DOI: 10.65731/ama/2026-0049

acta mechanica et automatica, vol. 20 no. 2 (2026)

A VISION-BASED LINE-FOLLOWING MOBILE ROBOT
UTILIZING FUZZY LOGIC CONTROL AND AUTOMATIC GAMMA CORRECTION

Chi-Ngon NGUYEN'®, Minh Gia-Bao NGUYEN"®, Dang-Huy VO"®, Thanh-Thuong HUYNH™©,
Huu-Phat TRAN™®, Dinh-Tu NGUYEN™

"Faculty of Automation Engineering, Can Tho University, Campus I, 3/2 Rd., Ninh Kieu Ward, Can Tho City, Vietnam
“Faculty of Mechanical Engineering, Can Tho University of Technology, 256 Nguyen Van Cu Rd., Cai Khe Ward, Can Tho City, Vietnam
“Faculty of Mechanical Engineering, Can Tho University, Campus II, 3/2 Rd., Ninh Kieu Ward, Can Tho City, Vietnam
““Department of Mechanical Engineering, National Central University, 300 Zhong-Da Rd., Zhong-Li Dist., Tao-Yuan City, Taiwan

ncngon@ctu.edu.vn, nmgbaocndt2211048@student.ctuet.edu.vn, vdhuycndt2211013@student.ctuet.edu.vn,

thanhthuong@ctu.edu.vn, phat113383607@gmail.com, ndtu@ctuet.edu.vn

received 19 January 2026, revised 15 May 2026, accepted 17 May 2026

Abstract: This study proposes a vision-based line-following robot solution to overcome the limitations of infrared sensors in industrial
environments with variable lighting conditions. The system integrates an automatic inverse gamma correction algorithm with Otsu’s
thresholding to optimize contrast, ensuring accurate path extraction under diverse light intensities. Leveraging geometric parameters derived
from principal component analysis, a Mamdani-type fuzzy logic controller is designed to coordinate movement, maintaining trajectory stability
and mitigating mechanical oscillations. A central contribution of this research is the successful implementation of an intelligent control model
on a low-cost hardware platform via an off-board processing architecture. Experimental results demonstrate that the system exhibits flexible
responsiveness and reliable tracking, effectively overcoming wireless communication latency challenges to ensure operational performance

in intralogistics automation tasks.
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1. INTRODUCTION

Within intralogistics automation, line-following robots facilitate
routine material moving along defined trajectories, meeting strin-
gent requirements for operational precision and reliability. These
systems also allow for flexible path adjustments to accommodate
changes in facility layouts. Their ability to accurately follow prede-
fined paths makes them valuable for logistics, industrial production
lines, educational competitions, improving efficiency and reducing
operational costs Furthermore, the integration of advanced meas-
urement systems into autonomous guided vehicles (AGV) has be-
come a cornerstone for achieving precision in factory logistics [1].

Traditional line following robots often rely on infrared or reflec-
tive sensors. However, these sensors exhibit limitations in environ-
ments with low contrast, dust or external interference [2]. While in-
frared sensors are cost effective, their reliability is frequently com-
promised by surface reflectivity and ambient noise, necessitating
more sophisticated optical measurement techniques [3-7]. Recent
research suggests using cameras instead of infrared sensors to
overcome these limitations, enabling more accurate line detection
and even obstacle recognition. Image processing and computer vi-
sion algorithms enhance the robot's flexibility and stability, espe-
cially in complex or blurred path conditions [8-11].

Although camera systems offer numerous advantages, image
acquisition is susceptible to light interference. In environments with
dynamic lighting such as those with high-intensity light, low light, or
shadow line identification becomes challenging. Light interference

directly impacts image contrast, degrading the performance of edge
detection algorithms like the canny filter [12-14]. Recent advance-
ments in image enhancement have highlighted that automatic non-
linear mapping is essential for robust feature extraction in high dy-
namic range environments [15]. Additionally, strong light shining di-
rectly on the line can cause the line to disappear, leading to the
camera not being able to capture the line and resulting in inaccurate
robot movement [16].

