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Abstract 
This paper mainly discusses the continuous domain path planning of unmanned ships. 
Aiming at the problems of complex waters, continuous space and continuous action, 
Deep Deterministic Policy Gradient (DDPG) algorithm is proposed, which applies the 
priority experience pool playback technology and is combined with actor critic network. 
Using pytorch architecture, in complex water environment, DDPG algorithm and 
asynchronous advantage actor-critic (A3C) algorithm under the same AC architecture 
are used for simulation experiment comparison. DDPG algorithm is more smooth and 
natural in the path planning graph, and the performance of reward value and loss 
function is better than A3C algorithm, which verifies the effectiveness and practical 
application significance of the path planning scheme based on DDPG algorithm. 
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1. Introduction 

With the advantages of economy, safety and efficiency, unmanned ships have a wide range of 
applications in both civil and military aspects. People's daily water operations, such as environmental 
monitoring, hydrological testing, maritime rescue, etc., and military tasks such as reconnaissance, 
blockade, anti-submarine, etc., will bring some safety and logistic guarantee problems due to the 
factors of complex sea area, and the value of unmanned ships is self-evident due to the advantages of 
no personnel, fast response speed and long range. Therefore, in-depth research on unmanned ships 
can not only promote the development of ship intelligence, but also provide technical support and 
theoretical basis for our country's high precision technology and national defense military 
construction. 

The path planning of unmanned ships refers to the environment in which a navigation path satisfying 
certain evaluation can be found from the starting point to the end point, and all dynamic obstacles 
and static obstacles can be safely and reliably avoided during the tracing process [1]. 

The traditional classical path planning algorithms are artificial potential field method, simulated 
annealing algorithm, tabu search algorithm, simulated logic algorithm, which are often difficult to 
model in solving realistic problems. And some viewable space methods modeling is completed, once 
the start and end points are changed, they have to be modeled again, lacking portability and flexibility. 
When dealing with path planning problems in complex dynamic environmental information situations, 
ant colony algorithm[2], genetic algorithm[3], particle swarm algorithm[4], and neural network 
algorithm have been discovered through bionics. There are also some excellent algorithms applied to 
path planning, such as A*[5], Dijkstra algorithm[6], etc. 
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Moreover, thanks to the breakthroughs in reinforcement learning[7] in recent years, milestones have 
been achieved in path planning for unmanned ships. In addition to traditional reinforcement learning 
(Q-learning[8], Sarsa), powerful neural networks in deep learning with nonlinear fitting capability 
provide opportunities for complex ship path planning problems, such as DQN networks [9], and in 
2013, Mnih et al. proposed a deep Q-network framework, which is based on reinforcement learning 
Q-learning , to address the limited capacity of Q-Table, proposed to fit the Q-value function with 
deep neural networks and achieved impressive performance. Chen [10] et al. proposed a DQN 
network-based unmanned ship path planning algorithm in 2019, which produced convincing path and 
maneuvering strategies after enough rounds of training. 

2. Deep Q Network Learning 

2.1 Intensive Learning 

The essence of reinforcement learning is the learning of the mapping from environment to action, and 
the sequence of actions executed during the period from the initial state to the final state is the action 
policy π. The goal of reinforcement learning is to select an optimal policy that maximizes the 
cumulative reward obtained, and if it is a fixed policy, it is very easy to fall into a local optimal 
solution that cannot be jumped out. In order to balance exploitation and exploration, a random strategy 
is added to help us improve the exploration of the value function by selecting the action that is not 
the optimal value function with a certain probability in a state. The commonly used action selection 
strategies are described as follows. 

1) ∈-greedy Strategy: 

 

π(a|𝑠) =
1 − 𝜀 +

| ( )|
     𝑖𝑓 𝑎 = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑄(𝑠, 𝑎)

| ( )|
      𝑖𝑓 𝑎 ≠ 𝑎𝑟𝑔𝑚𝑎𝑥 𝑄(𝑠, 𝑎)

                     (1) 

 

2) Gauss Strategy: 

 

𝜋 = 𝜇 + 𝜀, 𝜀𝜖𝑁(0, 𝜎 )                                  (2) 

 

Most of the reinforcement learning algorithms are modeled based on the Markov Decision Process 
(MDP) framework, i.e., at moment t, the Agent is in state A. After selecting an action from A to 
execute, the Agent gets an immediate report when it follows a random transfer to the next state. And 
where the state transfer probability function T can be expressed as follows: 

 

T(s, a, s ) = 𝑃 (𝑠 = 𝑠 |𝑠 = 𝑠, 𝑎 = 𝑎)                         (3) 

 

In order to evaluate the goodness of a strategy, reinforcement learning requires the evaluation of the 
value function. The value function includes the action value function the state value function , and to 
obtain the optimal strategy, the maximization value function is defined as follows: 

 

𝑄∗(𝑠, 𝑎) = 𝑄 (𝑠, 𝑎)                                  (4) 

 

𝑉∗(𝑠) = 𝑉 (𝑠)                                    (5) 

 

Further substitute (5) into equation (6) and obtain the following iterative equation: 
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Q∗(s, a) = E {Re |s = s, a = a}    

  = E R(s, a, s ) + γ Q∗(s , a )|s, a                                                  (6) 

 

Where s', a' are the subsequent states and actions of s and a, respectively, and the above equation is 
known as the Bellman optimal equation. 

