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Abstract—1In the context of mobile robot motion planning
and Industry 4.0, decentralized and efficient control of dynamic
environments remains a fundamental challenge. The successful
implementation of these control methods is crucial for various
real-world applications, including autonomous vehicles and
automated guided vehicles (AGVs). This study introduces a
decentralized multi-robot motion planning method optimized
by Particle Swarm Optimization (PSO). The proposed method
builds upon and enhances the »DC-F2 (Decentralized Control,
F2 based)” approach through extensive testing in real-world
scenarios. Experimental results demonstrate the approach’s
effectiveness in guiding multiple robots to their target destina-
tions without collisions, regardless of environmental complex-
ity—whether static or dynamic.

Index Terms— Mobile robots, Multi-robot motion planning,
Optimal trajectory, Decentralized control, DC-F?, Dynamic
environments, Particle Swarm Optimization (PSO)

I. INTRODUCTION

The evolution of the research domain of mobile robotics
has provided a great service to several fields directly related
to human life and participated in their evolution such as the
field of Automated Guided vehicles (AGVs) [1], medicine
[2], industry [2], agriculture [3], mining [4], space [5],
the military domain [6], etc. A key element behind the
success in this area is an efficient and intelligent planning
generating safe and optimized motion plans for mobile robots
moving autonomously in unfamiliar environments. However,
these approaches’ main drawback is that they are at risk of
impractical local minima, particularly in complex scenarios.

The multi-robot coordination problem can be solved using
one of two general strategies: centralized and decentralized.
With centralized systems, all robot activities are planned
by a single planner which continually gathers data from
sensors to constitute a precise image about the current state
of the environment and then sends its orders for the different
robots so as to get the shortest, the securest and possibly
the most rapid motion of the different robots under control
[7]. In the opposite, decentralized methods do not utilize a
central planner; instead, planning duties are divided among
all the autonomously functioning robots that depend only
on the data that each robot can access [7]. Our objective
in this investigation is the implementation of an optimized
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decentralized motion planning approach for mobile robots
which is easier to set up, it solves the problem without the
need for a coordination system.

When moving through a working space, D. Wang et al.
proposed the Force Field (F?) mobile robot motion planning
approach in 2005 [8]. The robot’s condition determines
the force field’s magnitude and direction in this approach.
The created force field is therefore constantly changing as
the robot moves, and its parameters are influenced by the
movement velocity, environmental conditions, dimensions,
priority, and other considerations. An upgraded variant of the
F?2 technique for controlling the motions of mobile robots
is the Dynamic Variable Speed Force Field (DVSF?). Valls
Miro et al.(2008) [9] applied DVSF? in the design of motion
plans in unidentified environments.

After this, we proposed in [10] PSO-DVSF? a PSO
optimized version of DVSF2. In [11], we introduced the local
version of PSO-DVSF? titled Autonomous PSO-DVSF?. In
this paper, we propose the mobile robot motion planning
approach DC-F?(Decentralized Control,F> based) which is
really an improvement of the autonomous PSO-DVSF? ap-
proach to become a method of simultanous control of robots.

This paper is organized as follows: Section 2 presents the
relevant work. The DC-F? motion planning approach and its
key features are presented in Section 3. Section 4 presents
the experimental results, taking into account both static and
dynamic scenarios. The performance of a single robot and
two robots operating in both static and dynamic scenarios is
also evaluated in this section. The paper concludes at last in
Section 5.

II. RELATED WORK

Autonomous robots that operate without human control
are needed in many applications such as urban mobility,
industry and space exploration. Motion planning is divided
into two categories: local (on-line) and global (off-line).
If the motion planning is global, information about the
environment is already available based on map, cells or grid.
In this case, the global approach generates a complete path
from the starting position until the destination once before
navigation. If the motion planning is local, the robot does
not have any information about its neighborhood and the
robot sensors gather information about the environment at
each position all along its travel until its destination. At each
position, the motion planning algorithm searches for the best
orientation that avoids nearby obstacles and directs it to its
destination. In this paper, we deal with autonomous robots



which assumes that the motion planning approach is local
and the environment is initially unknown.