To overcome the issues, the gamma correction algorithm has
been proposed as a solution to adjust the brightness and contrast
of an image from a camera [15]. Gamma correction is a technique
that helps adjust brightness by applying a non-linear function to ad-
just the light or dark levels of an image [15,17]. If the ambient light
is too strong, the gamma correction algorithm will adjust the input
image reducing contrast and brightness. After gamma correction,
the image will show clear details on the line [18,19]. However, en-
suring stable and precise movement in real-world environments re-
mains a formidable challenge. Paths in practical applications rarely
limited to straight lines; they often consist of intricate curves and
deviations ranging from 0° to 180° [20]. Without precise speed
modulation, a mobile robot is prone to losing track of the line, espe-
cially when encountering sharp turns or variable lighting conditions.
Traditional control methods, such as proportional-integral-deriva-
tive controller, rely heavily on exact kinematic models, which fre-
quently fail to account for the non-linear dynamics and external
noise inherent in physical environments [21]. Therefore, fuzzy logic
controller (FLC) has emerged as a robust alternative. FLC excels
in managing non-linear systems and environmental uncertainties
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by incorporating human-like reasoning. These studies demonstrate
that fuzzy inference systems can significantly improve path-tracking
stability and reduce oscillations compared to classical methods [22-
25]. Furthermore, experimental evidence confirms that vision-
based fuzzy systems provide superior adaptability to visual noise,
ensuring smoother transitions through curved path segments.

This study proposes a specialized vision-based fuzzy control
framework for AGV in complex industrial environments. The con-
troller utilizes a Mamdani inference system to map two primary vis-
ual inputs the relative deviation angle (8) and the horizontal central
coordinate (Cx) into pulse width modulation (PWM) signals for the
drive motors. While vision-based fuzzy control is established, exist-
ing systems predominantly rely on high-end edge computing to
minimize latency and require strictly controlled lighting. To enable
robust deployment on resource-constrained, low-cost hardware un-
der variable conditions, this paper makes the following contribu-
tions: (i) by synergistically combining dynamic gamma correction
with Otsu’s thresholding, the system optimizes image contrast to
ensure reliable path extraction under fluctuating light intensities,
overcoming the brittleness of static vision algorithms; (ii) the pro-
posed rule base and membership functions are explicitly designed
to suppress oscillations and maintain stable tracking despite the in-
herent communication and processing delays of wireless vision
modules.

The remainder of this paper is organized as follows: Section 2
details the system architecture, image processing algorithms incor-
porating gamma correction and the design of the Mamdani FLC.
Section 3 evaluates the system’s performance through experi-
mental validations under varying illumination and trajectory condi-
tions. Finally, the key findings and outlines potential directions for
future research and optimization are summarized in section 4.

2. METHODOLOGY

2.1. Design of the adjustment mechanism

ESP32
WROOM 32

l

L298N

| Left Engine | | Right Engine |

Fig. 1. Block diagram of the proposed system

The hardware architecture and integrated control loop of the
system are depicted in the block diagram in Fig. 1. The system is
executed in accordance with the loop vision-based control model.
In this investigation, the ESP32-CAM module [26] was utilized and
configured for a resolution of 320*240 pixels. This constitutes the
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appropriate configuration to ensure that the input image possesses
sufficient detail for subsequent processing phases, while not over-
burdening the data transmission bandwidth and off-board pro-
cessing velocity on the computer. Consequently, the system can
sustain acceptable loop latency, which enhances the stability, re-
activity of the controller in acceptable latency. The configuration is
predicated upon a centralized data processing framework (off-
board processing), which commences with the acquisition of unpro-
cessed images from the sensor and its instantaneous transmission
via Wi-fi protocol to the workstation computer. This paradigm facil-
itates the transference of computationally demanding tasks such as
gamma correction algorithms [27], and image conversion pipelines
to high performance processors, thereby fundamentally surmount-
ing memory and processing capacity constraints on embedded mi-
crocontrollers.

The raw input image data is initially subjected to preprocessing
via the gamma correction algorithm to normalize and enhance con-
trast, thereby ensuring feature detection robustness under dynamic
lighting conditions. Subsequently, the system executes a feature
extraction process to delineate the path contours. The resulting ge-
ometric parameters specifically Cx and 6 are then fed into the FLC
[28]. The final execution phase of the system architecture entails
the transmission of control signals back to the ESP32 WROOM 32
module. Based on the computational outputs of the FLC, corre-
sponding PWM signals are generated to regulate the L298N motor
driver [29]. The independent modulation of power supplied to the
two motors enables precise steering manoeuvres and speed con-
trol, thereby maintaining a stable trajectory.

