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Abstract: Currently, many health workers have died of being infected by dangerous infectious diseases. One

solution is to prevent the spread of transmissions by minimizing contact between patients and staff or others

using a mobile robot for delivering logistics services. We propose an approach by applies a navigation system

using a position driver and obstacle avoidance using a fuzzy controller and particle swarm optimization for path

planning in an unknown environment for a holonomic mobile robot. A Fuzzy Controller was used for obstacle

avoidance so that the mobile robot could avoid obstacles using existing proximity sensors as the perception of the

robot. In the path planning section, Particle Swarm Optimization is used to find intermediate points that must

be reached by the mobile robot to reach their target. First, we performed simulation under the condition that

the simulation resolution was similar to that of real conditions. It was found that the Trigonometric Function

Adaptive PSO (TFAPSO) was better for finding the optimal solution based on the safest, shortest path, and lowest

time. Finally, the holonomic mobile robot is tested directly in an unknown environment with the trajectory path

generated by TFAPSO in real condition.

Keywords: holonomic mobile robot; fuzzy controller; position driver; obstacle avoidance; particle swarm

optimization; path planning

1. Introduction

The World Health Organization (WHO) declared Covid-19 as a global pandemic in March 11,
2020. [1] Respiratory droplets from coughing, sneezing, and talking; indirect contact by touching
contaminated surfaces with hands leading to contact with oral and nasal cavities, eyes, and mucous
membranes; fecal-oral transmission and aerosol transmission have been implicated as the causes of
the spread of Covid-19. [2]. Therefore, the hospital is used as a place for dangerous infectious diseases
patients to isolate themselves and avoid contact with non-infected patients. However, every patient
requires food, medicine, or other items that will be delivered by hospital workers. This pandemic
gives us many lessons that we can learn and improve in our future lives. One solution is to prevent the
spread of dangerous infectious disease transmissions by minimizing contact between patients and
staff or others.

With current technological developments, robotics continues to enter areas such as factories,
homes, offices, military and even the medical field. Semi- or fully autonomous mobile robots that assist
humans, service equipment, and perform other autonomous functions have applications in almost
every industry [3]. Based on the annual report from the International Federation of Robotics in 2020,
the use of mobile robots for general use continued to increase from 2010 to 2018. Only in 2019 did it
decrease because of the global economic downturn. [4] The development of kinematic path-tracking
control algorithm for differential wheeled mobile robot system using back-stepping technique have
already done. It demonstrated by overcoming the unmodeled kinematic disturbances, minimizing the
tracking error and also ptimal path planning of the wheeled mobile robot with collision avoidance by

Disclaimer/Publisher’s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and 
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting 
from any ideas, methods, instructions, or products referred to in the content.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 26 August 2024                   doi:10.20944/preprints202408.1815.v1

©  2024 by the author(s). Distributed under a Creative Commons CC BY license.

https://orcid.org/0000-0002-4230-901X
https://doi.org/10.20944/preprints202408.1815.v1
http://creativecommons.org/licenses/by/4.0/


2 of 24

using an algorithm called grey wolf optimization (GWO) as a method for finding the shortest and safe.
[5,6]

With the current function of the hospital due to dangerous infectious diseases transmission, which
is crucial for the process of prevention and healing of infectious disease patients, it is necessary to have
service support from various sides, including automation and robotics, to maximize the role of the
main hospital service, namely patient care, one of which is logistics service to patients with notes by
minimizing contact between patients and non-patients. Although the pandemic has passed, it has
provided many cases for researchers to develop logistics delivery robots in hospitals to avoid direct
contact between healthcare workers and patients with acute infectious diseases. Mobile robots are
considered solutions to overcome these problems [7]. However, there are several challenges when
implementing mobile robots for logistics services in hospitals, with the main objective being to ensure
the safety of people or other objects when the mobile robot needs to navigate in an environment with
many obstacles and humans. This study discusses an approach that might be an effective solution to
the problem of hospital logistics services.

We propose an approach that applies a navigation system using a position driver and obstacle
avoidance using a fuzzy controller and particle swarm optimization for path planning in an unknown
environment for a holonomic mobile robot. A holonomic mobile robot was used because the control-
lable degrees of freedom are equal to the total degrees of freedom and can move freely in any direction.
A Fuzzy Controller (FC) is used for obstacle avoidance so that the mobile robot can avoid obstacles
using existing proximity sensors with a low computational cost and linguistic variables used so that
the algorithm is easy to understand. In the path planning section, Particle Swarm Optimization (PSO)
is used to find intermediate points that must be reached by the mobile robot to reach their target. PSO
is a computational method that optimizes a problem by iteratively trying to improve a candidate
solution with regard to a given measure of quality [8,9]. Similar to other evolutionary algorithms, PSO
searches for optimal spatial solutions through individual collaboration and competition. However,
compared to evolutionary algorithms, the PSO concept is simple and easy to implement [10,11]. The
proposed navigation algorithm for the holonomic mobile robot can optimize the motion to navigate
based on the safest, shortest path, and lowest time.

