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ABSTRACT
This research focuses on collision avoidance between ships

in the maritime industry, addressing human decision errors as
a significant contributor to ship-to-ship collision. Emphasizing
the crucial role of automation in maritime operations, the study
employs advanced algorithms, specifically Deep Q Network, to
enhance dynamic collision avoidance capabilities. By automat-
ing decision-making processes, the research aims to significantly
reduce collision occurrences between ships, highlighting these
algorithms as promising within the realm of deep reinforcement
learning. Utilizing a three-degree-of-freedom dynamic model
and Krisco field ship as a benchmark hull, rigorous numerical
simulations validate the proposed model’s accuracy. The rein-
forcement learning agent, trained on this dynamic model, strives
to optimize collision avoidance and waypoint tracking, demon-
strated through numerical simulations and model experiments
with a scaled version for a comprehensive evaluation of its mar-
itime safety efficacy.
Keywords: Deep Reinforcement Learning, Collision Avoid-
ance, Path Tracking, Deep Q learning, KCS, Path Following,
DQN, CRI

1. INTRODUCTION
The maritime industry plays a pivotal role in global trade

and transportation, facilitating the movement of goods and peo-
ple across oceans. As the volume of maritime traffic escalates,
the risk of ship collisions becomes an increasingly critical con-
cern. Human errors contribute significantly to maritime acci-
dents, posing dangers to lives, the environment, and the price
range of delivery proprietors.

The traditional methods of collision avoidance, relying heav-
ily on rule-based systems and manual navigation, have limita-
tions in adapting to the dynamic and complex nature of maritime
environments. Recent advancements in reinforcement learning
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(RL), a subfield of artificial intelligence (AI) have empowered au-
tonomous systems to make intelligent decisions through learning
from their complex environment.

This paper focuses on using Deep Q-Network (DQN) to help
ships keep away from collisions and live on course more precisely.

While preceding research has explored AI strategies for
avoiding limitations at sea, this study takes a step in addition. It
seeks to develop a DQN agent-based controller that allows ships
to comply with their meant paths, considering the complicated
dynamics of vessels and the effect of environmental forces. They
have looked at plans to test and validate the overall performance
of this technique through simulations and actual international
experiments.

As the maritime industry enters a new era, incorporating
advanced technologies like reinforcement learning-based navi-
gation can greatly improve ship safety and navigation accuracy.
The objective of this research is to provide valuable insights for
making maritime navigation more secure and efficient, thereby
ensuring smooth global trade.

1.1 REINFORCEMENT LEARNING

In the Artificial Intelligence domain, reinforcement learn-
ing (RL) emerges as a powerful paradigm that mimics the way
humans learn through trial and error. At its core, RL provides
a framework for training intelligent agents to make sequential
decisions in an environment, learning optimal strategies by re-
ceiving feedback in the form of rewards or penalties. Unlike su-
pervised learning, where models are trained on labelled datasets
with explicit input-output pairs, reinforcement learning operates
in dynamic, uncertain environments. RL agents navigate these
environments by taking actions to maximize cumulative rewards
over time, adapting their behaviour based on the consequences
of their actions. This intrinsic ability to learn from interactions
makes RL particularly well-suited for addressing complex prob-
lems where explicit guidance may be limited or unavailable.
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2. SHIP DYNAMICS MODEL
The major components of reinforcement learning implemen-

tation are the agent, environment and the interaction between
them. The agent explores the environment and learns from it.
The experience of the agent after learning, is utilized to choose
the optimized behaviour. This paper deals with a maritime envi-
ronment where the dynamic model of the ship acts as an agent. In
this paper, the dynamic model of Krisco container ship (KCS) is
chosen as an agent for running reinforcement learning simulation
[1].

The parameters of the KCS vessel are given in Table 1.
The ship dynamics are mathematically modeled with the help
of the MMG (Maneuvering Modeling Group) model (Yasukawa
and Yoshimura, 2015)[2]. The 3-DOF non-linear equations of
motion are used to solve for ship manoeuvring motions, including
surge, sway and yaw motions. The equations of motion are
solved progressively at each time step as an initial value problem
using a Runge–Kutta implicit solver. The commanded rudder
angle 𝛿 is provided as an input at each time step. The MMG
model used for simulating ship maneuvering (Yoshimura and
Masumoto, 2012)[3] is as shown .