2.2. Image processing algorithms

L

— 3/ Image
Determine the center

Gamma Correction coordinates (X, Y)

v v

Determine the
deflection angle

Draw the Contours Fuzzy Logic
Controller

True @

Image Conversion

False

No Contours detected

L]

END

Fig. 2. Flowchart of the proposed system
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The flowchart depicted in Fig. 2 delineates the progression of
data processing commencing from the acquisition of raw signals
through to the implementation of guidance control. The procedure
is initiated through the continuous capture of images via the camera
module, which is subsequently followed by a preprocessing phase
utilizing the gamma correction algorithm. This normalization pro-
cess is pivotal in achieving contrast balancing, thereby establishing
the foundation for image segmentation and contour extraction,
which are critical for the precise delineation of the moving trajectory
amidst the background noise under fluctuating lighting conditions.
During the contour verification phase, if no valid features are de-
tected, the system enters a standby state to prevent erroneous dis-
placement and overshoot.

Conversely, upon validation of a trajectory, the algorithm per-
forms geometric estimation to derive two critical parameters: the
centroid coordinates (x, y) and the heading 6. These values serve
as crisp inputs for the FLC. The fuzzy inference system processes
these spatial variables to modulate the appropriate PWM signals
for the motor drivers. This control architecture establishes a loop
feedback mechanism.

2.2.1. Gamma correction

Gamma correction is a pixel intensity transformation technique
based on a power law function, playing an important role in com-
pensating for the non-linear characteristics of the image acquisition
process and enhancing local contrast [24]. This operation follows
the fundamental power law relationship defined:

Loue = I, (1)

where: Iin denotes the normalized input intensity, Tout the output
intensity, and y the gamma parameter. For 0 < Iin< 1 wheny <1
the mapping increases pixel intensity values and thus brightens the
image, enhancing details in dark regions; when y > 1 it decreases
pixel values and therefore darkens the image, compressing inten-
sities in bright regions; when y = 1 corresponds to an identity map-
ping. In accordance with equation (1), the input pixel intensities, in-
itially defined within the 8-bit range [0, 255], are normalized to the
unit interval [0, 1] as illustrated in Fig. 3. The selected gamma co-
efficient is applied to modulate the luminance profile. The output is
finally rescaled to original [0, 255] domain.
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Fig. 3. Graph representing gamma coefficients

The proposed system employs an automatic inverse gamma
compensation mechanism. Instead of relying on empirical para-me-
ters, the gamma coefficient yset, is dynamically estimated for each
frame based on the mean grayscale intensity (u) of the camera’s
view [30]:

acta mechanica et automatica, vol. 20 no. 2 (2026)

_ log(u/255+€)
Vser = 1log(0.5) (2)

where € is a small constant to prevent division by 0. To mitigate
extreme noise amplification in severely dark or overexposed envi-
ronments, the calculated yset is constrained within an operational
bound of [0.5, 2.8]. The formula after applying automatic inverse
gamma and the effective exponent will be:

Ly = 117 (3)

Yinv = 1/Vset (4)

Consequently, the operational logic is defined as follows: when
vset> 1, the effective exponent becomes less than 1 (1/yset < 1).
This results in a logarithmic-shaped curve that brightens the image,
enhancing details in shadowed areas (illustrated by the red line in
Fig. 4); when yset < 1, the effective exponent becomes greater than
1. This darkens the image to mitigate overexposure.
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Fig. 4. Graph comparing gamma and inverse gamma coefficients

The preceding gamma correction stabilizes the local contrast,
ensuring the grayscale histogram maintains a distinct bimodal dis-
tribution in environmental illumination changes. This ensures a
well-defined global maximum for the inter-class variance, enabling
Otsu’s algorithm of the next step to reliably extract the optimal
threshold T without manual parameter tuning.