This paper presents our approach for holonomic mobile robots to help hospital logistics services
minimize the transmission of dangerous infectious diseases. The paper is structured as follows:
Section 2 presents the design of the hardware and features of our mobile robot system. Section 3
presents the first algorithm for the navigation system for obstacle avoidance and the second algorithm
for the navigation system for path planning and navigation systems using a position driver and
obstacle avoidance using a fuzzy controller and particle swarm optimization. Section 4 discusses the
experimental results of obstacle avoidance and path planning under simulated and real condition.
Section 5 presents the conclusions and future perspectives of this study.

2. Hardware and Features

2.1. Mechanical Design

A mobile robot can move from one place to another autonomously, that is, without assistance from
external human operators. Unlike most industrial robots that can move only in a specific workspace,
mobile robot have the special feature of freely moving around within a predefined workspace to
achieve their desired goals. A holonomic mobile robot was used because the controllable degrees of
freedom are equal to the total degrees of freedom and it can move in any direction freely. The design of
the holonomic mobile robot needs to be as strong as possible and has an optimal dimension for carrying
the logistic stuff. The design concept of the mobile robot and its object and mobile management system
is illustrated in Figure 1.
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(a) Object management system (b) Mobile management system

Figure 1. Design concept of the mobile robot

An object management system is used to manage objects; namely there are two elements: the
scissor lift, which is used to lift the rack containing the logistics staff that must be delivered to the
patient, and the door opener, which is used to open the door so that the mobile robot can enter the
room. Figure 1 shows the scissor lift design [5].

A mobile management system is used to manage movement and as illustrated inFigure ??. The
motion of the mobile robot was regulated by the wheel velocity, which was actuated by a DC motor.
There are four wheels that actuate four motors (M1, M2, M3, and M4), namely the mecanum wheel,
which can make the mobile robot move holonomically. The perception system of the mobile robot was
perceived by eight ultrasonic sensors (D1, D2, D3, ..., D8).

2.2. Mobile Robot Inverse Kinematics

The main objective of this research is to design a holonomic mobile robot and generate optimal
motion by designing a navigation algorithm such that it can navigate in an unknown environment
with the challenge of obstacles that represent the environment of a hospital when a mobile robot
performs a logistics delivery task.

The inverse kinematics are conducted to control the mobile robot motion and to convert the
mobile robot velocity (Vo) component and the angular velocity of the wheel (Vw), [12]. The inverse
kinematics equation of the system can be established using the kinematic analysis in Equation (1).

Vw = J(α) · Vo (1)
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where Vw =
[
ω1 ω2 ω3 ω4

]T denotes velocity of the wheel. Vo =
[
vx vy ωo

]T denotes the
velocity of the mobile robot. J(α) is Jacobian matrix of the inverse equation of motion, which can be
calculated using Equation (2).

J(α) =
1
r


1 1

tanα − L1tanα+L2
tanα

1 − 1
tanα

L1tanα+L2
tanα

1 − 1
tanα − L1tanα+L2

tanα

1 1
tanα

L1tanα+L2
tanα

 (2)

In this model, because the mobile robot uses the mecanum wheel, α=45o, the inverse kinematics
equation of the system is obtained by Equation (3).

ω1

ω2

ω3

ω4

 =
1
r


1 1 −L1 + L2

1 −1 L1 + L2

1 −1 −L1 + L2

1 1 L1 + L2


 vx

vy

ω0

 (3)

where ωi is the angular velocity of the ith wheel, L1 is the wheel separation width, L2 is the wheel
separation length, and r is wheel radius.

The velocity of the actual wheel can be measured using a rotary encoder on each motor of the
actuator for the wheel and is expressed using Equation (4).

ωact =
N

PPR × GR × d(t)
(4)

where ωact denotes the actual wheel velocity at dimension i, N denotes the encoder pulse number,
PPR denotes the pulse per rotation, GR denotes the gear ratio, and d(t) denotes the time interval.

2.3. Odometry System

The odometry system is based on the position of the mobile robot related to the Cartesian
coordinates (x, y, θ). To obtain the odometry data, first, calculate the robot velocity (vx, vy, ωo) and
using the forward kinematics from the wheel velocity ωi as shown in Equation (5) [13].

 vx

vy

ω0

 =
r
4


1 1 1 1
1 −1 −1 1
1 1 1 1
1 1 1 1

− 1
L1+L2

1
L1+L2

− 1
L1+L2

1
L1+L2




ω1

ω2

ω3

ω4

 (5)

where ωi is the angular velocity of the ith wheel, L1 is the wheel separation width, L2 is the wheel
separation length, and r is the wheel radius.

Then, the mobile robot position related to the global coordinate system is calculated using
Equation (6).

Pt+1 = Pt +

 cosθt −sinθt 0
sinθt cosθt 0

0 0 1


 vx

vy

ω0

d(t) (6)

where Pt is the mobile robot position in x and y coordinates at time step t and θt is the mobile robot
orientation at time step t. Mobile robot orientation is calculated by integrating the ωo = θ̇ which can
be expressed by Equation (7).

