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An improved reinforcement learning path planning
algorithm for AUVs operating in unknown and
unstructured environments

Bhaskar Jyoti TALUKDAR ® , Kumar Debi PRASAD @ and Bikramaditya DAS

Effective path planning is vital for Autonomous Underwater Vehicles (AU Vs) for performing
diverse roles, including rescue efforts and logistics operations. In recent times, dynamic path
planning has emerged as a prominent research area, enabling AU Vs to navigate without the need
for previous static information. Researchers are leveraging deep reinforcement learning (DRL),
as another trending field of study, to tackle the challenges associated with dynamic path planning.
In this study a dynamic sensing and collision avoidance approach is proposed to navigate in an
entirely unknown environment with unstructured obstacles. Firstly, we employ Deep Q-Networks
(DQN), a distinct domain within DRL, to address the challenge of path planning in a dynamic
environment. Initially, established methodologies were implemented such as Double Deep Q-
Networks (DDQN) and Dueling Double Deep Q-Networks (D3QN) to develop a model capable
of navigating an AUV through environments containing both static and dynamic obstacles.
Nevertheless, the previously mentioned techniques exhibit restricted generalization abilities in
complex, high-dimensional state environments, frequently leading to inadequate performance
in dynamic situations, thus making the more adaptable I-DQN method essential. Subsequently,
Improved DQN (I-DQN) is introduced, an enhancement of the original DQN, aimed at further
refining the DRL model’s performance. Test within a real-time setting is carried out to evaluate
the effectiveness of the DRL models against randomly generated starting and destination points.
The results obtained indicate that the I-DQN approach outperforms DQN, DDQN, and D3QN
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regarding the path efficiency and the travel duration to reach the destination while avoiding
collisions. The stability of the I-DQN algorithm is improved by Prioritized Experience Replay,
which carefully selects significant transitions according to their temporal-difference errors,
facilitating effective and reliable learning in intricate AUV navigation situations. The proposed
strategy can be utilized to improve underwater search and rescue missions in inundated urban
regions or areas affected by disasters. The AUVs can maneuver through intricate and unfamiliar
underwater settings, skilfully dodging debris and obstructions, to swiftly and efficiently find
survivors or evaluate structural damage.

Key words: AUV, path planning, static and dynamic obstacle, DRL, deep Q learning, dueling
neural network, ROS

1. Introduction

AUVs are widely utilized robotic systems that serve a diverse array of pur-
poses. AUVs can perform tasks independently. AU Vs exhibit remarkable manoeu-
vrability, allowing them to access remote areas and navigate through narrow, chal-
lenging routes, while also being cost-effective to operate [ 1-4]. The path planning
process for an AUV entails several stages of transformations and adjustments in
forward angles to achieve a destination based on optimization criteria [5]. AUVs
typically function in demanding environments filled with numerous obstacles
to avoid. Static obstacles can frequently be assessed and mapped in advance.
Typically, a global map is employed to chart the course in the presence of ob-
stacles [6-8]. The primary steps in addressing the AUVs path planning problem
include modelling the environment along with determining the route from the
starting to the end point.

Planning a path for an AUV in an unstructured setting poses distinct chal-
lenges owing to the everchanging and unpredictable characteristics of underwater
landscapes [9—11]. In contrast to structured environments, unstructured underwa-
ter areas do not have established pathways and are marked by obstacles like rocks,
coral reefs, and diverse seabed formations [12—15]. Successful path planning in
these scenarios demands that the AUV adjust its course dynamically in real-time,
guaranteeing safe navigation while enhancing the route to the intended target.

Recently, some scholarly work has undertaken the task of addressing the chal-
lenges of 3D obstacle avoidance for AUVs. Many methods experience challenges
because they become ensnared for local optimal solutions, as highlighted by Fan
et al. and Zhang et al. [16, 17]. Certain techniques, such as those examined by
Sun et al. and Kot et al., encounter significant computational requirements or
energy consumption concerns, which could impede their application in real-time
scenarios [18-20]. One persistent concern is inadequate real-world verification,
with findings from Yan et al., Zhang et al., and Feng et al. demonstrating a gap
in different practical evaluations [21-23]. Furthermore, complications emerge in
unpredictable underwater settings, as indicated by Zhi et al., along with escalating
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prediction errors over extended trajectories, as noted by Zhang et al. [24,25]. Con-
sidering these challenges, an Enhanced DQN algorithm can provide numerous
advantages for AUV path planning. DQN, as a reinforcement learning method,
has the potential to overcome the issue of becoming trapped in local optima by
investigating a broader solution landscape [26]. Its capacity to learn from experi-
ence may render it more flexible under unpredictable underwater conditions. The
learning potential of DQN may also result in improved generalization across a
variety of scenarios, addressing the deficiencies in real-world validation observed
in some existing methods. The proposed algorithm was validated in both static
and dynamic underwater environments. The results from the proposed algorithm
demonstrate its effectiveness in the path planning of AUVs within an unstructured
setting.

