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https://doi.org/10.18280/jesa.590807 ABSTRACT

Differential drive mobile robots (DDMRs) have been implemented in various applications
to assist human work. One of the capabilities applied to DDMR to avoid collisions is
obstacle avoidance. One approach used in the obstacle avoidance method is the sensor-
based method. Sensor-based methods rely on sensory data to react to obstacles in real time.
They are simple to implement and can handle dynamic environments effectively. This
study aims to design an obstacle avoidance method using local sensors installed on the
robot. The robot is designed to move according to the kinematic equations of DDMR. The
results of this study indicate that the modification of the DDMR's kinematic equation that
adds parameter c to the calculation of the robot's heading based on the results of ultrasonic
sensor readings has been successfully applied to the obstacle avoidance function. DDMR
can avoid obstacles in circles, lines, and U-shaped. The parameter ¢ and instantaneous
center of curvature (ICC) values significantly affect DDMR in producing trajectories when
avoiding obstacles. The larger the ¢ and ICC values, the more likely the robot is to move
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towards the negative y-axis, resulting in a greater DDMR distance to the goal.

1. INTRODUCTION

Differential drive mobile robots (DDMRs) have become a
widely adopted platform in autonomous robotic systems due
to their simple mechanical design, high maneuverability, and
relatively low implementation cost [ 1-3]. These characteristics
make DDMRs particularly suitable for indoor service and
logistics applications [4]. In modern warehouse environments,
DDMRs are commonly deployed as autonomous mobile units
responsible for tasks such as material transportation, sorting,
and inventory handling [5]. Their differential drive
configuration enables efficient motion csontrol and allows the
robot to navigate through narrow corridors and cluttered
indoor environments [6]. As a result, DDMR-based systems
have been extensively utilized to improve operational
efficiency, reduce labor costs, and increase the reliability of
automated logistics operations.

Despite these advantages, autonomous navigation remains
a fundamental challenge in mobile robotics. A key component
of autonomous navigation is path planning [7-9], which aims
to determine a feasible trajectory from an initial position to a
desired target while satisfying several constraints, including
obstacle avoidance [10], path efficiency [11], and energy
consumption [12]. In real-world environments, this problem
becomes significantly more complex due to environmental
uncertainties such as dynamic obstacles, unexpected
disturbances, and sensor noise. Furthermore, environments
containing narrow passages, cluttered objects, or local
minimum conditions can degrade the performance of
conventional navigation algorithms. Consequently, robust
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path planning and obstacle avoidance strategies are essential
to ensure safe, efficient, and reliable robot navigation [13].

Path planning methods in mobile robotics are generally
categorized into global and local approaches [14]. Global path
planning aims to compute an optimal path from the start
position to the goal using a priori knowledge of the
environment, typically represented as a map [15]. Classical
graph-based algorithms such as A* and Dijkstra are widely
used to generate optimal routes by considering obstacle
locations and path length [16]. The primary advantage of
global planning lies in its ability to produce globally optimal
trajectories over long distances [17]. However, these methods
generally rely on static environmental representations and
therefore exhibit limited adaptability when unforeseen
obstacles appear after the path has been generated.

In contrast, local path planning focuses on real-time
navigation by utilizing information obtained from onboard
sensors [18]. Local planners continuously adjust the robot
trajectory according to its immediate surroundings, enabling
responsive navigation in dynamic and uncertain environments
[19]. However, local planning methods may suffer from
several limitations, including oscillatory motion, inefficient
trajectories, and the risk of becoming trapped in local minima
[20]. These issues highlight the need for carefully designed
local navigation strategies that can maintain stable and reliable
motion behavior.

Within the context of local navigation, obstacle avoidance
is a critical component that prevents collisions between the
robot and surrounding objects. Existing obstacle avoidance
approaches can generally be categorized into three main
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groups: sensor-based methods, behavior-based methods, and
planning-based methods [21, 22]. Sensor-based methods rely
directly on measurements obtained from onboard sensors such
as ultrasonic sensors, LiDAR, or cameras to detect nearby
obstacles [23-25]. These approaches allow robots to react
rapidly to environmental changes and are relatively
straightforward to implement in real-world robotic systems.

Behavior-based approaches decompose navigation into
multiple reactive behaviors, such as goal seeking and obstacle
avoidance. Representative techniques in this category include
potential field methods, the vector field histogram, and wall-
following strategies [26, 27]. These methods are attractive
because they offer simplicity, robustness, and real-time
responsiveness. However, they may exhibit undesirable
behaviors such as oscillations or instability, particularly in
environments with complex obstacle configurations.

