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Abstract

Autonomous mobile robots (AMRs) are becoming increasingly important in different domains such as healthcare,
warehouse automation and household duties, but still encounter problems when it comes to moving around unfamiliar
and dynamic environments. This study proposes an advanced robotic navigation system which combines the Soft
Actor-Critic (SAC) approach and Vector Field Histogram (VFH) for path planning and avoidance obstacles in completely
unknown environments. This system leverages the strengths of deep reinforcement learning and real-time obstacle
detection to achieve robust and efficient navigation in certain scenarios. The SAC strategy optimizes robot navigation
using policy networks and Q-networks, while the VFH method addresses obstacle avoidance by sensor data processing
and dynamically adjusting the robot’s angular velocity to avoid collision. For testing and implementing this system,
Gazebo simulation and Robot Operating System (ROS) are used. Experimental results demonstrated that the proposed
method outperformed the standard technique and achieved a high success rate in path planning and obstacles avoidance.
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I. INTRODUCTION

Scientific and technical advances have led to the use of mobile
robots in a range of everyday life disciplines including distri-
bution centers, warehouses, hospitals and automated cleaning.
Path planning has been given more consideration and develop-
ment because it is essential to allow these robots to navigate
autonomously through a specific environment from the start-
ing point to goal point without collision with any obstacle,
while taking into consideration variables like time, distance,
and smoothness. The primary objective in path planning in
complex situations is to find a safe, obstacle-free route that
minimizes the distance covered [1].

Path planning comes in two forms: global and local. In
order to do global planning, the autonomous robot must pos-
sess complete environmental knowledge, including start and

finish locations as well as the placements of all obstacles in
fully known surroundings. On the other hand, local planning
is appropriate in situations where environmental information
is not entirely known and is appropriate for settings that are ei-
ther partially known or unknown [2]. While moving obstacles
require real-time planning, static obstacles require knowing
the start and destination positions [3].

Each of the different techniques used to set up path plan-
ning techniques has its own way of working and is best suited
to specific tasks. While some path planning techniques are
optimized for static environments, others are made to func-
tion well in dynamic ones. Path-planning techniques can be
generally categorized into two sets: heuristic approaches and
classical approaches [4]. The artificial potential field [5],vec-
tor field histogram [6], mathematical programming [7],and
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the roadmap approach [8] are examples of often mentioned
classical methodologies. Heuristic methods include meth-
ods like particle swarm optimization [9], artificial intelli-
gence [10], bacterial foraging optimization [11], genetic al-
gorithm [12], and more. These techniques are widely used in
path-planning tasks and can be adjusted to various surround-
ing conditions [13].

Some of the path planning approaches mentioned above
suffer from inefficiency when dealing with unknown and diffi-
cult environments due to heavy dependence on environmental
map information. Increasing attention is being paid to creat-
ing methods that can learn on their own and does not require
maps of the environment [14].

Artificial intelligence (AI) has advanced quickly in the last
few years, especially in the areas of deep learning (DL) and
reinforcement learning (RL). One notable feature of reinforce-
ment learning is that it does not rely on maps, and it learns
path planning tactics by trial and error and using sensors that
communicate with the environment directly [15].

Deep reinforcement learning (DRL) is the combination
of two different paradigms in Al: DL and RL. This unifica-
tion enables Al systems to handle complicated tasks better
since they can take advantage of their individual strong points
more effectively [16]. DRL is a heuristic method which is
part of machine learning. Its applications can be found in
many sectors, including image recognition, gaming, and task
decision-making. The navigation systems in robots including
tasks like planning, perception, and localization, rely heav-
ily on DRL. Unlike traditional path planning technique that
depend on models or preset rules, a DRL agent learns by in-
teracting with its environment to find the efficiency path [17].

Soft actor-critic (SAC) is a model-free variant of the DRL
technique, known for its robustness and rapid convergence
compared to other approaches. This makes SAC ideal for
training agents in new and challenging scenarios [18].