θt+1 = θt + θ̇d(t) (7)
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3. Proposed Methods

3.1. Fuzzy Controller and Particle Swarm Optimization

A Fuzzy Controller (FC) was proposed by Lotfi A. Zadeh in 1965 of the University of California at
Berkeley [14], which contains the basic idea of a fuzzy controller including inclusion, union, intersection,
complement, relationship, and convexity. This idea continues to be matured by Zadeh in several
papers. The pioneer of the application of fuzzy controllers in the control field, which was the first
and main application of fuzzy controller, is Prof. Ebrahim Mamdani and friends from Queen Mary
College London [15]. Applications include processes in mixing tanks [16] and steam engines [17], on
a laboratory scale. The application of fuzzy controllers in real time in the industry was pioneered
by experts from Japan, such as Prof. Sugeno and colleagues from the Tokyo Institute of Technology
[18,19].

And Particle Swarm Optimization (PSO) was originally invented by Kennedy, Eberhart and
Shi [20,21] and was first intended for simulating social behavior as a stylized representation of the
movement of organisms in a bird flock or fish school [22]. Optimization was performed and the
algorithm was simplified as described by Kennedy and Eberhart. It describes many philosophical
aspects of PSO and swarm intelligence[23].

We propose the application of navigation system using position drivers and obstacle avoidance
using a fuzzy controller and particle swarm optimization for path planning in an unknown environ-
ment for a holonomic mobile robot. A Fuzzy Controller (FC) is used for obstacle avoidance so that
the mobile robot can avoid obstacles using existing proximity sensors with a low computational cost
and linguistic variables used so that the algorithm is easy to understand. In the path planning section,
Particle Swarm Optimization (PSO) is used to find intermediate points that must be reached by the
mobile robot to reach their target.

Figure 2 shows the system design from this research, which consists of a hardware system in the
form of a holonomic mobile robot equipped with a perception system namely, the odometry system
and distance sensor acquisition; the mobile robot can perceive the environment in which the mobile
robot works, a low level control to control systems at a low level of the mobile robot that consists of
inverse kinematics which equipped with wheel velocity control using a PID controller, control systems
at a high level of the mobile robot that consists of a position driver, obstacle avoidance using a fuzzy
controller (FC), and path planning using particle swarm optimization (PSO).

Figure 2. The design of navigation system of the holonomic mobile robot, which consist of a hardware
system, perception system, low level control, and high level control.
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The mobile robot data are operated by inputting the target position value in the form of room
number from the hospital, where each room number has coordinates on the x and y axes. Then, path
planning is executed using the particle swarm optimization algorithm (PSO).When conducting the
fitness function evaluation process, the mobile robot is equipped with a fuzzy controller for obstacle
avoidance, and the path planning process generates intermediate points that must be achieved by
the mobile robot to arrive at the target position. Then, the mobile robot goes to each intermediate
point using a position driver and obstacle avoidance using a fuzzy controller to avoid obstacles when
heading to the intended targets.

3.2. Position Driver and Obstacle Avoidance

The mobile robot was required to move to the target point (position driver) and to avoid obstacles
in the environment. This requires information regarding the distance and its direction toward the
target point as the input variable for the position driver and the distance between the robot and the
obstacles in each sensing direction as input for obstacle avoidance. There are several position driver
methods that can be used, some use a camera mounted above the work area of the mobile robot, and
some use odometry from the encoder [24]. We divide the control rules into two behaviors: position
driver and obstacle avoidance, similar to a subsumption architecture or behavior-based control system
[25]. A diagram of the control rules is shown in Figure 3.

Figure 3. Diagram of the control rules: position driver and obstacle avoidance.

3.2.1. Position Driver

The velocity of the mobile robot (vx and vy) is also scaled by the result of the sensory network,
which is the degree of the sparseness of obstacles sprs(t) as shown in Equation (8) and (9).

vx(t) = sprs(t) · vx(t) (8)

vy(t) = sprs(t) · vy(t) (9)

When sprs(t) are small, the velocity is reduced, and the mobile robot is capable of moving
carefully at a high density of obstacles. Next, we consider the control rules for position-driver behavior.
The control rules for both velocities (vx and vy) are expressed by Equations (10) and (11).

vx(t) = Kp · ecosα + Ki

∫ t

0
ecosα + Kd ·

d
dt

ecosα (10)

vy(t) = Kp · esinα + Ki

∫ t

0
esinα + Kd ·

d
dt

esinα (11)

where Kp is the proportional gain, Ki is the integral gain, and Kd is the derivative gain, e is the error
distance between the actual position (xact,yact) and the target reference positions (xre f ,yre f ), and α are
the heading errors. Then, e and α can be calculated using Equations (12) and (13), respectively.

e =
√
(xre f − xact)2 + (yre f − yact)2 (12)
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α = tan−1

(
yre f − yact

xre f − xact

)
(13)

3.2.2. Obstacle Avoidance

When dealing with obstacle avoidance, it means dealing with decision making. The algorithm
used for obstacle avoidance in this study is a fuzzy controller. The fuzzy controller comprises of three
main parts: linguistic variables, membership functions, and rules. In other words, linguistic variables
were used to control the input and output variables of the system. When we create a linguistic variable
to represent an input or output variable, we determine the number linguistic terms, or categories
of the values of the linguistic variable. Membership functions (MFs) are numerical functions that
correspond to the linguistic terms. A membership function represents the degree of membership of
the linguistic variables within their linguistic terms. There are two membership functions: input and
output linguistic variables. A triangular membership function was used to reduce the computation
time and the parameter settings of the fuzzy controller. The triangular membership function is
described by Equation (14).

