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ABSTRACT Global path planning techniques have been widely employed in solving path planning prob-
lems, however they have been found to be unsuitable for unknown environments. Contrarily, the traditional
Q-learning method, which is a common reinforcement learning approach for local path planning, is unable to
complete the task for multiple targets. To address these limitations, this paper proposes a modified Q-learning
method, called Vector Field Histogram based Q-learning (VFH-QL) utilized the VFH information in state
space representation and reward function, based on a 2D LiDAR sensor. We compared the performance of
our proposed method with the classical Q-learning method (CQL) through training experiments that were
conducted in a simulated environment with a size of 400 square pixels, representing a 20-meter square map.
The environment contained static obstacles and a single mobile robot. Two experiments were conducted:
experiment A involved path planning for a single target, while experiment B involved path planning for
multiple targets. The results of experiment A showed that VFH-QL method had 87.06% less training time
and 99.98% better obstacle avoidance compared to CQL. In experiment B, VFH-QL method was found to
have an average training time that was 95.69% less than that of the CQL method and 83.99% better path
quality. The VFH-QL method was then evaluated using a benchmark dataset. The results indicated that
the VFH-QL exhibited superior path quality, with efficiency of 94.89% and improvements of 96.91% and
96.69% over CQL and SARSA in the task of path planning for multiple targets in unknown environments.

INDEX TERMS RL, path planning, Q-learning, mobile robot.

I. INTRODUCTION

Mobile robots have been widely utilized in a variety of fields,
including industry, military, and healthcare [1]. One of the
essential capabilities of these robots is their ability to navigate
through an environment, using path planning algorithms to
find optimal or near-optimal routes between locations [2].
Path planning can be divided into two categories: global and
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local. Global path planning is used when the environment is
fully known and static, while local path planning is necessary
for uncertain, partially known, or changing environments [2].
In the past, researchers have proposed a range of methods for
global path planning, such as artificial potential fields [3] and
visibility graphs [4], as well as heuristic approaches like A*,
D*, and Dijkstra [2]. However, as the tasks assigned to mobile
robots become more complex, local path planning methods,
including neural networks, fuzzy logic, and reinforcement
learning, are becoming increasingly necessary [2], [5].
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Reinforcement learning is a powerful machine learning
paradigm that enables agents to learn how to behave in an
environment to achieve a specific goal, based on feedback
in the form of rewards, without any prior knowledge of the
environment or training data [6]. This makes it particularly
well-suited for local path planning tasks. Q-learning is a
classic reinforcement learning algorithm that has been widely
used for path planning applications [5]. However, previous
work has largely focused on using Q-learning in grid map
state spaces with fixed target locations, leading to slow con-
vergence in complex environments and a limited ability to
handle changes in the target position or the environment
without re-training. Several approaches have been proposed
to improve the performance of Q-learning, such as using a
more sophisticated grid state space or even a sensory state
space, but these still rely on training with fixed target posi-
tions. An alternative approach is to utilize Deep Q-Networks
(DQN), which has the potential to address these limitations
but also involves the added computational cost of training
deep neural networks [5].

In this work, path planning for multiple targets in unknown
environments is investigated. It is often the case that complex
mobile robot tasks, such as mapping, item delivery, or surveil-
lance, require path planning to multiple targets within a mis-
sion. The hypothesis of this study is that classical Q-learning
(CQL) is not capable of solving the problem of path planning
for multiple targets due to the convergence of Q-values based
on the location of states on the map. As a result, CQL will
learn to plan for the first target and will be unable to plan
for subsequent targets without de-learning and re-learning the
Q-values, that is time-consuming and inefficient. Although
many researchers have modified Q-learning to reduce con-
vergence time, there is no research to our knowledge that has
addressed the path planning of multiple targets in unknown
environments using Q-learning. Further elaboration on the
CQL algorithm will be presented subsequently.

The study proposes that by redefining the concept of states
and rewards in the CQL algorithm, a modified Q-learning
algorithm can be developed that is both faster and capa-
ble of learning and solving the problem of path planning
for multiple targets in unknown environments. specifically
for mobile robots equipped with 2D LiDAR. The effective-
ness of this approach, called Vector Field Histogram based
Q-learning (VFH-QL), is believed to be superior to the pre-
vious classical Q-learning (CQL) path planning algorithm in
terms of convergence time and training time. While CQL has
a long training time for path planning to a single target and
is unable to handle multiple target scenarios, VFH-QL has
been shown to successfully solve for both single and multiple
targets with a notable improvement in training time.

The remainder of the paper is structured as follows: related
work is introduced in Section II, the proposed algorithm is
described in Section III, the results of the proposed algorithm
are analyzed and compared to those of CQL, SARSA and the
heuristic method A* in Section IV, and the paper is concluded
in Section V.
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Il. RELATED WORK

Nature-inspired algorithms, such as genetic algorithms (GAs)
and ant colony optimization (ACO), have shown promise in
solving complex optimization problems [7]. GAs use princi-
ples of Darwinian evolution to produce a population of pos-
sible solutions, which are evaluated using a fitness function.
The fittest individuals are then selected for reproduction using
a crossover operation and mutation is used to ensure diversity
in the population [8]. ACO is based on the behavior of ants
and the use of pheromone trails to reinforce the shortest
and most efficient paths between the starting and ending
points [9].

In recent years, several optimization techniques have been
proposed for mobile robot path planning in grid-based envi-
ronments. Laminia et al. [10] developed a fitness function
to optimize robot energy by reducing the number of turns
in the path. Li et al. [11] combined a genetic algorithm
with the dynamic window approach to improve obstacle
avoidance, resulting in path length and running time reduc-
tions compared to traditional algorithms. Ajeil et al. [12]
proposed an aging-based ant colony optimization algorithm
that considers the age of ants and demonstrated its superior
performance in finding the shortest and most collision-free
path. Zhang et al. [13] proposed an adaptive improved ant
colony algorithm, AIACSE, that incorporates non-uniform
distribution initial pheromone, pheromone diffusion model,
adaptive parameter adjusting strategy, and novel pheromone
updating mechanism to enhance the optimization ability and
efficiency of the ant colony system. Experimental results
and statistical tests showed that AIACSE outperforms other
algorithms in terms of performance metrics and can adapt to
different scale maps.

