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 Collision avoidance is essential for the safe operation of unmanned surface 

vehicles (USVs) in marine environments. While existing studies have 

addressed USV collaboration and navigation, they often overlook 

environmental challenges. In this research, we develop a novel deep 

reinforcement learning model and train USVs to navigate safely under different 

situations, such as rain, wind, and their combined factors that can disrupt 

control and increase collision risk. We apply Generative Adversarial Imitation 

Learning (GAIL) and Proximal Policy Optimization (PPO) to improve the 

agent's performance using expert demonstrations. The experimental results 

demonstrate that the proposed framework significantly outperforms the 

baseline across multiple metrics: the maximum episode length increased from 

15 to 350 steps, the cultivated reward improved by 158%, the extrinsic reward 

increased by 175%, and the number of collisions decreased by 75-78% across 

all environmental conditions. Moreover, the policy loss stabilized after 1.1 

million training steps, confirming efficient convergence. These results show 

that our model performs better than the baseline model in mean reward, episode 

length, value estimates, and collision reduction. In the end, some concluding 

remarks and future directions are added by the authors. 
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1. INTRODUCTION  

In this era, Machine learning is an emerging research area in computer science and artificial 

intelligence. Machine learning uses models to enable computers to learn from data and make predictions or 

decisions based on data [1]. Supervised, unsupervised, and reinforcement learning are three primary categories 

of machine learning. Supervised learning works on labelled data, unsupervised learning analyses unlabeled 

data to find patterns, and reinforcement learning, where an agent learns through trial and error using feedback 

from its actions [2]. Reinforcement learning may apply in various domains, like robotics locomotion [3] and 

video games [4]. To process high-dimensional input data such as videos and images, the traditional 

reinforcement learning algorithms may struggle. However, deep reinforcement learning models deal with these 

types of complex input data [5] effectively. Deep reinforcement learning (DRL) is a subfield of machine 

learning that combines the use of deep learning algorithms with reinforcement learning techniques [6]. Figure 

1 explains how a deep reinforcement learning model is designed and works. In the last few years, many scholars 

have explored DRL models and applied these approaches for the solution of difficult tasks, including playing 

games [4], robot locomotion [3], autonomous driving [7], and healthcare [8]. 

In the application of unmanned surface vehicles (USVs), DRL shows a vital role in making USVs 

intelligent, enabling them to avoid collisions, navigate through dangerous environments, and complete their 

missions safely [9]. USVs are small surface ships that autonomously move on the surface of marine systems 

and complete their tasks without any human intervention. Unmanned underwater vehicles (UUVs), unmanned 

aerial vehicles (UAVs), unmanned ground vehicles (UGVs), and USVs are significant components of 

autonomous systems [10], and their collaborative behaviours collectively create a remarkable and efficient 

marine system. Once equipped with advanced control sensors and communication devices, USVs will become 
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more flexible and intelligent, capable of completing various missions such as marine detection and water 

quality measurement.  

Previous studies have primarily focused on developing techniques for collision and obstacle avoidance 

for USVs in maritime systems [11], overlooking environmental factors. Unmanned Surface Vehicles have been 

widely used in marine systems for various applications such as environmental monitoring and research, marine 

surveillance and security, search and rescue operations, military and defence, offshore and oil and gas industry, 

and recreational and commercial use. Due to their broad range of applications, USVs are crucial in current 

research. In [11], the authors proposed an approach for collision avoidance and navigation control in marine 

systems cooperatively. In [12], [13], the authors proposed a DRL-based technique for collision and obstacle 

avoidance. However, they did not consider environmental factors such as rain, wind, and storms, which can 

significantly affect the control and navigation of USVs in challenging and dynamic environments. Therefore, 

there is a need to develop an approach that considers these environmental factors to ensure that USVs can 

effectively control their navigation under such circumstances. 

 

  
Figure 1. Deep Reinforcement Learning 

 

1.1. Contribution of the proposed study 

This paper adds several significant insights to the field of Unmanned Surface vehicle navigation and 

control. It considers the impact of wind velocity on the USV mission completion, highlighting the impact of 

this environmental factor on USV operations. Further, this study addresses the challenges posed by rain and 

storms, providing a detailed analysis of USVs' navigation. Notably, this study proposes a novel technique 

leveraging deep reinforcement learning to tackle the mentioned challenges during the USVs' navigation in the 

marine system. This model enhances the USV's reliability, robustness, and control during dangerous weather 

and ensures safe operation in marine systems. 