2.2.2. Preprocessing and binarization

The image is converted to a single channel grey scale repre-
sentation to reduce computational complexity while preserving lu-
minance information for exploiting intensity cues that discriminate
the guidance line from the background. Grayscale intensity is a nec-
essary factor for the binarization step and directly affects the accu-
racy of subsequent contour-based detection of the guidance line.
To prepare the input data for the visual processing module, this
study employs a colour to grayscale conversion method based on
the ITU-R BT.601 recommendation [31]. This approach assigns a
prioritized weight to the green channel, aligning with the character-
istics of image sensors utilizing a Bayer matrix, where in the green
channel typically possesses a higher sampling density and a lower
noise floor compared to the remaining channels. Consequently, this
grayscale projection optimizes the signal to noise ratio and pre-
serves critical edge features, thereby enhancing the reliability of
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subsequent binarization and contour detection stages relative to
simple arithmetic averaging. Specifically, for an 8-bit image where
R, G, B € [0, 255], the grayscale value is computed as follows:

Iprey = 0.299R + 0.587G + 0.114B (3)

After inverse gamma enhancement and grayscale conversion,
the image is binarized using an automatic global inverse binary
threshold to separate the guide line (foreground) from the back-
ground. Let Igrey (%, y) € [0, 255] denote the 8-bit grayscale in-
tensity at pixel (x, y). The binary image Ivin € (%, y) is obtained via
inverse binary thresholding equation:

255, Loy (X Y)<T
Lpin(%,y) = bres 05 7)

O gy y)>T
here, the binarization threshold T isn’t fixed, the dynamic threshold

T is calculated using Otsu’s method by maximizing the inter-class
variance between the background and the guidance line [32]:

T =arg Ogtlgggs{wo(t)ah(t) [po () — 1 ()17} (5)

(4)

where wo(t) and w1(t) are the cumulative probabilities of the two
classes separated by threshold t, and po(t) and pi(t) are their
respective mean intensities.

The inverse thresholding mode is adopted so that pixels be-
longing to the guidance line are mapped to the foreground (high
intensity, 255), while the background is suppressed to 0. This rep-
resentation is convenient for the subsequent contour-based pro-
cessing, as it yields a clean foreground mask from which the dom-
inant path contour can be extracted.

2.3. Path parameters estimation

This study utilizes PCA on a set of image pixels belonging to
the track’s boundaries to extract two core control parameters cross-
track error and heading error [33]. The cross-track error is repre-
sented by the lateral centroid position relative to the image centre.
The system operates in a standard image coordinate, where the
origin (0,0) is located at the top left corner of the image frame, the
X-axis points to the right and the Y-axis points downwards. There-
fore, the robot's forward motion (towards the top of the image) cor-
responds to the negative direction of the Y-axis. The standard di-
rection of motion for the robot is along the Y-axis, corresponding to
the unit vector 7 = (0, -1). The ideal centre line lies in the middle
of the field of view along the X-axis, with the coordinate Xref = W /2
(where W is the width of the image). The system identifies a dis-
crete set of N points belonging to the two boundaries of the track.
Let P be the set of coordinate vectors for these points:

P=[pi=0y) €ER*i=12.,N] (6)

The cross-track error evaluates the translational displacement
of the robot relative to the track’s centre, reflecting the degree to
which it has slipped from the intended trajectory. The centroid
(Cx, Cy)T of the point set P is calculated as the expectation:

Cx % Iiv=1xii Cy =% ?’:U’i 9)

The heading error evaluates the relative angular deviation be-
tween the robot's longitudinal axis and the tangent of the road
ahead. PCA is applied to find the axis of maximum variance regard-
ing the track’s morphology, shifted the origin to the centroid C to
eliminate the translational component. The 2x2 covariance matrix
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C is defined as:

_1lgyw (x; — Cx)? (x; = Cx)(y; — Cy) 1
CEVEE G m - ) i ) 10

To obtain the maximum eigenvalue Amax (representing the lon-
gitudinal spread of the track), we solve the characteristic equation
(C - AI) = 0 and solve the equation Cv = Amaxv to find the corre-
sponding eigenvector v = (vx, vy)T. The PCA algorithm returns an
eigenvector v that lies on a line but has an ambiguous direction.
Since the robot’s forward vector aligns with the upward direction of
the image frame (where Y-axis values decrease), the y component
of the directional vector must be strictly negative (y < 0). The nor-
malized directional vector v* is determined by the conditions:

T ,
v* = (v*x;v*y)T — (vx’vy) r lf Uy <0 (11)
(Ve —vy) if vy, =0

Then, the deviation angle 6 is calculated relative to the positive
X-axis. Since the standard image coordinate system employs a
downward-pointing Y-axis, the vy, component is inverted to map the
directional vector back to standard cartesian trigonometry. Conse-
quently, the angle 6 (in degrees) is derived as follows:

6 = atan2(—vy, vy) 1%0 (12)

Based on this formulation, the path direction is classified as fol-
lows: (i) if v > 0 = 0° < 8 < 90° the track diverges to the right
relative to the camera’s field of view, requiring the controller to ex-
ecute aright turn; (ii) if v <0 =900 <8 < 180° the track diverges
to the left, requiring the controller to execute a left turn; (iii) if vy =
0 (and vy, < 0) = 8 = 90 the robot is moving approximately par-
allel to the track centre line. The practical outcome of this angular
estimation, illustrating both rightward and leftward deviations on the
image frame, is depicted in Fig. 5.

B¢ Contours + Line + Angle - m] X | W Contours + Line + Angle - 0 X
Goc: 35.04 do Angle (6): 35.04' || Goe: 144.81 do Angle (6): 144.81°

cX: 181, cY: 152
vx: 0.819, vy: —0.5Z

(a)|(b)

Fig. 5. Deviation angle relative to x-axis: (a) rightward, (b) leftward

2.4. Fuzzy logic controller design

Mamdani Rule Base
(7 x 3 Rule Matrix)

Fuzzification of Inputs

L3 L2 L1 CenterR1 R2 R3

Position (C,)

Left Centre Right
L3 | LRy Li/Ry Lu/Ru
180 0 Lo | Lu/Ru Li/Ru L/ Rut

Deviation Angle 6 (°) L /Ry Lu/RL LR |yl

Fuzzification of Inputs Co| L/Rw | Lw/Ru | Lw/Ru Output
Ry | Lu/Ru Lot/ Rt Lu/Ru $
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Rz | Lu/Rm | Lu/Ru Lu/Ry Paired Motor
Command
Ra | Lu/Rm Lu/Ri Lu/R (PWM /PWIR)

Path-Centroid Coordinate C,

Defuzzification

Fig. 6. Mamdani fuzzy inference system for the drive platform
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The FLC architecture is designed as a coupled multi-input
multi-output (MIMO) system, comprising three primary stages: fuzz-
ification, the fuzzy inference engine, and defuzzification. Fig. 6 il-
lustrates the overall structure of the proposed FLC. The fuzzy infer-
ence engine simultaneously processes two fuzzified visual inputs
(6 and Cx) through a unified Mamdani rule base to directly generate
left pulse width modulation (PWML) and right pulse width modula-
tion (PWMR) for two independent wheels.

2.4.1. Fuzzification

The system processes two inputs derived from the vision mod-
ule: the centroid coordinate (Cx) and the angular discrepancy (6) -
which is defined as the angle between the robot’s current heading
and the tangent of the target path. In this study, triangular member-
ship functions are employed to fuzzify the data, where the lateral
position Cx is mapped into three sets: left, centre and right to de-
termine the robot’s offset relative to the path centre (Fig. 7b).

L3 L2 L1 Center R1 R2 R3 (a)

180 160 140 130 110 100 90 80 70 60 40 20 0 ¢°

Left Center Right (b)

0 50 120 150 160 200 300 350 Cx
Fig. 7. Membership functions of input variables: (a) 0; (b) Cx

For 0, the range from 0° to 180° is discretized into seven lev-
elsas L3, L2, L1, CO,R1,R2, R3 (as Fig. 7a). This data granularity
allows the controller to distinguish between minor steering errors
and sharp turns. The resulting membership grades serve as the an-
tecedents for the Mamdani inference rules, mapping the input pair
(6, Cx) to the corresponding motor commands.

Motor speed control signals are categorized into three output
PWM levels: left low (LL), left medium (LM), left high (LH), right low
(RL), right medium (RM), and right high (RH). To facilitate defuzzi-
fication, these variables are represented by fuzzy sets within the
drive system’s PWM domain. Fig. 8 details the membership func-
tions for PWML and PWMg, defining the specific control levels acti-
vated during the inference process. These signals are ultimately
aggregated and converted into crisp PWM values to command the
two motors.

