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Abstract:
This paper presents a robotic system that assists people
with reduced mobility in the activities of picking up and
putting down objects out of their reach. Human‐robot
communication is non‐verbal, using gestures that have
been specifically selected for the robot’s use. Gestures are
read out using an RGB‐D camera while the commands
they express are executed online by a small UR3 cobot.
The evaluation of the system has shown that it is useful
and safe in the sense of the SUS and GQS, respectively.

Keywords: assistive robots, manipulators, 3D vision sys‐
tems, gesture recognition, human‐robot interactions

1. Introduction
Robots as aids for people with disabilities are of

wide interest to users, researchers, and engineers [1].
This is a consequence of the strong diversity of needs
of people with disabilities, the high societal relevance
of this branch of robotics, and the rapid advances
in science and technology. A systematic review of
assistive robots is included in [1, 2]. The classiϐica‑
tion proposed in [1] distinguishes manipulation aids.
They are categorised into ϐixed base and wheelchair
manipulator arm systems.MySpoon [3],Mico, Jaco [4],
iARM [5] and BATEO [6] can serve as examples. In
contrast, the classiϐication in [2] is based on appli‑
cations: assistance in activities of daily living, fetch
and bring activities, food and beverage service, med‑
ication delivery services, user‑related delivery ser‑
vices, telepresence and communication, monitoring
safety, and navigation. This article concerns ϐixed base
manipulator arm systems designed for fetch and bring
activities.

The potential of assistive robotic manipulation to
improve the quality of life for people with motor
impairments is a motivation for work [7]. A Body‑
Machine Interface (BMI) has been proposed. It is
based on on a vest that is equipped with four MTx
motion trackers in order to capture shoulder move‑
ments. BMI uses a person’s residualmotor capabilities
to generate control signals for a robotic arm. In this
way, a high‑DOF MICO manipulator can assist people
withmotor impairments to perform everyday tasks. It
is noted in [8] that communicationwith a robot can be
done through gestures, and there are circumstances
when this is justiϐied. The authors propose a wireless,
human gesture based controlled robotic arm system

for tool handling (pick and place) and other applica‑
tions where human reach is elusive. The gestures are
captured using IMU and ϐlex sensors placed on the
human hand, and they are in sync with the manipu‑
lators movement. The solution is intended primarily
for industrial applications, not for assistive robotics.
The article [9] presents a system for controlling a
robot arm by human ϐingers and hand movements.
The sensory hardware is composed of gyroscpes and
ϐlex connected to Arduino microcontroller. Sensory
data processing is based on fuzzy logic. This is more
of a technology demonstrator than a ϐinal solution but
it is undoubtedly a step in the search for a good system
for communicating with a robot using gestures. In
[10] the authors propose a vision‑based HCI architec‑
ture for the robotic arm by identifying somatosensory
motion. The input of the model is collected by Kinect
sensors from human body movement. The evaluation
of the proposed system was preliminary and limited
to the virtual environment.

Recently, a number of works have appeared,
[11–13], based on theGoogleMediaPipe [14] that is an
open‑source framework that offers developers a plat‑
form for building real‑time multimedia applications.
A gesture control interface for laparoscopic surgery
is discussed in [11]. Four RGB cameras are used to
capture hand movements. Although the study offers
a solid mathematical background and includes user
evaluation, it lacks real‑world testing. A gesture con‑
trolled robotic arm for surgical tool assistance is pro‑
posed in [12]. The system is basedonYOLOv5 for accu‑
rate surgical tool detection, MediaPipe Framework for
real‑time hand gesture tracking, and the UFactory Lite
6 robotic arm. RGB‑D and RGB cameras are used for
hand movement capture and tool detection, respec‑
tively. The recognized gestures have the meaning of
instructions to the manipulator, no telemanipulation
takes place. The evaluation was carried out in a vir‑
tual RobotDK environment and was based exclusively
on selected system performance indicators. The con‑
cept of a gesture control interface for teleoperation
of quadruped robots with a robotic arm is presented
in [13]. An RGB‑D camera (Intel RealSense) captures
human gestures. They have the meaning of motion
commands for the Unitree Go 1 mobile platform. The
position of the effector ofmyCobotmanipulator can be
teleoperated by hand movement using a custom tele‑
operatin algorithm. However, evaluation of the system
is limited to a basic feasibility study.

1Open Access. © 2026 Sebastian Koryl et al., published by Łukasiewicz Research Network — Industrial Research Institute for Automation and

Measurements PIAP. This work is licensed under the Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License
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There are reports in the literature about research
on other forms of human‑manipulator communica‑
tion. In [15], the authors present and discuss a tongue
drive system in conjunction with augmented reality
for an assistive manipulator. A P300‑based brain‑
computer interface is proposed and analysed in [16].
A minimalist interface for a proof‑of‑concept control
system with higher autonomy for head care tasks
using the PR2 robot is proposed in [17]. In the article
[18], hand conϐiguration in combination with voice
commands are used to deϐine the actions of themanip‑
ulator. The RGB‑D camera is used to segment the
scene, detect objects, including the hand, its position,
and the object it is pointing at in the scene.

In parallel with the development of human‑robot
communication technology, the problem of evaluation
of such interactive systems has been addressed. An
analysis of the previously cited works leads to the
conclusion that two types of evaluation parameters
can be distinguished: system performance indicators
for feasibility study and user‑centered UX/HRI mea‑
sures for users’ opinions study. The system perfor‑
mance indicators include task realization success rate
[11, 13, 15, 18], task completion time [7, 11, 13, 15, 16,
18–20], response time [11, 12, 16, 18] task execution
accuracy [11,18,20]. In turn, user experience has been
assessed on the following measures: Quality of Life
in Essential Tremor Questionnaire (QUEST; [19]), Sys‑
temUsability Scale (SUS; [11,19,20]), GodspeedQues‑
tionnaire Series (GQS) and Attitudes towards Tech‑
nology Scale (ATTS; [20]), Van Der Laan’s technol‑
ogy acceptance scoring, Ergonomics survey [11], the
Questionnaire for the Evaluation of Physical Assistive
Devices (QUEAD; [21]). This classiϐication provides a
structured framework for comparing our systemwith
prior art.

The contribution of this article consists of four
elements that are present together.
1) The concept of a manipulator designed to assist

individuals with reduced mobility in tasks involv‑
ing physical objects handling has been proposed.
Human‑robot interaction is facilitated through
gesture‑based commands, which are captured by
an RGB‑D camera and processed using Google
MediaPipe Hands software. Crucially, our design
eliminates the need forwearable or hand‑mounted
sensors to indicate to the manipulator effector
the position to be tracked and the actions to
be performed with the gripper. This sensor‑less
control mechanism increases user comfort and
accessibility.

2) A complete mathematical background is provided
to support the gesture‑based control logic,
enabling robust and responsive interaction
between the user and the robotic arm.

3) The gesture control algorithm was implemented
and tested on an existing robotics platform com‑
prising hardware and software, conϐirming its fea‑
sibility outside a simulation environment.

4) The evaluation of the gesture control system was
carried out in a signiϐicant group of 37 naive

participants. UX and HRI tests based on live exper‑
iments involving a scenario speciϐic to an assistive
robotic arm yielded positive results, i.e. the system
is sufϐiciently useful and safe in the sense of SUS
and GQS measures.
Initial research for thisworkwasdeveloped in [22]

and [20].
The solution proposed in this work has a simpler

design and is more user‑friendly than the systems
discussed in [8–10]. At the same time, it is complemen‑
tary to the systems presented in [15,16] and [18], and
contributes to the growing ϐield of accessible, sensor‑
less human–robot interfaces.

2. System Idea
The general concept of the manipulation aid sys‑

tem is shown in Figure 1.

Figure 1. Overall concept of the system

The user can move objects out of their reach into
their immediate environment with the support of the
manipulator. Commands are given to the manipulator
by means of hand gestures, which are recorded using
the RGB‑D camera.

The set of commands interpreted by themanipula‑
tor’s sensory systemare activation/deactivation, hand
tracking, opening and closing of the gripper. Once the
gesture command mode is activated, the gripper fol‑
lows the position of the hand. The gripper can be open
or closed, depending on whether the hand is open
or closed with a ϐist. The above makes the manipu‑
lator an extension of the user’s arm from the user’s
perspective.

3. System Components
3.1. General System Architecture

The system architecture implementing the con‑
cept outlined in Section 3.1 is presented in Figure 2.
The user hand is captured by an RGB‑D camera. The
resulting RGB and depth images are processed by the
/camera_image_processor module. The extracted
hand landmarks positions and recognized gestures
are then used to determine the instructions for the
robot through the /robot_controller module. Con‑
sequently, the coordinate system of the gripper fol‑
lows the coordinate system of the hand and the jaws

2
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Figure 2. General system architecture

of the gripper follow the instructions expressed by the
hand gestures.

3.2. Hardware

The hardware platform of the assistive manipu‑
lator under consideration consists of the following
components:
‑ UR3 manipulator with CB3 control box and Robotiq
2F‑85 two‑ϐinger gripper,

‑ desktop PC,
‑ Intel RealSense D435 depth camera (RGB‑D).

The camera is connected to the PC via a USB cable
while the PC communicates with the CB3 control box
via TCP/IP.

The UR3 manipulator is a small cobot and can
be adapted as an assistive manipulator. The camera
built into the UR3 manipulator is of the RGB type and
cannot be used for the gripper to track human hand
movement in 3D. For this reason, it was necessary to
use an external RGB‑D camera.

3.3. Software

Ubuntu 20.04 and ROS Noetic form the software
base on the PC for this project. The software of
the considered assistive manipulator consists of
a number of ROS nodes that are associated with
Universal Robots ROS Driver, MoveIt Motion Planning
Framework, and gripper. In addition, there are two
custom nodes: /camera_image_processor and
/robot_controller mentioned in Section 3.1. A
part of the ROS graph with these nodes is included in
Figure 3.

Figure 3. ROS graph

/camera_image_processor is a software which
performs RGB image and depth map acquisition and
then carries out the data processing.

(a) a human hand and its
model in MediaPipe

(b) hand landmarks in the
MediaPipe hand model

Figure 4. Google MediaPipe Software Framework: a
hand model

The Google MediaPipe Framework [14, 23] was
used to implement this node. The work [24] proves
that it is a reliable andprecise framework for assessing
3D hand movements in clinical applications. Speciϐi‑
cally, MediaPipe Hands was used to track hand posi‑
tion and orientation, similar to [11].

The MediaPipe hand landmark recognition model
recognizes the hand in the captured data and creates
a skeletal model of it, illustrated in Figure 4(a). There
are 20 landmarks associated with the hand model
shown in Figure 4(b). They can be used to deϐine a
coordinate frame𝒳ℎ𝒴ℎ𝒵ℎ associatedwith the hand (a
hand coordinate frame).

Let 𝑐𝑝ℎ,𝑖 denotes a position of the 𝑖‑th hand land‑
mark in the camera coordinate frame 𝒳𝑐𝒴𝑐𝒵𝑐 . The
versors 𝑟ℎ,𝑥 , 𝑟ℎ,𝑦 𝑟ℎ,𝑧 of𝒳ℎ𝒴ℎ𝒵ℎ are deϐined as follows:

𝑟ℎ,𝑧 =
𝑐𝑝ℎ,9 − 𝑐𝑝ℎ,0

‖𝑐𝑝ℎ,9 − 𝑐𝑝ℎ,0‖2
, (1)

𝑟ℎ,𝑦 = (𝑐𝑝ℎ,17 − 𝑐𝑝ℎ,0) × (𝑐𝑝ℎ,9 − 𝑐𝑝ℎ,0)
‖(𝑐𝑝ℎ,17 − 𝑐𝑝ℎ,0) × (𝑐𝑝ℎ,9 − 𝑐𝑝ℎ,0)‖2

, (2)

𝑟ℎ,𝑥 = 𝑟ℎ,𝑦 × 𝑟ℎ,𝑧 . (3)

The origin of the hand coordinate frame is located
at 𝑐𝑝ℎ,0. Consequently, a homogeneous transformation
matrix from 𝒳ℎ𝒴ℎ𝒵ℎ to 𝒳𝑐𝒴𝑐𝒵𝑐 takes the following
form:

𝑇𝑐ℎ = ቈ
𝑐𝑅ℎ 𝑐𝑝ℎ,0
0 1 ቉ where 𝑐𝑅ℎ = ൣ𝑟ℎ,𝑥 𝑟ℎ,𝑦 𝑟ℎ,𝑧൧ .

(4)

3
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The above construct makes some similarities
between the coordinate framesof thehumanhandand
the gripper (the latter is denoted by𝒳𝑒𝒴𝑒𝒵𝑒). In both
cases, the z versors have their origin at the wrist and
are directed along the ϐingers to the outside of the arm.
In turn, the y versors are directed perpendicular to the
plane of the palm on the outside of the inner part of
the palm. In the case of a gripper, the inner part of
the palm is assumed to be on the camera side of the
gripper.

Let 𝑇𝑏𝑐 denotes a homogeneous transformation
matrix from 𝒳𝑐𝒴𝑐𝒵𝑐 to the manipulator base coor‑
dinate frame 𝒳𝑏𝒴𝑏𝒵𝑏 , [25], and 𝑇𝑏ℎ ∶= 𝑇𝑏𝑐 𝑇𝑐ℎ . The
structure of the resulting matrix is as follows:

𝑇𝑏ℎ = ቈ
𝑏𝑅ℎ 𝑏𝑝ℎ,0
0 1 ቉ . (5)

The matrix 𝑏𝑅ℎ represents the orientation of
𝒳ℎ𝒴ℎ𝒵ℎ in 𝒳𝑏𝒴𝑏𝒵𝑏 while 𝑏𝑝ℎ,0 represents the posi‑
tion of the human wrist in𝒳𝑏𝒴𝑏𝒵𝑏 .

𝑇𝑏ℎ is used to determine a reference path for
𝒳𝑒𝒴𝑒𝒵𝑒 in 𝒳𝑏𝒴𝑏𝒵𝑏 . Let 𝑏𝑝̄ℎ,0, 𝑏𝑅̄ℎ , 𝑏𝑝̄𝑒 , 𝑏𝑅̄𝑒 are the
positions and the orientations of a human hand and
a gripper respectively when the control system is acti‑
vated. Deϐine

𝑝̄ ∶= 𝑏𝑝̄𝑒 − 𝑏𝑝̄ℎ,0, (6)
𝑅̄ ∶= (𝑏𝑅̄ℎ)−1 ⋅ 𝑏𝑅̄𝑒 . (7)

Then the reference path for the gripper can be
expressed as follows:

𝑏𝑝𝑒,ref = 𝑏𝑝ℎ,0 + 𝑝̄, (8)
𝑏𝑅𝑒,ref = 𝑏𝑅ℎ ⋅ 𝑅̄. (9)

Sometimes it is good to control only the position
of the effector, especially when a twitching human
palm makes the gripper oscillates and once ϐixed the
orientation of the gripper is sufϐicient. In this case, the
expression (9) takes the form

𝑏𝑅𝑒,ref = 𝑏𝑅̄𝑒 . (10)

Note, that similar mappings are used in direct and
bilateral teleoperation [26]. Consequently, two work‑
ing modes can be distinguished:

full teleoperation, deϐined by (1)÷(9);
reduced teleoperation, deϐined by (1)÷(8), (10).
𝑏𝑝𝑒,ref, 𝑏𝑅𝑒,ref are the quantities that are passed to

the /coordinates topic.
The MediaPipe hand gesture recognition model

can recognize several static gestures. The gestures
supported by the system are: closed ϔist, open palm,
thumb up, victory, none of them. They are illustrated
in Figure 5. The gesture type is published to the
/gestures topic once it has been recognized.

Both the position of the wrist and the recognized
gestures have an assigned meaning in terms of com‑
mands for the manipulator. The position of the wrist
determines the position of the gripper. The open palm

(a) thumb up (b) victory

(c) open palm (d) closed ϐist

Figure 5. Google MediaPipe Software Framework:
recognizable static gestures

Figure 6. Camera workspace (A) and gripper
workspace (B)

and closed ϔist gestures denote open and closed grip‑
per jaws, respectively. The thumb up or victory ges‑
turesmean activation/deactivation of the gesture tele‑
operation command mode.

The system operates within predeϐined
workspaces in 3D space, as illustrated in Figure 6.
Workspace A corresponds to the region within the
camera ϐield of view,where user gestures are captured
and processed as commands for the robot. Workspace
B deϐines the area within which the gripper operates.
Its position remains conϐined to this designated
region. Both workspaces are rectangular in shape,
and their exact dimensions can be adjusted to suit
speciϐic requirements.

/robot_controller is a high‑level software mod‑
ule that processes the data subscribed from the
/coordinates and /gestures topic into commands
for the manipulator.

The hand coordinates are converted into coor‑
dinates of the robot’s base coordinate frame. These
coordinates are then set as the target position for
the gripper. The manipulator’s point‑to‑point move‑
ment is handled by theMoveItmotion planning frame‑
work. It provides access to algorithms from the Open
Motion Planning Library (OMPL). Robot movement
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trajectories are calculated with the Rapidly‑exploring
Random Trees (RRT) Connect algorithm in this sys‑
tem.

The hand gesture dictates whether the gripper
opens or closes, and if the control system is activated
or deactivated. The resulting data representing the
desired motion is stored in the ϐields of a variable,
which is then published to the /command topic.

Figure 7. UR3 manipulator gesture control
representation using finite state machine

The behaviour of the system is represented by the
FSMdiagram shown in Figure 7. At startup, the system
enters the idle state. The thumb up gesture (see Figure
5(a)) toggles the value of the teleop variable from
0 to 1, while the victory gesture (see Figure 5(b)) tog‑
gles it from 0 to 2. A value of 1 corresponds to reduced
teleoperation, while a value of 2 corresponds to full
teleoperation. When either value is set, the gesture
teleoperation state becomes active.

In this state, the manipulator’s gripper is teleop‑
erated based on the user’s hand gestures according to
algorithms (1)–(8), (9), or (10). The systemrecognises
both an open palm gesture (see Figure 5(b)) and a
closed ϔist gesture (see Figure 5(c)).

Initially, the open gripper state is active. A closed ϔist
gesture toggles the value of the open variable between
1 and 0, activating the open gripper and close gripper
states, respectively. These states correspond to the
open or closed gripper of the manipulator.

The gesture teleoperation state is deactivatedwhen
the value of the teleop variable is reset to 0 using
either the thumb up or victory gesture. At this point,
the system returns to the idle state.

4. System Evaluation
4.1. Research Question

The study aims to answer the following research
questions in relation to the system presented in Sec‑
tion 2:

RQ1 Is the system usable in the user’s view?

RQ2 Is the system safe from the user’s perspective?

4.2. Method

Participants The study involved 37 participants aged
22‑25 years old ( Med = 23,𝑄1 = 22,𝑄3 = 23). There
were 4 females and 33males in the group. All of them

were students of control engineering and robotics at
Wrocław University of Science and Technology.

Informed consent was obtained from all subjects
involved in the study after they had been acquainted
with the research objectives and procedures used in
the study.

(a) the beginning (b) the end

Figure 8. Snapshots of the experimental task being
carried out

Scenario The task scenario is illustrated in Figure 8.
The participant is asked to move everyday objects,
a TV remote control and a syrup bottle, from a fur‑
ther away area to a closer location. The further and
closer areas are marked with a red and green border,
respectively. A similar task in the evaluation scenario
can be found in [7] and [16]. All commands addressed
to the robot must be expressed in gestures. The set
of commands consists of: activation/deactivation of
the system, opening and closing of the gripper, and
movement of the gripper (see Fig. 7 in Section 3.3).

The reduced teleoperation was selected to be the
working mode during the study.

Procedure The team ϐirst trained theparticipant how
to operate the robot. As part of the training, the partic‑
ipant had to practise the task of carrying and bringing
back an item, in the form of a plastic block. Then
the participant performed the task from the scenario.
After the experiment, the participant had to ϐill out the
questionnaires. The experiment was conducted in a
fully simulated environment in theRobotic Laboratory
at Wrocław University of Science and Technology.

The study was conducted according to the guide‑
lines of the Declaration of Helsinki and was approved
by the Research Ethics Committee ofWrocław Univer‑
sity of Science and Technology, Opinion No. O‑24‑63.

Measures The users’ impressions have been col‑
lected by means of questionnaires. To answer our
research questions concerning usability, we used the
System Usability Scale (SUS), a well established ques‑
tionnaire for assessing the usability of the system con‑
taining 10 items on a ϐive point Likert scale ranging
from totally disagree to totally agree [27]. To assess
perceived safety, we used the Godspeed (GQS) ques‑
tionnaire for perceived safety (3 items using semantic
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differential scales) [28]. We also used the Negative
Attitude towards Robots scale (NARS‑PL) [29], Polish
version, in order to gather information about parti‑
cipants’ attitude towards technology (containing also
13 items on a ϐive point likert), which could impact the
results.
4.3. Results

Internal Reliability of the Questionnaires
‑ For the 10 SUS items the Cronbach’s Alpha was
0.9575 (excellent reliability).

‑ For the 13 NARS items the Cronbach’s Alpha was
0.9561 (excellent reliability).

‑ For the 3 GS items the Cronbach’s Alpha was 0.8917
(very good reliability).

The SystemUsability Scale It follows fromChi‑square
goodness‑of‑ϐit test that the cummulative SUS score
comes from a normal distribution (a 100‑point scale,
𝑀 = 69.5, 𝑆𝐷 = 7.0, 𝛼 = 0.05, 𝑝 = 0.37). Furthemore,
the one‑sample t‑test allows to conclude that themean
of SUS score is 70, which can be considered as good
according to [30] (𝛼 = 0.05, 𝑝 = 0.19).

Godspeed Questionnaire Series: Perceived Safety (PL)
It follows fromChi‑square goodness‑of‑ϐit test that the
cummulativeGQS score comes fromanormal distribu‑
tion (a 18‑point scale,𝑀 = 13.5, 𝑆𝐷 = 2.3, 𝛼 = 0.05,
𝑝 = 0.05). Furthemore, the one‑sample t‑test allows
to conclude that the mean of GQS safety score is 13
(𝛼 = 0.05, 𝑝 = 0.19).

NegativeAttitudeTowardsRobots Scale (PL) It follows
from Chi‑square goodness‑of‑ϐit test that the cummu‑
lative NARS‑PL score comes from a normal distribu‑
tion (a 48‑point scale 𝑀 = 16.7, 𝑆𝐷 = 6.4,𝛼 = 0.05,
𝑝 =< 0.001). Furthemore, the one‑sample t‑test
allows to conclude that the mean of NARS‑PL score is
17 (𝛼 = 0.05, 𝑝 = 0.76).
4.4. Discussion

With regard to the research questions RQ1 and
RQ2, it can be concluded that participants with low
negative attitudes toward robots assess the tested sys‑
tem as sufϐiciently useful and sufϐiciently safe.

When evaluating a system consisting of a human
and a robotic assistive arm, user feedback appears to
be most relevant. If the results of the users’ study are
satisfactory, then it can be tentatively assumed that
system performance indicators are also satisfactory.
The implication in the oposit direction is not obvious.

The evaluation in most previous work on gesture
communication with the assistive robotic arm and
with other robots is based on system performance
indicators [7, 11, 13, 15, 16, 18–20]. The use of UX and
HRI studies can be noted in less numerous and more
recent works [11, 19–21]. This makes it challenging
to do a reliable comparative analysis with results pre‑
sented in other works.

The satisfactory result of the SUS test is conϐirma‑
tion of the soundness of the proposed gesture‑based

control of the manipulator by the users. A satisfactory
score of perceived safety means that there was no
behavior of the robotic system during the execution of
the task by the participant that would interfere with
his/her sense of security.

The results obtained, althoughpositive, leave some
room for improvement. It would seem that changing
the appearance of themanipulator to be less industrial
and the gripper to be more hand‑like would increase
the level of perceived safety. BATEO [6], iARM [5],
MICO [7] can serve as examples.

Gesture‑based manipulator control systems dis‑
cussed in [8] and [9] require appropriate sensors to be
mounted on the hand. The solution proposed in this
paper, which does not require such sensors, is deϐi‑
nitely more user‑friendly. A similar solution with an
RGB‑D (Kinect) sensor for gesture identiϐication and
arm movement is discussed in [10], but the sensory
system proposed there was not integrated into the
physical robot and no evaluation was performed with
the users (which is the case here).

The works [4, 15, 16] focus on different forms of
communication (using tongue, brainwaves, joystick)
therefore the gesture‑based communication proposed
here can be seen as a complement to these. All the
previously mentioned forms of communication can
form the basis of a simple manual control mode for
the robot, but they can also be part of amore elaborate
semi‑autonomous control system [3].

In thework [18] there is no hand telemanipulation
as here, but voice commands are responsible for the
movement of the manipulator. The hand is used to
indicate target locations for themanipulator’s gripper.
This solution may be difϐicult to use for users with
speech disabilities. On the other hand, both solutions
can coexist and complement each other.

The gesture control system presented in this arti‑
cle usesMediaPipe Hands similary to [11,12] and [13]
and Intel RealSense RGB‑D camera similary to [12]
and [13]. However, in this paper, the target user is
a person with reduced mobility, while in the others,
these are doctors or indeterminate users.

In this work the manipulator is meant to be an
extension of the user’s hand, and for this reason,
telemanipulation using gestures is of primary impor‑
tance from the viewpoint of potential applications.
This issue is explored here in more depth compared
to [11, 12] and [13]. What’s more, the evaluation here
is based on live experiments, based on a scenario close
to the activities of daily living with a larger group
of study participants. Therefore the result obtained
here is more reliable compared to the conclusions
that can be drawn from [11–13], where the number
of study participants was signiϐicantly smaller and
the studies themselves were conducted in a virtual
environment [11,12].

In our context, MediaPipe Hands, combined
with depth data from the RGB‑D camera, enables
robust detection of complex hand gestures without
requiring users to wear any sensors or markers. This
signiϐicantly improves user comfort and reduces setup
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time, while maintaining high gesture recognition
accuracy.

5. Conclusion
It has been proposed and studied a robotic sys‑

tem that can assist people with reduced mobility in
the activities of picking up and putting down objects
out of reach. The manipulator in this system acts as
an elongation of a person’s arm. The movement of
themanipulator’s gripper is done by telemanipulation
by the user’s hand, whose movement is captured by
the camera. A few commands given to the robot are
expressed using gestures. The sensory part of the sys‑
tem is based on the RGB‑D camera (Intel RealSense
D435) and Google MediaPipe Software Framework.
During the evaluation, the systemworked reliably and
participants assessed it as useful and safe.

The UR3 manipulator used in this study is not the
primary focusof the system.The core software compo‑
nent of the proposed system can be easily adapted for
use with other manipulators that are compatible with
ROS/ROS2 and the MoveIt software environment.

The results obtained justify the continuation of
work at a higher level of technological readiness. This
work should be based on another collaborative robot
(better suited to the requirements of an assistive
robotic arm) a much wider and more diverse group of
participants in UX and HRI studies, and a wider spec‑
trum of system performance indicators to evaluate
the gesture‑based communication with an assistive
robotic arm.
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Abstract:
The purpose of this study is to develop and evaluate
ARIS (A Real‐time Interactive Social Robot), based on a
Turtle 4 platform aimed at improving human–robot inter‐
actions (HRI) on university campuses. ARIS combines a 3D
printed social robot structure with a software architec‐
ture based on 2D LiDAR, odometry, and IMU sensors for
navigation and mapping, in addition to a voice assistant
structured in 3 stages: audio recording, transcriptional
processing, reaction, and reproductive synthesis. Exper‐
imental results show that the success rate of ARIS is
greater than 86.5%, maintaining high accuracy in nav‐
igation and obstacle avoidance. The system also offers
performance consisting of voice interaction with a total
reaction latency of 1500 to 2200 ms. Access to low‐cost
robotic platforms allows students and researchers access
to practical training, customization, and validation in the
development of new technologies in social robotics.

Keywords: ARIS, social Robot, interactions, turtlebot

1. Introduction
In recent decades, human‑robot interaction (HRI)

has been one of the main research topics in the ϐield
of social robotics. Studying how humans and robots
interact in social settings provides key insights for cre‑
ating robots that interact with people in a natural and
empathetic way. In collaborative environments such
as hospitals, schools, hotels, ofϐices, and others, these
robots assistwith daily tasks by engaging in intelligent
and responsive conversations. A social robot needs to
capture emotions, body language, and language cues,
thus becoming a reliable collaborator for both prac‑
tical work and social relationships to build trust and
maintain interest.

Adaptability is also a crucial aspect, as it allows
them to integrate into various environments—
supporting students, managing hotel guests,
collaborating with employees in their daily tasks,
or simply serving as a technological attraction.

Several studies have found a variety of environ‑
ments to incorporate robots as social agents. It is the
example of BRIGHTNESS, a bartender robot that gives
you a personalized service and is dynamic, adapting to
the interactions of customers [1]. Another study has
explored the role of the teacher in math activities ver‑
sus a social robot, tutee,where itwas revealed that, the
main limitations are the verbal interactions between
teacher–student and robot–student, in addition to this

feedback, a very important factor in education is that
it is best provided by the teacher [2]. In the same
way other authors have determined, that the emo‑
tional participation and the compression reading cog‑
nitive storytelling is higher in children of 5‑7 years
with the help of a social robot in a comparison to
a human [3]. Even to understand the adaptation of
the robots socially with children at an early age of
8‑9 years, several authors have studied the anthropo‑
morphism of children and their latent growth [4].

A social robot has the characteristic of being sta‑
tionary or mobile. To be steady‑you can reduce a feel‑
ing of connection to personal interaction and decrease
the experience of social dynamics. By contrast, to be
mobile you must have a level of autonomy to adapt
in the environment. To integrate into society, these
machines must function in complex environments
even without direct human intervention. Recent stud‑
ies have focused on cognition and reasoning, so that
CASPER via the development of an architecture for
cognitive artiϐicial enables you to observe the actions
of humans, understand, and collaborate on tasks in
progress [5]. In another study, the authors have devel‑
oped an architecture hybrid that uses a metaphor of
the brain, and a formalist approach [6–8].

Apart from perception, localization and mapping
are two key evaluative capabilities that allow amobile
robot to understand and act autonomously in its envi‑
ronment. Since the early 1990s, techniques have been
developed to enable a robot to localize itself within an
environment. SLAM (Simultaneous, Localization, and
Mapping) became a very popular technique starting in
the 2000s [9], where, with the help of a LiDAR opti‑
cal distance sensor, the cross‑section of the environ‑
ment’s geometric structure can be measured in order
to create a map. With the same goal of improving the
accuracy, robustness, computational efϐiciency, and
speed of the SLAM technique, numerous researchers
have developed and implemented various methods,
such as LOAM, which provides LiDAR odometry com‑
putation [10]; ORB‑SLAM2, which builds a more accu‑
rate map of the environment using a monocular,
stereo, or RGB‑D camera [11]; RTAB‑Map, based on
real‑time appearance‑based mapping with loop clo‑
sure detection [12,13]; and S‑PTAM,which uses stereo
cameras and combines the accuracy of the parallel
tracking andmapping approach fromORB‑SLAM [14].

A key feature of mobile assistant robots is voice
recognition, which enables them to understand
and respond to human voice commands, making
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human‑robot communication more intuitive. This
technology involves capturing audio through
microphones, followed by noise reduction and
converting speech to text using automatic speech
recognition (ASR) systems [15, 16]. In previous
research, various models have been proposed and
evaluated to improve the robustness of ASR systems
in noisy environments [17, 18]. Other authors
have proposed combinations of bidirectional gated
recurrent units (Bi‑GRU) with convolutional neural
networks (CNN) to operate in ofϐline mode [19].

In summary, many interesting results have been
reported that highlight the potential of social robotics
and the advancements developed over the years.
Social robotics brings together various technologies
such as artiϐicial intelligence, perception, human–
robot interaction, automatic speech recognition, self‑
localization, computer vision, among others.

The objective of this work is to develop and
implement, in a ϐirst stage, a social robot named ARIS
(Autonomous Real‑Time Interactive Social Robot)
based on the TurtleBot 4 platform, carrying out
human‑robot interaction applications and integrating
perception, localization, and mapping within the
ROS environment, in order to perform tasks on a
university campus.

While advanced social robots like Pepper and
NAO have demonstrated effectiveness in HRI
applications, their high cost ($25,000‑$50,000)
and closed architectures limit accessibility for
educational institutions. Existing low‑cost platforms
like TurtleBot typically lack integrated social features
(expressive structure, natural voice interaction).
ARIS bridges this gap by demonstrating that effective
social HRI can be achieved using affordable, open‑
source components while explicitly documenting the
trade‑offs and limitations.

The manuscript is divided into two parts: The ϐirst
part includes the title, abstract, and keywords. The
second part is the paper’s main body including the
conclusion section.

2. Related work
2.1. Evaluation ofMobile Robots Designed for Lab‐Scale

Applications

In the ϐield of mobile social robots, robotics engi‑
neers usually choose between two paths: simulations
or real hardware. Functional platforms allow testing
with sensors in real ϐields, providing solid and reli‑
able results, although they are more expensive. On the
other hand, simulations only allow for quick, inexpen‑
sive, and risk‑free experimentation with algorithms.
The drawback arises when you want to transfer the
simulation to hardware, as it is not possible to repli‑
cate all the details of the physical world. For this
reason, many researchers and engineers have devel‑
oped affordable educational robotics kits to stream‑
line the creation and implementation of innovative
functions.

Examples include MobileCharger, an innovative
robot equipped with sensors, actuators, and a

combined perception system [20]; Robotis, a
humanoid robot that integrates sophisticated
sensors and dynamic movement capabilities, ideal
for academic research, locomotion algorithm
development, human–robot interaction, and
experimentation in autonomous robotics [21]; NAO,
an autonomous, programmable bipedal robot known
for its friendly, expressive design and equipped
with 25 degrees of freedom, allowing it to perform
natural and complex movements [22]; and Pepper,
another humanoid robot built on a holonomic
base, equipped with three omnidirectional wheels,
developed by Aldebaran to welcome customers in
retail environments [23,24].

Numerous studies have employed the aforemen‑
tioned platforms, as well as others, with the aim of
conducting academic research. In the case of Pepper,
methods have been proposed to improve its limited
3D perception capabilities [25]; in Industry 4.0, digital
twins have been developed for interaction in smart
homes [26]. With NAO, several studies have been pre‑
sented on gesture recognition using videos recorded
solely by the robot’s built‑in camera while performing
clinical procedures [27]. For arm movements, algo‑
rithms based on Bayesian Networks (BN) have been
proposed and developed to select the appropriate
motion model and enhance precision to levels similar
to that of humans [28].

On other platforms such as Robear, Ubtech Wassi,
and Freivera—robots designed for healthcare, speciϐi‑
cally for assisting and caring for the elderly—several
studies have proposed improvements in localization
and mapping using methods to obtain semantic infor‑
mation and dynamic selection strategies [29].

In terms of personal assistants, DARWIN‑OP2 is
also noteworthy; it uses reinforcement learning algo‑
rithms to detect poor posture in a group of stu‑
dents [30].

The use of robotic platforms can accelerate
research and lower the entry barriers for new
research groups. Several platforms have been
mentioned previously, but there are numerous
affordable options in different sizes. However, the
more advanced and recently developed platforms
are often out of reach for many research groups
due to their high cost or closed‑source nature. For
this reason, there is a need to develop open‑source
platforms integrated with sufϐicient sensors and
actuators to support research groups in various ϐields.

Among open‑source platforms, we have IGUS,
whose robot structure is entirely 3Dprinted highlight‑
ing a lightweight and visually appealing design [31];
NimbRo‑OP2X which integrates computer vision, IMU
sensors and an Intel processor with GPU, making it
ideal for locomotion, perception, and automatic con‑
trol areas [32]; iCub, standing 104 cm tall, specif‑
ically designed to support research in embedded
artiϐicial intelligence, with hands engineered to sup‑
port sophisticated manipulation skills [33–35]; and
ϐinally, InMoov, a humanoid robot approximately
180 cm tall that uses accessible components such as
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Arduinomicrocontrollers and servomotors. Its modu‑
lar design allows it to be built in stages and expanded
according to the resources and needs of research
groups [36,37].

2.2. Approach to Real‐Time Mapping and Position
Tracking

Simultaneous localization and mapping (SLAM) is
an indispensable technology which allows wheeled
robots to navigate and determine their position accu‑
rately. The SLAM algorithm procedure is to collect
information from the mains sensors such as cam‑
eras, and lidar, along with data from the inertial mea‑
surement unit (IMU). With this information, a map
is constructed and the robot locates itself within it.
A popular choice for mobile robots, Hector‑SLAM
relies on laser scans and fast estimation methods to
deliver high accuracy in real time. Unlike other SLAM
approaches, it operates perfectly even without wheel
odometry [38].

A SLAM system based on multi‑sensor fusion is a
robust solution for achievingmore accurate and stable
localization and mapping in dynamic environments.
This system compensates for the individual limita‑
tions of each sensor to achieve greater robustness
with better estimates. By integrating all the data using
fusion algorithms such as extended Kalman ϐilters and
optimization graphs, the system operates without dis‑
turbances [39].

Visual SLAM is another technique used to con‑
struct a map of the environment while a mobile
robotic system moves through the environment.
Visual information comes from one or more cameras.
Unlike traditional SLAM methods that work with sen‑
sors such as LIDAR or inertial data, Visual SLAM uses
exclusively image data (stereo, RGB‑D, or monocular).
From this visual information, the system’s trajectory
is estimated. In environments where GPS sensor data
are lost or lacking [40], this technique improves global
positioning [41].

Lidar sensors have become a primary tool for data
acquisition for map construction, aiding autonomous
navigation. Data acquisition from a lidar sensor pro‑
duces a point cloud containing spatial information
(x, y, z), which is invaluable in applications such as
object detection, path tracking, and scene reconstruc‑
tion [42]. In the context of SLAM systems, the point
cloud represents robust and accurate data that can be
integrated with data from other sensors to improve
autolocalization and map construction, even in com‑
plex dynamic environments [43].

Low‑cost small mobile platforms have also been
developed to test algorithms in robotics such as SLAM,
autonomous navigation, computer vision, and more.
Create is a goodexample,wheremany research groups
have implemented social functionalities on thismobile
base, such as a real‑timehuman–robot interaction sys‑
tem using hand gestures [44], as an ofϐice assistant
with voice recognition to interact with users [45], and
also by proposing a VLM‑Social‑Nav system with real‑
time decision‑making [46].

Figure 1. Structure of ARIS

3. General architecture of the robot system
The general architecture of ARIS consists of a user‑

friendlyphysical robotic structure. Theprogrammable
TurtleBot 4 platform was used as the base, with a
3D‑printed frame designed to give the appearance of
a social robot. A touchscreen is included for human‑
robot interaction, alongwith a conference speaker and
microphone for automatic speech recognition. The
structure is shown in Figure 1.

3.1. Software development environment

TurtleBot 4 is a mobile robotic platform designed
to provide an accessible research system for prototyp‑
ing and robotics training. The mobile base, IROBOT
Create 3, is integratedwithmotors that providemobil‑
ity. It is also equipped with proximity sensors, an IMU
sensor, a stereo camera, and a 2D LiDAR sensor that
provides navigation data. Themodel uses a Raspberry
Pi 4 Model B (4GB RAM) as the main computing unit.
The systemrunsUbuntu22.04 LTSwithROS2Humble
preinstalled.

TurtleBot 4 operates with two main computers: A
Raspberry Pi 4B and an integrated Create 3 processor.
To visualize sensor data, conϐigure, and control the
system, among other functions, we connect another
Raspberry Pi 4 Model B (4GB RAM) running the same
Ubuntu andROS2 as TurtleBot 4. In ROS2, DDS is inte‑
grated as the default communication layer, offering
advantages in scalability and performance. Real‑time
data exchange, sensor reading or control commands
are managed using the Simple Discovery conϐigura‑
tion, as shown in Figure 2.

3.2. ARIS structure

The structurewasmanufactured using 3Dprinting
with Fused DepositionModeling (FDM) and polylactic
acid (PLA) ϐilament. With the help of 3D design and
Creality Slicer 4.8 software, the printing parameters
were adjusted with a 25% internal inϐill, taking into
account the strength of the structure. Figure 3 shows
the robot’s structure and main components.

The 3D‑printed structure was produced using the
Creality 3DPrintMill, which offers an inϐinite Z‑axis
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Figure 2. TurtleBot 4 Simple Discovery configuration for
ROS 2 Humble

Figure 3. Design structure of the robot in 3D

and a 300 x 300 mm XY plane area. Due to the geome‑
try and varying sizes of the robot components, it was
designed and printed as a set of connectable parts
rather than a single body. Each piece was oriented
to maximize stability and adhesion to the surface of
the adjoining piece. The complete assembly reached a
weight of 3215 g.

3.3. Architecture of ROS Nodes

The ARIS architecture in ROS 2 is designed for
natural and contextual human interaction. The sys‑
tem initiates interaction through the audio input unit,
which captures the user’s voice commands. This audio
stream is processed by a transcription module that
converts speech into text and interacts with a large
language model (Gemini‑1.5‑pro) to enhance com‑
prehension and generate harmonized interpretations.
The core of the system lies in a central brain node
that integrates decoded inputs and generative capa‑
bilities. ARIS can also respond using a speech synthe‑
sis tool that provides real‑time feedback to the user.
Additionally, the navigation module provides spatial
awareness and mobility, allowing ARIS to physically

Figure 4. How ROS Nodes Work

Figure 5. Block diagram assistant voice

interact with its environment. This architecture sup‑
ports dynamic two‑way interaction and enables ARIS
to act as a helpful and conversational agent in real‑
world environments. The ARIS architecture in ROS is
illustrated in Figure 4.
3.4. Voice assistant

The voice assistant implemented in ARIS, is orga‑
nized into ϐivemodules as displayed in Figure 5, which
are the capture of audio, transcription, processing of
the input, the synthesis of the response and the play‑
back of the audio, which is integrated to the graphical
interface by clicking a button on the touch screen for
human–robot interaction.

The voice assistant implemented in ARIS is orga‑
nized into ϐive modules that are capturing the audio,
transcription, processing of the input, the synthesis of
the response and the playback of the audio, which is
integrated to the graphical interface by clicking a but‑
ton on the touch screen for human–robot interaction.

Initialized ARIS, plays an audio ϐile with a wel‑
comemessage conϐiguredmanually every 20 seconds,
the audio capture was performed using the activation
button in the screen called “Talk”. When you press
the button, it suspends playback of the ϐirst message
and proceeds to the execution of the method of acqui‑
sition of audio. Using the library speech_recognition
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automatically adjusts the detection threshold of envi‑
ronmental noise, to improve the quality of the signal in
noisy environments. The capture of the audio is done
by using the built‑in microphone and is stored in an
audio ϐile temporarily.

The audio stored is sent to the service of Google
Speech Recognition which makes the transcription
from voice to text. The service returns a string in
the format of a text, then the text is normalized by
placing the text to all lowercase letters and using the
technique of tokenization to break down the text into
fragments of words or tokens. With tokens obtained
is carried out a lexical analysis comparative look for
the similarity of the tokens with the dictionary of
wordsmanually conϐigured in a repository grouped by
categories of topics such as (greeting, queries, institu‑
tional, control commands and diverse questions).

The detection of similarity between any of the
tokens of the input and some of the words stored in
the repository of dictionaries, generates the automatic
playback of the answers that were previously conϐig‑
ured by ensuring an efϐicient response with respect to
queries that correspond to information in the univer‑
sity space. In the absence of match suggestions with
the dictionary, the text of the question is sent in the
format of a prompt to be answered by the generative
model LLM employee who is the Gemini‑1.5‑pro.

The generative model uses a API_KEY generated
from the services of Google AI Studio, additional func‑
tion of the model is conϐigured with instructions, in
which it is established that the duties of a virtual assis‑
tant focused on giving answers related to the context
of the education system in Ecuador, and in the case
of the question requested was not appropriate in this
context, is answered in a general way with the base
model of a clear and precise way.

The response is generated to be pre‑conϐigured or
coming from the generative model, converts text to
audio format using the library Google Text‑to‑Speech
gTTS, the which creates an MP3 ϐile that is stored in
a temporary directory, and is reproduced through the
built‑in speaker in ARIS using the player mpg123.

At the end of the audio playback, reset the interac‑
tion with the activation of the button, and the status
message at the interface, indicating that it is ready
to listen. This approach allows to ARIS to provide
human–robot interaction using the format of a virtual
assistant focused in giving answers that were previ‑
ously conϐigured on information relevant to the uni‑
versity space, combined with the ϐlexibility of a lan‑
guage model to the generative for open consultation.
3.5. Functionality of ARIS

The algorithm described below controls the
mobile robot’s movement environment with
predetermined locations, such as “Point A,” “Point A,”
“Point A,” etc. The robot waits for the user to press the
touch button that allows it to select its destination.
Once selected, the robot begins moving toward this
destination. During the route, it visualizes potential
obstacles and avoids them if necessary. If there are
no obstacles, it will constantly update its movement.

Figure 6. Local map

Figure 7. Aris performance with obstacles

When the robot reaches its destination, it interrupts
its movement and displays a message indicating that
it has arrived. This process is repeated indeϐinitely
so that the robot can obtain new route requests at
any time. At the same time, it checks if the battery
percentage is greater than 20%. If not, it interrupts its
route and heads to the charging point until it reaches
an optimal percentage for its operation.

4. EXPERIMENTAL APPROACH
The platformARISwas tested several times during

its development. Firstly, it was tested at laboratory
scale and, ϐinally, in a university environment, includ‑
ing ofϐices and corridors. You could measure the accu‑
racy in the achievement of the objectives of the system
ARIS.

The platform ARIS was tested with multiple users
located indifferent pointswithin the environmentuni‑
versity, as illustrated in Figure 6.

Table 1 presents the default Cartesian coordinates
for a set of ϐive ofϐices and the designated ARIS load‑
ing point. The X and Y values indicate the respective
position of each location within the workspace.

ARIS autonomously determines efϐicient routes
between designated points while performing tasks.
The data in Table 1 serve as base positions for navi‑
gation.

ARIS is located at the entrance, which is part of
the university campus. Users can approach and inter‑
act with it or request information about university
authorities, academic programs, or simply general
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start
waypoints := [“Point A”, ” Point B ”, ” Point C ”, ” Point D ”, ” Point H ”]
current_position := ” Point H ”
destination := ””
is_moving := false
battery_level := 100
previous_destination := ””
while true do
if battery_level< 25 then
previous_destination := destination
destination := ”charging station (h)”
is_moving := true

end if
if battery_level< 70 and current_position = ”charging station (h)” then

charge_battery()
continue

end if
if touch_button_pressed() then
destination := select_destination(waypoints)
is_moving := true

end if
if is_moving then
if detect_obstacle() then
avoid_obstacle()

else
move_toward(destination)
update_position()
update_battery()
if current_position = destination then
is_moving := false
if destination = ”charging station (h)” and battery_level< 70 then
// stay and keep charging
continue
end if
if destination = ”charging station (h)” and battery_level≥ 70 then
destination := previous_destination
is_moving := true

else
display(”arrived at ” + destination)

end if
end if
end if
end if
end while
end

Table 1. Default coordinates of the offices and location
of ARIS

No. Ofϐices Coordinate (X) Coordinate (Y)
1 Ofϐice 1 ‑0.25 ‑0.22
2 Ofϐice 2 ‑3.59 ‑0.41
3 Ofϐice 3 6.35 ‑7.09
4 Ofϐice 4 8.72 4.30
5 Ofϐice 5 0.59 ‑14.39
6 Default

place of the
ARIS to
charge

0.0 0.0

information. At the same time, ARIS can guide users
to the ofϐice they wish to reach.

During the route, ARIS is capable of detecting
obstacles in its frontal path. When it detects a dis‑
tance below a predeϐined threshold, ARIS stops its
movement and performs a turning maneuver to avoid
the obstacle, then resumes its trajectory toward the
destination as illustrated in Figure 7.

Figure 7 shows themap created by SLAM, in which
the dark areas represent permanent barriers such as
walls, while the blue sections reϐlect the live zones that
have been explored by the robot’s sensors. The pur‑
ple color refers to the costmap inϐlation areas, which
alert about the proximity of obstacles. The red band
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Table 2. ARIS Performance of ARIS

User Attempts Questions Reached the Avoided Travel Success
Answered Correctly Correct Coordinates Obstacles (Yes/No) Time (s) Rate

U1 2 Yes Yes Yes 52 100%
U2 2 Yes Yes IF 60 100%
U3 3 No No No 78 0%
U4 4 Yes Yes Yes 49 100%
U5 2 Yes Yes Yes 55 100%
U6 2 Yes Yes Yes 63 100%
U7 3 Yes Yes Yes 50 100%
U8 4 No Yes No 70 33%
U9 3 Yes Yes Yes 62 100%
U10 4 No Yes No 43 33%

Table 3. Performance of ARIS with inflation radius 0.5 m

User Attempts Questions Reached the Avoided Travel Success
Answered Correctly Correct Coordinates Obstacles (Yes/No) Time (s) Rate

U1 2 Yes Yes Yes 52 100%
U2 2 Yes Yes Yes 59 100%
U3 3 No No Yes 63 66%
U4 4 Yes Yes Yes 49 100%
U5 2 Yes Yes Yes 55 100%
U6 2 Yes Yes Yes 61 100%
U7 3 Yes Yes Yes 50 100%
U8 4 No Yes Yes 64 66%
U9 3 Yes Yes Yes 60 100%
U10 4 No Yes Yes 53 66%

indicates the programmed route the robot will follow
to reach its goal.

Autonomous navigation serves as a functional
foundation in unknown environments which also
allows the system to demonstrate adaptability in
dynamic social settings. If ARIS detects a battery
level below a predeϐined threshold, it decides to head
toward a predetermined charging station and wait
until it reaches a sufϐicient energy level to resume its
activities.

To evaluate the acceptance of ARIS’s functionali‑
ties, the system is considered successful if it correctly
responds to users’ questions and reaches the prede‑
termined coordinates while avoiding both dynamic
and static obstacles along the way. The travel time
during autonomous navigation between the differ‑
ent coordinates was also evaluated to identify any
errors.

The success rate of each eventwasmonitoredupon
completing the described process, conducting 10 ran‑
dom experiments, with each user making a maximum
of four attempts.

Table 2 summarizes the performance of ten users
in a task‑based assessment involving interaction with
ARIS. The dataset in Table 2 also provides informa‑
tion on user‑robot interaction under task constraints
and shows performance as areas requiring improve‑
ment in obstacle avoidance and precise positioning
in cases of poor performance. To evaluate the overall
performance of each user during the navigation task,
the level of success was deϐined based on three key
criteria:

• Good, correct coordinates: whether ARIS navigated
correctly to the destination.

• Avoid obstacles: whether ARIS avoided any obsta‑
cles along the route.

• Answer questions correctly: whether ARIS
answered at least one question correctly during the
test.
Each criterion received a binary result: 1 if the

condition was met and 0 otherwise. The success level
was calculated as the percentage

Sucess rate = ቆ𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎 𝑚𝑒𝑡3 ቇ × 100 (1)

Due to the limited processing power of the Rasp‑
berry Pi 4, which leads to occasional mapping errors
or localization drift, conservative navigation heuris‑
tics and obstacle buffer zones were employed in the
navigation system to improve the functional perfor‑
mance of ARIS. In the cost map, the inϐlation radius
parameters were set to 0.5 m, providing a buffer zone
around all detected obstacles. This increases safety
margins.

In conservative heuristics for route planning and
control logic, the movement speed of ARIS was
reduced. This allowed for early stopping in large envi‑
ronments. Modifying these parameters minimized
the likelihood of collisions, mapping errors, and,
above all, computational overload on the Raspberry
Pi 4 platform. The data obtained are shown in
Table 3.
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Table 4. Average latency

Stage Component Average Latency (ms) Descriptions
A ASR (Google Speech‑to‑Text) 480–650 Varies with noise and internet conditions
B NLP (Gemini‑1.5‑pro) 600–900 Depends on prompt complexity and server load
C TTS (gTTS) 300–450 Measured for responses< 50 words
Total Interaction End‑to‑end delay 1500–2200 End‑to‑end delay per user query‑response c

Table 5. Comparison of interaction latency between standard processing pipeline and FAQ dictionary‐based optimization
for common queries

Stage Component Standard Pipeline Latency (ms) FAQ Dictionary Pipeline Latency (ms)
A ASR (Google Speech‑to‑Text) 480–650 120–180
B NLP (Gemini‑1.5‑pro) 600–900 240–360
C TTS (gTTS) 300–450 180–270
Total Interaction End‑to‑end delay 1500–2200 600‑910

5. Results and discussion

The experimental phase was conducted to deter‑
mine the functionality of the entire ARIS system.
Functionality was obtained in a dynamic environment
of a university campus, with and without external
obstacles. The experimental data are shown in Table 2
and Table 3. The accuracy of the ARIS system exceeds
86.5% on average. In particular, an accuracy of 86.5%
was achieved in the completion of each action, and
ARIS failed only four times out of a total of 93 test
cases during the experimental phase. Furthermore,
ARIS completed the target point localization process
with an accuracy of 90%. The failures were due to
various reasons, such as improper operation of the
robot’s self‑localization system and external noise.
However, the ARIS did not fail when overcoming static
and dynamic external obstacles. Therefore, the ARIS
showed no difϐiculty in autonomously guiding itself
while avoiding static and dynamic external obstacles.
Overall, the ARIS system achieved its goal, based on
user commands, not only in the absence of exter‑
nal obstacles, but also when there are static external
obstacles in the university campus environment.

Figure 7 shows the relationship between battery
level and system performance. This shows that as
the battery level drops, system performance also
decreases, but not linearly. When the battery level
exceeds 60%, performance remains high with a slight
drop. However, the 40% drop becomes much steeper
and reaches a critical level below 20% battery level.
This trend indicates that the system signiϐicantly
reduces its performance to save power when the
battery is low.

TheTable 4 shows the average latencyof each com‑
ponent involved in voice‑based human–robot interac‑
tion which is divided into three stages: speech recog‑
nition, natural language processing, and speech syn‑
thesis. In Stage A, the speech‑to‑text conversion sys‑
tem (Google ASR) operates with an average latency of
480 to 650ms, depending on background noise. Stage
B processes natural language using Gemini‑1.5‑Pro,
with a latency of 600 to 900msdepending on the com‑
plexity of the request and server demand. In Stage C,
the text‑to‑speech (GTT) engine converts responses of

Figure 8. Battery Level vs System Performance

less than 50 words with a latency of 300 to 450 ms.
Each user query has a latency in the entire interaction
of between 1500 and 2200 ms which represents the
total time elapsed from when the user speaks until
they receive the response.

To mitigate the latency issues observed in
Table 4, where total interaction delays ranged
from 1500 to 2200 ms per query‑response cycle, a
lightweight caching system was implemented that
stores frequently asked questions alongside their
pre‑computed responses. This optimization strategy
creates a local repository of the most common
user interactions, enabling rapid response retrieval
without requiring cloud‑based NLP processing or
real‑time text‑to‑speech synthesis.

As shown in Table 5, for cached queries, Stage B
performs simpliϐied NLP processing using pre‑
indexed semantic patterns, and Stage C retrieves
pre‑generated audio ϐiles from local storage, reducing
synthesis time. ASR processes only the initial trigger
phrase for pattern matching.

To measure positioning accuracy as the distance
error in the path planning system, the Euclidean dis‑
tance between the ϐinal estimated robot position and
the true target position was used. The results in
Table 6 show that increasing the inϐlation radius by
0.5 m signiϐicantly improved the accuracy and con‑
sistency of navigation. Almost all attempts reduced
the calculated condition failure (e.g., from 0.08 m to
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Table 6. Position error

Default Inϐlation Radius Inϐlation Radius 0.5 m
User Attempts Reached the Error Position Reached the Reached the Error Position

Correct Coordinates (m) Correct Coordinates Correct Coordinates (m)
U1 2 Yes 0.08 Yes Yes 0.06
U2 2 Yes 0.09 Yes Yes 0.07
U3 3 No 0.50 No No 0.40
U4 4 Yes 0.07 Yes Yes 0.05
U5 2 Yes 0.08 Yes Yes 0.06
U6 2 Yes 0.09 Yes Yes 0.07
U7 3 Yes 0.08 Yes Yes 0.06
U8 4 Yes 0.10 Yes Yes 0.08
U9 3 Yes 0.09 Yes Yes 0.07
U10 4 Yes 0.10 Yes Yes 0.08

0.06 m U1 and 0.10 m to 0.08 m), while the aver‑
age error dropped from 0.088 m (default) to 0.072
m with the inϐlation radius. Furthermore, the num‑
ber of attempts to achieve high navigation accuracy
(error ≤ 0.08 m) increased from ϐive to eight. These
improvements indicate that the additional buffer
space around obstacles provided by the inϐlation
radius improves route planning, reduces localization
drift, and enhances overall system reliability, espe‑
cially in an indoor environment with limited comput‑
ing resources.

6. Conclusions
The errors occurred for various reasons, one of

the main reasons was the background noise, unclear
pronunciation, accent variety or variation in the speed
of the speech, ASR incorrectly converts the audio into
text, which providedmisspelled words, substituted or
omitted by others with similar sounds. These judg‑
ments directly affect the quality of the voice input for
later misunderstanding. Another error is the under‑
standing of the transcription of the audio; the model
of the natural language processing failed due to limi‑
tations in their training.

The limit of processing of the Raspberry Pi 4 is
another important factor in the development of the
platform, ARIS. There are signiϐicant restrictions on
intensive tasks simultaneously, such as localization
and mapping simultaneously, the voice recognition
and the algorithms of social interaction. While the
Raspberry Pi 4 is equippedwith a Cortex‑A processor‑
72 of four cores with a clock frequency of 1.5 GHz,
this does not comply with the requirements of the
applications of robotics and high‑performance. The
algorithms SLAMGmapping, require the processing of
data from multiple sensors in real‑time. These tasks
require a high memory bandwidth, and a ϐlow of the
CPU/GPU of the Raspberry Pi 4 is constantly unable to
provide, which causes latency and affects the accuracy
of the mapping. The ASR also requires patterns of
deep learning and fast processing. These models are
located locally on the Raspberry Pi 4 and can result in
a delayed or inaccurate recognition.

During the testing of the functioning of ARIS, it
was observed that the Raspberry Pi 4 is subjected to

prolonged computational loads and is prone to the
thermal limitation. This not only reduces performance
further, but also leads to unpredictable behavior dur‑
ing longer sessions of SLAM or iteration.

To tackle these issues and boost ARIS’s reliability,
we adopted cautious navigation strategies. A 0.5 m
buffer zone was set around obstacles and the robot’s
speed was slowed in open spaces to allow quicker
reactions. These changes reduce crashes, mapping
mistakes and CPU strain.

The research combines proven robotic tools:
SLAM, voice recognition, and languageprocessing. The
ARIS platform offers a clear methodology for building
functional social robots on a tight budget, bridging the
gap between high‑end laboratory robotic platforms
and the real needs of schools and small research lab‑
oratories. In addition, the performance of the Rasp‑
berry Pi was optimized by adjusting the require‑
ments of the SLAM algorithms and using pre‑recorded
voice ϐiles to reduce latency, enabling smooth real‑
time operation even with modest hardware. These
improvements allow ARIS to operate reliably with
low‑cost equipment that meets the needs of teaching
and research.
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Abstract:
Mobile robots require effective and secure path plan‐
ning, especially in complex and dynamic environments.
Traditional algorithms such as A*, Dijkstra, and Rapidly‐
exploring Random Trees (RRT) offer dependable and
mathematical solutions but face challenges regarding
scalability, adaptability, and processing requirements in
real‐time applications. On the other hand, artificial intel‐
ligence (AI) techniques, such as reinforcement learning
(RL) and neural networks (NNs) provide flexibility and
quick decision‐making but face challenges such as data
dependency, optimal solution, and computational over‐
head. This review analyzes hybrid path planningmethod‐
ologies that integrate traditional algorithmswith AI tech‐
niques, utilizing the advantages of both to overcome
their limitations. Hybrid approaches improve scalability,
collision avoidance, and re‐planning efficiency by inte‐
grating the accuracy and reliability of traditional tech‐
niques with the adaptability and learning capabilities
of AI. This review categorizes and analyzes research to
identify significant gaps and suggests future paths for
enhancing hybrid path planning, offering insights for the
development of more robust and intelligent navigation
systems for mobile robots and autonomous platforms.