(𝑚 + 𝑚𝑥)𝑢̇ − 𝑚𝑣𝑟 − 𝑚𝑥𝐺𝑟
2 = 𝑋

(𝑚 + 𝑚𝑦) 𝑣̇ + 𝑚𝑥𝐺𝑟̇ + 𝑚𝑢𝑟 = 𝑌

(𝐼𝑧𝑧 + 𝐽𝑧𝑧)𝑟̇ + 𝑚𝑥𝐺𝑣̇ + 𝑚𝑥𝐺𝑢𝑟̇ = 𝜏

where, 𝑚 is the mass of the KCS ship, 𝐼𝑧𝑧 is the second mass
moment of inertia in yaw and 𝑚𝑥 , 𝑚𝑦 and 𝐽𝑧𝑧 are the surge
and sway added masses and yaw added mass moment of inertia,
respectively. 𝑋 , 𝑌 and 𝑁 represent the external surge, sway
forces and yaw moment acting on the vessel is expressed in the
body-centred coordinate frame

FIGURE 1: Dynamic Obstacle Case 3.

TABLE 1: KCS Ship Parameters

Ship Parameter Value

Length between perpendiculars (𝐿) 230 m
Length overall (𝐿𝑂𝐴) 232.5 m
Depth moulded (𝑑) 19 m
Beam (𝐵) 32.2 m
Draft (𝑑em) 10.8 m
Displacement 53,330.75 tons
LCG (𝑥𝐺) -3.408 m
Radius of gyration 57.5 m
Design speed (𝑈) 12.347 m/s

3. DEEP Q-LEARNING ARCHITECTURE
Deep Q-Learning (DQN) is a reinforcement learning algo-

rithm that combines Q-learning with deep neural networks to
handle complex environments [4]. The vanilla DQN architecture
involves the use of a deep neural network to approximate the
Q-function, denoted as 𝑄(𝑠, 𝑎; 𝜃), where 𝑠 is the state, 𝑎 is the
action, and 𝜃 represents the parameters of the neural network.

3.1 Q-Value Update
The Q-value update in DQN is based on the temporal dif-

ference (TD) error. The TD error is defined as the difference
between the current Q-value (𝑄(𝑠, 𝑎; 𝜃)) and the target Q-value
(𝑟 + 𝛾max𝑎′ 𝑄(𝑠′, 𝑎′; 𝜃−)), where 𝑟 is the reward, 𝛾 is the dis-
count factor, 𝑠′ is the next state, and 𝜃− represents the parameters
of a target network.

The Q-value update equation is given by:

𝛿 = 𝑟 + 𝛾max
𝑎′

𝑄(𝑠′, 𝑎′; 𝜃−) −𝑄(𝑠, 𝑎; 𝜃) (1)

The loss function for training the neural network is defined
as the mean squared TD error:

L(𝜃) = E
[︁
(𝛿 −𝑄(𝑠, 𝑎; 𝜃))2

]︁
(2)

3.2 Neural Network Architecture
The neural network architecture typically consists of layers

that process the state input and output the Q-values for each
action. Let 𝑠 be the state input, and 𝑄(𝑠, 𝑎; 𝜃) be the output for
each action 𝑎. The neural network is trained to minimize the loss
function L(𝜃).

3.3 Experience Replay
To improve stability and sample efficiency, DQN uses experi-

ence replay. Experience replay involves storing past experiences
(state, action, reward, next state) in a replay buffer and randomly
sampling batches during training. This helps break the temporal
correlations in the data and improves the efficiency of the learning
process.

3.4 Target Network
To stabilize training, DQN uses a target network with param-

eters 𝜃− . The target network is a delayed copy of the Q-network,
and its parameters are updated periodically to the current Q-
network parameters.
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𝜃− ← 𝜏𝜃 + (1 − 𝜏)𝜃− (3)

where 𝜏 is a small update rate.