 

1.2. Organization of work 

The paper is divided into the following sections: Section 2 describes the detailed literature review, 

explaining the techniques and identifying research gaps. Section 3 explains the proposed model, architecture, 

and implementation. Section 4 describes the result and evaluation of the developed algorithm and compares it 

with the base model. Section 5 talks about the conclusion of the paper and future work. 

 

2. LITERATURE REVIEW 

In dynamic and complex marine systems, USVs must control and navigate themselves to the target 

without any human intervention. USVs must know about the surrounding obstacles and other moving boats 

with the help of various kinds of sensors. Given current environmental conditions, USVs ought to be able to 

effectively make the appropriate choices and complete their predetermined mission.  

Path planning and collision avoidance have been popular research topics for a few years. On one hand, 

the conventional path planning algorithms [14] used environmental structure space for path exploration. The 

efficiency of path exploration is related to the division of the environmental structure space. Some researchers 

utilized swarm optimization techniques [15] and genetic algorithms to enhance the effectiveness of path 

planning. In [16][17], a heuristic path-planning approach was introduced in a continuous state of action space 

for an autonomous unmanned surface vehicle.  

Recent advancements [18] in deep reinforcement learning have introduced novel approaches to 

addressing the challenge of dynamic obstacles, potentially offering ideal solutions for real-time control in 

dynamic environments. Q Learning [19], which utilizes a Q-table, and deep Q-network (DQN) [20], which 

employs a deep neural network, along with other deep reinforcement learning methods [21], show promise in 



ISSN: 2583-6250         Prisma Publications 

 

Int. J. of DI & IC, Vol. 4, No. 4, December 2025: 1-10  3 

tackling these challenges. In [22], the authors utilized deep reinforcement learning techniques for multi-agent 

coordination. 

Moreover, DRL made an important development in these years, leading to different achievements in 

wireless communications, data-driven, and Artificial Intelligence. The relevance of DRL in AI-enabled 

wireless networks is presented by the authors, with an emphasis on deep Multi-Agent Reinforcement Learning 

(MARL) [23]. The first portion of the paper [23] goes through the mathematical underpinnings of single-agent 

RL and MARL in detail. The main purpose of this study is to promote the usage of RL outside of the popular 

model-free approach of recent years. Consequently, the authors provide a quick review of RL algorithms, such 

as Model-Based RL (MBRL) and cooperative MARL, and their potential uses in future wireless networks. 

The author in [24] offered a path-planning simulator for several automobiles. In a single-agent 

environment, the author used the proximal policy optimization technique of deep reinforcement learning. 

Currently, different AI methods have been studied for intelligent transport systems and autonomous vehicles. 

In [25], a DRL method is applied to attain UAV navigation using a massive multiple-input multiple-output 

(MIMO) algorithm. By implementing DQN, an optimal location selection policy can be obtained based on the 

received signal strengths. Unlike prior studies, which primarily show the speed or geographic position for UAV 

navigation, the proposed techniques converge fast. A decision-making strategy has been presented in [26] to 

identify decision-making issues in a dynamic robotic soccer game. To collect and distinguish environmental 

and situational data made up of the specified assessment factors, an Improved Support Vector Machine (ISVM) 

[27][28] is employed, and adaptive decision-making techniques with reinforcement learning select the 

approach in an adaptive manner. In this model, there are many agents, and each agent has its own role. The 

roles of the agent can be modified by the given approach [29][30]. 

 

3. METHOD 

Explaining research in chronological order, including research design, research technique (as 

algorithms, pseudocode, or otherwise), how to test, and data gathering [4][5]. The summary of the research 

course should be accompanied by references, so that the explanation can be accepted scientifically [6]. Figure 

1 shows an Overview of Prediction modelling. 

Now, we present the methodology of the proposed system for training USVs to navigate effectively 

and complete their mission successfully in a challenging and active sea atmosphere. The designed model was 

developed by Generative Adversarial Imitation Learning (GAIL) and Proximal Policy Optimization (PPO) 

techniques to achieve robust control of the USVs. Imitation learning is applied for the collection of behavioural 

data via an expert agent or human intervention.  

In our study, GAIL uses a Generative Adversarial Network (GAN) to train the agent. The agent acts, 

and a Convolutional Neural Network (CNN) captures observations, and then a GAN compares these 

observations with the observations of an expert, guiding the agent to mimic the behaviour of the specialist. The 

GAIL agent's neural network is designed to be relatively shallow to prevent vanishing gradients and improve 

training quality. ReLU is used as the activation function for the hidden layer, and the output layer has a single 

output unit, providing binary rewards based on the similarity of the agent's actions to the expert's actions. The 

details of the hyperparameters for GAIL implementation are shown in Table 1. 