The output membership functions of PWMR (Fig. 8a) and
PWML (Fig. 8b) within the effective PWM operating range of the
drive motors (PWM = 100). Specifically, the minimum output sets,
RL and LL, are modelled as left-shoulder functions with approxi-
mate parameters (100,100,130). This prevents the low-speed out-
put sets from extending into ineffective PWM regions that may not
ensure stable motor rotation; the medium output sets, RM and LM,
are defined as triangular functions over (120,150,180); and the
maximum output sets, RH and LH, are modelled as right-shoulder

acta mechanica et automatica, vol. 20 no. 2 (2026)

functions, increasing from PWM = 170 and reaching full member-
ship at PWM = 220. This arrangement provides smoother and more
stable defuzzified PWWM commands in the extreme control regions.

1 RL RM RH (a)
u
0L . : ‘ ‘

80 100 120 130 150 170 180 220 240 PWMq
1 LL LM LH (b)
u
0

80 100 120 130 150 170 180 220 240 PWM,
Fig. 8. Membership functions of output variables: (a) PWMg; (b) PWML

2.4.2. Fuzzy rule base

Following the fuzzification of the input variables (6 and Cx), the
Mamdani inference engine executes the fuzzy rule base to compute
the corresponding motor control commands (PWML and PWMRg).
The rule matrix is derived from the differential drive kinematics of
mobile platforms [34]. This approach establishes a proportional
steering gradient, converting spatial deviations into velocity differ-
entials between the robot’s two wheels.

The fuzzy rule matrix is organized into a 73 structure to sim-
ultaneously coordinate motor control commands based on combi-
nations of the yaw angle and position fuzzy sets. These rules are
designed such that every input combination results in a determinis-
tic pair of the outputs. Details regarding the coordination rules for
each operating scenario are summarized in Tab. 1.

Tab. 1. Rule matrix of the fuzzy inference system for left/right motor control

Angle Position (Cx)

(8) Left Centre Right

L3 LL&RH LL&RH LM & RH
L2 LL&RH LL&RM LM & RM
L1 LL&RM LM &RL LM &RL
Co LL&RM LM & RM LM &RL
R1 LM & RM LM & RM LH & RM
R2 LM &RM LH & RM LH&RL
R3 LH & RM LH &RL LH &RL

Technically, 6 provides predictive data on positional trends, en-
abling the controller to execute rapid steering adjustments to align
the robot’s heading parallel to the reference path. Prioritizing the
processing of theta allows the system to respond quickly to abrupt
changes in trajectory curvature.

Meanwhile, Cx serves to correct positional errors and maintain
system stability and minimize oscillations. In feedback controllers,
focusing solely on angular adjustments often causes the robot to
intercept the reference line at high angular velocities, leading to
overshoot and continuous sinusoidal oscillations around the path.
In this context, Cx acts as a modulating the turning intensity based
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on the actual lateral distance to the centre line.

This integration creates a control mechanism that balances di-
rectional response speed (governed by theta) and positional stabil-
ity (maintained by Cx). This results in a smoothed trajectory and
ensures the robot converges stably toward equilibrium, preventing
uncontrolled oscillations and overshoots caused by transmission
delay.

Fig. 9 illustrate the response surfaces of the PWML and PWMg
outputs, respectively. These surfaces represent the nonlinear map-
ping between the input state variables and the control signals of the
two motors. Although based on the same set of input state varia-
bles, the two response surfaces of PWML and PWMR are estab-
lished independently. This characteristic allows the controller to
perform flexible differential responses, increasing the robot’s ma-
noeuvrability in various scenarios.

(degrees) p 300 Cx (pixels) (degrees) 150 o Cx (pixels)

Fig. 9. Fuzzy logic rule-surface for PWML and PWMg

The continuity of the surfaces ensures that the control signal
changes smoothly across the entire domain of theta and Cx values.
This prevents abrupt transitions and wobbling when the robot
changes operating states in sharp turning scenarios. At a given
time, the difference in slope of each independent surface deter-
mines the degree of PWM difference between the two wheels. That
provides the necessary torque to steer the robot's movement.

3. EXPERIMENTAL RESULTS AND DISCUSSION

op,
Dotion

antaneous field of view

This section evaluates the proposed vision and control pipeline
under varying illumination and trajectory conditions, focusing on
segmentation quality and loop steering reliability. The evaluation is
carried out on the physical prototype shown in Fig. 10. Track im-
ages are captured by the camera and delivered to a host computer

494

via Wi-Fi. The centroid coordinate (Cx) and the angular discrep-
ancy (0) are estimated from each frame. The computed control
commands are then transmitted back to the embedded controller to
regulate the two guiding motors of the robot.