Genetic algorithms (GAs) and ant colony optimization
(ACO) have emerged as promising solutions for path plan-
ning problems. However, their effectiveness is hindered when
applied to real-time path planning due to certain limita-
tions. Both GAs and ACO are population-based algorithms
that can be computationally expensive, particularly for large
search spaces, making them unsuitable for real-time appli-
cations that require swift decision-making. Furthermore, the
population-based approach adopted by these algorithms may
lead to suboptimal solutions and slow convergence rates,
especially in unknown environments [14].

Q-learning is a widely adopted algorithm in the domain
of reinforcement learning that aims to learn the optimal
sequence of actions for a given policy. The algorithm is noted
for its simplicity, speed, and efficacy in addressing challeng-
ing problems in complex and unknown environments. Many
previous researchers have employed the Q-learning algorithm
in path planning applications. These approaches typically
begin by simulating a real-world scenario by discretizing it
into a state space. They differ in the design of the desired
behavior for a specific task and the representation of the
state space. One of the earliest such approaches was by
D. Tamilselvi et al. [15], in which CQL was applied to a
grid state space simulation environment with a size of 10 by
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10 grids. The agent had four action directions (north, west,
south, and east) and a Q-table with a total of 400 Q-values.
Obstacles and a fixed target were introduced in the simula-
tion, and the results demonstrated that the agent was able to
learn how to reach the target. The study also found that there
is a positive correlation between the learning rate value and
the Q-values, with an inverse correlation between the learning
rate and the convergence time.

Given the slow convergence of CQL, Das et al. [16]
introduced an Improved Q-learning (IQL) algorithm that is
characterized by its faster convergence. Unlike CQL, which
computes Q-values from the previous state only, IQL obtains
Q-values with the aid of all potential next states [17]. The
training took place in a 20 by 20 grid state space with a four-
action agent, and the Q-table had a total of 1600 Q-values.
The desired behavior focused on minimizing the mobile
robot’s energy consumption by reducing the number of
90-degree turns in the path. This was supported by successful
real-world experiments. Konar et al. [17] also used IQL to
optimize the energy consumption of a mobile robot in a 20 by
20 grid state space simulation environment with a four-action
agent and a Q-table of 1600 Q-values. The results showed a
significant reduction in path planning time compared to the
A*, Dijkstra, CQL, and Extended Q-learning (EQL) methods.
EQL is a modified Q-learning algorithm that stores only the
best action for each state in the Q-table to reduce its size [18],
and this was also supported by real-world experiments.

Li et al. [19] implemented IQL with a heuristic search
reward function to improve convergence. The training took
place in a 20 by 20 grid state space simulation environment
with an 8-action agent (north, northwest, west, etc.). The
Q-table had a total of 3200 Q-values. The simulation con-
tained both static and dynamic obstacles, and the proposed
method performed better than previous CQL, IQL, EQL,
and A* approaches in terms of path safety. Babu et al. [20]
used CQL for path planning in an environment discretized
using image processing. A bird’s eye view camera was
used to observe the map with obstacles and generate a
9 by 12 grid state space. The agent had 8 actions and the
Q-table had 864 Q-values, and the approach was supported
by real-world experiments. Peng and Li [21] successfully
implemented a simple CQL in a 20 by 20 grid state space
simulated environment with a four-action agent and a Q-table
of 1600 Q-values.

Qiangian and Li [22] used IQL to achieve energy-
saving behavior in a 20 by 20 grid state space simula-
tion environment with an 8-action agent and a Q-table of
3200 Q-values. The results were compared to those of CQL,
State-Action-Reward-State-Action (SARSA), and Neural
Network Q-learning (NNQL), and the proposed IQL method
performed better in terms of energy saving on 45-degree
and 90-degree turns. Zhang et al. [23] proposed a Self-
Adaptive Reinforcement-Exploration Q-learning (SARE-Q)
method in various grid state space environments and com-
pared the results to those of previous CQL and Self-Adaptive

VOLUME 11, 2023

Q-learning (SA-Q). Jin et al. [24] and Gao et al. [25] both
successfully implemented CQL for path planning in grid
state space simulation environments, and both agents were
able to learn how to find the desired path. However, their
results were not compared to any other path planning meth-
ods. Khriji et al. [26] simulated a mobile robot with 15 range
sensors divided into 6 directions. The state was represented
by a combination of three variables: the distances between
the robot and obstacles, the distance between the robot
and the target, and the difference between the desired angle
and the robot’s angle in absolute value. The agent was able
to perform path planning successfully in both simulated and
real-world experiments.

Dewantara [27] implemented Q-learning for path planning
to achieve social interaction behavior, with states defined
as a local situation composed of several features such as
the robot’s heading direction, the relative position of static
obstacles to the robot, and the relative position of dynamic
obstacles to the robot. The reward function was designed
as a combination of several rewards to optimize the robot’s
behavior. Pham et al. [28] configured states as a combination
of discretized sensory inputs for a fixed altitude drone in a
2D grid environment. The agent was able to reach the target
state while avoiding obstacles in both simulation and real-
world experiments. Chen et al. [29] applied Q-learning for
path planning of cargo ship steering behavior in a simulated
environment. The results were compared to the heuristic
methods RRT and A*, and the Q-learning approach obtained
a path that was suitable for heavy cargo ships, rather than
simply computing the shortest path that would not be feasible
for a cargo ship to navigate in the real world. This work
demonstrates that it is possible to achieve custom desired
behaviors with Q-learning.

Cardona et al. [30] used a sensory-based state space for a
simulated mobile robot with three range sensors on the front
of the virtual robot, which were discretized into five levels.
As a result, the state space contained 125 states. The agent
had three actions (move forward, turn left, turn right) and a
Q-table of 375 Q-values. Zhang et al. [31] used a multi-sensor
mobile robot with Q-learning for path planning, defining
states as a combination of the distance from the robot to the
target and the distance from the robot to obstacles, including
dynamic obstacles. Li et al. [32] implemented Q-learning
in a simulation environment with an agent equipped with
8 sonar sensors, where the state was the discretization of sonar
data. Ribeiro et al. [33] used Q-learning for mobile robot
path planning by obtaining states with two discrete infrared
sensors and an agent with 14 actions (i.e., three different
speeds forward, three backward, three right turns, three left
turns, two self-rotations CW and CCW). They developed two
methods, A and B, with method A alternating actions during
episodes and method B maintaining the same action until
the Q-table was updated. In general, method B was more
efficient. Maoudj and Hentout [34] used image processing
to obtain points around obstacles as node states. While this
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method was effective in minimizing the state space size, the
agent was unable to explore a wider area, as it was restricted
to certain paths only.