µAi,j(xj) =

{
1 − |xj−ai,j |

bi,j
, |xj − ai,j| ≤ bi,j

0, |xj − ai,j| > bi,j
(14)

where A(i,j) is a membership function for the jth input of the ith rule, a(i,j) and b(i,j) are the central
value and width of the membership function, A(i,j), respectively.

The input linguistic variable membership function is the degree of danger and represents the
degree of danger using a distance sensor. Two linguistic terms, dangerous and safe, are used to
represent the degree of danger as a function of distance as the jth input xj, where µdanger corresponds
to the degree of danger. The obstacle avoidance behavior of the mobile robot should involve actions
that reduce the value of µdanger. The total number of input linguistic variables was eight because eight
distance sensors were used as inputs. Figure 4 shows the input variable membership function for the
degree of danger.

Figure 4. Input variable membership function for the degree of danger.

The output linguistic variable membership function is the robot velocity and represents the
velocity of the mobile robot that will be controlled. The linguistic terms of the robot velocity must
represent both the direction and magnitude of velocity changes. Therefore, we used negative large,
negative small, zero, positive small, and positive large for this output variable. The total number
of output linguistic variables is two, because there are two velocities that will be controlled: linear
velocity x (vx) and linear velocity y (vy). Figure 5 shows the output variable membership function of
the robot velocity.
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Figure 5. Output variable membership function of the robot velocity.

In this fuzzy controller, we apply a simplified fuzzy controller owing to its simple architecture
and low computational complexity cost. A fuzzy if-then rule using the simplified fuzzy controller
method is described as follows:

IF x1 is A(i,1) and . . . and xj is A(i,j) and . . . and xn is A(i,n)
THEN y1 is w(i,1) . . . and yj is w(i,j) and . . . and yo is w(i,o)

where A(i,j) is a membership function for the jth input of the ith rule, w(i,j) is a singleton for the jth
output of the ith rule, and n, o and r are the numbers of inputs, outputs, and rules, respectively. The
complete and detailed rules are shown in Figure 6.

Figure 6. Fuzzy rules of obstacle avoidance.

The activation degree (fuzzification) of the ith rule (i=1,2,. . . ,r) was calculated using Equation
(15).

µi =
n

∏
j=1

µAi,j(xj) (15)

Next, we obtained the jth resulting output (j=1,2,. . . ,o) by a weighted average (defuzzification)
using Equation (16).

yi =
∑r

i=1 µi · wi,j

∑r
i=1 µi

(16)

where µi is the activation degree of the ith rule of the fuzzy controller and yj is the result of jth output
of the fuzzy controller.

3.3. Sensory Network

A fuzzy controller for obstacle avoidance can be trained using teaching data suitable for a given
environmental condition. However, if the fuzzy rules are not generalized, the fuzzy controller must be
retrained when environmental conditions change. To construct compact and useful fuzzy rules, we
used a sensory network with a callable attention range, which adjusts the shape of the membership
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functions [26,27]. Figure 7 shows the membership functions corresponding to the maximum and
minimum attention ranges. Even if the input data and are the same, the resulting outputs and differ in
scaled MFs.

(a) Based on the sensor range

(b) Based on the attention range

Figure 7. Membership functions corresponding.

The velocity and attention range of the mobile robot should be changed according to the density
of obstacles. The attention range corresponds to A(i,j) of the membership function in fuzzy rules. The
attention range Arange(t) is changed as shown in Equation (17) and (18).

Arange(t) = sprs(t) · Srange (17)

f (x) =

{
γ−1 · sprs(t), ∑n

i=1 xi
n ≥ Arange(t)

γ · sprs(t), ∑n
i=1 xi

n < Arange(t)
(18)

where sprs(t) is the degree of sparseness of obstacles satisfying 0<sprmin ≥ 1.0 for the perception of
the environment. Srange is the maximum sensing range and γ (0<γ<1.0) is the perception coefficient.

3.4. Path Planning

Mobile robots need intermediate points that they need to pass through to avoid getting trapped
in the local area to reach their target. The mobile robot searches for the best position of intermediate
points generated by evolutionary computation, namely, particle swarm optimization (PSO).

The mobile robot will be given a map of the environment where it performs its task, the unit of
the map will be in pixels, and a pixel will represent a few centimeters in the real world. Then, the
starting and target position are determined based on real-world case. The mobile robot will carry out
the iterative learning process using PSO to be able to find the best intermediate point as solution that
mobile robot needs to pass through to make the mobile robot be able to reach its target without getting
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trapped by local area that usually surrounded by the obstacles. The PSO method used was the gbest
method, which allows every particle to obtain information from the best particle in the entire swarm.
Figure 8 shows flowchart of the PSO for path planning.

Figure 8. Flowchart of PSO for path planning.