3.5 HYPER PARAMETERS
The hyperparameters used for running all the scenarios men-

tioned in this paper is given in the Table 2.

Parameter Value
Num Episodes 7000
Model Multi-Layer Perceptron [128, 128]
Activation Function Tanh
Optimizer Adam
Max Episode Steps 240
Learning Starts 100000
Initial Learning Rate 0.001
Final Learning Rate 5e-7
Learning Rate Scheduler Exponential
Train Frequency 10
Gradient Steps -1
Batch Size 128
Tau 0.02
Gamma 0.98
Buffer Size 100000
Target Update Interval 1
Exploration Fraction 0.8
Exploration Initial Eps 1
Exploration Final Eps 0.1

TABLE 2: DQN Hyperparameters

4. COLLISION RISK
A Collision Risk Index (CRI) is needed to define a reward

function for the RL environment so that the ship agent can be
penalized for increasing the risk of collision and rewarded for
reducing it. The collision risk index(CRI) represents the risk of
collision of the vessel with the target vessel. There are many
collision risk indices available for identifying the risk of collision
between two vessels. In this paper a collision risk index based on
DCPA and TCPA values has been utilized.

4.1 COLLISION RISK INDEX
This method considers "distance of the closest point of

approach (DCPA)" and "time to the closest point of approach
(TCPA)" as the primary factors that affect the risk of ship colli-
sion [5] [6]. Additionally, this approach can accurately calculate
the CRI for both static and dynamic obstacles.

𝜙 = arctan
(︃
𝑌

𝑋

)︃
𝜆 = arctan

(︃
𝑉𝑦

𝑉𝑥

)︃
𝛾 = 𝜆 − 𝜙 − 𝜋

where:

X = Relative position of obstacle to vessel in X-axis
Y = Relative position of obstacle to vessel in Y-axis

Vx = Relative Velocity of obstacle to vessel in X-axis
Vy = Relative Velocity of obstacle to vessel in Y-axis

The Distance of Closest Point of Approach (4) is the mini-
mum separation distance between two moving objects. It is the
closest distance they come to each other during their respective
trajectories.

𝐷𝐶𝑃𝐴 = |sin(𝛾) | · 𝐷 (4)

The Time to Closest Point of Approach (5) is the time it
takes for two moving objects to reach their closest point. It is
often expressed as a relative time, indicating how long it will take
for the objects to reach their DCA. The TCPA can be calculated
using the relative velocity of the two objects and the DCA.

𝑇𝐶𝑃𝐴 =
|cos(𝛾) | · 𝐷

𝑉
(5)

where:

D = Distance to the obstacle
V = Magnitude to Relative Velocity of obstacle to vessel

CRI value can be calculated using Equation (6)

CRI =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
0 if TCPA < 0
1 if 𝐷 < 𝑅s
𝑒−|𝑎·𝐷𝐶𝑃𝐴+𝑏·𝑇𝐶𝑃𝐴| otherwise

(6)

where:

a = 0.2
b = 0.1

Rs = Safety distance; Twice of ship length

5. PATH FOLLOWING
During the course of the simulation, the vessel is in calm

waters. It is provided with a set of waypoints to navigate from
the start to the goal state, represented as a Reinforcement Learn-
ing (RL) environment. The parameters employed to guide the
vessel towards its destination while staying close to the intended
path include the distance to the goal, vessel heading, cross-track
error, and angular velocity. These factors collectively form the
observation state used for model training. The distance to the
goal ensures steady progress towards the destination, while the
heading angle ensures alignment with the goal direction. The
cross-track error indicates the perpendicular distance from the
vessel to the intended path, helping to stay on course. Addi-
tionally, managing angular velocity helps maintain stability by
minimizing yaw-rate deviation.
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FIGURE 2: CRI Heatmap where all obstacles have unit relative ve-
locity in negative X-axis and vessel is at position (0,15)

5.1 ENVIRONMENT
The Path Following environment used in this paper is an

RL simulation environment that is designed to test the ability
of autonomous vessels to navigate towards a goal point from a
starting point. The vessel is spawned at Origin with a heading on
the X-axis. The goal point is also located at a specified point in
the environment, and the vessel’s objective is to navigate to the
goal point.