Previous Q-learning approaches for path planning can be
broadly classified into two categories: grid state-space based,
and sensory state-space based. Grid state representation leads
to relatively large Q-values being processed, resulting in
slow convergence in complex environments and high memory
usage. While IQL and EQL approaches can address the issue
of slow convergence time in Q-tables, they are limited to
single fixed targets and require re-training every time the
target location changes. On the other hand, sensory state
representation approaches may be more effective in handling
complex environments without excessively increasing the
size of the Q-table, but to the best of our knowledge, they
have not been applied to the problem of path planning for
multiple or dynamic targets.

lll. METHODS

A. CLASSICAL Q-LEARNING ALGORITHM

Q-learning is a type of reinforcement learning algorithm,
first introduced by Watkins and Dayan [35]. Reinforcement
learning (RL) is a machine learning paradigm that aims to
optimize an agent’s behavior in an environment through the
use of reward signals [36]. The goal of RL is to maximize the
cumulative reward received by the agent through its actions,
as shown in (Figure 1). Q-learning is a well-known algorithm
in the field of RL and has been widely applied to a variety of
problems involving decision-making under uncertainty.

_‘:[ Agent

Tt St+1 i

| Environment

FIGURE 1. Reinforcement learning framework.

In the interaction of an agent within an environment,
Q-learning algorithm consist of episodes, steps (T'), set of
states (S), set of actions (A), set of rewards (R), and a pol-
icy (). Episodes are the iterations where the agent learns
through. Steps (T') is the maximum number of total actions
the agent can perform in a single episode, where each step
(#) represents a time interval. When the agent takes an action
in a state §; it leads the agent to the next state s;y3. States
(S) are the state space or the set of all possible positions,
locations, or conditions the agent can be in the environment.
Actions (A) is the set of all posable actions the agent can
perform in a state (s). Rewards (R) is the reward function
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or the set of all posable rewards the agent may receive after
performing an action (a) in a state (s) at a time step (¢), known
as state-action pair Sy, ;. The size of state-action pairs is the
number of all posable states s1, 52, 53 . . .S € S multiplied by
the number of all posable actions aj,a2,as...a, € A, or
(n x m).

Let an agent be a mobile robot and the environment is a 2D
grid-map sized 5 by 5 units (Figure 2), let the mobile robot be
able to navigate a single unit at the time towards north, west,
south, or east, and let the reward function be as the following.

100, (s;4+1) = Target State
—50, (s¢+1) = Obstacle State
—1, (s¢+1) = Free State

1 =f (¢, a0) =

()
where (100, —50, —1) € R

?

FIGURE 2. (5 x 5) 2D grid-map environment with robot, target, obstacles,
and free states as green, red, black, and white respectively.

The robot receives an immediate reward of (100) points if
it took any action (a;) at any state (s;) that leads to the target
state in (¢ + 1), the robot receives an immediate reward of
(—50) points if it took any action (a;) at any state (s;) that
leads to an obstacle state in (f + 1), the robot receives an
immediate reward of (—1) point if it took any action (a;) at
any state (s;) that leads to a neither target or obstacle state
in (¢ + 1). The reward function is responsible for shaping
the behavior of the agent will inherit with time, in this case
the reward function is reinforcing a behaviour of obtain-
ing the shortest way to the target while avoiding the obstacles.

The size of the state-space (§) will be 25, this is known
as grid state-space, where each grid represents a state the
mobile robot land on. For each state (s;) the mobile robot
can perform an action (@) out of four actions (A). there-
fore, the size of state-action pairs is (25 x 4 = 100). The
state-action pairs are stored in a lookup multi-dimensional
table known as Q-table where each state-action pair will
hold a value known as Q-value or Q(s, a), the objective of
the Q-learning algorithm is to obtain the optimal Q-values
[O (s, a)]* of all the state-action pairs in a process known
as convergence (Figure 3), where the Q-table is completely
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filled with optimum Q-values at the end of episodes. The
Q-values are updated in the Q-table every step (¢) by solving
the Bellman equation as follows.

Q@¢,a)=1—-a) xQ(sr,a) +a
X [rip1r +y x max (Q (s+1, arr1))] - (2)

where the Q-value of an action (a) preformed on a state (s) at
time step (¢) is the expected reward of that state-action pair
combined with the discounted maximum Q-value available
in the next state-action pair at (f + 1). Alpha () is the
learning rate that controls the rate of Q-values updates in
the Q-table. The discount factor gamma (y) determines the
impact of the reward value at the current state (s;). Eventually,
for the robot to autonomously decide the optimal action (a™)
from the set of actions (A), there must be a policy (i) to
govern the decision-making. The policy (i) states that the
robot should select the action which carries the maximum
Q-value among the other actions in a state (s). This approach
of action decision is known as ‘“‘Exploitation”. However,
at the beginning of the training, the robot might not have
any experience of the environment, and the Q-table is empty.
Therefore, the exploitation is to be neglected in the early
training stages and replaced with random or semi-random
action decisions to gain experience. This approach of action
decision is known as “Exploration” [36].

The balance between exploration times and exploitation
times is very important. If the agent over utilized exploration,
it would lead to slow and random convergence of the Q-table.
If the exploitation method is overutilized, it will lead to quick
and poor convergence of the Q-table. One of the strategies
to control the ratio between exploration and exploitation in
Q-learning is (e-greedy) algorithm [36].

a*, e<P
a =f(&P)= [rand(A), SZP]

The parameter epsilon (&) represents an exploration proba-
bility. In every step (¢) the epsilon value is to be compared
with a random probability (P). If epsilon is greater than (P),
a random action will be selected (Exploration). And if the
epsilon is less than (P), the optimal action will be selected
according to the policy () (Exploitation). Usually, epsilon
is initiated as a value close to 1, at the end of each episode
the epsilon value is updated by multiplying it with a decay
factor (a positive number between 0 and 1) so the epsilon
approaches zero with time. Both the initial epsilon value
and decay factor value along with the number of episodes
control the rate and transition of exploration to exploitation
in the training process, at the end of training in the example
of the mobile robot, the Q-table converges to the optimal
Q-values for each state-action pair. The Q-values guide the
robot toward the target state and prevent it colliding with
obstacles from any empty state in the map (Figure 3).

3

B. SARSA ALGORITHM
SARSA and Q-learning are reinforcement learning algo-
rithms that are commonly employed to determine optimal
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FIGURE 3. Q-table convergence through episodes.