As mentioned in the surveys, DRL techniques hold promise as viable options
for AUV path planning and control, and research in this area continues to progress.
Most of the existing literature related to AUVs concentrates on implementing
value-driven path planning algorithms [27-30]. Nevertheless, the discretization
of actions compromises the precision of controlling in real-time. Several studies
utilize actor-critic-based approaches. The following is an outline of the research
gaps:

* unrealistic assumptions, including the disregard for obstacles, disruptions

to the environment, nonholonomic constraints, or dynamic models.

* overlooking essential output trajectory characteristics like practicality and

reliability.

Encouraged by the insights highlighted above, this investigation suggests a
novel algorithm dedicated to the path planning of AUVs operating within an intri-
cate underwater environment marked by various dynamic and static challenges.
The following contributions are uniquely presented in this paper:

* The suggested method utilizes the Enhanced DQN algorithm to execute
adaptive path planning in unstructured environments. By combining a
DQN with improvements such as prioritized experience replay, doubled
Q-learning, and a target network, the algorithm adeptly acquires optimal
paths through intricate terrains. This strategy guarantees that the agent can
adjust to fluctuating environmental conditions and discover efficient routes
in real-time.

* The algorithm features a strong obstacle avoidance strategy by imposing
penalties on actions that result in collisions with obstacles or revisiting pre-
viously encountered states. A safety margin is established around obstacles
to further improve the agent’s capacity to avoid collisions. The reward func-
tion is crafted to penalize the agent for approaching obstacles and revisiting
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the same locations, while simultaneously rewarding progress towards the
target. This approach ensures that the agent learns to navigate in an efficient
manner, steering clear of potential dangers in the environment.

* The incorporation of regular target network and experience replay syn-
chronization significantly boosts the learning stability and efficiency of the
enhanced DQN algorithm. Experience enables the agent to gain knowl-
edge from a varied collection of past experiences by sampling mini-batches
from a replay buffer, disrupting the correlation between consecutive expe-
riences. This contributes to stabilizing the learning process and enhances
the convergence rate. Furthermore, the target network, which is periodically
aligned with the main network, offers stable Q-value targets during training,
reducing the likelihood of divergence.

The subsequent sections are delineated as follows. In Section 2, the back-
ground of the completed work is elaborated. Traditional path planning techniques
such as DQN, DDQN, and D3QN are introduced in Section 3. Section 4 intro-
duces a path planning approach that integrates turnarounds through reinforcement
learning. Section 5 showcases the simulation and experimental findings that affirm
the proposed method’s effectiveness. Section 6 wraps up the paper and explores
avenues for future research.

2. Background
2.1. AUV dynamics

The nonlinear motion equation of the AUV as a result of wave disruptions in
a six degree of freedom is described here in this section [31-35]. Figure 1 is the

Waves

Depth

Figure 1: Body fixed frame and inertia of an AUV model
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schematic representation of the AUV for body fixed frame. The equations can be
described by

Xnni = ]n (Xnmi) Vi » (1)

Xnmi = jn (Xnmi) Vmi - (2)

Fordifferent AUVs,i =1,2,3,...,N, X, = [Xnm., X,,ml.]T is the vector for the
position and orientation of the i-th AUV in the inertial frame, X, , = [x;, yi, zi]T

are position coordinates and X,,, . = [¢i, 0;, l//i]T are the orientations of longitu-
dinal, vertical and transverse axes, respectively. v; = [v;, vmi]T are coordinates
for the velocity vector in the structure of the AUV fixed frame, v,; = [u;, v, wi] T
are linear velocities and v,,; = [p;, qi, rl-]T are angular velocities [31-35].

Vi = Mn_l (_Cni (Vi) Vini = Dni (Vi) Vi = &n (Xnmi) + Tni) > 3)
Vi = Mn_11 (_cni (Vm') Vi — Dpi (Vmi) Vmi — 8m (Xnm,-) + Tmi) . 4)

7 = [T, Tmi]" is an input for control in the i-th AUV, 7,; = (XY, Z]"
are the external forces and 7,,; = [K;, M;, Nl-]T denoting the instances of exterior
pressures operating in both translational and rotational motion on the AUV.
A non-singular transformation matrix is represented by J (1), which is employed
in transforming between Earth-fixed and body-fixed frames [31-35].

2.2. Problem statement

The algorithm must enhance the AUV’s trajectory from the initial node S to
the target node T while considering obstacle avoidance, path smoothness, depth
control, path length efficiency, and overall safety. The solution should strike
a balance among these elements to minimize the cost function, leading to an
optimal trajectory for the AUV’s mission.

2.2.1. Obstacle collision penalty

MPenalty (an) = Mpam (Xn,) + Keoltision Z €Xp

1

|Xnm- - QObs|
", 5
dsafe ( )

where Mpeparty 1s the total cost function for penalty during a collision [36]. Mpa is
the cost associated with the path itself (e.g., path length, energy consumption,
etc.) and Kcopision 1S @ positive the weight that establishes the significance of the
collision avoidance term. Where, p; = (x;, y;, z;) position of obstacles and the
nearest obstacle configuration (gops). The safety distance threshold is represented
by dgf. The penalty for each configuration g; along the path is expressed as
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exp (—d (pi, qobs) /dsate) - The penalty term approaches zero when the distance
d (pi, qobs) 1s significantly greater than dg,f., indicating that there is no appreciable
penalty for maintaining distance from the obstacles.