Vector field histogram (VFH), created by Borenstein and
Koren, is a classical technique that uses range sensor inputs
to compute obstacle-free steering directions for a robot. This
allows the robot to successfully navigate its surroundings and
identify obstacles [19].

In this work, a heuristic method was used based on SAC
technique and integrated with the classical technique based
on VFH technique for path planning in completely unknown
environments. The key contributions of the current study can
be summarized below:

1. This study presents an innovative method that merges
the soft actor-critic (SAC) technique with vector field
histogram (VFH) method. The objective of this hy-
brid approach is to allow the robot to navigate around
both static and moving obstacles while effectively plan-
ning paths in complex environments. By incorporating

SAC’s proficiency in continuous action spaces with
VFH’s real-time obstacle detection and avoidance capa-
bilities, this solution significantly enhances the robot’s
adaptability and responsiveness.

2. SAC technique is good at teaching robot to interact with
it environments, using soft updates, past experiences,
and real-time obstacle information for safe and goal-
oriented actions.

3. VFH technique employs sensing data to identify safe
routes and obstructions in order to enhance the SAC
algorithm’s capability to safely and efficiently pass dy-
namic environments.

4. Furthermore, the combination of behavioral choice and
motion planning layers in the architecture of the pro-
posed method enhances both path accuracy and ef-
ficiency. It enables real-time adaptation to complex
scenarios by generating continuous control commands
based on inputs from environmental perception.

5. The performance of the suggested method was evalu-
ated in two different scenarios and compared with the
standard SAC technique under identical conditions. The
simulation outcomes clearly show that the proposed ap-
proach is effective in navigating around both static and
moving obstacles while avoiding obstacles.

The rest of the paper is structured as: The relevant work,
containing a variety of path planning and collision avoidance
methods, is covered in Section II. The proposed approach’s
path planning pipeline is presented in Section III, which also
covers the VFH technique for obstacle avoidance and the SAC
strategy for path planning. The methodology is presented in
Section IV, along with the soft actor-critic network structure
design, reward function, and SAC technique improvements.
The experimental simulation setup used to evaluate the sug-
gested approach is described in Section V. The experiment
outcomes are shown in Section VI, along with a thorough effi-
ciency and comparison analysis. Finally, Section VII offers
an extensive summary of the research ’s contents.

II. RELATED WORK

The two main sub-tasks of mobile robot’s path planning in
interior surroundings are detecting and avoiding obstacles and
path planning. The difficulty of local path planning involves
avoiding both static and moving obstacles, such as walls and
furniture, and moving objects like persons and equipment.
Approaches intended here are to apply strategies to navigate
safely in crowded indoor environments. They use sensors to
detect obstacles and plan a safe path free of collisions [20].
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Over the years, researchers in the subject of navigation
for mobile robots have investigated a variety of strategies,
spanning from classical artificial intelligence techniques to
modern bio-inspired techniques and DRL methods. The cur-
rent section will focus on pertinent research that specifically
addresses dynamic path planning approach obstacle identifi-
cation, and avoidance using DRL techniques. Research has
shown the capability of DRL techniques in effectively deter-
mining optimal paths for robots in dynamic environments.
However, DRL has limitations, particularly because it lacks
all-encompassing global data. If robots on wheels do not have
a full understanding of the environment around them, they
may face difficulties in navigating complex situations. To
get beyond the constraints of DRL methods, researchers have
started integrating these approaches with other strategies to
prevent collisions. This combination technique leads to im-
provement the navigational capabilities of robots in complex
surroundings.

Runqi et al. [21] suggested a two-layer, hierarchical deep
learning-based control framework for mobile robots to plan
and guide their exploration. They used a recurrent deep neural
network (RDNN) technique for motion planning, a collision-
free control technique based on deep reinforcement learning,
and a noisy prioritized experience replay technique for in-
creased exploration rate. Experimental results showed im-
proved performance and shorter training time.

