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Abstract 21 

Deep-sea mining aims to extract mineral resources from the ocean seabed, necessitating advanced 22 

vehicles for efficient operations. These vehicles, essential for exploiting the vast underwater resources, 23 

require sophisticated navigation. The primary challenge in deep-sea navigation is the absence of 24 
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satisfactory algorithms that are capable of handling the complexity and unpredictability in deep-sea 25 

environment. This research deploys advanced deep reinforcement learning algorithms, to enable dynamic 26 

control in the deep-sea navigation - which was previously challenging when using conventional methods. 27 

These algorithms with detailed optimization of the hyperparameters have been implemented on a four-28 

track deep-sea mining vehicle, demonstrating good performance in dynamic avoidance of obstacles that 29 

are randomly deployed. 30 

31 

Keywords 32 

Deep-sea Mining; Dynamic Obstacle Avoidance; Deep Reinforcement Learning; Hyperparameter 33 

Optimization; Artificial Intelligence 34 

35 

1. Introduction36 

Deep-sea mining holds significant importance, given the ocean's vast reserves of essential minerals 37 

such as polymetallic nodules, massive sulfides, and cobalt-rich crusts (Leng et al., 2021). Deep-sea 38 

mining vehicles (DSMVs) are crucial for exploring and harvesting ocean resources. However, DSMVs 39 

face substantial operational challenges due to the complex and unpredictable nature of the deep-sea 40 

environment, necessitating advanced control to ensure dynamic avoidance of obstacles. 41 

Historically, DSMV navigation systems relied on conventional methods such as proportional integral 42 

derivative (PID), fuzzy logic, model predictive control (MPC), and adaptive control algorithms. While 43 

PID controllers are popular for their simplicity, they often struggle in the face of non-linear, time-varying 44 

dynamics characteristic of underwater environments. Their performance is heavily reliant on the 45 

predefined parameters, which do not adapt well to unexpected changes, leading to suboptimal control in 46 

dynamic conditions (Yeu et al., 2012). Fuzzy logic systems provide a more adaptive approach by 47 

handling uncertainties in a rule-based manner, yet they require extensive expertise to design and are 48 

difficult to scale for complex scenarios (Dai et al., 2019; Fossen and Lekkas, 2017). MPC offers a 49 

predictive approach to control by optimizing future control actions based on a model of the system. 50 

However, the computational complexity of MPC makes it challenging to implement in real-time 51 
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applications, especially when dealing with the high dimensionality and uncertainty of deep-sea 52 

navigation (Wu et al., 2021). Adaptive control methods attempt to adjust controller parameters in real-53 

time, but they often require a reliable and precise model of the system dynamics and may not cope well 54 

with the sudden, drastic changes in underwater environments (Fossen and Lekkas, 2017; Shin et al., 55 

2017). 56 

The emergence of deep reinforcement learning (DRL) has heralded a significant shift in control 57 

systems (Mnih et al., 2015). DRL, with its ability to learn and adapt from interactions with the 58 

environment, offers a promising solution to the challenges faced by traditional methods(Levine et al., 59 

2016). DRL algorithms are capable of handling non-linear, high-dimensional problems, and can 60 

dynamically adjust their strategies to optimize performance in real-time (Silver et al., 2017). The inherent 61 

flexibility and learning capability of DRL make it an ideal candidate for navigating the intricate and 62 

dynamic landscape of the deep sea. 63 

Recent advancements highlight the need for an innovative DSMV controller. This controller should 64 

facilitate rapid target point acquisition in obstacle-free scenarios and ensure efficient, real-time avoidance 65 

strategies when encountering unforeseen obstacles within a predefined detection domain. Given DRL's 66 

success in similar applications (Chen et al., 2023b; Wang et al., 2023), it stands out as a potential solution 67 

for achieving this balance, paving the way for further research. 68 

This study focuses on designing and evaluating algorithms for DSMV navigation. Specifically, it aims 69 

to: 1) assess the IDDPG and PPO algorithms' efficacy in guiding a DSMV along target paths while 70 

dynamically avoiding obstacles; 2) Compare the performance of these DRL algorithms in obstacle 71 

avoidance; and 3) Provide recommendations for optimal hyperparameter selections. 72 

The structure of the paper is organized as follows: Section 2 presents the DSMV modeling strategy, 73 

encompassing coordinate definition and both kinematic and dynamic modeling. Section 3 explores the 74 

DRL algorithms for DSMV, with the design of dynamic avoidance reward functions and hyperparameter 75 

optimization being detailed. Section 4 elaborates on the numerical simulation framework for training and 76 

presents some results from various navigation tests. Finally, some key findings are summarized in Section 77 

5. 78 

79 
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2. Modeling Strategy 80 

In the context of underwater mining environments, it's pivotal to correlate the scale of the mining 81 

vehicle's body with the mining area. While certain unique environments may present as impassable 82 

obstacles, the vast majority of the underwater environment is anticipated to be relatively flat concerning 83 

the vehicle's navigation path. As such, this study delves into the three degrees of freedom (𝑥, 𝑦, 𝜃) 84 

motion of a four-track mining vehicle within a two-dimensional plane. It is pertinent to note that, although 85 

the concept of a four-tracked vehicle is not novel per se, the four-track model formulated in this study 86 

builds upon and significantly extends the two-dimensional models from prior research Chen et al. 87 

(2023a), with substantial adaptive improvements for deep reinforcement learning training. In this model, 88 

water resistance and random perturbation resistance have been implemented, which enhance the 89 

capability to simulate the unpredictable conditions of the seabed environment. This nuanced approach 90 

allows for a more accurate representation of the varying underwater dynamics, thereby contributing to 91 

the robustness and adaptability of the model in real-world applications, which is different from the similar 92 

model developed by Xu et al. (2022). Our approach simplifies resistance handling and optimizes various 93 

aspects for the largely unknown underwater environment, thereby endowing the trained controller with 94 

enhanced robustness and generality, especially beneficial for scenarios resembling the four-tracked 95 

configuration. This manuscript provides a detailed explanation of these advancements and their 96 

implications for underwater mining, thereby distinguishing our work from previous literature and 97 

underscoring its novelty and relevance. 98 

2.1 Coordinate Definition and 3D model of a DSMV  99 

  

(a) Definition of Coordinate Systems (b) 3D model of the DSMV 
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Fig. 1. (a) Definition of Coordinate Systems: The subscript 𝑔 refers to the global coordinate system, 

the subscript 𝑏 refers to the body coordinate system, and 𝜃 represents the heading angle; (b) DSMV 

3D Model: The four-track prototype showcasing equipment attachments. 

