corresponding constraints as follows:

0 ≤ Ldistance ≤ 0.8Lhose (7)

To ensure the safety of the deep-sea mining system, the maximum distance Ldistance
between the deep-sea mining vehicle and the relay station must be less than or equal to
80% of the transport hose’s maximum length Lhose.

The main problem that needs to be solved in this study is the problem of hose entan-
glement between the deep-sea mining vehicle and the relay station. The deep-sea mining
vehicle and the relay station are connected through hoses to realize mineral resource trans-
portation, mining vehicle energy supply, and data communication. Due to the presence
of hoses, collaborative operations among mining vehicles may result in hose entangle-
ment, which poses a safety risk to the system. The introduction of angle-based constraints
effectively eliminates the problem of hose entanglement between mining vehicles.

In the deep-sea mining system we designed, there are four deep-sea mining vehicles
working together. Based on the current location information of the mining vehicle and
the relay station, we can create a straight line connecting the mining vehicle and the relay
station. This straight line can be approximated as a transport hose. There will be an
included angle between every two adjacent straight lines, and four mining vehicles will
produce four included angles, as shown in Figure 7. As long as these four included angles
are greater than or equal to zero at any time, no matter how the position of the deep-sea
mining vehicle changes, there will be no problem of hose entanglement.

Figure 7. The angle of transport hoses in different states.
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3.4. Design of Reward Function

In deep learning, the algorithm selects different actions and executes them in the
environment, and the reward function gives the algorithm a positive or negative reward
value based on the result after execution. The role of the reward function may seem to be
simply to evaluate the actions chosen by the algorithm based on the results of the execution,
but it is essentially used to control the algorithm, ensuring that it keeps trying to accomplish
the goal of the mission that we have set. However, the algorithm will only learn how to
maximize the reward value. If we need the algorithm to achieve a certain goal, we must
ensure that the algorithm will achieve the task goal while maximizing the reward value
through the reward function. The setting of the reward function determines the trend and
effect of the algorithm’s learning and training, and also greatly affects the convergence
speed of the neural network.

For the path planning mission of deep-sea mining, the goals that need to be achieved
mainly include four aspects: safety, coverage, coverage efficiency, and collaboration. Un-
doubtedly, the most fundamental goal is to ensure the safety of the system, so safety should
be set as the mainline reward of the reward function. The other three points are the goals
that the algorithm needs to try its best to achieve while ensuring system security, and these
are set as auxiliary rewards.

To ensure the safety of deep-sea mining systems, it is necessary to prevent mining
vehicles from colliding with each other, entering dangerous areas or violating constraints.
If the above situation occurs, the reward function must give the algorithm a punitive
negative reward and end this training episode.

rmain =

{
−10, accident occurs

0, else
(8)

In addition to the safety issues, it is also necessary to set up some auxiliary reward
functions to improve the performance of the path-planning algorithm. Coverage is an
important indicator of the evaluation algorithm, and we need to make the algorithm cover
a larger mining area, so we design an incentive reward function rcov for it:

rcov = 0.2Ncov + µ
Ncov

Nall
(9)

where Ncov is the amount of covered grid, Nall is the total amount of current sub-map grid,
and µ is the adjustment factor.

Due to the constraints mentioned in the previous section, mining vehicles sometimes
have to enter areas that have already been covered. However, too much repetition in the
covered area will increase the system’s energy consumption and reduce work efficiency.
Therefore, it is necessary to minimize the repetition rate of the algorithm’s planning path,
and the corresponding auxiliary reward rrep function is shown below:

rrep = −0.05Nrep − λ
Nrep

Nall
(10)

where Nrep is the amount of repeated coverage grid and λ is the adjustment factor.
The wide-area coverage capability of the deep-sea mining system requires algorithms

to consider the transfer of mining vehicle clusters between sub-maps. The system wants
the mining vehicle cluster to move to the next sub-map more conveniently. In that case,
we need the mining vehicle to be as close as possible to the boundary connecting the next
sub-map when completing the coverage mission of the current map. The reward function
to achieve the above goal is as follows:

rdis = 5e−Ldis (11)
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where Ldis is the distance between the position of the mining vehicle and the target bound-
ary.

The total reward Rtotal can then be expressed as a linear superposition of the multiple
reward functions described above:

Rtotal = rmain + rcov + rrep + rdis (12)

4. Algorithm Simulation and Discussion
4.1. Simulation Platform and Parameters

To verify the effectiveness of the algorithm proposed in this paper, we designed and
conducted simulation experiments. The simulation experiment in this paper runs on
Windows 10, using Python (3.11) as the development language and PyTorch as the deep
learning framework. The specific parameters of the simulation platform are shown in
Table 2.

Table 2. Parameters of the simulation platform.

Framework Language CPU GPU RAM

PyTorch Python3.11
Intel-12490F

(Intel, Santa Clara,
CA, USA)

RTX4060Ti
(NVIDIA, Santa Clara,

CA, USA)
32 GB

In the above simulation environment, we conducted simulation experiments on the
improved algorithm designed in this paper. The algorithm is trained 10,000 times, the learn-
ing rate is 0.001, the initial value of the percentage of follow-me action selection is 0.5,
the sample storage capacity is 100,000, the mining environment is set as a 27 × 27 grid map
and the sub-map is set as a 9 × 9 grid map.

The neural network is composed of three convolutional layers, one lstm layer and
three fully connected layers. The specific parameters of the neural network are shown in
Figure 5; each neuron of the convolutional layer and the fully connected layer is followed
with the ReLu activation function. The last layer outputs the Q value of all actions in the
action space. The loss function is optimized with SGD optimizer. The parameter values
currently in training are shown in Table 3.