Runnan et al. [22] proposed a method using deep Q-
networks and the concept of reinforcement learning. They
utilized two reward levels to handle collisions and weights
to find a compromise between goal approach and obstacle
avoidance. The findings showed that robots can maneuver
through obstacles with ease.

Kumaar and Sreeja [23] suggested a topological environ-
ment representation and deep Q-Learning method for learning
initial paths. A new ff-decay transfer learning algorithm
balances experience, exploration, and exploitation, achieving
over 98% accuracy in various service scenarios using rein-
forcement learning.

In their study, Zheng et al. [24] presented a dynamic action
selection technique for the purpose of enhancing manipula-
tor trajectory planning in dynamic situations. They used a
changeable guide item, a time-energy function, and an ar-
tificial potential field approach. This integration enhances
trajectory planning efficiency and stability, increasing conver-
gence rates by 3-5 times on DRL approaches such as DDPG,
SAC, and TD3.

Yang et al. [25] suggested an enhanced technique for mo-
bile robots’ navigation planning, based on the SAC method,
to improve robot performance in complex environments with
static and dynamic obstacles. The algorithm uses state dy-
namic normalization and priority replay buffer techniques to

enable quick obstacle avoidance and target reach. Experimen-
tal results show improved performance.

Hui et al. [26] presented a Long Short-Term Memory
(LSTM) into the Deep Deterministic Policy Gradient (DDPG)
network that integrates past and present robot states to de-
cide what to do. In addition, a reward function has been
modified for faster movement and a Batch Norm layer is intro-
duced. The application of normalization techniques increases
learning effectiveness. To prepare for the following robot
action, varied noise is added. Tests reveal that the algorithm
increases efficiency and success rate, improves generalization,
and speeds up convergence.

Kobayashi et al. [27] proposed a dynamic weight coeffi-
cients system for the Dynamic Window Approach (DWA) that
uses Q-learning to optimize path and weight coefficients to
overcome the drawbacks of fixed weight coefficients.

Tan et al. [28] proposed PL-TD3, a novel approach for
mobile navigation robots that enhances dynamic obstacle de-
tection and convergence speed. The usage of the LSTM neural
network with the PER enhances the efficacy of the technique.
The approach is tested in both static and dynamic situations;
the findings indicate that, in all cases, PL-TD3 performs better
than TD3 in terms of execution time and path length. The
problems of sluggish convergence and misperceived obstacles
are addressed by this technique.

In summary, merging DRL with other technology shows
high potential for improving the navigation capabilities of
robots for Path planning and collision avoidance.

II1. PATH PLANNING AND COLLISION
AVOIDANCE APPROACHES

A. Soft Actor-Critic Method for Path Planning
A stochastic actor-critic method, also known as soft actor-
critic (SAC), is used to learn continuous action space policies
using approximation functions. It alternates among policy
improvement and evaluation that allows finding the value
function of the policy at hand based on maximum entropy.
The SAC technique approximates a state-value network, a
Q-value critic network, and an actor policy network with three
different networks. These networks predict actions and create
a temporal-difference error for each time step. The purpose of
SAC is to maximize both rewards and policy entropy, which
refers to the degree of uncertainty associated with a variable.
A replay memory should be used to train and evaluate a policy
function that saves experiences from agent during training
sessions. This helps in avoiding accumulation of difference
when approximating more competent Q-function about the
problem that is being solved. For learning, randomly sample
experiences from previous episodes.

SAC is combined with maximum entropy DRL. The opti-
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mization objective can be represented by the following equa-
tion [29]:

T

ﬂ:rtlax = argm;lx ZE(S,Aal)Np,[ [r(st,a,) +a (710gﬂ"('|st))]
=0

1

where H(n(- | s;)) = —logm(- | s;) is the policy entropy, or

the degree of unpredictability of the policy.« is the coefficient
of temperature, which stands for whether maximizing rewards
or maximizing policy entropy is the more likely optimization
objective for SAC [30].