The explanation of each step of particle swarm optimization (PSO) for path planning is

1. Initialization particle

In this process the particles are initialized starting with the number, and then the velocity and
position of each particle are initialized at random with the provisions of the minimum and
maximum positions of the particles according to the given map. Initialize the number, random
velocity, and random position of the particle. To avoid losing randomness and to avoid velocity
and position values exceeding the specified minimum and maximum position conditions that
can cause search stagnation, the random values are distributed evenly, as in Equation (19) and
(20).

xi(0) = xmin + r ∗ (xmax − xmin) (19)

vi(0) = β ∗ (xmin + r ∗ (xmax − xmin)) (20)

where xmin and xmax are the minimum and maximum values based on the workspace, respec-
tively, xi(0) is the initial value of the position of the candidate solution, vi(0) is the initial value
of the velocity of the candidate solution, β is the weight coefficient of the velocity, r ∼ U(0, 1) is
a random number.

2. Evaluate the fitness function

Each intermediate point was evaluated based on the given fitness function. The mobile robot
simulates the navigation process using the position driver and obstacle avoidance to reach
intermediate points to the target point on the map, which has been given to generate a fitness
value. The set of intermediate points is evaluated only when the mobile robot reaches the target
point. The minimization on the evaluation function is shown in Equation (21).

f (xi(t)) = W1 · ML + W2 · PL + W3 · MD + W4 · AD (21)
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where f (xi(t)) is the fitness value of particle i at time t, ML is the moving length or total distance
traveled by the mobile robot. PL is the path length from the starting, intermediate, and target
points. MD is the actual minimum distance to the target point. AD is the average danger, and
W1, W2, W3, W4 are the weight coefficients. The equations of the fitness function elements can be
seen in Equations (22), (23), (24), and (25).

ML =
N

∑
t=1

√
(vx(t)× vx(t)) + (vy(t)× vy(t)) (22)

PL =
√
(IPx1 − Xstart)2 + (IPy1 − Xstart)2 +

n

∑
t=1

√
(IPxi+1 − IPx1)2 + IPyi+1 − IPy1)2

+
√
(xtarget − IPxn)2 + (ytarget − IPyn)2

(23)

MD =
√
(xtarget − xactual)2) + (ytarget − yactual)2) (24)

AD =
∑N

t=1 ∑8
i=1

Srange−di
Srange

N
(25)

where vx(t) is the linear velocity x of the mobile robot at time t, vx(t) is the linear velocity y
of the mobile robot at time t, IPxi is the x coordinates of the intermediate point i, IPyi is the y
coordinates of the intermediate point i, n is the maximum number of intermediate points, Srange

is the maximum sensing range, di is the actual value of distance sensor i.
3. Update personal best position

The search for the solution will be a minimization problem, so the personal best position, yi(t),
at the next time step, t + 1, where t ∈ [0, . . . , N], is calculated as Equation (26).

yi(t + 1) =

{
yi(t), f (xi(t + 1)) ≥ f (yi(t + 1)

(xi(t + 1), f (xi(t + 1)) < f (yi(t + 1)
(26)

where f is the fitness function, xi(t) is position at time t.
4. Update global best position

The global best position ŷ(t) at time step t is calculated using Equation (27).

ŷ(t) = min{ f (xo(t)), ..., f (xns(t))} (27)

5. Update the velocity of each particle

PSO includes three parts: the current motion influence, individual particle influence, and particle
swarm influence. The velocity of the particle was calculated using Equation (28).

vij(t + 1) = ω ∗ vij(t) + c1 ∗ rij(t)[yij(t)− xij(t)] + c2 ∗ r2j(t)[ŷij(t)− xij(t)] (28)

where vij(t) is the velocity vector of particle i in dimension j at time t, xij(t) is the position vector
of particle i in dimension j at time t, yij(t) is the personal best position of particle i in dimension j
found from initialization through time t, ŷj(t) is the global best position of particle i in dimension
j found from initialization through time t, c1 and c2 are positive acceleration constants that
are used to level the contribution of the cognitive and social components, respectively, r1 j(t),
r2 j(t) ∼ U(0, 1) are two uniformly distributed random vectors (generated every iteration) at
time t in where each component is in the range [0,1].

6. Update the position of each particle

xij(t + 1) = xij(t)t + vij(t + 1) · ∆t (29)
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3.4.1. The Improved PSO Using Learning Factors

The values of the learning factors are compared, namely ω as inertia weight and c1 and c2 as
acceleration factors from standard PSO, Linear Adaptive PSO (LAPSO), and Trigonometric Function
Adaptive PSO (TFAPSO). The values of ω, c1 and c2 were obtained using the following equation:

• Standard PSO
In standard PSO, the inertia weight ω for the current velocity influence, the acceleration factors
c1 for the individual or cognitive influence and c2 for the swarm or social influence are constant
from the first iteration until the last iteration [21].

• Linear Adaptive PSO (LAPSO)
LAPSO is another variant of standard PSO that was first introduced by Bonyadi and Michalewicz
in 2013 [28]. With LAPSO, the learning factors (ω, c1, and c2) can change adaptively based on the
search iteration time using Equations (30)–(32).

