TELKA: Jurnal Telekomunikasi, Elektronika, = |

Komputasi, dan Kontrol

Vol. 12, No. 1, March 2026, pp. 66-78 l ELKA

Jurnal Telekomunikasi, Elektronika, Komputasi dan Kontrol

ISSN (e): 2540-9123 ISSN (p): 2502-1982 N" —
DOI: https://doi.org/10.15575/telka.v12n1.66-78 s °

Potential Field Obstacle Avoidance Powered by
Grid Certainty Map and Minimum Histogram

Rahmat Zidan®", Amalia Prameswari Alvina?, Putra Wisnu Agung Sucipto®
123 Department of Electrical Engineering and Informatics, State University of Malang
Building B11, 2nd Floor, State University of Malang, JI. Semarang 5, Kota Malang
rahmat.zidan.2305366@students.um.ac.id **, amalia.prameswari.2305336 @students.um.ac.id?,

putrawisnu.ft@um.ac.id®

Article Info

ABSTRACT

Article history:

Received: 07 October 2025
Revised: 03 February 2026
Accepted: 07 February 2026
Published: March 2026

Keywords:
Obstacles;
Tracks;
Histogram;
Maps;
Forces.

An omnidirectional robot moving in a crowd of robot soccer players
requires autonomous navigation to navigate moving obstacles,
generate safe, smooth, and adaptive trajectories when global
information is unavailable. Global navigation and local control must
be integrated so that spatial memory can balance speed, safety, and
smoothness. This study proposes the implementation of Potential
Field Obstacle Avoidance (PFOA) with a grid certainty map and a
minimum histogram to address these challenges. This idea is based
on the repulsive and attractive forces that shape the decision of the
direction of motion in PFOA, which need to be accompanied by the
confidence of the empty space map in the distribution of obstacle
histograms that direct the robot to the right direction. Based on
experiments that have been conducted, this approach has proven to
perform better than the hybrid A* and bug methods. Our proposed
algorithm is able to make the robot's travel time to the target
consistently 13-21 seconds, with a smooth motion trajectory due to
sharp maneuvers in the most difficult areas that are minimal, and the
best safety confidence level value based on the certainty value
between the two comparison methods. So it can be concluded that the
strengthened PFOA is able to adapt to local dynamics and is superior
in planning global robot trajectory maps that contain obstacles.
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1. INTRODUCTION

A three wheeled omnidirectional robot operating as a player in robot soccer tournaments
functions in environments characterized by complex and dynamic obstacles. Mechanically, this
robot offers the advantage of full directional mobility (omnidirectional movement) with highly
responsive motion capabilities [1], [2]. However, in practical operation, it requires an intelligent
navigation system to regulate efficient movement, particularly in environments where dynamic
obstacles dominate over static ones [3], [4]. This system is a critical component, as responsive
motion must remain adaptive and robust against potential collision risks.

Designing this robot to perform obstacle avoidance can be approached through various
strategies. Based on reactive behavior, Rostami et al. [5] and Antoska-Knights et al. [6] proposed
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variations of the Potential Field (PF) method to guide robot motion through the interaction of
repulsive forces generated by obstacles and attractive forces directed toward the target. This
approach was further adopted by Borenstein and Koren [7] in the introduction of the Vector Field
Histogram (VFH) method. On the other hand, Yangqi Ou [8] proposed a global path planner to
guide intermediate waypoints of the robot as an alternative navigation strategy. The emphasis lies
in the use of heuristic functions and direct cost evaluation to refine grid-based paths, resulting in
smoother and more efficient trajectories compared to the standard A* algorithm. These two
approaches are important to integrate, considering that VFH and PF are primarily limited to local
path regulation and basic attractive-repulsive force interactions. Although they can mitigate
sudden obstacle repulsion effects, these methods still rely on instantaneous sensor data and do not
account for spatial density distribution or motion history. Without the integration of probabilistic
grid mapping or adaptive mechanisms for dense environments, the robot may become trapped in
local minima [9], [10]. However, when employing a global planner, the navigation strategy should
not rely absolutely on the availability of a complete environmental map or impose excessively
high computational demands.

To address these challenges, the Potential Field Obstacle Avoidance (PFOA) algorithm can
serve as a viable solution due to its structural simplicity, computational efficiency, and ease of
implementation. This approach is still grounded in the fundamental interaction between attractive
forces toward the target and repulsive forces generated by obstacles [11], [12]. Hlustratively,
Figure 1 presents the PFOA field representation.
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Figure 1. PFOA field.