3.1. Image processing under illumination variations

The effectiveness of the dynamic inverse gamma compensa-
tion method has been verified under various lighting conditions. Ex-
perimental results show that the system consistently maintains an
optimal contrast range, ensuring high reliability for the detection of
guide line contours. In a bright environment (Fig. 11), the algorithm
automatically interpolates the parameter yset ~ 0.5. This coefficient
creates an effective exponent yinv > 1, activating the luminance
band compression process to automatic darken the image. As illus-
trated in Fig. 12a and 12b, this mechanism helps to eliminate ex-
cessive glare while preserving the morphological integrity of the
guide line.

R
A 80e. -
Vil

‘3;
-a

5

Fig. 11. Strong illumination scenario: (a) input image; (b) contour based on
gamma corrected (Yset ~ 0.5)

Conversely, in low light or shadowed scenarios (Fig. 12 and
13), the system sets the parameter yset to a higher level (2.4 and
2.8). The effective exponent yiny < 1 corresponds to the application
of a logarithmic nonlinear transformation to amplify local contrast.
Observations in Fig. 12a and 13a show that enhancement process
successfully restored the blurred edge detail in the dark region.

Fig. 12. Medium brightness scenario: (a) input image; (b) contour based
on gamma corrected (yset ~ 2.4)

(a)

D) |

a

Fig. 13. Dark environment: (a) input image; (b) contour based on gamma
corrected (yset ~ 2.8)
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Overall, this continuous photometric normalization cycle signif-
icantly suppressed disturbances, stabilizing the input spatial char-
acteristics. Therefore, the subsequent thresholding stage can ac-
curately separate the main trajectory contours (Fig. 12b and 13b).
This process provides a deterministic data foundation, ensuring
high reliability for the loop steering control system.

3.2. Fuzzy control system response

The effectiveness of the FLC was validated by monitoring the
PWM outputs for the left and right motors in response to different 6
and Cx. The experimental data for straight, right-turn, and left-turn
scenarios are summarized in Tab. 2.

Tab. 2. Experimental data for straight, right/left-turn scenarios

Angle 6 Cx PWM. PWMr Behaviours
37.820 201 181 160 Fig. 14d
127.26° 27 150 196 Fig. 15a
137.09° 127 164 170 Fig. 15b
96.90° 175 167 167 Fig. 15¢
59.740 249 196 150 Fig. 15d

As shown in Tab. 2 and visualized in: Fig. 15¢, when 6 was
near orthogonal (80°- 100°) and the line centre was centred (157
< Cx < 177) the controller generated synchronized PWM signals
(167/167) enabling stable straight-line motion; for right turns (Fig.
14d), the system detected 6 < 90° combined with Cx = 177, the
controller immediately increased the left motor speed (PWML =
181) relative to the right motor (PWMr = 160) to execute the turn;
and for left turns (Fig. 15a), the right motor speed was increased
(PWMr = 196 and PWML = 150) to correct the trajectory.

The experimental results indicate that the dual input FLC sup-
ports line tracking by jointly exploiting 6 and Cx. The deviation an-
gle is treated as the primary cue for determining the steering direc-
tion, whereas the inclusion of Cx provides lateral-position feedback
that contributes to loop stability.

As reflected by the rule outcomes for sharp right versus mild
right cases in Tab. 1, different Cx linguistic regions lead to different
PWM pairs even when the deviation is classified on the same side.
In this manner, Cx is used to modulate the correction intensity to
maintain the path centroid within the camera’s instantaneous field
of view, thereby reducing the likelihood of sustained lateral drift.

Moreover, smoother transitions between straight and curved
segments are promoted through the graded output levels and the
Mamdani inference mechanism. In particular, rules associated with
near-nominal conditions yield approximately balanced motor com-
mands, which mitigates abrupt switching behaviour commonly ob-
served in threshold-based line-following control.