Yo, E(y, a)~pg [7(51,a:)] represents the primary reward objec-
tive of the goal function. The goal is to maximize this reward
function.

B. Vector Field Histogram Approach for Obstacle Avoid-
ance

The vector field histogram (VFH) technique is a computa-
tionally efficient technique constructed for dynamic obstacle
avoidance in mobile robots [31].This technology processes
sensor data received from the environment, transforming the
surrounding Cartesian coordinate map into a polar density
map. The method divides the robot’s range of vision into
angular bins, each of which stands for a different area of the
environment.

In this system, the VFH technique is initialized with a
predefined number of bins and angular range. By dividing
the entire range by the number of bins, one can obtain the
angular resolution and a regular distribution of sectors. The
obstacle density for each bin is then ascertained by processing
data scan ranges of the sensor. The method calculates the
obstacle density by summing all the sensor data within each
bin and normalizing these values based on the maximum range
observed. The density is set to zero in a bin if no obstacles
are found there. It ensures that the approach may dynamically
adapt based on the presence or absence of obstacles in the
surrounding area. After computing the obstacle densities, the
technique points to the sector with the low density, indicating
the direction with the least obstacles. The corresponding angle
of this sector is then chosen as the robot’s direction, guiding
it through the path of least obstacles. This implementation of
the VFH method thus enhances real-time obstacle avoidance
by dynamically adaptation to the scenarios and efficiently
computing the optimal heading steering based on obstacle
density.

IV. METHODOLOGY

The study aims to improve path planning for mobile robot in
static and dynamic environments by combining the SAC with

Laser Reading (10) —

Linear Velocity (1)

Linear Velocity (1) — —

Angular Velocity (1) —| SAC Network

Angular Velocity (1)

-

Target Distance (1) —

Target Angle (1) —

Fig. 1. Inputs and Outputs Network

VFH methods. The proposed method addresses challenges
faced by DRL technique in avoiding obstacles.

A. Soft Actor Critic Network Design

The inputs to the neural network are (14), (10) which represent
the laser detector readings, while the other (2) are the past
angular velocities and linear acquired by the agent, as shown
in Fig. 1. The robot’s relative position, including the angle and
distance to the target, is indicated via the two remaining inputs.
These inputs represent the state space that the robot receives
from its environment. The state in DRL is an illustration of
the present environment in which the robot is located. It can
be detected by the robot, and it has all the appropriate data
about the environment that the robot needs to identify and
make a decision about.The angles, at which the laser readings,
are obtained with respect to the mobile robot range (-7 to 7)
degrees.

The network outputs sent to the agent are linear velocity
and angular velocity, which is the action space that represents
the robot’s possible movements. Both the linear velocities
and angular velocities that are forwarding to the robot are
produced by the network.

Fig. 2 shows the network configuration of the SAC. The
mobile robot’s current location within the environment is de-
termined by the actor-network inputs. Before the input reaches
the output layer, it navigates three fully linked neural network
layers, each with (512) units. The network’s structure, as de-
tailed in [32] served as the basis for determining the number
of layers and units. The velocity (linear and angular) that
is forwarding to the agent is generated by the output layer.
However, “tanh” is used as the activation function, and the
actions are limited to the interval (—1, 1).

The critic-network gives the Q-value for the agent’s cur-
rent state and action. The present state value is predicted in the
value network. For processing the state inputs, the only two
networks used three fully-connected neural network layers.
Using a linear activation function, the Q-value and the value
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of the present situation are determined [33]:
y=ka+c 2)

where y is the expected value given the current state, k repre-
sents the weights for trained, a is the final layer’s input, and ¢
is the last layer’s bias.

The neural network can learn the best weights and bi-
ases using this process to predict accurately Q-values or state
values for any given input.

B. Reward Function

Once the surroundings are established, it is possible to sim-
ulate a mobile robot to carry out a path planning task. It is
main to define the system of rewards and penalties for the
DRL network. The penalties and rewards assigned to the
(robot) agent are numerical values derived from a function
model. This model is constructed using empirical knowledge
obtained during the problem-solving process. Therefore, the
network will do a backpropagation and feedforward process
to acquire knowledge of the hyperparameters.