The goal point is calculated using the distance from the origin
to the goal point 𝐷𝑔 and the angle from the X-axis 𝜃𝑔. The
coordinates of the goal point (𝑥𝑔, 𝑦𝑔) can be obtained as follows:

𝑥goal = 𝐷𝑔 cos(𝜃𝑔)
𝑦goal = 𝐷𝑔 sin(𝜃𝑔)

The goal point given to the vessel is the same throughout
an episode of simulation, and it changes as the episode changes.
The change in goal point with episodes is according to 𝐷𝑔 and
𝜃𝑔 sampling using the probability density function of the uniform
distribution.

The probability density function (pdf) of the uniform distri-
bution over the interval [𝑎, 𝑏] used in this paper is given by:

𝑓 (𝑥) =
{︄

1
𝑏−𝑎 if 𝑎 ≤ 𝑥 ≤ 𝑏
0 otherwise

(7)

Where:

a = 8.0 times ship length
b = 50.0 times ship length

5.2 CROSS-TRACK ERROR (CTE)
The vessel is allowed to follow the track the path given by

the waypoints in each episode of the RL simulation, which essen-

tially means the vessel has to reduce the deviation from the track,
the vessel has to follow. The parameter which defines the devia-
tion from the track is known as the cross-track error(CTE). The
cross-track error (CTE), denoted by 𝑒CT, is the minimum distance
between the vessel’s current position and the line joining the way-
points. The cross-track error (𝑒CT) can be expressed using the

cross-product of vectors. Let pinitial =

[︃
𝑥initial
𝑦initial

]︃
, pgoal =

[︃
𝑥goal
𝑦goal

]︃
,

and pcurrent =

[︃
𝑥current
𝑦current

]︃
represent the initial, final, and current

positions, respectively.
The cross-track error can be calculated using the cross prod-

uct of vectors vto_goal and vcurrent, where:

vto_goal = pgoal − pinitial

vcurrent = pcurrent − pinitial

For our case: pinitial =

[︃
0
0

]︃
The cross-track error is then given by:

𝑒CT =
∥vto_goal × vcurrent∥
∥vto_goal∥

5.3 DISTANCE TO GOAL
The distance (𝐷g) from the vessel’s current position to the

final point can be calculated using the Euclidean distance formula:

𝐷g =

√︂
(𝑥goal − 𝑥current)2 + (𝑦goal − 𝑦current)2

5.4 COURSE ANGLE ERROR
The course angle error defines the deviation of the velocity

of the ship from a line joining the initial and goal point, denoted
by 𝜃error. It is the angle between the vessel’s global velocity vector
and the line joining the vessel’s position to the final point. It can
be calculated using the dot product:

𝜃error = arccos
(︃

v · d
∥v∥∥d∥

)︃
where:

v = Velocity vector of the vessel
d = Vector along the line joining the vessel’s position to the goal

5.5 OBSERVATION SPACE
In Deep Q-Networks (DQN) reinforcement learning, the ob-

servation space represents the information the agent receives from
the environment at each time step when the agent interacts with
the environment. The observation space is crucial for the agent
to make decisions and learn optimal strategies.
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Components of Observation Space
The observation space for a path-following scenario can in-

clude the following components:

• Cross-Track Error (𝑒CT): The minimum distance between
the vessel’s current position and the path connecting the
initial and final waypoints.

• Course Angle Error (𝜃error): The angle between the ves-
sel’s global velocity vector and the line connecting the ves-
sel’s position to the final point.

• Goal Distance (𝐷g): The distance from the vessel’s current
position to the final point.

• Angular Velocity (𝑟): The angular velocity of the ship.