Algorithm 1 Classical Q-Learning (CQL) for Path Plan-
ning

Initialization Define: State-space (S), Actions (A),
Rewards (R), policy () Set values of: No of Episodes
(E), No of Steps (T), Learning Rate («), Discount Factor
(y), Epsilon (¢), Epsilon Decay Factor (v)

Set Q-table to zeros

Fore =0t E do

Fort =01t T do
Observe the current state (s;)
Exploration vs Exploitation
P=rand (0, 1);
Ife <P

| a; =argmax [Q (s, A)];
Else

a; =rand (A) ;

Observe the new state (s;41)
Reward Function
If (s;41) is the target state

| e = 100;
Else
if (s,41) is obstacle state
ll rey1 = —50;
Ise
rep1 = —1;

Solve for Q-value

Q(s,a) = (1 —a) x Q (s, ar) +

o X [rpr+y x max (Q (Si+1, ar41))]
Update Q-value to Q-table
Q-table[s;, ar] = Q (s, a) ;

End

Epsilon Decay

£=2¢& X v
End

policies in Markov decision processes. Despite their shared
objective, there exist crucial disparities between the two tech-
niques. The fundamental divergence pertains to their respec-
tive methods of updating Q-values. Q-learning is categorized
as an off-policy algorithm, whereby it enhances its Q-values
by considering the optimal action to take in the present state,
even if it is inconsistent with the existing policy. Conversely,
SARSA is classified as an on-policy algorithm, where it
modifies its Q-values based on the policy being pursued in
the current state [37]. Thus, the modified Bellman equation
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for SARSA can be articulated as follows.
Qs,a)=(0—0a)xQ(s,a1) +

X [rep1+y x Q (g1, ap)] - (4
The SARSA algorithm is outlined as follows:

Algorithm 2 SARSA for Path Planning

Initialization

Define: State-space (S), Actions (A), Rewards (R),
policy (;r) Set values of: No of Episodes (E), No of
Steps (T'), Learning Rate («), Discount Factor (y),
Epsilon (¢), Epsilon Decay Factor (v)

Set Q-table to zeros

Fore =01t E do

Fort =0t T do
Observe the current state (s;)
Exploration vs Exploitation 1
P =rand (0,1);
Ife <P

| a; = argmax [Q (s, A)];
Else

a; =rand (A) ;

Observe the new state (s;+1)
Reward Function
If (s;41) is the target state

| ri41 = 100;

Else
if (s;41) is obstacle state

‘l re+1 = —50;

Ise

rir1 = —1;

Exploration vs Exploitation 2
P=rand (0, 1);
Ife <P

| a1 = argmax [Q (s;41,A)];
Else

as+1 =rand (A);
Solve for Q-value
Q(s,a) =1 —a) x Q(st,ar) +
o X [re41 + 7 X Q (5141, dr41)]
Update Q-value to Q-table
Q-table[s;, a;] = Q (s, a);
End
Epsilon Decay
E=€ X V;

End

In this paper a modified Q-learning algorithm have been
proposed to perform the path planning of multiple targets in
unknown environments for mobile robot equipped with a 2D
LiDAR module, the proposed algorithm was mainly based on
the processed 2D LiDAR data, as it considered sensory state-
space. The proposed Q-learning algorithm was trained and
tested in simulation environment, where it consists of a virtual
omnidirectional mobile robot equipped with a 2D LiDAR
scanner to allow map exploration and obstacle detection. The
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simulation environment was created in Python with the aid of
OpenCV package. The process of creating the environment,
designing the Q-learning algorithm, and its implementation
is introduced in the next subsections.

C. SIMULATION ENVIRONMENT
The environment is a 2D map represented as an image of
400 by 400 pixels, where each pixel is equivalent to 5 cen-
timeters in real-world dimensions. There are two maps, the
reference map, and the robot map. The reference map is the
fully known map used for training, which is a black and white
image with a size of 400 by 400 pixels, where black and
white areas represent obstacles and free spaces respectively.
The mobile robot has no comprehension of the reference
map; therefore, it has to create its own robot map. The robot
map is a colored image size of 400 by 400 pixels, where the
colors black, grey, and white represents obstacles, unknown,
and free-space areas respectively, while the virtual mobile
robot and targets are represented with green and red colors
respectively.

The virtual mobile robot is assumed to be equipped with
a 2D LiDAR to collect information about the unknown envi-
ronment. A method of Lidar emulating was done in order to
introduce this feature in the simulated environment. In the
beginning, the robot map is initialized with all pixels in grey
color which indicates that the map is an unknown area to
the robot. Other initialization variables like range (K), field
of view angle (@), and segment angle (¢) are shown in
(Figure 4).

FIGURE 4. LiDAR variables for simulation.

The range (K) determines the maximum reading distance
of a laser ray at any angle. In this work the maximum range
is 5 meters or 100 pixels in the simulated environment. The
field of view (®@F) determines the angular scanning range
with value of 360° degrees. The segment angle (¢) determines
the angular discretization of the field of view and was set
to 1° degree. In other words, there will be a LiDAR reading
each degree of the 360° degrees, outputting 360 readings in
total. The LiDAR simulator starts from the virtual robot as
the origin point with nested loops A and B. loop A is the
field of view loop from 0 to 359 where each step in the loop
represents a segment. In loop A there is another loop B from
0 to 99 represents the range of 100 pixels. For each iteration
in loop B, the algorithm grabs the x, and y coordinates of the
next pixel in the direction of the angle obtained from loop A
with respect to the robot location. The pixel coordinates are
compared with the identical coordinates in the reference map
image. If it is an obstacle (black pixel), loop B stops. If it is
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Algorithm 3 2D LiDAR Scanner Simulator

Initialization
Set values of: Range (K), Field of View Angle (OF),
Segment Angle (¢), Robot Position (xg, Yg)
Input: Reference Map (RFM), Robot Map (RBM)
Loop (A)
For 6y =[0to Of] x ¢ do
Loop (B)
For k =010 K do
Observe the current pixel (xgx, Yor)
Xgr = XR + int[k x cos (6F)];
Yok = YR + int[k x sin (Op)];
Update the robot map
If RFM [xgx, yor] = [O]
ll RBM [xgx, yox] = [0, 0, 0] ;
Break
Ise

RBM [xgx, yox] = [255, 255, 255] ;

End
End

a free space (white pixel), loop B carries on to the next pixel
in the same direction until reaching the maximum range or
finds an obstacle. At the end of loop, A, a complete scan is
performed, and the scanned information is passed to the robot
map.