PFOA offers advantages in terms of a clearer orientation control structure and force
parameters that can adapt to environmental changes. However, without the support of grid-based
mapping, PFOA still exhibits significant limitations, including inconsistent zigzag trajectories
and susceptibility to local minima due to the absence of comprehensive spatial evaluation
mechanisms. Therefore, integrating PFOA with a decision-making framework based on grid
mapping histogram distribution is considered a promising solution to enhance navigation
performance, particularly for three-wheeled omniwheel platforms that require directional
flexibility, high maneuverability, and reliable obstacle avoidance in complex environments [13].

This study proposes the integration of the PFOA algorithm with a grid certainty map
approach, heading error and heading control mechanisms, as well as a minimum histogram-based
decision strategy [14]. The grid certainty map is used to construct a spatial representation of the
environment by evaluating the level of certainty of obstacle presence in each grid cell. The
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heading error and heading control mechanisms are employed to correct the robot’s orientation,
while the minimum histogram method determines the safest movement direction based on the
historical distribution of the robot’s interaction with the mapped environment [15]. The objective
is to improve path efficiency and enhance the adaptability of the three-wheeled omniwheel robot
in dynamic environments [16]. The main contribution of this study lies in the formulation of a
novel certainty value (CV) that integrates heading error and potential forces into the grid
representation, along with its incorporation into a minimum histogram-based directional decision
mechanism. This approach not only strengthens the reliability of PFOA in addressing local
minima and zigzag motion limitations, but also provides a more adaptive framework for
navigation evaluation [17].

2. METHOD

The robot navigation system proposed in this study is based on the resultant force field
concept of the PFOA algorithm, supported by target-oriented heading control and followed by
grid based environmental mapping [18]. This process is accompanied by the computation of the
total control signal and the implementation of three-wheel kinematic control. In general, the
overall research methodology is illustrated in Figure 2:

! Compute the attractive force toward the target
{ Vekior T )

A

Variable initialization of coordinates l
l Initialize the repulsive force ( 7., ) bazed on obstacle detection
from surreunding sensors (irl—-ird).
Compute the target direction and heading error  [#—— l
l Compute Frotal = Farr — Frep
Compute the rotational Signal and

alignment

Have all obstacles
been cleared?

Yes

—

Heading error = 37

Figure 2. Research methodology.

Figure 2 illustrates the system flow diagram, which can be grouped into four main operational
stages: 1) sensor data acquisition; 2) grid based environmental mapping along with clustering and
segmentation; 3) construction of the certainty value histogram; and 4) the enhanced PFOA based
navigation process.

This navigation process is implemented on a robotic platform equipped with distance sensors
distributed circumferentially at 40° angular intervals. Each sensor provides distance
measurements to surrounding obstacles [19]. For the purpose of measuring the robot’s distance
to the target, the robot’s global position is monitored in vector form based on the following
formulation:

dx = Xtarget — Xrobot (1)
dz = Ztarget — Zrobot 2

The values (dx, dz) form a directional vector toward the target and determine the robot’s relative
position within one of the four Cartesian quadrants.
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The robot’s heading orientation is calculated based on the geometric direction of the robot’s
position vector using the following formulation:;
BOtarger = atan2(dz, dx), 3)
€g = etarget - grobot- (4)
Meanwhile, the angular velocity of the robot’s heading is calculated using the following
formulation:

w = k. (=€), ()
where k,, = 0.8 represents the rotational gain. The rotational density is calculated based on the
alignment between the robot’s heading direction and the target direction according to the
condition:

Alignment = cos (T;’g), (6)
The attractive force pulling the robot toward the target is computed using an attractive gain

expressed in a two dimensional vector form:
d
Foee = Kate - [dJZC] (7)

Meanwhile, the repulsive force generated by obstacles is calculated based on the distance sensor
readings using the following formulation:

Frep = Z?:l krep : (dil - dlo) dilzﬁ (8)
where k..., = 0.08, d, = 1.5 mdenotes the obstacle influence threshold distance, and 7;is the unit
vector pointing from the obstacle toward the center of the robot.

Equations (9) and (10) represent the robot’s position within the motion space, which is
categorized into four quadrants. Each quadrant exhibits a dominant directional tendency that
supports the navigation strategy. Quadrant I corresponds to forward-right motion, Quadrant 1l to
forward-left motion, Quadrant Il to backward left motion, and Quadrant IV to backward-right
motion, as illustrated in Figure 3. The geometric orientation vectors of the platform relative to the
target are described in Table 1.
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Figure 3. Motion environment quadrants of the robotic platform.