In the context of path following, the observation space can
be defined as:

Observation Space = [𝑒CT, 𝜃error, 𝐷i, 𝑟]
Where:

Di = 8 + 10 ·
𝐷g − 𝑎
𝑏 − 𝑎

a = Minimum goal distance used for training
b = Maximum goal distance used for training

Given that 𝐷g can take on large values, to stabilize training,
we use 𝐷i, a scaled value of 𝐷g within the range of 8 to 18.

5.6 ACTION SPACE
In DQN, the action space is often referred to as the "action

state." The Q-function, which the DQN is learning to approxi-
mate, takes the current state of the environment and an action as
input and outputs a Q-value. The agent selects actions based on
these Q-values. The action space used in this paper contains the
rudder angle of the vessel.

The rudder angle of the ship is represented as a discrete set
of actions. The list gives the possible actions:

actions = [−35◦,−20◦, 0◦, 20◦, 35◦]
Here, each element in actions represents a discrete rudder

angle that the agent can choose. The angles are in degrees.

5.7 REWARD FUNCTION
In reinforcement learning, the reward is a crucial signal guid-

ing the agent’s learning process. For the given information, four
reward functions are defined:

𝑅1 = 1.3 · exp(−10 · |𝜃error |) − 0.3

𝑅2 = 2.0 · exp(−0.08 · 𝑒2
CT) − 1.0

𝑅3 = −0.25 · 𝐷i

𝑅4 =

{︄
0.0 if · 𝐷g > 0.5,
20.0 otherwise.

5.8 DISCUSSION AND RESULTS
This paper presents an implementation of path following

in an RL environment using the DQN algorithm. Instead of
employing a proportional derivative integral (PID) controller or
any other traditional method, the DQN algorithm is utilized to
track waypoints from the initial to the target position. The results
achieved by training the RL simulation through 7000 runs are
depicted in the figures below.
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FIGURE 3: Steps vs Rewards Plot.
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FIGURE 4: Steps vs Train Loss Plot.

6. COLLISION AVOIDANCE FOR STATIC OBSTACLES
In this particular setting, obstacle vessels are randomly gener-

ated along the path of vessels. These obstacles remain stationary,
indicating that they do not exhibit any movement. This segment
addresses strategies for addressing static obstacle avoidance by
implementing Deep Q Network (DQN) [7].

6.1 ENVIRONMENT
The vessel is spawned at the origin at the origin with a random

heading angle and random goal. Given the number of obstacles,
every obstacle has a 90 percent chance of spawning in this envi-
ronment, ensuring that agents learn to tackle scenarios without
obstacles. The coordinate of the obstacle can be calculated using
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FIGURE 5: Path Following Case 1.

FIGURE 6: Path Following Case 2.

𝐷𝑜 and 𝜃𝑙 .

𝑋o = 𝐷𝑜 cos(𝜃𝑙)
𝑌o = 𝐷𝑜 sin(𝜃𝑙)

𝐷𝑜 is sampled using the probability density function of the
uniform distribution with 𝑎 = 0, 𝑏 = Distance between goal and
initial point.
𝜃𝑙 is the angle from the X-axis to the line joining the goal and
initial point.

The generalized policy of the agent is ensured by adding
random noise to the position of obstacles.

6.2 OBSERVATION SPACE
The observation states are determined by identifying obsta-

cles with the maximum Criticality Index (CRI) value, designating

them as the most crucial obstacles. The Observation States de-
rived from the path following the process will remain unchanged,
with the addition of two new values: 𝜂 and 𝜃. Therefore, the
updated observation space is represented as follows:

Observation Space = [𝑒CT, 𝜃error, 𝑑goal, 𝑟, 𝜂, 𝜃]

𝜂 =
𝑅 − 𝐷
𝑅

Here, 𝑒CT represents the cross-track error, 𝜃error denotes the
heading error, 𝑑goal signifies the distance to the goal, 𝑟 represents
the angular velocity of the ship, 𝐷 is the distance between the
vessel and obstacle, 𝑅 is maximum range to which vessel can
see obstacles, and 𝜃 angle between velocity vector of vessel. The
variable 𝜂 denotes the normalized distance between the vessel and
an obstacle within its detection range. It aims to scale distance
values during training to prevent exceedingly high magnitudes.
As the obstacle recedes far beyond the vessel’s observable range,
𝜂 diminishes significantly, approaching zero. Conversely, the
numerator and denominator nearly equalize as the obstacle draws
closer, leading 𝜂 towards unity.