The coordinate systems including both the global and body fixed coordinate systems are depicted in 100 

Fig. 1(a), and the 3D model of the four-track DSMV prototype with equipment attachments is illustrated 101 

in Fig. 1(b). To facilitate the transformation between the local coordinate system and the global 102 

coordinate system, it is essential to utilize the coordinate transformation matrix 𝑇(𝜃) expressed in Eq.(1): 103 

  

cos( ) sin( ) 0
sin( ) cos( ) 0

0 0 1
T

 
 


 
  

 

   , (1) 104 

where 𝜃 denotes the heading angle, characterized as the heading orientation of the DSMV within the 105 

global coordinate framework, with the direction of the 𝑥𝑛 axis serving as the reference 0 degrees and 106 

the counterclockwise orientation being considered as the positive direction. 107 

2.2 Kinematic Modeling 108 

 109 

Fig. 2. DSMV Kinematic Model: Showcasing a four-track configuration with DSMV’s velocities 𝑢𝐿 110 

and 𝑢𝑅 at the left and right tracks' center axes, respectively. 111 

The kinematic model of the DSMV incorporates a distinctive four-track configuration, as detailed in 112 

Fig. 2. In this arrangement, the velocity at the center axis of the left-side tracks is denoted as 𝑢𝐿, whereas 113 

that at the right-side tracks is represented by 𝑢𝑅 . The model assumes that the lateral velocity 𝑣 , 114 

perpendicular to the DSMV's forward trajectory, is consistently zero. This assumption is premised on the 115 

findings of Chen et al. (2023a), which imply an absence of lateral resistance during the vehicle's forward 116 
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motion. Both 𝑢𝐿  and 𝑢𝑅  are considered to align with the DSMV's forward velocity 𝑢 . Under the 117 

assumption of a rigid body, the actual velocity of the DSMV is calculated as the average of the centroid 118 

velocities from both the left and right tracks. It's important to note that while tracks on the same side may 119 

exhibit varying rotational speeds due to operational dynamics, they are structurally affixed to the same 120 

side of the DSMV, ensuring coordinated movement. The ground contact length of a single track is 121 

represented as 𝐿, while 𝐿0 signifies the end-to-end distance of two tracks positioned on the same side. 122 

Additionally, 𝐷 is used to denote the track gauge, defined as the distance between the two track axes of 123 

the mining vehicle, and 𝜔𝑏 represents the angular velocity of the DSMV rotating about its geometric 124 

center in the body coordinate system. According to the coordinate transformation relationship, in the 125 

global coordinate system, the angular velocity 𝜔𝑔 of the DSMV rotating around its geometric center 126 

will always be equal to 𝜔𝑏. 127 

Steering of the DSMV is executed by manipulating the speed differentials of the tracks situated on 128 

either side. Any discrepancies in speed on the same side result in track slippage, a common phenomenon 129 

observed during maneuvering. The underlying mathematical relationships and principles governing this 130 

kinematic behavior is detailed in Eq.(2): 131 

 2
-

L R

R L
b

u uu

u u
D





 



. (2) 132 

Based on a single rigid body assumption, the rotational speed and rotation center of each point are the 133 

same when the DSMV rotated; therefore, the rotation radius 𝑅0 of the DSMV can be expressed by 134 

Eq.(3): 135 

 0
( )

2( - )
R L

b R L

D u uuR
u u
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. (3) 136 
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2.3 Dynamic Modeling  137 

 138 

Fig. 3. DSMV Dynamic Model: Illustration of tractive and resistive forces on four tracks. 139 

The dynamic model for a four-track DSMV is detailed in Fig. 3. This model comprehensively 140 

represents the dynamic interactions and forces acting on the vehicle. The tractive forces affecting the left 141 

front, left rear, right front, and right rear tracks are designated as 𝐹𝐿1, 𝐹𝐿2, 𝐹𝑅1 and 𝐹𝑅2, respectively. 142 

These forces are essential for understanding the vehicle's motion, where positive slip ratios signify a 143 

heading forward tractive force, propelling the DSMV, whereas negative ratios are indicative of a reverse 144 

direction, functioning primarily as a resistive force. Moreover, the model accounts for resistive forces 145 

specific to each track, labeled as 𝑅𝐿1, 𝑅𝐿2, 𝑅𝑅1 and 𝑅𝑅2. These resistances are multifaceted, including 146 

aspects such as friction resulting from heading forward movement, hydrodynamic drag, and other 147 

random resistances that the vehicle encounters, all of which contribute to the overall force dynamics. 148 

Additionally, 𝑓
𝑦
 represents the lateral resistive force that comes into play during turning maneuvers, 149 

crucial for the accurate navigation and control of the DSMV. The interplay of these forces and velocities 150 

is mathematically encapsulated in Eq.(4), providing a robust framework for the dynamic modeling of the 151 

DSMV's movements. 152 
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where 𝑀 is the total mass of the mining robot, 𝐼 is the rotational inertia of the DSMV, 𝑢̇, 𝑣̇ and 𝜃̈ 154 

are the second derivative of x-direction displacement, y-direction displacement and heading angle of the 155 

DSMV respectively. The traction forces 𝐹𝐿1, 𝐹𝐿2, 𝐹𝑅1, and 𝐹𝑅2 are generated by shearing with the soil. 156 

During the movement of the DSMV, the thrust of the track can be regarded as the resultant shear force at 157 

each point of the track. The relationship between the thrust and track movement can be expressed using 158 

Eq.(5): 159 
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, (5) 160 

where 𝑏𝑇  is the width of a single track; τ𝐿1(𝑗𝐿1(𝑥)), τ𝐿2(𝑗𝐿2(𝑥)), τ𝑅1(𝑗𝑅1(𝑥)) and τ𝑅2(𝑗𝑅2(𝑥)) 161 

are the soil shear stresses; and 𝑗𝐿1(𝑥), 𝑗𝐿2(𝑥), 𝑗𝑅1(𝑥) and 𝑗𝑅2(𝑥) are the shear displacements at the 162 

front end 𝑥 of the track connection section. 163 

According to a study conducted by Wong and Chiang (2001); Wong et al. (1984) , when the slip ratio 164 

is positive, the relationship between shear stress and shear displacement can be mathematically expressed 165 

using Eq.(6): 166 
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, (6) 167 

where the maximum shear stress, denoted as 𝜏𝑚𝑎𝑥  as well as the ratio of the residual shear stress to 168 

the maximum shear stress, referred to as 𝐾𝑟 , and the shear displacement 𝐾𝜔  are all experimentally 169 

determined values. For the purposes of this simulation experiments, the following values 𝐾𝑟 = 0.66, 170 

𝐾𝜔 = 0.022m and 𝜏𝑚𝑎𝑥 = 4.9kPa were adopted. 171 

When the DSMV is in motion, the track is non-contractible. Consequently, the shear displacement at 172 

each point along the track can be expressed using Eq.(7): 173 
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, (7) 174 

where 𝑟 represents the driving wheel radius of the tracks. 𝜔𝐿1, 𝜔𝐿2, 𝜔𝑅1 and 𝜔𝑅2 correspond to 175 

the driving wheel speeds of the left front, left rear, right front, and right rear tracks, respectively.  176 

Similarly, 𝑖𝐿1, 𝑖𝐿2, 𝑖𝑅1 and 𝑖𝑅2  represent the slip rates of the left front, left rear, right front, and 177 

right rear tracks, respectively, which can be defined using Eq.(8): 178 
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By substituting Eq.(7) into Eq.(5), the formula for calculating traction with respect to 𝑥  can be 180 

derived, as expressed in Eq.(9): 181 
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The interplay between the traction force exerted by the DSMV tracks and the corresponding slip rate 183 

is complex, as visualized in Fig. 4. A distinctive feature of this relationship is that traction force escalates 184 

swiftly with an increase in positive slip rate, culminating at a peak when the slip rate is approximately 185 