Table 1. Geometric orientation of the robot’s heading relative to the target.
Quadran 0 Robot (x,2) Vektor (V)
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| 0°< 6 <90° dx >0,dz>0 (+x,+z)
1 90° < 6 <180° dx <6,dz>0 (—x,+2)
11 180°< 0 <270° dx<6,dz<0 (—x,—2)
v 270°< 0 <360° dx>6,dz<0 (+x,—2)

As the platform moves, a certainty map of the motion area is constructed in the form of
square grid cells with a constant dimension of 0.1 m X 0.1 m. Each cell contains a certainty
value (CV) indicating the probability of the presence or absence of an obstacle. The CV is
formulated based on: (1) heading error; and (2) the intensity of the motion force directed toward
the target. The formulation of the CV is given as follows:

|| Faee |
Facell + |Frep + €

)

CVser = cos(ep).

where egdenotes the heading error, ||Fuz|| is the magnitude of the attractive force, ||Fp || is the
magnitude of the repulsive force, and € = 0.01 is a constant introduced to prevent division by
zero. Figure 4 illustrates the grid construction and the sensor distribution contributing to the CV
value within a grid cell.
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Figure 4. Grid constructed from CV based (a) object coordinate mapping, (b) classification of sensor
scanning angles within the CV grid, (c) and infrared sensor acquisition of objects.

The CV value is directly related to the distribution of distance sensor readings toward obstacle
collision points in the Cartesian arena, in order to determine the probability of obstacle presence
within a grid cell. The normalization of this probability is defined by the following equation:

ACY, = mamdi oy (10)

dmax—%min
where d 0 = 2.0m, dppin = 0.1m, and CV,,,,, = 1.0. Each ACV forms an angular histogram
sector defined as follows:
h; = Ziesj ACV, (11)
R = i hesj- ). (12)
Where h denotes the histogram sector, S; represents the set of cells within sector j, w; is the
Gaussian weight, and M = 2 determines the smoothing widht. Furthermore, based on the
condition in (9), the directional risk of the robot’s heading can be interpreted by converting CVgef

into a certainty value risk using the following formula:
CViisk =1 = CVserp (13)
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If the CV,rvalue is high (corresponding to a histogram peak), it indicates a direction with higher
risk. Conversely, a low CVg;q Value (corresponding to a histogram valley) reflects a relatively
safer environmental condition.

Thus, when the CV is integrated into the repulsive force formulation, it establishes a new
condition such that:

F’rep =CV X Fgp (14)
with the total force vector used to determine the robot’s translational direction and velocity
expressed as follows:

Frotar = Fare — Frep (15)
The total force generates valleys with the lowest depth, indicating free space available for robot
movement, as well as histogram peaks that represent obstacle density to be avoided. The
histogram-based illustration of obstacle peaks and valleys is presented in Figure 5 below:

ACV
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Flrop = CV X Ergp
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—ll arah 8,

15° 30° 45° 60° 75° 90° 105° 120° 135° 150° 165° 180° 195° 210° 225° 240° 256° 270° 285° 300° 315°

Figure 5. PFOA field distributions.

3. RESULT AND DISCUSSION

This work has been implemented through simulation using the MATLAB R2022a platform.
The robot motion environment was designed as a 10 x 10 meter arena divided into four Cartesian
quadrants based on the coordinate axes. Within the arena, a three-wheeled robot equipped with
nine infrared sensors for obstacle detection and a GPS module for global position measurement
was deployed. The simulation process was conducted over a duration of 30 seconds with a time
step of 0.5 seconds. The performance of the proposed method was evaluated using the following
metrics: 1) average travel time; 2) number of sharp maneuvers; and 3) average certainty value.
The obtained performance metrics were then analyzed comparatively against alternative methods,
namely the Bug algorithm [20] and the multistage hybrid A* [21]. Each method is required to
navigate the platform from the initial position at (0, 0) toward the target located at (9.5, 9.8) within
the arena. During this navigation process, the robot must successfully avoid three different
obstacle distribution patterns arranged in the environment. Each obstacle is represented by red
lines in the arena.

Based on the experimental results, the proposed method is capable of generating a motion
trajectory as illustrated in Figure 6. The resulting path is represented by a blue line, obtained using
the parameter settings kq; = 1.0, krp = 0.08, and an influence radius of dy = 1.5. With these
parameter configurations, the system produces a translational step size of h = 0.05 mand a small
damping factor of damp = 0.03, while obstacle avoidance is activated through repulsive forces
within the influence zone of d = 1.5 m. Additionally, the distributions of the repulsive force and
heading error throughout the navigation process are presented in Figures 7 and 8, respectively.
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Figure 6. PFOA robot trajectories in (a) arena 1, (b) PFOA arena 2, and (c) PFOA arena.