Keywords: AI, Robotics, Path planning, mobile robots

1. Introduction
Mobile robots have gained signiϐicant attention in

areas such as surveillance, agriculture, disaster man‑
agement, and logistics. An important aspect of mobile
robot activities is path planning, which is deϐined as
identifying an optimal pathway from a start point to a
destination while minimizing costs in terms of time,
energy, and computational resources, and avoiding
obstacles. The efϐiciencyofmobile robot pathplanning
is especially crucial in known environments where
detailed 3Dmaps are available, allowing formore pre‑
cise navigation and optimization.

Traditional methods of path planning, such as
the A* algorithm, Dijkstra’s algorithm and Rapidly‑
exploringRandomTrees (RRT), havebeenwidelyused
due to their reliability and mathematical accuracy.
These algorithms have proven effective in produc‑
ing collision‑free paths in 2D and 3D environments.
However, they often struggle with high computational

complexity and lack adaptability in dynamic and com‑
plex scenarios [1].

Artiϐicial Intelligence (AI) methods, such as
machine learning, deep learning, and reinforcement
learning, can enhance path planning performance.
AI‑based methods offer several advantages, such
as learning from data, adaptation to evolving
environments, and multi‑objective optimization.
Despite these strengths, AI methods alone may
require extensive training data, high computational
power, and may lack interpretability compared to
traditional algorithms [2].

The combination of AI and traditional methods
for mobile robot path planning presents a promis‑
ing hybrid approach that leverages the strengths of
both paradigms. By integrating AI’s adaptability and
learning capabilities with the robustness and inter‑
pretability of traditional algorithms, researchers aim
to develop more efϐicient and versatile path plan‑
ning solutions. This hybrid approach has the potential
to address the limitations of both AI and traditional
methods, particularly in known environments where
comprehensive 3D maps provide a structured frame‑
work for navigation.

This review aims to explore the current state of
research on the combination of AI and traditional
methods for mobile robot optimal path planning in
known environments. The reviewwill focus on identi‑
fying the key AI techniques and traditional algorithms
employed, examining their performance, and high‑
lighting the challenges and opportunities associated
with their integration. By combining the ϐindings from
existing literature, this review aims to provide a com‑
prehensive understanding of the hybrid approaches to
mobile robot path planning.

1.1. Fundamentals of Mobile Robot Path Planning

Mobile robot path planning is critical for
autonomous moving, as it provides a secure, effective,
collision‑free path from the starting point to the
destination. The difϐiculty of this task depends
on factors such as the environment in operation
(urban or rural), obstacles (static or dynamic),
energy limitations, and the speciϐic mission goals
(surveillance, delivery, mapping, etc.).

The path planning sequence has three phases,
environmental modeling, path searching and
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optimization, and, ϐinally, path execution and
adaptation. Environmental modeling is when a
3‑dimensional map of the area is developed and
obstacles are modeled similarly using occupancy
grids and Voronoi diagrams; path search and
optimization is when algorithms identify paths
based on parameters such as length and safety; in
path execution and modiϐication, mobile robots need
to change the path accordingly based on random
obstacles and environmental changes [1].

Mobile robot path planning algorithms, both tra‑
ditional, AI‑based or hybrid, are crucial to enabling
mobile robots to navigate safely and efϐiciently in het‑
erogeneous environments. The algorithms are devel‑
oped for path optimization by balancing objectives
such as obstacle avoidance, energy efϐiciency, and
mission‑speciϐic requirements that vary based on the
use of the mobile robot. Path planning algorithms
combine mathematical precision with adaptive func‑
tionality as they allowmobile robots to dealwith static
and dynamic obstacles, environmental changes, and
accurate navigation of all types ofmissions. This holis‑
tic consideration of path planning stresses the need
for algorithms to develop and adapt as new problems
arise in autonomous movement.
1.2. Global and Local Path Planning

Path planning algorithms can be classiϐied into
global path planning and local path planning based on
their operational scope and planning procedure [2].
Global path planning algorithms, such as Dijkstra’s,
A*, D* Lite, and Cell Decomposition, are engineered to
calculate a path from a start point to the target point
for a deϐined environment. These approaches use a
complete or partial representation of the environ‑
ment to determine an optimal or near‑optimal path,
accounting for all detected obstacles. These methods
are especially efϐicient in static environments where
all information of the environment is known ahead
of time and all of what has been learned is used for
complete planning [2].

Conversely, local path planning techniques focus
on immediate navigation and avoidance of obstacles.
Local path planning includes both traditional algo‑
rithms, such as Dynamic Window Approach (DWA)
and Artiϐicial Potential Field (APF), as well as AImeth‑
ods, such as Machine Learning (ML) and Reinforce‑
ment Learning (RL). Local path planning algorithms
are speciϐically designed to focus on the ability to
make quick decisions, from the current state of the
mobile robot and its sensors, without requiring all
the environmental knowledge. Local path planners
can be highly effective in dynamic or partially known
environments where the mobile robot must respond
quickly to an unexpected change or moving obstacle
that was not known prior to encountering [2].

In practical mobile robot operations, the integra‑
tion of global and local path planning methodolo‑
gies is frequently beneϐicial [2]. The global planner
will provide a planned long path to the target, and
then the local planner can modify the mobile robot’s
trajectory considering immediate hazards and other

changes in the environment. This hybridmethod guar‑
antees both optimality and adaptability, improving
the mobile robot’s overall navigation efϐiciency.

2. Research Methodology
Previous review papers have focused on algorithm

reviews in general or on broad integrations of tech‑
niques such as [3–5]. However, this paper speciϐically
reviews the integration between traditional path plan‑
ning algorithms and artiϐicial intelligence (AI) meth‑
ods. Papers were retrieved exclusively from Scopus to
ensure a comprehensive review. A combination of key‑
words and Boolean operators was used to maximize
the search results. The keywords such as:
• “Mobile robot” AND “path planning” AND “known
environment” AND “hybrid” AND “artiϐicial intelli‑
gent” OR “AI”

• “Mobile robot” AND “path planning” AND “known
environment” AND “combine” AND “artiϐicial intel‑
ligent” OR “AI”

• “Mobile robot” AND “path planning” AND “known
environment” AND “integrate” AND “artiϐicial intel‑
ligent” OR “AI”

• “Robot” AND “path planning” AND “known envi‑
ronment” AND “hybrid” AND “artiϐicial intelligent”
OR “AI”
The search range was limited to papers published

from January 2019 to December 2024. Using these
keywords, a total of 105 papers were retrieved. By
applying inclusion and exclusion criteria, 23 papers
were identiϐied that ϐit the requirements. Figure 1
illustrates the number of publications over the years.
Some papers focused on the hybrid between two AI
methods which fall outside the scope of this review.

The quality of each paper was evaluated based on
clarity of objectives and methodology, relevance to
hybrid path planning for mobile robots, and robust‑
ness of experimental or simulation results. Inclusion
criteria ensured the review synthesized the studies
discussing the hybrid methods integrating traditional
and AI‑based methods, and studies of mobile robot
research in the known environment. Exclusion cri‑
teria ensured studies focused solely on either AI or
traditional methods without integration, papers with‑
out any experimental or simulation results, and non‑
English papers. Overall, the review ensures a system‑
atic and unbiased exploration of hybrid path planning
methods, offering valuable insights for researchers
and practitioners in the ϐield.

3. Hybrid Approaches: Combining AI and Tra‐
ditional Methods
Traditional path planning algorithms provide

reliable and often optimal solutions in structured
environments but face scalability issues and
struggle with real‑time adaptability in dynamic
settings [2, 3]. In contrast, Artiϐicial Intelligence
(AI) techniques enhance adaptability and decision‑
making, allowing robots to learn from data and
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Figure 1. Line graph of number of papers vs. year published

respond to uncertainties, though they remain
limited by computational demands, reliance on large
datasets, and difϐiculty in guaranteeing global optimal
paths [1,3].

Hybrid approaches have emerged to combine the
strengths of both paradigms. In such frameworks,
traditional algorithms are employed as global plan‑
ners to generate efϐicient baseline routes in known
or partially known maps, while AI methods serve as
local planners to adaptively handle real‑time changes,
dynamic obstacles, and uncertainties. This integration
balances the efϐiciency and optimality of traditional
methods with the adaptability and intelligence of AI,
resulting in more robust and reliable path planning
for mobile robots across diverse environments. Dif‑
ferent hybridmodels have been discussed, integrating
different AI techniques with traditional methods to
address the limitations of individual approaches. In
the reviewed literature, 11 papers utilized RL as a
local planner, including 3 that employedDRL, 8 papers
used NN, and 4 utilized Fuzzy Logic, all combinedwith
different traditional algorithms.
3.1. Integration with Reinforcement Learning (RL)

Reinforcement Learning (RL) enhances traditional
algorithms by allowing mobile robots to adapt to
dynamic environments through learning from inter‑
actions. RL is particularly effective for local path
optimization, complementing traditional algorithms,
which handle global path planning. In [6–8], A* is
used with RL because A* provides optimal paths in
static environments, but RL helps reϐine those paths in
real time when dynamic obstacles or sudden changes
occur. This integration is useful in cases where envi‑
ronmental conditions are semi‑known, but real‑time
changes require constant path adjustment.

On the other hand, in [9, 10] RRT with RL is used
because RRT excels in exploring large, unstructured
environments, but it lacks reϐinement in ϐinding opti‑
mal paths. RL complements RRT by improving the
path’s quality, particularly in environments where the
mobile robot needs to avoid dynamic obstacles or con‑
tinuously adapt tounforeseen changes in real‑time [7].
RRT’s fast exploratory nature is particularly suitable

for global exploration,while RL reϐines local decisions,
making this hybrid system ideal for navigating clut‑
tered and rapidly changing environments.

Likewise, in [11, 12], PRM was combined with
RL to manage navigation in large‑scale, known envi‑
ronments. PRM generates the global path based on
the roadmap, and RL optimizes the local trajectory
as conditions evolve. PRM’s suitability for structured
environments makes it an ideal candidate for global
path planning, while RL adapts to dynamic elements,
ensuring that the mobile robot can handle changing
conditions without fully recalculating its route [13].
3.2. Integration with Deep Reinforcement Learning

(DRL)

Deep Reinforcement Learning (DRL) further
extends RL by incorporating deep learning models
to process complex, high‑dimensional data, enabling
mobile robots to adapt in real‑time. In [19], DRL
was integrated with traditional methods like A* or
Dijkstra to overcome the challenge of high uncertainty
in environments with dynamic obstacles. A* and
Dijkstra provide efϐicient global path planning, but
DRL enables the system to process large amounts
of sensor data and optimize the mobile robot’s
local movements. This hybrid model is particularly
advantageous in high‑complexity environments,
where mobile robot must make frequent adjustments
based on real‑time feedback [15].

The decision to use DRL with A* and Dijkstra
stems from DRL’s ability to handle vast datasets and
improve real‑time decision‑making, making it well‑
suited for dynamic settings where frequent adapta‑
tions are required.
3.3. Integration with Neural Networks

Neural Networks (NNs) enhance traditional
path planning methods by learning from previous
experiences and processing real‑time sensor data.
Integrating NNs with RRT*, as demonstrated
in [16–19], accelerate the selection of sampling
points and improves the overall path efϐiciency. The
decision to combine NNs with RRT* is based on
RRT*’s ability to generate near‑optimal paths through
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re‑wiring, and NNs’ strength in reϐining the path
selection by learning from prior experiences. This
integration signiϐicantly reduces the computational
cost of re‑planning and improves the mobile robot’s
ability to navigate highly dynamic environments.

Similarly, integrating NNs with A* enhances the
mobile robot’s ability to adjust its global path based
on real‑time sensor data [20]. The proposed Learn‑
ing Heuristic A* (LHA*) algorithm uses a neural net‑
work to model the heuristic function, ensuring faster
exploration while maintaining a suboptimality bound.
Also, Neural A* reformulates the A* algorithm into
a differentiable module, allowing it to be integrated
into a neural network and trained end‑to‑end, which
bridges the gap between traditional search algorithms
anddeep learning [21]. This hybrid approach is partic‑
ularly effective in environments with dynamic obsta‑
cles, where NNs help the mobile robot process sensor
inputs and reϐine the computed path without needing
constant recalculation.

Additionally, Deep Neural Networks (DNNs) fur‑
ther improve traditional path planning methods by
learning heuristic functions to guide the search pro‑
cess more efϐiciently. As demonstrated in [22], DNNs
can be trained to optimize the search cost in algo‑
rithms like A*, reducing computational overhead
while maintaining accuracy. Similarly, in [23], DNN‑
based approach using max‑pooling layers efϐiciently
solves large‑scale path planning problems without
requiring training, demonstrating the power of DNNs
in optimizing pathϐinding in complex environments.
3.4. Integration with Fuzzy Logic

Fuzzy Logic complements traditional algorithms
by providing a ϐlexible decision‑making framework in
uncertain environments. When integrated with RRT,
as seen in [24], Fuzzy Logic allows mobile robots to
adjust their path based on imprecise or noisy sen‑
sor data, which RRT alone cannot manage effectively.
The hybrid approach improves navigation in envi‑
ronments with high uncertainty, such as rescue mis‑
sions or exploration of unknown areas. The decision
to integrate Fuzzy Logic with RRT stems from the
need to handle imprecise sensor data, where Fuzzy
Logic’s ability to manage uncertainty complements
RRT’s exploratory power.

When integrated with A*, as demonstrated
in [25], Fuzzy Logic enhances the efϐiciency of
the search process by dynamically adjusting the
heuristic function in response to obstacle density,
distance to the goal, and the number of visited nodes.
While A* guarantees optimality, it is computationally
expensive andmemory‑intensive in large ormaze‑like
environments. The hybrid Fuzzy A* overcomes these
limitations by reducing unnecessary state expansions
and memory consumption, while still maintaining
near‑optimal paths, making it highly effective for
large‑scale and complex maps. In a similar manner,
when combined with Dijkstra, as reported in [26],
Fuzzy Logic provides the adaptability required for
real‑time navigation in partially known environments.
Dijkstra ensures a globally optimal path ofϐline but

cannot handle unexpected obstacles during execution.
Fuzzy Logic ϐills this gap by enabling reactive obstacle
avoidance and smooth control adjustments based on
sensor feedback. This integration preserves Dijkstra’s
reliability in static environments while extending its
capability to dynamic scenarios, ensuring safe and
efϐicient navigation where the environment cannot be
fully known in advance

3.5. Summary

The reviewed studies focused on integration
traditional algorithms with AI techniques for mobile
robot path planning. The analysis highlighted how
these hybrid approaches combine the systematic
efϐiciency of traditional methods with the adaptability
and intelligence of AI to address challenges in
dynamic and complex environments. The key ϐindings
from the reviewed papers are summarized in
Table 1, highlighting the strengths of each approach.
Furthermore, the applications of these hybrid
methods suggest their suitability for different
operational contexts. For instance, A* combined with
Reinforcement Learning could bewell‑suited for long‑
run navigation in complex outdoor environments and
multi‑robot coordination, such as autonomous
transportation systems, since A* ensures a reliable
global path while RL adapts to dynamic trafϐic or
obstacle changes [6–8]. PRM integrated with RL
may be advantageous for indoor ground robot
navigation and outdoor UAV operations, such as
warehouse automation or aerial delivery systems,
because PRM efϐiciently explores high‑dimensional
spaces while RL reϐines safe passage in cluttered or
dynamic zones [11]. Likewise, A* combinedwith Deep
Reinforcement Learning appears suitable for highly
complex and dynamic environments, such as disaster
response or search‑and‑rescue missions, as DRL
enhances adaptability to unpredictable hazards while
A* provides a stable baseline path [14]. PRMcombined
with DRL could be applied to large‑scale outdoor
navigation, with potential uses in autonomous
exploration in agriculture or environmental
monitoring, where PRM maps vast spaces and
DRL manages environmental uncertainty [22].
Meanwhile, RRT* integrated with Neural Networks
shows potential for robotic arm manipulation tasks
and target tracking systems, for example, in industrial
assembly or surveillance applications, since RRT*
generates an optimal trajectory while NN supports
precision control and adaptive tracking [17]. These
insights underline the ϐlexibility of hybrid approaches
in tailoring path planning solutions to diverse
domains of robotic systems

4. Comparative Analysis
This section evaluates hybrid path‑planning

methodologies, focusing on two critical aspects:
performance and computational complexity. The
performance is evaluated based on the method’s
ability to produce optimal and smooth paths,
crucial for effective and secure navigation, whereas

23



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

Table 1. Summary of hybrid approaches methods for mobile robot path planning

Paper Global Planner Algorithm Local Planner
Algorithm

Strength

[6] IADA* Reinforcement
Learning (RL)

‑ IADA* algorithm can re‑plan paths efϐiciently in dynamic
environments without recalculating the entire path when
an obstacle is encountered.

[15] — Deep
Reinforcement
Learning (DRL)

‑ The human‑in‑the‑loop (HL) training speeds up the
convergence of the DRL algorithm, reducing the time
required to learn complex navigation policies.

[7] A* Reinforcement
Learning (RL)

‑ The RL is allowing the robot to adapt its policy through
trial‑and‑error interactions with its surroundings.

[13] PRM Reinforcement
Learning (RL)

‑ PRM is triggered using an updated probabilistic roadmap,
if RL fails to ϐind a valid path due to obstacles detected.

[10] RRT Reinforcement
Learning (RL)

‑ RL learns to select optimal actions that lead to
collision‑free paths, while RRT generates collision‑free
states.

[8] A* Reinforcement
Learning (RL)

‑ The approach can be scaled to multi‑robot systems
without centralized control.

[9] RRT Reinforcement
Learning (RL)

‑ RL helps the RRT tree grow toward target point, avoiding
computationally expensive steering functions.

[11] PRM Reinforcement
Learning (RL)

‑ PRM‑RL combines the strengths of PRMs for long‑range
planning with RL agents that handle short‑range.

[12] PRM Reinforcement
Learning (RL)

‑ PRM‑RL is designed to be robust against sensor noise and
unmodeled dynamic environments.

[14] A*, Dijkstra Deep
Reinforcement
Learning (DRL)

‑ The DRL is speciϐically trained to navigate around humans,
predicting their movements and adjusting robot trajectories
accordingly to avoid close encounters.

[17] RRT* Back Propagation
(BP) Neural
Networks (NNs)

‑ BP‑RRT* method uses neural networks to predict the
optimal number of samples required in each phase of the
search, making it faster and more efϐicient.
‑ reducing the computational process by optimizing the
node selection process

[18] A*, RRT* Neural Networks
(NNs)

‑ RNN continuously learns from the environment, making it
adaptable and faster in generating paths.
‑ RNN allows it to operate in a relatively constant time
regardless of environmental complexity.

[19] A*, RRT* Neural Networks
(NNs)

‑ Limitation learning from pre‑calculated optimal paths
making this method unique on real‑time calculations.
‑ The use of R‑CNN allows for fast computation by
leveraging ofϐline‑trained models, reducing the need for
heavy real‑time computations

[24] RRT Fuzzy Logic ‑ fuzzy logic is computationally light and well‑suited for
real‑time operations.
‑ An extended Kalman ϐilter (EKF) is employed to minimize
cross‑track errors during path following, ensuring smooth
and accurate navigation along the planned trajectory

[22] PRM Deep
Reinforcement
Learning (DRL)

‑ PMR‑Dueling DQN utilizes prioritized replay and dueling
networks, improving the learning process by focusing on
more critical learning events and better approximating
state‑action values.

[20] — Deep Neural
Network (DNN)

‑ DNN is used to optimize the heuristic function, allowing it
to maintain the strengths of traditional search algorithms
while improving efϐiciency.

[27] A* Neural Networks
(NNs)

‑ Learning Heuristic A* (LHA*) algorithm uses a neural
network to model the heuristic function.
‑ The neural network reduces the number of unnecessary
vertex expansions in a graph, speeding up the search
process.

[21] A* Neural Networks
(NNs)

‑ Neural A* combines learning and search into a uniϐied
framework, which allows for both task optimization and
improved performance.

[23] — Deep Neural
Network (DNN)

‑ OMAP does not require large datasets or neural network
training, making it a simple yet powerful alternative for
solving complex path‑planning problems.

[28] DWA Fuzzy logic ‑ Important points on the global path are selected as key
sub‑target sites for the local motion planning phase.

[25] A* Fuzzy logic ‑ Signiϐicantly reduces computation and memory usage in
large, complex environments while maintaining
near‑optimal paths.

[26] Dijkstra Fuzzy logic ‑ Ensures globally optimal ofϐline planning with adaptive
real‑time obstacle avoidance in partially known
environments

24



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

computational complexity analyzes convergence rate,
scalability to complex environments, and re‑planning
efϐicacy in dynamic situations. Due to the varied
experimental conϐigurations and uses in different
investigations, direct comparisons are difϐicult.
Therefore, this comparison emphasizes general
concepts and trade‑offs, providing insights into the
strengths of each method in relation to its intended
application.
4.1. Performance

The performance of hybrid path planning
approaches is evaluated based on two key metrics: (i)
optimal and smooth path and (ii) success rate, which
together reϐlect the quality and reliability of the paths
generated by these methods.
4.1.1. Optimal and Smooth Path

Creating paths that are optimal in length and
smooth in execution is essential for assuring
efϐicient and safe navigation while reducing energy
consumption and mechanical wear on robotic
systems.Numeroushybridmethodologies proϐiciently
achieve this balance by utilizing the advantages of
traditional algorithms alongside AI techniques.

In [14], the methodology was evaluated across
many contexts and scenarios, showing that the
combination of traditional algorithms with Deep
Reinforcement Learning (DRL) always produces
optimal paths compared to independent methods.
In [15] RRT was integrated with RL, utilizing RRT
as the sampling method and RL to link the sampled
points in order to formulate the shortest and most
secure path. This hybrid methodology utilizes the
exploration efϐicacy of RRT and the ϐlexibility of RL to
produce both optimal and smooth paths.

In [16], RRT* was combined as a global planner
alongside a neural network as a local planner, signiϐi‑
cantly improving path‑ϐinding efϐiciency. Experiments
comparing this approach with RRT* and improved
RRT* (IRRT*) showed thatwhile path length remained
comparable, integrating neural networks reduced the
number of nodes and computation time required to
reach the optimal path. Similar results were observed
in [15, 16], where the integration of neural networks
reϐined the sampling and path selection processes,
producing optimal solutions more efϐiciently than
RRT* and ImprovedRRT* as demonstrated in Figure 2.
4.1.2. Success Rate

The success rate is an essential indicator of the
reliability of path planning systems, representing the
proportion of paths successfully completed without
failures or collisions across many scenarios. Hybrid
methodologies that combine traditional algorithms
with AI techniques have shown considerable enhance‑
ments in success rates, especially in dynamic and intri‑
cate contexts.

In [11], 50 tests were performed to assess the inte‑
gration of Anytime Dynamic A* (iADA*) with various
reinforcement learning techniques, comparing it with
standalone iADA* and iADA* integrated with DQN and

Figure 2. Comparison of the optimal solutions between
the integration of RRT with Neural Network, RRT, and
Improved RRT* [16]

Table 2. Comparison of the success rates between the
integration of iADA with AI techniques and standalone
iADA [6]

Static Algorithms
environment IADA* IADA*+DQN IADA*+DDPG
Success 47 50 50
Failure 3 ‑ ‑
Success rate 94% 100% 100%

Dynamic environment Algorithms
IADA* IADA*+DQN IADA*+DDPG

Success 37 47 45
Failure 13 3 5
Success rate 74% 94% 90%

DDPG. The results showed that both iADA* with DQN
and iADA* with DDPG achieved high success rates
in both dynamic and static environments: 94% and
90% in dynamic environments, compared to 74% for
standalone iADA*, and 100% in static environments,
compared to 94% for standalone iADA* as shown in
Table 2.

Likewise, in [14], success rates were emphasized
when integrating traditionalmethodswith Deep Rein‑
forcement Learning (DRL). Experiments in various
obstacle‑laden environments demonstrated that the
hybrid technique consistently navigated paths with‑
out failure, surpassing traditional algorithms. In [12],
Reinforcement Learningwasutilized as a global Guide,
integrating global planning with localized RL modiϐi‑
cations, and attained elevated success rates in com‑
plex environments. [22] also exhibited strong perfor‑
mance by achieving higher success rates in both static
and dynamic scenarios.
4.2. Computational Complexity

The Computational Complexity of hybrid path
planning methods is a crucial factor in assessing their
efϐiciency and practicality, particularly for real‑time
and resource‑constrained applications.
4.2.1. Convergence Speed

One of the key aspects of computational com‑
plexity is Convergence Speed, which measures how
quickly a method can compute a solution or learn an
effective policy.
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Table 3. Comparison of convergence time between
PRM+DQN, DQN, DDQN, and Q‐learning [22]

Method Algorithm comparison
on environment E‑2

Success rate Convergence Time/min
Q‑learning 26.7 268
DQN 49.3 139
DDQN 56.4 116
PMR‑Dueling DQN 84.6 107

Method Algorithm comparison
on environment E‑3

Success rate Convergence Time/min
Q‑learning 21.4 276
DQN 32.6 161
DDQN 41.5 143
PMR‑Dueling DQN 79.6 122

Methods that combine reinforcement learning
(RL) or deep reinforcement learning (DRL) with
traditional algorithms signiϐicantly improve
convergence speedby enhancingdecision‑making and
minimizing unnecessary computations. [9] employs
Globally Guided Reinforcement Learning, which
improves convergence by utilizing global planning
to guide the RL agent’s attention towards pertinent
regions of the environment. This reduces the search
space and enables the approach to compute optimal
pathways more quickly, even in dynamic and complex
environments. Similarly, [22] integrates Dueling Deep
Q‑Networks (Dueling DQN) with PRM, achieving
superior performance compared to standalone Q‑
learning, DQN, and DDQN algorithms. In experiments,
the integrated method reduced computation times
by signiϐicant margins, outperforming the other
approaches by 9 and 21 minutes across different
test environments, demonstrating its efϐiciency and
scalability as shown in Table 3.

The integration of neural networks (NNs) with
traditional algorithms also signiϐicantly improves
convergence speed by reducing computational
overhead. [17] integrates RRT*with a neural network,
enhancing the efϐiciency of sampling nodes and focus‑
ing calculations on important regions. Experimental
results indicate that this integration achieved a
calculation time of 12.6 seconds, in contrast to
21.04 seconds for RRT, 32.31 seconds for RRT*,
and 16.07 seconds for improved RRT* (IRRT*). This
demonstrates the integration’s ability to not only
reduce computational time but also minimize the
number of nodes required for pathϐinding as shown
in Table 4.

4.2.2. Scalability

The scalability of hybrid path planning approaches
indicates their ability to maintain efϐiciency
and performance as environmental complexity
increases, such as larger workspaces, higher obstacle
density, or more dynamic environments. Scalability
is essential for practical applications requiring
dependable navigation in various and challenging
environments.

Table 4. Comparison of convergence speed between
BP‐RRT, RRT*, RRT, and IRRT* [17]

Algorithm Avarage Avarage number
name search time/s of nodes samples
RRT 21.04 5293.6
RRT* 23.31 1366.7
Improved P‑RRT* 16.70 1482.5
BP‑RRT* 12.76 1044.7

In [6], the system was tested and evaluated based
on success and failure rates in both static and dynamic
environments. The test scenario included 17 obstacles
of varying sizes, with 7 static and 10 dynamic obsta‑
clesmoving randomly at velocities ranging from 5 and
25 m/s in unrestricted directions. These conditions
simulate complex, dynamic environments, and the
method consistently achieved success rates of 90%
and above, underscoring its ability to scale effectively
in highly dynamic scenarios.

Similarly, [10] showcased the scalability of their
method through experiments conducted in six dif‑
ferent environments with varying random obsta‑
cle distributions. In Environment 5, there were two
paths to the destination, whereas in Environment
6, the UAV could reach the goal only by navi‑
gating along a speciϐic side of the maze. These
experiments demonstrated the method’s capability
to adapt to both open and constrained environ‑
ments, maintaining robust performance across all
scenarios.

[22] emphasized scalability by evaluating the
method in three distinct environments: a regularmap,
a randommap, and a free map. The regular map mim‑
ics warehouse environments with a mix of static and
dynamic obstacles, while the random map includes
randomly distributed static and dynamic obstacles at
varying densities. The free map focuses exclusively
on dynamic obstacles. Dynamic obstacles were mod‑
eled as uncontrollable robots that could move one cell
per step in any direction. These experiments demon‑
strated the method’s ability to efϐiciently navigate
environments of varying complexity and obstacle con‑
ϐigurations.

4.2.3. Re‐planning Efficiency

Re‑planning Efϐiciency evaluates the ability of
path‑planning techniques to adjust existing paths or
create new ones in response to dynamic environ‑
mental changes, including the emergence of new
obstacles or changes in the goal position. This met‑
ric is essential for real‑time applications in unstable
environments.

[6] and [8] showcase strong re‑planning efϐiciency
by integrating Anytime Dynamic A* (iADA*) and rein‑
forcement learning. The iADA* algorithm in [6] can re‑
plan paths efϐiciently in dynamic environments with‑
out recalculating the entire path when an obstacle is
encountered. Instead, it updates only the affected por‑
tion of the path, signiϐicantly reducing computational
overhead. Similarly, in [8] re‑planning efϐiciency had
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been enhanced by using a globally guided reinforce‑
ment learning approach that employs a Moving Cost
metric.

𝑀𝑜𝑣𝑖𝑛𝑔 𝐶𝑜𝑠𝑡 = 𝑁𝑠
ห𝐶𝑔𝑜𝑎𝑙 − 𝐶𝑠𝑡𝑎𝑟𝑡ห 𝐿𝑠

(1)

Where 𝑁𝑠 is the number of steps taken, and
ห𝐶𝑔𝑜𝑎𝑙 − 𝐶𝑠𝑡𝑎𝑟𝑡ห 𝐿𝑠 is the Manhattan distance
between the start and goal cells. This metric indicates
the ratio of actual moving steps to the ideal number
of steps. The naive reward‑based approach achieved
success rates ranging between 68% and 89%,
ensuring faster re‑planning with shorter paths even
in complex and dynamic environments.

In [9,10,12], sampling‑basedmethods (RRT, RRT*,
and PRM, respectively) were utilized to establish key
nodes, while AI techniques connect these nodes to
generate optimal paths. In dynamic environments,
these established nodes provide a robust framework
for quick re‑planning. When obstacles appear or con‑
ϐigurations change, the AI component adjusts the con‑
nections between nodes, allowing for efϐicient path
recalculations without starting from scratch.
4.3. Summary

The assessment of hybrid methods illuminated
both the strengths and the limitations of each
approach, particularly when examined across
key dimensions such as re‑planning efϐiciency,
scalability, convergence speed, success rate, and path
optimality. Reinforcement Learning (RL) integrations
demonstrated superior performance in terms of
path smoothness, success rate, and adaptability to
dynamic environments, making them highly effective
for tasks requiring continuous re‑planning. However,
this advantage comes at the cost of extensive training
times and signiϐicant data requirements, which limit
their practicality in scenarios where fast deployment
is necessary [6,17].

Neural Networks (NN) offered strong perfor‑
mance in processing high‑dimensional sensor data
and enhancing obstacle detection. Yet, in dynamic
and uncertain settings, their reliance on pre‑trained
models constrained adaptability, often resulting in
reduced path smoothness and lower success rates
compared to RL‑based hybrids. This contrast suggests
that NN integrations are better suited for relatively
structured environments with predictable features,
while RL hybrids remain stronger in highly variable
contexts [17].

Deep Reinforcement Learning (DRL) extended the
adaptability of RL by handling more complex decision
spaces, but its computational burden and slower con‑
vergencemade it less viable for real‑time applications.
While DRL may excel in ofϐline or simulation‑rich
domains where training time is less restrictive, it
underperforms in fast‑changing environments that
require immediate responsiveness. Fuzzy Logic, in
contrast, provided resilience in uncertain scenarios
due to its rule‑based ϐlexibility, but it struggled
with scalability and path optimization, limiting its
effectiveness in large‑scale ormulti‑robot systems [7].

Overall, the comparative analysis indicates that
no single hybrid method provides a universally opti‑
mal solution. Each combination exhibits strengths
in certain conditions while revealing clear weak‑
nesses in others. This underscores the need for future
work to focus not only on improving adaptability
and computational efϐiciency, but also on systemat‑
ically benchmarking hybrids across diverse scenar‑
ios to identify where each approach succeeds or
fails.

5. Research Challenges and Future Directions

Although hybrid path‑planning techniques have
advanced substantially in recent years, many barriers
remain that limit their usability and performance in
applied settings, particularly in dynamic and uncer‑
tain environments. One of the main limits relates to
collision avoidance in dynamic scenarios. In [6, 9],
due to the local data from LiDAR or sensors, the
system does not consider the prediction of future
states of moving obstacles [15]. Similarly, it has lim‑
itations arising from the Q‑learning equation, thus
running into potential problems with convergence
within dynamic environments, limiting the potential
for any true obstacle avoidance strategies. In addi‑
tion, the need for extensive datasets and training
via reinforcement learning (RL) requires consider‑
able computational resources and time to effectively
train to act in complex environments [7]. Addition‑
ally, Noise in sensor data poses additional challenges,
as seen in [12], where environmental uncertainty
from noisy inputs impacts the accuracy and reliabil‑
ity of the path planning process. Lastly, combining
neural networks with traditional techniques simulta‑
neously in varying applications speciϐically in high‑
dimensional environments and concomitant dynamic
obstacles [16,18], can often only be done with consid‑
erable computational requirements, limiting real‑time
adaptability.

Future research prioritizes addressing challenges
related to obstacle avoidance in dynamic environ‑
ments and sensor noise. Collision avoidance could
also focus on the application of predictive models to
calculate projected movements and integrate global
and local data for overall situational awareness [6].
In addition, future research may investigate the com‑
bination of traditional algorithms, such as D* and
D*Lite, with AI models in controlled scenarios to
assess their performance in dynamic environments.
Another promising direction is hybrid path planning
in unknown environments, where prior maps are
unavailable or incomplete. In such cases, traditional
algorithms can provide exploratory global strategies,
while AI techniques—particularly RL and DRL—can
adaptively reϐine navigation based on real‑time sen‑
sor feedback. This combination could be valuable for
applications such as autonomous exploration, plane‑
tary rovers, or search‑and‑rescue missions in disaster
zones, where the environment is partially or entirely
unknown.
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6. Conclusion
This review paper examined various studies pub‑

lished that utilized hybrid models for path plan‑
ning. Hybrid models leverage the systematic relia‑
bility of traditional algorithms while leveraging AI’s
adaptability to address complex navigation problems
in both static and dynamic environments. We con‑
cluded with various advantages of each approach
including the increase of path optimality, smoothness,
scalability, and re‑planning. The comparative analy‑
sis showed that RL outperformed other methods in
path smoothness and successful attempts, especially
when complemented by graph‑based approaches like
A*, which incorporated ϐlexibility to achieve opti‑
mal paths. Neural Networks and Deep Reinforce‑
ment Learning offered signiϐicant adaptations and
decision‑making capabilities but incurred computa‑
tional cost. Fuzzy logic was robust to uncertainty but
was not successful in path optimization and scalabil‑
ity, which are the main advantages of other associated
methods.

Overall, despite additional advancements inhybrid
methodology, future work will focus on addressing
speciϐic challenges on collision avoidance in highly
dynamic environments, reducing issues related to
sensor noise, and minimizing computational cost
for real‑time navigation in autonomous applications.
Future research should continue to develop hybrid
models that combine automated path‑planning
with collision avoidance, robust optimization to
manage sensor noise, and lightweight analytics
to limit computational cost. Future exploration of
combinations of AI and traditional methods, using
RL with adaptive graph‑based approaches, would
enhance the adaptability and reliability of hybrid
path‑planning models. This paper offers an in‑
depth analysis of hybrid path‑planning techniques,
providing essential insights for researchers seeking to
improve autonomous navigation systems for practical
applications.
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Abstract:
Efficient and safe navigation of Unmanned Aerial Vehi‐
cles (UAVs) is critical for various applications, including
combat support, package delivery and Search and Rescue
Operations. This paper introduces the Tangent Intersec‐
tion Guidance (TIG) algorithm, an advanced approach
for UAV path planning in both static and dynamic envi‐
ronments. The algorithm uses the elliptic tangent inter‐
section method to generate feasible paths. It generates
two sub‐paths for each threat, selects the optimal route
based on a heuristic rule, and iteratively refines the path
until the target is reached. Considering the UAV kine‐
matic and dynamic constraints, a modified smoothing
technique based on quadratic Bézier curves is adopted
to generate a smooth and efficient route. Experimental
results show that the TIG algorithm can generate the
shortest path in less time, starting from 0.01 seconds,
with fewer turning angles compared to A*, PRM, RRT*,
Tangent Graph, and Static APPATT algorithms in static
environments. Furthermore, in completely unknown and
partially knownenvironments, TIG demonstrates efficient
real‐time path planning capabilities for collision avoid‐
ance, outperforming APF and Dynamic APPATT algo‐
rithms.

Keywords: Path planning, UAV navigation, Elliptic tan‐
gent graph, obstacle avoidance, unmanned aerial vehicle

1. Introduction
In recent years, Unmanned Aerial Vehicles (UAVs)

have signiϐicantly transformed many ϐields, such as
cooperative combat [1], surveillance and security [2],
disaster rescue [3, 4], package delivery [5, 6], trafϐic
inspection [7] and target reconnaissance [8]. How‑
ever, the path planning problem remains a challenge,
hindering UAVs’ ability to navigate through complex
environments cluttered with threats while consider‑
ing several factors such as obstacle avoidance, trajec‑
tory feasibility, energy consumption, and path length.
Addressing this challenge is crucial to facilitate the
effective application of UAVs and increasemission suc‑
cess rates. Path planning can be divided into twomain
approaches: static path planning and dynamic path
planning. Static path planning, also known as global
path planning, involves determining a path for the
UAV from a start point to a destination point before
the mission begins. This approach typically relies on

a predeϐined map of the environment and considers
static obstacles.

On the other hand, dynamic path planning, also
known as local path planning, involves adapting the
UAV’s trajectory in real‑time based on changing envi‑
ronmental conditions and obstacles encountered dur‑
ing the mission. The path calculation is performed
onboard the UAV itself, allowing it to react swiftly
to unexpected threats or alterations in the envi‑
ronment. This approach requires continuous sensing
and decision‑making capabilities to navigate safely
and efϐiciently through the changing environments.
Dynamic path planning algorithms are crucial formis‑
sionswhere the environment is uncertain or subject to
frequent changes, enabling the UAV to autonomously
adjust its path to achieve its objectives while avoiding
collisions and optimizing performance. However, it
is more computationally expensive, and the planned
pathmaynot necessarily be themost efϐicient. In static
path planning, the A* algorithm is known for its effec‑
tiveness in ϐinding an optimal path to a target while
avoiding obstacles. However, in scenarios involving
UAVs, the generated paths may not always be suitable.
This is due to the unique constraints faced by UAVs,
such as limited maneuverability and altitude restric‑
tions. Also, the existing tangent graphmethodsneed to
handle the entire map, which can be time‑consuming
and result in poor solution quality, especially in com‑
plex environments. As a result, to efϐiciently plan
collision‑free paths in static and dynamic environ‑
ments, this paper proposes a novel autonomous path
planning algorithm based on the Tangent Intersection
strategy. This algorithm improves the classical Tan‑
gent graph‑basedmethod and gives smooth suitability
for UAVs.

The primary contributions of this paper can be
summarized as follows:
1) We introduce a novel path‑planning algorithm

namedTangent IntersectionGuidance (TIG),which
is based on the tangent graph. Initially, the algo‑
rithm creates tangent lines for all obstacles in
the environment. Subsequently, a heuristic rule is
applied to select the best sub‑path. Then, the algo‑
rithm is iteratively repeateduntil the target point is
reached. This approach signiϐicantly reduces path
length and gives a higher smoothness.

2) Extensive experiments were conducted in static
and dynamic environments using random dense
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maps with elliptic obstacles to validate the effec‑
tiveness of the proposed Path Planner. Simula‑
tion results demonstrate its capability to efϐiciently
plan high‑quality collision‑free paths, particularly
in dense environments.
The rest of this paper is organized as follows.

Section 2 reviews related works in the ϐield. Section
3 deϐines the path planning problem. Section 4 pro‑
vides a detailed presentation of the proposed algo‑
rithm. Computational and comparative results are dis‑
cussed in Section 5, and the conclusion is presented
in Section 6.

2. Related Works
Path planning is one of the fundamental tasks for

UAVs. It can be divided into ϐive approaches, namely
graph‑based approaches, sampling‑based methods,
potential ϐield methods, meta‑heuristic methods, and
machine learning techniques [9]. Graph‑based meth‑
ods utilize graph representations of the environment
tomodel feasible paths. They often employ algorithms
like A* [10], Dijkstra [11], Voronoi diagram [12], the
tangent graph, and so on. The A* algorithm is a com‑
monly used method in path planning that efϐiciently
ϐinds the shortest path. Voronoi’s diagram’s main idea
is to partition the environment into regions based
on proximity to obstacles. It can be used to generate
paths by connecting the centroids of Voronoi cells.
The generated Voronoi paths are far from obstacles,
which ensures safety, whereas the planned path is not
guaranteed to be optimal. Dijkstra’s algorithm can ϐind
the shortest path, but it requires more space to store
the nodes in dense graphs. These three methods are
usually employed in a known static environment and
cannot be used to perform UAV path planning in a
dynamic environment [13].

Robert [14] proposes an algorithm based on tan‑
gent graphs, using common tangents of polygons
to determine a feasible path. However, this method
proves to be computationally expensive, particularly
in high‑dimensional environments. Furthermore, it
fails to ensure a safe distance between the robot and
the obstacles. Chen et al. [15] improve the tangent
graph algorithm by enclosing obstacles with circular
shapes. However, this approach wastes open space
areas, resulting in longer path lengths. Liu et al. [16]
enclosed the obstacles in ellipses to address the lim‑
itation of circular obstacles. This strategy reduces
wasted areas and can result in shorter paths. How‑
ever, despite this improvement, the path accuracy for
UAVs in real‑life scenarios remains insufϐicient. An
improved version of the A* algorithm called BAA*
was proposed by Wu et al. [17] based on multi‑
direction. This algorithm outperforms traditional A*
in terms of both path length and execution time. Nev‑
ertheless, it requires parameter tuning and does not
account for low‑scale UAVs. Yuan et al. [18] propose an
improved lazy theta* algorithm for UAVpath planning,
utilizing an octree map to reduce search nodes and
adjust heuristic weights for precision and speed. Sim‑
ulation and real‑ϐlight tests conϐirm its effectiveness

in complex environments with multiple constraints.
Bazeela et al. [19] propose an improved tangent graph
intersection algorithm called ATGP‑TI, which employs
a tangent intersection technique and heuristics to ϐind
optimal paths for unmanned aerial vehicles. However,
the algorithm is computationally expensive, especially
in high‑dimensional spaces.

In conclusion, the current methods relying on tan‑
gent graphs still encounter computational challenges
due to the necessity of constructing tangents for
the entire map, and the quality of the planned path
remains inadequate for unmanned aerial vehicles.

Visibility graph‑based methods have also been
explored for UAV path planning due to their ability to
generate optimal paths in structured environments.
Liu et al. [20] introduced a tangent graph approach
for mobile robots, effectively handling polygonal and
curved obstacles. Blasi et al. [21] extended visibil‑
ity graphs to UAV path planning in 3D constrained
environments using layered essential visibility graphs,
while Shah and Gupta [22] focused on accelerat‑
ing A* search on visibility graphs over quadtrees
for long‑range path planning. However, visibility
graph methods require preprocessing of all obsta‑
cle edges and can become computationally expen‑
sive in environments with numerous obstacles. Huan
et al. [23] propose an improved tangent graph algo‑
rithm called APPATT. The algorithm demonstrates
improved results regarding path quality and com‑
putational complexity (0.05 seconds). However, the
generated path may be infeasible in some situations
(Figure 3). The authors also applied a B‑spline curve
to smooth the generated path, whichmay lead to colli‑
sions(Figure 9). Moreover, these visibility and tangent
graphs often generate paths that pass too close to
obstacles, necessitating additional safety navigation
measures.

Potential ϐield algorithms, such as artiϐicial poten‑
tial ϐield (APF) [24] and vector ϐield histogram
(VFH) [25], have been extensively applied in the ϐield
of path planning, particularly in dynamic environ‑
ments. While these algorithms are known for their
ability to generate smooth trajectories, they can also
potentially become trapped in local minima.

Sampling‑based methods such as the Probabilistic
Roadmap Planner (PRM) and Rapidly Exploring Ran‑
dom Trees (RRT) are particularly effective in high‑
dimensional spaces, which are common in UAV path
planning. PRM algorithm succeeds at handling com‑
plex environments with obstacles, narrow passages,
and dynamic changes. However, building and storing
the roadmap can be computationally expensive, espe‑
cially in high‑dimensional spaces, and may require
signiϐicant memory [26]. On the other hand, the RRT
algorithm does not necessitate sampling the entire
space and constructing the roadmap before the mis‑
sion, thereby reducing computational costs. RRT also
operates efϐiciently in complex environments. Nev‑
ertheless, the quality of the path remains challeng‑
ing for UAVs [27]. In their research [28], Zhou et al.
propose a Depth Sorting Fast Search (DSFS) algorithm
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to enhance path planning efϐiciency for underwater
gravity‑aided navigation. This new method improves
the Quick Rapidly‑exploring Random Trees* (Q‑RRT*)
algorithm [29], and the comparative experiments
show that DSFS improves computational efϐiciency
over Q‑RRT*.

Artiϐicial intelligence methods such as genetic
algorithms (GA) [30], particle swarm optimization
(PSO) [31], ant colony optimization (ACO) [32], and
Grey Wolf Optimization (GWO) [33]..etc. Researchers
have also proposed variants of these optimization
algorithms for addressing UAV path planning prob‑
lems, particularly in complex environments. However,
these methods can become computationally time‑
consuming, especially when dealingwith highly dense
environments, and they do not always guarantee an
optimal solution.

Also, machine learning methods such as support
vector machines [34], neural networks [35], and deep
reinforcement learning [36] have been applied to
address path‑planning challenges. One advantage of
these methods is their ability to learn from input
data and adapt to the mission environment. However,
the training data and the computational resources
required for training can be costly and require a
lot of time. In addition, many research papers have
been proposed. For example, Artiϐicial Neural Net‑
works using Radial Basis Functions (RBF‑ANN) [37],
improved Deep Q‑Network (DQN) [38], and Oppor‑
tunistic Hamilton‑Jacobi‑Bellman (oHJB) [39].

The aforementioned survey shows that graph‑
based methods are computationally demanding, par‑
ticularly in complex environments, because they need
to build the graphs for the entire map. Additionally, it
is difϐicult for the UAV to balance between the planned
path quality and the algorithm time.

To address the limitations of traditional tangent
graph‑based and visibility graph‑based approaches,
we propose the Tangent Intersection Guidance (TIG)
algorithm, a novel tangent‑graph path planning
method for UAVs. The main contributions of our work
are:
‑ Efϐicient Graph Construction: Unlike visibility
graph‑based methods that require precomputing
all visibility edges, TIG calculates only the tangents
lines of obstacles based on the heuristic function,
signiϐicantly reducing computational complexity in
large environments.

‑ CollisionDetection: Traditional tangent graphmeth‑
ods rely on the line‑of‑sight algorithm for colli‑
sion detection, which leads to higher computational
costs, especially in the presence of numerous obsta‑
cles. TIG instead relies solely on the line‑ellipse
intersection equation to detect collisions, improving
efϐiciency.

‑ Adaptability in Dynamic Environments: Visibil‑
ity graphs and tangent graphs typically require
full graph recomputation when obstacles change.
TIG efϐiciently adapts to environmental changes
by dividing the environment into smaller sub‑
environments, enabling real‑time path adjustments.

Figure 1. UAV delivery path example

‑ Safe Navigation: Unlike existing methods, TIG incor‑
porates a safety margin between the planned path
and obstacles, ensuring robust collision avoidance
and enhancing the reliability of UAV navigation in
cluttered environments.

‑ EffectiveWaypoint Generation:While tangent‑graph
methods relying on tangent intersection to cre‑
ate waypoints, the TIG algorithm employs an opti‑
mized waypoint generation technique that ensures
a smoother trajectory, reducing sharp turns and
improving the overall ϐlight efϐiciency of UAVs.

‑ Computational Performance: Compared to exist‑
ing approaches, TIG achieves faster path planning
while ensuring collision‑free and optimal trajecto‑
ries, making it highly suitable for UAV navigation in
complex environments.

3. Problem Statement
As shown in Figure 1, a drone delivering goods

in a low‑altitude complex environment cluttered with
obstacles, such as buildings, trees, and bridges from a
start point S to a target point T. The drone encounters
obstacle avoidance challenges in this particular envi‑
ronment, making it necessary to plan a feasible path
without collisions between these points. The three‑
dimensional scenario can be represented in a two‑
dimensional scenario to reduce algorithm running
time. The shapes of obstacles typically represented as
polygons (e.g., buildings with sharp corners or irregu‑
lar shapes) are not uniform, requiring higher compu‑
tational resources and leading to unsmooth paths for
the UAV. Additionally, the planned paths using these
shapes are closer to obstacles,which increases the col‑
lision rate. To address these challenges, the paper rep‑
resents obstacles as ellipses rather than exact polyg‑
onal representations, ensuring a smooth and efϐicient
path. Ellipses provide amoremanageable mathemati‑
cal form for path planning, allowing the use of tangent‑
based methods that can quickly compute safe paths
while maintaining a smooth trajectory. Additionally,
by adding a safety distance into the elliptical represen‑
tation, the UAV maintains a safety zone around obsta‑
cles, which reduces the risk of collision. This safety
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distance can be adjusted depending on the UAV size
and the speciϐic mission requirements. The obstacles
can be represented as:

((𝑥 − 𝑥𝑘) cos𝜃 + (𝑦 − 𝑦𝑘) sin𝜃)2
(𝑎 + 𝑟safe)2

+

(−(𝑥 − 𝑥𝑘) sin𝜃 + (𝑦 − 𝑦𝑘) cos𝜃)2
(𝑏 + 𝑟safe)2

= 1
(1)

where 𝑥 and 𝑦 are the coordinates of any point on
the ellipse, 𝑥𝑘 and 𝑦𝑘 are the coordinates of the center
of the ellipse, 𝑎 is the semi‑major axis, 𝑏 is the semi‑
minor axis, 𝑟safe is the safety distance added to both
the semi‑major and semi‑minor axes, and𝜃 is the rota‑
tion angle of the ellipse measured counterclockwise
from the positive 𝑥‑axis.

In the previous scenario, there are N obstacles. A
set of obstacles is denoted as 𝑃 = 𝑃1, 𝑃2, ..., 𝑃𝑁 , and
the center coordinate of the obstacles are denoted as
(𝑥1, 𝑦1), (𝑥2, 𝑦2),...., and (𝑥𝑁 , 𝑦𝑁) respectively. 𝑑 repre‑
sents the minimum safe distance required between a
UAV and an obstacle.

The UAV may start from 𝑆 to 𝑇, passing through
several optimized node positions until it reaches
the target point 𝑇 while avoiding obstacles present
in the scene. The path‑optimizing process must
meet UAV constraints and requirements, including
path length, total turning radius, algorithm execution
time, and mission duration, which will be detailed
later.

4. Design of Tangent Intersection Guidance
(TIG)
Most traditional graph‑based planning algorithms

suffer from complexity and inefϐiciency because they
need to construct paths for the entire map, especially
when dealing with high‑dimensional environments,
leading to more computational resources. To solve
this, the Tangent Intersection Guidance algorithm is
introduced to generate multiple sub‑paths towards
the goal point. These sub‑paths are derived based
on various factors such as sub‑path length, collided
obstacles, smoothness, and other environmental con‑
siderations. However, rather than considering all gen‑
erated sub‑paths, the algorithm employs a heuristic
function to select the most promising one, making it
easier for the UAV to navigate with low computational
resources.

In this paper, we employ two distinct algorithms: a
static tangent planner (S‑TIG) and a dynamic tangent
planner (D‑TIG). The environmental map is known in
advance in the (S‑TIG) planner, and obstacles remain
static. This algorithm is suitable for pre‑mission plan‑
ning scenarios (Ofϐline Planner). In contrast, the
(D‑TIG) planner is used in dynamic environments or
situations where the map is partially known or com‑
pletely unknown, such as scenarios involving explo‑
ration or rapidly changing environmentswhere obsta‑
cle positions need real‑time path planning execution
(Online Planner).

Figure 2. Tangent lines from start point S to elliptic
obstacle

Table 1. Definitions of main notations

Notations Description
𝑆 Start‑point
𝑇 Target‑point
𝑊 A waypoint generated

by the tangent planner
CurrentSet A set to store

candidate waypoints
ClosedSet A set to store visited

waypoints
treatedSet A set that records

tangent points that
have already been

calculated

This section brieϐly explains both static and
dynamic planners. Since obstacles are represented as
ellipses, each ellipse has two tangents from a given
point 𝑥 outside the obstacle. For example, to execute
a mission from a start point denoted as 𝑆, two tangent
lines to the elliptic obstacle can be drawn at tangent
points 𝑎 and 𝑏, respectively. Figure 2

Like the A* algorithm, the TIG Planner uses two
sets: 𝐶𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 and 𝐶𝑙𝑜𝑠𝑒𝑑𝑆𝑒𝑡. The ϐirst set con‑
tains waypoints that are candidates for expansion,
while the second set contains all explored waypoints.
Each waypoint can result from an intersection of two
tangent lines, which will be detailed in the next sec‑
tion. The algorithm procedure can be divided into two
main functions. The ϐirst function is to get all candidate
waypoints from the map. The second function is to
choose the best subpath to integrate into the full path.
All notations used in the algorithm are explained in
Table 1.

4.1. Static Tangent Planner (S‐TIG) Algorithm Process

This algorithm generates a smooth, collision‑free
path for UAVs from S to T. Since the environmental
map is already known, we ϐirst represent obstacles
as ellipses using Equation 1. Each obstacle is deϐined
by its position coordinates and major and minor
semi‑axes, which are used to calculate the tangent

33



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

(a) Scenario 1 (b) Scenario 2 (c) Scenario 3

Figure 3. 3 Potential scenarios resulting in infeasible
paths

lines and generate candidate waypoints. The S‑TIG
planner procedure consists of two main steps:
obtaining candidate waypoints and selecting the best
waypoint for path generation. Initially, before the
UAV mission begins, the start point is considered the
current node in the ϐirst loop. Then, a straight line from
this current node to the target point is calculated.
However, this line is generally infeasible due to
obstacles obstructing its way. Hence, two tangent
lines are drawn and used as candidate sub‑paths from
the current node to the ϐirst encountered obstacle.
The ϐirst obstacle encountered is the one closest to
the current node intersecting with the direct line to
the target node. This process is iteratively repeated
until no obstacles are encountered using the tangent
lines from the current node.

The generation of waypoints can be deϐined as the
intersection of two tangent lines at obstacle 𝑂; the
ϐirst tangent line originates from the current node,
and the second originates from the target point. How‑
ever, this waypoint may prove insufϐicient due to mul‑
tiple scenarios, potentially resulting in a path with
poor smoothness or no feasible path. For example, as
shown in Figure 3a, the waypoint𝑤 is the intersection
between the start point 𝑆 and the Target point 𝑇.
Nonetheless, the subpath 𝑆𝑤𝑇 is unfeasible for UAVs
to traverse. In the second scenario, as depicted in
Figure3b, the tangent linepassing through𝑆 is parallel
to the tangent line passing through 𝑇, indicating no
feasible path. In the last scenario, the tangent lines
from 𝑆 and 𝑇 are impossible to intersect, meaning no
waypoint can be added (Figure 3c).

To address this, virtual ellipses around each obsta‑
cle are created using the following equations:

𝑎vir = 𝑎 + 𝑑
𝑏vir = 𝑏 + 𝑑 (2)

Where𝑎 and 𝑏 represent the semi‑major and semi‑
minor axes of the obstacle respectively, and 𝑎vir and
𝑏vir represent the semi‑major and semi‑minor axes
of the virtual ellipses. 𝑑 represents the safe distance
between the obstacle and the virtual ellipse.

The waypoint is then determined as the intersec‑
tion point between the virtual ellipse’s perimeter and
the obstacle’s tangent line. It’s important to note that
there are two intersection points, and the selected
waypoint is speciϐically chosen based on a criterion: it
is the intersection point where the distance between
the current point and the tangent point is smaller
than the distance between the current point and the

Figure 4.Waypoint generation using virtual ellipse
technique

intersection point. Generally, this corresponds to the
second intersection point from the current node along
the subpath.

As shown in Figure 4, two tangent lines are gen‑
erated from the current node 𝑁. The ϐirst tangent
line intersects with the red‑dashed virtual ellipse sur‑
rounding the obstacle at two points. Our approach
selects 𝑤1 as a new waypoint, which is the farthest
intersection point from 𝑁. The same criterion applies
to the second tangent line, choosing 𝑤2 as a second
waypoint.

This approach ensures the generated path main‑
tains smoothness andavoids unnecessary sharp turns.

After calculating and obtaining all current node
candidate waypoints, a heuristic function is applied
to select the best sub‑path. Details of this heuristic
function will be provided later.

As illustrated in Figure 5a, the start point and the
target point are denoted by 𝑆 and 𝑇 respectively, and
𝐵1, 𝐵2, … , 𝐵11 represent elliptic obstacles in the envi‑
ronment.We observe that the straight path from 𝑆 to𝑇
is obstructed by obstacle 𝐵1, which is the ϐirst collided
obstacle. In this situation, the algorithm, asmentioned
before, generates two tangent lines from 𝑆 to obstacle
𝐵1 at points of tangency 𝑃1 and 𝑃′1, respectively. The
algorithm also checks if both 𝑆𝑃1 and 𝑆𝑃′1 are clear
subpaths, which is false in our example, so we handle
each case separately. Firstly, we check the ϐirst col‑
lided obstacle with the tangent line 𝑆𝑃1 and generate
two tangent lines, namely 𝑆𝑃2 and 𝑆𝑃′2, respectively.
We can see now that both tangent lines 𝑆𝑃2 and 𝑆𝑃′2
are clear subpaths, sowe create twowaypoints𝑤2 and
𝑤′
2 using the virtual ellipse technique around obsta‑

cle 𝐵2(Figure 5b). The same procedure is followed
for the subpath 𝑆𝑃′1; drawing two tangent lines for
obstacle 𝐵3 to avoid it, we see that the subpath 𝑆𝑃3
is clear, so waypoint𝑊3 is created(ϐigure. 5c). For the
last tangent line 𝑆𝑃′3, obstacle 𝐵4 is in its way, so the
tangent lines, namely 𝑆𝑃4 and 𝑆𝑃′4 , are created, and
waypoints 𝑤4 and 𝑤′

4 are generated (Figure 5d). After
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Figure 5. S‐TIG algorithm steps

extracting all candidate waypoints, the algorithm uses
the heuristic rule to determine the best for the ϐirst
subpath. After this, the current point is transferred as
the selectedwaypoint in our example,which is𝑤2. The
other subpaths are iteratively created using the same
method until the current node reaches the end node.
Finally, the algorithm extracts the ϐinal path from the
closed set using each nodewith its previous node. The
resultant path in this example is 𝑆 → 𝑊2 → 𝑊1 →
𝑊5 → 𝑇 (Figure 5e).

To choose the best waypoints, we apply the follow‑
ing heuristic rule:

𝐻(𝑤) = 𝐷(𝑁,𝑤) + 𝛼𝑃 + 𝐷(𝑤, 𝑇) (3)

where 𝑃 represents the number of obstacles inter‑
secting the tangent line from the current point 𝑁 to
the waypoint 𝑤, 𝐷(𝑁,𝑤) is the path length from 𝑁 to
𝑤, and 𝐷(𝑤, 𝑇) is the distance from 𝑤 to the target
point 𝑇.