0.02. Beyond this point, traction diminishes and reaches a plateau, converging to a comparatively lower 186 

constant value. 187 
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 188 

Fig. 4. Traction Force vs. Slip Rate: Positive slip rates increase traction to a peak before decreasing, 189 

while negative rates show symmetry about the origin. 190 

In scenarios where the DSMV encounters negative slip rates - a situation interpreted as the vehicle's 191 

forward velocity surpassing that of the tracks, resulting in the tracks being dragged - the graph displays 192 

a symmetry about the origin compared to the positive slip rate scenario. Here, the forces typically 193 

considered as traction take on a negative connotation, signifying resistance. This resistance in practical 194 

deep-sea mining operations is multifaceted, comprising draft and compaction resistances (particularly 195 

prevalent during negative slip rates), water resistance, which escalates with speed, and random resistance 196 

due to unpredictable factors such as variations in seabed soil properties, ongoing mining procedures, and 197 

cable-induced oscillations. 198 

Accurately quantifying these resistances, particularly in the variable conditions of the ocean floor, is a 199 

significant challenge. For the DRL-based controller to effectively adapt to these uncertainties, a robust 200 

resistance calculation method, as presented in Eq.(10), has been employed, designed to account for the 201 

dynamic and diverse resistance factors inherent to the seabed environment. 202 
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, (10) 203 

where, 𝜇𝑥  and 𝜇𝑦  respectively represent the frictional resistance coefficients along the DSMV's 204 

forward direction and perpendicular to it. 𝐾𝐿1, 𝐾𝐿2, 𝐾𝑅1, 𝐾𝑅2 and 𝐾𝑦 denote resistance coefficients 205 

linearly dependent on the square of the speeds of the left front, left rear, right front, and right rear tracks, 206 

as well as the square of the angular velocity. 𝛿𝐿1, 𝛿𝐿2, 𝛿𝑅1, 𝛿𝑅2 and 𝛿𝑦 represent nonlinear resistance 207 

terms associated with the square of the tracks' speeds and the DSMV's rotation, respectively. 208 

This resistance model has been refined based on previous research (Chen et al., 2023a) and comprises 209 

three primary components:  210 

Frictional resistance: A constant value that changes polarity depending on the direction of forward 211 

motion. 212 

Water resistance: Quadratically proportional to the magnitude of the forward velocity. 213 

Random perturbation resistance: A minor stochastic term designed to encompass any other potential 214 

environmental random resistances. 215 

The advancement in the DSMV design is encapsulated in the transition from the traditional two-track 216 

model to a more capable four-track configuration, significantly enhancing its operational adaptability in 217 

challenging deep-sea environments, e.g., improved ground contact, maneuverability, and superior 218 

performance in overcoming obstacles like navigating trenches and ascending slopes, essential for the 219 

intricate and unpredictable seabed. This new model is detailed with parameter values in Table 2 of the 220 

Appendix. 221 

While resistances such as pushing resistance encountered during the DSMV's movement have been 222 

accounted for in the traction's empirical formula and are not part of this resistance term's computation, 223 

it's pivotal to recognize the comprehensive enhancements introduced by the four-track model. 224 

Concentrating primarily on the design and comparative optimization of reinforcement learning 225 
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algorithms for dynamic seabed obstacle avoidance control, this research sets the stage for mathematical 226 

validation and further discussions on the simulation model's efficacy in future research. 227 

 228 

3. DRL Algorithms for DSMV 229 

IDDPG: This algorithm, an improvement of the Deep Deterministic Policy Gradient (DDPG), has 230 

been thoroughly discussed in previous studies (Chen et al., 2023a). Its suitability for the DSMV was 231 

validated during the path-following controller training, as extensively covered in the research mentioned. 232 

For a comprehensive grasp of the IDDPG algorithm, including its nuanced aspects and primary 233 

procedures, refer to "Algorithm 1 Improved Deep Deterministic Policy Gradient (IDDPG)" in Appendix. 234 

PPO: Renowned for its resilience as an offline learning stochastic policy algorithm, the standard PPO 235 

is well-suited for discrete action spaces. In this study, we modified the algorithm for continuous action 236 

realms, offering an exhaustive compilation of optimization advice for selecting hyperparameters, 237 

especially customized for the DSMV and analogous settings. Although the modified controller 238 

effectively met the dynamic obstacle avoidance training standards, it showed minor deficits in 239 

performance relative to the IDDPG during randomized obstacle avoidance simulation assessments due 240 

to the algorithm's intrinsic variability, but it achieved the essential control objectives commendably. For 241 

an elaborate explanation of the PPO algorithm's methodology and crucial phases, refer to "Algorithm 2 242 

Proximal Policy Optimization (PPO)" in Appendix. The algorithm directly references the methodology 243 

used in the original paper (Schulman et al., 2017), with a selection process for relevant hyperparameters 244 

similar to that of IDDPG, details of which are not reiterated within the algorithm. For specific values of 245 

certain parameters related to the reinforcement learning components in this chapter, please refer to Table 246 

2 in Appendix. 247 

3.1 Network Structures: IDDPG & PPO 248 

IDDPG: Employs two Actor Networks (one Target Actor and one Actor) and four Critic Networks 249 

(two Target Critics and two Critics). The network architecture consists of an input layer, two hidden 250 

layers, and an output layer. The structure is relatively flat. Both actor networks have the same 251 

configuration with neuron counts of: 12 (input state dimension is 12), 256, 256, 4 (output action 252 

dimension is 4). All four critic networks are identical, with neuron counts of: 16 (12-dimensional input 253 
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state + 4-dimensional output action), 256, 256, 1 (the output dimension of the value function for 254 

evaluation is only 1). 255 

PPO: Utilizes one Actor Network and one Critic Network. The network structure includes an input 256 

layer, two hidden layers, and an output layer. The architecture is relatively flat, with the Actor Network 257 

featuring neurons in the following quantities: 12 (input state dimension is 12), 256, 256, 4 (output action 258 

dimension is 4); the Critic Network, designed for state value approximation, aligns with: 12 (input state 259 

dimension is 12), 256, 256, 1 (the output dimension of the value function for evaluation is only 1). 260 

The difference in critic network input dimensions between IDDPG and PPO is consequential. In 261 

IDDPG, the critic network takes both the state and action as input, reflecting its role in Q-value 262 

approximation, facilitating the policy update through precise action-value estimation. This inclusion of 263 

action in the critic’s input becomes crucial for environments with continuous action spaces, like deep-264 

sea navigation. In contrast, PPO’s critic network only considers the state for value estimation, aligning 265 

with its objective of maximizing the expected return. This difference underscores PPO's emphasis on 266 

sample efficiency and stability, albeit at the potential cost of precision in complex environments with 267 

intricate action implications. 268 

3.2 Designing Dynamic Avoidance Reward Functions 269 

In the context of deep-sea mining vehicle (DSMV) navigation, designing an effective reward function 270 

is crucial for dynamic obstacle avoidance. The reward function serves as the guiding light for the DSMV, 271 

encouraging behaviors that lead to successful navigation while avoiding collisions. This section explains 272 

the comprehensive design of the reward function that balances control objectives with unexpected 273 

disturbances. 274 

For obstacle detection scenarios, when the distance to the nearest obstacle (𝜹Obs) is less than 30𝑚 275 

(the assumed range of the DSMV's obstacle detection capabilities), the reward function prioritizes the 276 

DSMV's relative position and approach direction to both the obstacle and the target. It is designed to 277 

encourage paths that steer clear of potential collisions while maintaining progress towards the destination. 278 

Specifically, the DSMV is rewarded for maintaining a safe distance from the obstacle while orienting 279 

towards the target. 280 

In open water scenarios (𝜹Obs ≥ 𝟑𝟎𝒎, no obstacles detected), the focus shifts primarily to guiding 281 

the DSMV efficiently towards the target. In these cases, the function simplifies by assuming a constant 282 
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distance to the nearest obstacle and a fixed heading angle deviation. This approach ensures that the 283 

DSMV is not penalized unnecessarily when far from obstacles, promoting smooth and direct navigation 284 

towards the target. 285 

Operational constraints and penalties are also considered, regardless of obstacle presence. The 286 

function mandates that the slip rates of all four tracks should not exceed 50%, reflecting the real-world 287 

operational limitations of DSMVs. Additionally, to prevent stagnation and ensure timely navigation, a 288 

minimum forward speed (𝑉𝐶) of 0.35m/s is enforced. 289 

The detailed formulation of the one-step reward function, 𝑅OneStep , and its components are 290 

mathematically articulated as follows (Eqs.(11) ~ (19)).  291 
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Tar
OneStep