 

Table 1. Training Parameters for PPO Implementation 

Parameter Value 

Batch Size 1024 

Buffer Size 16384 

Learning Rate 0.0003 

Max Steps per Episode 5000 

Number of Epochs 3 

Number of Layers 3 

Hidden Units 256 

Gamma (Extrinsic Reward Signal) 0.99 

 

Proximal Policy Optimization (PPO) is used as the trainer in this work. The PPO's purpose is to find 

the best policy to maximise the overall cumulative reward. PPO and Trust Region Policy Optimization (TRPO) 

algorithms are among the most successful in all deep reinforcement learning algorithms. PPO is chosen in this 

work due to its simplicity and ease of customisation. PPO employs a CNN with three layers and employs the 

Adam optimizer for the optimization process. The input layer dimensions correspond to the number of actions 
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and hidden units, two hidden layers each containing 512 units, and a multi-class output layer, i.e., the output 

layer caters to four possible actions: left, right, forward, and backward, with ReLU as the activation function. 

The hyperparameters for PPO implementation are detailed in Table 2.  

 

Table 2. Training Parameters for GAN Implementation 

Parameter Value 

Batch Size 1024 

Buffer Size 16384 

Learning Rate 0.0003 

Max Steps per Episode 5000 

Number of Epochs 3 

Number of Layers 3 

Hidden Units 256 

Gamma (Extrinsic Reward Signal) 0.99 

GAIL Strength 0.01 

Behaviour Cloning Strength 0.5 

 

The training process includes using PPO to handle environmental factors, with GAIL serving 

additional guidance through expert demonstrations. Expert behaviour is recorded in the simulated environment 

where a human controls the USVs under environmental factors using a keyboard. These recorded 

demonstrations are provided as a hyperparameter for GAIL. The training process is episodic, and each episode 

consists of 5000 time steps. The agent tries new policies and optimizes them based on the feedback. The agent 

collects new observations and acts accordingly, receiving rewards when the agent's actions move closer to the 

target. The GAN neural network in GAIL compares the agent's observations with the expert's demonstrations 

and provides feedback in the form of rewards for each action.  

 

 
Figure 2. Working of the proposed framework 

 

This proposed model is designed and simulated in a sea environment. The agent navigates under 

various environmental factors like rain, wind, and storms, utilizing reinforcement learning methods and GAIL 

rewards for training. The agent learns to control itself by using policies, and it gets positive rewards for 

successful navigation. If the agent collides with other boats or obstacles, it receives negative rewards. Figure 2 

shows the proposed system model. 

 

3.1. Learning Environment 

The training environment of 200 x 200 meters is created in Unity 3D. The ML-Agents toolkit provides 

components such as Brain, Academy, and Agent, which are essential for developing the RL model. A wave 

height of 9-12 meters and a wind speed of 60-75km/h is employed. The atmosphere is made more dynamic by 

the addition of moving boats and stones as impediments. Vector observations are utilized to monitor the 

surroundings, and a ray perception sensor is used to sense the surroundings. A Unity component, Rigid Body, 

is used for the physics properties like weight and drag force. Figure 3 displays the learning environment of the 

developed system model. 
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Figure 3. Learning Environment of the developed system 

 

3.2. Agent 

In deep reinforcement learning, an agent is anything that picks up certain behaviours from actions and 

observations. In the learning environment, Agents [28] create states, carry out actions, and move between 

states. Every agent has a brain connected to it that tells it what to do next. The USV agent can move forward, 

backward, left, and right, and is illustrated in Figure 4. The reward function encourages the agent to achieve 

the desired behaviour. It provides a positive reward for mission completion and negative rewards for collisions 

with other boats or obstacles. The total reward is the sum of the successful mission completion reward and the 

negative rewards for obstacle collisions and boat collisions, as defined in Equation 1. The specific reward 

values are shown in Table 3. 

 

𝑟 =  𝑟𝑑𝑒𝑠𝑡𝑖𝑛𝑎𝑡𝑖𝑜𝑛  −  (𝑟𝑜𝑏𝑠𝑡𝑎𝑐𝑙𝑒  +  𝑟𝑏𝑜𝑎𝑡)                                                                                      (1) 

 

Table 3. Agent Rewards 

Event Reward 

The agent makes it to the destination 0.7 

Getting hit by an obstacle -0.3 

Running into boats -0.3 

 

The proposed model operates through a series of episodes, each consisting of multiple time steps. The 

environment is randomized at the start of each episode, and the agent collects observations, selects actions, and 

receives rewards based on its performance. The process continues until the agent identifies the best policy for 

controlling the USV.  