Planning-based approaches, on the other hand, generate
collision-free trajectories through explicit path optimization or
graph-search processes. Representative examples include
graph-based algorithms such as A* and Dijkstra, as well as
sampling-based techniques such as rapidly exploring random
trees (RRTs) and Probabilistic Roadmaps [28, 29]. Although
these methods can produce efficient trajectories in structured
environments, they typically require significant computational
resources and may have limited responsiveness to rapidly
changing environments.

Despite the extensive research on obstacle avoidance,
several challenges remain. Sensor-based and behavior-based
approaches provide fast and reactive navigation but may
produce unstable or suboptimal trajectories. Conversely,
planning-based approaches can provide more optimal
solutions but generally require higher computational effort and
depend on explicit environmental models. Therefore, there
remains a need for navigation strategies that preserve the
simplicity and responsiveness of sensor-based approaches
while improving trajectory stability and heading control.

Motivated by this challenge, this study proposes an obstacle
avoidance strategy based on a modification of the kinematic
model of a differential drive mobile robot. In the proposed
approach, sensor measurements obtained from local sensors
are incorporated to influence the robot heading during
navigation. Specifically, a modification is introduced into the
conventional DDMR kinematic model by incorporating an
additional parameter that adjusts the robot heading when
obstacles are detected in front of the robot. This modification
enables the robot to adapt its motion in real time while
maintaining stable navigation behavior. Consequently, the
proposed approach aims to improve trajectory stability and
obstacle avoidance performance while preserving the
computational ~ simplicity = required  for  real-time
implementation.

2. METHODOLOGY
2.1 Obstacle avoidance in kinematics of DDMR

The study utilizes the kinematic model of the DDMR to
generate robot motion. According to Figure 1, the DDMR
moves from the initial position {I} to the target/goal position
{G}. The robot moves on a Cartesian plane along the x and y
coordinates. Changes in position on each axis and the robot's
facing angle can be seen in Egs. (1)-(3).
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Figure 1. Parameters of DDMRs

The movement of the robot's position from {I} to {G} is
represented by p. According to Eq. (4), p is the Euclidean
distance between the current and target positions. The
difference between the x and y coordinates of the robot at the
current position and its previous position on the Cartesian
plane are represented as Ax and Ay. The angle change
generated by DDMR to frame {I} generated by the gyroscope
is represented by 6. In Eq. (5), the resulting angle difference in
the condition {I} to {G} is represented by a. The resulting
final angle to the DDMR frame is defined by f at the goal
position.

)= BB @
a= <tan‘1 (2—1) + c) -0 (5
B=-0-a (6)

The kinematic equation of DDMR is modified by adding a
constant value (¢) in Eq. (5). The value of ¢ is a positive
constant influencing the robot's heading angle. The value of ¢
is determined by the position of the obstacle detected by the
sensor installed on the robot. Egs. (4)-(6) are used to produce
the robot's linear velocity (v) and angular velocity (w) shown
in Egs. (7) and (8).

v =kpp (7

w = kea + kg (8)

ke, k,, and kg are gain parameters that make DDMR
achieve stability at the goal position. The control law that
applies so that DDMR reaches the goal position is k, > 0, kg<
0, and k4-kg > 0. Based on Egs. (7) and (8), the speed of the
left (v;) and right (v,.) motors is set according to Egs. (9) and
(10). The value of L is the distance between the right and left



wheels of the DDMR. The parameter R is the instantaneous
center of curvature (ICC) of the DDMR.

wL
UT=U+ﬁ (9)
wL
=y - — 10
v =v 2R (10)

To improve the clarity of the proposed navigation strategy,
the overall procedure of the obstacle avoidance method is
summarized in Algorithm 1. The algorithm describes how
sensor measurements are incorporated to modify the robot
heading during navigation while maintaining the kinematic
constraints of the differential drive mobile robot.

Algorithm 1: Sensor-Based Obstacle Avoidance
Input:

Current robot pose (x, y, 6)

Goal position (Xg, Yg)

Distance sensors SL, SC, SR

Control gains k,, kg, kg

Robot parameters L, R

Constant ¢
Output:

Wheel velocities v,, v,

1 Ax x5 —x
2 Ay —y,—y
3 // Lookup table for angular offset
4 LUT « [0, c, ¢, 2¢, —¢, —2¢, C, 2C]
5 c_offset «— LUT
6 /I Navigation variable
7 p —+Ax? + Ay?
8 -1 (8 _
a «— (tan (Ax) + c) 0
9 f——-0—-a
10 // Control law
11 Ve kyp
12 w —kqa+kgp
13 /I Wheel velocities
14 Vpe—v+ =
2R
2R
16 return v,, v,

2.2 Robot design

Based on the explanation in the previous section, this study
uses a differential drive-based mobile robot. DDMR consists
of several components according to the design of the block
diagram and hardware in Figure 2(a) and (b). The robot
consists of a microcontroller as a robot controller. The
microcontroller receives input data from sensors installed on
the robot. Information from the sensors will be processed, and
the computational results will be used to regulate the speed of
the right and left motors.