In the graph shown in Figure 7, spikes can be observed along the heading error on the y-axis.
After passing through a safe valley region where F,..,, = 0, the robot reorients toward the target
and the heading error returns to 0°. This heading deviation occurs due to the difference between
the robot’s actual orientation and the direction of the resultant force Fy,¢4;, Which influences how
quickly the control system can adjust the heading. The phase characterized by small oscillations
at the beginning of the trajectory typically results from angular velocity saturation and the
weighting between “maintaining the current heading” and “aligning with the direction of Fy,zq;.”
As a result, the curve appears smooth before and after sharp maneuvers around obstacles.
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Figure 7. Heading error distribution of the PFOA method in (a) arena 1, (b) arena 2, and (c) arena 3.
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Figure 8 presents three curves distinguished by green, blue, and red colors. The green curve
represents F,;¢, which initially has a high value due to the large distance from the target and
gradually decreases as the robot approaches the goal. The red curve represents F.,,, whose value
remains relatively small throughout most of the navigation process but exhibits significant spikes
when the robot enters the influence zone of obstacles. The blue curve illustrates Fy,;q;, Showing
the combined pattern of F;;.and F,..,,, which triggers the formation of sectors in the CV histogram
during navigation. The F,;4;curve demonstrates that the robot’s motion dynamics result from the
superposition of attractive and repulsive forces (16), where fluctuations in the blue curve indicate
the system’s adaptive response to changes in the relative distances among the robot, the target,
and the obstacles over time.
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Ilustratively, the constructed CV histogram is shown in Figure 9. From the graph, it can be
observed that a peak is formed at 230°, with a secondary peak at 155°. The deepest valley appears
at 235°, while another low valley is identified at 75°. This peak-valley pattern indicates that the
navigation system adaptively selects directions corresponding to the lowest certainty value (CV)
regions (valleys) and the most proportionally favorable F;,.,; for safe and efficient movement.
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Figure 9. CV histogram of the PFOA method in (a) arena 1, (b) PFOA arena 2, and (c) arena 3.

When compared with the navigation results generated by the Bug algorithm and Hybrid A*
[81, [22], these results show significant differences. The Hybrid A* method employs a total cost
function defined as follows:

f(m)=gm) +h®) 7

where g(n) represents the actual cost from the start node to node n (including travel distance,
number of turns, and maneuver penalties), and h(n) denotes the estimated cost from node nto the
target [23]. The variables g(t), h(t), and f(t) represent deterministic cost functions, where the
fundamental conditions are that g(t) must increase monotonically, h(t) decreases as the robot
approaches the target, and f (t) changes smoothly in accordance with heuristic consistency. Based
on the simulation results, this method is capable of navigating the platform toward the target with
an average travel time of 48 seconds over a path length of 14.14 meters, involving an average of
eight sharp turns. In Obstacle Scenario 1, the Hybrid A* algorithm produces a fast but rigid
trajectory with a travel time of 18 seconds, whereas PFOA follows a smoother and more stable
path in 19 seconds. In Obstacle Scenario 2, the performance of Hybrid A* decreases to 26.5
seconds due to the increased number of explored nodes in the narrow arena, while PFOA
completes the navigation in 1.82 seconds. In Obstacle Scenario 3, Hybrid A* demonstrates
limited adaptability with a travel time of 100 seconds under dense and complex obstacle
conditions, whereas PFOA maintains navigation efficiency with a travel time of 21 seconds.
Illustratively, the motion trajectories generated by the Hybrid A* method are presented in Figure
10.
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Figure 10. Robot trajectories based on the hybrid A* method in (a) arena 1, (b) arena 2, and (c) arena 3.

A difference in trajectory patterns can also be observed when compared with the Bug
algorithm method [20], [24]. This method operates on the principle of following the outer
boundary of obstacles to identify an open path toward the target. Its motion is reactive in nature,
combining direct movement toward the goal with obstacle avoidance maneuvers [25]. The
direction of motion generated by this method follows the critical point (CP) condition, which is

defined by the following equation:
_ CP-P(D)
ver® = ier—p (18)