5,                                                               if   750
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-60,                    

T
δR

 



，

Obs

Slip

                                              elif   0
( ) 6 / 7 ( ) / 7 ,     elseA A T T OA OA OT OT VC VC

δ
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

 
      

, (11) 292 

where 𝑇SimOne refers to the timing of one training round for the DSMV in the environment; 𝛿Tar is 293 

the distance from the DSMV's current centroid position to the target; 𝛿Obs is the distance from the 294 

DSMV's current centroid position to the center of the nearest obstacle, minus the radius of that obstacle; 295 

𝑟𝐴 , 𝑟𝑇 , 𝑟𝑂𝐴 , 𝑟𝑂𝑇 , 𝑟𝑉𝐶  denote the reward components corresponding to the DSMV's heading angle 296 

deviation towards the target, the DSMV's distance to the target, the DSMV's heading angle deviation 297 

towards the closest obstacle, the DSMV's distance to the closest obstacle, and the DSMV's heading speed 298 

𝑉𝐶 , respectively; 𝜀𝐴 , 𝜀𝑇 , 𝜀𝑂𝐴 , 𝜀𝑂𝑇 , 𝜀𝑉𝐶  are the weight coefficients for the corresponding reward 299 

components; 𝑟Slip is the penalty for any track whose slip rate exceeds 50%. The formulas for these 300 

reward components are shown in Eqs.(12)~(17). All units used adhere to the International System of 301 

Units (SI) and have been omitted in the equations for simplicity. 302 
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 Obs( /15)2 1Tk δ
OTr e   , (15) 306 

 2 1VC Ck V
VCr e   , (16) 307 
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
, (17) 308 

where 𝜑Tar and 𝜑Obs represent the deviations of the DSMV's heading angle towards the target and 309 

the closest obstacle, respectively; 𝑘𝐴, 𝑘𝑇, 𝑘𝑂𝐴, 𝑘𝑂𝑇 , 𝑘𝑉𝐶 are the adjustable hyperparameters used in 310 

the calculation of the corresponding rewards, ensuring that each reward component ranges between -1 311 

and 1 to maintain training stability and the generality of the reward function. Specifically, the approach 312 

direction Δ𝑛  from the DSMV's current point A(𝑥𝑎 , 𝑦𝑎) to any point 𝑁(𝑥𝑛 , 𝑦𝑛) is calculated using 313 

Eq.(18): 314 
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. (18) 315 

Thus, 𝜑Tar and 𝜑Obs can be determined using Eq.(19): 316 

 ,  Tar,Obsi iφ θ i   , (19) 317 

where 𝜃 represents the current heading angle of the DSMV.  318 

These components consider various aspects such as the DSMV's orientation towards the target and 319 

obstacles, distance to the target and obstacles, forward speed, and slip rate. The weight coefficients (𝜀𝐴, 320 

𝜀𝑇, etc.) and penalty terms are fine-tuned to ensure the reward function effectively encourages desired 321 

behaviors and discourages detrimental ones. The values for the relevant parameters used in this research 322 

can be found in Table 2 in the Appendix. 323 

To fine-tune the weight coefficients of each component within the reward function, our approach 324 

involves adjusting one parameter at a time. This methodical single-variable adjustment, followed by 325 

repeated training and analysis, aids in identifying optimal values. The initial weight allocations for target 326 

and obstacle components in 𝑅OneStep were primarily informed by the work of Wang et al. (2023). 327 

Regarding comparative analysis, due to the high non-linearity of the controlled object and 328 

unpredictable obstacle scenarios encountered while tracking targets, it is necessary to provide some 329 

reference during the initial stages of training. Although experiments from AlphaGo (Silver et al., 2016) 330 

and AlphaGo Zero (Silver et al., 2017) suggest that human experience may not always contribute to 331 
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finding the optimal solution, in this study, incorporating penalty terms for slip rate and average forward 332 

speed is essential. While not displayed here, early trials without these penalties resulted in the agent 333 

struggling to find optimal strategies for dynamic obstacle avoidance, often falling into suboptimal 334 

behaviors such as high slip rates, stagnation, or even training collapse. 335 

By carefully calibrating this reward function, we aim to endow the DSMV with the ability to navigate 336 

complex underwater environments while dynamically avoiding obstacles. This ensures the DSMV's 337 

operational proficiency and safety in the unpredictable deep-sea environment. 338 

 339 

3.3 Hyperparameter Optimization 340 

3.3.1 Learning Rates 341 

IDDPG & PPO - Actor & Critic Learning Rates: These parameters are crucial as they dictate the 342 

speed and scale of weight adjustments in both the actor and critic networks, influencing the learning 343 

process's efficiency and effectiveness. For both IDDPG and PPO, the learning rate plays a pivotal role, 344 

especially in the context of complex, nonlinear environments where rapid convergence is desirable.  345 

Initially, a more substantial learning rate is indispensable to expedite convergence, but it requires a 346 

subsequent reduction to ensure stability during the later phases of training. In this research, the learning 347 

process commences with a rate 𝑙𝑎 , 𝑙𝑐 = 3e − 04 , progressively decaying to 𝑙end = 3e − 06  to 348 

maintain a balance between rapid adaptation and the consolidation of learning. It's noteworthy that 349 

typical initial values for these algorithms are commonly set within the range of 1e − 04 to 3e − 04, 350 

signifying the standard practice in various scenarios.  351 

Moreover, for PPO specifically, the learning rate also governs the magnitude of updates in the policy 352 

and value networks, a critical aspect for the algorithm's success given its reliance on sample efficiency 353 

and the delicacy of policy updates. 354 

3.3.2 Trade-off Between Exploration and Exploitation  355 

IDDPG - Policy and Exploration Noise: Randomness introduced in decision-making enhances the 356 

algorithm's exploratory capabilities. Key components include Policy noise, requiring adequacy for 357 

exploration without descending into randomness (selected as 0.2 in this study); Noise clip, preventing 358 
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destabilizing large policy updates (commonly set at 0.5, adopted in this research); and Policy delay, 359 

stabilizing training by tempering the frequency of policy relative to critic updates. 360 

PPO - Entropy Coefficient: Encourages exploration by increasing policy randomness, typically set 361 

low (0.01 in this case) to avoid excessive unpredictability. 362 

3.3.3 Discount Factor 363 

IDDPG & PPO - Discount Factor (𝛄): A common parameter for all DRL algorithms, γ is a discount 364 

factor balancing the significance of immediate versus future rewards. This factor dictates the present 365 

value of forthcoming rewards. A value near 0 indicates myopia with a focus on immediate rewards, 366 

whereas a value closer to 1 reflects foresight, considering future rewards more substantially. 367 

Considering the temporal aspect, the discount factor is typically used to compute the sum of discounted 368 

future rewards, represented as: 369 

 2
1 2 3 10

k
t t t t t kk

G R γR γ R γ R

    
     , (20) 370 

where 𝐺𝑡 is the total future rewards (also known as returns) starting from time step 𝑡, 𝑅𝑡+1 is the 371 

reward obtained at the next time step, and 𝑘 is the index of future reward steps. 372 

For a 𝛾 of 0.95, this theoretically infinite series actually converges, indicating a point where the 373 

incremental future rewards minimally impact the total. This can be estimated by calculating when the 374 

value of the discount factor becomes very small, post 𝑛 steps. Assuming the discount is desired to reach 375 

a minimal threshold (e.g., 0.01) after a certain number of steps, it is calculated using: 𝛾𝑛 = 0.01. By 376 

solving for ′𝑛′  with a 𝛾  of 0.95:  0.95𝑛 = 0.01 , ′𝑛′  is determined using the equation: 𝑛 =377 

log0.95 0.01, which approximately equals 60. This method ensures a more streamlined expression and 378 

understanding of the calculation process. This suggests that after approximately 60 time-steps, the 379 

present value of future rewards diminishes to 1% of the initial reward, defining the effective "horizon" 380 

or the number of time steps considered at γ = 0.95. This isn't a strict limit but an indication of the 381 

relatively reduced influence of future rewards on the total return beyond this point. In this task, given the 382 