2.2.2. Smoothness factor

d>oy;

@ ©

M moothness (Xni) = Ksmoothness Z

i

where Kgmoothness 15 @ positive weight used for assessing the significance of the
path smoothness term [36]. The diameter or characteristic size of the AUV is
denoted by d. y; is the change in heading angle (or curvature) at the i-th point of
the reference for the path ds;. The summation is taken over all waypoints along
the planned path, except for the first and last waypoints.

2.2.3. Depth change factor
n
MDepth hange (an) = Kdepth Z Wi |Zi — Zdesired|” » (7
i

where Kgep is a positive weight that signifies the depth cost term [36]. w; is a
weighting factor for the i-th point of the reference for the path. The AUV depth
(or z-coordinate) at the i-th way-point is denoted by z; and Zzgesireq 1 the desired
depth or depth range for the AUV. |z; — Zgesired| 1S the definite distinction between
the AUV depth and the desired depth at the i-th way-point. A positive constant
n determines the rate of increase in the penalty as the depth deviation increases
(typically n > 1). The summation is taken over all way-points along the planned
path.

2.2.4. Path length factor

Mpath length = Klength X Z (dij X exp (a’ X dij/Rturn)) s (8)

where:

dij = |Xn Xnni

; 9)

where Kiength 1 a positive measure of the importance provided to the path length
cost term [36]. The distinction between the (i — 1)-th and i-th waypoints along
the path is d;;. AUV turning radius is Rwm, Whereas a is the positive constant
and determines the rate of increase in the penalty for longer path segments.
Xn,, = [Xi, yi, z,-]T is the i-th AUVs location vector in the inertial frame.

n(i+l)
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2.2.5. Safety factor

N M
Msafety:ZZ(exp (—axdig)) x (1+ B v, (10)

where:
d[jzlxnm._ng|, (11)

where d;; signifies the measure of distance in a Euclidean context. The j-th
obstacle’s coordinates are referred to as X, ;. The potential risk or severity related
to the j-th obstacle is represented by v, . The parameters & and § are adjustable
factors that modify the weights assigned to distance and risk, respectively. In this
instance, N illustrates the total AUV count, while M shows the complete number
of obstacles present.

3. Methodology

3.1. Markov Decision Process (MDP)

The mathematical configuration known as a Markov Decision Process (MDP)
is employed to portray issues related to decision-making. Figure 2, is the
schematic diagram of the action space. The tuple (S, A, P, R,y) is what defines
an MDP, where:

¢ A: defined set of actions.
¢ §: defined set of states.

e P: P (s|s,a) indicates a state transition probability, or the likelihood of
changing from state s to state s’ following action a.

Figure 2: Schematic diagram of action space
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* R: R(s,a,s’) is a function that rewards that provides the instantaneous
benefit obtained during action a’s transition from state s to state s’.

* discount factor y: y € [0, 1], which stands for the significance of rewards
in the future.

3.2. Q-learning

Operating without a model, Q-learning is a technique for RL that seeks to
determine the ideal strategy for selecting actions through the Q-function. The
Q-value, (Q(s,a)), denotes the forecasted total reward for executing action (a)
in state (s) while remaining compliant with the optimal policy subsequently. let’s
align the state and action spaces:

State space:

§= (Xni’ Vi) |Xn, = [Xnni’ Xnm,-]T» Vi = [Vnia Vmi]T, (12)

where X, . € R? is the position coordinates, X,, . € R’ is orientation angles,
vni € R3 is linear velocities, v,,; € R? is angular velocities. Action space can be
expressed as

A =1 = [Ty, Tmi]T | Tnis Tmi € R3~ (13)

The definition of the ideal Q-function is:

0(s,a) = max ;ﬂtrtl so =S, ap = a, ﬂ], (14)

where 7 is the policy, v is the discount factor, and r; is the reward at time ¢. For
Q*, the Bellman optimality calculation is [37,38]:

O(s,a) =E

r+ymaxQ (s',a’) | s,a] , (15)
a/

where following action a in state s, s’ is the subsequent state. The temporal
difference (TD) error ¢ is the difference between the current estimate of Q and
the target value:

§=r+ymaxQ (s',a") - 0(s,a). (16)
Q can be updated using the TD error and a learning rate a:
Q(s,a) « Q(s,a) +a. (17)

Substituting the TD error, the Q-learning updating rule is obtained:

O(s,a) « QO(s,a)+a|r+ymaxQ(s',a’) - Q0(s,a)|. (18)
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In the context of AUV control, this update rule would be applied at each time
step, where:

* s is the current state (X, v;)
* a is the control input 7;

* ris the reward (which could be based on how well the AUV is following its
desired trajectory or accomplishing its mission)

s’ is the next state after applying the control input max, Q (s’,a’) is the
estimated optimal value of the next state.