In their work [34] the authors presented three criteria for
the reward function. One of the conditions in this work was
removed. This resulted in an extended duration of training.
However, the new reward function is superior to the prior one.
The reward function employed in this study was as follows:

Rgoal ifd; <cq

Rotiision if minimum, < c,

R(state,action) = { 3)

From threshold 10¢m, it is verified that the robot has
reached its target, and it receives a positive reward (Rg,,al).
However, the robot receives a negative reward (R ojjision) if
it collides with an obstacle. The variable “’c,” represents the
distance is 15¢m between the agent and an obstacle. Both
circumstances are adequate to terminate the training iteration.
We have chosen to exclusively provide rewards when the robot
encounters collisions and reaches the goals. This decision
was made based on our observation that alternative forms of
rewards created a deceptive interpretation of the map for the
agent, making it difficult for us to deliver rewards that align
with our objectives. By maximizing these benefits, the agent
would also accomplish our aims.

C. Enhancement of Soft Actor Critic Technique

In this paper, the focus was on improving mobile robot nav-
igation capabilities in environments with dynamic obstacles
by integrating the SAC technique with the VFH. The primary
motivation for this approach is that while DRL methods like
SAC have shown significant potential in various fields, they
often face challenges when it comes to effectively avoiding
dynamic obstacles in complex environments.

The SAC technique, known for its efficiency in solving
tasks with continuous action spaces, is used to improve a
policy that dictates the robot’s movement approaches based
on a given state input. The SAC method focuses on two main
tasks: developing a policy function to choose actions and a
value function to predict the outcomes of those actions. The
policy is modified to maximize both entropy and expected
rewards, which encourages exploration.

Our goal is to create a more reliable and adaptable navi-
gation system by integrating VFH, a well-established method
for real-time obstacle detection and avoidance. By combin-
ing SAC’s robust decision-making capabilities with VFH’s
precise perception, autonomous navigation in dynamic and
unpredictable environments can be significantly enhanced.

The VFH approach is incorporated, which processes data
from LIDAR or other sensors to create a histogram of obstacle
densities around the robot. VFH divides the sensor data into
bins, calculates the obstacle density for each bin, and identi-
fies the bin with the lowest obstacle density to determine a
collision-free direction. This direction, representing the near-
est safe path, is essential for navigating through crowded areas.
The integration procedure is as follows: the state vector is
sent into the SAC via the VFH approach, which preprocesses
sensory inputs in order to determine a safe direction. This
state vector enhances the data that SAC uses to make deci-
sions by containing both the raw sensor data and the heading
obtained from the VFH. After SAC selects an action based on
this enhanced state, VFH may modify the action to guarantee
immediate safety depending on the proximity of the obsta-
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cle at that moment. This successfully combines reactive and
strategic decision-making. Furthermore, the results of these
actions (both as initially decided by SAC and as modified by
VFH) along with the rewards generated from the environment,
are fed back into SAC’s learning process. This feedback loop
allows SAC to adapt its policy not only based on long-term
navigation goals but also incorporating the efficacy of imme-
diate obstacle avoidance maneuvers suggested by VFH. This
integrated approach is designed to improve the robot’s abil-
ity to navigate efficiently and safely, leveraging the strengths
of both SAC’s high-level planning and VFH’s local obstacle
avoidance capabilities.

Through this methodology, this study aims to demonstrate
that the synergy between SAC and VFH can significantly
enhance the robot’s navigation and decision-making capabil-
ities, particularly in environments where dynamic obstacle
avoidance is critical.

V. SIMULATION EXPERIMENTS

A. Experimental Setup
Experiments were conducted on Intel® Core™ i7-1165G7 @
2.80GHz x 8, 8GB RAM, running Ubuntu 20.04 LTS. The
simulations were done with ROS running as the backbone and
Gazebo. Python was preferred for programming while the
methods employed PyTorch library to build neural networks.
The robotic platform that was chosen is Turtlebot3 model
Burger.