where v¢p(pydenotes the directional parameter guiding the robot’s motion toward the critical point
(CP). The critical point (CP) is defined as the point with the minimum distance to the target, and
P(t)represents the robot’s position at time t. The robot’s velocity is maintained at a constant
magnitude while its direction continuously adjusts according to the platform’s position. This
mechanism is employed to maintain motion stability while keeping the robot in close proximity
to obstacles. The proposed movement pattern enables the robot to return to a collision-free path
without strictly following the obstacle contour, as commonly performed in classical Bug methods
[26]. Based on the simulation results, this method is able to navigate the platform toward the
target with an average travel time of 19.3 seconds over a 14.14 meter arena, involving an average
of seven sharp turns. In Obstacle Scenario 1, the Bug method reaches the target faster, with a
travel time of 16 seconds due to the relatively simple obstacle layout, whereas PFOA requires 19
seconds but produces a smoother trajectory. In Arena 2, the Bug method completes navigation in
22 seconds because of repeated maneuvers around barrier walls, while PFOA achieves the task in
1.8 seconds. In Arena 3, the Bug method exhibits numerous sharp turns as a result of its wall-
following strategy, whereas PFOA maintains a more consistent movement direction with a travel
time of 21 seconds. Illustratively, the motion trajectories generated by the Bug algorithm are
presented in Figure 11.
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Figure 11. Robot trajectories based on the bug algorithm in arena 1 (a), bug algorithm arena 2 (b), and bug
algorithm arena 3 (c)
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Quantitatively, the performance comparison of the three algorithms is summarized in Table
2. The experimental results demonstrate that the proposed PFOA, integrated with a grid based
certainty map and a minimum histogram mechanism, effectively mitigates the local minimum
problem. Through histogram analysis, alternative navigation directions can be identified when
the CV,;s exceeds a predefined threshold. Moreover, zigzag patterns during trajectory formation
are significantly reduced, as heading control remains relatively stable within +35°, which is
substantially smaller than the +60° oscillations observed in the Bug algorithm.

Table 2. Simulation data.

Method Arena Time (s) Speed Number of sharp turns Clearence Min
(m/s) (m)
1 19.0 0.53 3 0.32
PFOA 2 18 0.55 2 0.35
3 21.0 0.52 5 0.31
1 16.0 0.58 4 0.25
Bug 2 22.0 0.48 7 0.24
3 205 0.50 9 0.23
1 18.0 0.56 5 0.30
Hybrid A* 2 26.5 0.34 8 0.22
3 100.0 0.10 12 0.22

The simulation results demonstrate that PFOA maintains stable travel times across all arenas,
ranging from 13.9 to 21 seconds, while producing smooth trajectories and consistent orientation.
In comparison, the classical local bug method performs faster in simple environments (16 seconds
in Arena 1) but generates less optimal paths with up to 9 sharp turns in Arena 3. Meanwhile, the
global heuristic hybrid A* approach is efficient in open spaces (18 seconds in Arena 1) but
struggles to adapt in dense environments, where travel time increases dramatically to 100 seconds
in Arena 3. The certainty value analysis further supports these findings, showing that when
CVyisk > 0.8, the repulsive force component F.,, increases by up to 70%, enabling the robot to
effectively avoid high risk zones. In terms of safety, the minimum clearance achieved by PFOA
is 0.31 meters, exceeding the 0.3 meter safety threshold and outperforming both bug (0.23 meters)
and A* (0.22 meters). Nevertheless, this study has several limitations: 1) the simulation scale is
restricted to static obstacles; 2) performance is highly dependent on parameter tuning of K,
Krep, and Tgqp.; and 3) the integration of grid mapping increases computational load by
approximately 15 —20% compared to the baseline PFOA. Future work will focus on
implementation in a physical robot platform with dynamic obstacles, adaptive parameter tuning
mechanisms, and computational optimization through selective grid updating. Overall, the
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integrated PFOA framework shows strong potential as a navigation strategy for robotic soccer
systems requiring a balance between speed, safety, and adaptability.

4. CONCLUSION

The integration of Potential Field Obstacle Avoidance (PFOA) with a grid-based certainty
map and a minimum histogram mechanism has been successfully implemented and validated. The
proposed system effectively addresses the local minimum trap problem by identifying safe
directions through histogram analysis, while trajectory smoothness is enhanced through the
integration of a heading control mechanism. Safe navigation is achieved through the certainty
value (CV), which combines heading error and the resultant force to detect potentially hazardous
directions and appropriately amplify the repulsive force component, ensuring the robot maintains
a safe distance from obstacles. In terms of performance, PFOA demonstrates superiority in speed,
requiring relatively short travel times to reach the target with only a few sharp maneuvers, while
still maintaining adequate clearance from obstacles. Compared to the Bug Method and Hybrid
A*, the proposed approach provides a better balance between efficiency, path smoothness, and
navigation safety.
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