This update rule allows the AUV to learn the optimal control policy over time
by iteratively improving its estimates of the Q-function based on the rewards
it receives, and the state transitions it experiences. A significant drawback of
Q-Learning is its difficulty while managing state spaces with large dimensions,
thus highlighting the importance of DQN. Figure 3 presents a comprehensive
framework for AUV operations that employs an I-DQN for effective decision-
making. It employs a feedback system that persistently monitors the surroundings

o

Process
Initiate AUV Sensor Data
System Perceive

a Environment

l ‘[ Yes 1

Retrieve &
Analyze Data

Stop AUV

Load Pre-
trained
1-DQN Model

Reached
Target?

Define Mission
Parameters

Verify the
Outcome
Initialize Calibrate
Sensors & izati Update AUV
Actuators System Position i
Inertial
men ——>
e o * Sonar Data 3 CameraFeed Sensors
Perception
Unit
Forward pass
1-DQN Action inpurCurrent |5l throughQ  [—f Action Selection — Omlg::tl ::"""
Network P
X:1,0,0 or Y:0,1,00r Z:0,0,10r D;aaogi;ls; 1; 160//
-1,0,0 0,-1,0 0,0, -1 ’ ‘_1 _1'0‘

Figure 3: Flowchart of the proposed work
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using diverse sensor integration, evaluating the information, and deciding the
optimal actions guided by the I-DQN model. The design specifically tackles the
difficulties associated with underwater navigation while utilizing reinforcement
learning to promote adaptive behavior in both intricate, dynamic settings and
stable environments.

3.3. Deep Q Network (DQN)

Figure 4 is the architectural framework of a DQN, typically encompasses the
following layers:

* Input Layer: The input layer acquires the state representation originating
from the environment.

* Hidden Layers: The hidden layers are constituted of fully connected (dense)
layers, each subsequently followed by a Rectified Linear Unit (ReLLU), or
other non-linear activation function. These layers play a pivotal role in
capturing intricate features and relationships residing within the state space.

* Output Layer: The output layer comprises neurons that correspond to the
array of potential actions available to the agent. Each neuron generates a
Q-value, which signifies the anticipated cumulative reward for executing
the associated action within the specified state. The action which yields the
highest Q-value is identified as the optimal action.

Tnput T.ayer

1lidden Output
Layer L, Layer L,

s, ay)

Ofs, ay)

[N Ny

Figure 4: DQN architecture

DQN improves on the conventional Q-learning structure by using deep neural
network to accurately estimate the Q-function. The elements that direct the neural
network are symbolized by 6. Therefore, the notation Q (s, a; 6) is used to describe
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the Q-value:
0(s,a;0) ~ 0°(s,a), (19)

where Q* (s, a) is the optimal Q-function as defined in the Q-learning section:

[ee)

0*(s,a) = max Z)/lr,|so =s,a0=a, . (20)
nE prs

Here, m represents the policy, y € [0, 1] and r; is the reward at time ¢. The
DQN is trained through lowering the loss function:

L(6) = E(sars~p [(v = Q(5,a:0))*] 21
where D is the replay memory, and y is the target Q-value defined as:
y=r+ymaxQ (s’,a’;07). (22)
a/
Here, 6~ indicates a different target network’s parameter, which is periodically

updated to improve training stability. The temporal difference error ¢ as defined,
is used in the DQN update:

d=r+ymaxQ(s',a’;07) - Q0 (s,a;0). (23)

The parameters 6 are updated using gradient descent, which is an extension
of the Q-learning update rule:

0 — 60+aVy

2
(r +ymaxQ (s',a’;07) - Q (s,a; 6)) ] , (24)

where « is the learning rate. In the field of AUV navigation in an unstructured
environment, the state (s) might summarize the AUVs position and orientation
elements, while the action (a) represents the allowable maneuvers (such as mov-
ing ahead, executing a leftward turn, or executing a rightward turn). The reward
function (r;) is meticulously crafted to incentivize the AUV to successfully nav-
igate towards the target while simultaneously circumventing potential obstacles.
For instance:

Rgoal if goal is reached,
rr = 9 —Reonision  1f collision occurs, (25)
—Rytep otherwise,

where (Rgoal), (Reollision) and (Rgep) are constants.
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3.4. Double DQN (DDQN)

The DDQN algorithm addresses the overestimation bias present in the stan-
dard DQN by dividing the choices of actions from the Q-value evaluation. This
is achieved by using two sets of parameters: () for the online network and (67)
for the target network. In DDQN, the target value \(y\) is modified as follows:

y=r+vyQ|s,argmax Q (s',a’;0); 67]. (26)
a’

The action (arg max, Q (s, a’; #)) is chosen using the online network param-
eters (6), however, the Q-value is evaluated utilizing the target network parameters
(67). The loss function used to train the DDQN is defined as follows:

L(0) = E(sarshn [(y = Q (5,a;0))?] . (27)

DDQN lowers overestimation bias by selecting actions online and evaluating
Q-values on the target network, resulting in more steady and accurate learning.