30m obstacle detection range, corresponding to roughly 60 time-steps for the DSMV, it's crucial for the 383 

agent to avoid collisions. Therefore, selecting a γ of 0.95 is rational based on the aforementioned 384 

calculations. Different tasks might demand varying gamma values, depending on the specific focus of 385 

the objectives. 386 
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3.3.4 Stability and Update Control 387 

IDDPG - Noise Clip & Policy Delay: These parameters manage the impact of noise and stabilize the 388 

update frequency of the Actor and Critic. Specific recommended values are discussed in section 3.3.2. 389 

PPO - 𝛆PPO, Clip Range and 𝐧epochs: These parameters work in tandem to limit the change amount 390 

per update step and determine the number of update times per data batch. εPPO constrains the policy 391 

update's change extent, with a smaller εPPO (0.1 in this study) making the algorithm more conservative. 392 

Clip range, set at 0.2 here, curbs the updated policy from deviating excessively from the old one, 393 

balancing exploration and exploitation. nepochs, the count of training repetitions per data batch, requires 394 

tuning for convergence speed and data efficiency. Focusing on thorough sample utilization for offline 395 

learning, a higher value of 256 was opted for. 396 

3.3.5 Experience Replay 397 

IDDPG - Buffer Size & Batch Size: These dictate the volume of past experiences the algorithm can 398 

store and the quantity of experiences utilized per learning update. A larger buffer, like this research’s 399 

choice of 51,200, equates to a more diverse learning history, while the buffer size impacts the gradient's 400 

stability. The batch size is set at the maximum of 512, balancing computational efficiency and sample 401 

diversity. 402 

PPO - Batch Size: Though PPO doesn't employ traditional experience replay, the batch size still 403 

influences the learning data volume from gathered experiences. While larger batches (e.g., 4000 to 64000) 404 

provide more stable updates, they also require more computational resources. Considering computational 405 

constraints, a choice was made for 25,600, ensuring stability and speed in training. 406 

3.3.6 Target Updates 407 

IDDPG - Unique Hyperparameter 𝛕IDDPG: This parameter governs the rate at which weights from 408 

the primary network are transferred to the target network. A smaller τIDDPG, set at 0.0005 in this study, 409 

ensures that updates to the target network are both gradual and stable. This deliberate pace is critical in 410 

maintaining the algorithm's stability and avoiding overfitting, as it promotes a smoother evolution of 411 

expected Q-values and helps to mitigate potential oscillations in the target Q-values. 412 
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3.3.7 Advantage Estimation 413 

PPO - Generalized Advantage Estimation (GAE) Hyperparameter 𝛌GAE  & Value Loss 414 

Coefficient: These parameters play significant roles in influencing reward estimation and the 415 

prominence of value loss within the overall loss computation. The λGAE, set at 0.98 after comprehensive 416 

training, addresses the bias-variance trade-off inherent in advantage estimation, contributing to more 417 

accurate predictions. The Value Loss Coefficient, often invoked when the actor and critic share layers in 418 

a network, was not considered essential in this research due to the effective balancing achieved by 419 

separately optimizing the actor and critic networks." 420 

 421 

4. Results and Discussion 422 

4.1 Framework for the Numerical Simulation 423 

Upon the finalization of the four-track model, the establishment of an initial training environment for 424 

the DSMV was deemed imperative, as illustrated in Fig. 5. This facilitated the interaction between the 425 

specified environment and the DSMV simulation model, leading to the construction of the numerical 426 

training process depicted in Fig. 6. After multiple training iterations, a control objective was defined that 427 

enables the DSMV to adhere to a designated mining trajectory and dynamically circumvent obstacles, 428 

even under simulated unknown deep-sea circumstances. 429 

4.1.1 Initialization for Dynamic Avoidance Training 430 

The training environment for the DSMV encompasses specific initial conditions as illustrated in Fig. 431 

5. At the commencement of each training iteration, the DSMV is positioned at the origin point(0, 0), 432 

with randomized initial slip rates for its four tracks, track speed, and heading angle. The designated target 433 

location is randomly selected within an orange-highlighted region, defined as a ring with a radius 434 

spanning from 100m to 200m, or approximately 10-20 times the length of the vehicle. 435 
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 436 

Fig. 5. DSMV Training Initialization: Dynamic avoidance with randomized initial conditions, target 437 

within a specified orange region, and obstacle generation in the potential route (blue region). 438 

Furthermore, each iteration includes the generation of an obstacle, represented as a black circle in the 439 

diagram. This obstacle is constrained within a blue region, strategically placed along the potential route 440 

to the target, yet it does not directly impede the vehicle's path. This setup is designed to mimic realistic 441 

operational challenges the DSMV might encounter. 442 

In alignment with actual mining operations, the vehicle's detection range for obstacles is predetermined 443 

at 30m, roughly 3-5 times its length, to initiate a realistic sensory range. The primary objective of this 444 

training phase is to equip the controller with the capability to navigate the DSMV efficiently towards the 445 

target location. When the path is clear of obstacles, the controller is expected to identify and follow the 446 

most optimal route. Conversely, if obstacles are detected within the designated zone, the controller is 447 

tasked with dynamically altering the vehicle's trajectory to circumvent these hindrances, thereby ensuring 448 

the DSMV's operational safety. 449 

xn

yn Target Point P1: Randomly 
generated within the orange area

Initial Point P0: Set at (0, 0) with randomly determined slip rates and heading angle

Obstacle: Randomly 
placed within the blue 
area with its radius also 
randomly distributed
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4.1.2 Numerical Simulation Framework 450 

 451 

Fig. 6. Numerical Simulation Framework: Comprising environment and controller segments, detailing 452 

DSMV dynamics, kinematics, state & reward updates, and introducing IDDPG and PPO algorithms 453 

within the DRL context. 454 

The complex framework for the numerical simulation, as depicted in Fig. 6, elucidates the continuous 455 

interaction between the controller and the environment segments during the training phase. The 456 

environment segment comprehensively includes the slip control, dynamics, kinematics, and the state and 457 

reward updating models of the DSMV, also known as the agent in DRL terms. The controller segment, 458 

on the other hand, employs two prominent DRL algorithms: the Improved Deep Deterministic Policy 459 

Gradient (IDDPG) and the Proximal Policy Optimization (PPO). The IDDPG algorithm stands out due 460 

to its online learning mechanism, characterized by a continuously updated replay buffer that fosters 461 

concurrent learning and accelerates convergence. This feature renders IDDPG particularly appropriate 462 

for contexts necessitating deterministic responses. Conversely, PPO, recognized for its stability and 463 

robustness, employs an offline learning strategy, essential for comprehensive data analysis and 464 

behavioral assimilation, providing distinct advantages in dynamic obstacle avoidance scenarios. Within 465 

this research, both algorithms are contrasted in a unified training environment, with the objective of 466 

meticulously assessing control efficacy, adaptability, and potential enhancements in analogous 467 

operational settings. Additionally, the controller segment outputs a four-dimensional action 𝑎𝑡 =468 

[𝜔𝑎𝐿1, 𝜔𝑎𝐿2, 𝜔𝑎𝑅1 , 𝜔𝑎𝑅2] , representing the desired angular velocities for the vehicle's track driving 469 

wheels, and procures negative or positive angular acceleration based on the comparison between current 470 
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and desired speeds. The environment, in turn, outputs a twelve-dimensional state 𝑠𝑡 =471 