Table I summarizes the parameters used in this work.
These parameters are chosen according to trial and error.

B. Simulation Environments

In this section, the performance of the proposed approach was
examined in two different environments: a simple environ-
ment and a complex environment. The scenario that contains
static obstacles represents the simple environment, while the
scenario that includes static and moving obstacles represents
the complex environment.

For comparison, tests were conducted using the standard
SAC algorithm and the improved SAC approach in both envi-
ronments. The performance was evaluated based on several
metrics, including the success rate of obstacle avoidance and
the efficiency of the learning methods.

1) Static Environment

The first environment is depicted in Fig. 3, with 5m x 5m and
several static obstacles placed within a rectangular boundary.
These obstacles are positioned to create a series of pathways
and potential dead ends, challenging the robot to navigate
effectively. The obstacle placement creates multiple potential
routes, some of which may lead to dead ends, requiring the
robot to backtrack and find alternative paths. The primary

TABLE 1.
PARAMETERS SETTING OF SAC AND VFH
Methods Parameters Setting
Learning Rate (/r) 0.0003
Batch Size 256
Discount Factor () 0.99
Replay Buffer Size 150,000
SAC Target Update Interval 1
Hidden Layer Size 512
Exploration Strategy Gaussian Noise
(c=0.1
Target Entropy -2
Action Range
(Linear Velocity) [0.0,0.22] m/s
Action Range
(Angular Velocity) -2, 2] rad/s
Number of Bins 36
Min Angle -7
VEH Max Angle T
Obstacle Density 01
Threshold ’

objective for the robot is to navigate through the maze while
avoiding collisions with the static obstacles. This environment
tests the robot’s ability to make real-time decisions, utilize
sensory data effectively, and adapt its path to reach the de-
sired destination, emphasizing strategic decision-making and
efficient path finding.

There is a list of 14 goals that are dispersed around the
environment and designed to allow for a continuous path these
targets do not all appear at the same time in the simulation
environment, but rather one active target is randomly selected
from the list. Fig. 4 shows positions of the targets in an
environment. Each time, one target is randomly selected from
the list, and the robot groups these targets sequentially. When
a mobile robot collision into the wall or some other object, it
is penalized for doing so in the form of negative reward and
then that episode ends.

2) Dynamic Environment

The second environment, shown in Fig. 5, has an area of
Tm x Tm , and is quite different from the static environment,
as it provides complex and challenging training scenarios, and
allows the moving obstacles to move in different patterns. It
also helps the robot deal with real-world scenarios and en-
hances the efficiency of the collision avoidance algorithm.
This environment was designed to test the navigation and
obstacle avoidance capabilities of an agent in a dynamic set-
ting. The maze-like structure consists of several pathways and
obstacles, including multiple "U” shaped obstacles that pose
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Fig. 3. Static environment.

significant challenges due to their symmetrical nature. These
”U” shaped structures create potential dead ends, requiring
the robot to make strategic decisions to navigate effectively.
This indicates that the environment is more complicated than
before, requiring the intelligent system to develop a more
effective collision avoidance plan.

In this environment, there are white spheres that represent
moving obstacles, which add an additional layer of complex-
ity. The robot must continuously adjust its path to avoid the
dynamic waypoints, which are simulated by these moving
obstacles. Fig. 6 shows the trajectory of moving obstacles.
The movement of these obstacles requires the robot to not
only navigate the static maze but also to adapt to the changing
positions of the obstacles in real-time. The dynamic nature of
the moving obstacle introduces variability in the environment,
forcing the robot to continuously reassess its surroundings
and update its trajectory.

There is also a list of 14 goals dispersed around the en-
vironment. Each time, one target is randomly selected from
the list, and the robot groups these targets sequentially. Fig.
7 shows Positions of targets distributed around environment.
Should the mobile robot run into a wall or any moving object,
the current episode ends, and a negative reward is given for
this action.