3.5. Dueling Double DQN (D3QN)

In the context of D3QN, the Q-value is partitioned into two distinct evalu-
ative components: the (A(s,a; 6, @)) is the advantage function and state-value
function (V(s;6,8)):

y=r+yQ (s’, arg max O (s',a";0):0, (28)

where (V(s;6,8)) symbolizing the importance of being in a state (s).
(A(s,a;0,a)) symbolizes the advantage of acting (a) in state (s). The desired
value (y) in D3QN is modified as follows:

y=r+y|V(s;07,87)+ (A (s’, argmax Q (s',a’;0) ;0" ,a”
a/
sumy A (5,107, 0) 29)
- —sumyA(s,a’;0",a .
Al
The loss function used to train the D3QN is categorized as follows:
L(6) = E(sars~p [(y = Q (5.a:6,2.9))*]. (30)

4. Improved DQN (I-DQN) algorithm

I-DOQN represents an advanced reinforcement learning algorithm that incor-
porates a multitude of innovations surpassing the traditional DQN framework,
including Distributional RL, Multi-step Learning, Dueling Network Architec-
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tures, DDQN, Prioritized Experience Replay, and Noisy Nets. Within the sphere
of AUV path planning, I-DQN possesses the capability to proficiently acquire op-
timal navigation methodologies by leveraging these enhancements to maneuver
through the complex and dynamically evolving underwater environment.

4.1. Improved DQN (I-DQN)

I-DQN represents a sophisticated reinforcement learning algorithm that in-
corporates various improvements over the conventional DQN. Figure 5 is the
workflow of the proposed algorithm.

Action Selecti
Generate Q values Select action with
using noisy network = highest Q value
{_]
Initialize Perform Action and
For each epoch in For each epoch in For each iteration in Select action using noisy "
::l:r::‘t;t:::s maxEpoch ) maxEpoch ) maxlttr = networks = m&ns?tn, )

LNO

Yes

Break

!
[3

Sample mini batch from Generate Q values for Calculate target Q value Update Q network using N
prioritized replay buffer current and next state using double DQN : step returns

I Training on replay buffer

Figure 5: Proposed method workflow

4.1.1. Obstacle avoidance with dynamic obstacles

To improve path planning, the real-time distance between the AUVs location
and the time-varying position of each obstacle gops(#), enabling collision-free
navigation in setting containing dynamic obstacles is necessary. The expression
for position of the dynamic obstacle:

Gobs (1) = Gobs (1) +vit. (€29)

The position of the dynamic obstacle shifts as time ¢ progresses, according to
its speed. Let gobs(?) denote the changing position of the obstacle. The distance
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between the AUV and the obstacle at time ¢ is given by:
daynamic (Xnis Qobs (1)) = (xi = (Xobs + vit))* + (i = (Vobs + vit))*
1/2
+ (zi — (Zobs + Vit))z) : (32)

4.1.2. Prioritized experience replay

Prioritized Experience Replay selects significant transitions more often by
considering their temporal-difference (TD) error. The likelihood of selecting a

transition i is stated as: N

P;
2.
k

where a establishes the degree of prioritizing and p; is the priority of transition i.
The expression for the TD error is:

P(i) = (33)

(5i =7 + ,.y rnTaX Q (X”iz+1 . Vl'r+1 5 Ti) - Q (Xnit > vira Ti;) . (34)

This proposed method guarantees that the educational process emphasizes more
impactful experiences, resulting in quicker and more consistent learning.

4.1.3. Exploration-exploitation trade-off

The epsilon-greedy approach is implemented to maintain a balance between
exploration and exploitation. The action 7; is chosen in the following manner:

(35)

random action with probability e,
T =
argmax, Q(X,,,v;,7) with probability 1 — €.

When applied to AUV path planning, this approach enables the AUV to investigate
new routes while making use of established effective paths to reach the destination
efficiently. AUVs frequently function in continuous environments. The continuous
action a; can be estimated as follows:

a; ~ argmax Q (s, a) . (36)
a

4.1.4. Stability and convergence

I-DQN ensures stability during training by using a target Q-Network and
Double DQN to reduce overestimation bias. The update rule for Double DQN is
given by:

Q (Xn," Vi, Ti) — Q (Xni9 Vi, Ti) +a (rl‘ +7Qtarget - Q (Xni’ Vi, Ti)) s (37)
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/. -0
Qtarget = Q Xnit+l ’ vil+1’ arg ma/-X Q (XniHl ’ vi,+1’ T, 0) ’ 0 ) ’ (38)
T

where 77 serves as a dummy variable representing all possible actions. This helps
in achieving stable and convergent learning.

4.1.5. Hyperparameter tuning

Fine-tuning hyperparameters is vital for the performance of I-DQN. Signifi-
cant hyperparameters encompass the learning rate «, discount factor y, epsilon
decay rate, and the replay buffer’s size. The Q-value function can be altered to
integrate the hidden state /;:

1
Q (X}’L," Vi, Ti, ht) =V (ht) +|A (X}’L,"vi’ Ti) - @ Z A (X}’Li’vi’ T/) . (39)
T/

This allows the AUV to maintain a memory of past observations and make
informed decisions in partially observable environments.