[𝛿Tar, 𝛿Obs, 𝜑Tar, 𝜑Obs, 𝑉𝐿 , 𝑉𝑅 , 𝑉𝐶̇ , 𝜔𝑏̇ , 𝑖𝐿1, 𝑖𝐿2, 𝑖𝑅1, 𝑖𝑅2], which includes various vehicle parameters such as 472 

distances to target and obstacles, deviations in heading angle, speeds, accelerations, and slippage rates. 473 

The one-step reward function is denoted as 𝑅OneStep, and 𝑠𝑡+1 signifies the state at the subsequent time 474 

step after a single environment update. Each trajectory [𝑠𝑡 , 𝑎, 𝑟𝑡 , 𝑠𝑡+1] is stored in the memory pool post-475 

update. 476 

 477 

4.2 Training Process 478 

The primary control objective in this study involves the precise navigation of the Deep-Sea Mining 479 

Vehicle (DSMV) towards designated target positions while ensuring the avoidance of various obstacles. 480 

These obstacles include, but are not limited to, regions of the seafloor with excessive topographical 481 

undulations exceeding the capability of the DSMV's four-track system, untraversable trenches or 482 

elevated terrain, and potential encounters with other operational vehicles or marine fauna. In this study, 483 

the various navigational obstacles faced by the DSMV are modeled as circular areas in a two-dimensional 484 

plane. Each circle is centered at the location of an obstacle and has a specific radius that represents the 485 

extent of the obstacle's influence. 486 

In Fig. 7, the training process's effectiveness is evidenced by the accumulative rewards, with both 487 

IDDPG and PPO algorithms initially showing a quick convergence towards an optimal value of 488 

approximately 500. This peak suggests the DSMV's successful navigation to the target without collisions 489 

in certain training instances. However, a stark contrast emerges post-convergence: IDDPG maintains 490 

high reward levels, indicative of consistent performance, while PPO exhibits several dips into negative 491 

values, pointing to episodes of less optimal behavior like local looping or collisions. 492 
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 493 

Fig. 7. Training Progress: Accumulative reward trends for IDDPG and PPO algorithms, highlighting 494 

rapid convergence and performance disparities.  495 

The superior stability and adaptability of IDDPG in this training context become evident when 496 

examining these trends. The sustained high positive rewards signify that the controller effectively 497 

mastered the complex task of dynamic obstacle avoidance, proving competent across virtually all 498 

considered navigation scenarios. However, the PPO algorithm's frequent negative rewards imply a lack 499 

of convergence to the optimal solution, likely due to its stochastic nature leading to varying actions for 500 

identical state inputs, even in a well-trained network. In contrast, IDDPG's deterministic approach yields 501 

consistent actions for the same inputs, minimizing the likelihood of errors upon optimal training. After 502 

around 15,000 episodes, translating to hundreds of thousands of learning iterations, the networks' final 503 

parameters were solidified, ready for subsequent simulation assessments. 504 

 505 

4.3 Simulation of Dynamic Avoidance Control 506 

A preset spiraling path initiates at (0, 0) and expands outward to various points, culminating at (-600, 507 

-600). Within a rectangular area 𝐴Map = 106(𝑚2), spanning from (-500, -500) to (500, 500), obstacles 508 

0 2000 4000 6000 8000 10000 12000 14000

-500

500

0

1000

A
cc

um
ul

at
ed

 R
ew

ar
d 

- I
D

D
PG

Episode

 Individual Episode
 Sliding Average

0 2000 4000 6000 8000 10000 12000 14000

-500

500

0

1000

A
cc

um
ul

at
ed

 R
ew

ar
d 

- P
PO

Episode

 Individual Episode
 Sliding Average

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 

23

Algorithms for dynamic control of a deep-sea mining vehicle based on deep reinforcement learning



populate the space at varying densities 𝜌, maintaining a random distribution without overlap. Density is 509 

expressed as: 510 

 Obs Map/N A  , (21) 511 

where 𝑁Obs denotes the count of obstacles generated on the map.  512 

The DSMV's directive is twofold: swiftly navigate to interim targets and avoid collisions, a task it 513 

accomplishes by detecting obstacles within 30 meters. As it was primarily trained for single-obstacle 514 

evasion, its navigation decisions are based solely on the proximity of the nearest obstacle, which presents 515 

challenges in obstacle-rich environments. Subsequent sections demonstrate the DSMV's evasion 516 

capabilities under different obstacle densities and assess the efficacy of the trained controllers. Notably, 517 

the DSMV's final stretch, from (600, -500) to the endpoint, is obstacle-free, testing the controller's pure 518 

path-following proficiency. 519 

4.3.1 Initial Navigation Test: Low-Density Environment (𝝆 = 𝟓𝐞 − 𝟎𝟓) 520 

 521 

Fig. 8. Dynamic Avoidance Test with obstacle density 𝜌 =  5e − 05 : Test initiation points 522 

(pentagrams) and termination positions (triangles) for both algorithms, showcasing successful navigation 523 

to the target in a low-obstacle density environment. 524 

The efficacy of the IDDPG and PPO algorithms in dynamic avoidance control is evident in 525 

environments with sparse obstacle distributions, as demonstrated in Fig. 8. Here, the Deep-Sea Mining 526 
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Vehicle (DSMV) commenced from the same origin points, indicated by pentagrams, and successfully 527 

navigated to the destination, marked by two-colored triangles, signifying the completion of the test either 528 

by reaching the destination or upon an obstacle collision. 529 

IDDPG: The IDDPG algorithm exhibits proficiency in dynamic avoidance within such environments. 530 

The DSMV, devoid of obstacles, optimally advances towards the target under the IDDPG controller's 531 

guidance. Upon obstacle encounters, the controller adeptly directs the DSMV, ensuring swift evasion 532 

with minimal deviation and promptly resumes the optimal path post-obstacle circumvention. 533 

PPO: Similarly, the PPO algorithm sustains effective dynamic avoidance control under these 534 

conditions. The figure illustrates that, in scenarios free of obstacles, the DSMV closely approaches the 535 

target following an optimal trajectory under the PPO controller. In the presence of obstacles, the PPO-536 

controlled DSMV skillfully evades, minimizes route diversion, and swiftly rejoins the optimal course 537 

towards the target post-evasion. 538 

In summary, both controllers, when trained with their respective algorithms, display exceptional 539 

dynamic avoidance capabilities in environments with sparser obstacles. This performance underlines the 540 

adaptability of both algorithms in maneuvering the DSMV through its highly nonlinear and dynamic 541 

contexts, highlighting their potential applicability in analogous deep-sea scenarios. 542 
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4.3.2 Intermediate Navigation Test: Moderate-Density Environment (𝝆 = 𝟏𝐞 −543 

𝟎𝟒)  544 

 545 

Fig. 9. Increased Obstacle Density Dynamic Avoidance Test (𝜌 =  1e − 04): Successful navigation by 546 

both algorithms with noted detours by PPO-controlled DSMV. 547 

Further tests were conducted in environments with increased obstacle densities, as shown in Fig. 9. 548 

The DSMV was subjected to conditions with a less sparse distribution of obstacles (𝜌 =  1e − 04), 549 

challenging the dynamic avoidance capabilities of the control systems. 550 

IDDPG: Demonstrating consistency with previous tests at lower obstacle densities (refer to Fig. 8), 551 

the IDDPG algorithm maintained its proficiency in navigating the DSMV. Even in these denser 552 

environments, the vehicle managed to effectively avoid obstacles and maintain an optimal path to the 553 

target, showcasing the algorithm's robustness and adaptability to changing conditions. 554 