In turn, the optimal action policy function π∗(s) satisfying Q∗(s, a) can be obtained: 

 

Q∗(s, a) = arg Q∗(s, a)                                    (7) 

 

Q∗(s, a) can be estimated using a neural network with the following objective cost function, 

 

L (θ ) = E{(y − Q(s, a; θ ))x }                              (8) 

 

Where θ is the parameter for training the neural network and i denotes the number of iterations; 

 

y = R(s, a, s ) + γ Q(s , a ; θ )                           (9) 

 

The above equation represents the optimization objective. 

2.2 Deep Q Network Learning 

Deep learning[11] can use neural network to learn some features of high-dimensional data. The core 
of deep learning is to create neural network, update the parameters of the network by back propagation, 
and then discover the distribution features of the data during training. Deep reinforcement learning is 
an end-to-end learning method that combines RL and DL. 

In the classification of reinforcement learning, it is divided into Policy-based and Value-based 
approaches [12], and DQN [10], as a classical algorithm in DRL, belongs to the Value-based class, 
which uses the transformation of the Q-value table into a one-function fitting problem by fitting a 
function instead of the Q-value table in Q-learning. We add a neural network and simultaneously 
solve the problem of before-and-after state dependence and correlation in path planning by 
constructing an experience replay pool[13], and additionally construct two neural networks with the 
same structure but different parameters, one with a single-step update and one with a multi-step 
update, to reduce the correlation and improve the algorithm's stability. However, DQN[14] as a 
Value-based algorithm, such algorithms have a disadvantage that they cannot directly obtain the 
output of action values, which is difficult to apply to the continuous action space, and another 
disadvantage is the high bias, and the error between the estimated value function and the actual value 
function is difficult to eliminate. 

3. Improvement of DDPG Algorithm for Deep Q-Network Learning 

3.1 DDPG Algorithm Improvement 

Deep Deterministic Policy Gradient (hereinafter referred to as DDPG algorithm) [15], where deep 
refers to the deep network structure and policy gradient refers to the policy gradient algorithm that 
can randomly select actions in the continuous action space based on the learned policy (action 
distribution). And the purpose of determinism is to help the policy gradient avoid random selection 
and output specific action values. The algorithm is essentially a reinforcement learning algorithm in 
the Actor-Critic framework, combining the DQN algorithm based on value functions. the Actor 
network uses information to generate actions, while the environment feeds back the generated actions 
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and outputs rewards. the Critic network uses states and rewards to estimate the value of the current 
action and continuously adjusts its own value function, while the Actor network updates its action 
policy in the direction of increasing the value of the action. In this process, the Critic network 
evaluates the action strategy by the value function to give the Actor network a better gradient 
estimation and finally get the optimal action strategy, while the DL algorithm will have an unstable 
learning process if only a single neural network is used, so the DDPG algorithm adds the DQN 
algorithm idea under the AC framework, i.e., both the Actor network and the Critic network create 
After the data in a sample data set (mini-batch) is trained, the parameters of the online network are 
updated by the stochastic gradient descent optimization algorithm, and then the parameters of the 
target network are updated by the soft-update algorithm. 

The DDPG algorithm uses four neural networks, as well as an experience pool, a random sampling 
strategy, and random noise, as shown Figure 1. 

 

 
Figure 1. The complete framework of DDPG algorithm 

3.2 Design of the DDPG Algorithm 

In Figure 1, the Actor selects an action a  based on the action policy sampling generated by the 
current online policy μ together with random UO noise, and the Agent executes the action with the 
following equation: 

 

a = μ(s |θ ) + N                                (10) 

 

Where UO noise refers to the introduction of the Uhlenbeck-Ornstein [16] stochastic process as a 
random noise. 

Agent executes a  and gets a reward value reward, r ,and a new state s . Actor stores this state 
transition process(s , a , r , s ) into the experience pool in reserve, and then randomly samples N 
state transition processes from the experience pool as the online policy network, online evaluates 
network of a mini-batch training data, we use s , a , r , s  to denote the individual state transition 
data in the mini-batch. Define the online evaluation network loss function (loss): 

Defined as MSE: mean squared error: 

 

L = ∑ (y − Q(s , a |θ ) )                           (11) 

 

Where y  is given by: 
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y = r + γQ′(s , μ′(s |θ )|θ )                       (12) 

 

Calculating the policy gradient of a policy network: 

The gradient of the Q-based stochasticity policy gradient is calculated as follows: 

 

∇ J (μ) ≈ E ~ ∇ Q(s, a θ )| ( ) ∙ ∇ μ(s|θ )                (13) 

 

When we obtain the transition state data of the mini-batch by random sampling from the experience 
pool, according to the Monte-carlo method, we substitute these data into Equation (13) as an un-
biased estimate of the above expectation, so the policy gradient calculation formula can be rewritten 
as: 

 

∇ J (μ) ≈ ∑ (∇ Q(s, a θ )| , ( ) ∙ ∇ μ(s|θ )|             (14) 

 

(1) Prioritized experience replay mechanism 

Deep learning requires the input data to be independently and identically distributed, and the use of 
experience pooling can make the data independent of each other. DDPG follows the experience 
playback pooling technique of DQN to eliminate the correlation among the input data. The relevance 
of the data is obviously greatly weakened by mixing old and new data in the experience pool, from 
which a mini-batch of data is randomly selected each time to update the neural network. However, it 
is counterintuitive that all data in the experience pool are equally important, so the temporal difference 
error is added on top of it to specifically measure the value of each piece of data, and the data in the 
experience pool are ranked by this algorithm, and the importance-sampling weight is introduced to 
avoid bias. 