Table 3. Parameter values in training.

Parameter Value Definition

α 0.001 learning rate
γ 0.9 discount factor

nts 100,000 training sample repository
nb 128 batch size

nmax 10,000 maximum of training episodes
np 200 parameter update frequency
µ 0.125 adjustment factor for coverage
λ 0.0625 adjustment factor for rrep

For the traditional DQN algorithm, we set its learning rate as 0.01, and other parame-
ters are consistent with the algorithm proposed in this article. The difference in the learning
rate is due to the deep algorithm needing to choose the appropriate learning rate parameter,
and for the traditional DQN algorithm, using the same learning rate parameter as the
proposed algorithm will lead to poor convergence. The above parameter values lead to
better training results after multiple training sessions. If different parameters are used,
the algorithm training results may decrease to different degrees.
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4.2. Simulation Results

In the simulation process, the environment parameters and neural network model
parameters are initialized first, and then the grid map of the mining environment is con-
structed. Then, the grid map is divided into several sub-maps according to the requirements.
In this simulation experiment, the mine map can be divided into nine sub-maps. Firstly,
the moving path of the relay station is planned according to the inner helix algorithm,
and then the coverage path of the mining vehicle cluster for the current area is planned.
After completing the coverage task of the current sub-map, the relay station moves to the
center position of the next sub-map. Due to the conditions previously set in the reward
function, the mining vehicle cluster is on the boundary between the current sub-map and
the next sub-map upon completion of the coverage mission. Here, the mining vehicle
cluster only needs to move one step towards the relay station to enter the next sub-map
area. Completing the cluster-coverage of the wide-area mining environment requires that
the above process be repeated.

The results of the simulation experiment are shown in Figure 8. In simulation experi-
ments with different scenarios, the algorithm proposed in this article can complete the task
with 100% coverage. Under the same mission requirements and constraints, traditional
algorithms, such as the inner spiral algorithm and the boustrophedon method, often fail to
accomplish this task. A gif version of the simulation experiment results is available online:
https://github.com/Einzoth/fig8 (accessed on 2 February 2024).

Figure 8. Simulation experiment results based on constraints.

https://github.com/Einzoth/fig8
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The loss function diagram of Traditional DQN and the algorithm proposed in this
paper are shown in Figure 9, where the y-axis is the gap between the path and the optimal
path, and the x-axis is the number of training episodes.

Figure 9. Comparison of the loss function between the algorithm proposed in this article and the
traditional DQN algorithm.

Compared with the traditional DQN algorithm, the proposed algorithm in this paper
performs better in terms of the convergence speed and simulation results. The average
number of steps required by the traditional DQN algorithm to complete the coverage
mission is 64.33, while the algorithm proposed in this article only requires an average of
58.5 steps, which is an improvement of 9.1%. In addition, in terms of task adaptability,
due to the angle constraints of our design, our proposed algorithm can effectively avoid
the hose entanglement problem and ensure system safety compared with the traditional
DQN algorithm.

5. Conclusions
5.1. Main Result

Based on the requirements of deep-sea mining missions, this paper conducted relevant
research and proposed a series of design and optimization methods for the problems and
deficiencies of the current wide-area cluster coverage algorithms.

1. A deep-sea mining area environment modeling method and map decomposition
method were proposed, and were able to effectively process the original map data.

2. Based on actual conditions, appropriate path-planning strategies were designed for
relay stations and mining vehicle clusters using traditional algorithms and deep
reinforcement learning algorithms.

3. A series of DQN optimization methods were proposed. The loss function, neural
network structure and sample selection mechanism of traditional DQN were improved
based on the requirements of deep-sea mining missions.

4. Considering the safety, coverage, efficiency and transfer of mining vehicles between
sub-maps, a suitable reward function was designed for the path-planning algorithm
of deep-sea mining tasks.

5. The angle-based constraint was designed to solve the hose entanglement problem in
deep-sea mining missions.

The simulation experiments showed that the path planning strategy proposed in this
paper can effectively accomplish the wide-area coverage mission under the limitations of
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deep-sea mining requirements and constraints. Compared with traditional algorithms,
our algorithm has better coverage and faster convergence speed, realizes cooperative
path planning for mining vehicle clusters and improves the overall work efficiency of the
deep-sea mining system.

5.2. Main Limitation of the Method

First of all, the actual conditions of the deep-sea environment and the mining vehicle
cluster were not fully considered in the modeling stage, and the design of the action
space was too simple. Secondly, to ensure system security, the constraints designed by the
algorithm were too strict, which had a certain negative impact on the movement ability of
the mining vehicle cluster. Finally, due to the limitations of research progress, we currently
do not have the conditions to conduct actual experiments and test the actual performance
of the proposed algorithm.

5.3. Future Research Prospects

The next stage of the work will focus on the following:

1. Establishing a higher-precision kinematic model of mining vehicles to simulate the
actual movement capabilities of mining vehicles;

2. Optimizing the collaborative operation capabilities between mining vehicle cluster
and relay stations;

3. Continuing to improve the performance of the path planning algorithm and reduc-
ing the path coverage and energy consumption of mining vehicles while meeting
basic requirements.

4. Based on A3C and DDPG, we will work on further research about wide-area coverage
path planning strategies for deep-sea mining vehicle clusters.

5. To solve the twisting problem of hose, we will explore appropriate solutions in terms
of constraint design or system hardware design.

6. After completing the theoretical research at the pre-project stage of deep-sea mining,
we will conduct experiments in actual environments to validate and improve the path-
planning strategy proposed in this paper at the mid-project stage. Meanwhile, we
will also collect and analyze the performance data of the proposed strategy in real
experiments on deep-sea mining missions to further strengthen the paper’s contribution.
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