PPO: While the PPO algorithm succeeded in guiding the DSMV to its target, a marked difference was 555 

observed in its navigation strategy. Unlike the scenario at 𝜌 =  5e − 05, the PPO-controlled DSMV 556 

displayed a propensity for extended detours, indicating potential inefficiencies in the algorithm's path 557 

optimization processes under denser obstacle conditions. 558 

In environments with less sparse obstacles, both IDDPG and PPO algorithms ensured the DSMV's 559 

successful arrival at the designated destinations. However, the PPO's performance highlighted a critical 560 

differentiation; it began to exhibit challenges in optimizing evasion routes in denser obstacle fields. This 561 
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observation emphasizes the superior reliability and efficiency of IDDPG-trained controllers in dynamic 562 

obstacle avoidance within the DSMV's operational scope. 563 

4.3.3 Advanced Navigation Test: High-Density Environment (𝝆 = 𝟐𝐞 − 𝟎𝟒)  564 

 565 

Fig. 10. High-Density Dynamic Avoidance Test (𝜌 =  2e − 04): Successful navigation with detours 566 

by IDDPG-controlled DSMV and obstacle collisions by PPO-controlled DSMV in high-density areas. 567 

Dynamic avoidance tests in high-obstacle-density environments, as depicted in Fig. 10, further 568 

challenged the algorithms. The networks, fine-tuned through rigorous training, were expected to 569 

maneuver the DSMV through significantly more congested underwater landscapes. 570 

IDDPG: Mirroring the resilience shown in previous assessments (see Fig. 8 and Fig. 9), the IDDPG 571 

algorithm enabled the DSMV to reach its target in these high-density zones, albeit not without noticeable 572 

detours. This deviation underscores a nuanced limitation within the IDDPG controller's decision-making 573 

apparatus, particularly when navigating through information-scarce, obstacle-rich terrains. 574 

PPO: The test revealed a critical shortfall in the PPO algorithm's operational efficacy. Its decision-575 

making latency, exacerbated in high-density obstacle environments, precipitated several collision 576 

incidents, marking a stark performance contrast with its IDDPG counterpart. 577 

The escalated obstacle density unveiled pronounced discrepancies in the algorithms' performance. 578 

While both navigated effectively in sparser settings, the PPO-controlled DSMV's collision course in 579 
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denser areas signals potential inadequacies in the algorithm's environmental adaptability or perhaps 580 

points to the need for further optimization of its operational parameters 581 

4.3.4 Extreme Navigation Test: Extreme-Density Environment (𝝆 = 𝟓𝐞 − 𝟎𝟒) 582 

 583 

Fig. 11. Extreme Density Dynamic Avoidance Test (𝜌 =  5e − 04): Both IDDPG and PPO-controlled 584 

DSMVs fail to navigate through extreme obstacle density, resulting in collisions. 585 

The final test, characterized by an extreme obstacle density and visualized in Fig. 11, pushed the 586 

algorithmic prowess of both controllers to their operational precipices. 587 

IDDPG: Despite its previously demonstrated efficacy, the IDDPG-controlled DSMV succumbed to 588 

the navigational complexities presented by such a densely cluttered environment. The algorithm, 589 

although maintaining a trajectory closer to the intended path with fewer detours compared to its PPO 590 

counterpart, eventually faltered, culminating in a collision. This underscores the limitations in the 591 

vehicle's detection range and the algorithm's decision-making capacity under extreme conditions. 592 

PPO: The PPO algorithm, already exhibiting deficiencies under less stringent conditions (as seen in 593 

𝜌 =  2e − 04), predictably struggled. Its failure, manifested through erratic navigation and eventual 594 

collision, reaffirms the algorithm's susceptibility under strenuous environmental pressures. 595 

These results accentuate an inherent limitation within the scope of dynamic avoidance technology: 596 

there exists a threshold of obstacle density beyond which even advanced control algorithms falter, 597 
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mirroring the potential disorientation a human operator might experience under similar circumstances. 598 

This pivotal finding beckons further exploration, potentially focusing on algorithmic refinement, 599 

modification of training environments, or physical enhancements to the DSMV's detection capabilities 600 

to improve performance in high-density settings.  601 

4.3.5 Summary of Simulation Outcomes 602 

Table 1 Overview of Simulation Outcomes 603 

𝐴Map/𝑚2 𝜌/𝑚−2 𝑁Obs 
Target Reached Number of Avoidance Incidents 

IDDPG PPO IDDPG PPO 

1e + 06 5e − 05 5e + 01 True True 0 6 

1e + 06 8e − 05 8e + 01 True True 0 11 

1e + 06 1e − 04 1e + 02 True True 0 11 

1e + 06 2e − 04 2e + 02 True False 6 - 

1e + 06 3e − 04 3e + 02 True False 6 - 

1e + 06 4e − 04 4e + 02 True False 10 - 

1e + 06 5e − 04 5e + 02 False False - - 

The collective results of the simulation tests are consolidated in Table 1. The 'Target Reached' column 604 

specifies whether the DSMV successfully navigated to the final destination without colliding with any 605 

obstacles under the respective obstacle densities. Concurrently, the 'Number of Avoidance Incidents,' 606 

applicable only upon successful arrival, enumerates the instances of suboptimal avoidance maneuvers. 607 

These encompass situations where the DSMV either rotates in place, delaying progress, or takes 608 

inefficient detours, indicative of the system's shortcomings or failures in dynamically adapting to 609 

environmental variables. 610 

The table uses color coding to differentiate between varying degrees of control proficiency. In 611 

conjunction with the detailed discussions from preceding sections, the IDDPG algorithm emerges as 612 

generally superior in guiding the DSMV through dynamic obstacle avoidance, except in environments 613 

with the highest obstacle density. Conversely, while the PPO algorithm performs well in less dense 614 

scenarios, its performance declines as obstacle density increases, potentially attributable to intrinsic 615 

unpredictabilities in the algorithm's decision-making process. 616 
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In essence, these extensive simulations not only attest to the functionality of both algorithms but also 617 

indirectly verified the correctness of the reward structure and hyperparameter choices elaborated in 618 

Section 3. DRL Algorithms for DSMV. 619 

 620 

5. Conclusions 621 

Deep-sea mining vehicles (DSMVs) confront with substantial navigation challenges in complex 622 

underwater environments. Traditional control methods such as PID, fuzzy logic, MPC, or adaptive 623 

control show limited adaptability to high-dimensional, non-linear, and time-varying dynamics. These 624 

limitations highlight the need for advanced control strategies. In this study, we explore deep 625 

reinforcement learning (DRL) algorithms, such as the Improved Deep Deterministic Policy Gradient 626 

(IDDPG) and Proximal Policy Optimization (PPO) algorithms - the former has been widely adopted by 627 

online learning while latter in offline learning. Both algorithms have the powerful fitting and self-learning 628 

capabilities with DRL neural networks. 629 

Through hyperparameter tuning and optimization, five million times of learning are conducted, leading 630 

to a dynamic navigation controller that is capable of handling deep-sea mining operations.  631 

The simulation results indicate that both DRL algorithms, i.e., IDDPG and PPO, successfully break 632 

through the limitations of dynamic control in deep-sea mining, achieving path following and dynamic 633 

obstacle avoidance. Notably, the (online-based) IDDPG algorithm outperforms (offline-based) PPO, 634 

exhibiting more precise and rapid target point acquisition and quicker obstacle avoidance, especially in 635 

high-obstacle-density terrains. As a result, it is suggested that the IDDPG could be adopted to achieve 636 

dynamic avoidance of obstacles in complex under-water environment, enabling the active control of 637 