ω(t) =
t

tmax
(ωmax − ωmin) (30)

where tmax is the number of final iterations, t is the number of iterations of the algorithm, and ω(t)
is the inertia weight corresponding to iteration t. ωmax and ωmin are minimum and maximum
values of ω.

c1(t) = (1 − t
tmax

(cmax − cmin)) + a (31)

c2(t) =
t

tmax
(cmax − cmin) + a (32)

• Trigonometric Function Adaptive PSO (TFAPSO)
TFAPSO was introduced by Lian, Yu, and Xiao in 2020 as improved method for standard PSO [29].
With TFAPSO, the inertia weight factor and acceleration factors are adaptively adjusted using
the trigonometric function at each stage of the algorithm operation using Equations (33)-(35).

ω(t) =
ωmax − ωmin

2
∗ cos

(
π ∗ t
tmax

)
+

ωmax + ωmin
2

(33)

c1(t) = cos
(

π ∗ t
tmax

)
+ a (34)

c2(t) = −cos
(

π ∗ t
tmax

)
+ a (35)

The parameters ω, c1 and c2 in PSO are used to balance the search capabilities of the local and
global search of particles in the swarm, and symbolizes self-cognition, symbolizes social influence.
Figure 9 shows a comparison of ω, c1 and c2 between the PSO variants. We can see that in standard
PSO the values of ω, c1 and c2 are constant from the first to the last iteration. However, in adaptive
PSO, the values of ω, c1 and c2 change according to the iteration time. The values of ω, c1 and c2 are
more likely to change based on the iteration time to be able to make the solution finding process, as
explorative as possible at the beginning and as exploitative as possible at the end.
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(a) ω as inertia weight (b) c1 and c2 are positive acceleration constants

Figure 9. Learning factor comparison between PSO variant.

A larger ω is useful for jumping out of the local optimum, whereas a smaller ω is suitable for the
algorithm to converge. While the optimal value of the individual particle is significant in the later
stage, the optimal value of the particle swarm is crucial in the early stage of algorithm optimization.

4. Experimental Results And Analysis

This section describes the experiments and analyses conducted this study. The entire test data are
explained starting from the realization of the mobile robot and the experimental results of the position
driver, obstacle avoidance, and path planning.

4.1. Mobile Robot Realization

The hardware design of the mobile robot include a mobile management system and an object
management system, as shown in Figure 10. The dimensions of the mobile robot were 61.35cm ×
45.83cm × 113.68cm.

Figure 10. Mobile robot realization from side view.
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Starting from the mobile management system, four DC motors equipped with an encoder with
four mounted mecanum wheels on the main structural frame in the shape of a rectangle. Eight
ultrasonic sensors were installed on each side of the two pieces, starting from the front, left, back,
and left sides. In the object management system, the scissor lift, which is actuated by a stepper
motor, assisted by two linear screws and two rail guides, has also been installed properly. There is
an additional door-opening mechanism in the object management system that is actuated by a servo
motor assisted by two gears to strengthen the torque of the servo motor which has also been installed
properly. Thus, all the hardware required for this mobile robot has been installed and can be tested.

The procedure for operating the holonomic mobile robot is as follows: First, we input the target
position in the x and y coordinates, and then the mobile robot runs the Particle Swarm Optimization
(PSO) Path Planning with the Fuzzy Controller (FC) Obstacle Avoidance and Position Driver in the
simulation to obtain the optimal intermediate point when needed. Then send it to the robot to execute
the Position Driver and FC obstacle avoidance.

Figure 11 shows a snapshot of a mobile robot task process sequence. The mobile robot can carry
out its functions starting from approaching the rack (1), entering the rack by moving backwards (2)(3),
lifting the rack using a scissor lift (4), carrying the rack that is moving while the rack is still lifted (5),
and delivering the rack to the desired target (6), namely at in front of the patient’s door.

Figure 11. Snapshot of logistics delivery test.

4.2. Position Driver and Obstacle Avoidance (Simulation)

Before conducting the experiments in real conditions, the algorithm was first tested in the simula-
tion. Figure 12 shows the simulation results where the size of the workspace is 380 × 500 pixels where
one pixel in the simulation workspace represents 2 cm in the real workspace. The initial and target
positions are (140, 100) and (220, 250), respectively. The mobile robot is depicted every 30 discrete time
steps in this figure.
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(a) Without obstacle avoidance (b) With obstacle avoidance

Figure 12. Simulation result of position driver.

From Figure 12 (a) the mobile robot collides an obstacle when it reaches the target if obstacle
avoidance is not applied to the position driver, of course this is very dangerous when we apply it to
the real mobile robot. However, in Figure 12(b) the mobile robot managed to avoid obstacles when
heading toward the target if obstacle avoidance was applied to the position driver. Therefore, obstacle
avoidance plays an important role in the mobile robot reaching the target point without colliding with
obstacles or walls.

The case condition for the following figures and table is defined:

• Case 1:
The radius of passing of each intermediate point was 20. The weights for the moving length,
path length, minimum distance, and average danger were 0.5, 0.1, 1, 100.