In the real-world, the mobile robot is omnidirectional.
Therefore, to discretize the robot movement in the simulated
environment, the virtual mobile robot is assumed to be able to
move in eight directions (North, north-west, west, south-west,
south, south-east, east, and north-east). For each direction,
the virtual mobile robot is assumed to travel 9 pixels i.e.,
approximately (0.5) meters in the real world.

To further discreet the environment, the concept of tiled
map is used (Figure 5), where the robot map is segmented
into matrixed tiles. Each tile is set to 9 by 9 pixels sized.
When the robot performs a movement step, it travels from
the center of one tile to the center of one of the available
8 neighbor tiles. The tiles are generated after each laser
scanning operation, where the first tile is at the initial virtual
robot position. To generate the next surroundings tiles, the
scanned area of the tile must be completely obstacle-free
and known, and any pixel within the future generated tiles
are considered unknown (gray) or occupied with obstacle
(black). The method will not generate a tile in that location

FIGURE 5. Example of reference map, LiDAR scanner map, robot map and
tiles map as A, B, C and D respectively.
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to prevent any physical collision of the virtual mobile robot
with obstacles.

D. PROPOSED VFH-QL ALGORITHM

1) STATE CONFIGURATION

State is defined as a set of three elements based on processed
lidar data. The first element is the determination of whether
there is an open way or an obstacle around the robot. To visu-
alize the approach, consider a mobile robot equipped with a
2D LiDAR performing laser scanning on a map. The readings
of the LiDAR could be plotted as a two-dimensional graph of
field of view (®F) versus range (K). For each angle (8 ), the
laser ray either bounces back from an obstacle at distance (k)
or reach maximum range k = K = 100 pixels (Figure 6).

100 ¢
90
80
70
60

30
20 |
10 |

0 45 20 135 180 225 270 315 360
0y

FIGURE 6. Robot map and LiDAR scanner map in A and B respectively,
with LiDAR data graph.

In the graph, each mountain represents an ““Open way’’ on
the map with respect to the angle, (0r), whereas each valley
represents an obstacle in that direction. A single dimension
convolutional average filter is applied to smooth the data,
eliminating the tiny noise mountains, and emphasizing the
bigger ones according to the size of the sliding average win-
dow. In this work, a window of size 1 by 11 was used. The
next step is to find the peaks of mountains, as it will determine
the (@F) directions of the open ways on the map. The peaks
finder algorithm is shown as follows.

The angles taken from the peak finder are classified into the
eight angles of the robot movement directions. The output is
an array of eight binary values representing direction of 0°,
45°,90°,135°, 180°,225°,270°, 315° where obstacle or open
way are represented as zero or one respectively.
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Algorithm 4 Peaks Finder

Initialization

Input: LiDAR Data

Set: New Array as (X)

c=0;

For 6 = [0to ®f] x ¢ do
Ifk [6F] = k[0 — 1] and k[6F] = k[6F + 1]
X [c] = OF;
c+=1;

End

Return X;

The second element is the determination of the target angle
with respect to the robot position. The obtained angle is
classified into one of the eight directions angles (i.e., 0°, 45°,
90°, 135°, 180°, 225°, 270°, 315°).

The third element is the determination of whether the target
is visible to the robot or not, by calculating if the target point
is inside the laser-scanned area. Let (d7) be the chessboard
distance between the target and the robot and let (67) be
the angle of the target with respect to the robot direction.
By referring to the LiDAR data, let (k1) be the lidar reading
of the ray emitted at an angle (7). If k7 is greater than dr,
then the target point is inside the laser-scanned area, and if
dr is greater than k7, then the target point is located outside
the laser-scanned area. The result is a binary value where
0 represents a situation of an invisible target, and 1 represents
a visible target.

Finally, the three elements are combined in an array of
10 values to define a state, where the first 8 values describe
the open ways and obstacles in 8 directions. Followed by the
target’s angle and target’s visibility in the nineth and tenth
values respectively. The theoretical size of the state-space is
(2% x 8 = 4096) possible states.

2) REWARD FUNCTION

The reward function was designed to obtain a behavior of
moving towards the target while avoiding the obstacles,
where it is divided into positive rewards, major punishments,
and minor punishments. The agent receives an immediate
reward (250) when it reaches the target location. To encour-
age obstacles avoidance, the agent receives a major punish-
ment (—50) in case of obstacle collision attempt. The agent
receives a minor punishment (—1) when it chooses the action
direction that fit two criteria:

1) the action direction must be one of the “Open way”

directions in the state configuration and

2) the action direction must have the lowest action

to target angle difference (Af,r), where Af,7 =
min[(@r — a), (a — 071)].

This minor punishment was made to encourage the agent
to reach the target in the shortest time. If the agent chooses an
action that failed criteria 2 and fitted criteria 1, it receives a
minor punishment (—2 > r > —5) depending on the action to
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target angle difference Af,r value. This minor punishment
was made to encourage the prevention of using other open
ways than the closest to the target.

IV. EXPERIMENTAL SETUP AND RESULTS

The proposed Q-learning path planning algorithm was devel-
oped to achieve faster convergence and better performance
than the classical Q-learning algorithm for path planning
(CQL). VFH-QL and CQL methods were trained in computer
simulation via two experiments. Experiment 1: path planning
for a single and fixed target on the map, where the virtual
mobile robot is initiated at the start point and the goal is
to obtain the optimal path to a fixed single target point
(Figure 7). Experiment 2: path planning for multiple targets
on the map, where the virtual mobile robot initiated at the
start point with (10) target points scattered on the map. The
goal is to obtain the optimal path to the locked target. Each
time the robot reaches the locked target, it will be the new
starting point for the next target to be locked in a defined
order (Figure 7). The performance results of the proposed
Q-learning path planning algorithm were qualitatively and
quantitatively compared to the CQL results with identical
Q-learning parameters, in the same unknown environment
and conditions for both experiments. The obtained path opti-
mality levels were estimated via comparison with the heuris-
tic global path planning method A* and smoothed with Spline
algorithm.

"l !

I : I
- -

FIGURE 7. Training maps for A) experiments 1 and B) experiment 2,

where the robot start point, targets, obstacles, and free space are
represented as green, magenta, black, and white.