VI. RESULTS

A. Training Phase

The information gathered from the awards was used in the
training evaluation stage. In this study, we were able to mea-
sure the agent’s level of environmental learning since the
reward is closely related to the agent’s performance. The

Fig. 4. Distribution of goals.

training environments were created in a way that motivates
the agent to come up with fresh ideas for achieving his sug-
gested objective in these kinds of situations. Turtlebot3, a
mobile robot, was trained in the situations shown in Fig. 3.
Then 3,000 episodes were conducted in the first environment
using two methodologies: standard SAC and improved SAC.
And 5,000 episodes were conducted in the second environ-
ment in order to test the learning ability, as shown in Fig. 5.
A step of neural network evaluation was formed during the
training phase since the system had signals for exploration.

In a simple environment with static obstacles, the robot

Fig. 5. Dynamic environment.
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Fig. 6. Dynamic obstacle movements.

collected rewards over the course of training episodes when
using the standard SAC method. This indicates that it, to some
extent, was able to learn and improve its policy. However,
the standard SAC algorithm struggled with collisions and had
difficulty in effectively planning paths around the static obsta-
cles, leading to frequent collisions and sub-optimal navigation
performance. The success rate varies between 60 % and 40 %
for every 100 episodes, highlighting the significant challenges
the robot faced in avoiding obstacles. Fig. 8 shows the robot’s
navigation through an environment where it experiences a
collision.

Fig. 8. Collision in first environment.

Fig. 7. Distribution of goals.

When integrated with VFH, the SAC method showed
significant improvement. The navigation paths became more
efficient, and the success rate of obstacle avoidance increased.
Fig. 9 illustrates the sequence of images showing the robot’s
path through the environment to reach its goal. The VFH
technique provided precise obstacle detection, enabling the
robot to plan more effective routes around the static obstacles,
resulting in fewer collisions and improved navigation time.
As a result, the success rate reached 100 % by effectively
avoiding obstacles. Fig. 10 shows a comparison between the

Fig. 9. Robot’s trajectory towards the goal.

improved SAC technique and the standard SAC technique,
the data collected for the reward function during training. The
results indicate that the Improved SAC algorithm outperforms
the standard SAC method in terms of rewards accumulated.
In the complex environment with dynamic obstacles, the
limitations of the SAC algorithm became more apparent. The
presence of moving obstacles led to frequent collisions and
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Fig. 10. Average cumulative reward in first environment.

failed attempts, significantly reducing the success rate and
efficiency of the navigation. The success rate varies between
20 % and 10 % for every 100 episodes, highlighting the signif-
icant challenges the robot faced in avoiding obstacles. Fig. 11
shows the robot’s navigation through an environment where it
experiences a collision The improved SAC approach excelled
in the complex environment. The VFH technique ability to de-
tect and avoid dynamic obstacles in real-time complemented
SAC’s decision-making process, resulting in a higher success
rate and more efficient navigation paths. The robot was able to
adapt to the dynamic changes in the environment more effec-
tively, reducing collisions and overall navigation time. As a
result, the success rate reached 100 % by effectively avoiding
obstacles. Fig. 12 shows a sequence of images illustrating the
robot’s ability to avoid moving obstacles. Fig. 13 illustrates

Fig. 11. Collision in second environment.

Fig. 12. Dynamic obstacle avoidance.

the sequence of images showing the robot’s path through the
environment to reach its goal. Fig. 14 illustrates the informa-
tion collected for the reward function during the training stage,
comparing the performance of the standard SAC method with
improved SAC technique. The results indicate that the Im-
proved SAC algorithm outperforms the standard SAC method
in terms of rewards accumulated.