The sensors used in DDMR measure distance, motor speed,
and robot rotation angle. The distance sensors used are
ultrasonic-based, totaling three. In this study, ultrasonic
sensors were installed on the robot's left, middle, and right
sides. The motor speed sensor was made of internal encoders
of the right and left motors. The gyroscope was used as the
robot angle counter. The robot's facing angle information from
the gyroscope replaces Eq. (3). This reduces errors in
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determining the robot's facing angle compared to using
encoder data.

Left
Ultrasonic

Left Motor

Battery

Center
Ultrasonic

Controller Right Motor

Right
Ultrasonic

Left Encoder

Gyroscope Right Encoder

(a) Block diagram of DDMR

Right motor -
Microcontroller

~

Right wheel

(b) Design of DDMR hardware

Ultrasonic sensors

Figure 2. Design of differential drive mobile robots (DDMR)

The obstacle avoidance method, based on local sensors on
the robot, is designed using ultrasonic sensors. The design of
the distance sensor used in real-time detection of obstacles can
be seen in Figure 3. Three sensors are installed on the front of
the robot with a 45° angle difference between sensors. The
three sensors are 0.065 m from the center of the robot. This
will determine the robot's safe distance to avoid collisions with
obstacles.

Figure 3. Design of three ultrasonic sensors

Based on Figure 3, three ultrasonic sensors are used to
determine the position of obstacles to the robot. This is used to
determine the value of ¢ in Eq. (5). Table 1 shows the
relationship between the positions of obstacles represented
through the conditions of the sensors that detect objects. The
lookup table method is used to determine the value of c.
Condition 1 indicates the sensor when it detects an obstacle in
front. Vice versa, condition 0 represents the sensor when it
does not detect an obstacle in front. This condition is
determined by the safe distance value between the robot and
the obstacle determined at the beginning.



Table 1. Condition of each sensor

Condition of Sensor

Left Center Right Value of ¢
0 0 0 0
0 0 1 c
0 1 0 c
0 1 1 2¢
1 0 0 -c
1 0 1 2c
1 1 0 c
1 1 1 2c

The coordinates of the position headed by the robot will be
affected by the reading results of the distance sensor installed
on the robot. Based on the distance sensor detection results,
the speed values of the right and left motors will change from
the calculation of the standard kinematic equation. The robot
will recalculate the next position according to the applicable
DDMR's kinematic equation until it reaches the target.

In general, the DDMR process moves from the initial to the
goal position while avoiding obstacles in between, as can be
seen in Figure 4. Initialization needs to be done by determining
the initial position, goal position, the safe distance of the robot
to obstacles, and the error tolerance to the goal position. In
addition, the gain value involved in the DDMR kinematic
equation must be defined at the beginning. After that, the
encoder data on each motor is converted into the distance
traveled and entered into the DDMR kinematic equation.

!

/ e ™
7 Initialization: start, ™\ Determine the value of
S goal, safe range, /> ¢ according to the table
\\ tolerance gain, Vs

v {

Measure the heading
angle + ¢

Read the encoder data

Number of
motor
revolutions

Calculate the position
coordinates of the robot
according to the
kinematics equation

Calculate the mileage
of each motor (left and
right motor)

'

Read the distance
between robot and
obstacle

I

Figure 4. Flowchart of robot movement in reaching the
target

The robot position is obtained based on the DDMR
kinematics calculation. Based on the target position, the speed
values of the right and left motors are determined according to
Egs. (9) and (10). When the DDMR encounters an obstacle
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between the DDMR and the goal position, the value of ¢ is
determined based on Table 1. This will affect the robot
heading, which will be measured using a gyroscope installed
on the DDMR. The DDMR will continue to move until it
reaches the target. When the DDMR has not reached the goal
position, the DDMR will search for the following position
coordinates to reach the target.