If there are no Obstacles in the vessel’s field of view, We use
a dummy obstacle with 𝐷 = 𝑅 and 𝜃 = 0.0.

6.3 REWARD FUNCTION
Using the same reward functions from the path following

in addition to a collision penalty, if the agent gets collided, the
episode is truncated with a collision penalty of -200.0 Reward
values can calculated as follows:

𝑅1 = 1.3 · exp(−10 · |𝜃error |) − 0.3

𝑅2 = 2.0 · exp(−0.08 · 𝑒2
CT) − 1.0

𝑅3 = −0.25 · 𝐷i

𝑅4 =

{︄
0.0 if · 𝐷g > 0.5,
20.0 otherwise.

𝑅5 =

{︄
0.0 if · 𝐷 > 2.0,
−200.0 otherwise.

6.4 DISCUSSION AND RESULTS
Instead of using rule-based collision avoidance, where we

have to manually define the dynamics of interaction, the DQN
algorithm will learn the dynamics on its own and find a safe path
around the obstacle. The results obtained through running 7000
episodes of RL simulation are shown in these figures.

Observing
Figure 10, it becomes evident that when the obstacle is distant,
the vessel maintains its intended path, given the negligible value
of 𝜂. However, as the obstacle nears, the vessel initiates obstacle
avoidance maneuvers, indicated by 𝜂 approaching unity.
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FIGURE 7: Steps vs Rewards Plot.
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FIGURE 8: Steps vs Train Loss Plot.

7. COLLISION AVOIDANCE FOR DYNAMIC OBSTACLES

This section presents a DQN approach to handling Collision
Avoidance and Path Following in an environment with moving
Obstacles [8].

7.1 ENVIRONMENT

In this scenario, the vessel is generated at a starting point
with a random direction and a random destination, similar to the
process of avoiding stationary obstacles. There is a 90 percent
chance of spawning each obstacle, if there are any, in this en-
vironment. This ensures that the agents learn how to navigate
without obstacles and are well-equipped to handle situations with
obstacles.

If an obstacle is spawned, it will have a 10 percent chance of
having zero velocity, making it a static obstacle; this is to ensure
training over static obstacles as well. The velocity of obstacles is
randomly sampled using probability density function (7) with 𝑎
= -2.5 and 𝑏 = 2.5.

The quantities that define an obstacle state are [𝑋𝑜, 𝑌𝑜, 𝑉𝑜𝑥 ,
𝑉𝑜𝑦].

FIGURE 9: Static Obstacle Case 1.

FIGURE 10: Static Obstacle Case 2.

Where:

Vox = Velocity of obstacle in X-axis
Voy = Velocity of obstacle in Y-axis

7.2 OBSERVATION SPACE
The observation states derived from the path following will

remain unchanged. New observation states representing obstacles
in the environment will be generated from a potential field based
on the positions and velocities of all obstacles in the arena. The
relative position of the obstacles in the vessel’s body frame is
calculated as follows:[︃

𝑋𝑟
𝑌𝑟

]︃
=

[︃
cos(𝜓) sin(𝜓)
− sin(𝜓) cos(𝜓)

]︃ [︃
𝑋𝑜 − 𝑋𝑎

𝑌𝑜 − 𝑌𝑎

]︃
𝐷 =

√︂
𝑋2
𝑟 + 𝑌2

𝑟
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𝜆 = arctan
(︃
𝑌𝑟

𝑋𝑟

)︃
− 𝜋

The relative velocity of the obstacles in the vessel’s body
frame is calculated as follows:[︃

𝑉𝑟 𝑥
𝑉𝑟 𝑦

]︃
=

[︃
cos(𝜓) sin(𝜓)
− sin(𝜓) cos(𝜓)