5. Simulation result

This section showcases the simulation outcomes utilized for training the model
and assessing the performance of the proposed method. The conventional ap-
proaches employed for comparison with the proposed method include DQN,
DDQN, and D3QN. Path planning was executed in the Koel River, located in
Rourkela, while considering diverse obstacle-rich areas along with various start
and target points to validate the proposed method. Figure 6a illustrates the AUV
used and Figure 6b once it is deployed in an underwater environment for distinct
scenarios which are examined. Figure 6¢c—6e, is the experimental site 1, 2 and 3.
Obstacles can be both dynamic and static.

The real-time path planning task in a dynamic environment was successfully
addressed using the DQN with carefully fine-tuned parameters. The information
shown in Table 1 is accurately utilized in the experiments. QGC and Rviz software
aid in documenting the AUVs operational status and in the real-time creation of
desired trajectories. The information obtained from the IMU and GPS modules of
Ardupilot undergo processing and fusion through Kalman filtering, before being
transmitted to robot operating system (ROS) via the mavros node. The guiding
program node and the path generation program node can both receive the AUV’s
positional and attitudinal data from ROS, which consequently generates con-
trol commands to be relayed to the underlying controller through asynchronous
communication. The design of the AUV software control system consists of the
Ardupilot, ROS, and Q-Ground Control (QGC), as shown in Figure 7.
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(a) AUV used (b) After deploying the AUV

(c) Map 1 (d) Map 2

(e) Map 3

Figure 6: Visualization of the AUV used and operational scenario
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Figure 7: Implementation of the AUV control system
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Table 1: Parameters and their values used

Parameter Value Parameter Value Parameter Value
maxEpoch 1000 gamma 0.99 epsilonDecay 0.9
maxIttr 900 epsilon 1.0 bufferSize 10000
sampleSize 64 actions 8 possible Revyard for 1000
movements | reaching target
Reward for hitting | 100 Reward for moving 10 Reward for moving | |
obstacles closer to target away from target
Reward for following 5 Penalty for revisiting _10 Penalty for being _s
reference path the same position near obstacles
Penalty for each step | —0.1

5.1. Performance evaluation of proposed method

Figure 8 depicts the nodes within the map 1 that were generated during
the training of various reinforcement learning algorithms, such as DQN, DDQN,
D3QN, and I-DQN. These algorithms progressively refine the Q-values by relying
on the agent’s experiences within the environment, resulting in the exploration
and mapping of the state space. The unoccupied area where only water and
underwater obstacles exist is currently being investigated by the agent. Beyond
this area lie the riverbanks, which are distinctly illustrated in Figure 8. The
nodes signify the states the agent has encountered, illustrating the effectiveness
and extent of the exploration process. The variations in the explored regions
underscore the influence of each algorithm’s distinct strategy for learning and
decision-making, with I-DQN harnessing the advantages of DQN, DDQN, and
D3QN to accomplish a more thorough exploration. In Figure 8, we utilized three
separate maps for the path planning of the suggested algorithm in conjunction
with the alternative RL algorithm. Each evaluation is carried out live, and the
quantity and number of obstacle changes for every map. The starting points and
destinations are fixed and differ across the maps. The location nearest to the
riverbank is selected for the operation and management of the AUV. Figure 9
illustrates the training progress of various agents from the algorithms over 1000
iterations, evaluating the cumulative rewards for each specific agent and the real
time visuals of the exploration of the agents are shown in Figure 8. The stability
strategies, such as target networks and experience replay, appear to be adequate
for tackling stability issues in reinforcement learning.

Figure 10 depict the evolution of Q-values for different reinforcement learn-
ing algorithms over the course of 1000 iterations, revealing unique patterns.
Figure 10a illustrates convergence towards positive Q-values between 500 and
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(a) AUV exploration using DQN (b) AUV exploration using DDQN
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(c) AUV exploration using D3QN (d) AUV exploration using I-DQN

Figure 8: AUV exploration while training in Map 1

600 for all algorithms, while Figure 10b exhibits increased volatility with regular
declines into negative values, and 10c demonstrates a pronounced divergence
among the algorithms. Positive Q-values signify the agent’s anticipation of future
rewards, indicating that effective strategies have been acquired, whereas negative
Q-values suggest expected penalties or unfavorable outcomes, which may reflect
inadequate learning or difficult environments. I-DQN (yellow line) demonstrates
a more consistent and stable set of Q-values throughout the iterations when
compared to the other algorithms, exhibiting fewer extreme fluctuations. In Fig-
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ure 10b and Figure 10c, although I-DQN still shows some variability, it generally
converges to higher Q-values more swiftly and sustains a steadier range in the
later iterations. This implies that -DQN might be acquiring a more robust value
function, which could result in enhanced and more reliable performance within
the specified environments. The diminished volatility in Q-values for I-DQN
may suggest better stability in the learning process along with more dependable
decision-making by the agent.
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(a) Training graph of AUV in Map 1
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(b) Training graph of AUV in Map 2