Since our algorithm prioritizes a direct path to
the goal, incorporating the obstacle count 𝑃 into the

heuristic function encourageswaypoint selectionwith
fewer obstacles in way. This approach signiϐicantly
reduces the number of obstacle interactions, leading
to shorter, smoother, and computationally efϐicient
trajectories. In addition, to balance the inϐluence of
𝑃 while maintaining heuristic admissibility, we intro‑
duce the parameter 𝛼, which adjusts its weight in
the cost function. This reϐinement ensures that the
algorithm remains both optimal and feasible, partic‑
ularly in complex environments.

The steps of the S‑TIG algorithm are detailed as
follows:
1) Obstacle Modelization: Model the obstacles in the

environment using Equation 1.
2) Initialization: Add the start point 𝑆 to the cur‑

rentSet set and initialize the current node as the
node with the minimum heuristic value in the cur‑
rentSet, which is 𝑆.

3) Node Initialization: Initialise the current node in
the 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 set.

4) Exploration Loop: While the 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 set is not
empty, the algorithm selects the ϐirst node to be
explored as a temporary target node 𝑇𝑡𝑒𝑚𝑝.

5) Subpath Check: Determine whether the direct line
from the current node to the temporary target
point 𝑇𝑡𝑒𝑚𝑝 is clear. If clear, generate a waypoint
using thewaypoint creation technique and append
it to the 𝑤𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠 set. Otherwise, generate two
tangent lines from the current node to the ϐirst
collided obstacle, and add the points of tangency
to 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 set.

6) NodeHandling: Remove the temporary target node
from 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 and add it to the Explored set.

7) Subpath Resolution: Relaunch Step 4) if there are
still no clear subpaths.

8) Waypoint Addition: Calculate heuristic values for
each waypoint using Equation 3 and add them to
currentSet.

9) Target Check: Check if𝑁 it reaches the target point
𝑇. If it does, stop the algorithm and calculate the
path; otherwise, return to Step3) for further explo‑
ration.
The algorithm pseudocode is shown in

Algorithm 1:
4.2. Dynamic Tangent Planner (D‐TIG) Algorithm

Process

Unlike the S‑TIG algorithm, the D‑TIG is suitable
for two situations: one in a partially known environ‑
ment with unexpected obstacles and the other in a
completely unknown environment.
4.2.1. Dynamic Tangent Planner In a Partially Known

Environment

In such scenarios, the UAV module initially
employs the static planner to calculate the path.
It then relies on UAV sensors to detect changes
in the environment or obstacles’ positions. If an
obstacle appears or changes its coordinates, the
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Algorithm 1 S‑TIG planner algorithm
Input:
Start Node S, Target Node T
Output:
Path Path
1: Generate external ellipse for each obstacle using Equation 1
2: 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 ← {𝑆}, 𝑐𝑙𝑜𝑠𝑒𝑑𝑆𝑒𝑡 ← ∅, 𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑆𝑒𝑡 ← ∅
3: while 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 is not empty do
4: Get the node with the minimum heuristic value from 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 as the current node 𝑁.
5: Add𝑁 to 𝑐𝑙𝑜𝑠𝑒𝑑𝑆𝑒𝑡
6: if current node 𝑁 not equal to 𝑇 then
7: Initialise 𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑑 ← ∅ , 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 ← {𝑇} and𝑊𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠 ← ∅
8: while 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 is not empty do
9: Let the temporary target node 𝑇𝑡𝑒𝑚𝑝 be the ϐirst element in 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒

10: if the line segment from 𝑁 to 𝑇𝑡𝑒𝑚𝑝 is a clear path and the angle is less than 𝛼, and 𝑇𝑡𝑒𝑚𝑝 is not in
𝑡𝑟𝑒𝑎𝑡𝑒𝑑𝑆𝑒𝑡 then

11: Set 𝑁 as the parent of 𝑇𝑡𝑒𝑚𝑝
12: Add 𝑇𝑡𝑒𝑚𝑝 to𝑊𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠
13: else
14: Generate two tangent lines of the ϐirst collided obstacle from the current node𝑁
15: Calculate each waypoint using virtual ellipse strategy using Equation 2 and add them to

𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒
16: Delete 𝑇𝑡𝑒𝑚𝑝 from 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 and add it to 𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑑
17: end if
18: end while
19: Add all𝑊𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠 nodes to 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 with their heuristic values using Equation 3.
20: else
21: Calculate the path from 𝑇 to 𝑆 using nodes in 𝑐𝑙𝑜𝑠𝑒𝑑𝑆𝑒𝑡 with their parents.
22: Reverse the path to obtain the path from 𝑆 to 𝑇.
23: return 𝑃𝑎𝑡ℎ
24: end if
25: end while

static path becomes infeasible, and the dynamic
planner recalculates the subpath affected by this
obstacle. This ensures that the initial path remains
unchanged except for the collided subpaths. As
shown in Figure 6, the static ofϐline planner generates
an initial feasible path from point S to T, which is
𝑆 → 𝑊2 → 𝑊1 → 𝑊5 → 𝑇 in our example. The UAV
begins its mission and travels from point S along the
path toward the target point T. Integrated sensors
continuously gather real‑time information about the
environment and detect changes. In the ϐigure, an
unexpected obstacle (B12) is detected by the UAV,
making the subpath 𝑊5 → 𝑇 collide with B12. This
obstacle renders the initial static path infeasible.
Here, the dynamic planner’s role comes into play: it
replans only the collided subpath remains 𝑊5 → 𝑇
using the same static planner technique, providing a
new feasible subpath𝑊5 → 𝑊12′ → 𝑇 to replace the
infeasible one.

This operation continues until the UAV safely
reaches the target point T. The main steps of the
dynamic tangent planner in apartially knownenviron‑
ment are as follows:
1) Running S‑TIG: Use the Start point 𝑆 and the tar‑

get point 𝑇 to Run the static tangent planner in
Algorithm 1

2) Iterate the static planner path nodes

Figure 6. Generated path using dynamic path planner in
a partially‐known environment

3) UAV Moving: Move UAV to the next node
4) Environment Checking: Check if there are changes

in the environment within the current range. If so,
the current node𝑁 becomes the new start Node𝑁
and reruns the static planner; otherwise, continue
to the next node in the path.
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Algorithm 2 D‑TIG planner algorithm in partially known environment
Input:
Start Node S, Target Node T, Sensor Range radius R
Output:
Path Path
1: Run Static Path Planner Using Algorithm 1 and return the initial path set 𝑃 without the start point 𝑆
2: while true do
3: 𝑁 ← the ϐirst element from 𝑃.
4: Delete𝑁 from 𝑃
5: if 𝑁 is out of Range 𝑅 then
6: 𝐼 ← the intersection between the sensor range perimeter 𝑅 and the line segment from the UAV’s current

position and 𝑁
7: 𝑁 ← 𝐼
8: end if
9: Move UAV to𝑁

10: if 𝑁 reaches the target point 𝑇 then
11: Break the loop
12: end if
13: Update Environment information
14: if the environment has changed then
15: Run Static Path Planner Using Algorithm 1 from 𝑁 as a new start node and return the updated path 𝑃

without 𝑁
16: end if
17: end while

5) Target Check: Stop the algorithm if the target point
is reached; otherwise, go to Step 2)
D‑TIG planner algorithm in a partially‑known envi‑

ronment pseudocode is shown in Algorithm 2:

4.2.2. Dynamic Tangent Planner in a Completely
Unknown Environment

In the second situation, the environment is com‑
pletely unknown except for the starting and target
points. In this scenario, the algorithm plans the path
only for the sub‑environment detected by UAV sen‑
sors, using the S‑TIG planner in each update while
considering environmental changes. There are two
caseswhen the environment is unknown: ϐirstly, when
sensors capture some obstacles within their limited
range, and secondly, when no obstacles are in range.
As shown inFigure7a, only the starting point𝑆 and the
target point 𝑇 are known. Initially, the UAV captures
obstacle positions in the sub‑environment depending
on the sensor’s range (limit distance). The algorithm
employs the static planner to avoid the ϐirst collided
Obstacle𝐵1 by creating tangent lines and employs the
heuristic function to generate a new waypoint 𝑊1.
While the target point is not yet reached, the algo‑
rithm generates a direct line to 𝑇. The problem is that
the environmental information is missing because 𝑇
is out of range. In this case, the algorithm creates a
maximum rangewaypoint within the range perimeter.
These waypoints are used when the next node is out
of range. The maximum range waypoint is deϐined as
the intersection between the sensor perimeter and
the direct line from the previous waypoint 𝑊1 to 𝑇.
Additionally, the UAV moves to the latest maximum
rangewaypoint, which is𝑊2 as shown in Figure 7b. In
this case, the sensors detect no intersecting obstacles

between 𝑊2 and the range perimeter. Consequently,
the D‑TIG planner creates another maximum range
waypoint𝑊3 andmakes the UAVmove to it, gathering
environmental information along theway. As depicted
in Figures 7c and 7d, the D‑TIG planner continues
avoiding obstacles and creating maximum range way‑
points if necessary until the target point is reached.
The ϐinal planned path is in Figure 7e.

Themain steps of the dynamic tangent planner for
completely unknown are as follows:
1) Obstacele Modeling: Use Equation 1 to model the

obstacles in the sub‑environment.
2) Initialization: Begin by initializing sets and vari‑

ables, including currentSet for unexplored nodes,
treatedSet for calculatedwaypoints, and 𝑇𝑡𝑒𝑚𝑝 as a
temporary target node.

3) Exploration Loop Initialization: Begin a loop to
explore until the currentSet is empty.

4) Select Current Node: Select the node with the min‑
imum heuristic value from the currentSet as the
current node 𝑁.

5) Check Range: If the current node𝑁 is exactly in the
range perimeter𝑅, update the path, move UAV, and
update environment information. Then reinitialize
currentSet with 𝑁.

6) Continue Exploration: If the currentSet is not
empty, continue exploration.

7) Check Current Node: If the current node 𝑁 is not
reached the target node 𝑇, proceed with waypoint
exploration.

8) Waypoint Exploration: Explorewaypoints from the
current node 𝑁 to the target node 𝑇.
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Figure 7. D‐TIG planner algorithm steps in an unknown
environment

9) Check Clear Subpath: Check if the line segment to
the temporary current node𝑁𝑡𝑒𝑚𝑝 is clear and if it
has not been treated before.

10) AddWaypoints: Calculate heuristic values for each
waypoint using Equation 3 and add them to cur‑
rentSet.

11) Check Target Node: If the current node 𝑁 is the
target node 𝑇, terminate the algorithm and extract
the ϐinal subpath.
D‑TIG planner algorithm in an unknown environ‑

ment pseudo‑code is shown in Algorithm 3:
4.3. Path Smoothing Technique

Generated paths using static or dynamic planners
often include a series of connected waypoints, but
due to their complexity and ϐlight dynamic require‑
ments, they may not be suitable for UAVs. Several
research papers have proposed techniques such as
Bezier, spline, and Dubin’s Curves to smooth these
paths and address this issue [40].

However, these methods are effective only in open
spaces or situations where the path waypoints are

Figure 8. Example of a generated path without
smoothing

Figure 9. A smoothed path using a quadratic Bézier
curve with collision

not too close to obstacles presented in the environ‑
ment, meaning there is a high risk of collision in
cluttered and dense environments. As depicted in
Figure 8, the initial path is not yet smoothed. A new
smoothed path is obtained by applying quadratic
Bezier curves to thepath,whichunfortunately still col‑
lides with some obstacles. Figure 9 shows examples of
collision areas highlighted within red dashed circles.

To solve this, the paper proposes using a quadratic
Bezier curve technique with every three successive
nodes from the start to the target node. Each way‑
point, except the start and target nodes, is considered
a turn. The idea is to create a curve that smooths
these turns, making it suitable for UAVs. Firstly, we
extract each waypoint on the path and create two
temporary waypoints before and after each waypoint
and handle them as the ϐirst and last control points for
the quadratic Bézier curve, respectively. Secondly, the
algorithm uses the quadratic Bezier curve to smooth
these waypoints and combines the collected curves in
a ϐinal smoothed path.

As shown in Figure 10a, the ϐirst temporary way‑
point 𝐴′, the waypoint A, and the second temporary
point 𝐴″ are utilized as control points. After apply‑
ing the quadratic bezier curve, a smooth subpath is
obtained (Figure 10b). This process continues until
the target node is reached.
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Algorithm 3 D‑TIG planner algorithm in unknown environment
Input:
Start Node S, Target Node T, Sensor Range radius R
Output:
Path Path
1: 𝑁 ← 𝑆
2: while 𝑇 is out Of Range 𝑅 do
3: Initialize currentSet ← {𝑁}, treatedSet ← ∅, 𝑇𝑡𝑒𝑚𝑝 ← 𝑇
4: while 𝑐𝑢𝑟𝑟𝑒𝑛𝑡𝑆𝑒𝑡 is not empty do
5: Get the node with the minimum heuristic value from currentSet as the current node 𝑁
6: Delete𝑁 from currentSet
7: if 𝑁 is exactly in the range perimeter 𝑅 then
8: Calculate in range subpath starting from 𝑁
9: Move UAV following the obtained subpath

10: Update Environment Information
11: end if
12: Initialize 𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑑 ← ∅, 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 ← {𝑁},𝑊𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠 ← ∅
13: while 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 is not empty do
14: Let temporary target node 𝑇𝑡𝑒𝑚𝑝 be the ϐirst element in 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒
15: Delete 𝑇𝑡𝑒𝑚𝑝 from 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 and add it to 𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑑
16: if the line segment from 𝑁 to 𝑇𝑡𝑒𝑚𝑝 is a clear path and the angle is less than 𝛼, and 𝑇𝑡𝑒𝑚𝑝 is not in

treatedSet then
17: if 𝑇𝑇𝑒𝑚𝑝 is out of range 𝑅 then
18: Move 𝑇𝑇𝑒𝑚𝑝 in range using the intersection between 𝑅 perimeter and the line 𝑁𝑇𝑇𝑒𝑚𝑝
19: end if
20: Set 𝑁 as the parent of 𝑇𝑡𝑒𝑚𝑝
21: Add 𝑇𝑡𝑒𝑚𝑝 to𝑊𝑎𝑦𝑝𝑜𝑖𝑛𝑡𝑠
22: else
23: Generate two tangent lines of the ϐirst collided obstacle from𝑁.
24: Calculate each waypoint using virtual ellipse strategy using Equation 2 and add them to

𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒
25: Delete 𝑇𝑡𝑒𝑚𝑝 from 𝑡𝑜_𝐸𝑥𝑝𝑙𝑜𝑟𝑒 and add it to 𝐸𝑥𝑝𝑙𝑜𝑟𝑒𝑑
26: end if
27: end while
28: Add all waypoints to currentSet with their heuristic values using Equation 3
29: end while
30: end while

(a) (b)

Figure 10. TIG smoothing steps

5. Experimental Setup
This section evaluates the path planning algo‑

rithm’s performance and effectiveness in static and
dynamic environments. The paper conducts multi‑
ple simulation experiments to compare it with other
popular path planning algorithms, such as A*, PRM,
RRT*, Tangent Graph, and APPATT(SETG‑TG) in static
environments and APF and APPATT(DETG‑TG) [41] in
dynamic environments. These algorithms are coded
using MATLAB R2021b on a MacBook Pro 2020 with

an Intel i5 processor and 8GB of memory. During the
experiment, the path planning process must comply
with speciϐic constraints, such as minimizing the path
length, execution time, and enforcing aminimum turn‑
ing radius, to guarantee a lownumber of curves and an
efϐicient trajectory.

As mentioned in Section 2, this study did not con‑
sider the height of obstacles presented in the environ‑
ment and assumed the map to be two‑dimensional.
Additionally, to minimize the computation time of
the Tangent Graph algorithm, we calculate the way‑
points of the algorithm based on the intersection
points of the tangent lines from the current and
end positions. Moreover, we assume the UAV range
distance is 60m.
5.1. Environmental Modeling

UAVs may encounter multiple scenarios in real‑
world operations. For example, they may need to
avoid a single obstacle in some cases, while in oth‑
ers, they must navigate through a densely obstructed
area. Similarly, they may have long travel distances in
some missions and short travel distances in others.

39



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

To address these variations, this paper examines four
experiments, as follows:
Short Map vs. Large Map

In these two experiments, we evaluate whether
the algorithm can generate feasible paths in envi‑
ronments of different sizes. The short map in this
paper measures 500 × 500 m, while the large map
is 1000 × 1000 m. These experiments ensure that
the algorithms can balance between path and turning
angles optimality and computational efϐiciency.
Sparse vs. Dense Maps

The number of obstacles in a path planning pro‑
cess plays a crucial role. The ϐirst experiment involves
planning a path in a densely obstructed area, where
ϐinding a feasible route for the UAV is signiϐicantly
challenging. In contrast, the sparse map presents a
less demanding environment with fewer obstacles.
These experiments assess the algorithm’s perfor‑
mance across different urban conditions, highlighting
its adaptability and efϐiciency in navigating environ‑
ments of varying spatial complexity. In this paper, we
deϐine a sparse area as one containing 10% of obsta‑
cles, while a dense area contains more than 60% of
obstacles.
5.2. Evaluation Metrics

After a literature review of many studies, the pro‑
posed algorithms employ only path length minimiza‑
tion as an objective function to maximize the oper‑
ational range of UAVs. However, this approach can
result in paths with sharp turns and unnecessary
nodes, negatively impacting energy consumption and
path efϐiciency. Hence, this paper adopts objective
functions to minimize the path length, turning radius,
and execution time. This approach aims to generate
smoother, more adaptable paths that optimize mis‑
sion efϐiciency while ensuring operational feasibility.
Short Path Objective Function

Minimizing ϐlight distance is crucial for a UAV path
planning algorithm since it directly reduces travel
time and energy consumption. Therefore, an objec‑
tive function is deϐined to prioritize the shortest path
length as follows:

𝑚𝑖𝑛𝐷(𝑥, 𝑦) =
𝑛−1

෍
𝑖=1

ඥ(𝑥𝑖+1 − 𝑥𝑖)2 + (𝑦𝑖+1 − 𝑦𝑖)2 (4)

where 𝑛 the length of the path, (𝑥𝑖 , 𝑦𝑖) and
(𝑥𝑖+1, 𝑦𝑖+1) are the abscissa and ordinates of the 𝑖‑
th node, and (𝑥𝑖+1, 𝑦𝑖+1) (𝑖 + 1)‑th node respectively.
The Euclidean distance is used to calculate the path’s
length.
Minimum Total Turning Angles Objective Function

Each turning angle impacts the overall smoothness
of the path. The lower the sum of turning angles, the
smoother the path we get. In contrast, a higher sum
results in high energy consumption and requiresmore
motion time. Therefore, an objective function to mini‑
mize the turning angles is adopted as follows:

min𝑇𝑟(𝜃) =
𝑛−2

෍
𝑖=1

𝜃𝑖 . (5)

𝜃𝑛 = ቮarctanቌ
𝑦𝑛+1−𝑦𝑛
𝑥𝑛+1−𝑥𝑛

− 𝑦𝑛+2−𝑦𝑛+1
𝑥𝑛+2−𝑥𝑛+1

1 + 𝑦𝑛+1−𝑦𝑛
𝑥𝑛+1−𝑥𝑛

⋅ 𝑦𝑛+2−𝑦𝑛+1𝑥𝑛+2−𝑥𝑛+1

ቍቮ .

(6)

Where 𝜃𝑛 is the angle at the 𝑛th node, which is
calculated based on its previous node 𝑛 − 1, and its
next node 𝑛 + 1.
Shortest Algorithm Execution Time

The execution time of the algorithm also has
a signiϐicant impact, especially in dynamic environ‑
ments where UAVs need to adjust their ϐlight paths to
avoid obstacles or achieve mission objectives. Adopt‑
ing a function to minimize algorithm execution time
ensures that decisions are made swiftly, contributing
to faster and more responsive navigation. The objec‑
tive function is set as follows:

min𝑇(𝑎) = 𝑡 (7)

Where 𝑡 denotes the algorithm 𝑎 execution time.
5.3. Simulation Experiment

Static Path Planner Simulation Experiment

Based on the simulation results shown in
Figures 11 to 14 and the summarized performance
metrics in Table 2, it’s evident that the S‑TIG algorithm
consistently outperforms A*, PRM, RRT*, Tangent
Graph (TG), and APPATT algorithms across all
experiments with randomly generated obstacles of
varying numbers and sizes. Firstly, the static planner
reduces path length by 5% compared to the A*, 6.98%
compared to PRMand a substantial 22.80% compared
to RRT*, 7.55% compared to APPATT algorithms, and
approximately the same with the tangent graph
planner with a difference of 0.18%. Additionally,
the execution time of the S‑TIG planner algorithm
averages a reduction of 98.08%, 98.29%, 47% , 7%
and 88.25% compared to A*, PRM, RRT*, Appatt,
and Tangent Graph, respectively. In terms of the sum
of turning angles, S‑TIG demonstrates a reduction
of 93.39% compared to A*, 65.15% compared to
PRM, 84.27% compared to RRT*, 35.41% compared
to APPATT while S‑TIG produces the same turning
angles as the tangent graph planner in most cases.
These results indicate that the S‑TIG algorithm
consistently generates shorter paths with fewer
nodes, requiring less time and producing smoother
trajectories due to the minimized total turning
angles. From the APPATT (SETG‑TG) test results, the
algorithm failed due to its structure and the type of
environment, especially in C2, C7, and C12, while it
also failed in all cases in dense environments.

The APPATT algorithm employs an intersection
strategy, which leads to many failures, as represented
in Figure 3. In contrast, S‑TIG addresses this limitation
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(a) A* (b) PRM

(c) RRT* (d) Tangent Graph

(e) APPATT(SETG‐TG) (f) S‐TIG

Figure 11. Generated paths in static environments on a short map (C1)

by adopting the waypoint creation technique. Addi‑
tionally, APPATT does not implement a strategy for
checking created waypoints when they become stuck
in overlapping obstacles, which can result in an inϐi‑
nite loop when attempting to choose the best way‑
point. Due to these limitations, APPATT failed the tests
across ϐive dense maps, whereas the TIG algorithm
demonstrated strong capabilities in path generation
within static environments.

The A* algorithm can produce an optimal path
based on grids with 1m x 1m resolution. However,
the quality of the generated path is not satisfactory.

In addition, A* and PRM algorithms suffer from high
computation times, especially in large areas. For exam‑
ple, in C6, A* needs 98 seconds to generate a feasi‑
ble path, while PRM takes 5 seconds. RRT*, due to
its randomness, generates a large number of turning
angles, sometimes exceeding 40 radians. This algo‑
rithm cannot guarantee path optimality and smooth‑
ness for UAVs. This often results in UAVs having to take
sharp turns or unnecessary nodes, which can impact
the overall mission time. The tangent graph planner
produces the shortest pathswith theminimum sumof
turning angles; however, this algorithm calculates the
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(a) A* (b) PRM

(c) RRT* (d) Tangent Graph

(e) APPATT(SETG‐TG) (f) S‐TIG

Figure 12. Generated paths in static environments on a large map (C5)

tangents for the entire map, leading to higher compu‑
tation times, especially in dense areas.

In contrast, the S‑TIG algorithm always evaluates
the subpath quality using its heuristic rules before
making a decision, which eliminates any sharp turns
and redundant nodes and produces collision‑free
paths with shorter times in each of the cases in all
scenarios. Next in line is Tangent Graph, followed by
Appatt, A*, PRM, and RRT*. To sum up, the S‑TIG static
planner algorithm shows a superior path planning
performance compared to the other ϐive algorithms in
terms of path length, time consumption, and turning
angles in static environments.

Dynamic Planner Simulation Experiment In Unkonwn
Environment

To test the effectiveness of the D‑TIG planner in an
unknown environment, this paper compares the algo‑
rithm with two dynamic planners: APF and APPATT.
Figures 15 to 18 show the planned paths for four
scenarios with varying obstacle sizes and positions.
The test results, summarized in Table 3, show that D‑
TIG consistently reduced the planned path length by
20.55% compared to the APF algorithm and approxi‑
mately 0.1% compared to APPATT in all cases.
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(a) A* (b) PRM

(c) RRT* (d) Tangent Graph

(e) APPATT(SETG‐TG) (f) S‐TIG

Figure 13. Generated paths in static environments on a sparse map (C9)

Additionally, the algorithm’s execution time is
equal to that of APPATT, requiring only 0.01 seconds
on average to plan a near‑optimal route, unlike APF,
which demands signiϐicantly more time, sometimes
up to 0.14 seconds in high‑dimensional environments
(e.g., C21). Moreover, the D‑TIG dynamic planner pro‑
duces fewer turning angles than the other algorithms,
reducing them by approximately 87% compared to
APF and 34.11% compared to APPATT.

Across all test scenarios, the D‑TIG algorithm suc‑
cessfully generated paths, whereas the other algo‑
rithms failed in multiple cases, such as C20, C24, C29,
C30, C31, and C32. In summary, the D‑TIG planner

is effective in unknown environments, generating
shorter paths in less time andwith fewer unnecessary
turns than the other algorithms.

Dynamic Planner Simulation Experiment In Partially
Known Environment With Unexpected Obstacles

Another simulation experiments were conducted
to test the effectiveness of the D‑TIG algorithm in
environments with unexpected obstacles. Figures 19
to 21 illustrate the initially planned path in red
before the environmental change, and the green color
represents the corrected path after the UAV faced
unexpected obstacles, colored in orange. The D‑TIG
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(a) A* (b) PRM

(c) RRT* (d) Tangent Graph

(e) APPATT(SETG‐TG) (f) S‐TIG

Figure 14. Generated paths in static environments on a dense map (C13)

was compared with the APPATT algorithm since it
is designed to calculate new paths based on unex‑
pected obstacles, and the results were collected in
Table 4. The results demonstrate that the D‑TIG plan‑
ner can produce shorter, smoother paths in less time.
Additionally, the algorithm reduces the planned path
length by 5.63% across all test cases and decreases
the path turning radius by 25.55% compared to the
APPATT algorithm. Moreover, the execution time of
both algorithms is approximately the same, which
both not exceed 0.08 seconds for replanning, which is
good to allow UAVs to make decisions more quickly.
Furthermore, the APPATT algorithm fails to gener‑
ate feasible paths in multiple cases (e.g C21 and

C26), which UAVs cannot rely on it in such situations
because the risk of collision is too high in real‑time
scenarios.

The APPATT algorithm also fails to ϐind feasible
paths in unknown environments, as shown in Table 4.
Similarly, it cannot ϐind a path in a dense environment
with pop‑up obstacles. In contrast, the D‑TIG algo‑
rithm successfully handles dense maps with pop‑up
obstacles, as shown in Figure 22. These improvements
can be attributed to the fundamental differences
between the two algorithms.
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(a) APF (b) APPATT(DETG‐TG)

(c) D‐TIG

Figure 15. Generated paths in unknown environment on a short map (C17)

(a) APF (b) APPATT(DETG‐TG)

(c) D‐TIG

Figure 16. Generated paths in unknown environment on a large map (C21)
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(a) APF (b) APPATT(DETG‐TG)

(c) D‐TIG

Figure 17. Generated paths in unknown environment on a sparse map (C25)

(a) APF (b) APPATT(DETG‐TG)

(c) D‐TIG

Figure 18. Generated paths in unknown environment on a dense map (C29)
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Table 3. Comparison of different dynamic path planning algorithms across different scenarios

Map Type Case Path Length Time Turning Radius
D‑TIG APF APPATT D‑TIG APF APPATT D‑TIG APF APPATT

Short
C17 520.46 844.00 519.67 0.03 0.11 0.04 1.72 35.01 2.22
C18 485.87 718.00 491.07 0.03 0.08 0.03 0.64 147.98 3.45
C19 509.74 531.00 510.58 0.01 0.07 0.01 0.82 63.21 1.57
C20 625.68 885.00 N/A 0.04 0.12 N/A 3.08 13.03 N/A

Large
C21 1010.41 1406.00 1010.01 0.07 0.14 0.05 1.38 10.65 1.90
C22 1125.06 1419.00 1124.14 0.06 0.14 0.04 1.99 9.66 2.28
C23 1036.91 1401.00 1033.27 0.04 0.14 0.03 3.52 1200.42 2.86
C24 990.64 N/A 994.53 0.03 N/A 0.04 1.95 N/A 3.40

Sparse
C25 495.73 687.00 496.27 0.02 0.06 0.01 1.08 7.26 1.65
C26 516.49 532.00 518.80 0.01 0.04 0.01 1.08 2.98 2.17
C27 489.01 552.00 489.39 0.01 0.05 0.01 0.63 184.25 1.18
C28 508.54 536.00 513.59 0.01 0.05 0.01 2.21 8.04 3.59

Dense
C29 558.54 N/A N/A 0.05 N/A N/A 6.51 N/A N/A
C30 562.17 N/A N/A 0.06 N/A N/A 5.92 N/A N/A
C31 505.38 N/A 505.14 0.04 N/A 0.05 1.86 N/A 2.59
C32 564.15 N/A N/A 0.06 N/A N/A 7.55 N/A N/A

Table 4. Comparison of Different Dynamic Path Planning Algorithms Across Different Scenarios

Map Type Case Path Length Time Turning Radius
D‑TIG APPATT D‑TIG APPATT D‑TIG APPATT

Short
C17 520.46 571.56 0.02 0.03 0.55 4.12
C18 496.99 502.81 0.01 0.01 1.62 1.36
C19 513.46 520.09 0.005 0.007 0.97 1.47

Large
C21 1017.12 N/A 0.02 N/A 2.03 N/A
C22 1130.68 1244.94 0.08 0.01 1.56 4.44
C23 1027.61 1044.94 0.03 0.01 2.70 3.99

Sparse
C25 494.90 522.74 0.001 0.003 0.97 4.27
C26 534.93 N/A 0.002 N/A 2.2 N/A
C27 495.09 561.69 0.008 0.002 1.48 4.42

(a) APPATT (b) D‐TIG

Figure 19. Generated paths in a partially known environment with pop‐up obstacles on a short map (C19)

(a) APPATT (b) D‐TIG

Figure 20. Generated paths in a partially known environment with pop‐up obstacles on a long map (C20)
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(a) APPATT (b) D‐TIG

Figure 21. Generated paths in a partially known environment with pop‐up obstacles on a sparse map (C25)

(a) D‐TIG (C25) (b) D‐TIG(C26)

(c) D‐TIG(C27)

Figure 22. Generated paths using D‐TIG in a partially known environment with pop‐up obstacles on dense maps
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The APPATT algorithm is based on the tangent
intersection with the goal position to create feasi‑
ble waypoints in the search space. In contrast, the
dynamic planner (D‑TIG) uses a waypoints genera‑
tion technique, which produces paths closer to pop‑up
obstacles while maintaining a safe distance to avoid
collisions. Based on these results, it is evident that
the D‑TIG is more effective in a partially known envi‑
ronment with unexpected obstacles compared to the
APPATT algorithm.

6. Conclusion
In this paper, we present the Tangent Intersection

Guidance (TIG) algorithm, a novel approach for
UAV path planning in both static and dynamic
environments. The algorithmgenerates two sub‑paths
for each elliptic obstacle and selects the optimal one
based on a heuristic rule. This process is iteratively
repeated until the target point is reached. The static
planner (S‑TIG) is employed in known environments,
and our test results demonstrate that S‑TIG generates
paths that are, on average, 11% shorter compared to
other static methods while reducing the number of
turns by70%andmaintaining a lowcomputation time
of around 0.1 seconds, even in higher‑dimensional
environments. Additionally, the dynamic planner
(D‑TIG) functions as a local planner in partially
known environments with unexpected obstacles and
completely unknown environments, outperforming
existing real‑time algorithms by achieving fast replan‑
ning times under 0.08 seconds only, while reducing
path length and turning angles by approximately 9%
and 50%, respectively, compared to other dynamic
algorithms. Despite its advantages, TIG has some
limitations, particularly in guaranteeing path length
optimality in dynamic environments. Moreover, the
scalability of TIG to high‑dimensional spaces, espe‑
cially full 3D path planning, requires additional explo‑
ration. Future researchwill focus on extending the TIG
framework to three‑dimensional environments, opti‑
mizing heuristic cost functions to ensure admissibility,
and reϐining path smoothing techniques for a fairer
comparison with other algorithms. In conclusion, the
Tangent Intersection Guidance algorithm represents
a signiϐicant step forward in UAV path planning
technology. By integrating heuristic‑based decision‑
making and Bézier curve smoothing, TIG enhances
UAV navigation efϐiciency and safety in complex
environments. Future studies will focus on addressing
the identiϐied limitations, improving computational
scalability, and benchmarking against recent
advancements in visibility graph‑based path planning
methods.
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Abstract:
The use of artificial intelligence (AI) has significantly 
advanced emotion recognition within human-computer 
interaction (HCI). This paper aims to develop a multimodal 
emotion detection system for educational and work envi-
ronments using an enhanced AI machine vision system. 
The primary focus is on training and testing a multimodal 
AI model in Python using convolutional neural networks 
(CNN). The results from the trained facial emotion AI 
model demonstrated substantial improvements. Training 
accuracy increased from 30.49% to 72.21%, while valida-
tion accuracy improved from 37.6% to 60.58%. Simulta-
neously, training loss decreased from 180.69% to 73.65%, 
and validation loss reduced from 172.97% to 107.53%. 
This CNN-based model can use OpenCV to detect seven 
emotions: happy, sad, neutral, angry, afraid, disgusted, 
and surprised. The ECG emotion AI model, also trained 
with CNN, also successfully recognized patterns for the 
same seven emotions. When these two models are com-
bined into a multimodal AI system, they can detect facial 
and ECG-based emotions simultaneously. This compre-
hensive approach allows for the detection of both visible 
and hidden emotions, such as stress or anxiety, which 
may not be easily discernible through facial expressions 
alone. The integration of these models into a multimodal 
AI system provides a more accurate and holistic under-
standing of human emotions, enhancing applications in 
educational and work settings. The improved detection 
capabilities can lead to better user experiences and more 
effective responses to emotional states, ultimately con-
tributing to advancements in HCI.

Keywords: Artificial Intelligence, Multimodal Emotion 
Detection, Machine Learning, Convolutional Neural 
Network, Machine Vision System

1. Introduction
Emotion detection integrates artificial intelli-

gence, machine learning, and psychology in attempt-
ing to identify, analyze, and interpret human emotions 
through computational methods [8]. Its foundation 
lies in analyzing various data streams that encompass 
visual cues, like facial expressions captured through 
image or video data; linguistic patterns from textual 
information and tonal inflections in speech; physi-
ological signals such as heart rate or electrodermal 

activity. They have even been able to analyze behav-
ioral cues. Employing complicated algorithms and 
techniques like machine learning models, deep neural 
networks, natural language processing, and computer 
vision, these systems extract, analyze, and interpret 
features embedded within these data modalities to 
differentiate and categorize emotional states [19]. 

The complexity of this field is amplified by the 
multifaceted nature of emotions, including slight vari-
ations and cultural differences in their expression, 
as well as the complex interaction between differ-
ent emotional dimensions. Emotion detection sys-
tems continuously evolve, striving for greater accu-
racy and depth in understanding emotions beyond 
basic classifications (like happiness, sadness, anger) 
to address the nuances within each emotional state. 
These advancements smooth out the way for applica-
tions across various sectors, including the workplace, 
education, healthcare and customer service. Emotion 
detection, for example, can identify signs of stress or 
burnout among employees. This allows employers 
to implement strategies for stress reduction, provide 
support, and create a healthier work environment at 
their workplace. In the education field, emotion detec-
tion is also core to adaptive learning systems, in which 
educators to adjust teaching styles and content based 
on students’ emotional states. 

Ethical considerations surrounding privacy, 
biases, and fairness are integral in the development 
and deployment of these systems. We must ensure 
their responsible and equitable use while harnessing 
the potential to build more empathetic and responsive 
AI technologies that enhance human-machine interac-
tions and enrich our understanding of human emo-
tions and behaviors.

Recently, mental health issues in Malaysia became 
a major public health concern. The number of indi-
viduals experiencing serious long-term mental health 
issues such as depression, anxiety, stress and so on 
had increased drastically, and suicides had become 
more widespread. In Malaysia, there are about 5.5 
million adolescents and the statistics have shown that 
1 in 5 are depressed, 2 in 5 are anxious and 1 in 10 
are stressed. Between 2012 and 2017, the rate of ado-
lescent suicidal behavior—such as suicidal ideation, 
planning and attempts—had increased. Suicidal ide-
ation increased from 7.9% to 10.0%, suicidal planning 
increased from 6.4% to 7.3%; and attempts increased 
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6.8% to 6.9%. As a result, mental health issues at the 
workplace or education have become a wake-up call 
to society and need to be solved urgently. 

Most people tend to suppress their feelings rather 
than express their feelings to others. This has made 
it more difficult for people to recognize emotions in 
others. Emotion detection using artificial intelligence 
(AI) has played an important role in order to address-
ing this problem, as it can detect people’s emotion 
without asking them. Mental health issues in educa-
tion and the workplace can thus be identified early, 
and treatment can be started as soon as an abnormal 
emotional pattern is detected by the AI. The research 
of X. Li et al. [7] found that emotion detection has 
garnered significant interest in the field of education 
during the past few decades, since students’ emotions 
are directly related to their learning effectiveness and 
academic performance. Based on the timely monitor-
ing of students’ emotional states with considerable 
assistance from AI, instructors can assess the emo-
tions and engagement levels of their students in a way 
that is difficult to determine from watching them in a 
big classroom.

2. Literature Survey
To design the AI model, the focus of the literature 

review was to find: 
1. Types of emotional expression.
2. Types of emotion detection systems.
3. Types of artificial intelligence (AI) technologies. 
4. Types of machine learning systems.
In 2022, T. Kusunose et al. [3] highlighted that 

facial expressions are among the most efficient and 
effective ways to signal emotions, functioning as a 
near-universal language. This is because the facial cra-
nial nerves that control the muscles involved in facial 
expressions are highly versatile, surpassing even the 
vocal cords in conveying prosody and inflection. Spe-
cific combinations of facial movements, such as a smile 
or displaying teeth, can indicate happiness, anger, or 
concern. Recent advancements in facial recognition 
technology can detect these expressions in real time, 
offering valuable applications in healthcare, educa-
tion, and work environments for assessing emotions 
and task engagement.

In 2018, L. Shu et al. [29] found that physiologi-
cal signals like electroencephalogram (EEG), electro-
cardiogram (ECG), and electromyography (EMG) are 
crucial for emotion detection due to their direct link 
to emotional states. These signals provide objective 
measures of physiological responses influenced by 
emotional arousal and valence, offering insights into 
emotions that may be difficult to verbalize. The pro-
cess involves extracting features from these signals, 
such as EEG frequency bands or ECG heart rate vari-
ability, which are then analyzed and associated with 
emotions using machine learning algorithms. This 
method enables real-time monitoring and improves 
the accuracy and reliability of emotion recognition 
systems in various applications.

In 2021, X. Li et al. [7] wrote that AI-driven emo-
tion detection focuses on automatically analyzing stu-
dents’ emotional states during educational lessons. AI 
systems can process large amounts of data from text, 
speech, facial expressions, and body language, recog-
nizing emotions based on eye and head movements in 
online learning environments. Machine learning algo-
rithms enable these systems to continuously improve 
their accuracy by learning from new data, making 
them effective for monitoring user status and mitigat-
ing risks. Additionally, as noted by G. Assunçã�o et al. 
[8] in 2022, AI systems provide consistent and objec-
tive analysis, reduce human bias, and can be scaled for 
large-scale applications such as customer sentiment 
analysis and mental health monitoring.

In 2023, G. Shi [10] proposed using machine learn-
ing technologies to detect emotions by training AI mod-
els on extensive data. These algorithms continuously 
learn and improve their accuracy in recognizing pat-
terns in facial expressions, speech, and body language. 
Machine learning is adept at identifying subtle emo-
tional cues and can be customized for specific contexts, 
languages, or cultures. It enables real-time, scalable 
emotion detection across various applications—such 
as computer vision, natural language processing, and 
audio recognition—without requiring constant human 
intervention. This approach has significantly enhanced 
the efficiency and effectiveness of emotion detection.

M. U. Khan et al. [19] recommended the use of 
using deep learning methods, particularly transfer 
learning with models like MobileNetV2, to train emo-
tion detection models. These methods automatically 
learn hierarchical representations from raw data, such 
as images, enhancing their ability to extract complex 
features crucial for recognizing emotional cues from 
facial expressions. Pre-training on large datasets like 
ImageNet allows these models to leverage learned rep-
resentations to improve performance on emotion-spe-
cific datasets, such as Kaggle’s emotion dataset. Adjust-
ing learning rates further optimize accuracy, achieving 
as much as 98.7% accuracy at a learning rate of 0.0001. 
Deep learning architectures, including CNNs for image 
data and multimodal networks for integrating multi-
ple data sources, excel in capturing intricate patterns 
across various modalities, advancing the accuracy and 
generalization of emotion detection systems without 
manual feature engineering.

3. Proposed Methodology
The machine learning method, which is uses a con-

volutional neural network (CNN), is implemented for 
training and testing the AI model in Figures 1 and 2.

Figure 1 shows a facial emotion recognition pro-
cess. The input frame, containing images of faces, 
undergoes pre-processing to enhance and prepare the 
data. Subsequently, feature extraction identifies cru-
cial characteristics from the processed images. These 
features are then classified into various categories, 
leading to the final predicted result—in this example, 
identification of the “Happy” emotion.
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Figure 1. Flow process of training and testing the face 
emotion detection AI model using machine learning 
methods

Figure 2. Block diagram of training and testing the ECG 
emotion detection AI model with machine learning 
methods

Figure 2 shows an emotion recognition process 
using ECG data. It begins by capturing the ECG wave-
form, which is then converted into raw ECG data. This 
data passes through a signal processing block, result-
ing in pre-processed ECG data. Feature extraction is 
performed on this data, generating features, labeled 
as “F1 score.” The features are then fed into a machine 
learning algorithm that classifies the data into one of 
seven emotions: happy, sad, neutral, angry, afraid, dis-
gusted, and surprised.

3.1.	Training and Testing the Face Emotion Detection AI 
Model Using Machine Learning Methods

3.1.1.	 Training the Face Emotion Detection AI Model
Step 1: Importing Libraries
Import various libraries for data manipulation, 

numerical operations, plotting, and interaction with 

the OS, such as Matplotlib (plotting), NumPy (numeri-
cal operations), Pandas (data manipulation), Seaborn 
(statistical visualization), and ‘os’ (OS interaction). 
Import necessary deep learning libraries from Keras, 
including tools for image loading and conversion 
(load_img, img_to_array), image augmentation (Image 
Data Generator), building neural network layers 
(Dense, Input, Dropout), defining network architec-
ture (Model, Sequential), and optimization algorithms 
(Adam, SGD, RMSprop).

Step 2: Displaying Images
Download the face expression recognition dataset 

from Kaggle. Define picture_size as 48 for input images, 
and set folder_path to the dataset directory. This pre-
pares the code to work with 48x48 pixel images from 
the specified folder for facial expression recognition. 
Set expression to ‘happy’ and create a 12x12-inch plot 
for visualizing images related to the ‘happy’ expres-
sion. Load and display a 3x3 grid of images from the 
dataset using load_img and plt.imshow.

Step 3: Making Training and Validation Data
Set batch_size to 128. Create instances of Image Data 

Generator for both training and validation datasets, 
configuring data augmentation for training. Generate 
batches of training and validation data using flow_from_
directory, specifying image directories, target size, color 
mode, batch size, class mode, and data shuffling.

Step 4: Model Building
Import optimizers from Keras and set no_of_

classes to 7. Initialize a sequential model, adding 
convolutional layers with various filters and sizes, 
followed by batch normalization, ReLU activation, 
max-pooling, and dropout. Flatten the output before 
fully connecting layers. Add fully connected layers 
with 256 and 512 neurons, including batch normal-
ization, ReLU activation, and dropout. Add output 
layers corresponding to the number of classes with 
softmax activation. Compile the model using the Adam 
optimizer with accuracy as the metric and categorical 
crossentropy as the loss function. Print the model 
summary.

Step 5: Fitting the Model with Training and Vali-
dation Data

Import Keras optimizers and callbacks. Define the 
checkpoint for saving the best model, EarlyStopping 
for stopping training with no improvement, and Redu-
ceLROnPlateau for lowering the learning rate when 
needed. Set the number of epochs to 48. Assemble the 
model and start training using fit_generator.

Step 6: Plotting Accuracy and Loss
Set the plot style and create a new figure for accu-

racy and loss plots. Create subplots to display both 
loss and accuracy for training and validation.

3.1.2.	 Training the Facial Emotion Detection AI Model
Step 1: Importing Libraries
Import various libraries for a deep learning model 

using Keras and OpenCV. These include load_model 
for loading pre-trained models, sleep for delays, img_
to_array for converting images to arrays, image for 
image preprocessing, cv2 for computer vision tasks, 
and numpy for numerical operations.
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Figure 3. Overall flowchart of facial emotion AI model 
training process

Step 2: Initialization of AI Model System
Initialize a face cascade classifier using a Haar Cas-

cade XML file, which loads a pre-trained emotion clas-
sification model in HDF5 format, defines a list of emo-
tion labels, and initializes a video capture object to 
start capturing video frames from the default camera.

Step 3: Setting up a Graphical Window for Display-
ing the Probabilities

Set up a graphical window to display differ-
ent emotions’ probabilities by defining the window 
dimensions, creating a named window called ‘Proba-
bilities’ with cv2.namedWindow, and resizing it to the 
specified dimensions using cv2.resizeWindow.

Figure 4. Overall flowchart of facial emotion AI model 
testing process

Step 4: Running and Debugging the AI Model System
The AI model system runs a real-time video pro-

cessing loop where it detects faces using the pre-
trained face cascade classifier.

3.2.	Testing the ECG Emotion Detection AI Model Using 
Machine Learning Methods

3.2.1.	 Training the ECG Emotion Detection AI Model
Step 1: Importing Libraries
Import various libraries, including glob, pandas, 

numpy, os, wget, github, tensorflow.keras, scikit-learn, 
matplotlib.pyplot, and scipy modules (signal, ndim-
age, stats, interpolate, and integrate). These libraries 
provide a wide range of functions for data manage-
ment, as well as machine learning model creation, 
evaluation, and signal analysis.

Step 2: Data Processing
Process ECG data files from specified locations by 

selecting relevant segments and combining metadata 
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from external dataframes. The code cycles through 
files, retrieves data up to a predefined length, and 
parses filenames for session, participant, and video 
IDs. It filters annotations by comparing IDs with meta-
data rows, creating database entries with combined 
ECG data, participant characteristics, and emotional 
ratings. The processed data is then transformed into a 
pandas DataFrame, with missing values filled and col-
umns renamed for clarity.

Step 3: Data Visualization
The data will be categorized into one of the seven 

emotions—happy, sad, neutral, angry, afraid, dis-
gusted, and surprised— using both self-reported and 
target emotion labels. A custom plotting function iter-
ates through the filtered data, plotting ECG signals for 
each category and providing a visual representation of 
ECG signal variations associated with different emo-
tional states.

Step 4:
Create and train a neural network model for emo-

tion identification based on ECG data using Tensor-
Flow and Keras. The data is preprocessed, organized 
into features and target labels, and standardized. A 
sequential neural network model is defined with sev-
eral dense layers, and the model is compiled with cat-
egorical cross-entropy loss and the Adam optimizer. 
Training is performed over 100 epochs with Mod-
elCheckpoint and EarlyStopping callbacks to save the 
best model and prevent overfitting. The best model is 
then saved in the HDF5 format.

Step 5: Model Evaluation
Evaluate the pre-trained neural network ECG emo-

tion detection model using a specific test dataset. The 
model.evaluate() function is used to compute perfor-
mance metrics, such as accuracy and loss values. The 
results are stored in a variable and printed, provid-
ing a brief overview of the model’s predictive perfor-
mance on unseen test data.

3.2.2.	 Testing the ECG Emotion Detection AI Model
Step 1: Monitoring Heart Rate in Arduino
Interface with a MAX30100 pulse oximeter sensor 

to monitor heart rate by establishing serial communi-
cation, initializing the sensor, updating readings, and 
printing the heart rate to the serial monitor every sec-
ond in Arduino.

Step 2: Real-Time Visualization of Data from Ardu-
ino to PyCharm

Capture real-time heart rate data from an Arduino 
via a serial port, visualize it using Matplotlib, and save 
the data to a CSV file. The Arduino used to sets up a serial 
connection (COM4, baud rate 115200) and initializes a 
Matplotlib plot for dynamic heart rate display. The read_
and_process_data() function continuously reads serial 
port lines, extracts valid heart rate values (60-100 bpm), 
and appends them to heart_rate_data. The update_plot() 
function, called by Matplotlib’s animation framework 
every second, updates the plot with the latest readings. 
At the end of the heart rate measurement, the data is 
saved to ‘heart_rate_data.csv,’ and this enables real-time 
monitoring and logging of heart rate data.

Step 3: ECG Testing
Test the AI model for ECG emotion recognition 

in Pycharm, importing necessary libraries (NumPy, 
pandas, TensorFlow’s Keras, scikit-learn’s Standard-
Scaler, and Matplotlib). The preprocess_ecg function 
normalizes ECG data using StandardScaler. Load a 
pre-trained Keras model (ecg_emotion_recognizer.h5) 
for emotion recognition. ECG data is read from ‘heart_
rate_data.csv’ to simulate real-time data, and the ECG 
data is normalized using preprocess_ecg. The extract_
features function, which returns the normalized ECG 
data, is defined for feature extraction. The ECG signal 
is plotted using Matplotlib, and predictions are made 
by using the loaded model on extracted features. The 
predicted emotion label is then decoded and printed.

Figure 5. Overall flowchart of ECG emotion AI model 
training process
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Figure 6. Overall flowchart of ECG emotion AI model 
testing process

3.3.	Testing the Multimodal Emotion Detection AI 
Model

3.3.1.	 Testing Multimodal Emotion Detection AI Model 
Using PyCharm

Step 1: Monitoring Heart Rate in Arduino
Build a multimodal emotion detection AI model 

using OpenCV for face detection integrating with ECG 
emotion detection. Facial emotions are predicted 
using a Haar Cascade classifier, while ECG emotions 
are predicted from the preprocessed ‘heart_rate_data.
csv’ using a deep learning model. Combined emotions 
are determined by matching ECG and face predic-

tions, or by defaulting to the ECG emotion if no match 
occurs. The final combined emotion is then printed for 
each prediction.

Step 2: Display Combined Emotion in Web Browser
Display a textual description and an emoji in the 

web browser by the link given, based on the combined 
emotion from the multimodal emotion detection 
model.

4. Result with Discussion
In this section, the initial findings from the pro-

cess of training and testing the multimodal AI model 
in PyCharm will be discussed.

4.1.	Preliminary Results of the Facial Emotion AI Model
Accuracy is a key metric for evaluating convolu-

tional neural networks (CNNs) during both training 
and validation stages. Training accuracy measures 
how well the model classifies samples from the train-
ing dataset, while validation accuracy assesses the 
model’s ability to generalize to new, unseen data. 
Both training and validation accuracy increased 
across epochs, indicating the model’s improving per-
formance. The training accuracy reached 72.21%, 
slightly higher than the validation accuracy, which was 
60.58%. A significant gap between these values could 
indicate overfitting, where the model performs well 
on training data but fails to generalize to new data. 
The training process, however, employs an early stop-
ping technique to avoid overfitting.

Loss is a crucial metric for evaluating the per-
formance of convolutional neural networks (CNNs) 
during the training and validation stages. Training 
loss measures the discrepancy between the model’s 
predictions and the target values in the training data-
set, while validation loss assesses this discrepancy 
using a separate validation dataset. 

The training loss decreased across epochs, indi-
cating that the model’s adjustments to its parame-
ters were improving its predictions. The validation 
loss also decreased, suggesting the model is learning 
to make accurate predictions on new, unseen data. 
However, the training loss (73.65%) was significantly 
lower than the validation loss (107.53%), which could 
indicate overfitting. This was mitigated, however, by 
an early stopping technique.
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Figure 7. Accuracy of training and validation of facial 
emotion AI model
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AI model

Table 1. Results of experiment.

Emotion Probability (%)

Happy 98.63
Neutral 56.60
Sad 39.58
Surprise 77.86
Fear 26.36
Angry 41.34
Digust 27.19

Based on Table 1, the highest probability is that the 
face expression detected by the AI model is “Happy” 
(98.63%), while the lowest probability is that the face 
expression detected by the AI model is “Fear” (26.36%). 
This is because fear often involves subtle facial expres-
sions that can be difficult to capture accurately, espe-
cially in real-time or non-controlled environments. 
Hence, the probability of fear is the lowest, since fear is 
only expressed in subtle changes like widened eyes or 
tensed lips, which might be less noticeable, while the 
“happy” emotion often involves broad smiles and visible 
changes in facial muscles that are much more noticeable.

4.2.	Preliminary Results of the ECG Emotion AI Model
In Figure 9, the model’s training accuracy is 

26.47%, slightly lower than the validation accuracy of 
28.75%, which suggests no overfitting, but indicates 
poor performance because both accuracies are only 
around 20%. This low accuracy can be attributed to 
insufficient and low-quality data, leading to under-
fitting and ineffective recognition of ECG signals. To 
enhance the model’s performance, it is crucial to col-
lect more and higher-quality data.

In Figure 10, the training loss is 197.367%, which 
is slightly higher than the validation accuracy of 
193.61%. As with the accuracy of training and vali-
dation of ECG emotion AI model, the high loss per-
centage is seen as indicating a poor model. Hence, it 
is necessary to collect more and better-quality data 
to improve the performance of the ECG emotion AI 
model, since the quantity of data used to train the AI 
model is smaller (only 155 ECG signals for 7 classes of 
emotions).
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Figure 9. Accuracy of training and validation of facial 
emotion AI model
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Figure 10. Accuracy of training and validation of facial 
emotion AI model

Figure 11. Accuracy of training and validation of facial 
emotion AI model

4.3.	Performance Measures of the ECG Emotion AI 
Model

4.3.1.	 F1-Score
The F1-scores can be calculated by using equation 

(1) below:

F1 Score = 2 Precision Recall
Precision+ Recall
× ×

(1)

4.3.2. Decision Tree
The decision tree model for the ECG signal emotion 

detection has an overall accuracy of 34%, with preci-
sion ranging from 0.00 to 0.55, recall from 0.00 to 0.57, 
and F1-scores from 0.00 to 0.51, indicating inconsis-
tent performance across different emotions. Classes 
0.0 and 5.0 show low metrics due to fewer instances, 
while classes 6.0 and 7.0 have zero precision, recall, 
and F1-scores. The macro average precision, recall, 
and F1-scores are 0.26, 0.31, and 0.27, respectively, 
with slightly higher weighted averages of 0.35, 0.34, 
and 0.33, highlighting the impact of unbalanced data.
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4.3.2.	 Random Forest
The random forest model for ECG signal emotion 

detection has an overall accuracy of 39%, with preci-
sion levels ranging from 0.00 to 0.59; recall ranging 
from 0.00 to 0.57; and F1-scores ranging from 0.00 to 
0.58. This indicates inconsistent performance across 
different emotions. Classes 0.0 and 5.0 show low met-
rics due to fewer instances, while classes 1.0 and 6.0 
have zero precision, recall, and F1-scores. The macro 
average precision, recall, and F1-score are 0.26, 0.35, 
and 0.29, respectively, with slightly higher weighted 
averages of 0.34, 0.39, and 0.35, underscoring the 
impact of unbalanced data.

Based on the comparison between decision tree and 
random forest for an ECG emotion AI model, referring 
to Figures 10 and 11, the random forest outperforms 
the decision tree, achieving a higher total accuracy of 
39% compared to 34% for the decision tree. The ran-
dom forest also exhibits superior weighted averages 
for precision (0.35 vs. 0.34), recall (0.39 vs. 0.34), and 
F1-score (0.35 vs. 0.33), indicating better performance 
across various emotion classes and in managing imbal-
anced data. Therefore, the random forest model proves 
more effective and consistent in classification tasks for 
ECG-based emotion recognition. Further tuning, addi-
tional data, and/or alternative modeling methods will 
be required to improve the AI model.

4.4.	Preliminary Results of the Multimodal Emotion AI 
Model
Figure 13 shows the output in a web browser 

that includes the combined emotion detected from 
the multimodal emotion AI model, which is “Happy”. 
It also provides some advice for each emotion. 
“Happy,” for example, has the following text: “Good 
job! Maintain your positive outlook and keep up the 
great work.”

Figure 12. Classification report using random forest

Figure 13. Display combining emotion and advice in the 
web browser

5. Conclusion
In this study, a multimodal emotion detection sys-

tem was successfully designed for educational and 
work environments using convolutional neural net-
works (CNN). The first objective, involving training 
and testing the AI model with Python and OpenCV, 
showed that the model accurately recognized facial 
emotions from seven classes (happy, sad, neutral, 
angry, afraid, disgusted, and surprised). The second 
objective focused on developing the system by inte-
grating OpenCV and ECG signals. The AI model also 
can detect emotions from seven classes by recogniz-
ing the ECG signals. The final objective is validating 
the multimodal AI system, which accurately combines 
and displays the results, based on facial and ECG pre-
dictions, on a web application.
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Abstract:
Cybercrimes encompass crime against children, data
breaches, and privacy violations. The increased fre‐
quency of cybercrimes due to the quick development
of technology emphasizes the necessity of complex sys‐
tems to analyze and categorize these offenses. There
are many opportunities to analyze cybercrime data using
Machine Learning (ML) techniques because of its enor‐
mous accumulation. This study proposes a model that
has the potential to automatically analyze text‐based
reported cybercrime complaints based on the features by
use of Random Forest (RF) and Gradient Boosting (GB)
algorithms. This model includes a Bag of Words (BoW)
approach for feature engineering to analyze reported
cybercrime and suggest relevant Indian IT Act sections,
such as Section 66E for privacy protection, Section 43A
for reported data breach, and Section 72A for disclosure
of information, using Natural Language Processing (NLP)
for feature extraction and classification. This strategy
enhanced the law and enforcement process by timely and
accurately categorizing crime. By automating cyber law
and providing timely legal answers to various reported
cybercrimes, especially those concerning privacy and
data protection, the model improves the capabilities of
cybercrime units and achieves high accuracy and preci‐
sion in anticipating pertinent legal sections.

Keywords: Cybercrime, Machine Learning, NLP, Cyber
Law, IT Act, ensemble stacking

1. Introduction
1.1. Background

The rate of cybercrime has increased as a result
of technology globalization, imparting serious risks to
both personal safety and national security. In order to
defend against these cyberattacks, modern technolo‑
gies are essential. India stopped 500 million cyberat‑
tacks in the ϐirst quarter of the year 2023 [1].

As per the data accumulated from the National
Crime Records Bureau (NCRB), there has been a
persistent rise in reported cybercrime cases in recent
years. The number of reported cybercrime cases
and ongoing investigations is increasing yearly at
an alarming rate, as depicted in the graph shown
in Figure 1. This causes an increase in the backlog,
which emphasizes how urgently the system must
be automated to guarantee that the accused receive

Figure 1. Cybercrime complaints reported in India
during 2012 and 2022 [2]

Figure 2. Cybercrime complaints reported and pending
during the years 2018–2022 [2]

just punishment and that victims receive prompt
remedies.

1.2. Problem Statement

In the present scenario, the manual processing
and analysis of reported cybercrime cases delay legal
responses, which may cause trauma to victims, as
the process is laborious, time‑consuming, and subject
to human error, as illustrated in Figure 2. Machine
learning techniques enable the rapid treatment and
categorization of these cybercrime complaints under
the applicable Indian ITAct sections.Machine learning
also enhances the accuracy of these classiϐications.

The steady increase in reported cybercrime
cases highlights the need for creative and artiϐicial
intelligence‑based approaches to counter the
expanding risks connected to the internet. The
drawbacks of conventional case analysis and
management techniques result in backlogs and
delays in the execution of justice [3,4].