A. EXPERIMENT 1: PATH PLANNING FOR SINGLE

FIXED TARGET

In this experiment, both VFH-QL and CQL methods were
trained for 60,000 episodes to find the optimal path from the
start point to the fixed target point on the map. The proposed
method showed a faster convergence where it managed to
find the solution faster than CQL (Figure 8). The ““solution”
stands for achieving the target in the shortest path within one
episode such that the reward reaches the global maximum
value. For example, in an episode, if the target is three steps
far from a starting point, where each step costs (—1) reward
and the target return (250) reward, the optimal path will cost
[(—1 x 3) + 250 = 247] as a global maximum.
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FIGURE 8. Learning curves of the proposed method compared to CQL
after training for single target path planning.

Due to the differences in state-space configuration between
the proposed method and CQL, it allows the proposed method
to minimize unnecessary exploration, where if the virtual
mobile robot learns from an obstacle in some locations, it no
longer needs to learn again the next time it faces a similar
obstacle in another location. Unlike CQL, it considers every
locational state on the map as a unique state to learn even if
it was similar in condition to a registered state in a previous
location. Therefore, the episode reward range (i.e., minimum
to maximum reward in the episode) of CQL is wider than
the proposed method, which indicates the large number of
Q-values to be processed.

The results of the final paths are shown in (Figure 9), where
for CQL, the obtained path was identical to the path generated
by A* algorithm if the map is assumed to be known. This
path is the shortest possible path from the starting point to
the fixed target. However, it is dangerous for mobile robots
to maneuver close to obstacles in an unknown environment.
VFH-QL method sacrificed some of the path’s length for
safety (better obstacle avoidance) due to the effect of the
proposed reward function on the path planning behavior. In
(Table 1), the proposed method showed a 52.7% improvement
in the overall training time for 60,000 episodes compared to
CQL and 72.95% less episodes required than CQL for the
training process. Therefore, the proposed method required
87.06% less training time than CQL to find the optimal path
in experiment A. The proposed method was 99.98% better
at obstacles avoidance than CQL method with 75.52% less
exploration (step-timeout).

B. EXPERIMENT 2: PATH PLANNING FOR

MULTIPLE TARGETS

In this experiment, both VFH-QL and CQL methods were
trained for 60,000 episodes to obtain the optimal journey path
from the start point to a dynamic target point on the map.
Each time the virtual mobile robot reaches the target, the envi-
ronment will relocate the target to the next pre-determined
location (refer Figure 7) which is the next target for the
remaining episodes. The CQL method managed to find the
first target after (17454) training episodes. However, when
the target position was relocated in the environment, the robot
was forced to navigate to the first target location due to the
convergence being strongly attached to the map, leading to
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FIGURE 9. Experiment 1 final path results in tiles map and after path
smoothing for A) CQL method, B) proposed method, and C) A* method.

TABLE 1. Training results of single fixed target path planning.

CQL Method VFH-QL Method A*
Tra.mmg 3.89 Hours 1.84 Hours -
Time
Solution After (52500) After (14200) )
Episode episodes/(3.4) hours episodes/(0.44) hours
Before After Before After
Target Hit findl.ng findl'ng findl.ng findl'ng
Ti solution | solution | solution | solution 1
imes
39434 7498 12003 45800
Obstacle
Hit Times 44422 2 11 0 0
Step-
timeout 8525 0 2087 0 -
Times
Final Path . . 23
Length 23 Tiles 31 Tiles Tiles

reward loss. CQL will need more time to unlearn the previous
target through punishments until it finds the locked target,
and this process of unlearning and relearning will occur again
each time the virtual mobile robot reaches the next target in
a sawtooth learning curve pattern (Figure 10). On the other
hand, the VFH-QL method showed a faster convergence than
the CQL and managed to successfully learn to achieve all
targets throughout the episodes. The time taken for the subse-
quent targets is decaying and the average reward is increasing,
showing optimization (Figure 10). The VFH-QL and CQL
final path planning results are shown in (Figures 11, 12),
and in (Table 2). The proposed method found the path to the
first target in 56.92% less training time and 63.78% fewer
episodes than CQL. For the next 9 targets, the proposed
method showed a 24.61% average time decrease between
targets in the training process, while CQL failed to solve
for multiple targets. Therefore, the average performance of
the proposed method was better than CQL by [(56.92 +
900) + 10] = 95.69% in training time and by 83.99% in
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FIGURE 10. Learning curves of the proposed method compared to CQL
after training for multiple targets path planning.
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FIGURE 11. Experiment 2 final path results of CQL in A) tiles map and

B) after path smoothing for the first target.

path optimality, where the average path length error (A Path
Length) between CQL and A* was 30.6 tiles compared to

4.9 tiles for the VFH-QL method.

C. EVALUATION OF VFH-QL PERFORMANCE

CQL Method A*
T?ii::lieng 6.64 Hours -

) Time Path Path A Path

Episodes (H) Lel‘lgth Lel‘lgth Lel‘lgth

(Tiles) | (Tiles) (Tiles)
Target: 1 17454 1.3 71 23 48
Target: 2 19 19
Target: 3 27 27
Target: 4 29 29
Target: 5 32 32
mee | AREIOCONIGE [T |
Target: 7 17 17
Target: 8 38 38
Target: 9 42 42
Target: 10 32 32

VFH-QL Method A*
Tra‘ining 2.83 Hours -
Time

Time Path Path A Path

Episodes (H) Lefngth Lefngth Lel'lgth

(Tiles) (Tiles) (Tiles)
Target: 1 6322 0.56 33 23 10
Target: 2 336 0.05 23 19 4
Target: 3 609 0.03 38 27 11
Target: 4 444 0.02 35 29 6
Target: 5 278 0.01 34 32 2
Target: 6 163 0.02 28 22 6
Target: 7 277 0.01 18 17 1
Target: 8 11 0.008 43 38 5
Target: 9 162 0.005 46 42 4
Target: 10 99 0.005 32 32 0

To evaluate the stability and efficiency of the VFH-QL algo-
rithm in multiple targets path planning, we conducted a
series of experiments on three different grid maps of vary-
ing complexity. The “Artificial Benchmarks” proposed by
N. Sturtevant [38] were chosen as the grid maps for this
study. The first map used was “empty-32-32” map, which
was a simple grid map with no obstacles, comprising 32 by
32 states with uncrossable outer borders. The second map was
“random-32-32-10" map, which was a grid map with size
32 by 32 with randomly placed obstacles, creating 922 free
states with uncrossable outer borders. The third map used was
“random-32-32-20"" map, which was a grid map of the same
size as the previous one but with relatively denser random
obstacles, creating a total of 819 free states. These maps are
shown in (Figure 13).