Fig.9a,b



236 B.J. TALUKDAR, K.D.PRASAD, B. DAS

1 108 Training the Agent
1 I

Cumulative Rewards

——DQN

—— DDON
-~ D3ON
IDON

T

1 | 1 | 1 L 1
o 100 200 300 400 500 600 700 800 900 1000
Iterations

(c) Training graph of AUV in Map 3

Figure 9: Graphical analysis of the training cost of the AUV across different scenario

These varied outcomes underscore the distinct performance of the algorithms
across different contexts, highlighting how anticipated future rewards can vary
considerably during the learning process based on the task or setting.
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Figure 10: Graphical comparison of Q values

5.2. Performance evaluation of proposed method in static environment

Figure 11, provide a comparative evaluation of various path planning tech-
niques applied to a 300 x 300 meter terrain map, where each grid unit corresponds
to 1 meter. All techniques navigate from a starting point (S) to a target point (T)
within this designated area. These findings underscore the differing levels of ex-
ploration and efficiency among the various reinforcement learning methodologies
for path planning in a complex 300 x 300 m terrain.
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Path Planning with DDQN, Path Length: DDQN: 1074.95 m
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(a) Path generated using DQN
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(c) Path generated using D3QN (d) Path generated using I-DQN

Figure 11: Visualization of path planning in map 1 using 4 RL algorithm

Figure 12 illustrates the approach to path planning utilizing multiple itera-
tions of the different algorithm within a coastal framework. The maps provide an
aerial perspective of a shoreline that encompasses cliffs, aquatic environments,
and areas of vegetation. Each image highlights a distinct path (represented as a
colored line) generated by a specific DQN in map 2. The algorithms endeavor
to ascertain the most effective routes while avoiding obstacles and maneuvering
through challenging terrains. The pathways exhibit variations in their strategic
approaches, with some favoring more direct trajectories along the coastline and
others extending further into the aquatic region. The reference trajectory (illus-
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Path Planning with DDQN, Path Length: DDQN: 1608.08 m
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(a) Path generated using DQN (b) Path generated using DDQN
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(c) Path generated using D3QN (d) Path generated using [-DQN

Figure 12: Visualization of path planning in map 2 using 4 RL algorithm

trated in magenta) serves as a benchmark for evaluation, facilitating an analysis
of each algorithm’s performance in terms of efficiency and obstacle avoidance.

Figure 13 illustrates the results obtained from testing all the algorithms on
map 3. From Figure 11, 12, and 13, it is evident that the [-DQN path, indicated
in yellow in the fourth image, shows greater efficiency in comparison to the
other algorithms. I-DQN consistently achieves the shortest path lengths across
all obstacle scenarios, unlike DQN, DDQN, and D3QN. This suggests that the
I-DQN may have heightened effectiveness in locating optimal paths, potentially
offering improved navigation or routing solutions in contexts where distance re-
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Figure 13: Visualization of path planning in map 3 using 4 RL algorithm

duction is critical. The aerial visualization presented signifies the outcomes of
the algorithm within a underwater environment, with the 2D maps serving as
visual depictions of the complex underwater landscape. While the actual set-
ting is three-dimensional and submerged, the maps are utilized to convey this
information in a 2D format for better understanding. These outcomes display
the AUV’s planned paths and the position of obstacles, showcasing their nav-
igation through a simulated underwater setting. The traced paths illustrate the
algorithm’s choices to circumvent underwater obstacles and effectively reach
designated targets, thereby highlighting its proficiency in real-time underwater
navigation situations. The comparative evaluation of diverse algorithms shown
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in Table 2 highlights their performance across different maps, with emphasis on
metrics like best, worst, average, and standard deviation. The I-DQN algorithm
demonstrates significantly better performance, especially in reducing path length,
resulting in a more efficient solution for navigation tasks, particularly in complex
environments laden with obstacles and requiring path planning.

Table 2: Comparative analysis of the 4 RL algorithm

Meic | DQN | DDQN | D3QN | I-DQN
Best
Map 1 240 697 603 204
Map 2 609 337 310 198
Map 3 754 851 638 523
Average
Map 1 898 999 900 892
Map 2 899 998 888 800
Map 3 900 1000 899 750
Worst
Map1,2,3 | 901 | 901 [ 901 | 701
Standard deviation
Map 1 735 | 2091 14.93 5.93
Map 2 1993 | 3996 | 64.69 4.41
Map 3 36.73 6.12 | 3848 3.82

Table 3, illustrates the path lengths of four algorithms: DQN, DDQN, D3QN,
and I-DQN across three different map instances. The I-DQN algorithm consis-
tently records the shortest path lengths in every instance, showcasing its superior
efficiency in optimizing paths when compared to the other algorithms. This em-
phasizes the benefits of I-DQN in efficient navigation and route planning.