3. RESULTS AND DISCUSSION
3.1 Influence of gain parameter on DDMR trajectory

In the study, DDMR navigates according to kinematic
equations, such as Eqgs. (1)-(10). The linear velocity (v) and
angular velocity (w) are highly influenced by the gain values
of k, and k,. Following the control law, DDMR was able to
reach the goal when the values of k, and k, are positive. The
influence of k, value in the movement of DDMR can be
observed in Figure 5. DDMR moved from the initial
coordinate position (0,0) to the goal coordinate position
(10,10) with the values of k, and k, = 0.1, and the initial
heading angle (8;) = 1.57 rad.

12

goal

10

y-axis

x-axis

Figure 5. Influence of k, value on the trajectory of DDMRs
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Figure 6. The influence of k, values on the trajectory of
DDMRs

Based on Figure 5, the path resulted from the movement of
DDMR with the value of k, = 1 was further than that of bigger
k, values. A bigger value of k, resulted in a trajectory that
was closer to the target; the resulting path will resemble a
straight line with a big value of k,. This can be seen with k,



= 100 that resulted in a straight path toward the target.

The value of k, determines the length of steps used each
time to move from g to gs+1. A big value of k, resulted in big
steps; conversely, a small value of k, makes the robot move
in smaller steps. Thus, the use of k, with smaller values
require a longer time to reach the target. The influence of k,
values can be seen in Figure 6.

3.2 Implementation of obstacle avoidance algorithm

Based on the evaluations above, the gain parameter values
of k,, k, and kg used to evaluate the DDMR were 0.1, 20, and

-0.01, respectively. The subsequent evaluation assessed the
proposed method's effectiveness in avoiding obstacles. In this
study, the obstacle avoidance performance is evaluated using
three representative obstacle configurations: circular, line-
shaped, and U-shaped obstacles. These configurations are
selected because they capture fundamental geometric
characteristics commonly encountered in indoor navigation
environments while allowing a systematic evaluation of the
robot’s reactive navigation behavior. Circular obstacles
represent isolated objects that require the robot to perform
smooth trajectory deviations and subsequently reorient toward
the target. Line-shaped obstacles emulate walls or extended
barriers, which are useful for assessing heading stability and
the robot’s ability to maintain safe distances from continuous
boundaries. Meanwhile, U-shaped obstacles are widely used
to evaluate the robustness of obstacle avoidance strategies in
the presence of potential local minima, where purely reactive
algorithms may become trapped or exhibit oscillatory motion.
By employing these three obstacle types, the experiments can
comprehensively assess the robot’s capability to handle
isolated obstacles, extended barriers, and trapping structures.
More complex scenarios such as narrow passages are not
considered in this evaluation because they primarily test
precision navigation and global path planning capabilities
rather than the fundamental reactive obstacle avoidance
behavior that constitutes the main focus of this study. In the
first evaluation, a tube-shaped obstacle with a radius of 0.05 m
and a height of 0.25 m was placed between the robot and the
target. The test was conducted in a closed and conditioned
room measuring 3 m %3 m with a flat floor. The results of the
evaluation can be seen in Figures 7 and 8.

Figure 7 shows the resulting trajectory of DDMR, referring
to the proposed modification of the kinematic equations. In the
evaluation, DDMR moved from the initial position (0,0)
toward the goal position (200,0) in centimeter units. A central
obstacle in tubular shape was placed at the position of (100,0)
with a radius of 0.05 m. Besides, the ICC value influencing the
speed of right and left motors, as in Eqgs. (9) and (10), was 1
m. The safe distance of the robot against the obstacle (7),
measured by the ultrasonic sensor, was 0.45 m. The evaluation
aims to observe the influence of the ¢ value proposed in Eq.
(5) concerning obstacle avoidance. As shown in Figure 7, the
proposed change of ¢ values made the robot successfully avoid
the tube-shaped obstacle that was placed in front of the robot.
The value of ¢ is the heading angle value added to the
kinematic equation, influenced by the sensor reading. In the
first evaluation, five values of ¢ were used to observe the
effectiveness of the obstacle avoidance function: 3.14 rad, 6.28
rad, 12.56 rad, 25.12 rad, and 50.26 rad. Overall, a bigger
value of ¢ influences the trajectory of DDMR, resulting in
wider trajectories. This influences the travel distance of
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DDMR in reaching the goal position. As seen in Table 2, the
travel distance with the setting of a big value of ¢ tends to be
further than that of a small value of ¢. Besides, a bigger ¢ value
tends to sharpen the maneuver of DDMR during the initial
period of obstacle avoidance.
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Figure 7. The influence of the c parameter on the trajectory
of DDMRs with a tube-shaped obstacle
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Figure 8. Various distance values between the DDMRs and
the obstacle due to changing values of ¢