The benchmark set provided a variety of scenarios for
each map, each containing multiple problems. These prob-
lems involved randomly selecting two points on the map and
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finding the optimal path between them. The optimal path
length was calculated using diagonals with a cost of /2
and cardinal movements with a cost of 1. The problems were
categorized into larger “‘buckets”, with the bucket value for
a path of length (/) being | £ |. Thus, short path problems
had a lower bucket value compared to longer path problems.
For each set of experiments, 10 problems were randomly
selected to be solved as a multi-target case. These problems
had bucket values ranging from O to 9, testing different path
lengths. The robot was tasked with finding the optimal path
for all 10 problems. If the robot completed all 10 problems
before the maximum number of episodes was reached, the
problems were repeated until all the episodes were used.
We compared the performance of VFH-QL with CQL and
SARSA algorithms, in terms of path length and the number
of episodes required to find the shortest path.
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FIGURE 12. Experiment 2 final path results of proposed method in tiles
maps and after path smoothing for targets 1 to 10 represented in
(A) to (J) respectively.
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FIGURE 13. Benchmark 2D grid maps sized 32 by 32 grids with different
levels of complexity. The obstacles and free space are represented as
black and white respectively.

The training parameters were consistent for all three algo-
rithms and across all three experiment sets. The algorithms
were trained for 500 episodes, with each episode having a
maximum of 100 action steps. The maximum epsilon value
was set to 0.9, and the minimum epsilon was set to 0.05,
with an epsilon decay value of 0.99 to ensure a smooth decay
from exploration to exploitation over the 500 episodes. The
learning rate was set to 0.1 to ensure long-term learning with
discount factor of 0.95.

In analyzing the performance of the (empty-32-32) map
(Figure 14), it is observed that CQL exhibits the lowest
average reward rate. Furthermore, the learning curve pattern
demonstrates that the algorithm is not learning and, in fact,
is de-learning. In (Figure 15) CQL only achieved the first
4 targets, with the first target attained perfectly in the first
episode. It is highly probable that CQL stumbled upon the
optimal path by chance, given that the epsilon value was 0.9,
signifying that 90% of the robot’s actions were random. In the
second and third paths, CQL finds the second target but with
poor path quality. When attempting to find the third path, the
robot exhibits a tendency to move toward the previous target
location instead of the current target (refer to red arrow with
label 1). This behavior results in a loss of reward during train-
ing until the Q-table corrects the previous experience, and the
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Training for Multi-Targets Path Planning in (empty-32-32) Map
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FIGURE 14. Learning curves of the proposed method compared to CQL
and SARSA after training for multiple targets path planning in map
“empty-32-32".
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FIGURE 15. Best path results of CQL, SARSA and the VFH-QL method in

“empty-32-32"" map, targets 1 to 10 represented in (A) to (J) respectively.
The start and target points labeled as (S) and (T). Further details and
coordinates in (Table 3).

robot learns to navigate to the correct target. Consequently,
the overall path length is poor.

Similar behavior is exhibited by SARSA, as demonstrated
by its learning curve pattern (Figure 14), which is analogous
to that of CQL. In (Figure 15), the path of the third target
illustrates that the robot was pulled towards the second target
by the Q-table, and likewise, the robot was drawn towards the
fourth target during the search for the fifth target (refer to red
arrows with labels 2 and 3).

It is worth noting that CQL and SARSA failed to find the
fifth and sixth targets respectively, and remained stuck in the
process until all episodes were completed.

Upon examining the learning curves of (empty-32-32)
map presented in (Figure 14), it is evident that VFH-QL
exhibits a learning behavior, as the average reward steadily
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FIGURE 16. Learning curves of the proposed method compared to CQL
and SARSA after training for multiple targets path planning in map
“random-32-32-10".
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FIGURE 17. Best path results of CQL, SARSA and the VFH-QL method in
“random-32-32-10" map, targets 1 to 10 represented in
(A) to (J) respectively. Further details and coordinates in (Table 3).

increases throughout the episodes. Moreover, VFH-QL dis-
plays a repentant wavy pattern in the learning curve, par-
ticularly after approximately 100 episodes, indicating that
the algorithm successfully completed the task of identifying
all ten target paths and continues to repeat the task while
optimizing the path lengths, leading to a subsequent increase
in average reward. (Figure 15) showcases the 10 best paths
obtained by VFH-QL during training, with (Table 3) detail-
ing their respective path lengths and the episodes at which
they were acquired. The results illustrate the efficacy of the
VFH-QL algorithm in accomplishing the planning task in
an unknown environment, with the path lengths being the
shortest or nearly the shortest in most cases.
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Training for Multi-Targets Path Planning in (random-32-32-20) Map
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FIGURE 18. Learning curves of the proposed method compared to CQL
and SARSA after training for multiple targets path planning in map
“random-32-32-20".

In the conducted experiment that aimed to train for mul-
tiple target path planning within (random-32-32-10) map,
(Figure 16) illustrates that both the CQL and SARSA meth-
ods exhibited a decreasing trend in their average reward
values across episodes, thereby indicating that they failed to
acquire the ability to learn for multiple targets path planning.
In contrast, the VFH-QL method exhibited an increasing
trend in its average reward values, indicating that it was
successful in learning the task.

In (Figure 17), it is observed that the CQL and SARSA
methods successfully generated paths for the first 3 targets
only, albeit with significant path length errors, and were
unable to obtain paths for the remaining 7 targets. Conversely,
the VFH-QL method was able to generate paths for all ten
targets with an average path length error of less than 5%.
Further details on the paths generated by the three methods
are presented in (Table 3).

In the context of the experiment aimed at training for
multiple targets path planning in (random-32-32-20) map,
(Figure 18) illustrates that the average rewards for both CQL
and SARSA decrease with each episode. This trend suggests
that these methods have not been successful in learning the
task of multiple target path planning. On the other hand, the
VFH-QL method exhibits an increasing trend in its average
reward, indicating its proficiency in learning the task. The
slightly rougher appearance of VFH-QL’s learning curve can
be attributed to the increased complexity of the map with a
greater number of obstacles as compared to the previous two
maps.

As illustrated in (Figure 19), both CQL and SARSA were
successful in obtaining paths for only the first two targets,
with path length errors, resulting in their failure to acquire
the remaining eight targets.

Conversely, VFH-QL was able to successfully obtain all
ten paths, with an average path length error of less than 5%.
Detailed information pertaining to the paths acquired by all
three methods can be found in (Table 3).
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FIGURE 19. Best path results of CQL, SARSA and the VFH-QL method in “random-32-32-20" map, targets 1 to 10 represented in (A) to

(J) respectively. Further details and coordinates in (Table 3).