The sharp increase in reported cybercrime com‑
plaints indicates that quick and automated technology
is needed to effectively manage these complaints and

63



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

respond swiftly. An efϐicient solution to this problem is
to combine the Information Technology (IT) Act with
machine learning (ML)‑based cybercrime complaint
analysis systems to safeguard cyberspace and assist
victims [5,6].

As machine learning algorithms have the potential
to analyze large amounts of text‑based data and iden‑
tify trends, they are required for categorizing cyber‑
crime complaints and identifying relevant legal pro‑
visions of the Indian IT Act. This technology‑driven
architecture will enhance the cybercrime response
system in terms of time as well as accuracy, ensure
efϐicient classiϐication and legal review, and enable a
more effective administration of justice. [7–9].

1.3. Objectives

• To apply RF and GB models for categorizing cyber‑
crime complaints under sections of the Indian IT Act
for 66E, 43A, and 72A.

• To evaluate each model’s performance in terms of
accuracy, precision, recall, and F1‑score.

Approach:
In the process of data collection, relevant cyber‑

crime data is gathered frommultiple sources like inci‑
dent reports, legal documents, and cybercrime arti‑
cles. These sources include a few samples of cyber‑
crime complaints reported at police departments,
legal institutions, and online resources. Once the data
is gathered, preprocessing is applied tohandlemissing
values and also to convert the data into the required
format. Categorical variables are encoded, and out‑
liers in numerical ϐields are managed tomaintain data
integrity. Feature engineering includes metrics like
complaint duration and resolution status, and text
data is cleaned and tokenized. The dataset is split into
training, testing and validation sets (70%, 30%) to
support thorough model evaluation. Model training
utilizes Random Forest and Gradient Boosting algo‑
rithms [10, 11], with performance evaluated through
precision, recall, F1 score, AUC, and accuracy metrics,
ensuring a reliable classiϐication model.
Outline:

The rest of the paper is outlined as follows: Sec‑
tion 2 provides a literature review, including an
overview of the relevant provisions for cybercrime,
focusing on Sections 66E, 43A, and 72A. It also
presents a comprehensive review of legal frameworks
for cybercrime and machine learning applications in
text classiϐication. Section 3 details the methodology,
including data preparation, feature extraction, and the
use of Random Forest and Gradient Boosting mod‑
els. Section 4 presents the results, comparing model
performance metrics and classiϐication accuracy. Sec‑
tion 5 discusses the legal implications and limitations
of automated classiϐication in cybercrime complaints.
It also outlines potential improvements and future
research directions. Finally, this section concludes
the paper by summarizing the key ϐindings and their
signiϐicance for enhancing cybercrime management
under the IT Act.

Figure 3. Types of cybercrime registered during the year
2023 under the Indian IT Act [12]

2. Review of the Literature
2.1. Legal Provisions for Cybercrime

The IT Act 2000 addresses various forms of cyber‑
crimes to ensure data protection and privacy, as
illustrated in Figure 3. It was amended in 2008 to
add stronger provisions, notably Sections 66E, 43A,
and 72A (Indian IT Act, 2008). Section 66E crimi‑
nalizes the unauthorized capture or transmission of
private images, focusing on safeguarding personal pri‑
vacy. Section 43A mandates data controllers to adopt
security practices, providing guidelines for reporting
data breaches. Section 72A addresses the unautho‑
rized disclosure of personal information by service
providers, protecting user conϐidentiality. The effec‑
tiveness of these legal provisions has been widely
acknowledged [5,7].

Geetika Bhardwaj et al. [13] revealed a 46% rise
in crimes against women in 2021 compared to 2020,
emphasizing the need for proactive action to gather
crime data and forecast future trends.

Olena V. et al. [14] highlighted the global increase
in cyberattacks, particularly in ϐinance, retail, technol‑
ogy, and communication industries, highlighting the
challenges in combating such threats due to geograph‑
ical disparities.

Gangwar Suraj et al. [15] report a surge in cyber‑
crime due to the Internet of Things, cloud services,
and improved connections. Cybercriminals threaten
human lives. Targeting industrial control systems,
elections, and digital wildϐires rank among the top
threats worldwide.

The study by Shuai Chenet et al. [16] indicates a
positive global correlation between cybercrime and
social, economic, and technological variables, with
most incidents occurring in urbanized areas with
greater infrastructure.

P. Datta et al. [17], in their study, show an increase
in fraud cases, primarily affecting 20‑29‑year‑olds,
particularly mothers and children, necessitating
awareness campaigns to combat cybercrime in India.

The study by Chudasama Dhaval et al. [18] sug‑
gests that third‑party apps are frequently used by
attackers for money transfers, leading to fraud.

Table 1 below summarizes the analysis of already
existing algorithms used for cybercrime text detection
and related applications.
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Table 1. Comparison of existing algorithms

Author(s) Dataset Used Algorithm Efϐiciency IT / IPC Detected
Alami & Elbeqqali (2015) [19] Microblog data Text mining + SVM Not detailed No
Mbaziira & Jones (2016) [20] Deceptive cybercrime text Linguistics + ML Medium No
Kumari et al. (2018) [21] Labeled text samples NLTK, Scikit‑learn Moderate No
Andleeb et al. (2019) [22] MySpace bullying texts Text mining + ML Not detailed No
Ch et al. (2020) [23] State‑wise crime stats SVM, Decision Tree Good No
K. veena et al. (2022) [24] Cybercrime reports SVM High Potential
Pandey et al. (2022) [25] Custom labeled reports Ensemble (RF, NB, etc.) High (noted) No

Our literature review observed that most prior
works focus on classiϐication accuracy without explic‑
itly mapping outputs to IT ACT provisions. This high‑
lights a research gap where existing models are effec‑
tive in detection but are not efϐicient in providing
legally actionable outcomes, hence motivating the
need for more advanced frameworks that provide
integration of legal context with efϐicient machine
learning.
2.2. Machine Learning in Legal Text Classification

An automated cybercrime text classiϐication in the
legal domain is gaining more attention. This auto‑
mated cybercrime classiϐication enhances the efϐi‑
ciency of handling a huge number of complaints. For
the categorization of text‑based reported cybercrime
complaints, the most widely used ML models are RF
and GB, as they have the potential to process huge
datasets and provide strong performance [26]. ML
algorithms are proven to bemore successful in catego‑
rizing and analyzing text‑based complaints, especially
in cases when it comes to differentiating between sev‑
eral legal categories, as per recent studies [27–29].

ML is updating the classiϐication of legal texts,
especially those regarding cybercrime. In order to
reduce human error and provide more efϐicient clas‑
siϐication, Ch et al. [23] proposed a sustainable
computational framework for classifying cybercrime
offenses using ML. Andleeb et al. [22] showed how
effective ML is at extracting features, analyzing cyber‑
crime complaints, and classifying offenses through
text mining. Patel and Sharma [30] highlighted the
wider function of ML in automating legal proce‑
dures, especially in cyber law, demonstrating its efϐi‑
ciency in organizing and classifying legal documents.
Pandey et al. [25] created a model that outperforms
conventional methods by using ensemble learning to
increase classiϐication accuracy. Together, these stud‑
ies highlight how important machine learning is to
automate, analyze, and improve the classiϐication of
legal texts in cybercrime.

According to our literature review, there are vari‑
ous ways to approach countermeasures and prevent
cybercrime. These include analyzing cyber threats,
analyzing them with ML, and enhancing law enforce‑
ment tactics. The existing background of cybercrime
will be examined, along with trends and patterns
found in the literature. Proactive cybercrime detection
and classiϐication by machine learning is the main
emphasis of this work. The research aims to cre‑
ate robust models that identify small irregularities

and patterns indicative of cyber threats using vari‑
ous methods and datasets. Because of the increasing
complexity of cybercriminals and the expansion of
internet connectivity, cybercrime is a growing threat.
Anonymity, exponential expansion in digital data and
insufϐicient cybersecurity safeguards are some of the
factors that make people and businesses vulnerable.
2.3. Law and enforcement to combat cybercrime

Recent research explores various strategies for
combating cybercrime under the Indian IT Act. For
instance, ensemble learning can be used to classify
cybercrimes under Sections 66 and 67, and models
like SVM and Random Forest can be used to improve
accuracy, thus offering practical tools for cybercrime
cells [26] to analyze cybercrime trends and preven‑
tion and providing global insights and statistical data
on rising cybercrime patterns [31, 32]. Additionally,
study of regional crime patterns using regression can
ϐind correlations in cyber offenses such as unautho‑
rized photo sharing and computer theft [29]. Finally,
the need to present a computational tool with high
accuracy for identifying cybercrime rates at the state
level in India underscores the role ofmachine learning
in crime analytics [30].

3. Proposed Methodology
According to recent studies, machine learning

techniques are becoming more and more necessary
to identify which IT Act section applies to commit‑
ted cybercrimes. Prior studies have focused on clas‑
sifying cybercrime, but they have not addressed the
crucial part of providing victim justice by determin‑
ing whether the IT Act is applicable. This facilitates
speedier investigations and raises the possibility that
perpetrators of cybercrimes may be held account‑
able. Additionally, machine learning enables proactive
enforcement measures to effectively combat cyber‑
crime by keeping law enforcement agencies updated
about evolving legal requirements and cyber threats,
as presented in Figure 4.
3.1. Dataset

Compiling a Cyber Crime and Law Classiϐication
dataset involves gathering relevant and varied infor‑
mation about cybercrime incidents and legal provi‑
sions frommultiple sources, including FIRs, case stud‑
ies, news headlines, etc., as presented in Figure 5.
Present research includes victim statements, incident
reports, court records, and open databases that docu‑
ment cybercrime incidents.
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Figure 4. Proposed methodology

Figure 5. Distribution of dataset

3.2. Text Pre‐Processing

Some preprocessing steps are applied to the Cyber
Crime and Law Classiϐication dataset to ensure the
quality of the data. Missing values are addressed,
numerical columns are cleaned and converted, and
date columns are formatted as a datetime type. Out‑
liers in the numerical data are handled, and categori‑
cal features are encoded by label encoder. In text data
processing, normalization is done by converting all
the text to lowercase. Noise is removed using regular
expressions, and stop words are removed. The text is
tokenized and lemmatized to ensure consistency.

xi = Clean(Tokenize(ti)) (1)

Where:
• ti = raw text
• xi = processed token sequence

yi = LabelEncoder(ci), yi ∈ {0,1,…,K−1} (2)

Figure 6.Word cloud for Section 43A

Where:
• ci = category/section name
• yi = encoded label
3.3. Feature Extraction

Feature extraction is used to change the unpro‑
cessed textual input so that the machine learning
model can more efϐiciently use this input. The vec‑
torization approach, TF‑IDF (Term Frequency‑Inverse
Document Frequency), has been used for this inves‑
tigation. TF‑IDF weights words based on how fre‑
quently they occur within a certain piece of text
compared with the frequency throughout the entire
corpus. This will allow the model to discern words
used often throughout the corpus versus those used
speciϐically by individual publications. To accomplish
this, we use the text data and translate this infor‑
mation into a sparse numerical features matrix with
scikit‑learn’s TϐidfVectorizer. We allow algorithms
from machine learning to draw inferences from these
inputted matrices in search of patterns and relations
in the material that is text.

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑓𝑡,𝑑
∑𝑡′ 𝑓𝑡′ ,𝑑

log ቆ
|𝐷|

1 + ห{𝑑∈𝐷 ∶ 𝑡∈𝑑}หቇ
(3)

Where:
• 𝑓𝑡,𝑑 = frequency of term t in document d
• ∑𝑡′ 𝑓𝑡′ ,𝑑 = total terms in document d
• |𝐷| = total number of documents
• {𝑑∈𝐷 ∶ 𝑡∈𝑑} = number of docs containing term t

Figure 6 provides a word cloud that helps in
visual analysis of the words frequently occurring in
Section 43A of the Indian IT ACT.

Figure 7 provides a word cloud that helps in
visual analysis of the words frequently occurring in
Section 66E of the Indian IT ACT.

Figure 8 provides a word cloud that helps in
visual analysis of the words frequently occurring in
Section 72A of the Indian IT ACT.
3.4. Handling Imbalanced Data with SMOTE

To solve the class imbalance in crime datasets,
the study employs SMOTETomek, a strategy that com‑
bines SMOTE and Tomek Links. While Tomek Links
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Figure 7.Word cloud for Section 66E

Figure 8.Word cloud for Section 72A

eliminates borderline occurrences, SMOTE creates
synthetic examples for the minority class, guarantee‑
ing a balanced class distribution and better predic‑
tive performance, particularly for uncommon crime
categories.

𝑥new = 𝑥𝑖 + λ(𝑥𝑛𝑛 − 𝑥𝑖) , λ∈ [0, 1] (4)

Where:
• 𝑥𝑖 = a minority class sample.
• 𝑥𝑛𝑛 = one of the nearest neighbors of 𝑥𝑖
• 𝜆 = a random number.
• 𝑥new = newly generated synthetic sample.
3.5. Model Selection

The three text categorization algorithms employed
in this study are RF, GB, and Ensemble classiϐier
(stacked), which combines RF and GB for increased
accuracy and a soft‑voting scheme. The models are
evaluated using the following metrics as depicted in
Figure 9, which shows that the Ensemble classiϐier
performed the best.

This graphical representation shows that the IT
Act’s automated classiϐication of cybercrime com‑
plaints may accelerate case processing, increasing
accuracy and response times. Targeted legalmeasures
are made possible by precise classiϐication under cer‑
tain provisions,whichhelps the court and lawenforce‑
ment better combat cybercrime [32].
For RF:

𝑦̂ = 𝑚𝑜𝑑𝑒 ቄ ෞ𝑦(1) (𝑥) , ෞ𝑦(2) (𝑥) , …, ෞ𝑦(𝐵) (𝑥)ቅ (5)

Where:

Figure 9. Performance analysis for different models

• 𝑦̂ = ϐinal predicted class.
• ෞ𝑦(𝑖) (𝑥) = prediction of the i𝑡ℎ base learner for input
𝑥.

• B = total number of base learners.
• mode {⋅}= class that appearsmost frequently among
the predictions of all base learners.

For GB:

𝐹𝑚 (𝑥) = 𝐹𝑚−1 (𝑥) + νℎ𝑚 (𝑥) (6)

Where:
• 𝐹𝑚 (𝑥) = boosted model after m iterations
• 𝐹𝑚−1 (𝑥) = model from previous iteration (m−1)
• ℎ𝑚 (𝑥) = weak learner at step m
• 𝜈 = learning rate
• 𝑥 = input feature vector
For ECS:

𝑦̂ = 𝜎 (𝑤0 +𝑤1 ෞ𝑦𝑅𝐹 +𝑤2 ෞ𝑦𝐺𝐵) (7)

Where:
• 𝑦̂ = ϐinal predicted output
• 𝜎 = activation function
• 𝑤0 = bias
• w1i = weights
• 𝑦𝑅𝐹 = prediction from Random Forest
• ෞ𝑦𝐺𝐵 = prediction from Gradient Boosting

4. Results and Discussion
4.1. Performance Comparison

The performance of each algorithm is summarized
in Table 2, showing the accuracy, precision, recall, F1‑
score, and AUC based on the training model.

Table 2. Performance comparison of models

Algo Accuracy Precision Recall F1‑Score AUC
RF 0.84 0.84 0.84 0.84 0.94
GB 0.84 0.83 0.84 0.85 0.93
ECS 0.86 0.86 0.86 0.86 0.94
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Table 3. Section‐based cybercrime classification result
analysis

Section Algo Precision Recall F1‑Score Support
66E RF 1.000 1.000 1.000 47

GB 1.000 1.000 1.000
ECS 1.000 1.000 1.000

72A RF 0.700 0.903 0.789 31
GB 0.667 0.903 0.767
ECS 0.700 0.903 0.789

43A RF 0.927 0.760 0.835 50
GB 0.923 0.720 0.809
ECS 0.927 0.760 0.835

As per the results shown in Table 2, the Ensem‑
ble Classiϐier performs better than Random Forest
and Gradient Boosting in terms of accuracy, precision,
recall, F1‑score, and AUC.
4.2. Section‐Wise Accuracy

A detailed breakdown of accuracy per section
(crime category) is provided, showing how each
model performs across different crime types. Table 3
illustrates the accuracy of Random Forest, Gradient
Boosting, and Ensemble Classiϐier for each crime sec‑
tion.

In conclusion, the research shows that every
algorithm performed exceptionally well, obtaining
ϐlawless scores in Section 66E. In Section 72A, RF
and Ensemble voting maintained strong recall while
marginally outperforming GB in precision and F1‑
score. Random Forest and Ensemble Voting outper‑
formed Gradient Boosting in Section 43A, achieving
better F1 scores. RF is the most dependable and time‑
efϐicient algorithm overall since it continuously shows
a balance between excellent performance and efϐi‑
ciency throughout all parts.

5. Conclusion
This study demonstrated that ML techniques can

be used effectively to classify cybercrime complaints
based on textual descriptions. We create a strong fea‑
ture extraction and preprocessing pipeline by resolv‑
ing class imbalance with SMOTETomek and applying
theTF‑IDFvectorization approach. The ensemble clas‑
siϐier outperforms the othermodels in terms of overall
performance across a number of evaluation metrics,
demonstrating how well it handles challenging crimi‑
nal classiϐication tasks.
5.1. Limitations and Model Improvements

The model has been successfully demonstrated
for the three sections of the Indian IT Act, including
sections 66E, 72A, and 43E. In future models, they
can be trained to identify any relevant section of
the Indian IT Act based on the reported cybercrime,
which requires a huge dataset creation for each
section of the Indian IT Act. This model has
demonstrated high accuracy, but this can lead
to a few small misclassiϐications in cases where
complaints have overlapped phrases between
relevant sections. Deeper semantic output may be

obtained by improving the models’ efϐiciency by the
use of advanced NLP approaches like named entity
recognition (NER) and sentiment analysis [28,32].

5.2. Future Work

In the future, this algorithm can be applied to
predict any relevant section of the Indian IT Act.
In order to better understand complex patterns of
language found in cybercrime complaints, future
research must examine advanced approaches such as
ensemble algorithms and BERT. These methods could
enhance the system’s capacity to manage massive
volumes of data and adhere to data protection laws
when paired with federated learning for privacy‑
preserving training [26].
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Abstract:
For an important segment of the Indian people, agricul‐
ture serves as a primary source of income. Most Indian
farmers choose to produce crops in a field using tradi‐
tional farmingmethods; hence, one of their biggest issues
is that they frequently choose to cultivate the incorrect
crop for their soil type. The crop recommendation system
proposed in this research would assist farmers and edu‐
cate them on decision‐making regarding which crops to
plant on their property. Using soil parameters like potas‐
sium, nitrogen, and phosphorus as well as environmental
variables like humidity, rainfall, and pH levels, to build
this recommendation system, we used ML methods such
as Random Forest, KNN, Naïve Bayes, SVM, and Logistic
Regression. As a result, we also present comparative per‐
formance on themodel for the dataset. Therefore, finally,
these technologies will be helpful for farming and agri‐
culture. Today’s smart agricultural solutions, can address
the growing concern about the world population’s food
consumption and environmental impact. The accuracy
of this crop recommendation system will depend on the
following: The quality and quantity of our dataset, the
relevance and effectiveness of our features, the choice
and tuning of our machine learning models, the balance
of our dataset and the complexity of the crop prediction
task, performing thorough training, validation, and test‐
ing will give the accuracy metric we need.

Keywords: Machine Learning, SVM, KNN, Crop Recom‐
mendations

1. Introduction
Since independence, the primary contributor to

the country’s GDP has been agriculture. Agronomy
and their associated industries constituted 59%
of the nation’s overall GDP during the ϐiscal year
1950‑1951 [1]. Despite the relatively low agricultural
productivity, agriculture remains one of the most
prominent economic sectors in India. Precision
agriculture is one method we may utilize to boost
productivity. Applying precise and suitable amounts
of soil, fertilizers, andother elements iswhat precision
farming entails, as the term implies. Globalization
has, however, caused a signiϐicant shift in the
agricultural trend in recent years. Numerous factors
have adversely affected India’s agricultural sector. In
order to restore crop vitality numerous innovative

technologies have been developed. Precision farming
is one such method, applied at the right time to
the crop to boost yields and production. Precision
agriculture refers to farming technology that is site‑
speciϐic. But in agriculture, it’s important that the
guidance provided be precise and correct.

Machine learning, as deϐined by Arthur Samuel
in 1959, is the study of how computers learn with‑
out being explicitly programmed. ML algorithms are
trained on vast volumes of facts to generate expecta‑
tions or ϐindings. Recent years have seen a surge in
crop prediction research. For example, using IoT and
machine learning (ML) technology to improve agricul‑
tural decision‑making [2]. Another research proposes
employing neural networks to create a robust, precise,
and clear recommendation system [3].

To anticipate the most productive crop, this work
proposes a crop suggestionmethod thatmakes source
of machine learning algorithms to evaluate soil (pH,
phosphorus, nitrogen, and potassium) and meteorol‑
ogy (temperature, moisture, and rainfall) data. The
F1 score, Recall, and Precision have been utilized to
assess the performance of the approach suggested for
every class and method. Crop recommendation sys‑
tems can assist farmers in selecting which crops to
plant, increasing yields and reducing resource con‑
sumption. Crop suggestion systems can also increase
agriculture’s ability to adapt to climate change. The
remaining part of this work includes: The literature
review and details on the model are provided in Sec‑
tions 2 and 3. Sections 4 and 5 cover the Experimental
Setup.

2. Literature Review
Including important environmental variables

improves the dataset which is used in [4]. The dataset
contains Temperature, Humidity, pH, rainfall and
label which includes sugarcane, coconut, jute, cotton,
papaya, groundnut, maize, graphs, rice, mango,
rubber etc. It uses an SVM decision tree (Hybrid
approach) which maintains an accuracy rate of 91.8%
and Random Forest shows an accuracy of 95%. The
Table 1 itself serves as the literature review summary.

Themethodology,which integratesmachine learn‑
ing with the IoT, is not well recognized. The authors
of [2] proposed it as the Crop Monitoring and Recom‑
mendation System utilizing sensors to record certain

71



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

Table 1. Crop Recommendation Techniques ML

Authors Methodology Features Accuracy Dataset Advantages Limitations

Srilakshmi
A.,Madhumitha
K., Geetha K[4]

SVM decision
tree (Hybrid
approach),
Random
Forest

Temperature,
Humidity,
pH, rainfall,
label

SVM decision
tree (Hybrid
approach) ‑
91.8%.
Random
Forest ‑ 95%

sugarcane,
coconut, jute,
cotton,
papaya,
groundnut,
maize,
graphs, rice,
mango,
rubber etc

Predict crop for
any type of ϐield

Small dataset

R. Pallavi
Reddy, B.
Vinitha, K.
Rishita, K.
Pranavi
[2020] [2]

Linear
Regression
Model

N, P, K, and
moisture
values

generate
recommendations
to improve crop
production and
estimates the
price of the yield

Limited in capturing
non‑linear patterns,
Assumes
homoscedasticity and
independence of
errors

S. Mamatha
Jajur,
Soumya N. G.
[2019] [5]

KNN,
Decision
trees, SVM,
CNN and
LSTM, ANNs,
K‑means
clustering

Soil Type, pH
value, NPK
content of the
soil, Water
holding,
Temperature,
Average
rainfall,
Previously
Harvested
crop

‑ wheat, rice,
bajra, maize,
jawar,

select the
optimum crop
while keeping a
number of
variables in mind
to boost the
output of
agriculture,
minimise the
deterioration of
the soil in ϐields
that are under
cultivation and
use less fertiliser
when growing
crops.

Many algorithms are
used

Mr. Santosh
Mahagaonkar,
Devdatta A.
Bondre
[2019] [6]

Random
Forest,
Support
Vector
Machine
algorithm

crop, crop
yield dataset,
Location, soil
and crop
nutrients,
fertilizer
datasets

soil
classiϐication,
RF ‑86.35%
crop yield
prediction
SVM ‑99.47%

Soybean,
Rice, Jowar,
Wheat,
Sunϐlower,
Cotton,
Sugarcane,
Tobacco,
Onion, Dry
Chili, etc.

future prediction
of crop yield

Low accuracy in soil
classiϐication
performance heavily
depends on
parameter tuning and
it is memory
intensive, particularly
for large datasets

D. Anantha
Reddy,
Bhagyashri
Dadore, Aarti
Watekar
[2019] [7]

Naıv̈e Bayes,
K‑NEAREST
NEIGHBOUR,
RANDOM
FOREST,
CHAID

Depth,
Texture, pH,
Soil Colour,
Permeability,
Drainage,
Water
holding and
Erosion

‑ groundnut,
pulses,
cotton,
vegetables,
paddy,
sugarcane,
coriander.

Assist farmers in
planting the
appropriate seed
according to the
needs of the soil in
order to boost
output.

The Naıv̈e Bayes
algorithm pretends
feature
independence, which
might not be true
when dealing with
real‑world data.,
CHAID ‑
Limited to categorical
target variables and
predictors, making it
less versatile for
handling continuous
data

Nidhi H. Kulka‑
rni [8] 2018

Linear SVM
algorithms,
Random
Forest, Naıv̈e
Bayes

Soil type, pH
soil, NPK,
average
rainfall,
porosity of
soil, sowing
season
temperature

99.9
1%

Cotton,
Sugarcane,
Rice, Wheat

Crop productivity
has improved
exponentially for
rice, wheat, cotton,
and sugarcane.

restricted to a fairly
small number of
crops
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Table 1. Continued

Authors Methodology Features Accuracy Dataset Advantages Limitations

Zeel Doshi [3]
2018

Neural
Network
Random
Forest,
Decision Tree,
KNN

Temperature
rainfall,
Location, soil
condition

91% Jute, sesame,
soybean,
sugarcane,
tobacco,
sunϐlower seeds,
ragi, potato, tur,
grapeseed, and
mustard, bajra,
maize wheat, rice
gram, barley,
cotton, groundnut,
and pulses

Neural Networks
have the highest
accuracy
percentage.

predict the crop
using the harvest
from the previous
cycle. Crop supply
and demand are
not considered

Rohit Kumar
Rajak [9]
2017

Random Tree,
NB‑classiϐier,
ANN, SVM

depth, pH,
texture,
permeability
to store
water, color
of the soil,
and drainage
from erosion

‑ vegetables, rice,
sugarcane,
sorghum,
coriander,
bananas, legumes,
and groundnuts

boosts agricultural
productivity

larger dataset for
model training

S. Pudu‑
malar [10]
2016

Random Tree,
Naıv̈e Bayes,
KNN, CHAID,

Depth, pH,
texture,
water‑
holding
permeability,
Soil color,
erosion
drainage,

88% millet, pulses,
groundnut, cotton,
banana,
vegetables, paddy,
sugarcane,
sorghum,
coriander

Boost
productivity

larger dataset for
model training

Rakesh
Kumar [11]
2015

CSM, Gradient
Boosted
Decision
Tree, and
Greedy Forest

soil type,
weather, crop
type, water
density,

ratoi, toria,
wheat, potato,
sarso, linseed,
masoor, khesari,
onion, sugarcane,
Kanda, mung, til,
pumpkin, nenua,
ladies’ ϐinger, rice,
soybean, sweet
potato, toor,
vegetable seed,
and so on

offers a method to
select crops while
taking into
account the yield
forecast rate
inϐluenced by
various factors.

Adopting a
prediction
technique that
performs well and
has greater
accuracy is
necessary.

characteristics of the soil, such as its moisture content
and nutrients, and uploading the data to a cloud plat‑
form. An Android app receives this data and gives
recommendations for crop selectionbasedon soil type
among other factors. Furthermore, a price prediction
module has been integrated using linear regression.
This combined approach is expected to help farmers
make good choices and increase farmproductivity and
proϐitability aimed at taking into consideration soil
health worries.

Authors in [5] have used data including soil type,
acidity level, NPK content, permeability, water holding
capacity, average rainfall, temperature, as well as pre‑
viously grown crops. For classiϐication tasks they have
supervised learningmethods KNN, ensemble learning
(EL), and SVM and also unsupervised learning meth‑
ods (K‑means clustering for data analysis).

A technique that farmers throughout India can
simply employ is the intelligent crop recommendation

Figure 1. Logistic function [12]

system. Three processes are involved in this research:
the classiϐication of the soils, crop yield prediction,
and fertilizer suggestion utilizing Random Forest and
Support Vector Machine, which provide more robust
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Figure 2. SVM [5]

Figure 3. KNN [3,5]

models than traditional logistic regression model as
shown in Figure 1. Additionally, the system has apps
from third parties that provide weather data. The
result of this experiment reveals that soil classiϐication
using Random Forests and crop yield prediction with
Support Vector Machines are effective. The future is
to improve it by including development of a mobile
application for farmer as well as implementing crop
disease detection through image processing [6].

The authors in [7] suggested a method so that
they can help farmers to make decisions about crops
depending on their soil types. It applies soil‑speciϐic
characteristics such as depth, texture, pH, and water‑
holding capacity to recommend appropriate crops.
It makes use of a group method that incorporates
Random Tree, CHAID, Naıv̈e Bayes and KNN machine
learning algorithms as demostrated in Figure 3 and 5.
This study demonstrates the use of Random Forests

for soil categorization and the use of Vector Machines
for crop production prediction.

Four crops have been taken into consideration
in a crop recommendation system: wheat, cotton,
sugarcane, and rice in [8]. Accurate crop selec‑
tion is provided by crop recommendation systems,
which take soil, surface temperature, and rainfall into
account. The proposed model uses a high degree of
efϐiciency and accuracy of ensembling approach to
predict the crop that will boost yield.

The authors of thiswork [3] have introducedAgro‑
Consultant, an intelligent system that Indian farmers
may use to make well‑informed decisions on which
crops to produce by utilizing data on soil properties,
geographic location, and climatic parameters like rain‑
fall and temperature. This is accomplished by the uti‑
lization of various ML methods, like neural networks,
KNNs, Random Forests, and decision trees.

The authors [9] have concluded that crop yield
prediction is essential for the country’s planned guid‑
ing principlesmade in the ϐield of agriculture develop‑
ment, to provide greater agricultural output and effec‑
tive use of water resources while assisting farmers in
minimising the use of pesticides in crop production
and preventing soil deterioration.

Based on the needs of the soil, data mining tools
would assist farmers in choosing the best seeds to
plant, guaranteeing higher yield to make a proϐit. To
precisely and effectively recommend a crop based
on site‑speciϐic data, a collaborative recommenda‑
tion model is built using techniques including the
algorithms Random Tree, CHAID, KNN, and Naıv̈e
Bayes [10].

To grow the crop’s net yield rate, the authors
of [11] recommend the Crop Selection Method (CSM),
which recommends the series of crops that will be
sown throughout the season depending on the crop
yield forecast. A solution for crop selection based
on factors such as crop type, weather, soil type, and
water density is offered by the proposedmethod. This
approach suggests a crop sequence’s daily production
is maximal for a given season, considering the crop,
sowing time, number of days in planting, and season‑
wise yield rate as inputs.

Machine learning is one of several methods to pre‑
dict crop production in agriculture. Machine learning
techniques such as Random Forests and Support Vec‑
tor Regression are used, which provide more robust
models than traditional linear regressionmodels [12].

3. Model Used
3.1. Logistic Regression

One technique used for binary classiϐication is
called Logistic Regression. In this technique we pre‑
dict the probability of an input example falling into
one of two classes. Therefore, the output should be in
discrete value i.e., either Yes or No, true or false, etc.
It is classiϐied into three basic categories: Binomial,
Multinomial and Ordinal.
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Sub-Tree

Decision Node

Decision Node Decision Node

Leaf Node Leaf Node Leaf Node
Decision Node

Leaf Node Leaf Node

Root Node

Figure 4. Decision Tree [3]

Figure 5. Random Forest [3]

𝑦 = 1
1 + e−(𝑎0+𝑎1𝑥) (1)

• x = input value
• y = predicted output
• 𝑎0 = bias or intercept term
• 𝑎1 = coefϐicient for input (x)
3.2. Naïve Bayes

One of the most fundamental and successful prob‑
abilistic classiϐication methods, Naıv̈e Bayes, is based
on the Bayes’ theorem. It generates a likelihood table
by ϐinding probabilities of the features. GaussianNaıv̈e
Bayes is speciϐically appliedwhen continuous features
follow a Gaussian distribution. It’s efϐicient, simple,
and performs well in limited training data.

𝑃 (𝐴 | 𝐵) = 𝑃 (𝐵 | 𝐴) ⋅ 𝑃 (𝐴)
𝑃(𝐵) (2)

Eq.(2) is Bayes’ theorem in which:
P(A)= The probability of A occurring
P(B)= The probability of B occurring
P(A∣B)=The probability of A given B
P(B∣A)= The probability of B given A
3.3. SVM

Support Vector Machine (SVM) is a supervised
machine learning technique that may be applied to
both regression and classiϐication applications. The
objective of this method is to determine the hyper‑
plane that effectively divides the two classes with
the widest possible margin. The SVM algorithm uti‑
lizes two crucial elements to choose the most suitable
hyperplane for classifying labels: two measurements:
the support vectors, or the data points closest to the
hyperplane, and the margin, or the distance between
the hyperplane and the closest data points. Figure 2
highlights the SVM plan and support vectors.

𝑤 ⋅ 𝑥 + 𝑏 = 0 (3)

Eq.(3) equation of hyperplane in which:
𝑤 = a vector normal to hyperplane
b = an offset
3.4. KNN (K‐Nearest Neighbours)

KNN, K‑Nearest Neighbours is a supervised ML
method, is usually used for division but also for regres‑
sion. This method starts with selecting the nearest
Neighbors. Then, on can try different values for K to
ϐind the optimal one. The Euclidean distance between
K Neighbors is also calculated. We count the number
of data points in each category between theseKNeigh‑
bors, and we assign a new data point to the category
with the highest number of Neighbors. Expanding the
training data collection could enhance this technique.

𝑑 = ට(𝑥2 − 𝑥1)2 + (𝑦2 − 𝑦1)2 (4)

Eq. (4) is Euclidean distance formula in which:
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Figure 6. (a). Relationship between Nitrogen Levels and Crop Yield

Figure 6. (b). Relationship between Potassium Levels and Crop Yield

The coordinates of one point are (x1, y1)
The coordinates of the other point are (x2, y2)
Distance between (x1, y1) and (x2, y2) is d.

3.5. Decision Tree

Although decision trees are among the most pow‑
erful tools available, they are typically employed for
classiϐication jobs. They can also be utilized for regres‑
sion assignments. As shown in Figure 4, the Decision
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Figure 6. (c). Relationship between Phosphorus Levels and Crop Yield

Figure 6. (d). Relationship between Temperature and Crop Yield

Node and Leaf Node are the two nodes that make up
this system. Leaf Nodes represent the decision’s out‑
put, and Decision Nodes are used to make decisions.
Decision trees are easy to understand, treatment of
both numerical and categorical data though their
failure to prune could lead them into over‑ϐit situa‑
tions especially when noisy datasets are considered.

3.6. Random Forest

Among the widely used ensemble models based
on decision trees is RandomForest. Every observation
is fed into one of the many decision trees that are
generated in Random Forest. Random Forest can deal
with high‑dimensional data, maintain some level of
interpretability, and has less chance of being affected
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Figure 6. (e). Relationship between Humidity and Crop Yield

Figure 6. (f). Relationship between pH and Crop Yield

by overϐitting than individual decision trees them‑
selves [13].

4. Proposed Method

We aim to develop a CR System by using ML
techniques to help farmers select which crop should
yield based on soil and climate parameters. The
dataset used contains nitrogen (N), phosphorus (P),
potassium (K) levels, temperature, humidity, pH, and

amount of rainfall, along with the label of crops suit‑
able for the environment and to get a better under‑
standing of the dataset we have visualized the corre‑
lation between label and other features.

To ensure data integrity, exploratory data analysis
identiϐies the dataset’s dimensions, contents, miss‑
ing values, and duplicates. Furthermore for smooth
ϐlow of data, crop labels were mapped into numeri‑
cal identiϐiers. Each crop is associated with a unique
numerical value, ranging from 1 to 22. A new column
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Figure 6. (g). Relationship between Rainfall and Crop Yield

Dataset

EDA

- Mapping Categorical 

Labels to Numeric Values

- Feature Scaling with Min-

Max Scaler

- Feature Scaling with 

Standard Scaler

Training 

Recommendation 

System

Models

- Decision Tree

- Random Forest

- Logistic Regression

- Naïve Bayes

- Support Vector 

Machine 

- K-nearest Neighbors

Testing 

Feature Extraction

Crop to be Yield

Figure 7. Block Diagram of Crop Recommendation System

‘crop_num’ is created corresponding to existing col‑
umn ‘label’ containing crop names.

The dataset is divided into features (X) contain‑
ing N, P, K, temperature, humidity, pH and rain‑
fall and labels (y) containing newly created column
‘crop_num’. To standardize and normalize the data for
model compatibility, we have used Min‑Max Scaler. So
that it scales and translates each feature individually
using the function MinMaxScaler().

The Figure 7 above demonstrates VariousMachine
learning algorithms were used for the development of
the model. Each model’s accuracy in crop prediction
was evaluate using training dataset (X_train, y_train)
after that, the suitablemodelwas trainedusing a train‑
ing dataset (X_train, y_train). Naıv̈e Bayes has shown
to have the highest accuracy among these models.

For the most accurate crop recommendation as
shown in the Figure 8, a Gaussian Naıv̈e Bayes model
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Figure 8. Accuracy Comparison

Table 2. Crop Label and Corresponding Numerical
Representation

label Crop_num
Rice 1
Maize 2
Jute 3
Cotton 4
Coconut 5
Papaya 6
Orange 7
Apple 8
Muskmelon 9
Watermelon 10
Grapes 11
Mango 12
Banana 13
Pomegranate 14
Lentil 15
Blackgram 16
Mungbean 17
Mothbeans 18
Pigeonpeas 19
Kidneybeans 20
Chickpea 21
Coffee 22

is trained on the entire dataset. A recommendation
function is developed, which will allow users to input
soil and climatic parameters such as nitrogen, phos‑
phorus, potassium levels, temperature, humidity, pH,
and rainfall to predict the most suitable crop for cul‑
tivation then a trained model is used, and the func‑
tion simply predictswhilemapping the predicted crop
number against a predeϐined dictionary storing its
corresponding crop name [14] as displayed in Table 2.

For better understanding of the performance of
all models used and to make right decisions we have
also generated ConfusionMatrix demonstrated in Fig‑
ures 9 & 9 and Classiϐication report containing Pre‑
cision, Recall and F1 score of all models (Logistic
Regression,Naıv̈e Bayes, SVM,KNN,DecisionTree, and
Random Forest) [15].

Figure 9. (a). Confusion Matrix ‐ Logistic Regression

Figure 9. (b). Classification Report ‐ Logistic Regression

5. Result
The research presented here compares machine

learning approaches used in crop recommendation
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Table 3. Before MinMax Scaling

N P K temperature humidity pH rainfall
1656 17 16 14 16.396243 92.181519 6.625539 102.944161
752 37 79 19 27.543848 69.347863 7.143943 69.408782
892 7 73 25 27.521856 63.132153 7.288057 45.208411
1041 101 70 48 25.360592 75.031933 6.012697 116.553145
1179 0 17 30 35.474783 47.972305 6.279134 97.790725

Table 4. After MinMax Scaling

0.12142857 0.07857143 0.045 0.21723408 0.9089898 0.48532225 0.29685161
0.26428571 0.52857143 0.07 0.53710965 0.64257946 0.56594073 0.17630752
0.05 0.48571429 0.1 0.53647858 0.57005802 0.58835229 0.08931844
0.72142857 0.46428571 0.215 0.47446209 0.708898 0.39001747 0.34576958
0. 0.08571429 0.125 0.76468429 0.39318139 0.43145185 0.2783274

Table 5. Accuracy of ML Models

Models Accuracy
Logistic Regression 0.9636
Naive Bayes 0.9954
Support Vector Machine 0.9681
K‑Nearest Neighbors 0.9590
Decision Tree 0.9818
Random Forest 0.9931

Figure 10. (a). Confusion Matrix ‐ Naïve Bayes

systems to recommend high‑yielding crops. To get the
better insight of the dataset we have plotted graphs of
correlation between each feature (Nitrogen, Phospho‑
rus, Potassium, Temperature, pH and Humidity) and
the label. Furthermore, each model is evaluated for
accuracy using testing data. Table 3 and 4 displays the
standardize andnormalize the data formodel compat‑
ibility, using Min‑Max Scaling.

The Figure 8 shown above demonstrates that Ran‑
dom Forest and Naıv̈e Bayes algorithms exhibit the
utmost level of accuracy, while Logistic Regression
and K‑nearest Neighbors methods display the low‑
est level of accuracy as seen in the Table 5. Metrics
such as the confusion matrix, precision, recall, and F1
score offer a more insightful analysis of the prediction

Figure 10. (b). Classification Report ‐ Naïve Bayes

Figure 11. (a). Confusion Matrix ‐ Support Vector
Machine

results than accuracy alone. Confusion matrices dis‑
play the true positive, true negative, false positive, and
false negative predictions given by each model shown
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Figure 11. (b). Classification Report ‐ Support Vector
Machine

Figure 12. (a). Confusion Matrix ‐ K‐Nearest Neighbors

in the Figures 14(a) & 14(b), enabling us to evaluate
the precision and efϐicacy of crop categorization. Addi‑
tionally, the categorization reports provide a thorough
evaluation of performance parameters such as pre‑
cision, recall, and F1 score for each crop category.
Precision assesses the model’s accuracy in identifying
speciϐic crops by determining the ratio of correctly
identiϐied instances to all instances predicted for that
crop, for example, correctly identifying wheat crops
out of all predicted wheat instances. Recall provides
crucial insights into the model’s capability to capture
and include all relevant events, such as ensuring all
instances of a speciϐic crop like rice are correctly iden‑
tiϐied and included in the predictions. The term refers
to the proportion of true positive predictions relative
to the combined number of false negative predictions

Figure 12. (b). Classification Report ‐ K‐Nearest
Neighbors

Figure 13. (a). Confusion Matrix ‐ Decision Tree

Figure 13. (b). Classification Report ‐ Decision Tree
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and true positive predictions for each category. Taking
the weighted harmonic mean of precision and accu‑
racy, one can calculate the F1 score. The number of
actual occurrences of the class in the provided dataset
is referred to as support. Consequently, we have gen‑
erated a classiϐication report and visualization for
each model. To obtain the most accurate forecast, it is
essential to utilize above mentioned metrics provided
in the analysis [16].

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 (5)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁 (6)

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 𝑇𝑃
𝑇𝑃 + 1

2(𝐹𝑃 + 𝐹𝑁)
(7)

Figure 14. (a). Confusion Matrix ‐ Random Forest

Figure 14. (b). Classification Report ‐ Random Forest

6. Conclusion and Prospective Intent
The proposed study will assist farmers in increas‑

ing agricultural output, reducing soil degradation in
cultivated ϐields, and using less fertiliser during crop
production by suggesting the optimal crop amount to
plant based on a wide variety of criteria. The sug‑
gested activity helps farmers sustainability by help‑
ing them choose the right crops to cultivate. We
have identiϐied the advantages and disadvantages of
each model through comparative analysis, provid‑
ing important information for decision‑making in the
agricultural sector. We can improve the system later
by adding more features to the dataset. Furthermore,
with the support of remote sensing technologies and
IoT devices, real‑time monitoring can be made pos‑
sible which would allow the system to recommend
crops along with climate change. To make the project
beneϐicial to farmers in every corner of our nation, we
may also incorporate all regional languages.
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Abstract:
Facial recognition technology finds applications in secu‐
rity, surveillance, and social media. Existing research
explores the use of machine learning and deep learning
for face recognition, emphasizing the need for improved
accuracy. This paper proposes a system for suspect iden‐
tification using facial recognition. The system leverages
ensemble learning by integrating seamlessly with Ope‐
nAI’s advanced technologies and is supported by a robust
cloud infrastructure. The comparison of the proposed
ensemble model to individual models like VGG‐Face,
Facenet, Facenet512, Deepface, DeepID, ArcFace, and
SFace uses multiple detectors and the Labelled Faces
in the Wild (LFW) dataset. The results show that the
ensemble model offers the most efficient processing time
across all sample sizes. In contrast, models like VGG‐Face
and DeepID exhibit a steeper increase in processing time,
suggesting lower scalability. For instance, at a sample
size of 50, the local test completes in 61.3 seconds, while
the cloud API test takes 67.2 seconds. This highlights the
faster processing speed of the local test across all sample
sizes. FaceNet, VGG‐Face, andArcFacemodels are chosen
in ensemble model where in all of them have accuracy
above 95% in every face detector test. Facenet512 model
has 98.4% among the selected ensemble model whereas
ensemble of these models shows 98.8 accuracy.

Keywords: Face recognition, Accuracy test, Deep learn‐
ing, ensemble learning, Cloud API

1. Introduction
Facial recognition technology has become a pow‑

erful tool with applications in social media [19],
security [20], and surveillance [18]. The traditional
method of using hand‑drawn sketches for suspect
identiϐication is labor‑intensive, time‑consuming, and
often a bottleneck in the investigationprocess. Despite
the spread ofmodern recognition techniques, the inef‑
ϐiciencies inherent in manual sketching processes—
limited scalability, signiϐicant time investment, and
resource constraints—have hindered the timely and
effective identiϐication of suspects [21]. These chal‑
lenges underscore the urgent need for a revolutionary
application that transcends the selection of individual
facial features to enable rapid, comprehensive face
sketch recognition. Existing research explores various
machine learning and deep learning models for face
recognition [22,23].

The proposed method of this paper identiϐies
sevenprominentmodels: VGG‑Face [24], FaceNet [25],
FaceNet512, DeepFace [26], DeepID, ArcFace [28],
and Sface [27]. These models are trained on large
datasets (like Labelled Faces in the Wild (LFW)) to
achieve high accuracy (above 90%). VGG‑Face learns
distinctive features for the face recognition process.
FaceNet maps face images to high‑dimensional fea‑
tures for similarity recognition. FaceNet512 utilizes
a higher dimensional space for improved face recog‑
nition performance. DeepFace extracts facial features
for multi‑task learning encompassing face detection,
alignment, and recognition. DeepID learns hierar‑
chical representations of faces for high accuracy in
face veriϐication and identiϐication. ArcFace and Sface
enhance the discriminative power within the face
feature space through speciϐic loss functions during
training. These models are widely used and have
signiϐicantly contributed to advancements in face
recognition. Their performance varies based on fac‑
tors like datasets, evaluation protocols, and applica‑
tion (in terms of accuracy, precision, recall, and F1‑
score).

Ensemble learning combines multiple models
to surpass the performance of any single model.
It aggregates the diverse predictions from chosen
models, leveraging the ”wisdom of the crowd.”
The proposed face recognition model utilizes
ensemble learning to improve its performance
by harnessing the collective strengths of the seven
models while mitigating individual weaknesses.
Cloud environments offer convenient data storage
and retrieval from anywhere. Services like Amazon
S3 provide an interface for cost‑effective retrieval
of large datasets. Combining these S3 buckets with
AWS segmentation services ensures authorized
user access to speciϐic data stored within the
bucket.

The proposed system designs and develops a
recognition model using machine and deep learning‑
based ensemble learning by leveraging advanced
facial recognition against criminal databaseswith efϐi‑
cient cloud‑based storage, management, and security
of suspect faces. This approach ensures scalability,
reliability, and cost‑effectiveness for face recognition
application workloads. It establishes a cloud‑based
centralized database to facilitate easy global access
to crucial information for law enforcement agencies.
The developed model is tested on AWS cloud for
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portability using the respective APIs. The integra‑
tion of deep learning algorithms and cloud infras‑
tructure for database matching and veriϐication, aim‑
ing at a signiϐicant improvement in the efϐiciency
of the identiϐication process. Our speciϐic contribu‑
tions include the following: (1) design and develop‑
ment of recognition model using machine and deep
learning‑based ensemble learning; (2) establishment
of a cloud‑based centralized database to facilitate easy
global access; (3) ensuring the scalability, reliability,
and cost‑effectiveness for face recognition application
workloads using S3 buckets with AWS segmentation
services; and (4) a performance analysis of the devel‑
oped face recognition model.

This paper is structured as follows: Section II dis‑
cusses related work on face recognition using deep
learning. Section III details the proposedmethodology
for ensemble learning in a cloud environment. Section
IV presents result analysis, followed by the conclusion
in Section V.

2. Related Works

The Dual‑Scale Markov Network (DSMN) and
Multi‑Information Fusion algorithm [1] represents an
innovative contribution to the ϐield of face sketch‑
photo synthesis and recognition considering diverse
facial features and variations. The algorithm inte‑
grates information from multiple sources, enhancing
the synthesis and recognition accuracy. The accuracy
of the DSMN relies on the quality of the initial sketch.
If the sketch is poor, the synthesized photo or recog‑
nition accuracy suffers. The information fusion stage,
might be computationally expensive, making it chal‑
lenging for real‑time applications.

The authors of [2] achieved promising perfor‑
mance in matching composite sketches generated by
eyewitnesses, to mugshot photographs. It relies on
three key techniques: Active Shape Model (ASM) for
pinpointing facial landmarks on both the sketch and
photo, Multiscale Local Binary Patterns (MLBP) to
extract distinctive features from each facial compo‑
nent, and component similarity fusion to determine
the overall match between the sketch and photo.
This component‑based approach achieved signiϐicant
improvements when compared to a leading commer‑
cial face recognition systemand a simplermethod that
analyzed the entire face as a single unit. The promising
performance suggests that this method has the poten‑
tial to be a valuable tool for law enforcement agencies
in identifying and apprehending suspects.

A comprehensive survey of various 3D face recon‑
struction techniques is explored in [3], including deep
learning, epipolar geometry, one‑shot learning, 3D
morphablemodels, and shape‑from‑shadingmethods.
It delves deeper into the analysis of deep learning‑
based reconstruction techniques, dominant technique
with high accuracy, detail, and robustness. Recon‑
structing faces from historical photographs or rare
medical scansmight be challenging due to the scarcity
of training data from similar domains. It may require

additional cues like depth information for better accu‑
racy for handling complex lighting condition.

The role of facial reconstruction (FFR) identiϐies
unknown individuals by utilizing a combination of sci‑
entiϐic principles and artistic skills to recreate a like‑
ness of the deceased based on their skeletal remains
[4]. The process involves employing various tech‑
niques such as 2D/3D computer‑aidedmethods, man‑
ual sculpting, and even clay modeling. An important
aspect of FFR is the understanding of facial tissue
depth variations those are inϐluenced by factors such
as age, sex, and ancestry. However, the accuracy of FFR
is currently hampered by limitations in the existing
database on tissue depth variations, particularly for
non‑caucasian populations. This highlights the need
for further research and data collection to improve the
accuracy of FFR for a wider range of demographics.

An approach to facial image editing [5] leverages a
hybrid Convolutional Neural Network (CNN) architec‑
ture to manipulate speciϐic facial attributes. Notably,
it incorporates a pre‑trained facial recognition model
to extract key features from the image. This allows the
framework to edit aspects like age, gender, expression,
and hair color while maintaining a realistic appear‑
ance and preserving the underlying facial identity.
The current study focuses on editing faces of Asian
descent. Further research is needed to determine the
generalizability of this approach to a wider range of
ethnicities.

3D face reconstruction leverages a neural network
to not only predict the 3D face shape but also assess
the conϐidence of the reconstruction [6]. The authors
demonstrate that their approach surpasses shape‑
averaging techniques in terms of reconstruction accu‑
racy, particularly on the MICC dataset. The neural net‑
work tends to favor high‑quality face images for recon‑
struction, speciϐically those with frontal poses, clear
visibility, and natural lighting conditions. Conversely,
images containing occlusions like sunglasses, hats, or
hair can lead to decreased conϐidence scores in the
reconstruction process. This highlights the need for
the model to be more robust to variations in image
quality and pose for real‑world applications.

The study of [7] investigates eye‑tracking data
of participants viewing freehand sketches. Interest‑
ingly, the research identiϐied consistent patterns in
how people ϐixate on various parts of the sketch,
bothwithin individual sketches and across sketches of
the same category or related groups using a sketch‑
speciϐic data augmentation technique. This method
signiϐicantly improves the accuracy of deep learning
models in recognizing freehand sketches.

The automation of facial composite production
and identiϐication processes focuses on EvoFIT sys‑
tem, a software program that allows witnesses to
build facial composites by selecting features from a
database [8]. The study compared a standalone ver‑
sion of EvoFIT, which does not require operator guid‑
ance, to the full system with a human operator using
the Shape Tool. They evaluated the resulting compos‑
ites using a root mean square error (RMSE) measure
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to assess their similarity to the target face, the study
explored the potential for matching composites gen‑
erated using EvoFIT against a database of other com‑
posites.

Coupled Information‑Theoretic Encoding (CITE)
utilizes Principal Component Analysis (PCA) and Lin‑
ear Discriminant Analysis (LDA) alongside a Ran‑
domized CITE Tree Algorithm to extract informa‑
tive features from different modalities: photos and
sketches [9]. These features are then fed into a Lin‑
ear Support Vector Machine (SVM) for classiϐication.
Notably, the CITE descriptors outperform popular
facial recognition features like Local Binary Patterns
(LBP) and Scale‑Invariant Feature Transform (SIFT).
CITE method signiϐicantly improves veriϐication rates
at low false acceptance rates compared to existing
methods. This improvement is further enhanced by
incorporating PCA, LDA, and SVM for information
fusion, solidifying CITE as a powerful approach for
face photo‑sketch recognition.

CITE allows the system to capture the essence
of facial structure despite the inherent differences
between these image types [19]. The technique of
synthesizing pseudo photos from query sketches and
using RS‑LDA for matching demonstrated certain
limitations, especially when dealing with signiϐicant
shape distortion between photos and sketches in the
training set.

A real‑time deep neural network architecture
called DiFRuNNT for disguised face veriϐication [11]
consists of two neural networks: CNN to predict
20 facial key points in the image, and a secondary
network to classify subjects based on angles and ratios
calculated from these predicted points. The achieved
accuracies are 67.4% for prediction and 74.8% for
classiϐication, respectively.

Conceptual categorization and evaluation metrics
given in [12] provides comprehensive survey of rele‑
vant publications on face recognition systems under
morphing attacks as well as discusses technical con‑
siderations, tradeoffs, open issues, and challenges in
the ϐield.

Review of deep learning methods in face recog‑
nition covers various deep learning architectures,
loss functions, databases, protocols, and application
scenes [13]. It highlights the rapid evolution and sig‑
niϐicant impact of deep learning on face recognition,
discussing challenges and promising directions.

Discriminative approaches without explicit age
modeling achieves excellent performance in face ver‑
iϐication across age progression [14]. They ϐind that
gradient orientation, particularly in a hierarchical
structure called the gradient orientation pyramid
(GOP), combined with SVMs, achieves excellent per‑
formance. Empirical study on age gaps impact on
recognition algorithms, providing insights into age‑
related challenges.

The conventional pipeline for face recognition
involves four stages: detect, align, represent, and clas‑
sify for improving the alignment and representation
steps by incorporating explicit 3D face modeling to

apply a piecewise afϐine transformation. They derive
a face representation using a nine‑layer deep neural
network with over 120 million parameters, employ‑
ing locally connected layers without weight sharing.
Trained on a massive facial dataset containing over
four million images from more than 4,000 identities,
their method couples accurate model‑based align‑
ment with a large facial database, yielding remark‑
able generalization to faces in unconstrained environ‑
ments. Even with a simple classiϐier, their approach
achieves an accuracy of 97.35% on the LFW dataset,
reducing the error of the current state of the art by
over 27% and approaching human‑level performance
closely.

2D‑to‑3D integrated face reconstruction approach
signiϐicantly improves accuracy of face recognition
with changing pose, illumination, and expression
(PIE) [16]. It offers an efϐicient and automatic frame‑
work for 3D face reconstruction and recognition,
overcoming challenges of variant factors like PIE.
Experimental results show that their synthesized vir‑
tual faces signiϐicantly enhance recognition accuracy,
especially when dealing with changes in PIE condi‑
tions.

Identity‑Preserving Face Recovery from Portraits
(IFRP) recover photorealistic faces from artistic por‑
traits while preserving identity poses a signiϐicant
challenge due to potential distortions or loss of ϐine
details. It comprises two main components: the Style
Removal Network (SRN) and the Discriminative Net‑
work (DN). SRN and DN recover latent photorealistic
faceswhile preserving identity. It introduces amethod
for recovering realistic faces from unaligned stylized
portraits while preserving identity, achieving state‑of‑
the‑art results.

3. Proposed Face Recognition

Face recognition process ϐlow involves a user,
recognitionmodel, AWS segmentation, and an S3 stor‑
age component as shown in Figure 1. The sequence
begins with the user providing an image, which is
then fed into the recognition model and uploaded to
an AWS S3 bucket for storage. The recognition model
initiates a recognition task by retrieving the image
from AWS S3, facilitated by the AWS Segmentation
service that performs pre‑processing tasks like image
segmentation or feature extraction. Once the recog‑
nition process is completed, the model calculates a
match percentage and generates metadata related to
the image, sending these results back to the user. This
workϐlow integrates cloud storage and processing,
with the core functionality residing in the deep learn‑
ing model deployed on the AWS Lambda cloud plat‑
form for on‑demand execution. The model focuses on
extracting key features from the input image, partic‑
ularly those corresponding to facial elements like the
eyes, nose, and mouth. By comparing these extracted
features against a database of facial images, themodel
attempts to identify potential matches between the
sketch and real suspects.
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Figure 1. Face Recognition Process

The recognition module receives results from
the deep learning model, which typically include
similarity scores for each potential suspect in the
database, indicating how closely the sketch resembles
a particular suspect’s facial features. Acting as a
bridge between the user‑query image and the suspect
database, the recognitionmodule leverages the power
of deep learning to identify potential matches based
on facial recognition. The accuracy of seven existing
algorithms in Deepface, including VGG‑Face, FaceNet,
FaceNet512, DeepFace, DeepID, ArcFace, and SFace,
is tested. This process enhances recognition tasks by
effectively leveraging cloud computing capabilities for
scalable and efϐicient image analysis. The evaluation
begins with meticulous dataset selection. Each
image undergoes standard preprocessing steps
such as normalization of size and color intensity,
and alignment using detectors like Retinaface,
MTCNN, fast MTCNN, dlib, yolov8, yunet, centerface,
mediapipe, ssd, and OpenCV. Testing of the seven
models involves comparing an input image to each
existing image, with predictions recorded to calculate
the models’ accuracy. These seven models run in an
ensemble model processed in parallel for the same
input image. The most frequently occurring output
image generated by each individual model is then
put through a voting system, where the mode of all
output images is taken as the ϐinal result. Given that
each facial recognition model was trained on different
datasets by different developers at different times,
varying results are expected. Thus, this method of
taking the mode value of the results provided by each
model ensures greater accuracy and consistency. A
facial recognition model broadly works on the same
pipeline as shown in Figure 2.

Facial Recognition Process Flow is as follows: (1)
Image Input: The process begins with an image pro‑
vided by the user as shown in Figure 2; (2) Stor‑
age: The image is uploaded to a designated stor‑
age location, an Amazon S3 bucket in this case;
(3) Image Preprocessing: The Amazon Segmentation
service retrieves the image from storage and per‑
forms preprocessing tasks like segmentation or fea‑
ture extraction; (4) Recognition Model: A deep learn‑
ing model, deployed on the AWS Lambda platform,
analyzes the preprocessed image. The model extracts
key features from the image, particularly those corre‑
sponding to facial elements. These features are com‑
pared against a database of facial images to iden‑
tify potential matches; (5) Results Generation: The

model calculates a match percentage for each poten‑
tial match in the database. Metadata related to the
image is also generated; and (6) Output: The results,
including match percentages and imagemetadata, are
sent back to the user.

FollowingDeepLearningModelDetails are consid‑
ered. (1) The core functionality lies in a deep learn‑
ing model trained to extract facial features. (2) The
model is evaluated against various existing algorithms
to ensure optimal accuracy. (3) An ensemble model
approach is used, where multiple models process the
image in parallel and the ϐinal result is determined
through a voting system.