However, the real-world execution of these control responses
is inherently bounded by the system’s off-board processing latency.
Experimental measurements indicate an average loop delay of
~350 ms, comprising image acquisition and Wi-fi transmission
(~100 ms), PC-based image processing (~150 ms), fuzzy infer-
ence computation (~50 ms), and command feedback (~50 ms).
While this phase lag has a negligible impact on straight-line track-
ing, it poses a risk of slight overshoots during sharp turns.
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(a)

Goc: 37.82
cX: 201, cY: 132
L:181 | R:160

Fig. 14. A result of right-deviation movement: (a) binary image without
gamma correction; (b) binary image after gamma correction;
(c) image after gamma correction; (d) estimated results (turn left
a conner of 37.820)

Goc: 127.26
cX: 27, cY: 36
L:150 | R:196

Fig. 15. The ututs: (a) left deviation movemen(7.820); (b) left devia-
tion movement (137.099); (c) straight line movement (96.900);
and (d) right-deviation movement (59.74¢)

3.3. Dynamic response and tracking accuracy

The average loop latency of 350 ms, arising from communica-
tion overhead and Wi-Fi based off-board processing, necessitates
restricting the system’s operational speed to 10-12 cm/s. At this
velocity, the distance traversed by the robot during the command
delay is approximately 3 cm. This displacement remains within the
camera’s field of view, ensuring that the FLC maintains feature
recognition and computes the necessary error compensation. Es-
tablishing this speed limit effectively mitigates overshoot and line
tracking loss at curved segments and sharp turns. Experimental re-
sults confirm that the system maintains stable trajectory tracking
without losing the guiding line at the operational speed of 12 cm/s.

The dynamic response of the tracking control system is ana-
lysed through the time varying PWM signals supplied to the left and
right motors. Based on the experimental results illustrated in Fig.
16, the FLC demonstrates automatic modulation throughout contin-
uous path tracking.
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Fig. 16. Trajectories of motor PWM during continuous path tracking

Specifically, between 1 s - 2 s, the trajectories exhibit a distinct
separation: PWML increases sharply to approximately 185 while
PWMr drops below 145. This interval represents a compensation
phase for a sharp right turn, where the left wheel accelerates to
redirect the robot toward the path centroid. Conversely, at approxi-
mately 4 s, a signal reversal occurs with PWMg reaching a peak of
183. This indicates sufficient system responsiveness to left hand
curves or significant deviations in heading angle (6) and lateral po-
sition (Cx).

Despite a loop latency of approximately 350 ms caused by
WiFi transmission and off-board processing, the PWM curves main-
tain continuity without uncontrolled oscillations. Following each
turning phase, the signals converge toward an equilibrium state
(PWM ~160), resulting in stable motion during straight segments,
notably between 2 - 4 s and 5 - 6 s. These results confirm that
integrating heading information 6 with lateral feedback Cx via the
Mamdani inference mechanism ensures high tracking accuracy
and significantly mitigates the abrupt switching behaviour typical of
conventional threshold-based controller.

4, CONCLUSION AND FUTURE WORKS

This study successfully developed and validated a vision-based
line-following robotic system robust to dynamic illumination varia-
tions. By synergistically integrating an automatic inverse gamma
correction mechanism with Otsu’s thresholding, the system opti-
mizes image contrast to ensure reliable path extraction under fluc-
tuating light intensities, overcoming the limitations of static vision
algorithms. The proposed multi-input Mamdani FLC, utilizing the
relative deviation angle (0) and horizontal centre coordinate (Cx),
demonstrates stable trajectory tracking, effectively moderates me-
chanical oscillations and ensures smooth transitions between path
segments and navigation scenarios at sharp turns.

The core contribution of this work lies in enabling the deploy-
ment of an intelligent control system on resource constrained hard-
ware through an off-board processing architecture. Experimental
results confirm that the system maintains reliable tracking and flex-
ible responsiveness at an operational speed of 10-12 cm/s, ef-
fectively overcoming wireless communication latency challenges.
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While the current off-board setup introduces a loop latency of ap-
proximately 350 ms, the system remains feasible and suitable for
intralogistics automation tasks in small and medium-sized factories.

Future research will focus on migrating the computational pipe-
line to onboard edge computing platforms to minimize communica-
tion latency and increase robot movement speed. Additionally, op-
timizing the fuzzy inference rules via neuro fuzzy networks will be
considered to further enhance the system’s dynamic responsive-
ness and operational efficiency. Furthermore, the integration of
adaptive neuro-fuzzy inference systems will be investigated to au-
tomate the optimization of membership functions and rule bases,
significantly improving the robot's self-adaptability and tracking pre-
cision in dynamic environments.
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