• Case 2:
The number of intermediate points and iterations were 2 and 100, respectively. The number of
particles were 200. The radius for passing through each intermediate point was 20. The weights
for the moving length, path length, minimum distance, and average danger were 0.5, 0.1, 1, 100.

• Case 3:
The number of intermediate points and iterations were 2 and 100. The number of particles were
400. The radius of passing of each intermediate point is 20. The weights for the moving length,
path length, minimum distance, and average danger were 0.5, 0.1, 1, 100.

Figure 13 shows simulation result of comparison between PSO variants. Figure 13 (a) shows the
fitness value in Case 1, 2 and 3. Figure 13 (a) shows minimum distance in Case 1, 2 and 3.
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(a) Fitness value (Case 1) (b) Minimum distance (Case 1)

(a) Fitness value (Case 2) (b) Minimum distance (Case 2)

(a) Fitness value (Case 3) (b) Minimum distance (Case 3)

Figure 13. Simulation result of comparison between PSO variants
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Figure 14 shows the simulation comparison between the Standard PSO, Linear Adaptive PSO
(LAPSO) and Trigonometric Function Adaptive PSO (TFAPSO) in Case 1, Case 2 and Case 3. The
simulation resolution was similar to that of real conditions. The obstacle is given to the environment,
for testing so that the mobile robot can manage the other trajectory in order to reach the target. The
mobile robot managed to avoid obstacles when heading toward the target if obstacle avoidance was
applied to the position driver. Therefore, obstacle avoidance plays an important role in the mobile
robot reaching the target point without colliding with obstacles or walls.

Figure 14. Simulation comparison of position driver and obstacle avoidance between Standard PSO,
Linear Adaptive PSO (LAPSO) and Trigonometric Function Adaptive PSO (TFAPSO) in Case 1, Case 2
and Case 3.
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Figure 14 Case 1 shows the trajectory of the mobile robot using the intermediate points generated
by several variants of PSO in Case 1. The mobile robot can reach the target point by passing the
generated intermediate points. Differ from the Case 1, the second intermediate point is further away
from the target due to an additional obstacle or blockade that requires the second intermediate point
to find another position so that the mobile robot can avoid the obstacle and reach the target.

Figure 13 (a) shows a comparison of the fitness values of several PSO variants for Case 1. Figure
13 (b) shows the minimum distance of the mobile robot’s position to the target point in Case 1. The
mobile robot reached the target at iteration 10 for PSO, iteration 10 for LAPSO, and iteration 0 for
TFAPSO.

Table 1 Case 1 shows the comparison of each fitness function element. From these results it can be
seen that TFAPSO and LAPSO is better at finding the optimal solution in Case 1 compared to PSO
because it has the lowest fitness value (minimization problem).

Table 1. Simulation results of the path planning.

Case 1
PSO LAPSO TFAPSO

Fitness Value 1083.50881 760.37469 760.72364
Moving Length 1190.75288 1168.38170 1169.58586
Path Length 1205.74148 1221.1841 1221.82083
Minimum Distance 2.95770 2.94937 2.96559
Average Danger 3.64601 2.94937 2.96559

Case 2
PSO LAPSO TFAPSO

Fitness Value 5601.59663 701.93917 701.93992
Moving Length 10094.44424 1270.95071 1270.94604
Path Length 836.51866 1311.03071 1310.99829
Minimum Distance 468.85061 2.95882 2.95882
Average Danger 0.77159 0.50395 0.50398

Case 3
PSO LAPSO TFAPSO

Fitness Value 5603.19464 5542.77517 701.93874
Moving Length 10094.44367 10000.00000 1270.94964
Path Length 990.22125 537.40115 1311.02936
Minimum Distance 468.85027 537.40115 2.95882
Average Danger 0.77220 0.00000 0.50395

Figure 14 Case 2 shows the trajectory of the mobile robot using the intermediate points generated
by several variants of PSO in Case 2. For PSO, the mobile robot cannot reach the target point because
the generated intermediate points are in the wrong position, so it makes the mobile robot trapped to
the local area surrounded by the wall or obstacle. It means the generated intermediate points is not
good solution because the solution is trapped to the local optima. But the for the LAPSO and TFAPSO,
the mobile robot can reach the target by passing the generated intermediate points. So, it means the
generated intermediate points is a good solution.

Figure 13 (a) shows a comparison of the fitness values of several PSO variants in Case 2. Figure
13 (b) shows the minimum distance between the mobile robot position and the target point in Case 2.
From these two graphs we can observe that the trajectory of the mobile robot based on the intermediate
points generated by PSO in this setting was trapped in the local optima, which means that the mobile
robot cannot reach its target.

We can see from Table 1 Case 2 that a large penalty is added to the moving length for PSO because
the mobile robot was trapped at the dead end. But LAPSO and TFAPSO can find the best solution so it
means the mobile robot can reach its target.
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Figure 14 Case 3 shows the trajectory of the mobile robot using the intermediate points generated
by several variants of PSO in Case 3. For PSO and LAPSO, the mobile robot cannot reach the target
point because the generated intermediate points are in the wrong position, so it makes the mobile
robot trapped to the local area surrounded by the wall or obstacle. It means the generated intermediate
points is not good solution because the solution is trapped to the local optima. Only for the TFAPSO,
the mobile robot can reach the target by passing the generated intermediate points.