Table 2. Result of experiment 1

n Value of Time to Mileage = Minimum Distance
c (rad) Goal (s) (m) to Obstacle (m)

1 3.14 135 0.210 0.16

2 6.28 134 0.227 0.23

3 12.56 136 0.230 0.26

4 25.12 140 0.250 0.36

5 50.24 134 0.236 0.23

Figure 8 shows the comparison of safe distance traveled by
DDMR during the first evaluation. The safe distance of
DDMR toward the obstacle was determined at 0.35 m. As in
Figure 8, trajectory with the value of ¢ = 25.12 displays the
safest value among other trajectories. As in Table 2, the
minimum safest distance of DDMR toward the obstacle was
found at the value of ¢ = 25.12. As the value of ¢ becomes
greater than 25.12, the value of the minimum distance between
the DDMR and the obstacle becomes smaller.

The second experiment was conducted in the same
environment as the first experiment. The second evaluation
was performed to observe the influence of ICC on the
trajectory of DDMR in the function of obstacle avoidance. The



ICC values used in the evaluation were 1.00, 1.25, 1.5, and
1.75. The change of the ICC values affects the maneuver of
DDMR when making turns. As in Figure 9, a bigger value of
ICC sharpens the maneuver of DDMR when avoiding the
obstacle. This also impacts the travel distance of DDMR when
reaching the goal position.
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Figure 9. The influence of the ICC parameter on the
trajectory of DDMRs with a tube-shaped obstacle
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Figure 10. The distance of DDMRs in regard to the obstacle
due to the changing values of ICC

Table 3. Results in experiment 2

n Value of Time to Mileage = Minimum Distance
c (rad) Goal (s) (m) to Obstacle (m)

1 1.00 134 0.236 0.23

2 1.25 133 0.227 0.32

3 1.50 134 0.229 0.26

4 1.75 135 0.237 0.21

According to Figure 10, the modification of ICC values
generally affects the maneuver in avoiding obstacles within
the initial period. Based on Table 3, the value of ICC = 1.25
generated the greatest amount of minimum distance toward the
obstacle. This was caused by the speedy maneuver of DDMR
during the initial period when the ultrasonic sensor detected
the obstacle. With the value of ICC equal to 1.75, the value of
safe minimum distance toward the obstacle was the smallest
among other values of ICC. This occurred due to the initial
movement of DDMR along the y-axis before detecting the
obstacle was negative. DDMR performed the sharp maneuver
when detecting the obstacle; however, the initial movement
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made the minimum distance toward the obstacle become the
smallest among other values. Besides, the travel distance of
the DDMR toward the goal position was the greatest with the
setting value of ICC = 1.75.

A more complex evaluation was conducted with the line-
based obstacles. The third and fourth evaluations were
conducted on the obstacles with straight-line and U-shaped
obstacles. In the third evaluation, the DDMR faced a line-
shaped obstacle with a length of 0.63 m, positioned vertically
aligned with y-axis, in between the initial and the goal
position. The trajectory results of the DDMR encountering a
straight-line obstacle can be seen in Figure 11. According to
Table 1, the DDMR will generate an additional steering angle
of 2¢. Therefore, when the DDMR is in front of a linear
obstacle with all ultrasonic sensors detecting it, the DDMR
will maneuver toward the positive y-axis. The evaluation with
the line-shaped obstacle utilized the parameter values of ¢ =
25.12 and ICC = 0.5. The travel time required by the DDMR
to achieve the goal position was 133 s, while the travel distance
was 0.254 m.
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Figure 11. The influence of the ICC parameter on the
trajectory of DDMRs with a line-shaped obstacle
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Figure 12. The influence of the ICC parameter on the
trajectory of DDMRs with the U-shaped obstacle

The evaluation of DDMR with a U-shaped obstacle can be
seen in Figure 12. The evaluation on the U-shaped obstacle
utilized ¢ = 12.56 and ICC = 1.25. The travel time required by
the DDMR to achieve the goal position was 165 s, while the
travel distance required was 0.367 m.



4. CONCLUSIONS

This study demonstrates that the proposed modification of
DDMR’s kinematic equations, incorporating the parameter ¢
into the heading calculation based on ultrasonic sensor
readings, effectively enhances obstacle avoidance. The
algorithm enables the robot to successfully navigate circular,
line, and U-shaped obstacles. Quantitative results indicate that
the parameters ¢ and ICC critically influence trajectory
generation and travel distance, and their appropriate selection
can optimize obstacle avoidance performance. These findings
highlight the effectiveness and practical applicability of the
proposed approach, providing a robust framework for real-
time autonomous navigation in complex environments.
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