Many local approaches have been proposed in the liter-
ature and many global approaches have been improved to
become local motion planning approaches. For example, in
[12], an improved version of PSO, called Adaptive Particle
Swarm Optimization (APSO), has been applied in the opti-
mization of mobile robot paths for unknown environments.
PSO was combined in [13] with Cuckoo Search (CS) to
achieve an optimal path in an unknown complex environ-
ment. In [14], a continuous dynamic simulation environment
was built to examine the path planning problem of mobile
robot in unknown dynamic environments (UDE). The re-
inforcement learning theory with deep Q-network (DQN)
was used to teach the mobile robot how to make the best
judgements in order to create a collision-free path in UDE. A
weighted reward mechanism was created to strike a balance
between avoiding obstacles and moving towards the objec-
tive. Furthermore, it was discovered that the relative motion
of robots and moving obstacles could result in anomalous
incentives and ultimately induce a robot-obstacle collision.
The trials demonstrated that the robot can successfully navi-
gate all barriers and attain the goal by modifying the aberrant
rewards by setting two reward thresholds in order to handle
this issue. In [15], based on the improved COOT (ICOOT)
optimization algorithm, this paper addresses the optimal
path planning method for an autonomous mobile robot in
an unknown environment with irregular static and dynamic
obstacles and a static and dynamic target. The drawbacks of
the standard COOT’s unsteady searches were addressed by
the ICOOT. The algorithm searches for the shortest collision-
free path and the smoothest motion of the robot. By including
the true dimensions of the mobile robot and its kinematic
model, the ICOOT attempts to mimic reality. The issue of
unstable motion state in obstacle avoidance planning arises
in real-time motion planning when a car-like robot travels
in an unstructured situation. In this study, a hybrid motion
planning strategy based on the artificial potential field and
timed-elastic-band (TEB) approach was presented in [16]. In
an unstructured environment, various potential fields were
created, and the virtual kinetic energy of the robot and the
conversion function of the virtual potential energy of the
superimposed potential field were used to plan the real-
time velocity of the car-like robot. The local optimal path is
planned by the optimized TEB approach, which also resolves
issues with the non-reachable targets and local minimum
region. Otherwise, an optimization approach was suggested
to address the drawbacks of the A* algorithm’s pathfinding
process, including its lengthy calculation time and uneven
path [17]. First, by substituting jump points for the expansion
nodes in the A* algorithm, the amount of calculation was
decreased thanks to a conjunction of A* with the jump
point search algorithm (JPS). Next, a pruning method was
employed to further eliminate superfluous nodes from the
path by trimming the path that has been obtained. Finally, a
quadratic bezier curve was used to smooth the path.

In order to create routes for decentralized robots that were

intended to extract as much data as possible from unidentified
spatial domains in [18], this research proposed a scalable
planning algorithm. A density function is used to characterize
how informative the data were from the spatial field. They
provided an AsyncIGBO algorithm that effectively selects
the next most informative site for a decentralized robot
team. Then, within a constrained mission duration, they
demonstrated a distributed reactive planning and control
technique that generates continuous motions for robots to
visit the informative places securely. They assessed our ap-
proach by examining its asymptotic no-regret characteristics
conceptually in relation to a predetermined geographical
field. Ultimately, they verified our system through a series of
real-world and simulated trials involving numerous robots.

In order to enhance energy economy and safety for
swarms of Autonomous Mobile Robots (AMRs) working
in complex, dynamic industrial environments, this research
[19] presented a decentralized navigation technique. Its main
contribution was an Obstacle Persistence Evaluation system
that assisted robots in avoiding pointless, energy-intensive
detours brought on by transient impediments. The method
used an Exponentially Weighted Moving Average (EWMA)
to differentiate between more permanent blocks and transient
obstacles. This approach, when paired with a conflict-free
path planning system, enabled every robot to independently
calculate safe, real-time trajectories, guaranteeing smooth
operation, high efficiency, and lower system-wide energy
consumption. Also, in [20], a decentralized Model Predictive
Control (MPC) system that had been experimentally proven
was presented for the cooperative movement of goods by
several mobile robots. The system ensured accurate trajectory
tracking and formation stability while taking into account
nonlinear kinematics and physical coupling restrictions by
addressing local optimization problems in real time. The
approach’s scalability and resilience for real-world indus-
trial logistics, where centralized coordination was frequently
impractical, were demonstrated by its implementation on
physical TurtleBot3 platforms, which successfully managed
dynamic barriers and sensor noise.

I1I. DC-F?

This section presents the formulation of the mobile robot’s
mechanical behavior utilizing DC-F?: the mobile robot’s
development in terms of position and orientation, the forces
acting upon it, and its evolution in terms of linear and angular
speeds.

A. Mobile Robot Motion Model

Kinematics is the most basic study of how mechanical
systems behaves at time t. The motion model is needed to
control the position and the orientation of a mobile robot.
The kinematic model for the robot can be expressed as:
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The robot motion between two successive positions de-
pends on the time step Az and the robot’s straight line speed
and the rotational speed as follows:
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For the modeling of motion in the Cartesian space given by
control inputs, the formulation is as follows:

Vi

w= o 3)
ve(m/s) is the linear (or translational) speed and @y (rad/s)
is the angular (or rotational) speed generated by the attrac-
tive force Fy, and the repulsive forces Frepops as will be
formulated in the next subsection. During the robot travel
between the start and the target points, the control term u; is
computed at every moment t looking for a suitable collision-
free path. Then, the robot motion can be represented in the
time interval [t, t+1] as a function of the current location,
orientation and control (eq.4):
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The control inputs v, and ®; are computed according to the
repulsive and attractive forces as will be formulated in the
next subsection.