TABLE 3. Training results of multiple targets path planning in benchmark maps.

Best path episode Best path length Optimal Error
Map Start Target path
x,y) (x,y) CQL | SARSA | VFH-QL | CQL | SARSA | VFH-QL length CQL SARSA | VFH-QL

(11,12) | (13,10) 1 4 343 2.83 19.90 2.83 2.83 0.00 17.07 0.00

(14,22) | (8,20) 34 13 122 40.04 30.04 6.83 6.83 33.21 23.21 0.00

. 9,15 3,7 64 50 210 57.11 53.36 10.49 10.49 46.62 42.87 0.00

o (25,8) | (13,14) 76 127 292 23.31 54.77 14.49 14.49 8.82 40.28 0.00

% (25,16) | (6,14) N/A 289 260 0 57.717 25.49 19.83 19.83 37.94 5.66

g (17,24) | (28,7) N/A N/A 215 0 0 22.38 21.56 21.56 21.56 0.82

£ 0,28) | (8,7) N/A N/A 437 0 0 27.80 24.31 2431 24.31 3.49

(5,12) | (28,25) N/A N/A 274 0 0 28.38 28.38 28.38 28.38 0.00

(26,2) | (0,24) N/A N/A 385 0 0 37.46 35.11 35.11 35.11 2.35

(12,0) | (30,30) N/A N/A 462 0 0 38.28 37.46 37.46 37.46 0.82
Average percentage error 159.15% | 232.10% 5.56%

(19,6) | (16,4) 16 14 116 12.66 10.07 3.83 3.83 8.83 6.24 0.00

(18,23) | (13,25) 49 76 119 84.36 8.66 5.83 5.83 78.53 2.83 0.00

S. (25,31) | (15,29) 247 325 164 35.80 51.46 11.83 10.83 24.97 40.63 1.00

Q (14,23) | (26,31) N/A N/A 316 0 0 15.90 15.31 15.31 15.31 0.59

g' 9,16) | (2,1 N/A N/A 279 0 0 22.56 19.07 19.07 19.07 3.49

& (2,11) | (17,28) N/A N/A 127 0 0 23.80 23.80 23.80 23.80 0.00

-§ (0, 0) (25,3) N/A N/A 246 0 0 27.49 26.83 26.83 26.83 0.66

g 3BL7 |(3,5 N/A N/A 456 0 0 29.66 28.83 28.83 28.83 0.83

(2,12) | (31,25) N/A N/A 296 0 0 36.38 34.97 34.97 34.97 1.41

(24,30) | 4, 1) N/A N/A 229 0 0 42.53 39.04 39.04 39.04 3.49
Average percentage error 250.81% | 121.85% 4.97%

(15,9) | (7,11) 5 64 121 2.83 741 2.83 2.83 0.00 4.58 0.00

(15,13) | (19,11) 163 204 239 8.83 14.83 5.41 541 3.42 9.42 0.00

SI (16,29) | (11,20) N/A N/A 392 0 0 12.66 11.66 11.66 11.66 1.00

o (8,2) (21, 6) N/A N/A 255 0 0 15.83 15.83 15.83 15.83 0.00

;:'1) (8,25) | (24,31 N/A N/A 386 0 0 19.90 19.07 19.07 19.07 0.83

g (29,27) | (9,23) N/A N/A 432 0 0 24.31 21.66 21.66 21.66 2.65

-§ (22,9) [ (L, D N/A N/A 215 0 0 27.73 24.90 24.90 24.90 2.83

8 (11,27) | (26,4) N/A N/A 444 0 0 30.38 30.38 30.38 30.38 0.00

4,7 (31, 13) N/A N/A 262 0 0 33.73 32.07 32.07 32.07 1.66

(2,29) [ (11,0 N/A N/A 453 0 0 38.38 36.14 36.14 36.14 2.24
Average percentage error 86.32% 109.20% 4.79%

The results of the experiment, as illustrated in (Figures 14
to 19) and (Table 3), demonstrate that the efficiency of the
VFH-QL approach in multiple targets path planning remains
consistently superior across the three maps tested. The effi-
ciency of each method can be determined by computing the
average percentage error, which is derived from the differ-
ence between the obtained path length and the optimal path
length, divided by the optimal path length and then multi-
plied by 100. Alternatively, the efficiency of each method
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can be expressed as a negative value, with O representing
perfect efficiency. The CQL method demonstrated an average
efficacy of —159.15%, —250.81%, and —86.32% for the
(empty-32-32), (random-32-32-10), and (random-32-32-20)
maps, respectively, resulting in an average overall efficiency
of 165.43% less efficient than the optimal benchmark results.
SARSA demonstrated efficiencies of —232.10%, —121.85%,
and —109.20%, resulting in an average overall efficiency of
154.38% less efficient than optimal benchmarks. In contrast,
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the VFH-QL approach demonstrated efficiencies of —5.56%,
—4.97%, and —4.79%, resulting in an average overall effi-
ciency of only 5.11% less efficient than optimal benchmarks.
These results indicate that the VFH-QL approach achieved a
96.91% improvement over CQL and a 96.69% improvement
over the SARSA algorithm in path planning for multiple
targets.

V. CONCLUSION

In summary, this research has presented a modified
Q-learning method called Vector Field Histogram based
Q-learning (VFH-QL) that addresses the limitations of clas-
sical Q-learning algorithm (CQL) in unknown and dynamic
environments with multiple targets. The VFH-QL algorithm
utilizes a 2D LiDAR sensor for sensory state-space repre-
sentation and reward function, which results in a more effi-
cient and effective path planning solution. The performance
of the proposed method was evaluated through simulation
experiments, where it was demonstrated that the VFH-QL
algorithm achieved significant improvements in terms of
training time and path quality compared to CQL and SARSA
methods, with improvements of 96.91% and 96.69% respec-
tively. Furthermore, the proposed method was able to handle
multiple targets in unknown environments with an efficiency
of 94.89%, making it a suitable solution for mobile robots
equipped with 2D LiDAR sensors. Overall, this research
has made a valuable contribution to the field of path plan-
ning, providing a new and efficient solution for multiple
targets in unknown and dynamic environments, which will
have potential applications in various fields such as robotics,
autonomous vehicles, and drones, particularly for map explo-
ration and mapping tasks.
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