(2) Introduction of time difference bias 

The introduction of time difference bias allows us to better extract more valuable data, while the 
importance sampling weight is introduced to avoid us to keep playing back some high bias data 
frequently, which leads to bias. 

4. Simulation and Experimental Results 

In this section, the effectiveness and convergence of the DDPG-based path planning algorithm will 
be demonstrated through simulation studies. This simulation environment uses Python language to 
obtain the number of training steps, rewards, and average rewards under the pytorch neural network 
framework with consistent ship motion starting point, end point, and surrounding environmental 
obstacles. This section focuses on the improved DDPG algorithm and the Asynchronous Advantage 
Actor-critic (hereafter referred to as A3C algorithm)[17] algorithm in the same AC framework, which 
optimizes the asynchronous training framework, network structure, and Critic evaluation points based 
on the AC algorithm by analyzing parameters such as path, average reward, and loss function to verify 
the effectiveness as well as the superiority of the DDPG algorithm in the continuous action 
environment. 

The three comparison methods set the same neural network structure and network parameters, the 
discount factor of the reward function is set to 0.95, the capacity of the experience pool is set to 10^6, 
the mini-batch size is set to 256, and the learning rate is set to 0.001. A 12X12 two-dimensional raster 
map is constructed, and the starting point (0,0) and the ending point (11,11) are set. The agent keeps 
learning and exploring in the map, and starts the next round of training if it reaches the end point or 
encounters an obstacle and when it reaches the training count. Some of the model parameters are 
shown in Table 1: 
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Table 1. Partial model parameter table of DDPG algorithm, Three Scheme comparing 

Numble Parameters Value 

1 Map size 12×12 

2 Experience pool size 1e6 

3 

4 

5 

6 

Learning rate 

Decay rate 

Number of batches 

Total number of times 

1e-3 

0.95 

256 

1e5 

 

Figure 2 represents the comparison chart of path planning between DDPG and A3C algorithm, the 
blue circle indicates some obstacles encountered in the ship navigation, the red line indicates the 
roadmap of DDPG algorithm from the starting point to the end point in the simulation environment, 
and the blue line indicates the roadmap of A3C algorithm, it can be seen from the figure that the red 
curve gets a nice path without interference after 1e5 training times, the blue curve also reaches the 
end point at the end, but the curve is still a bit curvy in comparison. 
 

 
Figure 2. Comparison of DDPG and A3C algorithms for path planning 

 

Figure 3 shows the average reward value of DDPG compared to A3C algorithm, the green line is the 
average reward value of DDPG algorithm and the gray line is the average reward value of A3C 
algorithm. 

 

 
Figure 3. Comparison of the average reward value of DDPG and A3C algorithm 

 

Figure 4 represents the comparison of the loss function values of DDPG and A3C algorithm, the left 
panel represents the fluctuation of the loss function of the actor network during training, and the right 
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panel represents the fluctuation of the loss function of the critic network during training, green 
represents DDPG and gray represents A3C, through the comparison, we can find that the convergence 
step of the DDPG algorithm in this environment is shorter than that of the A3C algorithm, and the 
convergence value is The convergence value is significantly smaller than that of the A3C algorithm. 

 

 
Figure 4. Comparison of loss function values of DDPG and A3C algorithms 

5. Conclusion 

For the traditional path planning algorithm, the historical experience data cannot be recycled, it is 
difficult to train under continuous action, and the planned actual path is not smooth. An autonomous 
path planning method for unmanned ships based on DDPG algorithm is proposed. First, temporal 
difference deviation as well as significant sampling weights are introduced to utilize the prioritized 
experience replay mechanism to interrupt the correlation of state data as well as to improve the 
convergence speed of model training. Second, the model is designed and trained in conjunction with 
the AC architecture, which improves the stability and convergence speed of the algorithm in a further 
step. Simulation experiments show that the unmanned ship can take the best and reasonable actions 
in the environment, realizing the end-to-end learning method for unmanned ships. Finally, by 
comparing the experiments with the A3C algorithm under the same AC architecture with the same 
starting point and end point of the ship motion as well as the surrounding environment obstacles, it is 
verified that the DDPG algorithm is significantly better than the A3C algorithm in this environment 
in three aspects: path planning curve, average reward value, and loss function value. 

However, this paper does not consider the kinematic model of unmanned ships, and the real scenario 
experimental validation. Regarding these two elements, they are the focus of the next research in this 
paper. 
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