]︃ [︃
𝑉𝑜𝑥 −𝑉𝑎𝑥
𝑉𝑜𝑦 −𝑉𝑎𝑦

]︃
The Potential due to moving obstacles can be calculated as

follows [9]:

𝐹𝑝 𝑥 = 𝐾 ·
∑︂
( 1
𝐷
− 1
𝑅
) · 1
𝐷2 · cos𝜆

𝐹𝑝𝑦 = 𝐾 ·
∑︂
( 1
𝐷
− 1
𝑅
) · 1
𝐷2 · sin𝜆

𝐹𝑣𝑥 = 𝑅 ·
∑︂ 𝑉𝑟 𝑥

𝐷

𝐹𝑣𝑦 = 𝑅 ·
∑︂ 𝑉𝑟 𝑦

𝐷
Where:

𝑅 = Maximum distance to which vessel can see obstacles
𝜓 = Heading angle of the vessel

Observation Space = [𝑒CT, 𝜃error, 𝐷g, 𝑟, 𝐹𝑝 𝑥 , 𝐹𝑝𝑦 , 𝐹𝑣𝑥 , 𝐹𝑣𝑦]
If no obstacles are nearby, 𝐹𝑝 𝑥 = 0, 𝐹𝑝𝑦 = 0, 𝐹𝑣𝑥 = 0, and

𝐹𝑣𝑦 = 0 are padding values.

7.3 REWARD FUNCTION
Introducing the CRI value of the most critical obstacles as a

reward for learning a policy that aims to minimize the CRI value
along the path. In this case, when the vessel detects a collision
with an obstacle, the episode is not truncated, but a continuous
penalty is given. Reward values can calculated as follows:

𝑅1 = 1.3 · exp(−10 · |𝜃error |) − 0.3

𝑅2 = 2.0 · exp(−0.08 · 𝑒2
CT) − 1.0

𝑅3 = −0.25 · 𝐷i

𝑅4 =

{︄
0.0 if · 𝐷g > 0.5,
20.0 otherwise.

𝑅5 = −5.0 · 𝐶𝑅𝐼

7.4 DISCUSSION AND RESULTS
In this paper, a potential field method is incorporated with

the Deep Q Network (DQN) algorithm to run the simulations
in the dynamic collision avoidance RL environment so that the
agent executes a safe maneuver on encountering a dynamic ob-
stacle ahead. This method can capture the velocity interaction
of multiple moving obstacle information and take appropriate
maneuvers. The vessel selects the shortest path while evading
obstacles, as depicted in Figure 13. When encountering a veloc-
ity obstacle, it maneuvers behind the obstructing vessel to avoid a
collision, as shown in Figure 14. As the vessel moves away from
the obstacle, its influence diminishes due to the 𝐷2 term in the
potential equation. The results of training for 7000 simulations
in the environment are illustrated in the figure.

Re
w

ar
d

Steps
FIGURE 11: Steps vs Rewards Plot.

Tr
ai

n
Lo

ss

Steps
FIGURE 12: Steps vs Train Loss Plot.

8. CONCLUSION
The DQN policy is used in this paper for collision avoid-

ance, where satisfactory results are obtained. Here, the DQN
algorithm has been implemented for all major scenarios in mar-
itime autonomous navigation. In all scenarios, satisfactory results
are obtained by running the RL simulations. A comparative study
needs to be done with the other policies, such as PPO and DDPG.
Since there is not much information about the individual moving
obstacle as the cumulative reward is considered, the trained RL
model may not prefer the optimal path to dynamically avoid the
obstacles. As a future scope of this paper, the discretization part
of the environment can be worked upon, by introducing cost map
architecture also so that whole information about the simulation
environment can be captured. The dynamic obstacle avoidance
scenario can be enhanced by inculcating the Convention on the
International Regulations for Preventing Collisions at Sea, 1972
(COLREGs) into the observation space so that the algorithm will
be well equipped for real-world deployment.
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FIGURE 13: Dynamic Obstacle Case 1. FIGURE 14: Dynamic Obstacle Case 2.

FIGURE 15: Dynamic Obstacle Case 3.
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