B. Linear and angular speeds computation

The evolution of linear and angular velocities depends
on the attractive force (Fg;) applied by the target on the
robot and the set of repulsive forces applied by the obstacles
(Fj.,op,)- We start by computing the sum of the set of forces
applied on the robot.

m
Frotar = Farr + Z F Jrep—obs ®)
j=1
where m is the number of obstacles. The angular velocity is

computed as follows:
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and the linear velocity is computed as follows:
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Where the attractive force Fy,, is a virtual force applied by
the target in the center of the robot. It leads the robot to the
goal. The module of the attractive force in the F? approach
is constant.

‘F an| = Q (8)
Furthermore, the attractive force orientation is given by:
Or,, = atan2(> =) ©
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where (x;,y,) represents a robot position at time t and (x;g, y;¢)
displays the target position (Fig.1).

The Fj,, ,, repulsive force is virtual and is exerted by
obstacle j. This force pushes the robot away from obstacle

j- Its orientation is computed as follows:

yl_ij

= atan?(
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) (10)
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Where A(xa;,ya;)(Fig.1) is the point of obstacle in which the
largest repulsive force is reached. Its module is computed as
follows:
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Where D; is the nearest distance in 2-D space from point
(A;) to the robot’s edge. As D; changes from D, t0 Dy,
the magnitude slowly changes from k¢ to 0. ky is a positive
constant scalar which limits the magnitude of the repulsive
force. Fy,4y is the maximum repulsive force that allows the
robot to decelerate as much as possible. D,,;,;, in (eq.12) is
the distance at which the maximum repulsive force of this
robot is attained. It provides the robot with a safe distance
to avoid other objects coming into that area.

Dyin = kdmin * Dinax (12)
Where, kgmin is a positive fractional number verifying
0<kgmin <1 which strongly affects how close the robot
may be to obstacles. D,,,, in (eq.13) is the maximal active
distance of the force field of a robot, showing how far that
robot may impact others in its vicinity.

ky-E,-R,
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Where k, is a positive multiplier that delimits a force field
coverage area. R, is the radius of a robot. Also, E; in (eq.14)
is a decimal positive fraction with 0< E, <1.

Vr

E = (14)

Vinax * Ky
Where v, is the absolute value of a robot’s velocity, Viax
is the maximum velocity of the robot and k, is a positive
constant which quantifies the environmental influence on the
DVSF?.
Also, 0 in (eq.15) denotes the relative angle of this position
to the direction of the robot.
0=00—-6; (15)

Where, 6, is the orientation of the robot in a global coor-
dinate system and 0y is the angle of this point in a global
coordinate system. Searching the shortest and the safest path
will therefore be in the range of 5 dimensions: &, k,, k¢, Q
and Kgmin-

In the next section we complete the presentation of our
algorithm by presenting our DC-F? approach.
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Fig. 1: The DVSF? attractive and repulsive forces

C. DC-F?* approach

PSO is used in ‘DC-F>’ to help the robot to select the
shortest and the securest path to the target. As a consequence,
we are in front of a multi-objective optimization. The first
objective is the minimization of the distance between robot’s
positions and the target. The function to minimize to achieve
this path length goal is formulated as follows:

Path(Xi,it (1) = \/(xXzz,it (1) *xlg)z + (yXi‘it (1) *ylg)z (16)

The second objective is the maximization of the distance
between the nearest obstacle and the robot ’D,.curest—robor -
The function to minimize achieving this security objective is
for each obstacle the following:

1
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The fitness function is a weighted sum of Path and the
different Dist terms for the m nearest obstacles. It is thus
formulated as follows :
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where ¢; and ¢, are two weighting factors such as
01+02=1, m is the number of the nearest obstacles to the
robot position, it is the PSO iteration , X; ;; is the PSO particle
i" in the iteration it and t is the time step knowing that
Ar=0.08s. Selected values for ¢; and ¢, in our simulations
are 0.3 and 0.7, respectively [21].

IV. EXPERIMENTAL RESULTS

In this section, we present the results of the test of our
approach ‘DC-F?’ in the MobileSim virtual environment.
Many static and dynamic environments of different levels
of complexity are considered. The robot is characterized by:
Vonar=0.4m/s, F,.x=30 and Ar=0.08s. "DC-F?’ is tested, in
the first subsection, in dynamic environments. In the secend

subsection, the improved version of "DC-F?’ is tested in a
simultaneous control of a multiple number of mobile robots
in static environments.