B. Tasting Phase

In the testing phase, five iterations of tests were performed on
the robot, each consisting of 1000 steps per episode and one
pre-determined goal. The outcomes of these interactions are
shown in Table II which indicates the collisions that occurred,
the time for the robot to reach its goal, and in what step
receive the reward. In order to compare the performance of
standard SAC and improved SAC techniques in two different
environments, a trajectory of the path that the robot frequented
was constructed for each method, as illustrated in Fig. 15. The
goal is moving from the starting point to the goal represented
by the red square without colliding with any obstacles. Red
circle represented the places where the robot collided into
some obstacle. The white dots represent the path of moving
obstacles.

The robot’s trajectory with the improved SAC approach
can be seen in a static environment, indicating that it selected
the best path without colliding into any obstacles. Conversely,
with the standard SAC method, it was noticed that the robot
collides with a stationary obstacle. As for the dynamic en-
vironment, the improved SAC approach can show that the
robot has chosen the best trajectory without hitting any obsta-
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Fig. 13. Robot’s trajectory towards the goal in dynamic
environment.

cles and with only a few needless detours. On the contrary,
when using standard SAC method, it was observed from the
robot’s trajectory that there are multiple collisions with a lot
of extraneous paths.

It was noticed that in the static scenario, the standard
SAC method completed five iterations with an average time
of 38.5 seconds (excluding collision iterations) and an aver-
age of 159.5 steps per episode (considering only episodes
without collisions), as shown in the Table II. It experienced
one collision and achieved an accuracy of 80 %. In contrast,
the improved SAC technique demonstrated improved perfor-
mance with no collisions across all five iterations, achieving
100 % accuracy. However, it had an average time of 43.6
seconds and an average of 177.8 steps per episode. The study

Episodes per Rewards
800

- SAC
—— Improved SAC

0 1000 2000 3000 4000 5000
Episodes

Fig. 14. Average cumulative reward in second environment.

also revealed that the robot performed well in the static envi-
ronment when using improved SAC technique and avoided
colliding into any obstacles. Furthermore, there was only one
collision in the standard SAC method.

In the dynamic scenario, the performance of the standard
SAC approach was noticeably less consistent. From the Table
II, one can observe that it had an average time of 121.3 sec-
onds (excluding collision episodes) and an average of 574.3
steps per episode (considering only episodes without colli-
sions). It experienced two out of five episodes resulting in
collisions, yielding an accuracy of 60 % . On the other hand,
the improved SAC method showed significant improvements,
completing all episodes without any collisions and achieving
100 % accuracy. The improved SAC approach also had an av-
erage of 264 steps per episode, average time was 61.2 seconds.
Comparably, in the dynamic environment, the robot had two
points of collision while using the standard SAC technique,
whereas improved SAC approach had no collisions.

VII. CONCLUSIONS

This work suggests a novel method for path planning mobile
robot in two different scenarios, considering both moving and
static obstacles while prioritizing efficiency and performance.
The method improves the SAC technique by incorporating it
with the VFH approach for obstacle avoidance. The pipeline
of the proposed method includes using the SAC technique
for navigating and the VFH method for real-time obstacle
avoidance. Generally, the proposed method consistently out-
performed the standard SAC approach in both static and dy-
namic scenarios, particularly in terms of collision avoidance
and accuracy, making it a more robust choice for dynamic
path planning and obstacle avoidance tasks.

The performance of the method was verified by using
Gazebo simulations. The outcomes demonstrate that the pro-
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1) Static Environment with Standard SAC 2) Static Environment with Improved SAC
Method Method

4) Dynamic Environment with Improved SAC

3) Dynamic Environment with Standard SAC
Method Method

Fig. 15. Trajectory of mobile robot.

posed method effectively processes path planning and dy-
namic collision avoidance for mobile robots. Additionally,
the experimental results indicate that the technique offers
significant benefits in path planning and safety when avoid-
ing multiple moving obstacles, thereby enhancing the robots’
efficiency in such scenarios.

This incorporated approach shows potential in improving
the navigation capabilities of mobile robots, making them
more proficient in navigating challenging and unpredictable
scenarios.
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