Table 3: Path length comparison (m)

Instances DQN DDQN D3QN I-DQN
Map 1 1108.59 1206.52 1074.95 421.60
Map 2 1050.92 649.09 535.63 408.91
Map 3 1608.08 1298.77 1119.34 720.98
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5.3. Performance evaluation of proposed method in unknown and
unstructured environment

This situation becomes increasingly complex as we acknowledge the unpre-
dictable nature of both static and dynamic obstacles within the variable spatiotem-
poral current field. The identified obstacles in this context are delineated using
circular and square markers in accordance with the configuration of the dynamic
impediments. Their positions are determined randomly based on the mean and
variance of their uncertainty distribution, with their velocities being directly pro-
portional to the current velocity. The uncertainty associated with both static and
dynamic obstacles is linearly propagated in relation to the time updates, resulting
in an expansion of the radius of the static obstacles and concurrent alterations in
the position and radius of the dynamic obstacles.

The enhancement of I-DQN for path planning in an unstructured environment
emphasizes the augmentation of the number of epochs from 1000 to 2000 and
iterations from 900 to 3000, thereby facilitating a more thorough acquisition of
knowledge regarding intricate scenarios. Concurrently, the reduction of the learn-
ing rate from 1.4 to 0.01 fosters a more stable learning experience, permitting
the algorithm to adapt proficiently to fluctuating environments without exceeding
optimal solutions. These modifications collectively bolster the algorithm’s abil-
ity to devise efficient pathways while circumventing obstacles within dynamic
contexts. Figure 14, 15, and 16 depict the trajectories generated by the proposed
methodologies that successfully circumvent dynamic obstacles. Figure 14, 15, 16
(Time Step: 1) illustrates the initial path produced by the proposed methodology.
It is imperative to note that the path generated by I-DQN, denoted by the red
dashed line, does not collide with the neighboring coast at the commencement of
the mission, despite potential visual implications in the 2D representation. The
uncertainty associated with the obstacles is distinctly observable in the subsequent
Time Steps: 2—4 of Figure 14, 15, 16. The methodology suggested shows a strong
potential for ensuring a path that avoids collisions amidst varying obstacles.

The comparative assessment of various algorithms presented in Table 4 ac-
centuates their performance across a range of maps, with particular focus on
metrics such as best, worst, average, and standard deviation. The I-DQN algo-
rithm exhibits markedly superior performance, particularly in the minimization
of path length, thereby yielding a more efficient resolution for navigation tasks,
especially within an unstructured environment fraught with dynamic obstacles
necessitating path planning. Table 5 delineates the path lengths of four algorithms:
DQN, DDQN, D3QN, and I-DQN across three distinct map instances. The [-DQN
algorithm uniformly records the shortest path lengths in each instance, thereby
demonstrating its exceptional efficiency in path optimization compared to the
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Figure 14: Path planning in an unstructured environment on map 1 using I-DQN
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Figure 15: Path planning in an unstructured environment on map 2 using I-DQN

Table 4: Comparative analysis of the 4 RL algorithm in an unstructured environment

Metric | DQN | DDQN | D3QN | I-DQN

Best

Map 1 289 715 705 256

Map 2 695 428 389 213

Map 3 789 932 705 589

Average

Map 1 900 999 915 897

Map 2 936 998 896 856

Map 3 912 999 914 796
Worst

Map1,2,3 | 925 | 925 925 738

Standard deviation

Map | 9.48 23.99 15.99 6.97

Map 2 23.98 42.99 76.90 6.49

Map 3 42.86 9.36 49.59 4.96

Table 5: Path length comparison (m) in an unstructured environment

Instances DQN DDQN D3QN I-DQN
Map 1 563.49 1145.99 1368.75 421.60
Map 2 1113.92 752.23 549.78 517.16
Map 3 1369.59 1786.88 1256.85 769.86
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Figure 16: Path planning in an unstructured environment on map 3 using I-DQN

other algorithms. This underscores the advantages of I-DQN in effective navi-
gation and route planning within unstructured environments or amidst dynamic
obstacles.

6. Conclusions

In this study, the I-DQN algorithm is introduced to tackle issues such as
lengthy movement paths, excessive overlapping coverage, and heightened en-
ergy consumption of the AUV while applying RL algorithms for coverage tasks.
When the AUV comes across an area lacking coverage, I-DQN calculates a route
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that avoids collisions throughout the entire map, steering the AUV towards the
most efficient coverage target cell. This allows the AUV to maneuver along the
path effectively and quickly access uncovered regions, leading to more stream-
lined and smoother trajectories. Additionally, I-DQN adjusts local path planning
to reduce overlapping coverage and energy expenditure. The redistribution of
the neural network within the workspace significantly reduces the unnecessary
computational requirements. Extensive experimental outcomes illustrate that the
proposed algorithm accomplishes shorter path lengths during planning in an un-
structured environment, reduces redundant coverage, and enhances operational
efficiency. It also possesses the ability to escape both static obstacles and dy-
namic obstacles on the map in real-time, rendering it both practical and flexible.
Nevertheless, the proposed algorithm is designed for a single AUV and func-
tions as a centralized algorithm. Given its advantages in energy efficiency and
computational performance, along with its broad applicability, future research
will explore the deployment of the I-DQN algorithm across multiple AUVs. The
proposed technique can be used to better underwater search and rescue efforts in
disaster-affected areas or swamped urban zones. The AUVs can navigate through
complex and unfamiliar underwater environments, dodging debris and obstacles
to quickly and efficiently locate survivors or assess structural damage.
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