Our implementation consisted on developing a callback
task control law. The task uses the robot’s operating system
named ARCOS (Advanced Robot Control and Operations
Software). The client callback task is implemented by means
of the provided ARIA SDK interface used for synchroniza-
tion of packet transmission. A control interpretation task
callback is then invoked by the robot’s real time operating
system via a communication interface every time cycle of
40ms in our simulations.

A. DC-F? for Single-Robot Control:

In these simulations, the environment is dynamic contain-
ing one dynamic obstacle. We consider two scenarios in
which the robot starts from the origin of the map (0.0) and
is asked to reach its destination (2.5,2). Figure 2a shows the
robot’s trajectory selected in the case of the first scenario and
Figure 2b shows the robot’s trajectory selected in the case
of the second scenario.
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Fig. 2: DC-F? controlling a robot in a dynamic obstacle
scenario within the MobileSim environment

Two dynamic obstacles are present in the dynamic envi-
ronment of these next simulations. We examine two situa-
tions where the robot is instructed to travel to its destination
(2.5,2) from the map’s origin (0.0). The robot’s trajectory
selected for the first scenario is shown in Figure 3a, and for
the second scenario, it is shown in Figure 3b.

The two figures clearly demonstrate a mobile robot that
navigates from a start place to a target while avoiding
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Fig. 3: DC-F? controlling a robot in the MobileSim environ-
ment with two dynamic obstacles

dynamic obstacles. Curved paths demonstrate that the robot
follows a smooth and efficient motion while reacting to the
movement of nearby obstacles, ensuring collision avoidance
in a dynamic environment.

B. DC-F? for Multi-Robot Control

In these simulations, ’DC-F?’ controls simultanously a
multiple number of mobile robots in environments with three
and four static obstacles respectively. The robots navigate
across environment with three or four static obstacles. The
results displayed in the Figure 4a and in the Figure 4b
demonstrate that both robots achieve their objectiveswithout
any collision with each other and without any collision with
obstacles following the shortest path.

Fig.4 illustrates the effectiveness of the navigation frame-
work in handling multi-robot coordination in cluttered en-
vironments. In scenario (a), the robots follow smooth tra-
jectories while safely avoiding obstacles and maintaining
proper spacing. In scenario (b), even under more constrained
conditions with complex obstacle arrangements and different
goal positions, the robots successfully reach their destina-
tions without collisions.

In this second simulation, *DC-F?’ controls simultanously
a multiple number of mobile robots in environments with
one dynamic obstacle. The results displayed in the Fig.5
demonstrate that both robots achieve their objectives without
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Fig. 4: DC-F? controlling multiple robots in a static environ-
ment within the MobileSim simulation

any collision with each other and without any collision with
obstacles following the shortest path.
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Fig. 5: DC-F? controlling multiple robots in a dynamic
environment within the MobileSim simulation

The efficiency of the "DC-F?’ motion planning approach to
direct the two robots to their destinations in the environment
with a dynamic obstacle is demonstrated in Fig.5.

In this third simulation, *DC-F?* simultaneously controls
multiple mobile robots in environments with two static and
one dynamic obstacle. The outcomes shown in Fig.6 show
that both robots accomplish their goals by taking the shortest
route and avoiding collisions with objects or one another.

Fig.6 illustrates the effectiveness of the *DC-F>’ motion
planning approach in guiding the two robots to their des-
tinations in an environment with both dynamic and static
obstacles.

V. CONCLUSION AND PERSPECTIVES

In this study, we evaluated the local mobile robot motion
planning approach, DC-F2, originally introduced in our pre-
vious work [11], as a decentralized coordination system for
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Fig. 6: DC-F? controlling multiple robots in a dynamic and
static environment within the MobileSim simulation

guiding multiple robots simultaneously in various scenarios.
The tests were conducted in the MobileSim environment, a
multi-robot virtual platform that simulates real-world condi-
tions. We started by testing our approach with a single robot
in both static and dynamic environments that were previously
unknown. Then, we applied DC-F?> to the simultaneous
control of multiple robots, addressing different multi-robot
task scheduling scenarios. In all experiments, the robots were
successfully guided to their destinations, regardless of the
complexity of the environment. The results from each test
demonstrated the effectiveness of DC-F? in identifying the
safest and fastest routes to the desired locations.

For future work, the DC-F? approach could be enhanced
by integrating swarm robotics for large-scale coordination
and edge computing for real-time decision-making. Expand-
ing its applications to human-robot interaction, autonomous
vehicles, and sustainable energy-efficient navigation presents
promising research directions. Additionally, bridging the
gap between simulation and real-world implementation will
further advance the system’s versatility in dynamic environ-
ments.
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