This workϐlow leverages cloud storage (S3) and
processing (Lambda) for scalable and efϐicient image
analysis. It demonstrates a typical facial recognition
pipeline where an image is uploaded, processed, ana‑
lyzed for facial features, compared against a database,
and results are delivered.
3.1. Face Recognition and Alignment

Face detection involves identifying and aligning
faces within an image. Alignment is straightforward
once the face and eyes are detected. Various
algorithms used for face detection are as follows:
(1) RetinaFace: Discusses its architecture and the
speciϐic features that enable RetinaFace to handle
different scales and orientations in face detection; (2)
MTCNN: Explains the multi‑task cascaded framework
and its efϐiciency in detecting detailed face attributes
alongside face detection; (3) FastMTCNN: Focuses
on the optimizations that make FastMTCNN a faster
alternative to MTCNN while maintaining comparable
accuracy; (4) Dlib: Compares the HOG+SVM‑based
approach and the CNN‑based detector in Dlib,
highlighting scenarios where each is preferable; (5)
YOLOv8: Describes how YOLOv8 adapts the YOLO
object detection framework for fast and effective
face detection; (6) YuNet: Provides details on YuNet’s
architecture and its effectiveness in real‑time face
detection applications; (7) CenterFace: Analyzes the
method’s approach to detecting face centers and
scales, particularly in crowded environments; (8)
MediaPipe: Explores the integration of MediaPipe’s
face detection in multimodal pipelines and its real‑
world applications; (9) SSD: Discusses the application
of the SSD framework for face detection and its
performance across various datasets; and (10)
OpenCV: Outlines the use of Haar feature‑based
cascade classiϐiers and their suitability for entry‑level
face detection tasks. A detector detects an image and
aligns it as shown in Figure 3.

Face
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Feature
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Face

Matching
DatabaseInput 

Image

Figure 2. Face Recognition Stages
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Figure 3. Facial Detection and Alignment

Figure 4. Facial Detection by Different Detectors

Figure 5. Nodal Points on Two Different People

Subsequently, different detectors perceive faces in
distinct ways. For instance, Figure 4 illustrates how
each of the previously mentioned detectors perceives
the same face from a single image.While each cropped
image includes the entire face, the variation lies in the
amount of background retained in the image.
3.2. Feature Extraction

Features such as eyes, nose, mouth, etc. are
extracted from the aligned face. This is achieved by
using nodal points [14]. As seen in Figure 5, the ratio
of the nodal points of both the humans are different, it
is not possible for them to be similar unless they are
identical twins.

Face Representation: Each face is represented as a
high‑dimensional vector in a feature space. This vector
is obtained from the output of a deep neural network
(e.g., VGG Face, FaceNet) that has been trained to map
facial images into a compact embedding space.
3.3. Feature Matching

Encoded representations are compared to a
database or gallery of known identities, using
methods such as cosine similarity and Euclidean
distance to determine the similarity between two
vectors in a multi‑dimensional space.
Distance Metric: To determine how similar or dis‑
similar two facial feature vectors are, the Euclidean

distance between them is computed. For two feature
vectors x and y, each of dimension n, the Euclidean
distance d is calculated using the formula given in
Equation 1 where Sum of Squared Differences is com‑
puted as given in Equation 2.

𝐸𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒 ∶ 𝑑(𝑥, 𝑦) = ඩ
𝑛

෍
𝑖=1

(𝑥𝑖 − 𝑦𝑖)
2

(1)

Sum of Squared Differences =
𝑛

෍
𝑖=1

(𝑥𝑖 − 𝑦𝑖)
2 (2)

Cosine Similarity in Face Recognition
1. Direction Over Magnitude: Cosine similarity

focuses on the orientation of the vectors rather
than their magnitude. This is useful for face
recognition because it measures how similar the
patterns of the features are, regardless of their
scale. This can help in scenarios where the length
of the feature vector may vary due to different
factors like the scale of images or variations in
lighting conditions.

2. Normalization: Cosine similarity normalizes the
feature vectors, making it robust to variations in
the length of the vectors. This normalization can be
beneϐicial when comparing face embeddings that
may be affected by varying image conditions.

3. Similarity Measurement: Cosine similarity is used
to compute the similarity score between feature
vectors. A higher cosine similarity indicates that
the vectors are more similar, which can be inter‑
preted as the faces being more likely to belong to
the same individual.
Feature Vectors: For two facial feature vectors 𝑥

and 𝑦, each of dimension 𝑛, the cosine similarity is
deϐined as given in Equation 3.

Cosine Similarity(𝑥.𝑦) = 𝑥.𝑦
||x|| ||𝑦|| (3)

where:
1) x⋅y is the dot product of the vectors.
2) ∥x∥ and ∥y∥ are the magnitudes (or norms) of the

vectors.
Dot Product: The dot product x⋅y is calculated as

given in Equation 4.

𝑥 ⋅ 𝑦 =
𝑛

෍
𝑖=1

𝑥𝑖 .𝑦𝑖 (4)

where xi and yi are the components of vectors x
and y, respectively.

Vector Norms: The norm (or magnitude) of a vec‑
tor x and y is calculated as given in Equation 5.
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||𝑥|| = ඩ
𝑛

෍
𝑖=1

𝑥𝑖2 and || y|| = ඩ
𝑛

෍
𝑖=1

𝑦𝑖2 (5)

Combining these components, the cosine similar‑
ity is computed as given in Equation 6.

Cosine Similarity(𝑥, 𝑦) =
∑𝑛
𝑖=1 𝑥𝑖 .𝑦𝑖
∑𝑛
𝑖=1 𝑥𝑖2

𝑛

෍
𝑖=1

𝑦𝑖2 (6)

This value ranges from ‑1 to 1, where 1 indicates
that the vectors are identical in direction, 0 indicates
orthogonality (no similarity), and ‑1 indicates oppo‑
site directions.

The ensemble model includes seven recognition
models, each running simultaneously. The focus on
each model individually is given as follows. (1) VGG‑
FACE: TheVGGFacemodel extracts discriminative fea‑
tures from facial images, signiϐicantly enhancing facial
recognition technology. Trained on a vast dataset,
these networks learn complex feature hierarchies cru‑
cial for facial identiϐication, effectively handling vary‑
ing expressions and lighting conditions. VGG Face
emphasizes features critical for accurate individual
identiϐication, supported by rigorous training and
optimization. Additionally, it employs a joint Bayesian
framework to model these features’ distribution,
enabling robust veriϐication of face pairs in diverse
real‑world scenarios. This approach ensures VGG
Face’s reliability and effectiveness in high‑security
applications, setting a new standard in the ϐield of
facial recognition.

(2) ARCFACE: ArcFace is an advanced facial recog‑
nition system distinguished by its innovative use of an
angularmargin penalty added to the loss function dur‑
ing training. This method maximizes the distinctive‑
ness between the learned features of different indi‑
viduals (inter‑class discrepancy) while maintaining
consistency in features of the same individual across
various images (intra‑class compactness). ArcFace is
trained on extensive datasets containing a wide array
of facial images, allowing the neural networks to effec‑
tively learn and abstract complex hierarchies of facial
features into higher layers. By integrating the angu‑
lar margin penalty, ArcFace enhances feature embed‑
dings by decisively separating embeddings of different
classes and bringing those of the same class closer
together. This mechanism signiϐicantly improves the
discriminative power of the model, making it excep‑
tionally capable of handling challenges in facial recog‑
nition, such as variations in lighting, expression, and
other dynamic environmental factors.

(3) FACENET: FaceNet, developed by Google, uti‑
lizes deep CNNs to map face images into a compact
Euclidean space where distances represent facial sim‑
ilarity. This model measures similarity by calculating
the distance between points representing faces. The
innovation of FaceNet lies in its use of the triplet

loss function during training, which minimizes the
distance between an anchor image and a positive
image (same person) while maximizing the distance
between the anchor and a negative image (different
person). This approach enables FaceNet to accurately
distinguish between individuals under varying con‑
ditions such as changes in expression, lighting, and
camera angles. Its ability to maintain high accuracy
despite these variations makes it highly effective for
applications requiring reliable facial recognition.

(4) Facenet512 has a high value in accuracy calcu‑
lation compared to Facenet.

(5) DEEPFACE: Deepface [15] Developed by
Facebook, DeepFace represents a signiϐicant
advancement in facial recognition technology. It
utilizes a sophisticated nine‑layer neural network
with over 120 million connection weights, trained on
an extensive dataset comprising four million facial
images from more than 4,000 distinct identities.
This system employs a novel approach by aligning
faces using three‑dimensional models, allowing it to
adjust for variations in head position, orientation,
and lighting conditions before processing the images
through its deep neural net. The core functionality
of DeepFace lies in extracting and utilizing detailed
facial features from aligned images. It learns a
compact representation of each face, simplifying the
comparison and identiϐication of faces across various
conditions. By focusing on these representations,
DeepFace achieves a high level of accuracy in facial
recognition tasks, effectively capturing and analyzing
subtle facial features crucial for reliable identiϐication.

(6) DEEPID: DeepID represents a signiϐicant
advancement in facial recognition technologies,
focusing on the extraction and utilization of deep
hidden identity features. Developed at The Chinese
University of Hong Kong, DeepID employs deep CNNs
to learn a hierarchy of features from a substantial
dataset of facial images. These features, which become
increasingly abstract at higher layers of the network,
enhance the discriminative power of the model,
making it particularly effective in distinguishing
between different identities. Additionally, DeepID’s
application of a joint Bayesian framework to model
these features allows for more accurate face pair
veriϐication, providing robustness against typical
variations encountered in real‑world scenarios, such
as changes in expression and lighting conditions. This
approach improves the accuracy of facial recognition
systems and extends their applicability in security
and personal identiϐication, addressing pressing
challenges faced by current technologies.

(7) SFACE: SFace is a lesser‑known term in the
context of popular face recognition technologies and
might refer to a speciϐic implementation or model
within the research community. If it follows the con‑
ventions of other deep learning‑based face recogni‑
tion systems, SFace would likely employ a deep neu‑
ral network to learn a representation of facial fea‑
tures useful for recognition tasks. The ”S” could poten‑
tially stand for a speciϐic feature of the model, such
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as secure, simple, or scalable, indicating a focus on
those aspects of the facial recognition process. Since
SFace is not a widely recognized term like DeepFace
or DeepID, the speciϐics of its architecture and func‑
tionality would depend on the context in which it is
referenced, including the particular research paper or
implementation that deϐines it.

4. Results and Discussion

The development environment leverages AWS
as the cloud infrastructure to achieve scalability,
elasticity, and potential cost reductions. The following
AWS services are considered for implementation. (1)
Amazon S3: For storing the facial image dataset and
potentially the application code. (2) AWS Lambda: To
execute the deep learning model for facial recognition
in a serverless environment, enabling on‑demand
processing without server management. (3) Amazon
SageMaker: As a managed service for building,
training, and deploying machine learning models.
SageMaker may be explored for deep learning model
development as needed. (4) Amazon EC2 Instance:
If AWS Lambda proves insufϐicient for deep learning
tasks, an EC2 instance can be considered for model
training or inference.

The system requires integrationwith a deep learn‑
ing library (e.g., TensorFlow, PyTorch) to facilitate
facial feature recognition, matching, and image gen‑
eration capabilities. Deep learning serves as the core
technology underpinning facial recognition function‑
ality. Pre‑trained deep learning models are utilized to
analyze constructed sketches and extract relevant fea‑
tures for comparison against a facial image database.
A deep learning model for facial recognition is to be
developed using TensorFlow or PyTorch and trained
on a dataset of facial images with labeled features.
Model training can be executed on an EC2 instance or
potentially through SageMaker.

A database API interface is used to connect to
a criminal database containing suspect information
and facial recognition data. Snowϐlake serves as the
database management system for storing suspect
information and potentially sketch data, providing a
scalable and secure solution.

This study compares the accuracy of several mod‑
els, including Facenet512, Facenet, VGG‑Face, ArcFace,
SFace, DeepFace, and DeepID, using the LFW dataset.
The outcome of this research is a comparison of the
accuracy of each model. Multiple face detectors, such
as Retinaface,MTCNN, fastMTCNN, dlib, yolov8, yunet,
centerface, mediapipe, ssd, and OpenCV, are used for
testing to determine the best‑performing model on
the dataset [1]. The testing method involves verifying
the accuracy of each model by comparing each image
with another, yielding two outcomes: threshold and
distance. Threshold values can be modiϐied based on
the model: 0.68 for VGG‑Face, 0.4 for FaceNet, 0.3
for FaceNet512, 0.23 for DeepFace, 0.015 for DeepID,
0.68 for ArcFace, and 0.593 for SFace. Depending on
the threshold, the distance value determines whether

the result is true or false; if the distance exceeds the
threshold, the result is false, and vice versa.

After testing, the results shown in Table 1 indicate
that the Cosine metric was used. The results demon‑
strate that the FaceNet512model achieved the highest
accuracy value of 0.984 or 98.4% with the RetinaFace
[11, 17] detector and surpassed all other models in
every detector. The FaceNet model achieved an accu‑
racy value of 0.974, the VGG‑Face model achieved
0.960, the ArcFace model achieved 0.967, the SFace
model achieved 0.924, the DeepFace model achieved
0.677, and the DeepID model achieved 0.659.

The Euclidean metric was used to obtain the
test results in Table 2. The results indicate that
the FaceNet512 model achieved the highest accuracy
value of 0.976 or 97.6% with the centerface detec‑
tor, outperforming all other models in every detector.
The highest accuracy values for other models are as
follows: FaceNet model at 0.938, VGG‑Face model at
0.960, ArcFace model at 0.886, SFace model at 0.814,
DeepFace model at 0.690, and DeepIDmodel at 0.665.

From these results, it can be concluded that the
Facenet512 model is superior to every other model in
terms of accuracy.

Cosine similarity distances of various facial recog‑
nition models when tested with a set of 20 and 50
sample images. Is given in Table 3. Lower values indi‑
cate closer or more accurate matches. For 20 sample
images, ArcFace demonstrates the best performance
with the lowest distance at 0.012, suggesting highly
accurate model predictions. In contrast, VGG‑Face has
the highest distance at 0.46, indicating less precision.
Other models like Facenet, Facenet512, Sface, Deep‑
Face, and Ensemble exhibit varied performances, with
distances ranging between 0.12 and 0.46.

For 50 sample images, VGG‑Face starts with the
highest distance at 0.42, indicating less precision.
Facenet512 shows the best performancewith the low‑
est distance at 0.17. The distances for other models
like Deepid, ArcFace, Sface, DeepFace, and Ensemble
range from 0.10 to 0.31, reϐlecting varying levels of
accuracy across these models.

Further, Table 4 compares the highest accuracy
obtained from eachmodel from these research results
and the accuracy of the models previously studied by
the creators. The accuracy obtained is lower thanwhat
is been declared for models, this occurred because
there were differences in the type of dataset used
where models used the LFW dataset for the training
process as this study used a celebrity dataset of vary‑
ing ages and ethnicity. This condition has occurred
in previous studies where racial differences in the
dataset affected the level of accuracy [7,13]. Ensemble
model shows 98.8 accuracy.

The time taken by various facial recognition mod‑
els (VGG‑Face, Facenet, Facenet512, Deepid, Arc Face,
Sface, Deepface, Ensemble) as a function of sample
size, ranging from 10 to 150 samples is shown in
Figure 6. All models show increasing time with larger
sample sizes. The Ensemble model is the most time‑
efϐicient across all sample sizes, while models like
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Table 1. Cosine metric accuracy

Detector FaceNet512 Face Net VGG‑Face ArcFace SFace DeepFace DeepID
retinaface 98.4 96.4 95.8 96.6 92.4 67.7 64.4
mtcnn 97.6 96.8 95.9 96 90.5 66.3 63
fastmtcnn 98.1 97.2 95.8 96.4 90 67.4 63.6
dlib 97 92.6 94.5 95.1 69.8 66.5 58.7
yolov8 97.3 95.7 95 95.5 91.9 67.5 65.9
yunet 97.9 97.4 96 96.7 91 66.5 63.5
centerface 97.7 96.8 95.7 96.5 89.3 67.8 63.6
mediapipe 96.1 90.6 92.9 90.3 75.4 64.8 63
ssd 88.7 87.5 87 86.2 84.5 63.8 62.6
opencv 87.6 84.9 87.2 84.6 83.6 63.7 60.1

Table 2. Euclidean metric accuracy

Detector FaceNet512 FaceNet VGG‑Face ArcFace SFace DeepFace DeepID
Retinaface 95.9 93.5 95.8 85.2 80.2 67 65.6
MTCNN 95.2 93.8 95.9 83.7 77.4 66.5 63.5
FastMTCNN 96 93.4 95.8 83.5 77.7 66.7 64
Dlib 96 90.8 94.5 88.6 66.3 63.4 60.4
Yolov8 94.4 91.9 95 84.1 73.4 69 66.5
Yunet 97.3 96.1 96 84.9 79.4 65.8 65.2
CenterFace 97.6 95.8 95.7 83.6 77.4 65.5 62.8
MediaPipe 95.1 88.6 92.9 73.2 72.5 61.8 62.2
SSD 88.9 85.6 87 75.8 76.9 63.4 62.5
OpenCV 88.2 84.2 87.3 73 81.1 65.5 59.6

Table 3. Cosine Similarity distance

Sample FaceNet512 FaceNet VGG‑Face ArcFace SFace DeepFace DeepID Ensemble
20 0.19 0.12 0.46 0.35 0.29 0.11 0.12 0.12
50 0.17 0.2 0.42 0.31 0.22 0.2 0.27 0.2

Figure 6.Measured and Declared Accuracy Comparision

VGG‑Face and Deepid have steeper time increases,
indicating lower scalability.

Figure 7 compares the time taken for processing
varying numbers of samples (from 10 to 50) between
Local Tests and Cloud API Tests. As the number
of samples increases, both testing methods show
a gradual rise in processing time. Local Tests
consistently take less time than API Tests for the
same number of samples, indicating higher efϐiciency.
For instance, at 50 samples, the Local Test completes
in 61.3 seconds while the API Test takes 67.2 seconds,
highlighting the faster processing of the Local Test
across all sample sizes.

Figure 7. Time Taken local and cloud environment.

Figure 8 depicts responses by various facial
recognition models (VGG‑Face, Facenet, Facenet512,
Deepid, Arc Face, Sface, Deepface, Ensemble) across
different sample sizes from 10 to 50 images. The
majority of the models consistently deliver between
two and three responses, regardless of sample size.
Interestingly, Facenet512 reaches amaximumof three
responses at the smallest sample size, highlighting an
exceptional case in its response pattern.
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Table 4.Measure and Declared accuracy

Detector FaceNet512 FaceNet VGG‑Face ArcFace SFace DeepFace DeepID Ensemble
Measured 98.4 97.4 96.7 96.7 93 69 66.5 98.80
Declared 99.6 99.2 98.9 99.5 99.5 97.3 97.4 NA

Figure 8. Time Taken local and cloud environment.

5. Conclusion
A system for suspect identiϐication using facial

recognition based on ensemble learning integrates
seamlessly with OpenAI’s advanced technologies and
is supported by a robust cloud infrastructure. The
comparison of the proposed ensemble model with
individualmodels like VGG‑Face, Facenet, Facenet512,
Deepface, DeepID, ArcFace, and SFace uses multiple
detectors and the LFWdataset with varying ages, gen‑
der, and ethnicity. Tests were conducted using multi‑
ple face detectors on eachmodel, with the technicality
of each image compared to one another. Cosine sim‑
ilarity distances for various facial recognition models
across tests with 20 and 50 sample images highlight
signiϐicant performance variations among the mod‑
els. When tested, the Facenet512 model has higher
accuracy than every other model, which is 0.984 or
98.4% which means it can predict actual faces at
100%. From the results of this study, we concluded
that the FaceNet, VGG‑Face, and ArcFacemodels could
be used if desired as these have accuracy above 95%.
Ensemble of these models shows a 98.8% accuracy.
For instance, at a sample size of 50, the local test
completes in 61.3 seconds, while the cloud API test
takes 67.2 seconds. This highlights the faster process‑
ing speed of the local test across all sample sizes.
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Abstract:
Irreversible vision loss, which often develops slowly and
with no outward signs of illness, is most commonly
caused by glaucoma. Because it may slow the disease’s
progression, the initial stages of glaucoma detection
are of the utmost importance. Ordinary procedures and
manual assessments are based on traditional diagnostic
techniques, which are notoriously imprecise. It follows
that automated glaucoma analysis is critically impor‐
tant for the early and precise detection of glaucoma.
Also, on the other hand, the medical image dataset
is mostly imbalanced in nature. To overcome all these
issues, the present research work developed an effective
framework by utilizing Generative Adversarial Networks
(GAN) to synthesize images to balance out the dataset.
For example, when dealing with fundus images, conven‐
tionalmethods, such as translation from image‐to‐image
operations, are used. In particular, these techniques are
employed to produce synthetic fundus images and the
associated vessel networks. Improving the quality of the
synthetic images as a whole and capturing finer details
is the main goal. The goal of this effort is to improve
the accuracy and authenticity of synthetic fundus images,
leading to new developments in fundus image synthesis.
Initially, a raw dataset has been preprocessed using the
Gaussian filtering technique, which helps to minimize
the unnecessary noise in the images. Then, a GAN is
used to balance out the dataset, which helps to produce
synthetic images and produce reliable outcomes in clas‐
sification tasks. The next segmenting optic cup is done
using the Enhanced Level Set Algorithm. Finally, Pre‐
trained MobileNetV2 is used for the accurate classifica‐
tion of glaucomatous images into normal and abnormal.
Experimental results show that our proposed frameworks
perform well compared to existing approaches with an
accuracy of 98.9%.

Keywords: Enhanced Level Set Algorithm (ELSA), Gaus‐
sian Filtering Technique (GFT), Generative Adversarial
Networks (GAN), Pretrained MobileNetV2

1. Introduction
Glaucoma has become one of the leading causes of

visual disabilityworldwide. According to recent statis‑
tics, approximately 85.9 million people were expected
to be affected by glaucoma in 2023 [1]. This progres‑
sive eye disease results in irreversible vision loss due
to damage to the optic nerve, which is responsible

for transmitting visual information from the eye to
the brain. Among the constraints that face the man‑
agement of glaucoma, it is highly asymptomatic at its
initial stages, and thus, detecting the disease is quite
challenging. The optic nerve head (ONH), also known
as the optic disc, undergoes structural changes as the
optic nerve begins to degenerate. This is a structure
with two parts: the neuroretinal rim, which is at the
periphery, and the optic cup, which is at the center.

These structural components are compromised as
glaucoma progresses, resulting in thinning of the neu‑
roretinal rim and enlargement of the optic cup. Thus,
the precise identiϐication of changes in the optic disc
and optic cup and constant monitoring are the key to
detecting glaucoma earlier and its course. Nonethe‑
less, optic cup automatic detection is more difϐicult
than optic disc automatic detection, primarily because
it is less deϐined in boundaries and may have a differ‑
ent appearance in different retinal fundus images [2].

Historically, the diagnosis of glaucoma has been
conducted with the help of multiple clinical tools and
metrics like Dynamic Contour tonometry (DCT), air‑
puff non‑contact tonometry, and other tonometry‑
related procedures of intraocular pressure measure‑
ment [3]. Nonetheless, the traditional diagnostic mea‑
sures have several shortcomings, which include low
accuracy, the time‑consuming nature of the examina‑
tion process, and a high level of manual intervention
on the part of clinicians.

To overcome these issues, there has been an
increase in the use of computerized methods for
diagnosing glaucoma. These systems will facilitate
the aims of minimizing the challenges encountered
by clinicians when carrying out a holistic assess‑
ment of glaucoma through more efϐicient, objective,
and automated diagnostic assistance. The described
transition is an indication of the growing need for
quicker and more dependable diagnostic tools in clin‑
ical practice [4].

Some automated tools have been created in recent
years to enable glaucoma diagnosis. The techniques
primarily use retinal fundus images to examine struc‑
tural alterations associated with the disease. The use
of these methods is intended to improve efϐiciency
in the diagnostic process, enhance detection accu‑
racy, and save time on time‑consuming manual pro‑
cedures [5]. The introduction of the automated glau‑
coma detection systems is a crucial improvement
in the ophthalmic diagnostics since it enhances the
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efϐiciency of detecting this sight‑threatening disease,
and its reliability and accuracy [6].

Computer‑Aided Diagnosis (CAD) can be a valu‑
able resource for large‑scale disease exploration and
screening across diverse populations. CAD systems
are more efϐicient, consistent, and scalable than tra‑
ditional clinical examinations conducted by medical
professionals in detecting a disease. Such technolo‑
gies, when integrated, can improve, streamline, and
facilitate the existing healthcare systems. This comes
in handy, especially in the resource‑constrained and
developing world, where skilled and experienced
optometrists or ophthalmologists may be in short
supply [7].

Computer‑aided diagnosis (CAD) systems have
been extensive in ophthalmology, where they have
been used to analyze and segment optic nerves in
retinal fundus images to identify the early signs of
glaucoma [8]. The studies of the available literature
have proven that image processing methods are effec‑
tive in assessing the structural changes of the optic
disc and optic cup, which are some of the major indi‑
cators of glaucomatous damage. Glaucoma is a chronic
and progressive eye disease and is among the leading
causes of blindness in theworld, and the United States
is not an exception. Despite the number of automated
diagnostic methods already developed, the existing
methods also contain a few drawbacks, which include
unreliable segmentation accuracy and sensitivity to
image quality changes. These issues demonstrate the
necessity of creating stronger andmore efϐicientmod‑
els to address the drawbacks of the existing methods
and enhance the quality of the glaucoma detection
systems [9].

Retinal image databases have been widely used in
the initial years of glaucoma research to analyze and
develop models. Medical practitioners have tradition‑
ally done eye examination by hand when examining
images of the retinal fundus to detect glaucomatous
abnormalities. In the process, clinicians determine
structural characteristics of the Cup‑to‑Disc Ratio
(CDR), as well as changes in the diameter and limits of
the optic disc and optic cup. Nevertheless, one of the
biggest problems is related to the inadequate number
of qualiϐied specialists,whichmaycause certaindelays
in terms of the timely identiϐication of ocular abnor‑
malities.

Diagnosis and treatment of glaucoma at early
stages are of high importance because early treatment
is expected to prevent the progression of the disease
andminimize the chances of total blindness [10]. Con‑
sequently, this brings about the urgent need to come
up with more efϐicient and reliable automated models
that can help overcome such shortcomings and help in
the early diagnosis of glaucoma and in the end lead to
better patient outcomes.

The models of deep learning, speciϐically the
Convolutional Neural Networks (CNNs), have demon‑
strated excellent performance in a variety of applica‑
tions in computer vision, including image classiϐica‑
tion, object detection, and image segmentation. Deep

learning methods have greatly improved medical
image analysis, as they now enable more successful
and efϐicient disease detection and diagnosis [11].

Nevertheless, medical imaging data are usually
associatedwith such issues as the imbalance in classes
and the scarcity of expert‑labeled data. To overcome
these challenges, several methods have been pro‑
posed to expand training datasets by generating syn‑
thetic medical images. These techniques increase the
efϐiciency and strength of computer‑aided diagnosis
(CAD) systemsby increasing the size and variety of the
training data. Synthetic images are signiϐicant in med‑
ical imaging because they improve the performance
of classiϐication and segmentation tasks by supple‑
menting datasets and enabling models to learn more
representative features. The method is especially use‑
ful in cases of small or unbalanced datasets, which
eventually results in the creation of more precise and
valid deep learning models used in medical image
analysis [12].

Generative Adversarial Networks (GANs) repre‑
sent a type of unsupervised machine learning model
that has proven very successful with both synthetic
image generation as well as image‑to‑image transla‑
tion in the real‑world image space. The common GAN
architecture is a two‑player zero‑sum game, and it
involves two neural networks, one called the genera‑
tor and one called the discriminator, which are both
trained simultaneously [13].

Here, the generator is trained to generate candi‑
date images that are distributed according to the tar‑
get data through a latent variable. In themeantime, the
discriminator tries to distinguish generated images
from real samples using the actual data distribution.
In this adversarial training, the generator gets better
at making realistic‑looking synthetic images, whereas
the discriminator is getting better at detecting gener‑
ated samples [14].

Various versions of Generative Adversarial
Network (GAN) models have been built, such
as WGAN, InfoGAN, DCGAN, CGAN, Pix2Pix, and
CycleGAN, among others [15]. These models have
shown great potential in solving image‑to‑image
translation problems and synthetic image generation
problems. Consequently, GANs keep evolving and
become more ϐlexible in computational intelligence
and image processing. These various architectures
have been created due to the continued improvements
in the ϐield of generativemodeling, which allowsmore
efϐicient solutions to complex image analysis tasks.

The novelty of the proposed work lies in the inte‑
gration of multiple advanced techniques to improve
the accuracy and reliability of automated glaucoma
detection. The proposed framework, unlike the cur‑
rent approaches that only use the traditional deep
learning frameworks, also involves Generative Adver‑
sarial Networks (GANs) to address the issue of class
imbalance by creating synthetic retinal images. More‑
over, Precise optic cup segmentation is achieved using
an Enhanced Level Set Algorithm, which improves
the extraction of important structural characteristics

96



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

of fundus images. Lastly, classiϐication is performed
using a pretrained MobileNetV2 model, enabling efϐi‑
cient feature extraction and high detection rates. The
proposed framework has better segmentation accu‑
racy, better dataset balancing, and better classiϐication
performance when compared to the current meth‑
ods, including CNN‑based, graph‑based, and ensem‑
ble models, with an overall accuracy of 98.9% on the
ORIGA dataset.

2. Literature Survey
Several studies examined the automated method

of detecting glaucoma in machine learning, computer
vision, and deep learning. The techniques are mainly
aimed at analyzing retinal fundus images to detect
the structural changes in the optic disc and optic cup
areas, which aremajor indicators of the glaucomatous
damage.

The extraction ofmulti‑scale features of the retinal
images is a recent technique called M‑LAP that has
been suggested to enhance the precision of glaucoma
identiϐication. It is an effective technique to bridge
the gap between global semantic analysis and the
localization of glaucomatous regions, thereby more
accurately identifying patterns associated with the
disease [16]. Also, it identiϐies abnormal areas in fun‑
dus images, thereby making glaucoma analysis more
interpretable and clinically signiϐicant [17]. Experi‑
mental results have shown promising performance,
particularly in terms of Area Under the Curve (AUC).
Similarly, the EAMNet framework demonstrates high
sensitivity, which contributes to improved diagnostic
accuracy. However, these methods still face certain
limitations, including challenges in accurately detect‑
ing the optic cup region. Additionally, the use of Global
Average Pooling (GAP) may restrict the representa‑
tion of high‑resolution featuremaps, thereby affecting
ϐine‑grained feature extraction [18].

In another study, glaucoma detection was per‑
formed by analyzing blood ϐlow patterns in retinal
arterial and venous networks. In this method, Sup‑
port Vector Machines (SVMs) were used to classify
vascular features extracted from fundus images [19].
The approach achieved high accuracy and sensitiv‑
ity in identifying glaucomatous changes. Neverthe‑
less, the model requires a large amount of data for
effective training and analysis, thereby increasing
computational complexity and limiting its practical
applicability.

Optimization‑based techniques have also been
investigated for glaucoma detection. For instance, a
Group Search Optimization (GSO) model has been
developed for automatic detection of the optic cup in
retinal fundus images. This approach constructs the
solution based on the intensity gradient within the
cup region. The GSO algorithm incorporates adaptive
neighborhood behavior, which improves search
capability and allows accurate detection even in cases
with weak cup boundaries or low contrast. Although
the method achieves a high F‑score and reduced
detection errors, it requires careful estimation of the

Cup‑to‑Disc Ratio (CDR). Moreover, when applied
to low‑resolution images, the model may suffer
from insufϐicient pixel information, which affects the
accurate delineation of optic cup boundaries [20].

Recent research has also focused on computer
vision‑based techniques for automated glaucoma
detection using digital fundus images. One such
approach utilizes a geometric feature‑basedmodel for
optic disc segmentation. This method improves sys‑
tem robustness against image noise and illumination
variations, thereby enhancing detection accuracy [21].
However, the approach still faces challenges such as
class imbalance in the dataset and signiϐicant variabil‑
ity in pixel intensity within the optic disc and sur‑
rounding blood vessels, which can negatively affect
segmentation performance [22].

With the rapid advancement of deep learning tech‑
niques, Convolutional Neural Networks (CNNs) have
been widely applied to glaucoma detection. An inter‑
pretable Computer‑Aided Diagnosis (CAD) model was
proposed to enable glaucoma detection directly from
mobile devices. The framework integrates multiple
datasets to construct CNN‑basedmodels for both clas‑
siϐication and segmentation tasks [23]. The suggested
pipeline performs thorough segmentation and char‑
acterizes retinal structures associated with glaucoma,
resulting in improved glaucoma analysis. Experimen‑
tal ϐindings prove less computational complexity, high
accuracy, and F‑score [24]. Nevertheless, this method
is also characterized by the shortage of training sam‑
ples and the coverage of pathological areas of atten‑
tion maps.

Another important contribution is the Attention‑
based Convolutional Neural Network (AG‑CNN),
developed speciϐically for glaucoma detection using
the LAG database and other fundus images [25]. The
AG‑CNN architecture improves model convergence
and robustness while reducing classiϐication errors.
Despite these advantages, the model exhibits certain
drawbacks, including a decrease in Area Under
the Curve (AUC) and the inability of the attention
mechanism to fully capture the entire pathological
region [26].

Furthermore, deep learning frameworks such as
the disc‑aware ensemble network have been pro‑
posed for glaucoma screening using retinal fundus
images. This architecture integrates contextual infor‑
mation from both the global fundus image and the
local optic disc region. The network consists of sev‑
eral components, including a global image stream,
a segmentation‑guided network, a local disc region
stream, and a disc polar transformation stream [27].
Although the method achieves high speciϐicity and
accuracy in glaucoma detection, it requires signiϐicant
computational resources and longer processing time
due to its complex architecture.

Despite the signiϐicant progress achieved by exist‑
ing approaches, several challenges remain in auto‑
mated glaucoma detection. These include dataset
imbalance, variability in optic disc and optic cup
structures, sensitivity to image‑quality variations, and
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Table 1. Comparative analysis of existing glaucoma detection approaches

Ref Method /
Model

Dataset Key Contribution Limitations

[16] M‑LAP Model Fundus Images Multi‑scale feature extraction
for glaucoma detection

Difϐiculty in accurate
optic cup segmentation

[19] SVM‑based
Classiϐication

Retinal fundus
images

Uses retinal blood ϐlow
features for glaucoma
classiϐication

Requires large datasets
for effective training

[20] GSO Algorithm Fundus Images Automatic optic cup detection
using intensity gradients

Performance affected by
low‑resolution images

[21] Geometric
Feature Model

Digital fundus
images

Optic disc segmentation using
computer vision methods

Sensitive to illumination
and intensity variations

[23] CNN‑based
CAD Model

Fundus Images Automated glaucoma detection
using deep learning

Limited training samples
and incomplete
attention mapping

[25] AG‑CNN LAG Dataset Attention‑based CNN improves
convergence and robustness

Reduced AUC and
incomplete attention
coverage

[27] Disc‑aware
Ensemble
Network

Fundus Images Integrates global and local
contextual information

High computational
complexity

limited segmentation accuracy. Therefore, there is a
need for a more robust framework that can effec‑
tively address these challenges. To overcome these
limitations, the present study proposes a GAN‑based
synthetic image generation approach combined with
Enhanced Level Set segmentation and a pretrained
MobileNetV2 classiϐication model for accurate and
efϐicient glaucoma detection.

Table 1 provides a comparative summary of exist‑
ing glaucoma detection approaches reported in the
literature. The table highlights the keymethodologies,
datasets used, main contributions, and limitations of
each study. From the comparison, it can be observed
that many existing methods focus on improving clas‑
siϐication accuracy using machine learning and deep
learning techniques. However, several challenges
remain, including dataset imbalance, sensitivity to
image quality variations, and difϐiculties in accurately
segmenting optic disc and optic cup regions. These
limitations indicate the need for more robust frame‑
works that can address these issues effectively. To
overcome these challenges, theproposedmethod inte‑
grates GAN‑based data augmentation, an enhanced
level set algorithm for accurate segmentation, and a
pretrained MobileNetV2 model for reliable glaucoma
classiϐication.

3. Methodology

Manual glaucoma diagnosis can be time‑
consuming and costly, and many existing automated
glaucoma detection techniques either do not achieve
satisfactory performance or lack comprehensive
statistical validation. Therefore, this study proposes
an improved Convolutional Neural Network (CNN)‑
based detection model for glaucoma identiϐication.
The detailed architecture and workϐlow of the
proposed model are presented in the following
sections, as illustrated in Figure 1.

Figure 1.Workflow of Proposed Work

3.1. Pre‐Processing Phase

Following the application of a Gaussian Filter (GF)
during the preprocessing step, the quality of the input
image is improved by the application of a ϐiltering
process. After going through the process of scaling, the
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original image, which had dimensions of (1154, 1600,
3), has been changed to (512, 512, 3).

The Modiϐied Level Set Algorithm is utilized
to accomplish the task of optic cup segmentation.
Two categories of features are utilized in the pro‑
cess of feature extraction: morphological and non‑
morphological features. Morphological features, also
known as Femf, are derived through the applications
of closing and dilation operations. These features
include disc region, cup region, and RNFL thickness.
The extraction process also includes the extraction
of non‑morphological aspects, often known as Fenmf,
which include color, form, and Modiϐied Local Binary
Pattern (LBP) [28].

After this, the features are sent to a Convolutional
Neural Network (CNN), which has been optimized.
The weights of CNN are subsequently ϐine‑tuned
using the simulated annealing and Biogeography‑
Based Optimization Algorithm (SA‑BOA) method. A
graphical representation of the entire workϐlow is
given in Figure 1.

Pre‑processing of the image under use is the ϐirst
step and involves Gaussian ϐiltering, a necessary pro‑
cess to enhance image quality. A blurred image can
be well reϐined through the application of Gaussian
ϐiltering, which is applied to take away noise and blur
that is caused by the reduction of high frequencies in
an image. This ϐiltering process is particularly useful
when the task is to minimize Gaussian noise in an
imagewhere the noise has been introduced by speckle
noise or by brain MR images in ultrasound imagery.
Under this technique, the noise pixel is replaced with
the mean of the pixels that are adjacent to the noise
pixel, with the help of a Gaussian ϐilter. Using a 5 x 5
window, the Gaussian denoising approach is applied.
Following this, the pre‑processed image that was
produced, which is referred to as ImPr, is segmented
in order to conduct additional analysis.
3.2. Generative Adversarial Networks (GAN)

Within the context of game theory, the Generative
Adversarial Nets (GAN) function according to the prin‑
ciples of Nash equilibrium. There are two components
that make up the model’s fundamental structure: G
and D. G’s primary objective is to learn the mapping
relationship between the retinal image x and the cor‑
responding optic disc and optic cup. The ultimate
objective is to separate the optic disc and optic cup
based on the retinal picture that is being input, x,while
making certain that the representation D(G(x)) of the
segmentation outcome G(x) on D coincides with the
representation D(y) of the ground truth y on D. Only
then will the goal be accomplished. During this pro‑
cedure, it is D’s responsibility to learn the differences
between y and G(x), as well as to accurately differen‑
tiate between the source data of the input optic disc
and the label on the optic cup (whether it is the ground
truth or G). D directs G to reduce this discrepancy
as much as possible, which ultimately results in an
improvement in the precision of the partitioned optic
disc and optic cup. In the course of model training, it
is essential to perform periodic optimization of G and

 

 

Figure 2. Structure of generator

D in order to enhance their capacity for segmentation
and discrimination. The objective is to locate the Nash
equilibrium between these two variables. The Nash
equilibrium is reached when the resultant of D equals
half, which indicates that the origin of the optic disc
and optic cup label are unable to be reliably differ‑
entiated because they are both identical. Since G is
now able to precisely separate the optic disc and optic
cup, the training is regarded as ϐinished at this time.
The ultimate objective of the architecture is to achieve
the following objective function, which was given in
Equation (1).

𝑚𝑖𝑛
𝐺

𝑚𝑎𝑥
𝐷

൛𝔼𝑥∈𝑇,𝑦∈𝐿[log𝐷(𝑥, 𝑦)]+

𝔼𝑥∈𝑇,𝑦∈𝐿[log(1 − 𝐷(𝑥, 𝐺(𝑥)))]ൟ (1)

3.2.1. Generator Network (GE)

The G is a complete convolutional network frame‑
work with 19 layers. Figure 2 shows the structure of
its network. The retinal picture x is fed into thismodel.
In this study, we set H = W = 512 and C1 = 3. There is
an encoder (on the left) and a decoder (on the right)
in the network layout. To get characteristics from the
retinal image, the encoder uses the VGG16 network
layout. Even though the original VGG16 network has
a downsampling ratio of 32, we found that too much
downsampling causes important characteristic data
to be lost, especially in areas that are smaller than
32 pixels, like the optic disc. To ϐix this, we got rid
of the last two downsampling levels and raised the
reduction factor to 16. This cuts down on data loss,
model settings, and computations.

The ReLU activation function is used to turn on
the output feature map of each convolutional layer.
We allow skip links to improve the model’s ability
to get back low‑level information and get full con‑
text information. The feature map input from the
layer that pools data within the encoder is sent
straight to the decoder through those connections.
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Figure 3. Structure of discriminator network

Using deconvolution techniques for up sampling, the
decoder brings back feature knowledge. The output
segmentation map with features is then joined with
the pooling layer’s characteristic map of the same size
in the encoder, based on channel measurement. The
decoding layer does four downsampling operations.
The encoder then does four upsampling operations
to match both the width and height of the feature list
with the input image.

The encoder’s last predictor uses a 1x1 convolu‑
tional layer with softmax activation to classify pixels
one by one and make a probability map. Optical disc,
optic cup, and backdrop segmentation give us G(x),
which is a K‑channel probability map. K is the class
number, and in our case, it is 3. The forecasted proba‑
bility map shows which group has the highest chance
of occurring for each pixel. This makes it possible
to separate the optic disc and optic cup at the same
time. Each time, dropout = 0.8 is given to the last two
stages of the encoder to stop overϐitting and make the
modelmore general. The same is done for every single
component of the decoder.
3.2.2. Discriminator Network (DN)

Figure 3 shows that the discriminator is built with
an 8‑layer networkmodel. Input data for D is made up
of the retinal picture x and the ground truth y, which
is written as G(x). The amount of info that D needs is H
×W× (C1 + C2). The chance (D(x, y)) of the optic disc
and optic cup label for the retinal image x is shown
by D. This makes it easier to ϐind the best values for
the network structure’s parameters. Each layer uses
strided convolution (strided = 2) instead of a pooling
layer. After each convolution, the size of the feature
map is cut in half, to 1/4 of its original size.

Batch normalization is used to make the infor‑
mation of each layer in the convolutional layer more
normal (mean s = 0, variance ε = 1). This speeds up
convergence and lessens the effect of weight introduc‑
tion on the network model. In every single layer, the
activation function is Leaky‑ReLU with α = 0.2. The
main image’s resolution drops to H64 × W64 after
six downsampling steps. The link is made by the last
fully connected layer. D sends either 0 or 1 as the
discriminant answer. The gradient descent method is
used to change the parameters βg of G and the value of
theparameterθdofDbasedon thedifferencebetween
the D value and the labeled result. The goal of this
method is to get the best model improvement effect.

Algorithm 1 : TGA Algorithm
Input: U → Number users
C → Number of servers
Output: AS→ List of Allocated server

Start

Deϔine RTF = [SCPUsMems BW]//Assign the RTF
(Resource Threshold Factor) using the basic
parameters of servers like their CPU, RAM and
bandwidth
For each U
TimInt = random//Requests at Time Interval
DemR = max([uCPUuMemuBW]) // User demand
for resources
UtilRate = DemR × TimInt// Resource Utilization
Rate
If max (UtilRate)≤max? (RTF)
AvgPTimeSer (i)= DemR(i)/(1‑
UtilRate (i) AvgPTimeAllSeri (i)= (AvgPTimeSer (i)
× TimInt (i))/TimInt (i))
AS LIST = ceil(cserver × rand)
End ‑ If
End ‑ For
Return : AS LIST as a list of allocated servers
End ‑ Algorithm

3.3. Segmentation of Optic Cup using Enhanced Level
Set Algorithm

Historically, many prior techniques have been
categorized under edge‑based frameworks [29, 30].
These approaches primarily rely on image gradient
information to construct edge detection functions for
identifying object boundaries. The mathematical for‑
mulation of the level set model used in such methods
is illustrated in Equation (2).

𝜕𝜙
𝜕𝑡 = 𝐼𝐺 |∇𝜙| ቆdivቆ ∇𝜙

|∇𝜙|ቇ + 𝑢ቇ (2)

From Equation (2), div ൬ ∇𝜙
|∇𝜙|൰ forecasts the curva‑

ture of the mean, 𝑢 denotes the forces with respect to
the balloon and 𝜙 indicates the different levels of set
operation.

In level set schemes, the reliability function,
denoted by the symbol𝜙, plays a crucial role in ensur‑
ing stable evolution andaccurate computationsduring
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the segmentation process. To address this challenge,
a fast level set formulation has been developed to
improve computational efϐiciency and stability. The
mathematical representation of this formulation is
given in Equation (3).

𝜕𝜙
𝜕𝑡 = 𝜇𝑃 (𝜙) + 𝜂 (𝐼𝐺, 𝜙) (3)

The penalizing function, which is denoted by the
symbol 𝑃(𝜑), places an emphasis on the difference
between the sign separation operation and the devi‑
ation of 𝜑 during its evolution. As shown in Equa‑
tion (4), the succeeding function 𝜂(𝐼𝐺, 𝜑) is respon‑
sible for integrating the data pertaining to the image
gradient.

𝜂(𝐼𝐺, 𝜙) = 𝜆𝛿(𝜙)divቆ𝐼𝐺 ∇𝜙
|∇𝜙|ቇ + 𝑢𝐼𝐺𝛿(𝜙) (4)

The Dirac function is represented by the symbol
𝛿(𝜙). Parameters such as 𝜆, 𝑢, and 𝜇 are used to
determine the individual contributions of the con‑
straintswithin themodel. In conventional approaches,
the parameter 𝑢 is typically maintained at a constant
value. However, in the proposed model, 𝑢is designed
to vary adaptively, as deϐined in Equation (5).

In this formulation, 𝐻𝜎 denotes a Gaussian ϐil‑
ter with standard deviation 𝜎, while 𝛥𝐻𝜎 × 𝐼 repre‑
sents the Laplacian operator applied to the ϐiltered
image. The parameter 𝑤 denotes the controlling con‑
straint, where 𝑤 > 0. Furthermore, 𝐼𝐺 represents the
function 𝑢(𝐼𝑚), enabling 𝑢(𝐼𝑚) to adapt dynamically
according to the information present in the image.
For region detection, conventional methods generally
employ a Gaussian kernel. In contrast, the proposed
model replaces this with a bilateral kernel, which
helps preserve edge information while performing
region‑based analysis.
3.4. Accurate Classification of Glaucoma using

MobileNetV2 Pretrained Model

Transfer learning is theprocess of utilizing amodel
that has already been trained on an extensive data set
in order to subsequently adapt to and carry out tasks
on various data sets. This method is particularly pop‑
ular because it successfully classiϐies small datasets. It
does this by addressing the difϐiculty of getting high
precision while training models using deep learning
from scratch on limited data. The MobileNetV2 net‑
work, which has been pre‑trained on the ImageNet
dataset, is the basis for this methodology. It acts as the
foundation.

Within the framework of the proposed method,
we augment the convolutional layers of MobileNetV2
by incorporating a collection of calculations that are
referred to as the head model. A feature map with
dimensions 7x7x1280 pixels is produced when the
base model’s output is fed into the ϐirst layer of the
topmostmodel, which is a global pooling layer. A pool‑
ing operation is performed by the global pooling layer,
producing a one‑dimensional feature vector. This is
done in order to greatly reduce the dimensionality of

the data. In the overall pooling layer, the suggested
method makes use of an average pooling technique
with a kernel size of 7x7 pixels. This results in the
generation of an output feature map that is 1x1x1280
pixels in size [31].

The global pooling layer is followed by two
fully connected layers. Within these entirely
interconnected layers, the ReLU activation function
is responsible for activating 128 and 64 nodes,
respectively. When the two subclasses of the dataset
(glaucoma and non‑glaucoma) and the application of
one‑hot encoding are taken into consideration, the
output layer ismadeupof twonodes that are activated
by softmax technology. Particularly noteworthy is the
fact that the 1x1 convolutional layer diverges from the
standard by not having a layer for batch normalization
and an activation function (ReLU6). This is because
its low‑dimensional output is only subjected to batch
normalization.

3.5. Algorithmic Representation of Proposed
Framework

The proposed algorithm 1 describes the complete
workϐlow of the glaucoma detection framework. Ini‑
tially, retinal fundus images are collected and pre‑
processed using Gaussian ϐiltering to remove noise
and enhance image quality. To address the issue of
dataset imbalance, Generative Adversarial Networks
(GANs) are employed to generate synthetic retinal
images. The augmented image data is then subjected
to the Enhanced Level Set Algorithm, which correctly
splits the optic cup region based on the fundus images.
Lastly, the segmented images are fed into a pre‑trained
MobileNetV2 model to extract and classify the images
into glaucomatous and normal, classifying the images
into glaucomatous and normal. This step‑wise process
enhances the accuracy and reliability of the glaucoma
detection procedure.

4. Experimentation and Result Discussion
This section presents the experimental results

obtained to evaluate the effectiveness of the pro‑
posed glaucoma detection framework. To assess the
robustness and classiϐication capability of the model,
experiments were conducted using the ORIGA (Online
Retinal Fundus Image Database for Glaucoma Anal‑
ysis) dataset, a widely used benchmark dataset for
glaucoma detection studies [32]. The ORIGA dataset
contains 650 retinal fundus images, including 168
glaucomatous images and 482 normal images. The
experiments were conducted and analyzed in MAT‑
LAB to evaluate the performance of the proposed
method.

Glaucoma classiϐication using the ORIGA dataset
is challenging due to the presence of various artifacts
and structural variations. These present a consider‑
able range in the size, color, position, and texture of
the optic disc (OD) and optic cup (OC). Moreover, the
dataset has several image distortions, including noise,
blur, hue, and intensity variation, which makes it a
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Figure 4. Sample images from the dataset

 

 

 

Figure 5. Synthetic output after GAN applied

complicated and realistic test set for glaucoma detect‑
ing models. In Figure 4, several sample data points in
the dataset are presented.

To assess the performance of the proposedmethod
on the ORIGA dataset, the dataset was split into train‑
ing and testing subsets in an 80:20 ratio, respectively.

Figure 5 shows the output of the GANmodel when
the input images have been fed into the model. After
this, it was followed by a segmentation process that
was donewith the enhanced level set algorithm,which
is an effective method of dividing the foreground and
background area of glaucomatous fundus images. The
ϐindings of this type of segmentation are shown in
Figure 6.

This study was conducted to demonstrate the
effectiveness of the proposed glaucoma diagnosis and

Figure 6. Segmented output

classiϐicationmethod through a thorough comparative
studywith several modernmethods, all of which were
tested on the same dataset. To achieve this, the work
of the proposed method was compared with other
contemporary methods to ensure fair and unbiased
coverage.

The quantitative data for this comparison are pre‑
sented in Table 2, which contains performance mea‑
sures for evaluating the effectiveness and superiority
of the various methods. Moreover, the correspond‑
ing comparative graphic representations are shown in
Figures 7–11 which provide a clearer visualization of
the differences in the performance of the investigated
approaches.

All ϐigures and tables in this study were generated
by the authors to illustrate the proposed framework,
experimental setup, and obtained results.

5. Conclusion
The results of this research are relevant to the

crucial issue of glaucoma being detected early and
at the earliest opportunity, as one of the largest
causes of permanent blindness on a global scale.
The common diagnostic techniques that use rou‑
tine clinical examination and manual tests are usu‑
ally poorly accurate and have sluggish processes. To
address these shortcomings, this study will introduce
a powerful automated glaucoma diagnosis system
based on Generative Adversarial Networks (GANs)

Table 2. Performance comparison of the proposed approach over the existing technique

Methods Accuracy (%) Precision (%) Recall (%) Speciϐicity (%) Sensitivity (%)
Deep CNN [32] 92.5 92.3 91.3 90.4 90.3
Graph CNN [33] 92.9 92.9 91.2 91.3 90.8
Ensembling [34] 93.1 93.2 92.3 92.3 91.1
U‑Net + Inception V3 [35] 93.6 94.9 93.7 93.3 94.2
ODGNet [31] 95.2 95.1 94.6 94.5 95.3
U‑Net + EfϐicientNet [22] 96.5 95.3 95.7 95.1 96.3
Proposed Model 98.9 98.4 96.4 97.8 97.2
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synthetic image generation, which will overcome the
issue of class imbalance that is often found in medical
image databases.

The suggested approach involves image‑to‑image
translationmethods toobtain synthetic fundus images
and vascular structures, the rationale of which is to
enhance the quality and the variety of the dataset. The
proposed approach can help improve fundus image
synthesis for glaucoma analysis by capturing ϐiner
structural details and increasing image realism. The
raw fundus images are processed at the preprocessing
stage, whereby the images are ϐilteredwith a Gaussian
ϐilter to minimize the noise component and improve
the overall image quality. Synthetic data generation
using GANs enables the creation of a balanced training
dataset that improves the reliability and robustness of
subsequent classiϐication. Besides, an Enhanced Level
Set Algorithm is used to do proper optic cup segmen‑
tation, which is a vital part of glaucoma diagnosis.
After segmentation, the MobileNetV2model with pre‑
trained attributes is used to classify fundus images as
normal or glaucomatous.
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The results of the experiments demonstrate that
the proposed framework outperforms current meth‑
ods and achieves an accuracy of 98.9%. Such ϐind‑
ings underscore the value of the proposed system
in automating glaucoma detection, thereby enabling
improved diagnostic accuracy and earlier clinical
intervention for this vision‑threatening disease.

Future Scope

Future work can focus on improving the pro‑
posed glaucoma detection framework by incorporat‑
ing larger, more diverse retinal datasets to enhance
the model’s generalization capability. In addition,
integrating advanceddeep learning architectures such
as vision transformers or hybrid CNN‑transformer
models may further improve feature extraction and
classiϐication performance. The proposed framework
can also be extended to support multi‑class classi‑
ϐication for identifying different stages of glaucoma
progression [1]. Furthermore, real‑time implementa‑
tion of the system in clinical environments or mobile‑
based diagnostic platforms could assist ophthalmolo‑
gists in large‑scale glaucoma screening and early diag‑
nosis.

AUTHORS
Govindharaj I∗ – Department of Computing Tech‑
nologies, SRM Institute of Science and Technology,
Kattankulathur, Tamil Nadu 603203, India, e‑mail:
gvraj87@gmail.com.
G. Karthick – Department of Computer Science and
Engineering, Faculty of Engineering and Technology,
Annamalai University, Cuddalore, Tamil Nadu 608002,
India, e‑mail: karthick18588@gmail.com.
G. Michael – Department of Computer Science
and Engineering, Saveetha School of Engineering,
Saveetha Institute of Medical and Technical
Sciences, Chennai, Tamil Nadu 602105, India, e‑mail:
micgeo270479@gmail.com.
∗Corresponding author

References
[1] Sarhan, A., Rokne, J., & Alhajj, R., “Glaucoma

Detection Using Image Processing Techniques: A
Literature Review,” Computerized Medical Imag‑
ing and Graphics, vol. 78, pp. 101657, 2019, doi:
10.1016/j.compmedimag.2019.101657

[2] Anindita, S., & Agus, H., “Automatic Glaucoma
Detection Based on the Type of Features Used:
A Review,” Journal of Theoretical and Applied
Information Technology, vol. 72, no. 3, pp. 366–
375, 2015.

[3] Abbas, Q., “Glaucoma‑Deep: Detection
of Glaucoma Eye Disease on Retinal Fundus
Images Using Deep Learning,” International
Journal of Advanced Computer Science
and Applications, vol. 8, no. 6, 2017, doi:
10.14569/IJACSA.2017.080606.

[4] Maheshwari, S., Pachori, R. B., & Acharya, U. R.,
“Automated Diagnosis of Glaucoma Using
Empirical Wavelet Transform and Corr‑Entropy
Features Extracted From Fundus Images,” IEEE
Journal of Biomedical and Health Informatics,
vol. 21, no. 3, pp. 803–813, 2017.

[5] Dey, A., & Bandyopadhyay, S. K., “Automated
Glaucoma Detection Using Support Vector
Machine Classiϐication Method,” British Journal
of Medicine and Medical Research, vol. 11, no. 12,
2016, doi: 10.9734/BJMMR/2016/19617.

[6] Claro, M., Santos, L., Silva, W., Araújo, F.,
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Abstract:
The integration of generative models into robotics marks
a major paradigm shift, enhancing robotic capabilities
while broadening their applications across numerous
sectors. This survey examines the impact of generative
models on robotic innovation, highlighting key concep‐
tual and technical advancements along with the chal‐
lenges they present. Generative models have improved
robotic perception, learning, and decision‐making, with
transformative applications in industries such as man‐
ufacturing, healthcare, autonomous vehicles, environ‐
mental monitoring, and agriculture. Despite their poten‐
tial, these models face challenges, including technical
limitations, ethical concerns, and societal implications.
This study concludes by outlining future directions that
prioritize improving model efficiency, addressing data
bias, enhancing interpretability, and promoting interdis‐
ciplinary collaboration, paving the way for continued
innovation and societal benefit.

Keywords: Generative Models, Robotic Innovation,
Artificial Intelligence, Autonomous Systems, Machine
Learning, Computational Efficiency, Data Bias, Ethical
Implications, Interdisciplinary Collaboration, Future
Technologies

1. Introduction
The rapid advancement of technology has led to

a remarkable integration of artiϐicial intelligence (AI)
with robotics, and this has unlocked unprecedented
capabilities and opportunities for innovation. Among
the various AI techniques that have propelled robotics
forward, generative models stand out due to their
unique ability to create newdata instances that closely
mimic the distribution of real‑world data. This paper
explores the transformative impact of generativemod‑
els on robotic innovation through a comprehensive
survey study, illuminating both the advancements and
challenges that have accompanied this synergy.

1.1. Background

The intersection between generative models and
robotics marks a pivotal chapter in the evolution of AI
and automation, offering groundbreaking opportuni‑
ties for innovation across diverse sectors. This section
explores the origins and developments of generative
models, their integration into robotics, and the result‑
ing transformations in robotic capabilities and appli‑
cations. By providing this background, we establish a

foundational understanding of the profound impact of
these technologies on robotics.

Figure 1 outlines key trends in generative AI’s
impact on robotics. Autonomous robots are becom‑
ing increasingly capable of performing tasks inde‑
pendently, while digital twin technology uses virtual
models to optimize real‑world robotic systems. 3D
generation allows robots to create and interact with
realistic models, enhancing tasks like object manipu‑
lation. Synthesized speechhas improvedhuman‑robot
communication by making interactions more natural.
Finally, advancements in Natural Language Processing
(NLP) have enabled robots to better understand and
respond to human language. These trends highlight
how generative AI is transforming robotics, increasing
automation and enhancing overall functionality.
• The emergence of generative models: Genera‑
tive models have fundamentally reshaped the land‑
scape of machine learning by enabling comput‑
ers to generate new data instances that resem‑
ble training data while remaining distinct and
novel. These models—such as Generative Adver‑
sarial Networks (GANs) and Variational Autoen‑
coders (VAEs)—leverage deep learning techniques
to understand and replicate complex data distribu‑
tions (refer to Figure 1). While they were initially
applied to tasks like image and text generation, gen‑
erative models quickly demonstrated promise for
broader applications.

• Breakthroughs in generative modeling: A signif‑
icant breakthrough occurred with the introduction
of GANs in 2014, revolutionizing the ϐield by estab‑
lishing a framework where two neural networks—
the generator and the discriminator—collaborate to
produce highly realistic data outputs. This adversar‑
ial approach not only improved data quality but also

Figure 1. Latest Trends in Generative AI Robots [1]
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opened new research avenues, including those with
applications in robotics.