 

 

Figure 4. An agent has developed a Deep reinforcement learning approach 

 

Algorithm 1 shows the pseudocode of the proposed system model. The developed model is relevant 

in various real-world scenarios where USVs are employed for missions such as naval operations, search and 

rescue, smuggling deterrence, and tugboat functions. These missions often involve challenging environmental 

conditions, making the proposed model essential for effective USV control. 
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Algorithm 1: Pseudocode of the proposed model 

1: while episodes do not end, do 

2:     while Time steps do not end do 

3:         Collect observations 

4:         Select action 𝑎𝑖  from actions according to Policy 𝜋𝜃 

5:         Take action 𝑎𝑖  

6:         Compute Local reward 

7:         Compute observations and state 𝑠𝑡+1 

8:         Compute GAIL reward using the discriminator 

9:         Update Policy 𝜋𝜃 based on GAIL reward 

             10:        Update Discriminator 

             11:     end while 

             12: end while 

 

4. RESULTS AND DISCUSSION 

This part of the paper describes the results of the developed model and the parameters that were 

assessed throughout the study. The value estimate is the first parameter that was assessed in this study. Value 

estimate means the prediction of the future state, either a good prediction or a bad prediction. Figure 5 shows 

that our proposed model better assesses the value of the state compared to the baseline model (ANOA). 

 

 

Figure 5. Value estimate 

 

 

Figure 6. Episode length 

 

The episode length shows how long the agent continues its movement without colliding with any other 

object. Figure 6 depicts that our proposed model is superior to the base model. It indicates that, compared to 

the base model, the agent trained using the suggested model experienced longer episodes. The baseline model's 

maximum episode duration is between 10 and 15, while the suggested model's maximum episode length is 350.  
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Figure 7. Policy Loss 

 

Policy loss is a measure that represents how much improvement is needed in the training process to 

achieve better results. According to Figure 7, the suggested model had a large policy loss at first, but after 1.1 

million steps, both the proposed and base models performed similarly. 

 

 

Figure 8. Cumulative Reward 

 

 

Figure 9. Extrinsic Reward 

 

The cumulative reward is the total score of the agent during their training process. Figure 8 depicts 

that the suggested model surpasses the base model in terms of the cumulative reward. The agent trained in the 

suggested model gets a higher cumulative reward than the agent trained in the base model. 

An extrinsic reward is like the points or bonuses you earn in a game for completing certain objectives 

set by the game. These rewards come from the environment and help guide the agent to make better decisions 

to achieve higher performance. Figure 9 shows that the developed approach outperformed the base model in 
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terms of the extrinsic reward. It means the agent trained during the proposed model got a higher extrinsic 

reward from the environment than the base model agent. 

 

 

Figure 10. Number of collisions. 

 

The number of collisions is another metric used in this investigation. After training the agent, it is 

tested in wind, rain, and wind with rain conditions in a sea environment. Figure 10 shows that the agent 

performed better in the proposed model environment than in the base model. The agent trained during the 

proposed model has minimal collisions in wind, rain, and wind with rain conditions. 

 

5. CONCLUSION 

Deep reinforcement learning has various applications in robotics, healthcare, autonomous driving, and 

real-world scenarios. Unmanned Surface Vehicles (USVs) utilize deep reinforcement learning for different 

tasks in the sea environment, like navigation and control. However, it is found that the existing studies have 

not fully considered all environmental factors that can affect USV navigation and control. In this view, all the 

previous research discussed in the literature review is considered. To overcome this issue, we proposed this 

model in which the environmental factor is considered, and the environment is created in Unity 3D. The two 

powerful and strong algorithms, PPO and GAIL, were applied for the training process. Expert demonstrations 

of states and actions are used to train the model. The paper evaluated performance based on mean reward, 

extrinsic reward, episode duration, policy loss, value estimation, and the number of collisions with obstacles. 

The proposed model outperformed the base model in the various matrices. Furthermore, the agent in the 

proposed model has fewer collisions than the base model agent. Overall, the results indicated that the proposed 

approach enhances USV control in various environmental situations by effectively learning from expert 

behaviour. In the future, we will develop some more combined deep reinforcement learning models for 

multicriteria decision making for fuzzy logic and deep learning techniques and apply them to real-world 

problems. 
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