DSMVs to pave the way for exploitation of sub-sea mining.  638 

While the current study effectively demonstrates navigation capabilities around static obstacles, 639 

further exploration into the performance of these algorithms in dynamic navigation around moving 640 

obstacles could be very enlightening, which could offer deeper insights into the adaptability and 641 

robustness of the DRL-based navigation systems. 642 
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Appendix 661 

Table 2 Values of Main Parameters 

Symbols Value Symbols Value Symbols Value Symbols Value 

𝑀 7000kg 𝐾𝐿1 250Ns2m−2 𝑁max 20000 𝜀𝑂𝐴 0.6 

𝐼 34096kg ∙ m2 𝐾𝐿2 250Ns2m−2 𝑁int 2 𝜀𝑂𝑇 0.4 

𝐷 1.88m 𝐾𝑅1 250Ns2m−2 𝑘batch 256 𝜀𝑉𝐶 1.0 

𝐿 1.65m 𝐾𝑅2 250Ns2m−2 𝑙𝑎 0.0003 𝑘𝐴 5.0 

𝐿0 0.37m 𝐾𝑦 50Nms2 𝑙𝑐 0.0003 𝑘𝑇 20.0 

𝑏𝑇 0.55m 𝜎1 0.1 𝑙end 0.000003 𝑘𝑂𝐴 5.0 

𝜇𝑥 0.03 𝜎2 0.1 𝛾 0.95 𝑘𝑂𝑇 6.0 

𝜇𝑦 0.01 𝜎3 0.2 𝜀𝐴 0.6 𝑘𝑉𝐶  6.0 

𝑑𝑠 0.00m 𝜆exp 0.9 𝜀𝑇 0.4 λGAE 0.98 

𝛿𝐿1 (50 sin 𝑥1 + 50 sin 𝑥2 + 100 sin 𝑥3 + 200 sin 𝑥4)N, where 𝑥1,2,3,4 = random(−𝜋~𝜋) 

𝛿𝐿2 (50 sin 𝑥1 + 50 sin 𝑥2 + 100 sin 𝑥3 + 200 sin 𝑥4)N, where 𝑥1,2,3,4 = random(−𝜋~𝜋) 

𝛿𝑅1 (50 sin 𝑥1 + 50 sin 𝑥2 + 100 sin 𝑥3 + 200 sin 𝑥4)N, where 𝑥1,2,3,4 = random(−𝜋~𝜋) 

𝛿𝑅2 (50 sin 𝑥1 + 50 sin 𝑥2 + 100 sin 𝑥3 + 200 sin 𝑥4)N, where 𝑥1,2,3,4 = random(−𝜋~𝜋) 

𝛿𝑦 (25 sin 𝑥1 + 25 sin 𝑥2 + 50 sin 𝑥3 + 100 sin 𝑥4)N/m, where 𝑥1,2,3,4 = random(−𝜋~𝜋) 
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 663 

Algorithm 1 Improved Deep Deterministic Policy Gradient (IDDPG) 

 1:  Input: initial critic networks 𝑄𝜃1
, 𝑄𝜃2

 and actor network 𝜋𝜙 with random 
parameters 𝜃1, 𝜃2, 𝜙 

 2:  Input: initial target networks 𝜃1
′ ← 𝜃1, 𝜃2

′ ← 𝜃2, 𝜙′ ← 𝜙 
 3:  Input: initial replay buffer ℬ 
 4:  Input: initial hyperparameters: actor-network learning rate 𝑙𝑎, critic-network learning 

rate 𝑙𝑐, mini-batch size 𝑘batch, memory pool size 𝑁max, update actor interval 𝑁int, discount 
factor 𝛾 , learning time step 𝑡 , warm-up time step 𝑡warm , standard deviation 𝜎1 ,  𝜎2 ,  𝜎3 , 

exploration noise decaying coefficient 𝜆exp, exploration noise 𝜍exp = normal (0, 𝜎2𝜆exp

𝑡

50000), 

policy noise 𝜍policy = normal(0, 𝜎3), total episodes 𝑇 
 5:  Observe: initial state 𝑠1 
 6:  for 𝑡 = 1 to 𝑇 do 
 7:    if 𝑡 ≤ 𝑡warm: 
 8:      Generate action 𝑎𝑡 ← normal(0, 𝜎1) 
 9:    else: 
10:      Select action  𝑎𝑡 ← 𝜋𝜙(𝑠) + 𝜍exp 
11:    end if 
12:    Observe: reward 𝑟𝑡 , new state 𝑠𝑡+1. Store trajectory (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) in ℬ with 

max size 𝑁max 
13:    Sample： mini-batch of 𝑘batch trajectories (𝑠𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1) from ℬ, then update 

critic using: 
𝑎𝑡+1̃ ← 𝜋𝜙

′ (𝑠𝑡+1) + 𝜍policy, 

𝑦𝑡 ← 𝑟𝑡 + 𝛾 min
𝑖=1,2

𝑄𝜃𝑖

′ (𝑠𝑡+1, 𝑎𝑡+1̃), 

𝜃𝑖 ← arg min
𝜃𝑖

𝑘−1 ∑ (𝑦𝑡 − 𝑄𝜃𝑖
(𝑠𝑡 , 𝑎𝑡))

2

, 𝑖 = 1,2. 

14:    if 𝑡 mod 𝑁int: 
15:      Update 𝜙 by the deterministic policy gradient: 

𝛻𝜙𝐽(𝜙) = 𝑘−1 ∑ 𝛻𝑎𝑡
𝑄𝜃1

(𝑠𝑡 , 𝑎𝑡)|𝑎𝑡=𝜋𝜙(𝑠𝑡)𝛻𝜙𝜋𝜙(𝑠𝑡). 

16:      Update target networks by: 
𝜃1

′ ← (1 − 𝑙𝑐)𝜃1 + 𝑙𝑐𝜃1
′ , 

𝜃2
′ ← (1 − 𝑙𝑐)𝜃2 + 𝑙𝑐𝜃2

′ , 
𝜙′ ← (1 − 𝑙𝑎)𝜙 + 𝑙𝑎𝜙′. 

17:    end if 
18:  end for 
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Algorithm 2 Proximal Policy Optimization (PPO) 

1:  Input: initial policy parameters 𝜃0, initial value function parameters 𝜙0 
2:  for k = 0, 1, 2, … do 
3:   Collect set of trajectories 𝒟𝑘 = {𝜏𝑖}  by running policy 𝜋𝑘 = 𝜋(𝜃𝑘)  in the 

environment. 
4:    Compute rewards-to-go 𝑅𝑡̃ . 
5:    Compute advantage estimates, 𝐴𝑡̃ (using Generalized Advantage Estimation (GAE) 

method) based on the current value function 𝑉𝜙𝑘
. 

6:    Update the policy by maximizing the PPO (with Clip) objective: 

𝜃𝑘+1 = arg max
𝜃

1

|𝒟𝑘|𝑇
∑ ∑ min (

𝜋𝜃(𝑎𝑡|𝑠𝑡)

𝜋𝜃𝑘
(𝑎𝑡|𝑠𝑡)

𝐴
𝜋𝜃𝑘 (𝑠𝑡 , 𝑎𝑡), 𝑔(𝜖, 𝐴

𝜋𝜃𝑘 (𝑠𝑡 , 𝑎𝑡)))

𝑇

𝑡=0𝜏∈𝒟𝑘

, 

      typically, via stochastic gradient ascent with Adam. 
7:    Fit value function by regression on mean-squared error: 

𝜙𝑘+1 = arg min
𝜙

1

|𝒟𝑘|𝑇
∑ ∑(𝑉𝜙(𝑠𝑡) − 𝑅𝑡̃)

2
𝑇

𝑡=0𝜏∈𝒟𝑘

, 

      typically, via the Adam optimizer for gradient descent. 
8:  end for 
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