• Integration into robotics: The application of gen‑
erative models to robotics has been transforma‑
tive, enabling robots to better understand and inter‑
act with their environments in more dynamic and
nuancedways. For instance, generativemodels facil‑
itate realistic simulations for robot training, reduc‑
ing the need for extensive real‑world data collection
and exposing robots to a broader range of scenarios.
Additionally, these models enhance perception sys‑
tems, allowing robots to recognize and categorize
objects with exceptional accuracy and speed.

• Enhancing robot capabilities: Beyond training and
perception, generativemodels signiϐicantly enhance
robotic autonomy and decision‑making. Robots can
nowanticipate future events, plan actions, andadapt
to environmental changes with minimal human
intervention. This level of autonomy is crucial
for applications ranging from autonomous vehi‑
cles navigating complex urban landscapes to service
robots performing tasks in unpredictable domestic
settings.

• Broadening applications and impact: The inte‑
gration of generative models into robotics has
expanded the scope of robotic applications, pushing
the boundaries of what is possible. In healthcare, for
instance, robots equipped with generative models
assist in surgeries, providing precision and adapt‑
ability that augment human capabilities. In man‑
ufacturing, generative models optimize production
lines by predicting and adapting to maintenance
needs before they arise, minimizing downtime and
improving efϐiciency.

• Challenges and future directions: While the
potential of generative models in robotics is
vast, signiϐicant challenges remain. Issues such
as model interpretability, data bias, and ethical
considerations in autonomous decision‑making
are central to ongoing research. Addressing these
challenges is crucial for the responsible and
beneϐicial integration of generative models into
robotic systems.
The convergence of generative models and

robotics signiϐies a considerable leap in the quest to
develop machines that can learn, adapt, and operate
autonomously in complex, real‑world environments.
As this background section illustrates, the journey
from the initial development of generative models to
their current impact on robotics has been marked by
rapid progress and signiϐicant achievements. Yet, it
has also posed new questions and challenges, which
continue to drive innovation in this exciting ϐield.

1.2. Significance

• Technological Advancement: The integration
of generative models into robotics represents a
signiϐicant leap forward in designing and deploying
intelligent, adaptive, and efϐicient robotic systems
(see Figure 2). Through their capacity to generate

Figure 2. Benefits of Generative AI Robotics [2]

high‑quality synthetic data, generative models
enable robots to learn from scenarios that
would otherwise be inaccessible, risky, or costly.
This capability is crucial for advancing robotic
perception, decision‑making, and interaction
with environments and humans. Our focus on
understanding these advancements highlights the
current state of the art and sets the stage for future
innovations that could further revolutionize how
robots are designed and utilized.

• Societal Beneϐits: Enhanced robotic innovation
throughgenerativemodels offers signiϐicant societal
beneϐits, transforming industries such ashealthcare,
manufacturing, and logistics. For example, robotic
systems empowered by generative models could
perform complex surgeries with precision beyond
human capabilities, or provide personalized care
to patients with chronic conditions. Understanding
these impacts can inform policy and investment
decisions that prioritize technological solutions to
critical societal challenges.

• Advancement of Knowledge: This study con‑
tributes to bridging gaps between generative mod‑
els and robotics. By synthesizing current research,
identifying gaps, and highlighting innovative appli‑
cations and challenges, we provide a comprehen‑
sive resource for researchers, practitioners, and pol‑
icymakers. This fosters a deeper understanding of
the relationship between generative models and
robotics, encouraging interdisciplinary collabora‑
tion that can push the boundaries of what is cur‑
rently possible.

• Ethical and Regulatory Implications: As robots
become more autonomous, understanding the
implications of generative models is crucial for
navigating ethical and regulatory challenges. This
study illuminates potential risks and beneϐits,
guiding the development of frameworks that ensure
ethical use, transparency, and accountability in
robotic systems. By addressing these concerns,
we contribute to the responsible advancement of
technology that aligns with societal values.

• Innovation and Economic Growth: Lastly, this
study emphasizes the role of generative models
in fostering innovation and economic growth. As
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industries adopt advanced robotic systems, the
demand for skilled labor to design, maintain, and
manage these systems will increase, creating new
job opportunities. Insights from this study can help
businesses and governments identify strategic areas
for investment, potentially leading to breakthroughs
that establish leadership in robotics.

1.3. Problem Statement

The integration of generative models into robotics
represents a promising frontier for technological
innovation, providing novel solutions to longstanding
challenges in design, functionality, and application.
Despite the growing interest and signiϐicant advance‑
ments in both domains, a gap persists in the com‑
prehensive understanding and systematic evaluation
of how generative models are reshaping the ϐield of
robotics. This gap manifests in several key areas:
• Limited Synthesis of Existing Knowledge: While
studies have explored speciϐic aspects of genera‑
tive models in robotics, we lack a cohesive synthe‑
sis of their ϐindings. This fragmentation hampers
researchers’ and practitioners’ ability to grasp the
full scope and implications of generative models in
robotics, potentially stalling innovation.

• Underexplored Areas and Applications: Certain
applications, such as generating synthetic data for
training or dynamic environment simulation, are
well‑trodden paths. However, areas like robot‑
human interaction and ethical decision‑making
remain underexplored, indicating untapped poten‑
tial and a need for targeted exploration.

• Challenges and Limitations Not Fully
Addressed: The application of generative models
in robotics presents exciting opportunities but
also introduces complex challenges. Technical
issues related to model training, ethical concerns
regarding autonomy, and practical issues about
scalability require comprehensive discussion for a
nuanced understanding and strategic approach.

• Gaps in Future Directional Guidance: The rapid
pace of technological advancement necessitates
forward‑looking research that anticipates future
trends and opportunities. A systematic survey is
needed to map the current landscape and identify
emerging directions and potential breakthroughs
that can guide future research efforts.
This study aims to address these gaps by provid‑

ing a comprehensive survey of the impact of genera‑
tive models on robotic innovation. Through a detailed
examination of current applications, challenges, and
future directions, this research seeks to enhance
understanding, stimulate further investigation, and
guide the practical application of generativemodels in
robotics, contributing to the ϐield’s advancement and
its potential for meeting societal needs.
1.4. Objective

The overarching aim of this survey study is to thor‑
oughly examine how generative models have inϐlu‑
enced the ϐield of robotics, highlighting advancements,

challenges, and future prospects. Speciϐic objectives
include:
• Examining the Current Landscape: Conducting a
comprehensive review of existing applications of
generative models in robotics and cataloging the
types and purposes of models like GANs and VAEs.

• Identifying Key Areas of Innovation: Pinpoint‑
ing speciϐic areas where generative models have
spurred innovation in robot perception, decision‑
making, and simulations for training across sectors
such as healthcare and manufacturing.

• Highlighting Challenges and Limitations: Shed‑
ding light on technical, ethical, and practical hur‑
dles in integrating generative models into robotics,
framing current limitations and informing future
research directions.

• Discussing Potential Future Trends: Exploring
emerging trends and new applications of generative
models in robotics that underscore the need for
interdisciplinary collaboration.

• Contributing to Knowledge: Providing a compre‑
hensive overview for academics, practitioners, and
policymakers, enriching discourse on the integra‑
tion of generativemodels in robotics, and paving the
way for future advancements.
Our methodology involves a comprehensive lit‑

erature review combined with expert surveys, and
employs both qualitative and quantitative analysis
techniques to capture a broad spectrum of insights.
1.5. Structure of the Paper

The paper is structured to thoroughly examine the
inϐluence of generative models on robotic innovation.
It begins with an introduction outlining the study’s
background and objectives. Section 2 provides a liter‑
ature review on the evolution of generative models in
robotics, highlighting the technological advancements
and gaps addressed by this study. Section 3 describes
the methodology for survey design, participant selec‑
tion, data collection, and analysis. Section 4 presents
survey ϐindings on the diverse impacts of generative
models on robot design and applications. Section 5
discusses challenges and limitations, including tech‑
nical and ethical issues. Section 6 suggests future
research directions, identifying emerging trends and
areas for innovation. Finally, Section 7 summarizes the
key insights and reϐlects on the future of this interdis‑
ciplinary ϐield.

2. Literature Review
2.1. Introduction to Generative Models

Generative models represent a fundamental
breakthrough in machine learning, enabling
systems to create new data instances that reϐlect
the underlying distribution of existing data. This
section provides an overview of the theoretical
foundations of generative models, highlighting key
technological advancements that have shaped their
evolution. Generative Adversarial Networks (GANs)
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and Variational Autoencoders (VAEs) are particularly
signiϐicant for their ability to learn complex data
distributions. GANs revolutionized the ϐield by
employing a dual‑network framework that generates
realistic data through adversarial training. VAEs, on
the other hand, utilize a probabilistic approach to
model data, facilitating tasks like reconstruction and
interpolation. Seminal papers in this area, including
the foundational works on GANs and VAEs, provide
a critical basis for understanding the implications of
these models for the ϐield of robotics.
2.2. Generative Models in Robotics: An Evolutionary

Perspective

The integration of generative models into robotics
signiϐies a transformative shift from traditional, deter‑
ministic approaches to more ϐlexible, data‑driven
paradigms. This section traces the historical develop‑
ment of this integration, starting with early applica‑
tions that utilized generative models for simple task
simulations. As the technology advanced, generative
models began to enhance robotic perception, cogni‑
tion, and interaction capabilities. For instance, ini‑
tial efforts focused on using these models to sim‑
ulate robotic movements, while subsequent innova‑
tions enabledmore sophisticated applications, such as
enhancing visual perception and facilitating human‑
robot interaction. This underscores the evolution of
the technology and its profound impact on the sophis‑
tication of robotic systems.
Key Applications and Innovations
• Enhancing Robotic Perception: Studies have
demonstrated that generative models signiϐicantly
improve robotic vision systems, particularly in
object recognition and scene understanding.
These advancements enhance robots’ abilities to
interpret complex visual inputs, adapt to dynamic
environments, and interact naturally with humans
and other objects. For instance, recent research
shows that using GANs for image augmentation
can improve object detection accuracy in cluttered
environments by 30% [3].

• Autonomous Decision Making and
Planning: Generative models play a crucial
role in developing decision‑making frameworks
for robotics. They facilitate the prediction,
planning, and execution of actions in uncertain
or unstructured environments. Applications in
autonomous vehicles and drones illustrate how
generative models enable systems to navigate
complex scenarios without human intervention,
improving safety and efϐiciency [4].

• Simulation and Training: Generative models are
increasingly used to create realistic simulations for
robot training, reducing reliance on real‑world data
collection. This approach accelerates learning pro‑
cesses, allowing robots to master complex tasks
with greater efϐiciency and ϐlexibility. For example,
researchers have shown that synthetic training envi‑
ronments can reduce the time required for robots to
learn navigation tasks by up to 50% [5].

• Challenges in Integration: The literature identi‑
ϐies several technical, ethical, and practical chal‑
lenges associated with the integration of genera‑
tive models with robotics. These challenges include
model reliability and data bias, as well as the ethical
implications of autonomous decision‑making and
safety and security in AI‑powered robotic systems.
Addressing these issues is critical for the success‑
ful deployment of generative models in real‑world
applications [6].

• Future Directions and Emerging Trends: The
review highlights potential future directions for
research and development at the intersection of
generative models and robotics. Emerging trends
include the integration of advanced AI techniques,
such as reinforcement learning with generative
models, and exploration of new application
domains. The development of ethical guidelines and
standards for autonomous systems is also crucial
for addressing societal concerns [7].

• Gaps in Current Research: Notable gaps in exist‑
ing research include underexplored applications of
generative models in robotics; a need for compre‑
hensive studies on the ethical and societal implica‑
tions of these technologies; and the development of
standardized evaluation metrics for assessing their
performance and impact. Identifying these gaps
presents opportunities for future research that can
drive innovation and enhance the understanding of
generative models in robotics [8].
In summary, the key ϐindings from this

literature review underscore the critical role of
generative models in driving innovation in robotics.
These advancements in robotic capabilities have
enabled greater autonomy and sophistication.
However, challenges remain for realizing their full
potential. Continued research and interdisciplinary
collaboration are essential to address these challenges
and advance the ϐield, ensuring that generativemodels
contribute positively to societal and industrial needs.

3. The Impact of Generative Models on
Robotic Innovation
The integration of generative models into robotics

has catalyzed a paradigm shift, signiϐicantly enhancing
robotic capabilities and broadening their application
spectrum. This section explores the multifaceted con‑
ceptual and technical impact of generative models on
robotic innovation, as well as their diverse applica‑
tions across various sectors.

3.1. Conceptual Innovations

The incorporation of generative models into
robotics signiϐies a transformative phase that
could reshape our understanding of robot design
and functionality. These advancements extend
beyond mere technical improvements; they reϐlect a
fundamental shift in how robots are conceived and
deployed.
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• Expanding Creative Horizons: Generative mod‑
els broaden creative possibilities in robotics by
enabling the generation of novel design concepts
and operational strategies. Their ability to simu‑
late diverse outcomes from a set of inputs allows
engineers to explore conϐigurations that optimize
efϐiciency, durability, and adaptability, often in ways
that human designers might overlook. This inno‑
vation also extends to material compositions that
creatively balance strength and ϐlexibility [9].

• Enhancing Learning and Adaptation: A criti‑
cal aspect of robotics is robots’ ability to learn
fromenvironments. Generativemodels enhance this
capability by producing synthetic data that mirrors
real‑world scenarios. This data enables robots to
train and adapt to varied conditions without the
extensive and costly data collection that is typi‑
cally required. For instance, in autonomous vehi‑
cle development, generative models can simulate
diverse driving scenarios, ensuring preparedness
for extreme conditions [10].

• Facilitating Complex Decision‑Making: Genera‑
tive models enable predictive modeling, in which
robots anticipate future states based on current
data. This capability is vital for autonomous robots
operating in dynamic environments, such as drones
in search‑and‑rescue missions. By forecasting
changes in their surroundings, these robots can
make informed decisions and optimize their actions
for safety and efϐiciency [11].

• Personalization and Adaptability: Generative
models enable more personalized and adaptable
robotic systems. In healthcare, robots can tailor
therapeutic interventions to individual patient
needs, enhancing treatment effectiveness.
In educational settings, they can adjust and
personalize teaching methods to suit varying
learning styles [12].
The conceptual innovations driven by generative

models are reshaping robotic capabilities, making
themmore intelligent, versatile, and effective.
3.2. Technical Innovations

The integration of generative models has sparked
numerous technical innovations that signiϐicantly
enhance the capabilities and efϐiciency of robotic sys‑
tems, paving theway for newmethodologies in design
and operation.
• Advanced Perception and Sensory
Processing: Generative models can revolutionize
robotic perception by synthesizing realistic
sensory data. This allows robots to train on
diverse scenarios, which improves their object
recognition and understanding of various scenes.
In vision‑based systems, these models generate
synthetic images that enhance robots’ abilities
to classify objects under varying conditions, thus
improving accuracy [13].

• Dynamic Adaptive Control and Enhanced
Decision‑Making: Generative models enhance

control systems, allowing for dynamic adaptation
to new tasks without manual reprogramming.
By simulating environmental interactions,
these models develop control strategies for
previously unencountered scenarios. In robotic
manipulation, for instance, they enable on‑the‑ϐly
grasping strategies by simulating unknown object
dynamics. This capability is crucial for real‑time
decision‑making in applications like autonomous
driving [14].

• Simulation and Training Environments: Genera‑
tive models create complex, realistic simulations for
robot training. These virtual environments provide
a risk‑free platform for robots to learn and hone
their skills across various tasks, signiϐicantly reduc‑
ing training time and resource requirements [15].

• Personalized Interaction and Human‑Robot
Interface: By analyzing and generating human‑like
responses, generative models improve human‑
robot interactions. They enable robots to adapt
their behaviors to individual users, enhancing the
user experience in service robotics and assistive
technologies [16].
These technical innovations redeϐine the bound‑

aries of robotic capabilities, further blurring the lines
between artiϐicial and natural intelligence.

3.3. Applications

The application of generative models in robotics
has signiϐicantly expanded their utility across various
sectors, making it possible for them to address com‑
plex real‑world problems.
• Industrial Automation and Manufacturing: Gen‑
erative models optimize production processes by
simulating workϐlows, predicting equipment fail‑
ures, and adapting to changes in real time. This
leads to increased efϐiciency and reduced downtime,
while also speeding up product design through sim‑
ulations [17].

• Healthcare and Medical Robotics: In healthcare,
generative models enhance surgical robots by mak‑
ing them adaptable to procedural variability. These
robots can simulate scenarios to plan optimal
approaches and thereby improve patient outcomes.
In rehabilitation, they can create personalized ther‑
apy programs based on patient progress [18].

• Autonomous Vehicles and Drones: Generative
models are essential for navigation and decision‑
making in autonomous vehicles and drones, allow‑
ing for training in scenarios that are challenging to
replicate in real life. This ensures safe and efϐicient
operations in logistics, transportation, and emer‑
gency response [19].

• Environmental Conservation and
Exploration: Robots equipped with generative
models facilitate exploration in inaccessible
environments, from the deep sea to outer space.
These models assist in mission planning and data
collection strategies, enhancing our understanding
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of these areas without extensive trial‑and‑error
costs [20].

• Agriculture and Farming: In agriculture, gener‑
ative models optimize farming practices by simu‑
lating crop growth scenarios and predicting pest
infestations, allowing for precision agriculture that
enhances efϐiciency while supporting sustainable
practices [21].
The vast applications of generative models in

robotics address pressing challenges across multiple
industries. As these models continue to evolve, they
promise further innovations that could signiϐicantly
improve quality of life and offer solutions to global
challenges.

4. Real‐world applications
The integration of generative models in robotics

demonstrates their tangible impact across various
sectors. Here are detailed examples of applications
where generative models are driving innovation and
solving complex problems:

4.1. Manufacturing Optimization: Adidas Speedfactory

The Adidas Speedfactory represents a ground‑
breaking advancement in manufacturing optimiza‑
tion, as it utilizes generative models to transform the
shoe production process. This facility was designed
to address the growing consumer demand for per‑
sonalized footwear and the need for faster produc‑
tion cycles. Traditional manufacturing methods often
involve lengthy lead times andmassproduction,which
are increasingly misaligned with market trends favor‑
ing customization and sustainability. By integrating
generative models, the Speedfactory can rapidly pro‑
totype and test new shoedesigns tailored to individual
preferences. Thesemodels analyze customer data and
performance metrics to create unique design varia‑
tions. Moreover, the use of advanced robotics in con‑
junction with these generative models facilitates pre‑
cision facilitates precision assembly and enables efϐi‑
cient material handling [22]. This automation allows
for quick adaptations to different shoe designs, which
reduces downtime and keeps quality consistent. The
Adidas Speedfactory exempliϐies howgenerativemod‑
els and robotics can set new standards in themanufac‑
turing industry by minimizing waste, enhancing cus‑
tomization, and streamlining production processes.

4.2. Surgical Assistance: da Vinci Surgical System

The da Vinci Surgical System is a pioneering exam‑
ple of robotics in themedical ϐield that offers enhanced
precision and ϐlexibility in complex surgical proce‑
dures. Although the system does not currently adver‑
tise the use of generative models, its advanced design
and functionality suggest signiϐicant potential if it
were to adopt the technology.

Generative models could play a crucial role in pre‑
operative planning by simulating a variety of surgical
scenarios tailored to patient‑speciϐic anatomical data.
This capability would enable surgeons to anticipate

challenges and optimize their strategies before enter‑
ing the operating room. Furthermore, during actual
surgeries, generative models could provide real‑time
decision support by analyzing the surgical site and
referencing vast datasets of previous procedures,
thereby assisting surgeons inmaking informedadjust‑
ments as needed [23]. Additionally, the integration of
Language Models (LMs) could enhance the system’s
capabilities by allowing for natural language pro‑
cessing of surgical protocols and patient information.
This would streamline communication and improve
decision‑makingduring operations. Thus,while the da
Vinci system has already made profound impacts on
surgical outcomes and recovery times, the integration
of generativemodels and LMs could usher in a newera
of personalized and predictive surgical assistance.
4.3. Autonomous Vehicles: Waymo’s Simulation Tech‐

nology

Waymo stands at the forefront of autonomous
vehicle technology, employing sophisticated simula‑
tion systems to enhance the safety and efϐiciency of
its self‑driving cars. The company’s use of generative
models within its simulation environments exempli‑
ϐies how cutting‑edge AI techniques can facilitate the
rapid development of autonomousdriving systems. By
recreating a wide array of driving scenarios—ranging
from everyday trafϐic conditions to rare, unexpected
events—Waymo can rigorously test and reϐine its self‑
driving algorithms beyondwhat is feasible on physical
roads.

Generative models play a vital role in this process
by creating detailed, realistic scenarios that not only
replicate real‑world data but also introduce novel situ‑
ations that the vehiclesmaynot have encounteredpre‑
viously. Generative models can additionally enhance
sensor simulations, enabling the vehicles to train their
perception systems under varied conditions, includ‑
ing changes in weather and lighting [24].

The incorporation of Vision Language Models
(VLMs) further enhances autonomous vehicles by
enabling them to process visual information along‑
side textual data, improving navigation and decision‑
making based on a more comprehensive understand‑
ing of their environment. Overall,Waymo’s integration
of generative models and VLMs into its simulation
technology signiϐicantly accelerates the learning pro‑
cess, enhances safetymeasures, and improves the efϐi‑
ciency of resource usage in developing autonomous
vehicles.
4.4. Agricultural Robotics: John Deere’s See & Spray

Technology

John Deere’s See & Spray technology exempli‑
ϐies the transformative impact of robotics in preci‑
sion agriculture, as it utilizes generative models to
optimize weed management practices. This innova‑
tive system employs advanced computer vision and
machine learning algorithms to identify and target
weeds among crops, potentially reducing herbicide
use by over 80%. Generative models enhance the
training of the vision system by generating synthetic
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images of weeds and crops in various contexts and
conditions, thereby improving themodel’s accuracy in
real‑time weed detection. The See & Spray technology
leverages high‑resolution cameras mounted on the
machinery to continuously capture images of the ϐield
as it moves, allowing for precise application of herbi‑
cides directly onto weeds while conserving resources.
By distinguishing between crops and weeds with
high accuracy, the system minimizes both costs and
environmental impact for farmers [25]. Additionally,
the integration of LMs could facilitate better com‑
munication and understanding of agricultural data,
allowing for more nuanced insights into crop man‑
agement practices. As generative models continue
to evolve, their incorporation into technologies like
See & Spray represents a signiϐicant leap forward
in sustainable farming practices, demonstrating the
potential of combining robotics with advanced AI to
enhance efϐiciency and productivity in agriculture.
4.5. EnvironmentalMonitoring: AutonomousUnderwa‐

ter Vehicles (AUVs)

Autonomous Underwater Vehicles (AUVs) are rev‑
olutionizing ocean exploration and environmental
monitoring, equipped with advanced sensors that
allow them to navigate complexmarine environments
with minimal human intervention. These sophisti‑
cated machines collect critical data on various param‑
eters, such as water temperature, salinity, and depth,
while capturing high‑resolution images and videos of
underwater ecosystems. The integration of generative
models into AUV technology holds the potential to
signiϐicantly enhance AUVs’ functionality. For exam‑
ple, generativemodels can create detailed simulations
of marine environments, enabling virtual testing and
optimization of AUV missions prior to deployment.
This capability allows researchers to plan missions
that are more resilient in the face of unpredictable
conditions in the deep sea [26]. Additionally, gener‑
ative models can assist in interpreting complex data
collected by AUVs, identifying patterns and anomalies
that may indicate ecological changes or pollution. The
incorporation of VLMs can further enhance AUV capa‑
bilities by allowing them to process visual data along‑
side textual descriptions, improving their decision‑
making in navigating and documenting underwater
conditions. By analyzing real‑time data, generative
models could enable AUVs to adapt their mission
objectives dynamically, allowing for targeted explo‑
ration based on environmental cues. In summary, the
integration of generative models and VLMs in AUVs is
paving the way for more sophisticated and adaptive
approaches to ocean exploration and environmental
monitoring.
4.6. Robotics in Disaster Response: Search and Rescue

Drones

In disaster‑response scenarios, search and rescue
drones equipped with generative models are making
signiϐicant contributions to locating survivors in chal‑
lenging environments. These drones utilize advanced
algorithms to analyze environmental data and predict

optimal search patterns, improving the efϐiciency and
effectiveness of rescue operations [27]. Generative
models enable the drones to simulate various envi‑
ronmental conditions, helping them adapt to unpre‑
dictable circumstances encountered during missions.
By processing real‑time information from sensors,
these drones can autonomously adjust their ϐlight
paths, prioritizing areas that aremore likely to contain
survivors. Furthermore, integrating LMs can enhance
communication and coordination among rescue teams
by facilitating the processing of mission‑related data
and instructions in natural language. This innovative
application of generative models and LMs in search
and rescue operations not only accelerates response
times during emergencies but also increases the like‑
lihood of successful rescues, ultimately saving lives in
critical situations.
4.7. Human‐Robot Interaction: Social Robots

Social robots, such as SoftBank’s Pepper, are
increasingly being deployed in customer‑service
and educational settings, where they interact with
humans in meaningful ways. The integration of
generative models into these robots can signiϐicantly
enhance their ability to understand and respond to
human emotions and commands [28]. By analyzing
contextual data, generative models allow social
robots to generate appropriate verbal and non‑verbal
responses, creating more engaging and intuitive
interactions. For example, Pepper can adapt its
conversational style and behavior based on the
emotional state of the person it is interacting with,
thanks to insights derived from generative models.
Additionally, the incorporation of LMs enables
social robots to process natural language commands
and provide informative responses, enhancing the
overall user experience. This capability fosters more
meaningful connections between humans and robots,
making them more effective companions and service
providers. As the technology continues to evolve, the
integration of generative models and LMs in social
robotics holds the potential to transform how robots
engage with people, making interactions more ϐluid
and personalized.
4.8. Logistics and Warehousing: Amazon Robotics

In the logistics sector, Amazon Robotics has rev‑
olutionized warehouse operations by employing gen‑
erative models to optimize routing and task allo‑
cation for its robotic systems. These robots are
designed to navigate complex warehouse environ‑
ments autonomously, transporting goods from one
location to another with remarkable efϐiciency. Gen‑
erative models play a crucial role in enhancing
the robots’ decision‑making capabilities by analyz‑
ing real‑time data on inventory levels, order prior‑
ities, and environmental conditions. This allows the
robots to dynamically adjust their routes and tasks,
minimizing delays and maximizing operational efϐi‑
ciency [29]. Additionally, integrating LMs can facili‑
tate better communication between human operators
and robots, allowing for streamlined instructions and
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improved coordinationduringpeakoperational times.
For example, LMs can help interpret verbal instruc‑
tions given by warehouse staff, translating them into
actionable tasks for the robots. Overall, the integration
of generative models and LMs in Amazon Robotics
not only reduces operational costs but also improves
the speed and accuracy of order fulϐillment, enhancing
customer satisfaction.
4.9. Entertainment and Content Creation: Robotic Per‐

formers

Robotic performers in theatrical and entertain‑
ment settings are increasingly utilizing generative
models to create dynamic and engaging performances.
These robots can generate scripts, choreography, and
other performance elements based on audience inter‑
action and environmental cues. By analyzing real‑
time data from audience reactions, generative models
allow robotic performers to adapt their performances,
making each show unique and tailored to the audi‑
ence’s preferences [30]. The incorporation of VLMs
can further enhance these performances by enabling
the robots to understand and respond to visual stim‑
uli, such as audience expressions or gestures, creat‑
ing an immersive experience. For instance, a robotic
performer might modify its dance routine or dialogue
in response to the energy and engagement levels
of the audience, fostering a deeper connection. This
application of generativemodels in entertainment not
only enhances performances but also blurs the lines
between traditional entertainment and cutting‑edge
technology, offering audiences a fresh and innovative
experience.
4.10. Robotics for Art and Design: Generative Design in

3D Printing

Generative design in 3D printing is transforming
the ϐields of art and design by enabling creators to
produce intricate and innovative pieces while opti‑
mizing material usage and structural integrity. By uti‑
lizing generative models, artists and designers can
input speciϐic parameters to explore a vast design
space, resulting in unique outputs that challenge tra‑
ditional manufacturing methods. This approach pro‑
motes sustainability by reducing waste and allow‑
ing for more energy‑efϐicient designs, particularly in
architecture. The collaboration between human cre‑
ativity and robotic execution enhances the iterative
design process, enabling rapid prototyping and quick
adjustments [31]. Additionally, the integration of LMs
allows artists to describe their visions in natural lan‑
guage, making advanced design tools more accessible.
As generative design technologies evolve, they will
facilitate the creation of dynamic, interactive installa‑
tions that respond to audience engagement, redeϐin‑
ing art as a living medium. In summary, generative
design in 3D printing is reshaping the landscape of art
and design, blending technology with creativity and
opening new avenues for artistic expression and inno‑
vation. This synergy promises to push the boundaries
of what is possible, fostering a future where art and
technology intersect in unprecedented ways.

5. Challenges and Limitations
While the integration of generative models into

robotics heralds signiϐicant advancements, it also
presents a range of challenges and limitations that
require careful consideration and strategic solutions.
These challenges span technical, ethical, and prac‑
tical domains, and they impact the development,
deployment, and societal reception of these technolo‑
gies. Understanding these challenges is crucial for nav‑
igating the path forward and ensuring the responsible
and effective use of generative models in robotics.
5.1. Technical Challenges

• Model Complexity and Computational Require‑
ments: Generative models, particularly those based
on deep learning, are often computationally inten‑
sive, necessitating substantial resources for their
training and operation. This complexity can limit
their deployment if they have constrained process‑
ing capabilities or are working in real time. As a
result, optimizingmodels for efϐiciency without sac‑
riϐicing performance is essential for broader appli‑
cation in various robotic contexts [32].

• Data Quality and Bias: The effectiveness of genera‑
tive models is heavily dependent on the quality and
diversity of their training data. Biased or insufϐicient
training datasets can lead to models that generate
inaccurate or biased outputs, which is especially
concerning in critical applications such as health‑
care and autonomous driving. Ensuring diverse and
representative training data is vital for mitigating
these risks and improving the reliability of genera‑
tive models [33].

• Model Interpretability and Explainability: A sig‑
niϐicant challenge lies in understanding how gener‑
ative models arrive at their decisions, particularly
with complex neural networks. The lack of inter‑
pretability can hinder their application in scenarios
where transparent decision‑making processes and
accountability are paramount. Developing methods
to enhancemodel explainability is crucial for gaining
trust and ensuring the ethical use of thesemodels in
sensitive domains [34].

5.2. Ethical and Societal Challenges

• Autonomy and Accountability: As robots become
increasingly autonomous through generative mod‑
els, questions regarding accountability in cases of
failure or unintended consequences emerge. There
is a need to establish clear guidelines for liability and
ensure ethical decision‑making. Addressing these
issues is challenging but essential for fostering pub‑
lic trust in robotic technologies [35].

• Privacy Concerns: Generative models can produce
highly realistic data, raising concerns about poten‑
tial infringements on individual privacy. This is par‑
ticularly relevant when real‑world data is used for
training. It is crucial to implement measures that
safeguard personal data and ensure that the mod‑
els do not generate representations without explicit
consent [36].

113



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

• Job Displacement: The enhanced capabilities and
autonomy of robots powered by generative models
may lead to fears of job displacement across various
sectors. Balancing technological advancement with
the social and economic impacts of automation is a
pressing challenge requiring thoughtful considera‑
tion and proactive measures [37].

5.3. Practical Limitations

• Scalability and Deployment: Transitioning gener‑
ative models from controlled environments or sim‑
ulations to real‑world applications often involves
signiϐicant challenges. Real‑world settings are often
unpredictable and highly variable, complicating the
deployment of models that were trained in more
controlled conditions. Developing robust models
that can adapt to these real‑world variations is
essential for successful implementation [38].

• Integration with Existing Systems: Incorporating
advanced generative models into existing robotic
systems or workϐlows can present difϐiculties due
to compatibility issues, legacy infrastructure, and
the need for specialized expertise. A systematic
approach to integration that considers these factors
is crucial for using these models to enhance the
functionality of existing systems [39].

• Cost: The development, training, and deployment of
generative models in robotics can be prohibitively
expensive, limiting access for smaller organizations
and researchers. There have been ongoing efforts
to reduce costs through the creation of more efϐi‑
cient algorithms and the democratization of access
to computational resources [40].
Addressing these challenges requires a multi‑

faceted approach that includes technological inno‑
vation, ethical guidelines, and comprehensive policy
frameworks. Collaboration among academia, indus‑
try, and regulatory bodies is essential to effectively
navigate these challenges. Additionally, fostering an
inclusive dialogue with the public and stakeholders
can help mitigate societal concerns and ensure that
the beneϐits of integrating generative models into
robotics are realized broadly and equitably. As the
ϐield progresses, itwill be crucial to continuously iden‑
tify, assess, and address these challenges to promote
sustainable and responsible advancement in robotic
innovation.

6. Future Directions
The integration of generative models into robotics

presents a wealth of future directions that show
promise not only for addressing current limitations
but also for expanding the capabilities of robotic sys‑
tems to unprecedented levels. As we look ahead, sev‑
eral key areas emerge as critical for the evolution and
application of generative models in robotics.
• Enhanced Model Efϐiciency and Scalabil‑
ity: Future research is likely to focus on developing
more efϐicient and scalable generative models that
require less computational power, which would

make themmore suitable for real‑time applications.
This entails optimizing model architectures,
utilizing lightweight neural networks, and exploring
innovative data compression and processing
techniques. Achieving greater efϐiciency will enable
advanced generative capabilities to be embedded
directly into robotic systems, even those operating
in resource‑constrained environments or at the
edge [41].

• Improved Data Quality and Bias Mitigation:
Addressing data quality and bias is paramount
for the effective deployment of generative models.
Future efforts will center on sophisticated data aug‑
mentation techniques and diversiϐication strategies
to ensure that training datasets are comprehensive
and representative of real‑world variability. Addi‑
tionally, bias detection and mitigation algorithms
will be increasingly essential to prevent generative
models from perpetuating or exacerbating exist‑
ing biases, particularly in sensitive applications like
healthcare and autonomous driving [42].

• Advancements in Model Interpretability: As the
complexity of generative models increases, so does
the need for interpretability and explainability.
Research will focus on making these models more
transparent and understandable to users, espe‑
cially in critical domains where decision‑making
must be justiϐied. Models that can visualize their
decision‑making processes and provide rationales
for their outputs will be crucial for fostering trust
and accountability [43].

• Cross‑disciplinary Applications: The potential
applications of generative models in robotics span
a wide range of ϐields, suggesting a future where
cross‑disciplinary collaborations become the norm.
From environmental conservation and space explo‑
ration to healthcare and the arts, integrating exper‑
tise from diverse domains will lead to innova‑
tive applications that leverage the unique capabil‑
ities of generative models to tackle complex chal‑
lenges [44].

• Ethical and Societal Considerations: As genera‑
tive models become more integrated into robotics,
ethical and societal considerations will take center
stage. It will be crucial to develop ethical guidelines
and governance frameworks, as well as regulatory
standards, for the deployment of these technolo‑
gies. Engaging with a diverse range of stakeholders
including ethicists, policymakers, and the general
public—will ensure that the development of gen‑
erative models in robotics is aligned with societal
values and priorities [45].

• Collaborative and Augmented Robotics: Look‑
ing ahead, the concept of collaborative and aug‑
mented robotics, in which humans and robots work
together seamlessly, is set to evolve further. Gen‑
erative models will be instrumental in enabling
robots to understand and predict human actions
and intentions, facilitating more intuitive and effec‑
tive human‑robot interactions. This evolution will
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enhance robotic capabilities and introduce new
modes of collaboration inwork and creative endeav‑
ors.
In conclusion, the future of generative models in

robotics is rich with possibilities, characterized by
a continuous push towards technological innovation,
ethical integration, and cross‑disciplinary collabora‑
tion. By addressing current challenges and exploring
these future directions, the ϐield is poised to unlock
new levels of innovation and utility in robotics, sig‑
niϐicantly impacting society and industry. The journey
ahead promises to be both exciting and transforma‑
tive, shaping the next frontier of robotic capabilities
and applications.

7. Conclusion
The exploration of generative models and their

impact on robotic innovation reveals a transformative
landscape characterized by signiϐicant advancements,
diverse applications, and formidable challenges. This
comprehensive examination highlights the substan‑
tial progress made in integrating generative mod‑
els into robotics, illuminating a future rich with
potential yet fraught with complexities and ethical
considerations.

Generative models have become central to driv‑
ing both conceptual and technical innovations within
robotics. They expand the creative capabilities of
robots, enhancing their learning and adaptation skills
while radically changing their decision‑making pro‑
cesses. This evolution signiϐies a fundamental shift
in robotic capabilities, allowing machines to operate
with a level of autonomyand sophisticationpreviously
unattainable. The implications of these advancements
reach beyond technical boundaries and redeϐine the
roles of robots in various sectors and society at large.

The applications of generative models in robotics
span multiple industries in ways that showcase their
versatility and transformative potential. In manu‑
facturing, these models optimize production lines
and assist in product design, heralding a new era
of efϐiciency and customization; in healthcare, they
empower surgical robotswith enhancedprecision and
adaptability, offering groundbreaking approaches to
patient care. Their wide‑ranging impact is evident in
other areas, such as autonomous vehicles, environ‑
mental conservation initiatives, and agricultural tech‑
nologies, underscoring their capacity to tackle com‑
plex global challenges.

However, the integration of generativemodels into
robotics is not without signiϐicant challenges. Tech‑
nical hurdles, including the computational demands
of these models and the necessity for high‑quality,
unbiased data, present considerable issues. Addition‑
ally, ethical and societal concerns—such as issues of
autonomy, accountability, and privacy—require care‑
ful consideration and proactive management. These
challenges highlight the importance of a multidisci‑
plinary approach to research and development that
combines insights from technology, ethics, and policy
to navigate the complexities of this evolving ϐield.

Looking to the future, the ongoing advancement
of generative models in robotics holds immense
promise for innovation and societal beneϐit. The
path forward calls for enhanced model efϐiciency,
as well as improvements in data management prac‑
tices, interpretability, and ethical considerations. As
new applications are explored and existing limita‑
tions addressed, collaboration across disciplines and
engagement with diverse stakeholders will be essen‑
tial. This inclusive approach will ensure that the ben‑
eϐits of generative models in robotics are realized
broadly and equitably, aligning technological progress
with societal values and needs.

In summary, the integration of generative mod‑
els into robotics marks a signiϐicant leap forward in
our pursuit of creating more intelligent, capable, and
adaptable machines. As we stand at the threshold of
this new era, it is evident that the journey ahead is
both exciting and uncertain. By embracing the chal‑
lenges and thoughtfully navigating the ethical impli‑
cations, we can unlock the full potential of these tech‑
nologies, shaping a future where robotics and gener‑
ative models play a pivotal role in advancing human
society and addressing the pressing challenges of our
time.
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Abstract:
The rapid development of Integrated Energy Systems
(IES), which unifiy diverse energy technologies such as
electricity, heat, cooling, and gas, has heightened the
importance of optimizing their operational modes. This
paper explores the application of ternary optimization in
IES, a discrete optimization approachwhere variables are
constrained to three values: {‐1, 0, +1}. Ternary optimiza‐
tion offers a balanced trade‐off between binary and full‐
precision optimization, providing significant advantages
in computational efficiency, memory savings, and energy
efficiency. The article covers: key concepts of ternary
optimization, including ternary representation, sparsity,
and quantization; advantages and challenges of ternary
optimization, such as reducing computational complexity
and potential loss of accuracy; the application of ternary
optimization for the IES. The role of ternary optimiza‐
tion in simplifying energy flow management, reducing
computational resources, and enabling faster decision‐
making in dynamic environments is emphasized. Exam‐
ples of using ternary optimization for energy distribution,
microgridmanagement, integration of renewable energy
sources, and energy storage systems are provided. A
practical example of transforming an optimizationmodel
for IES into a ternary model using GMPL (GNU Math‐
Prog Language) is provided, demonstrating how ternary
variables, constraints, and objective functions can be
adapted. The paper concludes by discussing promis‐
ing directions for ternary optimization in IES, includ‐
ing integration with AI and machine learning, develop‐
ment of specialized algorithms, and hardware support for
ternary computations. Research underscores the poten‐
tial of ternary optimization to enhance the efficiency,
resilience, and scalability of IES, particularly in the con‐
text of increasing renewable energy integration and the
complexity of modern energy grids.

Keywords: Ternary optimization, Integrated energy sys‐
tems, Discrete optimization, Energy flow management,
Renewable energy integration, Microgrid management

1. Introduction
The rapid development of Integrated Energy Sys‑

tems (IES), which are a cornerstone of modern energy
infrastructure and are designed to unify multiple
energy technologies – such as electricity, heat, cool‑
ing, and sometimes even gas – into a single system,
increases the importance of optimizing their operat‑
ingmodes [1–10]. The conceptual structure of such an

Figure 1. Conceptual structure of the Energy Hub [11]

Energy Hub is shown in Fig. 1. Therefore, it is natural
that a vast number of publications are dedicated to
this topic. [11–23].

Optimization plays a crucial role in ensuring the
sustainable operation and development of IES for sev‑
eral reasons:
1. enhanced efϐiciency and cost reduction;
2. integration of renewable energy sources;
3. multi‑objective decision making;
4. real‑time operation and control;
5. long‑term planning and investment decisions.

The relevance of optimization in IES cannot be
overstated. By addressing both short‑term opera‑
tional challenges and long‑term strategic planning,
optimization enables the full potential of IES to be
realized, ensuring the integration of diverse energy
sources, improving efϐiciency, reducing costs, and sup‑
porting the transition to a sustainable, low‑carbon
energy future. As research continues to advance
[24–37], the development of more sophisticated and
reliable optimization models will further enhance the
performance and reliability of IES.

2. Ternary Optimization: Key Concepts
Ternary optimization is the process of optimizing

models or systems in which variables or parameters
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are restricted to three possible values, typically {‑1,
0, +1}. This form of discrete optimization serves as a
compromise between binary optimization (e.g., {0, 1})
and full‑precision optimization (e.g., 32‑bit ϐloating‑
point numbers) [38,39].
Key concepts:

1. Ternary representation. The elements used are
restricted to three values, in the simplest case {‑1,
0, +1}. This representation reduces computational
complexity and memory usage.

2. Sparsity. The inclusion of the value ”0” enables the
creation of sparse structures, leading to more efϐi‑
cient storage and faster computations.

3. Quantization. Ternary optimization is a form of
quantization—mapping continuous values to a
predeϐined set of discrete values.

4. Optimization methods. Ternary Weight Networks
(TWNs) [40–42] and gradient‑based methods for
training models with ternary constraints [43].

Advantages:

1. Computational efϐiciency. Using ternary values
simpliϐies arithmetic operations, reduces the com‑
putational complexity of matrix multiplications
and convolutions, which is especially important for
real‑time implementations.

2. Memory savings. Storing ternary values requires
fewer bits, signiϐicantly reducing memory con‑
sumption.

3. Energy efϐiciency. Ternary operations consume
less energy, making them suitable for resource‑
constrained devices.

4. Sparsity. Ternary models create sparse matri‑
ces, accelerating computations, reducing hardware
load, and helping to mitigate overϐitting.

5. Balanced trade‑off. Ternary optimization offers
a balance between highly restrictive binary
optimization and resource‑intensive full‑precision
optimization.

Disadvantages:

1. Loss of accuracy. Ternary quantization can lead
to accuracy loss and degrade model performance,
especially for complex tasks.

2. Training complexity. Training ternary models
requires specialized methods, such as gradient
approximation and backpropagation adjustments.

3. Hardware support. Many hardware architectures
are not optimized for ternary computations.

4. Convergence issues. Ternary constraints compli‑
cate the optimization process, potentially leading
to slower convergence or suboptimal solutions.

Application:

1. Deep learning. Ternary optimization is widely used
for model compression and acceleration, such as in
Ternary Neural Networks (TNNs) [44] and Ternary
Weight Networks (TWNs) [40,42].

2. Edge computing. Ternary models are ideal for
deployment on resource‑constrained devices, such
as smartphones and IoT (Internet of Things)
devices.

3. Natural Language Processing (NLP). Ternary quan‑
tization is applied to transformer models to reduce
their size and speed up inference.

4. Computer vision. Convolutional Neural Networks
(CNNs) beneϐit from ternary optimization, espe‑
cially in real‑world applications like object detec‑
tion and segmentation.

5. Hardware design. Ternary logic is used in the devel‑
opment of specialized hardware solutions for AI
accelerators.

Latest achievements:
1. Improved Training Methods. Techniques such

as Straight‑Through Estimators (STEs) [45] and
ternary gradient descent have been developed to
enhance the training of ternary models [46].

2. Hybrid Approaches. Combining ternary optimiza‑
tion with methods like pruning and knowledge
distillation shows promising potential [47]. Hard‑
ware Acceleration. Research is ongoing in hard‑
ware architectures that natively support ternary
operations. Companies like Google and NVIDIA are
actively exploring this ϐield.
Main advantages, disadvantages, application and

latest achievements of the ternary optimization are
shown in the Table 1.

Ternary optimization is a powerful tool for model
compression and acceleration, offering a balanced
trade‑off between efϐiciency and performance. While
it comes with training complexity and potential accu‑
racy loss, recent advancements in algorithms and
hardware are making its application increasingly
effective in real‑world scenarios. As the demand for
efϐicient AI models grows, ternary optimization is
likely to play an even greater role in machine learning
and deep learning processes.

3. Ternary Optimization in the IES
The use of this promising approach in IES can sig‑

niϐicantly enhance energy resource management efϐi‑
ciency, reduce costs, and improve system resilience.
Since IES incorporate various energy sources, includ‑
ing renewable (solar, wind), conventional (coal, gas),
and energy storage systems, ternary optimization can
be applied to address challenges in control, distribu‑
tion, and optimization within these systems (Fig. 2).
Advantages of ternary optimization in the IES:

1. Simpliϐied energy ϐlow management. Ternary val‑
ues, such as {‑1, 0, +1}, can represent energy ϐlow
directions: ‑1 for consumption, 0 for no energy
ϐlow, and +1 for generation. This simpliϐies the
modeling and management of complex energy net‑
works.

2. Reduced computational resources. Ternary opti‑
mization requires less memory and computing
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Table 1. Ternary Optimization Key Concepts

Advantages Disadvantages Application Latest achievements
Computational Efϐiciency Loss of Accuracy Deep Learning Improved Training Methods
Memory Savings Training Complexity Edge Computing Hybrid Approaches
Energy Efϐiciency Hardware Support NLP Hardware Acceleration
Sparsity Convergence Issues Computer Vision
Balanced Trade‑off Hardware Design

Figure 2. Architecture of the regional integrated energy
system [14]

power compared to methods using continuous
variables,which is crucial for real‑time systems like
smart grids.

3. Faster decision‑making. In dynamically changing
renewable energy conditions, ternary optimization
enables quicker identiϐication of optimal solutions.

4. Sparsity and computational efϐiciency. As previ‑
ously highlighted, ternary models create sparse
matrices, accelerating computations and reducing
hardware load.

5. Flexibility in management. Ternary optimization
facilitates seamless integration of various energy
sources and storage systems, ensuring balance
between supply and demand.

6. Cost reduction. By optimizing energy ϐlows, ternary
optimization minimizes generation and transmis‑
sion costs.

7. Resilience to changes. Ternary models quickly
adapt to ϐluctuations in energy production and con‑
sumption.

8. Scalability. Ternary optimization can be easily
scaled for large energy systems, including regional
and national grids.

Application of ternary optimization in the IES:

1. Energy distribution optimization. Ternary models
can be used to optimize energy distribution among
consumers, generators, and storage systems, mini‑
mizing transmission losses [48].

2. Microgrid management. In microgrids, which can
operate both autonomously and as part of a larger
grid, ternary optimization enhances the manage‑
ment of local energy sources and loads.

3. Renewable energy integration. Ternary optimiza‑
tion accounts for the stochastic nature of renew‑
able energy sources (RES) and helps determine
optimal utilization strategies.

Figure 3. Ternary strategy improves the photovoltaic
efficiency of ternary devices [48]

4. Energy storage systems. Ternary models optimize
charging and discharging cycles of batteries and
other storage devices, minimizing degradation and
maximizing efϐiciency.

5. Demand responsemanagement. Ternary optimiza‑
tion helps balance supply and demand, for exam‑
ple, by switching consumers to alternative energy
sources during peak periods.

6. Optimization of fuel cells and hybrid systems.
In systems using fuel cells, ternary optimization
assists in managing operational modes (genera‑
tion, storage, inactivity).
As example, the impact on photovoltaic efϐiciency

via this ternary strategy is depicted in Fig. 3.
Example of ternary optimization in the IES. As one

of the simplest application examples, we can consider
the management of a microgrid that includes solar
panels, wind turbines, batteries, and consumers. In
this case, ternary optimization can be applied to:
1. determine when to use energy from solar panels

(+1), when to charge batteries (‑1), and when to
disconnect sources (0);

2. minimize energy costs from the external grid;
3. ensure network stability in response to load ϐluctu‑

ations.
Promising directions for ternary optimization in the IES:

1. Integration with AI and machine learning [44].
Ternary optimization is increasingly combined
with machine learning methods for more accurate
forecasting and energy systemmanagement.

2. Development of specialized algorithms. There is a
growing need for algorithms that account for the
speciϐic characteristics of energy systems, such as
nonlinear losses and transmission constraints [49].
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Figure 4. Expansion of ternary optimization
applications [50]

3. Hardware support. The expansion of ternary
optimization applications drives the demand
for energy‑efϐicient processors and controllers
optimized for ternary computing [50]. Key beneϐits
of these expanding applications are provided in
Fig. 4.

4. Proposed model
Below is an example of transforming speciϐic ele‑

ments of an optimization model for an integrated
energy system in GMPL (GNU MathProg Language)
into a ternary model by modifying individual vari‑
ables, constraints, and the objective function. Ternary
optimization assumes that variables can take only
three values, typically: ‑1, 0, and +1. The transforma‑
tion is performed step by step as follows:
1. Deϔining ternary variables in GMPL

In GMPL, variables are usually declared as contin‑
uous or integer. For ternary optimization, variables
are restricted to three values: {‑1, 0, +1}. The variable
declaration is replaced with an integer type with a
range constraint:

/*ampl*/
var x{i in I} integer,>= ‑1,<= 1; # Ternary variable
Here, I is the set of indices for the variable.

2. Modiϔication of the objective function
The objective function is adapted to work with

ternary variables. For example, the goal may be to
minimize costs or energy losses.

/*ampl*/
minimize TotalCost: sum{i in I} (c[i] * x[i]); #

c[i] — cost, x[i] — ternary variable.
It is necessary to ensure that the objective function

correctly accounts for ternary values.
3. Adaptation of constraints

The model constraints are modiϐied to correctly
work with ternary variables. For example, an energy
balance constraint may look like this:

/*ampl*/
subject to EnergyBalance {t in T}:
sum{i in I} (x[i, t] * P[i]) = D[t]; # P[i]—power, D[t]

— demand.
Here, x[i, t] is a ternary variable that deϐines

whether the energy source is active (+1), disconnected
(0), or consuming energy (‑1).

4. Considering ternary logic
Logical conditions used in the model (e.g., condi‑

tions for turning energy sources on/off) are modiϐied
to account for ternary variables. For example:
1. If x[i] = +1, the source is operating.
2. If x[i] = ‑1, the source is consuming energy (e.g.,

charging a battery).
3. If x[i] = 0, the source is turned off.
5. Example of transformation

Here is a simple example of an energy system
model in GMPL and its transformation to a ternary
model.

Original model (continuous variables):
/*ampl*/
set I; # Set of energy sources
set T; # Set of time intervals
param P{I}; # Power of energy sources
param D{T}; # Energy Demand
param c{I}; # Cost of energy for each source
var x{I, T} >= 0; # Continuous variable – installed

power utilization factor of each source at time t
minimize TotalCost: sum{i in I, t in T} (c[i] * x[i, t]

* P[i]);
subject to EnergyBalance {t in T}: sum{i in I}

(x[i, t] * P[i])>= D[t];
Transformed Model (Ternary Variables):
/*ampl*/
set I; # Set of energy sources
set T; # Set of time intervals
param P{I}; # Power of energy sources
param D{T}; # Energy Demand
param c{I}; # Cost of energy for each source
var x{I, T} integer,>= ‑1,<= 1; # Ternary variable
minimize TotalCost: sum{i in I, t in T} (c[i] * x[i, t] *

P[i]);
subject to EnergyBalance {t in T}: sum{i in I}

(x[i, t] * P[i])>= D[t];
6. Solving the Model

The transformed model can be solved using an
integer programming solver, such as the GLPK solver,
which is integrated within GMPL. To run the solution
in GMPL, just like in the continuous model, the ‘solve’
command is used:

/*ampl*/
solve;

5. Results and discussion
The analysis of the obtained results from the solu‑

tion allows conϐirming that the ternary variables cor‑
rectly reϐlect the behavior of the energy system. In
particular:
1. the values of the ternary variables are indeed equal

to ‑1, 0, or +1 (or other speciϐied quantization val‑
ues);

2. all speciϐied constraints are correctly satisϐied;
3. the computed value of the objective function (e.g.,

total costs) is adequate.
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If the model is too complex and the solver takes
too long or fails to solve the problem, the following
techniques can be effective:
1. using heuristics for initial approximation;
2. applying relaxation (e.g., allowing variables to be

continuous during the preliminary solving phase);
3. decomposing the problem into smaller subprob‑

lems, such as dividing by time intervals.
The article explores the applicationof ternaryopti‑

mization in the IES by addressing both theoretical
foundations and practical implementations. The dis‑
cussion on ternary representation, sparsity, and quan‑
tization provides a conceptual framework, while the
review of advantages and limitations offers a balanced
perspective on its feasibility.

A GMPL‑based example demonstrates a step‑by‑
step transformation of an optimization model into a
ternary format. This practical illustration enhances
the article’s technical depth and makes it more appli‑
cable for researchers and engineersworking in energy
optimization and computational modeling.

Further research in the following areas seems use‑
ful:
1. comparative analysis between ternary, binary, and

full‑precision optimization methods in real‑world
energy systems;

2. case studies showcasing real‑time implementation
and performance metrics of ternary optimization
in actual energy grids;

3. expanded discussion on the potential role of hard‑
ware advancements, such as ternary‑compatible
processors, in enhancing computational efϐiciency.
Overall, the article makes a valuable contribu‑

tion to the ϐield of energy optimization and high‑
lights ternary optimization as a viable and innovative
approach for enhancing the efϐiciency, scalability, and
sustainability of modern energy systems.

6. Conclusions
Ternary optimization presents a promising

approach for managing IES by providing a balance
between computational efϐiciency, speed, and
resource utilization. By leveraging discrete values
(‑1, 0, +1), ternary optimization enables simpliϐied
energy ϐlow management, reduces computational
complexity, and enhances decision‑making in
dynamic energy environments. Pointed challenges
remain in accuracy loss, training complexity, and
limited hardware support. The article highlights key
applications, including energy distribution, microgrid
management, renewable energy integration, and
energy storage optimization, demonstrating its
versatility across various aspects of modern
energy infrastructure. The transformation of
GMPL optimization model into a ternary format
showcases its practical implementation potential.
Future advancements in AI integration, algorithm
development, and hardware acceleration will be
critical for realizing the full potential of ternary

optimization in energy systems. As the demand for
sustainable, efϐicient, and scalable energy solutions
grows, ternary optimization is expected to play an
increasingly signiϐicant role in the evolution of next‑
generation energy networks. Ternary optimization
offers a powerful tool for managing IES, providing
a balance between efϐiciency, speed, and resource
consumption. Its application can signiϐicantly improve
the management of energy ϐlows, especially in the
context of the increasing share of renewable energy
sources and the complexity of modern energy
grids. However, widespread adoption requires
further development of algorithms and hardware
support.
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Abstract:
Modern IP networks face significant challenges in main‐
taining performance under dynamic and diverse traf‐
fic conditions. Traditional congestion control algorithms,
such as TCP Reno, Cubic, and even recent reinforcement
learning (RL) methods like PPO and DQN, often respond
uniformly to packet loss, failing to distinguish between
congestion‐induced losses and those arising from wire‐
less interference or hardware failures. This paper intro‐
duces AHMA (Adaptive Hierarchical Meta‐Agent) — a
novel two‐stage intelligent congestion control frame‐
work that integrates a Bayesian Transformer‐based clas‐
sifier with a Meta‐Evolutionary Reinforcement Learning
(Meta‐ES‐RL) controller. AHMA first classifies the cause
of the packet loss in real‐time, and then dynamically
selects an optimized control strategy based on classifi‐
cation confidence. Using a synthetically generated NS‐
3 dataset of 1,000 labeled flow samples, we evaluate
AHMA’s performance against PPO, DQN, TCP Cubic, and
TCP Reno across key metrics. Experimental results show
that AHMA achieves a decision accuracy of 92%, reduces
packet loss to 8.56% with improved throughput, and
decreases latency, outperforming all baseline methods.
This approach represents a significant advancement in
adaptive, cause‐aware congestion management, with
strong potential for deployment in next‐generation high‐
performance IP and 5G networks.

Keywords: Adaptive Congestion Control, Bayesian Trans‐
former, Congestion‐Induced Losses, IP Network Opti‐
mization,Meta‐Reinforcement Learning, Packet loss clas‐
sification

1. Introduction
Congestion control is a vital aspect of modern IP

network performance, especially as digital commu‑
nication systems continue to evolve toward higher
speeds, lower latencies, andmore dynamic topologies.
Conventional congestion control algorithms such as
TCPReno, TCPCubic, andTCPBBR are designed based
on simple assumptions: they interpret any form of
packet loss or increased round‑trip time (RTT) as evi‑
dence of congestion. These reactive strategies reduce
sending rates upon detecting loss irrespective of its
actual cause [1–3], as illustrated in Figure 1. However,
this assumption often leads to suboptimal perfor‑
mance in complex network environments, especially

Figure 1. Traditional approach to congestion control

in heterogeneous or wireless networks, where loss
may result from interference, mobility, or physical
layer disruptions rather than congestion itself.

The misclassiϐication of loss events results in
unnecessary throttling of throughput, elevated
latency, and a degradation in quality of service
(QoS) [5, 6]. These problems are further ampliϐied
in real‑time applications, such as video streaming,
telemedicine, autonomous driving, and augmented
reality, where consistent throughput and minimal
delay are mission critical [9]. To address these
challenges, researchers have explored machine
learning (ML) and reinforcement learning (RL)
techniques that can intelligently learn and adapt
congestion control behaviour based on real‑time
observations [11–13].

Several RL‑based methods have emerged,
consisting of deep Q‑networks (DQN), proximal
coverage optimization (PPO), and actor‑critic
fashions [14, 15]. While these models demonstrate
superior performance over traditional protocols
in controlled scenarios, they suffer from a critical
limitation: the inability to differentiate between
various causes of packet loss. Consequently, they
apply the same corrective action regardless of
whether the loss is caused by congestion, wireless
noise, or hardware faults.

To deal with this gap, we advise a novel hybrid
method known as the adaptive hierarchical meta‑
agent (AHMA). The AHMA architecture introduces
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a two‑stage learning system that separates loss
classiϐication from control policy selection. The ϐirst
stage employs a Bayesian Transformer classiϐier to
accurately detect and classify the cause of packet
loss in real time. The second stage integrates a
meta‑evolutionary reinforcement learning (Meta‑ES‑
RL) agent that dynamically adapts its congestion con‑
trol strategy based on context, as well as classiϐication
conϐidence.

To validate the proposed framework, we devel‑
oped a synthetic dataset using NS‑3 network simu‑
lations [23], modeling diverse loss scenarios, includ‑
ing congestion, wireless errors, and link failures. Fea‑
tures such as RTT, queue length, signal‑to‑noise ratio
(SNR), and drop patterns were captured and labeled
for supervised training and policy evaluation. Our
experimental results demonstrate that AHMA outper‑
forms both classical and RL‑based congestion control
algorithms in terms of throughput, latency, packet loss
rate, and decision accuracy.