Figure 13(a) shows a comparison of the fitness values of several PSO variants for Case 3. Figure
13(b) shows the minimum distance between the mobile robot position and the target point in Case
3. From these two graphs we can see that the trajectories of the mobile robot based on intermediate
points generated by PSO and LAPSO in this setting were trapped in the local optima. They could not
find the optimal solution, which means that the mobile robot could not reach their target.

We can see from Table 1 Case 3 that a large penalty is added to the moving length for the PSO and
LAPSO variants because the mobile robot were trapped at the dead ends. Only TFAPSO can find the
best solution, which means that the mobile robot can reach its target.

4.3. Fuzzy Controller on Real Condition

The next experimental results describe the additional testing of the mobile robot’s logistics delivery
task, namely, to move and carry them, and to deliver them to the targeted place. The purpose of this
test is to ensure that the mobile robot can carry out its function for logistics delivery tasks.

Figure 15 shows a comparison of the sensors of the mobile robot and fuzzy system rules that were
used to move away from Room 4 to Home. Figure 15 (a) shows that the input from eight ultrasonic
sensors (left side) can affect the dangerous membership function and fuzzy rule (right side). Each
number shows the position as shown in Figure 15 (b), when the robot returned from Room 4 to Home.
This input affects the rules that will proceed by the robot to drive the robot. Figure 15 (b) shows the
real trajectory movement of the robot generated by PSO.

(a) Sensor of mobile robot and fuzzy system rules (b) Real robot trajectory movement from Home-Room 4-Home

Figure 15. Comparison of sensor of mobile robot and fuzzy system rules that used on going away from
Room 4 to Home.

Figure 16 shows a snapshot of the real mobile robot experimental results from Home to the
closest room (Room 1), going away, and going home. Figure 16 (a) shows a snapshot without obstacle
avoidance and Figure 16 (b) shows a snapshot with obstacle avoidance. The number below each
image show the sequence of the movement. From the snapshot, we can see that on the real movement
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holonomic mobile robot movement, the robot can reach the target and return back to Home well as
shown in Figure 16 (a). From Figure 16 (b) the robot can detect the obstacle (even if the human is
moving) through sensory network perception. The perceive of sensory network are represent the robot
’vision’. When a human is moving around the robot, the robot will avoid the human and try to find the
trajectory generated by PSO again. The robot can reach the target room and return to the Home from
the targeted room.

Figure 16. Snapshot of the real mobile robot experimental results from Home to the closest room (Room
1), going away and going home.

Figure 17 shows the real robot movement trajectory, moving away from the Home to the targeted
room and returning back to Home from the targeted room. We selected rooms that represented the "L"
shape to the right (Home-Room 2-Home), "L" shape to the left (Home-Room 4-Home) and "U" turn
(Home-Room 3-Home). All trajectories, of course generated by PSO and the perception of the sensory
network and the robot decision when obstacle avoidance is by fuzzy controllers.

Figure 17. Real robot movement trajectory, moving away from the Home to the targeted room and
returning back to Home from the targeted room.

The last figure as shown in Figure 18 is a snapshot of the real mobile robot movement experimental
results from Home to the most distant room, go and away, and with and without obstacle avoidance.
This is a "U" turn trajectory. The number below each image shows the sequence of movement. The
holonomic mobile robot took a long journey and reached its target. Despite the obstacles surrounding
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the robot, the robot can avoid them and try to find the previous trajectory generated by the PSO to
reach the target. Moreover, the robot could return back to the Home well. Figure 17 the right one
(Home-Room 3-Home) shows the real robot movement trajectory.

Figure 18. Snapshot of the real mobile robot experimental results from Home to the most far room, go
and away, with and without obstacle avoidance.

5. Conclusion

Based on the experimental results, the following conclusions can be drawn from this study:

1. The holonomic motion model applied to the mobile robot allow it to move freely in all directions
and function in a narrow area.

2. The position driver and fuzzy controller with the rules can make the mobile robot avoid obstacles
when reaching the target.

3. Path planning plays a crucial role in navigation because without path planning, a mobile robot
is often trapped in a local area when the environment is unknown. The use of particle swarm
optimization (PSO) as a path planning algorithm can overcome these problems. There are 3
types of PSO were compared, and it was found that the Trigonometric Function Adaptive PSO
(TFAPSO) is better for finding the most optimal solution compared to Linear Adaptive PSO
(LAPSO) and standard PSO based on the safest, shortest path, and lowest time.

4. The proposed navigation system uses a position driver that has been able to make the mobile
robot go to and reach the desired target position and uses obstacle avoidance with a fuzzy
controller that has been applied which has succeeded in enabling the mobile robot to avoid
obstacles around it. Thus, the mobile robot can carry out logistics delivery tasks that minimize
contact between dangerous infectious disease patients and health workers.

In future work, we will develop a mobile robot that can move faster and more effectively and can
work well in unexpected environments. The health workers must be maintained as a first and prime
priority so they can provide better services to patients.
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