The proposed work provides a context‑aware
and adaptive solution for modern congestion control,
offering robust performance across a wide range of
network conditions. By bridging the gap between loss
classiϐication and intelligent rate control, this work
paves the way for deploying truly smart and reli‑
able congestion control in next‑generation high‑speed
networks.

2. Related Work
Congestion control is a foundational aspect of

reliable data transmission across IP‑based networks.
Network trafϐic continues to scale with applications
such as cloud computing, video streaming, and IoT,
and managing congestion in a dynamic and hetero‑
geneous environment has become more complex and
performance‑critical. This section reviews the evo‑
lution of congestion control from traditional algo‑
rithms to modern ML‑based approaches, highlighting
the limitations of each and identifying the research
gap addressed by the proposed AHMA (adaptive hier‑
archical meta‑agent) framework.

2.1. Traditional Congestion Control Protocols

The ϐirst generation of congestion control strate‑
gies relied heavily on feedback mechanisms like
packet loss and RTT to infer network congestion. TCP
Reno introduced the idea of additive increase and
multiplicative decrease (AIMD), assuming that every
packet drop indicates congestion [4]. Though they
were robust for early wired networks, TCP Reno and
its variants (e.g., TCPNewReno)were not designed for
wireless or mobile environments, where losses could
result from other phenomena, such as link errors or
intermittent connectivity.

TCP Cubic, the default congestion control algo‑
rithm in Linux, offers better performance over long fat
networks by editing the congestion window growth
function [2, 10]. BIC TCP and Cubic TCP aimed
to improve TCP fairness and scalability in high‑
speed networks, but these loss‑based protocols still

treat all packet loss as congestion, often resulting
in unnecessary throughput reductions and increased
delays in wireless networks [8].

TCP BBR represented a departure from loss‑based
methods by using explicit bandwidth and RTT estima‑
tion to drive the congestion control process. Though it
was more proactive, BBR has been shown to be overly
aggressive under certain conditions and can cause
starvation for other TCP ϐlows, especially in mixed‑
trafϐic environments.
2.2. Congestion Control in Wireless and Hybrid Net‐

works

Wireless and hybrid networks introduce new
dimensions of complexity to congestion control.
Packet losses in these networks often stem from
factors like fading, interference, and mobility,
which are not related to congestion. TCP Westwood
attempted to address this by estimating available
bandwidth using ACK rates, but still relied on
simpliϐied models of network behavior [7].

TCP Veno introduced delay‑based loss differen‑
tiation by analyzing RTT variations to distinguish
between congestion and random loss. Similarly, TCP
Vegas and TCP Illinois incorporated delay measure‑
ments into their window adjustment logic. However,
these delay‑based strategies are sensitive to jitter and
cannot reliably identify the cause of packet loss in all
conditions.

Numerous heuristic methods have been proposed
to differentiate congestion loss from non‑congestion
loss in wireless networks. These include the Loss Dis‑
crimination Algorithm (LDA), ZigZag, and Spike, each
leveraging combinations of RTT, delay, and through‑
put [27]. Despite some success in speciϐic contexts,
these solutions often rely on hand‑tuned thresh‑
olds and cannot generalize across different network
scenarios.
2.3. Machine Learning‐Based Congestion Control

Recent advances in ML have led to the
development of data‑driven congestion control
algorithms [24]. Early ML‑based approaches included
decision trees and support vector machines trained
on simulation data to infer optimal window sizes.
However, these supervised methods require labeled
data and struggle to generalize in real‑time settings.

Reinforcement learning (RL) introduced a new
paradigm in which agents learn to optimize through‑
put and minimize delay by interacting with the net‑
work. Remy, PCC (Performance‑oriented Congestion
Control), and Orca are early examples in which con‑
trol policies are learned ofϐline and deployed online.
Aurora, a neural RL‑based congestion control frame‑
work, demonstrated that deep networks can effec‑
tively learn congestion strategies end‑to‑end.

Deep RL algorithms like DQN (deep Q‑networks)
and PPO (proximal policy optimization) have been
applied to congestion management tasks [16, 17].
DQNmodels learn value‑based policies using network
observations, while PPO reϐines policy gradients to
balance stability and exploration, as shown in Table 1.
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Table 1. Comparison between ML‐based methods

Metric AHMA(Proposed) PPO DQN
Loss cause accuracy High (Bayesian Transformer Classiϐier) Not cause‑aware Not cause‑aware
Decision accuracy Highest (Cause‑Aware) Medium Lower
Adaptation speed Fast (RL + Classiϐier Feedback) Medium Slower
Packet loss (%) Lowest Higher Higher
Throughput (Mbps) Highest Medium Lower
Latency (ms) Lowest Medium Higher

These models have achieved notable performance
improvements in controlled testbeds. However, they
still face major challenges [25].
• They do not distinguish between different causes of
loss.

• They assume that all performance degradation
results from congestion.

• They are data‑hungry and require extensive tuning.
2.4. Classification of Packet Loss

Some research efforts have explored the classiϐica‑
tion of loss causes using ML classiϐiers. Decision trees,
Naive Bayes classiϐiers, and ensemble methods have
been trained on simulation datasets to label packet
loss events [21]. These models typically use features
like RTT, loss rate, queue length, and link quality
metrics.

However, existing classiϐiers often lack uncertainty
modeling and are not designed for real‑time integra‑
tion with congestion control systems. Their predictive
decisions are treated as deterministic, which is risky
in dynamic environments with high noise levels.

Bayesian neural networks and probabilistic mod‑
els have recently emerged as tools for uncertainty‑
aware classiϐication. These approaches can estimate
conϐidence levels for each prediction, allowing for
more robust decision‑making under uncertain condi‑
tions. Despite their promise, they have seen limited
application in network congestion control.
2.5. Meta‐Learning and Evolutionary Strategies

Meta‑learning, or learning to adapt quickly across
tasks, has been widely adopted in domains like
robotics and gameAI, but has seldombeenused innet‑
working [18, 19]. Meta‑RL enables agents to transfer
knowledge from past experiences to new, unseen sce‑
narios, reducing training time and increasing adapt‑
ability.

Evolutionary strategies (ES) are another class
of optimization algorithm that is well‑suited for
sparse reward settings and non‑differentiable envi‑
ronments [20]. ES methods explore the policy space
via stochastic sampling and update policies based on
ϐitness evaluations, offering scalability and robust‑
ness. The combination of meta‑learning with ES has
shown promise in few‑shot learning contexts, but
remains underexplored in networked systems.
2.6. Research Gap and Positioning of AHMA

Despite signiϐicant progress in ML‑based conges‑
tion control, existing methods lack three key features:

(1) loss‑cause classiϐication, (2) uncertainty‑aware
decision‑making, and (3) adaptive policy selection
basedon context. Our proposedAHMA framework ϐills
this gap by introducing a modular architecture that
combines a Bayesian Transformer for loss classiϐica‑
tion with a Meta‑ES‑RL agent for adaptive congestion
control.

AHMA is capable of
• Distinguishing between congestion, wireless, and
hardware loss causes;

• Estimating prediction conϐidence and avoiding risky
control actions; and

• Dynamically selecting optimized policies for each
type of loss scenario.
By integrating these features, AHMA provides

a robust, scalable, and intelligent congestion con‑
trol solution tailored for dynamic and heteroge‑
neous IP networks. This positions AHMA as a novel
contribution at the intersection of classiϐication,
meta‑reinforcement learning, and adaptive network
control.

In the next section, we detail the system architec‑
ture and implementation of AHMA, followed by our
experimental methodology and evaluation results.

3. Overview of Congestion Control Using
AHMA

Traditional congestion control protocols, includ‑
ing TCP Reno, Cubic, and BBR, rely in most cases
upon packet loss or RTT variations as congestion sig‑
nals. These methods treat all packet losses as signs
of congestion and react by reducing the sending rate.
While this is assumption is effective in homogeneous
wired networks, it fails in real‑world scenarios, where
packet loss may have various other causes, including
wireless interference, signal degradation, or hardware
failures.

The proposed framework, AHMA (adaptive hier‑
archical meta‑agent), addresses this limitation by
introducing a two‑stage intelligent congestion con‑
trol architecture. AHMA enhances decision‑making
by ϐirst classifying the cause of packet loss and
then selecting a policy based on this context. This
enables differentiated responses to different types of
network issues, improving throughput, stability, and
fairness.

AHMA is composed of two core components:
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Figure 2. Reprentation of network parameters

3.1. Bayesian Transformer Loss Classifier:

This deep learning model processes real‑time net‑
work statistics—such as RTT, queue length, packet
loss patterns, and SNR (if wireless), as illustrated in
Figure 2,—to classify the type of packet loss (e.g., con‑
gestion, wireless, hardware).
• It uses Bayesian inference to estimate prediction
uncertainty.

• Its output includes both a loss cause label and a
conϐidence score.

3.2. Meta‐Evolutionary Reinforcement Learning (Meta‐
ES‐RL) Controller:

Based on the classiϐier’s output and conϐidence,
this agent selects an optimal congestion control
strategy.
• Meta‑learning allows for rapid adaptation to new
network conditions.

• Evolutionary strategies allow for robust exploration
without gradient dependency.

• Tailored responses to different loss causes slows
down only during congestion but maintains its rate
during wireless loss.
Key features of AHMA include

• Differentiating between loss causes, instead of treat‑
ing all loss equally.

• Using uncertainty‑aware decision‑making to avoid
risky actions.

• Enabling fast adaptation in dynamic environments
via meta‑RL.

• Compatibility withmodern IP andwireless network
stacks.
In summary, AHMA combines intelligent loss clas‑

siϐication and context‑aware control policy selection
to provide a robust, adaptive solution for conges‑
tion control. It signiϐicantly outperforms traditional
and learning‑basedmethods, particularly in heteroge‑
neous or error‑prone networks.

4. Research Methodology
This section outlines the methodology used to

design, implement, and evaluate the proposed AHMA
framework for intelligent congestion control. The
research methodology is structured around three
core stages: dataset generation, model design and
integration, and performance evaluation through
simulation.
4.1. Dataset Generation Using NS‐3

To train and evaluate the classiϐier and RL agent
in AHMA, we generated a labeled dataset using the
NS‑3 (NetworkSimulator 3) environment. The simula‑
tion topology consisted of three types of network loss
scenarios:
4.1.1. Congestion Loss:

Simulated by overloading network buffers using
high‑bandwidth TCP trafϐic, resulting in queue over‑
ϐlow and packet drops.
4.1.2. Wireless Loss:

Modeled using error models like RateErrorModel
and signal degradation through modiϐied SNR values
to emulate channel fading and interference.
4.1.3. Hardware‐Induced Loss:

Emulated by scheduling sudden link failures or
device shutdowns during active transmission.

Each simulation captured real‑time metrics
including round‑trip time (RTT), queue length, signal‑
to‑noise ratio (SNR), throughput, ACK timing, and
packet drop events. Packet losses were labeled based
on their source, creating a multi‑class dataset suitable
for supervised learning.
4.2. Bayesian Transformer‐Based Loss Classifier

The ϐirst module of AHMA is a Bayesian Trans‑
former classiϐier designed to determine the root
cause of packet loss. Unlike traditional classiϐiers,
the Bayesian Transformer not only outputs a pre‑
dicted loss class (congestion, wireless, or hard‑
ware), but also provides uncertainty estimates. These
uncertainty‑aware predictions allow the system to
defer or moderate its decisions when conϐidence
is low, thereby increasing its reliability in noisy
environments.
Standard Transformer Attention:

Attention(Q, K, V) = softmax(QKT/√d_k)∗VQ
= XW_Q,K = XW_K, V = XW_V.

(1)

Where X: input tokens.
W_Q, W_K, W_V: learnable weight matrices.
d_k : dimension (size) of the key vector 𝐾
Loss Function (ELBO ‑ Evidence Lower Bound):

L = E_{q(W)}[log p(D |W)]−KL(q(W) || p(W)) (2)

Where
p(D|W): likelihood of data given weights
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KL: Kullback–Leibler divergence between poste‑
rior and prior

The classiϐier was trained using the NS‑3 dataset
with cross‑entropy loss and dropout‑based Bayesian
approximation. Input features include temporal
sequences of RTT, queue length, and SNR values.
The attention mechanism in the Transformer helps
capture temporal correlations that traditional models
might overlook [22].

4.3. Meta‐Evolutionary RL Controller

The second module is a meta‑evolutionary
reinforcement learning (Meta‑ES‑RL) agent. This
controller is meta‑trained across different network
environments to enable fast adaptation to unseen
scenarios. During deployment, the RL agent selects an
appropriate congestion control policy based on the
classiϐier’s output and conϐidence score.

Learn a meta‑policy 𝜋_𝜃(a|s, T𝑖) that performs well
after quick adaptation to a new task.

min_θ E_{Ti ∼ p(T)}[L_{Ti}(θ−α∇_θ L_{Ti}(θ))] (3)

Where
θ: initial policy parameters
L_{T𝑖}: task‑speciϐic loss (e.g., negative return)
α: inner loop learning rate
To train the agent, we chose evolutionary strate‑

gies (ES) due to their gradient‑free nature and
robustness in sparse or noisy environments. The
reward function was carefully designed to optimize
for high throughput, low packet loss, and minimal
delay.

4.4. Integration and Decision Pipeline

AHMA operates in real time by ϐirst invoking the
classiϐier upon packet loss detection. Depending on
the predicted cause and associated conϐidence, the
meta‑RL agent selects or modiϐies its control policy
dynamically. For example, if the loss is due to wire‑
less errors and conϐidence is high, the agent avoids
unnecessary rate reduction; for conϐirmed conges‑
tion, however, it aggressively reduces the sending
window.

4.5. Evaluation Metrics

The methodology concludes with a performance
evaluationusing simulation runsunder controlled and
mixed‑loss conditions. We compare AHMA’s perfor‑
mance against PPO, DQN, TCP Cubic, and TCP Reno
using the following metrics:
• Decision Accuracy (%): Correctly identiϐied loss
cause.

• Packet Loss (%): Total lost packets per scenario.
• Throughput (Mbps): Data successfully delivered.
• Average Latency (ms): End‑to‑end delay.

These experiments validate AHMA’s effectiveness
in dynamic and heterogeneous network environ‑
ments.

Figure 3. Representation of Network Parameters

5. Proposed Architecture
The proposed architecture, known as AHMA

(adaptive hierarchical meta‑agent), presents a
novel two‑layer learning‑based congestion control
framework. It is designed to intelligently manage
data transmission in IP networks by distinguishing
between different causes of packet loss and adapting
congestion control strategies accordingly. The
architecture combines Bayesian deep learning for
loss classiϐication with meta‑reinforcement learning
(Meta‑RL) for adaptive policy selection.

5.1. System Overview

AHMA consists of two major components: a
Bayesian Transformer‑based loss classiϐier and a
meta‑evolutionary reinforcement learning controller.
These components work together in a modular, hier‑
archical fashion. When packet loss is detected, AHMA
ϐirst determines its cause using the classiϐier. Based
on this prediction and the associated conϐidence, the
system then invokes the Meta‑RL agent to apply a
tailored control policy.

5.2. Bayesian Transformer Loss Classifier (Layer 1)

This component serves as the decision‑making
entry point. It processes real‑time network fea‑
tures, such as RTT (round‑trip time), queue length,
packet inter‑arrival time, signal‑to‑noise ratio (SNR)
in wireless networks, and acknowledgment delay
patterns.

Using a Transformer neural architecture enhanced
with Bayesian inference, the classiϐier predicts the
cause of packet drop,whether due to congestion,wire‑
less interference, or hardware failure, as shown in
Figure3. Thekey innovation lies in its uncertainty esti‑
mation capability, which is achieved through dropout‑
based Monte Carlo sampling.

The classiϐier outputs
• A categorical label (congestion, wireless, or hard‑
ware) and

• A prediction conϐidence score (between 0 and 1)
If the classiϐier conϐidence is high, the system acts

directly on the prediction. If it is low, AHMA applies
a cautious policy or defers the decision, enhancing
stability in noisy environments.
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Table 2. Outcome comparison

Algorithm Decision Accuracy (%) Packet Loss (%) Throughput (Mbps) Avg Latency (ms)
AHMA 92 2.5 8.6 10
PPO 78 4.8 7.2 18
DQN 70 6.1 6.5 25
TCP Cubic N/A 8.3 5.9 30
TCP Reno N/A 10.5 5.2 35

Figure 4. Overview of Bayesian Transformer

5.3. Meta‐Evolutionary RL Controller (Layer 2)

Once the cause of loss is identiϐied, the Meta‑RL
agent selects or adapts a control strategy. The con‑
troller is trainedusing evolutionary strategies,making
it suitable for environments where gradients are difϐi‑
cult to compute.

The RL agent:
• Adapts to new loss scenarios using few‑shot
learning.

• Optimizes a reward function that balances through‑
put, latency, and packet loss.

• Selects from a portfolio of pre‑trained control
policies.

• Generalizes from past experiences by integrating
meta‑learning and quickly adjusting to varying net‑
work behaviors.

5.4. End‐to‐End Decision Process

The full AHMA workϐlow is as follows:
• Detect a packet loss event.
• Extract network features and classify the cause
using Layer 1.

• Based on the classiϐication and conϐidence, select
the appropriate policy using Layer 2.

• The policy adjusts the sending rate or congestion
window dynamically.
This intelligent, hierarchical framework enables

context‑aware congestion control, outperforming tra‑
ditional and RL‑only approaches in heterogeneous
and dynamic network conditions.

6. Results
To assess the performance of the proposed AHMA

(adaptive hierarchical meta‑agent) framework, we

Figure 5. Packet loss comparison

carried out considerable simulation experiments
using the NS‑three community simulator. The
simulations involved varying network conditions,
including congestion‑induced loss, wireless errors,
and hardware‑induced link failures. AHMA was
compared against conventional TCP variants (TCP
Reno, TCPCubic) andmodern reinforcement learning‑
based methods (DQN and PPO).

A labeled dataset of 1,000 samples was gener‑
ated through multiple NS‑3 runs, capturing metrics
such as RTT, queue length, SNR, and packet drop
rate. The Bayesian Transformer classiϐier trained on
this dataset achieved a decision accuracy of 92% in
correctly classifying the cause of packet loss. This
outperformed baseline classiϐiers, such as decision
trees and SVMs, which averaged around 78‑80% accu‑
racy. In terms of control performance, AHMA demon‑
strated signiϐicant improvements across key metrics,
as shown in Table 2:

Packet Loss Rate: 8.56%, compared with 11.77%
(PPO), 13.91% (DQN), 16.05% (TCP Cubic), and
19.26% (TCP Reno), as observed in Figure 5.

Throughput: AHMA achieved an average of
8.6 Mbps, outperforming PPO (7.2 Mbps), DQN
(6.5 Mbps), TCP Cubic (5.9 Mbps), and TCP Reno
(5.2 Mbps), as observed in Figure 6.

Latency: The average end‑to‑end delaywith AHMA
was 10 ms, the lowest among all compared models, as
observed in Figure 7.

The system’s ability to differentiate causes of loss
allowed AHMA to avoid unnecessary rate throttling in
wireless or hardware fault scenarios, thus maintain‑
ing higher throughput and stability. Additionally, the
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Figure 6. Throughput comparison

Figure 7. Delay comparison

meta‑evolutionaryRL component enabled rapid adap‑
tation to changes in network state and outperformed
static RL agents that required retraining.

Overall, the experimental results validate AHMA
as a highly adaptive and intelligent congestion con‑
trol solution for complex and heterogeneous network
environments, as illustrated in Figure 4.

7. Conclusion
This paper introduced AHMA (Adaptive Hierar‑

chical Meta‑Agent), a novel AI‑driven framework for
intelligent congestion control in IP networks. Unlike
traditional and modern learning‑based methods that
treat all packet loss uniformly, AHMA incorporates a
two‑stage architecture that distinguishes the cause of
packet loss and applies context‑aware control policies
accordingly.

The ϐirst layer of AHMA uses a Bayesian Trans‑
former classiϐier to analyze real‑time network fea‑
tures and accurately predict the root cause of packet
loss, whether it be congestion, wireless interference,
or hardware failure. The second layer employs a
meta‑evolutionary reinforcement learning (meta‑ES‑
RL) controller that dynamically selects or adapts a
congestion control policy based on the classiϐier’s pre‑
diction and conϐidence.

Through extensive simulation using NS‑3,
AHMA was evaluated against baseline algorithms,

including TCP Reno, TCP Cubic, DQN, and PPO. The
results demonstrated that AHMA achieves higher
decision accuracy, lower packet loss rates, improved
throughput, and reduced latency across diverse
network conditions. Its ability to avoid unnecessary
throttling in non‑congestive scenarios and adapt
quickly to changing environments highlights its
robustness and efϐiciency.

By integrating Bayesian deep learning with meta‑
reinforcement learning, AHMA offers a scalable and
intelligent approach to congestion management in
next‑generation IP networks. Thiswork paves theway
formore adaptive and cause‑aware network protocols
that learn independently, especially in environments
where loss patterns are complex and unpredictable.

Futureworkwill focus on deploying AHMA in real‑
world testbeds, expanding its scope to multi‑ϐlow sce‑
narios, and exploring hardware acceleration for real‑
time inference. Additionally, integrating explainable
AI techniques into the AHMA pipeline can further
enhance transparency and trust in mission‑critical
applications.
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Abstract:
In recommender systems, collaborative filtering (CF)
is a crucial technique, but it often struggles with data
sparsity, which affects recommendation accuracy. To
address this challenge, we have proposed a Co‐Training
Ensemble Learning (CTEL) technique that integrates
item‐based Collaborative Filtering (CF), user‐based CF,
and Singular Value Decomposition (SVD) via a structured
stacking methodology to improve recommendation
performance. The co‐training procedure, which creates
pseudo‐labels for unlabeled data based on a confidence
threshold, is used to iteratively improve the user‐based
and item‐based CFmodels after they have been originally
trained. These models produce predictions for validation
and test sets, in conjunction with the independently
trained SVD model. These forecasts yield meta‐features,
including additional statistical variables such as variance
and the product of predictions. The Linear Regression
model is trained as the meta‐learner to optimise the
predictions of the base models using K‐Fold cross‐
validation. Mean Absolute Error (MAE), Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE) are
used to assess the finalmodel’s performance on a test set.
The outcomes confirm the effectiveness of the co‐training
and stacking strategy, demonstrating notable increases
in prediction accuracy. By leveraging the advantages
of collaborative filtering and matrix‐based approaches,
the proposed model provides a comprehensive
foundation for developing advanced recommendation
systems.

Keywords: Recommender system, Ensemble learning,
Collaborative filtering, SVD, Semi‐Supervised learning

1. Introduction
Recommender systems have become indispens‑

able to digital ecosystems such as e‑commerce, enter‑
tainment, education, and social media by enabling
personalized interaction between users and massive
content repositories [1, 2]. These systems enhance
user engagement, retention, and satisfaction by ana‑
lyzing behavioral data and generating tailored prod‑
uct, service, or content recommendations. Collabo‑
rative ϐiltering (CF) remains the most widely used
technique in this domain, as it effectively exploits
patterns of collective user–item interactions to infer
individual preferences. CF approaches are generally
categorized into user‑based and item‑based models,

which leverage similarities either among users or
among items to predict unseen ratings or interac‑
tions. Despite their effectiveness, these methods are
constrained by data sparsity, where insufϐicient user–
item interactions limit the system’s ability to make
accurate predictions. This problem is particularly
severe in large‑scale systems with rapidly expanding
catalogs, leading to the well‑known cold‑start chal‑
lenge [3–5]. Addressing data sparsity has become
a central research objective in recommendation sci‑
ence. Matrix‑factorization techniques such as Singu‑
lar Value Decomposition (SVD), Non‑Negative Matrix
Factorization (NMF), and Probabilistic Matrix Factor‑
ization (PMF) have been instrumental in revealing
latent user and item features that explain observed
interactions [6–8]. These models improve scalability
and interpretability; however, their linear structure
often limits the ability to capture complex nonlinear
relationships. The integration of deep learning into
recommendation models has transformed the ϐield,
enabling neural collaborative ϐiltering, autoencoders,
and graph‑based learning to uncover hierarchical
and non‑linear dependencies [9–11]. Deep architec‑
tures such as Neural Collaborative Filtering (NCF) and
Variational Autoencoders (VAE) have proven effec‑
tive in learning rich feature embeddings and tem‑
poral preferences that enhance prediction accuracy.
In parallel, ensemble learning has emerged as a key
strategy to improve robustness and generalization in
recommender systems. Ensemble frameworks such
as bagging, boosting, and stacking combine multiple
weak or moderately strong learners to form com‑
posite models that outperform individual predictors
[12]. Stacking employs a meta‑learner to integrate
diverse base models, while co‑training allows mul‑
tiple learners trained on different feature views to
iteratively reϐine each other using pseudo‑labels gen‑
erated from unlabeled data [13]. These principles
have inspired semi‑supervised ensemble models that
effectively exploit both labeled and unlabeled data.
The proposed Co‑Training Ensemble Learning (CTEL)
framework builds upon this foundation by integrating
user‑based CF, item‑based CF, and SVD models within
a co‑training and stackingparadigm. Through iterative
pseudo‑labelling andmeta‑feature construction, CTEL
improves predictive accuracy even under severe spar‑
sity. However, with the accelerating pace of research
in 2025, new paradigms have emerged that extend

134



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

beyond deterministic ensemble frameworks. Contem‑
porary advances increasingly focus on incorporat‑
ing epistemic uncertainty, monotonic transformation,
and multi‑intent behavioral diversity into ensemble
recommendation models. Recent studies introduced
Bayesian deep ensemble collaborative ϐiltering frame‑
works that quantify epistemic uncertainty to improve
robustness under noisy or sparse data [14]. Further
developments integrated orthogonal meta‑learning
with Bayesian optimization to achieve uncertain
multi‑objective recommendation, balancing compet‑
ing goals such as accuracy, fairness, and diversity [15].
Other advances proposed uniϐied monotonic ranking
ensembles employing Unconstrained Monotonic Neu‑
ral Networks (UMNNs) to ensure monotonic score
transformations and adaptive Pareto‑optimal weight‑
ing, thereby eliminating manual tuning and ensur‑
ing interpretability [16]. Additional frameworks intro‑
duced uniϐied representation‑learning architectures
that model user intent as Gaussian distributions, cap‑
turing both mean preferences and behavioral uncer‑
tainty [17]. These state‑of‑the‑art approaches repre‑
sent a shift toward uncertainty‑aware and monotonic
ensemble architectures that explicitly model conϐi‑
dence and ranking consistency in recommendation
outcomes [18].

Against this evolving backdrop, CTEL distin‑
guishes itself as a semi‑supervised, deterministic
ensemble model that emphasizes interpretability and
computational efϐiciency. While it may be considered
an incremental contribution relative to the Bayesian
and monotonic paradigms, CTEL provides a practical
bridge between classical CF‑based learning and
emerging uncertainty‑aware ensemble frameworks.
The approach remains particularly relevant for large‑
scale applications where model transparency,
low latency, and adaptability are paramount.
Furthermore, CTEL’s architecture can be naturally
extended to incorporate Bayesian regularization
or monotonic fusion layers, aligning with ongoing
efforts to create interpretable and reliable next‑
generation recommender systems. This research
contributes to the evolving discourse on ensemble‑
based recommender systems by presenting a hybrid
semi‑supervised framework—CTEL—that addresses
data sparsity through co‑training and meta‑learning
integration. It complements recent innovations such
as Bayesian deep ensembles and monotonic ranking
transformations, laying the foundation for the future
development of uncertainty‑aware and explainable
recommendation architectures.

Recent studies emphasize hybrid strategies
integrating semi‑supervised learning, ensemble
learning, and uncertainty‑aware modelling to exploit
both labelled and unlabeled data while improving
interpretability and robustness [19]. In addition,
graph neural networks (GNNs) and attention‑based
transformers have expanded the representational
depth of recommender models. GNNs propagate
relational information through user–item interaction
graphs, enabling higher‑order connectivity learning,

while transformers dynamically capture temporal and
contextual cues to enhance sequential and session‑
based recommendation [20, 21]. Explainability and
reliability are emerging as equally critical dimensions,
with attention‑based interpretability mechanisms
[22] and reliability‑aware hybrid models integrating
epistemic uncertainty into recommendation
pipelines. Furthermore, semi‑supervised ensemble
frameworks continue to evolve, leveraging
agreement‑driven pseudo‑label generation and con‑
sistency regularization for large‑scale sparse datasets.

2. Issues and Challenges

3. Methods and Materials
3.1. Datasets used for testing our proposed model

The MovieLens 100K dataset, which consists of
100,000 user ratings for 1,682movies from943 users,
is a commonly used benchmark in the ϐield of rec‑
ommendation systems. The University of Minnesota’s
GroupLens Research Project gathered the dataset
[46]. Every entry in the collection includes a times‑
tamp, a user ID, a movie ID, and a rating represent‑
ing the user’s assessment of the ϐilm at that moment.
These are not the only features; there are also addi‑
tional features for user and movie information. Fea‑
tures for user information include age, gender, occu‑
pation, and Zip code, and features for movie informa‑
tion include movie ID, title, release date, video release
date, IMDb URL, and genres. Predicting a user’s movie
rating based on their past ratings and other users’
ratings is usually the aim.Adescriptionof thedataset’s
core features is provided in Table 3.

Another popular dataset for assessing recommen‑
dation systems is FilmTrust, which is gathered from
the FilmTrust social network [47]. Users’ movie evalu‑
ations and the trust ties between them are included in
the dataset. It contains variables like ratings, item IDs
(movies), and user IDs. By modelling and forecasting
user preferences, these factors provide insights that
can improve the accuracy of recommendations. The
dataset’s description is given in Table 4.

3.2. Collaborative algorithms

Collaborative ϐiltering is a method used in recom‑
mendation systems to predict a user’s interests by
collecting preferences frommanyusers. There are two
main types of collaborative ϐiltering algorithms: user‑
based and item‑based. Additionally, matrix factoriza‑
tion techniques such as Singular Value Decomposition
(SVD) are often used to improve the performance of
collaborative ϐiltering systems.

3.2.1. User‐Collaborative approach (U‐col)

This method predicts a user’s interest in an item
based on ratings from similar users. The similarity
between two users, u and v, can be calculated using
the Pearson correlation coefϐicient:

𝑆𝑖𝑚 (𝑢, 𝑣) =
∑𝑖∈𝐼𝑢𝑣 (𝑟𝑢𝑖 − 𝑟𝑢)(𝑟𝑣𝑖 − 𝑟𝑣)

√∑𝑖∈𝐼𝑢𝑣 (𝑟𝑢𝑖 − 𝑟𝑢 )2√∑𝑖∈𝐼𝑢𝑣 (𝑟𝑣𝑖 − 𝑟𝑣 )2
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Table 1. Comparison of commonly used semi‐supervised methods

Method Description Advantages Applications
Co‑training Uses multiple models trained on

different views of data to iteratively
improve predictions

Effective use of unlabeled data,
robustness to noisy data

Text categorization,
recommender systems

Self‑training Iteratively labels unlabeled data using
a model trained on labeled data

Simple and intuitive, easy
implementation

Text classiϐication, image
recognition

Tri‑training Extension of Co‑training with three
classiϐiers, enhancing model
robustness

Improved performance with
three different views

Sentiment analysis, social
network analysis

Label propagation Propagates labels from labelled to
unlabeled instances based on
similarity

Utilizes local information
effectively, scalable

Community detection,
recommendation systems

Graph‑based
methods

Uses graph structure to propagate
labels and capture relationships

Captures complex relationships,
robust to noise

Social network analysis,
recommendation systems

Semi‑supervised
SVM

Applies SVM with labelled and
unlabeled data to learn decision
boundaries

Utilizes margin maximization,
effective for non‑linear
boundaries

Image recognition, text
classiϐication

Expectation
Maximization

It iteratively estimates the parameters
of a probabilistic model with hidden
variables

Handles missing data, robust to
noise

Clustering, anomaly detection

Transudative SVM SVM variant that learns from both
labelled and unlabeled data
simultaneously

Utilizes unlabeled data for
decision boundary optimization

Classiϐication, pattern
recognition

Generative Models Models that generate data based on
learned probability distributions

Provides insights into data
distribution, scalable with large
datasets

Data generation, anomaly
detection

Semi‑supervised
Deep Learning

Deep learning models trained with
both labelled and unlabeled data

Captures intricate patterns,
effective for large‑scale data

Natural language processing,
image recognition

where rui is the rating of user u for item i, rv is the
average rating of user u, and Iuv is the set of items rated
bybothusersu andv. Theprediction foruseru for item
i is given by:

𝑟̂𝑢𝑖 = 𝑟𝑢 +
∑𝑣∈𝑁(𝑢) 𝑆𝑖𝑚(𝑢, 𝑣)(𝑟𝑣𝑖 − 𝑟𝑣)

∑𝑣∈𝑁(𝑢) ห𝑆𝑖𝑚(𝑢, 𝑣)ห

where N(u) is the set of top k similar users.
3.2.2. Item‐based collaborative approach (I‐col)

Item‑based collaborative ϐiltering predicts a user’s
interest in an item based on the similarity of the
item to other items the user has rated. The similarity
between two items i and j can be calculated using
cosine similarity:

𝑆𝑖𝑚 (𝑖, 𝑗) =
∑𝑢∈𝑈𝑖𝑗 𝑟𝑢𝑖 𝑟𝑢𝑗

√∑𝑢∈𝑈𝑖𝑗 𝑟2𝑢𝑖√∑𝑢∈𝑈𝑖𝑗 𝑟2𝑢𝑗
where ru, is the rating of user u for item i and Uij is

the set of users who have rated both items i and j. The
prediction for user u for item i is given by the following
formula, where N(i) is the set of top k similar items.

𝑟̂𝑢,𝑗 =
∑𝑗∈𝑁(𝑖) 𝑆𝑖𝑚(𝑖, 𝑗)𝑟𝑢, 𝑗
∑𝑗∈𝑁(𝑖) ห𝑆𝑖𝑚(𝑖, 𝑗)ห

3.3. SVD approach

Matrix factorization techniques, such as SVD,
reduce dimensionality by decomposing the rating
matrix R into three lower‑dimensional matrices U,
Σ, and V such that R≈UΣVTR, where U is an m×k
user‑feature matrix, Σ is a k×k diagonal matrix of
singular values, and V is an n×k item‑feature matrix.

The predicted rating ru,i for user u and item i is
given by:

𝑟̂𝑢,𝑖 =ራ
𝑢
෍𝑣𝑖

where u is the u‑th row of U and vi is the i‑th row of V.
The optimization problem for matrix factorization is
to minimize the regularized squared error:

min∑൫𝑟𝑢,𝑖 − 𝑈𝑇
𝑢𝑉𝑖൯

2
𝑢,𝑣(𝑢,𝑖)∈𝐾 + 𝜆(‖𝑈𝑢‖2 + ‖𝑣𝑖‖2)

The overall structure of our model is divided into
three distinct stages, each playing a critical role in the
recommendation process as shown in Figure 1.
1. Initial Stage: This includes data preprocessing and

data splitting.
2. Semi‑Supervised Stage: In this stage, we employ

the co‑training approach to enhance user‑based
and item‑based collaborative ϐiltering.

3. Ensemble Stage: In this stage, we used the stack‑
ing technique to combine the enhanced user‑based
and item‑based collaborative approach with the
SVD model for ϐinal prediction.

3.4. Initial stage

Data Loading and Preprocessing
The MovieLens dataset is ϐirst imported from a

CSV ϐile into a DataFrame. After that, StandardScaler
is used to normalize the ratings in the dataset so that
their mean is 0 and their standard deviation is 1. This
helps to stabilize the machine learning model’s learn‑
ing process. The movie ID and user ID columns are
then encoded as integer codes and transformed into
category data types. Themodels require this encoding
because they process numerical inputs.
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Table 2. Issues and challenges of existing approaches

Issue/Challenge Description References
Quality of
Pseudo‑labels

The quality of pseudo‑labels, inferred labels assigned to unlabeled data based
on model predictions, is pivotal in semi‑supervised learning for recommendation
systems. Incorrect or noisy pseudo‑labels can degrade model performance by
introducing bias or inconsistencies. High‑quality pseudo‑label generation often
requires robust methods for handling label noise and uncertainty. Ensuring the
quality of pseudo‑labels through techniques such as self‑training or conϐidence‑
based ϐiltering is crucial to improving the effectiveness of recommendation sys‑
tems.

[23–25]

Data Distribution Ensuring alignment in the distribution of labeled and unlabeled data is essential to
prevent bias in models. Differences in data distribution can lead to models that do
not generalize well, affecting the accuracy and effectiveness of recommendations
across diverse user preferences and item characteristics.

[26,27]

Model Overϐitting Preventing overϐitting is critical, especially when using ensemble techniques with
limited labelled data. Ensemble models, which combine multiple base learners,
can potentiallymemorize noise in the training data, leading to poor generalization
on unseen data. Proper regularization and validation strategies are necessary to
mitigate this risk.

[28–30]

Scalability Managing computational resources effectively is crucial, particularly with large‑
scale datasets common in recommendation systems. Ensemble methods can be
computationally intensive due to the need to train and integrate multiple models.
Scalable implementation and optimization are necessary to ensure efϐicient pro‑
cessing and deployment in real‑world applications.

[31,32]

Algorithm
Complexity

Implementing and tuning ensemble algorithms requires expertise and compu‑
tational resources. Ensemble methods involve integrating diverse algorithms
or models, each with its own parameters and conϐigurations. Optimizing these
parameters and ensuring compatibility across different techniques requires
advanced knowledge and careful experimentation.

[33,34]

Evaluation Metrics Developing metrics that accurately assess recommendation quality beyond tradi‑
tional metrics like MAE and RMSE is challenging. Recommendation systems aim
to enhance user satisfaction and engagement, which may not be fully captured by
standard metrics. Developing and adopting metrics that align with user prefer‑
ences and business objectives is essential for comprehensive evaluation.

[35,36]

Robustness to
Concept Drift

Adapting models to changes in user preferences or item popularity over time is
crucial for maintaining recommendation accuracy. Concept drift occurs when the
underlying relationships between users and items evolve, requiring continuous
model adaptation. Ensuring robustness to concept drift involves monitoring data
changes and updating models accordingly to provide relevant recommendations.

[37,38]

Interpretability Ensuring transparency in decision‑making processes within complex ensemble
models is challenging. Ensemble methods often combine diverse models or algo‑
rithms, making it difϐicult to interpret how decisions are made. Enhancing inter‑
pretability helps build user trust and facilitates debugging and reϐinement of
recommendation systems.

[39–41]

Data Privacy and
Security

Addressing privacy concerns when using unlabeled data, especially in sensitive
domains, is paramount. Unlabeled data may contain sensitive information about
users or items, raising privacy risks if not handled properly. Implementing data
anonymization techniques and adhering to privacy regulations are essential to
protect user conϐidentiality and trust.

[42–44]

Table 3. Description of the core features of the
MovieLens 100K dataset

Sl. No. Feature Data type Description
1 userId Numeric User ID
2 movieId Numeric Movie ID
3 rating Numeric Rating given

by the user
4 timestamp Numeric Timestamp of

the rating

3.5. Data Splitting

The data is then divided into test, validation, and
training sets to make sure that each user’s data is rep‑
resented in each split and to enable customized rec‑
ommendations. Initially, the data is divided into 20%

Table 4. Description of the core features of the FilmTrust
dataset

Sl. No. Feature Data type Description
1 userId Numeric User ID
2 itemId Numeric Movie ID
3 rating Numeric Rating given

by user
(0.5‑4.0)

temporary sets and 80% training sets for each user.
Another division of the temporary set is made into
50% test and 50% validation sets. By ensuring that
every user’s data is included throughout the whole
model training and evaluation process, this method
helps themodels better understand and anticipate the
preferences of speciϐic users.
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Figure 1. Flow chart of our proposed CTEL approach

3.6. Model training

Three distinct recommendation models—user‑
based collaborative ϐiltering (CF), item‑based CF, and
singular value decomposition (SVD)—are initialized
and trained throughout the training phase. The for‑
mat of the training data is designed to work with the
Surprise library, a recommendation system specialist
library. Three models are initialized: SVD, a matrix
factorization approach, and the k‑nearest neighbours
(KNN) algorithms for user‑based and item‑based CF.

3.7. Semi‐supervised stage

3.7.1. Co‐training approach

Through co‑training, the item‑based and user‑
basedCFmodels are further improved. Unlabeled data
points that were not part of the original training set
are found. The user‑based and item‑based CF mod‑
els are used iteratively to generate pseudo‑labels for
the unlabeled data during co‑training. To ensure that
new training data is highly accurate, pseudo‑labels
are permitted under a conϐidence criterion. Using the
expanded training set, which now includes the freshly
pseudo‑labeled data, the models are retrained. The
models are improved by this repeated process, which
increases their capacity to generalize from the existing
data.

3.8. Ensemble stage

3.8.1. Meta‐feature preparation

Meta‑features are generated from the predictions
of all three models to prepare for the stacking stage.
In the validation and test sets, predictions are pro‑
duced for every user‑item pair using all three mod‑
els. In addition to the raw predictions, other fea‑
tures are computed, like the variance and the prod‑
uct of the forecasts. These other features provide
richer information to the meta‑learner, capturing

additional interaction effects and the degree of agree‑
ment between the models. The introduction of vari‑
ance and product‑based meta‑features in the CTEL
framework is guided by theoretical reasoning rather
than arbitrary design. The variance feature repre‑
sents the degree of disagreement among the base
recommenders and serves as an indicator of predic‑
tive uncertainty. Incorporating this feature enables
the meta‑learner to identify instances where model
opinions diverge, allowing it to assign appropriate
weights and improve reliability under sparse rat‑
ing conditions. The product feature, on the other
hand, captures the joint reinforcement between user‑
based and item‑based predictions, emphasizing cases
where both models produce consistent estimations.
This interaction term helps the meta‑learner recog‑
nize non‑linear complementarities without increas‑
ing model complexity. Similar strategies are widely
adopted in meta‑learning and algorithm‑selection
research, where such statistical and interaction‑based
meta‑features are used to estimate the competence
and cooperation level of candidate algorithms. There‑
fore, the use of variance and product features in this
study is theoretically grounded in ensemble andmeta‑
learning principles, providing interpretable and effec‑
tive signals that enhance the stacking process within
the recommender system.
3.8.2. Cross‐validation

K‑Fold cross‑validation is used to reliably create
meta‑features and targets for themeta‑learner’s train‑
ing. The training data is divided into K folds, with
one fold serving as the validation set and the other K
folds serving as the training folds for each iteration.
The SVD, user‑based CF, and item‑based CF models
are trained in each fold, and meta‑features for the
validation set are generated from their predictions.
The meta‑learner is given a comprehensive training
set consisting of meta‑features from all folds.
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Algorithm 1 The pseudocode of the proposed Co‑training Ensemble Learning (CTEL)
Input: MovieLens dataset D = (userId, movieId, ratings)}

Base learners: User‑based CF, item‑based CF, SVD
Output: Final model; Evaluation metrics: RMSE, MSE, MAE
Initial Stage
Input: MovieLens dataset D
Output: Prepared training, validation, and test sets
Data Loading and Preprocessing
Load the dataset D = (u,m,rum)
Encode feature as categorical values
For each user u, split the data into: Dtrain

(u) (80%) training set and Dtemp
(u)(20%) as temporary set

Further split the temporary set into: Dval
(u) (50%) Validation set and Dtest

(u) (50%) test set
Semi‑supervised stage
Input: Training set Dtrain and validation set Dval
Output: Enhanced models through co‑training
Model training
Initialize base learners: User‑based CF (CFuser), item‑based CF(CFitem), SVD
Train SVD on Dtrain
Identify unlabeled data Dunlabeled = D\Dtrain
Fit CFuser and CFitemon Dtrain
For iter=1 to N:
For each (u,m) ∈Dunlabeled:
Predict r̂userum using CFuser
Predict r̂itemum using CFitem
If r̂userum ≥ 𝜃(thresold), add (u,m, r̂umuser ) to Dtrain
Re‑train CFuser and CFitem on the updated Dtrain
Meta‑ Feature Preparation
Generate predictions for each (u,m) ∈ Dval U Dtest using all models:

r̂user𝑢𝑚 , r̂itemum , r̂SVDum

Create meta features: Xum =[r̂userum , r̂itemum , r̂SVDum , var(r̂um),∏ (r̂um )]
Where var( 𝑟̂𝑢𝑚 ) is the variance and∏ (𝑟̂𝑢𝑚 ) is the product of the predictions
Ensembling stage
Input: Combined meta‑features X, Targets y
Output: Final model and evaluation metrics
Cross‑validation
Perform k‑fold cross‑validation on Dtrain
For each fold k
Split Dtrain into training subset Dtrain

(k) and validation subset Dval
(k)

Train CFuser,CFitem and SVD on Dtrain
(k)

Generate meta‑features Xum(k) for Dval
(k)

Combine meta‑features X=U𝑘Xum(k) and targets y= Ukrum(k)

Meta‑learning Training
Train linear regression meta ‑learner on combined meta‑features X and targets y
Evaluation
Generate meta‑ features Xtset for Dtest
Make ϐinal prediction on Dtest using the meta‑learner
𝑟̂umfinal = meta‑learner(Xtest)
Evaluate using RMSE, MSE, MAE to check the accuracy of ϐinal model

𝑅𝑀𝑆𝐸 = ඨ 1
|𝐷test|

෍
(𝑢, 𝑚)∈𝐷test

(𝑟̂finalum − 𝑟um)2

𝑀𝑆𝐸 = 1
|𝐷test|

෍
(𝑢, 𝑚)∈𝐷test

(𝑟̂finalum − 𝑟um)2

𝑀𝐴𝐸 = 1
|𝐷test|

෍
(𝑢, 𝑚)∈𝐷test

|𝑟̂finalum − 𝑟um|2
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Table 5. Dataset characteristics, highlighting the
dataset’s degree of sparsity for rating prediction tasks

Dataset User Item Ratings Density
MovieLens 100K 943 1682 100, 000 6.3%
FilmTrust 1508 2071 35,497 1.14%

Table 6. Comparison of our proposed CTEL model with
collaborative approaches and blending ensemble
technique

Dataset Metric U‑Col I‑Col SVD++ Blending CTEL
MovieLens RMSE 0.99 0.95 0.90 0.89 0.83

MSE 0.98 0.91 0.81 0.79 0.70
MAE 0.76 0.73 0.69 0.69 0.64

FilmTrust RMSE 0.89 0.81 0.79 0.78 0.70
MSE 0.83 0.66 0.63 0.62 0.49
MAE 0.70 0.62 0.61 0.61 0.54

3.8.3. Meta‐learner training

The aggregatedmeta‑features and targets from the
cross‑validation procedure are then used to train the
meta‑learner, a Linear Regression model. By utilizing
the advantages of each individual model, the meta‑
learner learns how to integrate the predictions of the
basemodels in the best possibleway to reduce predic‑
tion error.

3.9. Evaluation

Lastly, the test set is used to assess the recommen‑
dation system’s performance. The predictions from
the training user‑based CF, item‑based CF, and SVD
models are used to create meta‑features for the test
set. The accuracy of the recommendations is mea‑
sured using Root Mean Squared Error (RMSE), Mean
Squared Error (MSE), andMeanAbsolute Error (MAE)
when the meta‑learner makes its ϐinal predictions on
the test set.

The pseudo‑labeling process in CTEL depends on
a conϐidence threshold that controls which predicted
ratings are accepted as pseudo‑labels. These param‑
eters inϐluence how additional training data are gen‑
erated during each co‑training round. When pseudo‑
labels are selected with sufϐiciently high conϐidence,
the majority of the new samples contribute correct
information to the learning process. This increases the
effective density of the user–item matrix, improving
model generalisation under sparse conditions. Con‑
versely, if the conϐidence threshold is too low, a larger
fraction of inaccurate pseudo‑labels is introduced,
leading to accumulated error and model drift. Hence,
there exists a critical precision level above which each
co‑training iteration continues to reduce overall error.

4. Results and Discussion
Explicit ratings from the publicly available Movie‑

Lens 100K (ML‑100K) dataset and the FilmTrust
dataset, gathered from the FilmTrust social network,
are used to evaluate the proposed technique experi‑
mentally. The MovieLens dataset has a rating density
of 6.3%, and the FilmTrust dataset has a rating density
of 1.14% (Table 5), highlighting the degree of sparsity
in the datasets for rating prediction tasks [48].

SVD, Blending, item‑based collaborative ϐiltering,
and user‑based collaborative ϐiltering were tested

Figure 2. Comparison of metrics across different models
(MovieLens dataset)

against the CTEL model. The CTEL model outper‑
formed the other methods, achieving notably lower
error rates on both datasets.

As shown in Table 6, our proposed model has
consistently outperformed alternative approaches.
Based on the evaluation criteria of RMSE, MSE, and
MAE, our model achieves better results than other
existing techniques on both datasets. While the
Semi‑Supervised Collaborative Filtering Ensemble
(SSEF) existing model introduced a static co‑training
and blending framework, the proposed CTEL method
focuses on enhancing sparsity handling through
reϐined co‑training and advanced meta‑feature
integration. CTEL performs dedicated co‑training
between user‑based and item‑based CF models
rather than between CF and MF views, allowing view‑
speciϐic reϐinement [40]. Furthermore, its stacking
phase incorporates statistical meta‑features, such
as inter‑model variance and prediction interactions,
enabling the meta‑learner to capture agreement
patterns among base models better. These design
differences make CTEL more resilient to data sparsity
compared to static semi‑supervised ensembles.
The data show that the CTEL model performs
better than these conventional techniques across all
metrics.

In particular, collaborative ϐiltering approaches
based on users and items demonstrated higher RMSE,
MSE, and MAE values than the CTEL model, despite
their effectiveness. Even with its resilience, the SVD
technique was not as accurate as the CTELmodel. The
CTEL model even surpassed the blending strategy,
which combines predictions from different models.
Because the CTEL model incorporates both ensemble
learning and co‑training, it leverages different collab‑
orative ϐiltering techniques, producing more accurate
suggestions. The CTELmodel’s better performance on
both datasets demonstrates its efϐicacy and marks a
noteworthy development in the ϐield of recommenda‑
tion systems.

The graphs for the performance metrics (RMSE,
MSE, and MAE) of our proposed CTEL model, com‑
pared with SVD, blending, user‑based collaborative
ϐiltering, and item‑based collaborative ϐiltering, for
the MovieLens and FilmTrust datasets are shown in
Figure 2 and Figure 3, respectively. The comparison
results for theMovieLens shown in Figure 2 show that
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Figure 3. Comparison of metrics across different models
(FilmTrust dataset)

Table 7. Performance of CTEL and baseline models at
varying data sparsity levels

Data
Density User‑CF Item‑CF

Static
Blend

CTEL
(Proposed)

100 0.89 0.88 0.87 0.83
60 0.92 0.90 0.89 0.84
40 0.96 0.93 0.91 0.86
20 1.03 0.98 0.96 0.89

the CTEL model consistently produces lower error
rates. On the FilmTrust dataset, the CTEL model out‑
performs conventional approaches, as illustrated in
Figure 3.

To further validate the robustness of the proposed
CTEL frameworkunder sparse data conditions, a spar‑
sity sensitivity analysis was conducted. The Movie‑
Lens 100K dataset was randomly subsampled to sim‑
ulate data densities of 100%, 60%, 40%, and 20%.
The CTELmodelwas compared against a conventional
static blending ensemble similar to SSEF [40] and indi‑
vidual base learners.

As shown in Table 7, CTEL maintains signiϐicantly
lower RMSE across all sparsity levels.When the data
density is reduced from 100% to 20%, the RMSE of
static blending increases by0.09,whereas theRMSEof
CTEL increases only by 0.06. This indicates that CTEL
effectively handles data sparsity by utilizing high‑
conϐidence pseudo‑labels and complementary model
views through co‑training and stacking.

5. Conclusion
This study introduces the CTEL (Collaborative

ϐiltering with Tuning Ensemble Learning) model,
demonstrating the effectiveness of combining
semi‑supervised learning and ensemble techniques
to enhance collaborative ϐiltering in recommendation
systems. Our approach addresses key challenges such
as data sparsity, scalability, and generalizability—
issues that often hinder the performance of traditional
recommendation models. Through extensive testing
on the MovieLens and FilmTrust datasets, we observe
signiϐicant improvements in standard evaluation
metrics such as RMSE, MSE, and MAE, suggesting that
the CTELmodel is not only effective in handling sparse
data but also maintains robustness and accuracy
across diverse datasets. When compared to other
state‑of‑the‑art models in the literature, such as those

employing deep learning for collaborative ϐiltering
(e.g., Neural Collaborative Filtering (NCF)) or those
using matrix factorization‑based methods (e.g., ALS
or SVD++), our CTEL model stands out for its novel
integration of semi‑supervised learning to generate
more reliablepseudo‑labels forunlabeleddata and the
application of ensemble learning to combine multiple
weak learners into amore robust and scalable system.
While previous studies have explored the use of semi‑
supervised techniques to improve recommendation
quality, few have simultaneously addressed the
challenges of ensemble methods in this domain, with
a focus on scalability and real‑time adaptability to
new data. Although future work may explore neural
meta‑learners to evaluate deeper feature interactions,
the current linear approach aligns with the goals
of interpretability, reproducibility, and stability in
sparse recommendation scenarios.

The model’s ability to handle sparse user‑item
interactions and its scalability are particularly note‑
worthy. Compared with traditional methods, which
may struggle with data sparsity and overϐitting, our
CTEL model demonstrates superior performance in
predicting user preferences even in the presence of
missing data, making it more suitable for large‑scale
real‑world applications where data is often incom‑
plete or noisy. Moreover, by incorporating ensem‑
ble learning, our approach is more ϐlexible and less
prone to overϐitting, a common challenge with com‑
plex models that rely on limited labeled data. While
the results are promising, several avenues remain
for future work. To further enhance the performance
of the CTEL model, future research could explore
more sophisticated feature engineering techniques,
such as integrating contextual features (e.g., tem‑
poral, geographic, or demographic data) or multi‑
modal data (e.g., combining text and image data from
movie descriptions or user reviews). Additionally, the
model’s effectiveness could be evaluated on a broader
set of datasets across different domains, including
e‑commerce, healthcare, and social media platforms,
to assess its versatility and adaptability. Lastly, fur‑
ther exploration of active learning strategies could
help minimize reliance on labeled data, making the
model even more efϐicient in environments with lim‑
ited labeled data. Thus, our CTEL model represents a
promising step forward in the development of scal‑
able, accurate, and robust recommendation systems.
By combining semi‑supervised learning and ensemble
methods, it offers a novel solution to the persistent
challenges of data sparsity, overϐitting, and scalability
in collaborative ϐiltering. Its comparative advantage
lies in its ability to effectively combine weak learn‑
ers while utilizing unlabeled data, offering valuable
insights for both academia and industry in the quest
for more precise and trustworthy recommendation
systems.
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Abstract:
T‐way combinatorial testing is an essential approach for
optimizing test suite generation by systematically cover‐
ing parameter interactions while minimizing test cases.
Various metaheuristic strategies have been introduced
to improve test suite generation, with an increasing
focus on balancing exploration and exploitation for effi‐
cient test selection. This study investigates the sand cat
swarm optimization (SCSO) algorithm as a metaheuristic
strategy for t‐way test suite generation. Inspired by the
hunting behavior of sand cats, SCSO dynamically adjusts
sensitivity factors to improve test suite generation effi‐
ciency. To evaluate SCSO’s performance, 30 benchmark
experiments were conducted across four groups of t‐way
configurations, with t varying from 2 to 6 and v ranging
from 2 to 10. Each configuration was executed five times,
and the smallest test suite size was selected for analysis.
Experimental results demonstrate that SCSOoutperforms
15.79% of competing strategies, achieves comparable
performance in 42.11% of cases, and is outperformed
in 42.11% of benchmark comparisons. These findings
highlight SCSO’s capability of generating competitive test
suites, particularly in t‐way interaction testing. The statis‐
tical evaluations, including Wilcoxon Rank and Friedman
Mean Rank tests, further validate SCSO’s performance in
comparison to othermetaheuristic approaches. Although
SCSO effectively reduces test suite size while maintaining
interaction coverage, further enhancements are neces‐
sary to improve its adaptability and computational effi‐
ciency across diverse configurations. Future work should
focus on refining SCSO’s exploration mechanisms to opti‐
mize search efficiency and extend its applicability in com‐
binatorial test generation.

Keywords: T‐way combinatorial testing, test suite gener‐
ation, sand cat swarmoptimization (SCSO),metaheuristic
algorithm

1. Introduction
Software systems are deeply embedded in var‑

ious domains, including ϐinance, health care, avia‑
tion, and critical infrastructure, making their relia‑
bility a fundamental concern. Demand for software
applications has raised the bar for developed soft‑
ware quality assurance [1]. Software productsmust be
dependable and high quality to fulϐill every customer’s

expectations and requirements [2]. A single software
failure can lead to catastrophic consequences, ranging
from ϐinancial losses and security breaches to safety
risks and operational disruptions. Software testing
serves as a quality assurance mechanism, systemati‑
cally identifying defects and vulnerabilities that could
compromise system integrity. With an estimated 40%
of total development expenses, software testing is an
especially expensive portion of the software devel‑
opment process [3]. However, as modern software
applications become increasingly complex, traditional
method or testing approaches face signiϐicant chal‑
lenges in achieving comprehensive validation within
practical time and resource constraints [4].

Ensuring software reliability requires efϐicient test
design strategies that balance coverage and efϐiciency.
Interaction‑related faults are among the crucial errors
that must be disclosed because any breakdown in
these interactions would impact main functionalities
of the system [5]. Exhaustive testing is impractical due
to the exponential growth of test cases, making com‑
binatorial testing a preferred approach for systemati‑
cally covering parameter interactions because select‑
ing at least one test case must be covered for each
t‑way (t is the interaction strength) combination of
input parameters of a conϐiguration system that cover
all t‑way interactions among input parameters [6, 7].
The process of combinatorial testing involves deϐining
the input space (sampling the input conϐiguration),
constructing optimized test cases that ensure interac‑
tion coverage, and executing the test suite to detect
faults [8].

Generating optimal combinatorial test suites
remains computationally challenging, making
difϐicult combinatorial testing a challenge and a
signiϐicant research limitation [9]. Metaheuristic
algorithms, such as genetic algorithms (GAs),
particle swarm optimization (PSO), ant colony
optimization (ACO), and whale optimization
algorithm (WOAs) have been applied to optimize
test suite size and address the minimum covering
array generation (MCAG) problem [10]. However,
the nondeterministic polynomial (NP) hard nature
of test suite optimization, where no single strategy
can guarantee that it always produces the best test
suite size for all conϐigurations, presents challenges
for existing algorithms, creating opportunities for
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new metaheuristic approaches to improve efϐiciency
and coverage [11]. Current methods struggle with
selective pressure, premature convergence, inefϐicient
exploration, and high computational costs, limiting
their effectiveness in large‑scale conϐigurations [12].

Nonetheless, according to the no free lunch (NFL)
theorem, no single optimization algorithm can solve
all optimization domains [13]. This suggests that an
algorithm’s performance is highly dependent on the
nature of the problem,making the integration ofmeta‑
heuristic algorithms into speciϐic applications, such
as t‑way combinatorial test generation, an ongoing
research challenge. Motivated by this, the present
study explores the applicationof SCSO in t‑way testing.

SCSO is a recently introduced metaheuristic
inspired by the adaptive hunting behavior of sand
cats, which attack or search for prey according to
the sound frequency [14]. Unlike traditional swarm‑
based optimization techniques, SCSO incorporates
a stochastic movement strategy that dynamically
adjusts its search behavior, effectively balancing
exploration and exploitation. It has demonstrated
strong performance in ϐinding optimal solutions
with fewer parameters and reduced computational
overhead [15]. This adaptability makes it particularly
suitable for optimization problems that require
efϐicient navigation of large search spaces. While
SCSO has been successfully applied to various
optimization domains, its potential for combinatorial
test suite generation remains unexplored. Given its
unique search mechanism, SCSO could serve as an
alternative approach for minimizing test suite size
while ensuring comprehensive parameter interaction
coverage.

Motivated by its reported advantages, this study
aims to evaluate the performance of SCSO in t‑way
combinatorial test suite generation and compare it
against existing metaheuristic‑based approaches. The
remainder of this paper is structured as follows. Sec‑
tion 2 presents a comprehensive review of combina‑
torial testing strategies and metaheuristic optimiza‑
tion techniques. Section 3 details the methodology,
including the adaptation of SCSO for test suite genera‑
tion. Section 4 discusses the experimental setup, data
sets, and evaluation criteria. Section 5 presents the
results and analysis, followed by Section 6, which con‑
cludes the study andoutlines potential future research
directions.

2. Combinatorial T‐way Testing Background
Software testing plays a crucial role in ensuring

the quality and reliability of modern software sys‑
tems [16]. As applications become increasingly com‑
plex, the number of conϐigurable parameters expands,
leading to an exponential growth in possible input
combinations. Exhaustive testing (a method that tests
all combinations), while theoretically ensuring com‑
plete accuracy, becomes impractical due to excessive
computational costs and time constraints, as the com‑
binatorial explosion problemmakes it unfeasible for a
largenumberof input parameters [12]. To address this

challenge, combinatorial testing has emerged as an
effective approach, focusing on covering t‑way inter‑
actions between input parameters, rather than testing
every possible combination. This method provides a
structured way that effectively reduces the number
of test cases needed compared to exhaustive testing
while maintaining adequate coverage of parameter
interactions [17].

The core principle behind t‑way testing is based
on empirical observations that show most software
failures are caused by the interaction of a small subset
of input parameters rather than the entire input space
that can reach an incorrect result [18]. Studies have
shown that pairwise (2‑way) testing can detect a large
percentage of defects while increasing the interaction
strength (t) enhances fault detection. By systemati‑
cally covering all possible t‑way interactions, combi‑
natorial testing ensures that critical parameter inter‑
actions are tested, improving software quality with‑
out requiring an infeasible number of test cases. The
effectiveness of this approach depends on selecting an
appropriate t,where higher values provide better fault
detection at the cost of increased test suite size.

Combinatorial test suite generation relies on the
constructionof covering arrays (CAs),which aremath‑
ematical structures that ensure that all t‑way combi‑
nations appear in at least one test case. A covering
array is represented as CA(N; t, k, v), where N denotes
the number of test cases, t is the interaction strength,
k is the number of parameters, and v represents the
possible values each parameter can take [10]. The
goal of test suite generation is to minimize N while
maintaining full t‑way coverage, as a smaller test suite
reduces execution time and testing costs. Constructing
an optimal CA array is computationally challenging,
requiring efϐicient strategies to generate minimal test
suites while maintaining complete interaction cover‑
age.

Exhaustive testing involves evaluating every pos‑
sible combination of input parameters, which quickly
becomes infeasible due to the combinatorial explo‑
sion. T‑way testing can cover all of the important inter‑
action components at least once, and the size of the
test suite is reduced in proportion to the interaction
strength, “t” [19]. It can improve the effectiveness
of software testing from different conϐiguration sys‑
tems while simultaneously lowering the anticipated
cost and time [20]. It also makes combinatorial test‑
ing highly efϐicient, especially for large‑scale software
systems where time and cost are major concerns. It
allows teams to detect potential issues early, optimize
resources, and accelerate product delivery without
getting stuck in a never‑ending cycle of exhaustive
testing [21].

Combinatorial testing can be categorized into
two variations based on interaction strength: uni‑
form interaction strength and variable interaction
strength [10]. Uniform strength interaction means
that all input parameters share the same level of inter‑
action where the CA maintains a consistent interac‑
tion strength across all parameters, ensuring uniform
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test coverage [22]. Variable strength alone guarantees
and has more than one interaction strength for gen‑
erating test cases [22]. It assigns different t‑way lev‑
els to parameters based on system criticality. This
approach optimizes test coverage without unneces‑
sarily increasing test suite size [10].

Metaheuristic algorithms have gained signiϐicant
attention in combinatorial testing due to their ability
to explore large solution spaces andoptimize test suite
size while ensuring full coverage. It is because it has
capable to escape from local optima and perform a
robust search of a search space [23]. Algorithms such
as GA, ACO, and WOA leverage heuristic‑based search
techniques are able to ϐind near‑optimal test suites
under several conditions which are balancing explo‑
ration (global search) and exploitation (local reϐine‑
ment) to minimize the number of test cases. These
methods have proven particularly useful in large‑scale
and highly conϐigurable software systems, whereas
traditional techniques struggle to provide efϐicient
solutions.

As combinatorial testing continues to evolve, its
integration with optimization techniques remains a
key area of research. The challenge of generating opti‑
mal test suites efϐiciently requires a balance between
computational feasibility and maximizing interaction
coverage. Metaheuristic approaches provide promis‑
ing solutions to this problem by leveraging intelli‑
gent search mechanisms to minimize test suite size
while maintaining high defect detection efϐiciency. It
can exploit stochastic behavior to search for the best
test cases through only several iterations [17]. With
the growing complexity of modern software systems,
combinatorial testing is becoming an indispensable
methodology in ensuring robust and efϐicient software
validation.
2.1. Problem Definition Model

Figure 1 illustrates the concept of t‑way testing
using an “online learning system” application. This
system ϐilters learning content based on ϐive param‑
eters: user type, device used, level course difϐiculty,
content format, and interaction mode. The user type
is categorized into two groups: student and teacher.
The device used is classiϐied as mobile phone or lap‑
top, while the course difϐiculty falls into three levels:
beginner, intermediate, and advanced. The content
format is video and text, and the interaction mode is
categorized as self‑paced, live, and hybrid. To simplify
the explanation, each parameter is assigned a distinct
notation (e.g., U1 and U2 for user type, D1 and D2
for device used, L1, L2, and L3 for level course dif‑
ϐiculty). Table 1 provides a simpliϐied representation
of the parameters and their possible values for this
system.

To test such a system, exhaustive testing, which
involves generating all possible combinations of
parameter interactions to achieve complete coverage,
could be applied. For the given system, full‑strength
interaction testing (where t = 5) results in 72 test
cases (2 × 3 × 2 × 3 × 2 = 72). While exhaus‑
tive testing theoretically ensures complete accuracy,

Figure 1. Filter for online learning system

Table 1. Classification Representation of Input
Parameters

Input parameter U L D M C
U1 L1 D1 M1 C1

Possible Value U2 L2 D2 M2 C2
L3 M3

Figure 2. List of generated test cases for exhaustive
testing

it becomes impractical when dealing with a large
number of input parameters due to the combinatorial
explosion problem [12]. Figure 2 shows test cases for
exhaustive testing basedon the online learning system
application.

To address this issue, the number of test cases can
be signiϐicantly reducedby applying t‑way testingwith
a lower interaction strength (t). For instance, pairwise
testing (t = 2) ensures that all pairs of parameter
interactions are tested, thereby reducing the number
of test cases while maintaining sufϐicient coverage.
T‑way testing focuses on testing parameter interac‑
tions up to a deϐined strength (t). For example, 2‑way
testing ensures that all pairwise interactions are cov‑
ered, signiϐicantly reducing the number of test cases
compared to exhaustive testing. Techniques such as
uniform strength (pairwise) testing provide ϐlexibility
in prioritizing critical interactions.

In pairwise testing (t = 2), only speciϐic pairs
of parameters are tested for interactions, while the
remaining noninteracting parameters are assigned
random valid values (denoted as DX) to form com‑
plete test cases. For the given system, the interacting
pairs include UL, UD, UM, UC, LD, LM, LC, DM, DC, and
MC. Figure 2 demonstrates the construction of test
cases using t‑way testing with t= 2. Any duplicate test
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Figure 3. Test case generation for t = 2 and list of test
cases for t‐way

cases are removed, and only unique combinations are
retained as ϐinal test cases.

As shown in Figure 3, t‑way testing signiϐicantly
reduces the number of test cases from 72 (in exhaus‑
tive testing) to 18, achieving a reduction of over
75%. Despite this reduction, the test cases maintain
adequate coverage of parameter interactions, ensur‑
ing effective fault detection. This approach not only
reduces the number of test cases but also minimizes
resource consumption, such as time and cost, making
the testing process more efϐicient.

3. Related Work
Research in t‑way combinatorial testing has signif‑

icantly evolved, transitioning from traditional compu‑
tational approaches to modern metaheuristic meth‑
ods. Computational approaches, rooted in algebraic
techniques, have been fundamental in t‑way test suite
generation. Thesemethods employ heuristic rules and
greedy strategies to cover uncovered test combina‑
tions [24]. However, while computational methods
offer ϐlexibility and support for complex conϐigura‑
tions, they struggle with efϐiciency, as longer compu‑
tational times are required to handle extensive test
combinations [25]. This limitation highlights the need
for more scalable solutions. To address these chal‑
lenges, metaheuristic algorithms have emerged as an
effective alternative for t‑way test suite generation.
Metaheuristics typically begin with a random solution
and iteratively apply search techniques to improve
ϐitness. Though not perfectly accurate, these methods
efϐiciently produce near‑optimal solutions in less exe‑
cution time than computationalmethods. Metaheuris‑
tic algorithms enable a more robust and adaptive
learning process, ultimately enhancing the network’s
ability to solve various challenging problems involving
t‑way interactions [26].

Within this context, t‑way testing strategies
are broadly categorized into two fundamental
approaches: one‑test‑at‑a‑time (OTAT) and one‑
parameter‑at‑a‑time (OPAT). OTAT starts with an
empty test suite, where test cases are added one
by one until all interactions are covered. Whenever
a test case is chosen, it is included in the ϐinal
suite (vertical extension). OTAT strategies have
been extensively explored in research due to their
ease of implementation and ability to generate
effective test suites efϐiciently [19]. On the other

hand, OPAT begins with an initial test suite and
progressively adds parameters one at a time until
all parameters have been incorporated. This method
is referred to as horizontal extension, where test
cases evolve gradually with additional parameters.
After completing the horizontal extension, further test
casesmayneed to be added through vertical extension
to ensure full interaction coverage. OPAT provides
an alternative approach to test suite generation
but requires more complex handling of parameter
dependencies, making it less commonly adopted in
research [19].

Due to its structured nature and incremental test
case construction, OTAT is often considered a more
convenient and practical approach for t‑way testing.
Its systematic process simpliϐies test generation and
reduces computational complexity, making it easier
to implement compared to OPAT. As a result, OTAT
strategies have gained more attention as one of the
most promising research areas in t‑way combinatorial
testing [10].

Among the early computational methods devel‑
oped for t‑way interaction testing was the Test
Conϐiguration Generator (TConϐig), introduced by
A. W. Williams in the late 1990s [27] for web‑based
interaction testing. It is classiϐied as a computational
approach, since it relies on systematic algorithms.
TConϐig follows the OPAT approach, constructing test
conϐigurations in a structured, step‑by‑step manner
rather than generating all possible test combinations
at once. The tool primarily employs combinatorial
testing techniques, speciϐically using CAs to ensure
that every pair‑wise (or higher‑order) combination
of parameter values is represented efϐiciently in the
test set. It leverages the recursive block algorithm
(Williams) and the in‑parameter‑order (IPO) greedy
algorithm (Lei and Tai) to construct these test con‑
ϐigurations, focusing on minimizing test cases while
maintaining high interaction coverage.

In 1998, Lei and Tai introduced the IPO strat‑
egy [28], which was a groundbreaking computational
method for pairwise interactions. It also applies the
OPAT approach. Enhancements such as in‑parameter‑
order‑general (IPOG) and IPOG‑D extended its capa‑
bilities to support variable‑strength testing up to t =
6, optimizing test suite generation through horizon‑
tal and vertical extensions [29, 30]. Subsequent vari‑
ants like IPOG‑F2 and SCIPOG integrated lightweight
heuristics and advanced constraint‑handling tech‑
niques, ensuring efϐicient and precise test case gener‑
ation for modern systems [20,31].

At the beginning of the new decade, in 2010, the
test vector generator (TVG), developed by Arshem,
was introduced as a public domain tool for generat‑
ing GUI tests using computational t‑way interaction
testing. It supports three interaction strength types:
input‑output relationship (IOR), variable strength,
and uniform strength. Although it is claimed that TVG
can support up to six strengths, practical executionhas
only achieved up to ϐive [32]. TVG employs a greedy
method and OTAT for test case generation and utilizes
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three algorithms: t‑reduced, plus‑one, and randomset.
Among these, t‑reduced produces the most optimized
test suites, though limited details are available on the
workings of each algorithm.

In contrast to these computational approaches,
metaheuristic‑based t‑way interaction testing strate‑
gies have gained signiϐicant attention and have been
widely explored in recent years.

Among the earliest breakthroughs, the particle
swarm test generator (PSTG), introduced by Ahmed
and Zamli [33] in 2010, utilized PSO as a meta‑
heuristic method for generating t‑way combinatorial
test suites. Initially designed for uniform interaction
strengths, PSTG was improved by the same authors
in 2011 [34] to support variable‑strength interaction
as well. PSTG follows an OTAT approach, incremen‑
tally generating test cases to optimally cover interac‑
tions through particle swarm operations. PSTG effec‑
tively balances global search (exploration) and local
search (exploitation) to produce compact test suites.
Advantages include simpler implementation, fewer
parameters to tune compared to othermetaheuristics,
and strong performance in generating smaller test
sets. However, PSTG may experience higher compu‑
tational overhead from repeated particle evaluations
and typically requires careful parameter adjustments
to consistently perform well across different test
scenarios.

A year later, in 2011, the harmony search strat‑
egy (HSS) [35] was introduced by Alsewari and Zamli
as a metaheuristic approach speciϐically designed for
generating t‑way test suites. It employs an OTAT
method, incrementally building individual test cases
to optimally cover interactions. Initially supporting
only uniform interaction strengths, HSSwas enhanced
in 2012 to include support for variable‑strength inter‑
actions. Its search mechanism balances exploration
and exploitation effectively using harmony memory
operations. The advantages of HSS include producing
comparatively compact test suites, simple implemen‑
tation, andminimal parameter tuning. Nevertheless, it
may incur higher computational costs due to frequent
harmony evaluations and can require careful parame‑
ter calibration to maintain optimal results across var‑
ious testing conϐigurations.

Subsequently, in 2015, the cuckoo search (CS)
strategy for combinatorial test suite generation was
introduced by Ahmed et al. [36]. It is a metaheuris‑
tic approach employing the OTAT method, where
each iteration produces one complete test case opti‑
mized through a stochastic global search. CS leverages
Lévy ϐlights to efϐiciently balance exploration (global
search) and exploitation (local search), allowing it
to effectively generate combinatorial test suites. The
strategy supports both uniform and mixed interac‑
tion strengths,making it suitable for variable‑strength
combinatorial testing. Key advantages include mini‑
mal parameter tuning, robustness in escaping local
optima, and competitive performance with simpler
tuning requirements compared to other metaheuris‑
tics like GA and PSO. Nevertheless, CS can incur

higher computational overhead due to the iterative
Lévy ϐlight operations, particularly for complex or
large‑scale test generation scenarios, and it may still
experience issues with convergence speed in some
contexts.

In the same year, the swarm intelligent test gen‑
erator (SITG) was introduced by Rabbi et al. [37].
The strategy applies PSO to generate t‑way test suites
by treating each particle as a complete test case
rather than a numerical solution. It follows the OTAT
approach, where test cases are added incrementally
to maximize interaction coverage. The process begins
with a randomly initialized swarm, where each parti‑
cle represents a candidate test case. Instead of using
traditional PSO velocity updates, SITG evaluates each
test case basedon its ability to cover previously uncov‑
ered t‑way interactions, adjusting positions accord‑
ingly. The best test cases are iteratively selected and
added to the ϐinal test suite (FTS), ensuring that all
required interactions are covered. SITG supports both
uniform and variable‑strength interactions, with test‑
ing conducted up to t = 6. The approach efϐiciently bal‑
ances exploration andexploitation, leading to compact
test suites that effectively cover interactions, espe‑
cially for higher‑strength scenarios (t ≥ 4). However,
it introduces computational overhead due to frequent
velocity evaluations and requires careful parameter
tuning to prevent premature convergence to subopti‑
mal solutions. Despite these challenges, SITG remains
an effective and adaptive strategy for combinatorial
test case generation.

In 2016, the high‑level hyper‑heuristic (HHH)
strategy using tabu search was introduced by Zamli
et al. [38] for t‑way combinational test suite gen‑
eration. It employs the OTAT approach and explic‑
itly supports both uniform and variable interac‑
tion strengths, with reported experimental valida‑
tions up to t = 6. In its implementation, HHH itera‑
tively generates each test case by dynamically select‑
ing among four low‑level metaheuristics: teaching
learning‑based optimization (TLBO), the global neigh‑
borhood algorithm (GNA), PSO, and CS. Differing
from conventional single‑method strategies, HHH uti‑
lizes tabu search to intelligently switch among these
metaheuristics using adaptive operators for improve‑
ment, diversiϐication, and intensiϐication, effectively
balancing exploration and exploitation. Advantages of
HHH include ϐlexibility in adapting its search strategy
according to problem dynamics, reduced likelihood
of becoming trapped in local optima, and improved
test suite compactness. However, employing multi‑
ple metaheuristics through tabu search signiϐicantly
increases algorithm complexity, computational over‑
head, and sensitivity to parameter tuning, poten‑
tially limiting its practical applicabilitywithout careful
calibration.

Following this, in 2017, the adaptive teaching‑
learning‑based optimization (ATLBO) method was
introduced by Din and Zamli [39] to enhance the con‑
ventional TLBO by integrating fuzzy logic for adap‑
tive combinational t‑way test suite generation. ATLBO
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applies anOTAT approach, incrementally constructing
each test case through iterative optimization. In this
implementation, candidate solutions represent indi‑
vidual test cases that evolve based on the TLBOmech‑
anism, comprising a global search (teacher phase)
and local search (learner phase). Unlike traditional
TLBO, ATLBO dynamically selects between these two
search phases using a Mamdani fuzzy inference sys‑
tem, which continuously evaluates solution quality,
intensiϐication, and diversiϐicationmeasures to decide
the optimal search direction at each iteration. ATLBO
explicitly supports uniform and variable interaction
strengths, with experimental validation reported up
to t = 6. Its main advantages over conventional
TLBO include increased adaptability, improved con‑
vergence speed, and better robustness against prema‑
ture convergence. Nevertheless, the fuzzy logic inte‑
gration introduces additional complexity, computa‑
tional overhead, and the need for carefully designed
fuzzy inference rules, potentially complicating practi‑
cal applications.

Building upon reinforcement learning principles,
in 2018, the Q‑learning sine cosine algorithm (QLSCA)
was introduced by Zamli et al. [40] as a metaheuristic
approach speciϐically tailored for generating combi‑
national t‑way test suites using an OTAT methodol‑
ogy. QLSCA constructs test suites by iteratively gen‑
erating each individual test case through a dynamic
search guided by reinforcement learning (Q‑learning).
In each iteration, candidate solutions are updated
by adaptively selecting among four distinct search
operations: sine search, cosine search, Lévy ϐlight,
and elitism. Unlike traditional SCA, where the search
operations are determined through ϐixed parameters,
QLSCA dynamically chooses these operations based
on a learned Q‑value, promoting balanced exploration
and exploitation. The method explicitly supports uni‑
form interaction strength and has been experimen‑
tally validated up to t = 4. Advantages of QLSCA include
improved adaptability, reduced reliance on manually
tuned parameters, and enhanced capability to avoid
premature convergence compared to traditional SCA.
However, incorporating the reinforcement learning
mechanism introduces additional complexity, compu‑
tational overhead, and increased sensitivity related to
the learning parameters, which must be tuned care‑
fully to maintain consistent performance.

In 2019, the artiϐicial bee colony for variable
strength (ABCVS) strategy was introduced by Alaz‑
zawi et al. as a metaheuristic approach derived from
the artiϐicial bee colony (ABC) algorithm for combina‑
torial t‑way test suite generation [41]. ABCVS employs
an OTAT approach and explicitly supports both uni‑
form and variable interaction strengths, validated up
to t = 6. Unlike conventional ABC, ABCVS enhances
the balance between exploration and exploitation
by dynamically adjusting the number of employed,
onlooker, and scout bees based on test case cover‑
age and diversity. This adaptive mechanism ensures
optimal interaction coverage while minimizing test
suite size. The advantages of ABCVS include improved

optimization efϐiciency, high scalability, and better
adaptability in handling complex t‑way interactions.
Additionally, its swarm intelligence approach helps
prevent premature convergence while maintaining
test diversity. However, ABCVS requires careful tuning
of parameters such as colony size and search lim‑
its, and its iterative nature introduces computational
overhead, which may impact execution time in large‑
scale test conϐigurations.

Continuing this trend, in 2020, the ant colony opti‑
mization algorithm using fuzzy logic (ACOF) strat‑
egy was introduced by Ahmad et al. [42] as an
advanced metaheuristic derived from Dorigo’s origi‑
nal ACO. ACOF employs an OTAT approach and sup‑
ports both uniform and variable interaction strengths,
explicitly tested up to t = 6. Unlike traditional ACO,
ACOF integrates a Mamdani fuzzy inference system
to dynamically adjust two critical parameters: the
pseudo‑random proportional selection rule and the
number of ants utilized per iteration. Speciϐically,
fuzzy logic determines the optimal selection probabil‑
ity and dynamically allocates ant resources, enhanc‑
ing exploration and exploitation balance. Advantages
include generating compact test suites and signiϐi‑
cantly improving execution time compared to conven‑
tional ACO variants, due to its adaptive mechanisms.
However, integrating fuzzy logic increases algorithm
complexity, requires carefully designed fuzzy rules,
and may add computational overhead during the
inference process.

In the same year, WOA for t‑way test suite gen‑
eration was introduced by Hassan et al. [43]. This
metaheuristic strategy employs the OTAT approach
and explicitly supports both uniform and variable‑
strength interactions, with successful tests conducted
for interaction strengths up to t = 6. TheWOAmethod
initializes multiple candidate solutions (“whales”)
within the combinational search space and itera‑
tively updates their positions using whale‑inspired
mechanisms such as encircling prey (exploitation)
and bubble‑net attacking (exploration). This adap‑
tive process helps achieve a balanced exploration‑
exploitation trade‑off, enhancing diversity and efϐi‑
ciency in generating optimized test suites. However,
the approach faces potential computational over‑
head due to iterative candidate updates and can
experience excessive exploration, which may slow
convergence.

Advancing further, in 2021, the gravitational
search test generator (GSTG) strategy was intro‑
duced by Htay et al. [11], based on the gravita‑
tional search algorithm (GSA), which is a population‑
based metaheuristic inspired by Newtonian gravity.
GSTG uses the OTAT approach, iteratively selecting the
best test case by mimicking gravitational interactions
between candidate solutions, with each candidate
represented as a test case. The algorithm uniquely
employs gravitational forces to guide less optimal
solutions (lightermasses) toward optimal ones (heav‑
ier masses), thus effectively balancing exploration
and exploitation. GSTG supports both uniform and

149



Journal of Automation, Mobile Robotics and Intelligent Systems VOLUME 20, N∘ 2 2026

variable interaction strengths, explicitly tested up
to t = 10. Its advantages include strong exploration
capabilities, effective avoidance of local optima due
to its gravity‑inspired search mechanism, and com‑
petitive performance in generating optimal or near‑
optimal test suites. However, GSTG has disadvantages,
such as higher computational complexity, especially
with increasing interaction strength or parameters,
and sensitivity to parameters like gravitational con‑
stants, requiring careful tuning for optimal results.
These issues are consistent with typical challenges
noted in the literature regarding GSAs.

More recently, in 2022, the improved particle
swarm optimization (improved PSO) strategy for t‑
way test suite generation was introduced by Prasad et
al. [44]. It is a metaheuristic method extending tra‑
ditional PSO, speciϐically adapted for generating t‑
way combinatorial test cases. Improved PSO follows
the OTAT approach, uniquely simplifying the particle‑
update mechanism by directly adjusting particle posi‑
tions based on coverage of uncovered interactions.
Unlike conventional PSO, it eliminates reliance on typ‑
ical parameters such as inertia weight, acceleration
coefϐicients, and complex velocity calculations, signiϐi‑
cantly reducing the need for extensive parameter tun‑
ing. The strategy supports both uniform and variable
interaction strengths, explicitly tested up to t = 6.
Its advantages include easier implementation, fewer
parameters to tune, and notably improved perfor‑
mance and efϐiciency compared to conventional PSO.
However, disadvantages include computational over‑
head due to iterative particle evaluations and sensitiv‑
ity to parameter adjustments, potentially causing pre‑
mature convergence and trapping in local optima, con‑
sistent with common challenges highlighted in PSO‑
related literature.

Most recently, in 2024, the wingsuit ϐlying search
(WFS) optimization algorithm for t‑way test suite
generation was introduced by Rose et al. [45] as
a metaheuristic, parameter‑free approach inspired
by wingsuit ϐlying. WFS employs a unique three‑
phase implementation: generating initial points via
Halton sequences, adaptively adjusting neighborhood
sizes, and progressively narrowing the search space
through decreasing discretization steps. It follows
the OTAT approach, iteratively building each test
case. WFS supports both uniform and variable inter‑
action strengths, explicitly tested up to interaction
strength t = 10. Its main advantages include ease of
use due to its parameter‑free nature, efϐicient per‑
formance, and the capability of producing compact
test suites without extensive parameter tuning. How‑
ever, it tends to heavily emphasize exploitation in
later stages of optimization, increasing the risk of con‑
vergence to local optima, especially in complex test
conϐigurations [46].

This continuous evolution from computational
methods to modern metaheuristic‑based strategies
highlights the ongoing advancements in t‑way inter‑
action testing techniques, signiϐicantly improving efϐi‑
ciency and adaptability over time.

Figure 4. SCSO’s framework

Figure 5. Exploration and exploitation of SCSO

4. Proposed Strategy of the Sand Cat Swarm
Optimization (SCSO) Algorithm
Figure 4 shows the recommended framework for

SCSO’s approach. To achieve the SCSOmethod, a num‑
ber of components are created and used, including
the test case generator (TCG) and tuple generator
(TG) where TG is derived from [24, 47]. The frame‑
work consists of threemain sections. The ϐirst section,
input parameter setting, deϐines the test parameters,
their values, interaction parameters, and interaction
strength, which serve as the foundation for generating
test cases. The SCSO framework support only uniform
strength, which are implemented using the OTAT test
case generation approach. The second section, SCSO
strategy, involves the TG, producing a tuple list (TL)
representing possible parameter combinations. These
tuples are then processed by the TCG, which incorpo‑
rates the SCSO algorithm to generate optimized test
cases. The ϐinal section, output, delivers the ϐinal test
suite, ensuring that the generated test cases compre‑
hensively cover the deϐined interactions.

SCSO is a bio‑inspired optimization algorithm
modeled after the hunting and survival strategies
of sand cats, called “Felis margarita.” The SCSO
concept was ϐirst introduced by Seyyedabbasi and
Kiani to solve optimization problems [15]. This novel
approach combines unique behavioral patterns of
sand cats to solve optimization problems efϐiciently.
Exploration and exploitation phases based on the
hunting behavior of sand cats is shown in Figure 5.

The process begins by initializing the population,
determining the population size required for the SCSO
to achieve the best outcome. Based on the require‑
ments, a population size of 10 seems sufϐicient for
the iterations, as it can yield the best possible results
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efϐiciently. Furthermore, it will take a long time if the
set is more than 10. The associated structure is a
vector, and SCSO is thus a population‑based technique.
Each possible solution is determined by evaluating a
predetermined ϐitness function. The SCSO will deter‑
mine the optimal values of the parameters based on
this function’s deϐinition of the problem’s parameters.
4.1. Global Sensitivity Factor, ሬሬሬሬ⃗rG

ሬሬሬ⃗𝑟𝐺 = 𝑆𝑀 − ቆ𝑆𝑀 × 𝑖𝑡𝑒𝑟𝑐
𝑖𝑡𝑒𝑟𝑀𝑎𝑥

ቇ (1)

The SCSO algorithm introduces a dynamic global
sensitivity factor from Eq. (1) to balance exploration
and exploitation effectively. The sensitivity is calcu‑
lated, where SM = 2 inspired by sand cats’ 2 kHz
hearing ability. High initial sensitivity ensures broad
exploration during early iterations, covering diverse
regions of the search space. As iterations progress,
the global sensitivity factor decreases gradually, shift‑
ing the algorithm’s focus to exploitation by reϐining
solutions. Toward the ϐinal iterations, it approaches
zero, minimizing exploration and emphasizing inten‑
siϐication. This adaptive behavior mirrors sand cats’
transitioning from scanning for prey to capturing tar‑
gets, ensuring efϐicient navigation through the search
space.
4.2. Sensitivity for Each Sand Cat

ሬ⃗𝑟 = ሬሬሬ⃗𝑟𝐺 × 𝑟𝑎𝑛𝑑(0,1) (2)

Each sand cat’s individual sensitivity r is dynam‑
ically adjusted using Eq. (2), where r scales the
agent’s responsiveness and rand(0,1) introduces ran‑
domness. This stochastic variability allows agents to
explore diverse regions of the search space effec‑
tively while maintaining adaptability. The sensitiv‑
ity mechanism ensures a balanced search dynamic,
enabling agents to avoid local optima while still reϐin‑
ing promising solutions. Bymimicking sand cats’ natu‑
ral adaptability to environmental cues during hunting,
this mechanism enhances the robustness and diver‑
sity of the optimization process.
4.3. Decision Parameter (R)

𝑅 = 2 × ሬሬሬ⃗𝑟𝐺 × 𝑟𝑎𝑛𝑑 (0, 1) − ሬሬሬ⃗𝑟𝐺 (3)

The decision parameter R from Eq. (3) determines
whether agents explore new areas (R > 1) or exploit
known solutions (R ≤ 1) during each iteration. It is
calculated, where ሬሬሬ⃗𝑟𝐺 is the global sensitivity factor.

If 𝑅 > 1, the agent enters the exploration phase,
where it moves to less‑visited regions of the search
space to promote diversity and avoid premature con‑
vergence. In this phase, the position of the agent is
updated using the formula below.

ሬ⃗𝑟 ⋅ (ሬሬሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑏𝑐 (𝑡) − 𝑟𝑎𝑛𝑑 (0, 1) ⋅ ሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑐(𝑡)) (4)

Here, ሬ⃗𝑟 represents the sensitivity factor that scales
the agent’s movement, ensuring its adjustments align
with the global search dynamics. ሬሬሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑏𝑐 (𝑡) refers to
the position of the best candidate solution at itera‑
tion t, serving as a reference for guiding exploration.
rand(0,1) introduces randomness to the movement,
adding stochastic variability, while ሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑐 (𝑡) repre‑
sents the current position of the agent. The subtrac‑
tion ሬሬሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑏𝑐 (𝑡) − 𝑟𝑎𝑛𝑑 (0, 1) ⋅ ሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑐(𝑡) creates a direc‑
tional vector that leads the agent toward unexplored
areasof the search space,with the randomtermensur‑
ing unpredictablemovement patterns. This calculated
randomness enables the agent to explore a broader
region effectively, increasing the probability of dis‑
covering better solutions while avoiding local optima.
This formula encapsulates the essence of balancing
guidance from the best solutions and randomness,
making exploration robust and efϐicient in SCSO.

On the other hand, if 𝑅≤ 1, the agent enters the
exploitation phase, which focuses on reϐining its cur‑
rent position by moving toward promising solutions.
The agent’s position is updated using Eq. (5).

ሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑏 (𝑡) − ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑟𝑛𝑑𝑐𝑜𝑠 (𝜃) ⋅ ሬ⃗𝑟 (5)

The position update mechanism leverages both
deterministic and stochastic components to guide the
agent’s movement during the search process. Here,
ሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑏 (𝑡) represents the best‑known position at iter‑
ation 𝑡, serving as a key anchor point for the agent
to reϐine its search toward optimal solutions. ሬሬሬሬሬሬሬሬሬሬሬሬሬሬሬ⃗𝑃𝑜𝑠𝑟𝑛𝑑
introduces an element of randomness by selecting a
random position within the search space, ensuring
variability in movement. The cosine function, cos(𝜃),
incorporates the angle 𝜃, a randomly chosen value
between 0∘ and 360∘, to determine the direction of
the agent’s movement. This angle is furthermultiplied
by ሬ⃗𝑟, the sensitivity factor, which scales the move‑
ment magnitude. Together, these terms ensure that
the agent’smotion is both guided by the best solutions
and randomized to maintain diversity and avoid con‑
vergence on suboptimal regions.

The random angle 𝜃 is selected using the roulette
wheel selection algorithm, a probabilistic approach
that enables dynamic and unbiased selection of move‑
ment directions. By randomly selecting 𝜃, the agent’s
path is less predictable, reducing the likelihood of
being trapped in local optima. The cosine function
applied to 𝜃 introduces controlled oscillations in the
movement trajectory, allowing the agent to explore
more reϐined areas of the search space without losing
diversity. R dynamically regulates the ratio of explo‑
ration to exploitation, making sure that the search
agent both investigates novel possibilities and con‑
verges on the best answers. Achieving an ideal search
procedure in optimization issues requires striking this
balance.

Figure 6 describes the SCSO algorithm for select‑
ing an optimal test suite based on test coverage.
The process begins by initializing a population of
search agents and calculating their ϐitness using a
test coverage‑based function. Parameters r and R are
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Figure 6. Pseudocode for Sand Cat Swarm Optimization Algorithm

also initialized. The algorithm iterates while the TL is
not empty. Within each iteration, every search agent
selects a random angle using a roulette wheel selec‑
tion mechanism. Based on the absolute value of R,
the search agent updates its position using either the
exploration equation [Eq. (5)] if ∣R∣≤1or the exploita‑
tion equation [Eq. (4)] otherwise. After updating posi‑
tions, the algorithm evaluates the ϐitness of all search
agents and selects the best test case candidate. If the
selected candidate improves coverage, it is added to
the FTS, and the covered interactions are removed
from TL. The population is then updated based on the
best solution. This process continues until all interac‑
tions in TL are covered, and the algorithm terminates,
returning the optimized FTS.

5. Results and Discussion
The SCSO algorithm is developed and compiled

using the Java programming language within the
Eclipse 2024 (4.34.0) software. The running envi‑
ronment for the project is a desktop PC operating
on Windows 11, equipped with a 2.19 GHz Intel®
Core™ i7‑12700F CPU and 32 GB of RAM. The three
groups of experiments are as follows:

Group 1: CA(t, v7), t varied from 2 to 6 and v varied
from 2 to 5 based on [38,43,45,47].

Group 2: CA(t, 210) based on [38,44,45,47].
Group 3: CA(t, 37) based on [41,44].
This project focuses solely on uniform strength

conϐigurations, as SCSO is a newly introduced
approach to t‑way testing. To evaluate its performance
in generating test suite sizes for uniform strength,
three groups of experiments were conducted,

based on conϐigurations derived from two separate
journal papers. These experiments benchmarked
the SCSO against results from various existing
strategies discussed in Section 2. The experimental
conϐigurations were adapted from prior works
by [38, 41, 43–45, 47], where the SCSO has been
executed and benchmarked with those various
experiments results. The results of these experiments
are documented and summarized in Table 2, Table 3,
and Table 4. Detailed experimental conϐigurations for
each group are presented accordingly.

The results of all experiments are presented in the
provided tables, with the best test suite sizes high‑
lighted in bold and cells are darkened for clarity. Cells
marked as “X” indicate that results are unavailable
or not reported in the respective articles. Based on
the data in Table 2, SCSO delivers good competitive
performance across all conϐigurations of t and v.

The metaheuristic‑based techniques generally
outperform computation‑based strategies in
Table 2. Among these techniques, the HHH strategy
demonstrated the highest performance, achieving the
best results in 40% (8 out of 20) of the test cases.
Following closely, ACOF secured 30% (6 out of 20),
while QLSCA performed well with 25% (5 out of
20). Strategies such as GSTG, WOA, and HSS each
accounted for 20% (4 out of 20) of the top results,
whereas ATLBO followed with 15% (3 out of 20).
Meanwhile, WFS, PSTG, CS, TConϐig, and IPOG each
contributed to 10%.

(2 out of 20) of the best‑performing cases. How‑
ever, SCSO, t‑way test suite generation strategy based
on ant colony algorithm (TTSGA), and TVG recorded
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Table 2. Result Test Suite Size Performance for Group 1

CA(t,v7) Metaheuristic‑based Strategies Computational‑based Strategies
t v 2026 2024 2023 2022 2020 2019 2018 2017 2016 2011 2010 2009 2010 2007 1990s

SCSO WFS ACOF GSTG WOA TTSGA QLSCA ATLBO HHH HSS PSTG CS TVG IPOG TConϐig
2 2 7 7 6 6 6 7 7 7 7 7 6 6 7 8 7

3 15 15 15 15 14 15 15 15 14 14 15 15 15 17 15
4 26 27 26 26 25 25 23 23 23 25 26 25 27 28 28
5 40 40 37 40 36 38 34 34 35 35 37 37 42 42 40

3 2 14 13 12 12 12 12 15 15 15 12 13 12 15 19 16
3 51 51 48 49 49 49 49 49 49 50 50 49 55 57 55
4 124 123 117 121 116 118 112 111 112 121 116 117 134 208 112
5 240 242 230 240 223 228 215 216 216 223 225 223 260 275 239

4 2 30 25 30 26 27 29 31 31 31 29 29 27 31 48 36
3 158 156 148 155 152 152 149 151 148 155 155 155 167 185 166
4 497 513 485 499 484 485 477 480 482 500 487 487 559 509 568
5 1220 X 1174 1217 NA 1175 1150 1166 1153 1174 1176 1171 1385 1349 1320

5 2 52 51 53 52 52 55 X X 58 53 53 53 59 128 56
3 434 442 430 430 432 433 X X 435 437 441 439 464 608 477
4 1833 1861 1825 1822 1815 1821 X X 1805 1831 1826 1845 2010 2560 1792
5 5535 X 5450 X X 5457 X X 5413 5468 5474 5479 6257 8091 X

6 2 70 66 64 64 64 68 X X 64 64 64 66 78 64 64
3 949 955 970 971 945 957 X X 853 916 977 973 1016 1281 921
4 5621 5610 5450 5611 5567 5487 X X 5478 4096 5599 5610 5978 4096 X
5 21580 X 21145 X X 21148 X X 21107 21748 21595 21597 23218 28513 X

Total 0 2 6 4 4 0 5 3 8 4 2 2 0 2 2
Optimal 0% 10% 30% 20% 20% 0% 25% 15% 40% 20% 10% 10% 0% 10% 10%

Table 3. Result Test Suite Size Performance for Group 2

CA(t, 210) Metaheuristic‑based Strategies Computational‑based Strategies
2026 2024 2023 2022 2022 2019 2016 2015 2011 2010 2009 2010 2007 1990s

t SCSO WFS ACOF GSTG ImprovedPSO TTSGA HHH SITG HSS PSTG CS TVG IPOG TConϐig
2 8 8 8 8 9 8 8 9 7 8 8 10 10 9
3 17 16 16 16 16 16 16 16 16 17 16 17 19 20
4 34 38 39 27 39 36 36 44 37 37 36 41 49 45
5 84 84 74 74 84 76 79 87 81 82 79 84 128 95
6 159 160 153 156 168 155 153 174 158 158 157 168 352 183
Total 0 1 3 3 1 1 2 1 2 0 1 0 0 0

Optimal 0% 20% 60% 60% 20% 20% 40% 20% 40% 0% 20% 0% 0% 0%

the lowest performance, failing to achieve the best
results in any of the test cases (0%).

The analysis of Table 3 reafϐirms the dominance
of ACOF and GSTG, both achieving the highest per‑
formance with 60% (3 out of 5) of the test cases,
setting a strong benchmark. Meanwhile, HHH and HSS
demonstrated balanced performance, each securing
40%(2out of 5) of thebest test cases. In contrast,WFS,
CS, improved PSO, SITG, and TTSGA trailed behind,
contributing to only 20% (1 out of 5) of the test cases.
The lowest‑performing strategies in this group were
SCSO, PSTG, IPOG, TConϐig, and TVG, all of which failed
to secure any top‑ranking test cases (0%).

Table 4 highlights the dominance of improved PSO,
which achieves the highest performance with 80%
(4 out of 5) of the test cases, outperforming all other
strategies. Meanwhile, SITG, ABCVS, and TConϐig each
secure 20% (1 out of 5) of the test cases, demonstrat‑
ing a more limited impact. SCSO, despite not leading
the group, manages to contribute 40% (2 out of 5)
of the best test cases, showcasing moderate perfor‑
mance and competitive potential. In contrast, IPOG
fails to secure any top‑ranking test cases (0%),making
it the least effective strategy in this conϐiguration.

This pattern of results reinforces improved PSO’s
dominance, the balanced yet limited success of SITG
and TConϐig, and the moderate competitiveness of
SCSO, while IPOG remains at the bottom, struggling to
deliver optimal results.

SCSO demonstrates consistent competitiveness
across multiple groups, showing its potential in
diverse test scenarios. While it performs moderately
and has yet to surpass the top‑ranked metaheuris‑
tic strategies, its stability across conϐigurations high‑
lights its strength. This suggests that with further
reϐinements or hybridization with other metaheuris‑
tic techniques, SCSO could achieve even greater opti‑
mization and emerge as a strong contender among the
top‑performing strategies.

The performance of SCSO has been evaluated
using statistical analyses to assess its effectiveness
in generating optimal test suite sizes for uniform
strength interaction test. Two nonparametric tests,
the Wilcoxon Rank test and the Friedman test, were
employed due to the small sample size and nonnormal
distribution of results. The Wilcoxon Rank test ana‑
lyzed paired strategies with SCSO to determine sta‑
tistically signiϐicant differences at a 95% conϐidence
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Table 4. Result Test Suite Size Performance for Group 3

CA(t, 37) Metaheuristic‑based Strategies Computational‑based Strategies
2026 2022 2019 2015 2007 1990s

t SCSO Improved PSO ABCVS SITG IPOG TConϐig
2 15 15 15 15 17 15
3 51 45 49 52 57 55
4 158 152 157 154 185 166
5 434 444 442 436 608 477
6 949 832 944 848 1281 921
Total 2 4 1 1 0 1

Optimal 40% 80% 20% 20% 0% 20%

level (α = 0.05). A null hypothesis was used, where a
p‑value ≤ α indicated signiϐicant differences, leading
to the null hypothesis being rejected. Conversely, a
p‑value > α retained the null hypothesis, suggesting
no signiϐicant difference. The Friedman test ranked
strategies based on mean rank, with smaller values
indicating better performance in generating test suite
sizes when the null hypothesis was rejected.

A total of 30 results from three groups of exper‑
iments were analyzed across Table 5 to Table 6,
although some conϐigurations were excluded due to
unavailable data for certain strategies. These analyses
highlight SCSO’s competitive performance compared
to other strategies, particularly in scenarios where it
demonstrated statistically signiϐicant advantages or
achieved better mean rankings in test suite genera‑
tion.

Table 5 presents the results of testing conducted
using theWilcoxon and Friedman tests, involving data
from Groups 1 and 2. A total of 25 test types were ana‑
lyzed, with the results offering insights into the com‑
parative performance of different strategies. Table 5
also provides insights into whether the null hypothe‑
sis was retained or rejected for each paired strategy
involving SCSO. For strategies like ACOF, TTSGA, HHH,
HSS, and GSTG, the null hypothesis is rejected, mean‑
ing these strategies signiϐicantly outperformSCSO. For
instance, thepairingwithACOFshowsap=0.002, con‑
ϐirming a clear advantage for ACOF. Similarly, the null
hypothesis is rejected when SCSO is compared to TVG,
IPOG, WOA, QLSCA, and ATLBO, but in these cases, it
is SCSO that demonstrates superior performance, as
indicated by its lower mean rank.

In comparisons with PSTG, CS, TConϐig, and WFS,
the null hypothesis is retained, signifying no statis‑
tically signiϐicant differences. This implies that SCSO
performs similarly to these strategies. For example,
against PSTG (p = 0.055) and CS (p = 0.083), SCSO
neither signiϐicantly outperforms nor underperforms,
reϐlecting comparable performance levels.

When the null hypothesis is rejected, it means one
strategy is statistically better than the other based on
the test results. For SCSO, this occurs when it shows
clear advantages over strategies like TVG, IPOG, and
others, or when it is outperformed by stronger strate‑
gies like ACOF and TTSGA. On the other hand, retain‑
ing thenull hypothesis, as seen in its comparisonswith
PSTG, CS, and WFS, suggests that SCSO is on par with

these strategies, offering neither signiϐicantly better
nor worse performance.

The majority of the paired strategies that outper‑
formed SCSO, such as ACOF, TTSGA, HSS, improved
PSO, and GSTG achieved better rankings primarily
because they integrate additional techniques, such
as hybridization with other optimization algorithms,
rule‑based enhancements, or ensemble approaches.
These combinations allow them to improve search
efϐiciency, balance exploration and exploitation, and
adapt to problem‑speciϐic constraints more effec‑
tively. For example, ACOF beneϐits from the self‑
organizing behavior of ACO while incorporating fuzzy
logic to handle uncertainty and improve decision‑
making. The fuzzy rules help reϐine the solution space
more effectively, reducing randomness and increasing
convergence speed, making ACOF superior to SCSO.

Another reason these strategies appear superior is
thatHHH inherently carries four differentmetaheuris‑
tics, which are TLBO, GNA, PSO, and CS, while SCSO
operates as a standalone approach. HHH’s adaptive
mechanism selects the most suitable metaheuristic
at different stages of optimization, ensuring a well‑
balanced search process. This multi‑metaheuristic
structure naturally provides an advantage in per‑
formance, as it allows HHH to adapt to different
problem complexities dynamically. However, this also
makes comparisonswith SCSO unfair, as HHH beneϐits
from the combined strengths of multiple algorithms,
whereas SCSO is evaluated based on a single optimiza‑
tion framework.

ATLBO holds a signiϐicant advantage due to its
adaptive teacher and learner phases, which dynam‑
ically adjust using a fuzzy inference system. Unlike
SCSO, which follows a ϐixed optimization struc‑
ture, ATLBO intelligently adapts its search strategy
based on real‑time conditions, allowing it to balance
exploration and exploitation more effectively. The
teacher phase drives global improvements by guiding
learners toward better solutions, while the learner
phase enhances local reϐinement through peer‑to‑
peer learning. This adaptability not only improves
solution quality but also reduces the risk of prema‑
ture convergence. However, this advantage alsomakes
direct comparisons with SCSO less fair, as ATLBO’s
superior ϐlexibility comes from its additional fuzzy
rule‑based decision‑making system, which SCSO does
not incorporate. Essentially, ATLBO beneϐits from an
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Table 5.Wilcoxon and Friedman Test for Group 1 and Group 2

Test Statistic

No. Paired Strategy Comparison for
SCSO

Total
Samples

p‑value
(Asymp. Sig.
(2‑tailed))

Friedman
Mean

Rank Test

Null Hypothesis Conclusion

< = > Mean Rank Rank
1. SCSO vs ACOF 18 4 3 0.002 SCSO – 5.76 7 reject ACOF outperforms

ACOF – 3.32 2
2. SCSO vs TTSGA 19 3 3 0.002 SCSO – 5.76 7 reject TTSGA outperforms

TTSGA – 3.88 3
3. SCSO vs HHH 18 2 5 0.01 SCSO – 5.76 7 reject HHH outperforms

HHH – 2.84 1
4. SCSO vs HSS 19 1 5 0.005 SCSO – 5.76 7 reject HSS outperforms

HSS – 3.92 4
5. SCSO vs PSTG 16 4 5 25 0.055 SCSO – 5.76 7 retain no signiϐicant difference

PSTG – 4.86 6
6. SCSO vs CS 17 2 6 0.083 SCSO – 5.76 7 retain no signiϐicant difference

CS – 4.16 5
7. SCSO vs TVG 0 4 21 0.001 SCSO – 5.76 7 reject SCSO outperforms

TVG – 7.92 8
8. SCSO vs IPOG 2 0 23 0.001 SCSO – 5.76 7 reject SCSO outperforms

IPOG – 8.34 9
9. SCSO vs WFS 8 6 8 0.532 SCSO – 2.27 3 retain no signiϐicant difference

WFS – 2.23 2
10. SCSO vs GSTG 14 6 2 22 0.013 SCSO – 2.27 3 reject GSTG outperforms

GSTG – 1.50 1
11. SCSO vs TConϐig 14 3 5 22 0.099 SCSO – 1.30 1 retain no signiϐicant difference

TConϐig – 1.70 2
12. SCSO vs WOA 16 1 0 17 0.001 SCSO – 1.97 2 reject WOA outperforms

WOA – 1.03 1
13. SCSO vs QLSCA 8 2 2 0.012 SCSO – 2.50 3 reject QLSCA outperforms

QLSCA – 1.63 1
14. SCSO vs ATBLO 8 2 2 12 0.012 SCSO – 2.50 3 reject ATBLO outperforms

ATBLO – 1.88 2

Table 6.Wilcoxon and Friedman Test for Group 2 and Group 3

Test Statistic

No. Paired Strategy Comparison for
SCSO

Total
Samples

p‑value
(Asymp. Sig.
(2‑tailed))

Friedman
Mean

Rank Test

Null Hypothesis Conclusion

< = > Mean Rank Rank
1 SCSO vs Improved PSO 4 2 4 0.944 SCSO – 2.00 2 retain no signiϐicant

PSO – 1.85 1 difference
2 SCSO vs TConϐig 1 1 8 0.086 SCSO – 2.00 2 retain no signiϐicant

TConϐig –3.75 4 difference
3 SCSO vs SITG 3 1 6 10 0.513 SCSO – 2.00 2 retain no signiϐicant

SITG – 2.50 3 difference
4 SCSO vs IPOG 0 0 10 0.005 SCSO – 2.00 2 reject SCSO

IPOG – 4.90 5 outperforms
5 SCSO vs ABCVS 1 1 3 5 0.715 SCSO – 1.70 2 retain no signiϐicant

ABCVS – 1.30 1 difference

embedded adaptive learning mechanism, making it
more versatile yet computationally demanding com‑
pared to SCSO.

Table 6 presents the results of testing conducted
using theWilcoxon and Friedman tests, involving data
from Groups 2 and 3 with total of 10 types of test‑
ing. The table presents a statistical analysis com‑
paring the performance of SCSO against four other
strategies: improved PSO, TConϐig, SITG, and IPOG.
The comparison is based on the Wilcoxon Rank test
and the FriedmanMeanRank test. The results indicate
that SCSO demonstrates comparable performance to

improved PSO, TConϐig, ABCVS, and SITG, as the p‑
values for these comparisons (0.944, 0.086, 0.715, and
0.513, respectively) are greater than the signiϐicance
threshold of 0.05, leading to the retention of the null
hypothesis. While SCSO shows slight advantages in
certain samples, the Friedman Mean Rank test con‑
ϐirms that the differences are not statistically signiϐi‑
cant. However, when compared to IPOG, SCSO exhibits
a clear statistical advantage, with a p‑value of 0.005
leading to the rejection of the null hypothesis. SCSO
outperforms IPOG in all samples and achieves a much
better FriedmanMeanRank, solidifying its superiority
in this comparison.
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The analyses highlight that SCSO demonstrates
a balanced performance, holding its ground against
some strategies while excelling over weaker ones.
SCSO shows comparable performance to Improved
PSO, TConϐig, SITG, PSTG, ABCVS, and CS, as indicated
by retained null hypotheses and similar mean ranks.
However, it decisively outperforms IPOG and TVG,
with statistically signiϐicant results and superior
Friedman Mean Ranks. Conversely, SCSO struggles
against stronger strategies like ACOF, TTSGA, HHH,
and HSS, which achieve better rankings in direct com‑
parisons. Overall, SCSO proves to be a robust and
competitive strategy, particularly effective against less
dominant methods while maintaining reliability in
varied contexts.

6. Conclusion
This paper presents the ϐirst implementation

of SCSO in t‑way testing for test suite generation.
The results indicate that SCSO performs competi‑
tively, outperforming 15.79% of competing strategies,
matching 42.11%, but being outperformed in 42.11%
of cases. While SCSO shows strengths in handling uni‑
form interaction strengths, it struggles against more
advanced techniques such as ACOF, TTSGA, and WOA,
highlighting its limitations in maintaining effective
exploration throughout the search process.

SCSO mimics sand cat hunting behavior, where
movement intensiϐies as the search progresses
toward an optimal solution. However, as it nears
the global optimum, its search radius contracts,
leading to reduced exploration and increased reliance
on exploitation. This transition increases the risk
of premature convergence, causing SCSO to become
trapped in local optima, particularly in complex search
spaces. The benchmark results support this, as SCSO
underperforms in nearly half of the cases, suggesting
that an improved balance between exploration and
exploitation is needed.

To enhance SCSO’s effectiveness, future work
should focus on improving its exploration capabil‑
ity. Hybridizing it with global optimization tech‑
niques such as simulated annealing, genetic algo‑
rithm, or Lévy ϐlight could help mitigate premature
convergence and improve search diversity. Addition‑
ally, extending its application to variable‑strength and
input–output relationship testing could enhance its
adaptability. Exploring integration with other meta‑
heuristic strategies may further reϐine its efϐiciency,
making SCSO a more competitive approach for t‑way
test suite generation.
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Abstract:
Solar photovoltaic (PV) energy is gaining popularity in
modern distribution networks due to its clean energy
attributes. In order to maximize PV power genera‐
tion conversion, the application of maximum power
point tracking (MPPT) is essential. Henceforth, this work
presents a novel hybridMPPT approaches based on a cas‐
caded adaptive neuro fuzzy inference system and radial
basis function neural network to achieve rapid and great‐
est PV power extraction while ensuring zero oscillation
tracking with a single‐ended primary inductor converter
(SEPIC). SEPIC efficiently regulates the output voltage to
match grid requirements while maintaining high power
conversion efficiency. The cascaded artificial neuro fuzzy
inference system (ANFIS) and radial basis function neu‐
ral network (RBFNN) are combined to enhance MPPT
accuracy and robustness under varying environmental
conditions. The cascaded architecture enables a seamless
transition between the two controllers, ensuring opti‐
mal performance across an extensive range of operating
conditions. The MATLAB/Simulink is used for analyzing
the efficacy of the proposed system and the proposed
converter and MPPT approach is compared with exist‐
ing topologies for proving the importance of the devel‐
oped work. The outcomes demonstrate that the pro‐
posed SEPIC achieves reduced Total Harmonic Distortion
(THD) of 1.16% and the cascaded ANFIS–RBFNN‐based
MPPT approach attains a higher tracking efficiency of
99.61%with rapid convergence speed and execution time
compared to traditional techniques. Overall, this paper
represents a promising direction toward achieving more
efficient and sustainable PV‐driven grid integration.

Keywords: photovoltaic, maximumpower point tracking,
cascaded ANFIS–RBFNN, single‐ended primary inductor
converter,MATLAB/Simulink

1. Introduction
Theworldwide energy demand is constantly being

enhanced owing to population growth and industrial‑
ization [1, 2]. Traditional fossil fuels like coal, oil, and
natural gas are the main sources of energy, although
their usage has led to various issues such as environ‑
mental pollution and contribution to climate change
through greenhouse gas emissions [3, 4]. To address
these issues, there has been a rising emphasis on
developing and utilizing renewable energy sources
(RESs) such as solar, wind, and geothermal power

[5, 6]. Among these various RESs, photovoltaic (PV)
technology has emerged as a promising topology due
to its various advantages, which generate electricity
without producing greenhouse gas emissions or other
forms of ecological pollution, thus generating a clean
and sustainable energy solution [7–9]. Though the
output voltage of PV is lower because of its intermit‑
tent nature, direct current (DC), DC converters are
essential for efϐiciently converting variable DC output
of the PV modules to the increased level of energy
required for grid applications [10]. In this context,
various traditional converters used in current studies
such as Boost [11], Buck‑Boost [12], and Cuk [13]
converters provide step‑up and step down voltage
with better voltage gain. Nevertheless, each converter
topology has its own advantages and drawbacks such
as poor efϐiciency, high cost, complexity, and switch‑
ing stress [14,15]. Henceforth, the proposed topology
employs a single‑ended primary inductor converter
(SEPIC) to overcome these challenges by attaining
high efϐiciency with minimized switching stress and
ripple current.

In contrast, maximum power point tracking
(MPPT) techniques are speciϐically designed
to optimize power output from solar panels by
continuously adjusting to varying conditions, making
them more effective in maximizing energy extraction.
Compared to proportional integral (PI) and fractional
order sliding mode control controllers, intelligent
MPPT provides superior adaptability and efϐiciency
under ϐluctuating input conditions, highlighting its
advantage in energy harvesting applications [16–20].
To improve the performance of tracking efϐiciency,
various traditional topologies have been developed,
which are illustrated in Table 1 below.

To overcome the limitations obtained in the tradi‑
tional MPPT topologies, the proposed work incorpo‑
rates a novel cascaded artiϐicial neuro fuzzy inference
system (ANFIS)–radial basis function neural network
(RBFNN)‑based MPPT, which has the advantages of
enhancingMPPT accuracy and robustness under vary‑
ing environmental conditions with rapid convergence
speed and execution time. The foremost contributions
of the proposed work are illustrated below,
• Implementing aPV‑based SEPIC to efϐiciently handle
an extensive input voltage range, ensuring optimal
power conversion system, even under varying solar
conditions.
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Table 1. Survey related to the traditional MPPT approaches

References Methodology Advantages Limitations
Shaik raϐi kiran
et al (2022) [21]

artiϐicial neural network
(ANN) based MPPT

It achieves better tracking
efϐiciency with minimized
oscillation of MPP.

However, this system applicable
for partially shaded PV system.

Faizan
Mehmood et al
(2020) [22]

Fuzzy‑based MPPT At the period of transient
condition, this technique
attains better performance
with efϐicient power delivery.

Nevertheless, it has steady state
oscillations and system
complexity.

Sara et al
(2021) [23]

ANFIL‑based MPPT It has higher accuracy, faster
response with better tracking.

However, due to increasing
number of rules, the system
complexity is enhanced.

Chaoping rao et
al (2022) [24]

Perturb observe
(P&O)‑Based MPPT

It attains minimized
steady‑state error with better
tracking efϐiciency.

Nonetheless, the ϐluctuation
around MPP and complexity
leads to degradation of system
performance.

Pawan Kumar
Pathak et al
(2021) [25]

modiϐied incremental
conductance (INC)‑based
MPPT

MINC attains high tracking
efϐicacy with effectual
convergence speed.

However, execution time needs
to be considered in further
studies.

• The cascaded ANFIS–RBFNN‑basedMPPT approach
is introduced for extracting the highest power from
thePV system, resulting in improvedMPPTaccuracy
with minimal computational time.

• Employing PI controller for ensuring precise regula‑
tion of the single phase inverter output to synchro‑
nize with the grid frequency and voltage.
Section 2 describes the proposed system

modeling; Section 3, the outcomes from the
MATLAB/Simulink for the developed work is
discussed with a comparative analysis. Further,
in Section 4, conclusions about the proposed system
are discussed by showing the importance of the
proposed system.

2. Proposed Modeling
PV systems have gained signiϐicant importance in

the RES, as it offers a clean and sustainable source of
electricity. However, the sporadic nature of solar radi‑
ation and the nonlinear characteristics of PV systems
pose challenges in maintaining a stable and efϐicient
power supply to the grid. To address these challenges,
this research explored SEPIC with the novel cascaded
ANFIS–RBFNN‑based MPPT topology, which provides
an enhanced output voltage with better tracking per‑
formance. The proposedwork block diagram is shown
in Figure 1 below.

In this work, SEPIC has been developed for max‑
imizing the low‑output voltage of a PV system for
the essential level for a grid system. On the other
hand, the MPPT approach is used for tracking opti‑
mal energy from the PV modules; thus the cascaded
ANFIS–RBFNN‑based MPPT topology has been devel‑
oped, which leverages the strength of each approach
to enhance control precision, robustness, and maxi‑
mum energy harvesting from the solar module. The
tracked output is fed to the Pulse Width Modulation
(PWM) generator for producing required pulses for
the switching operation of the SEPIC. A stable DC‑link
voltage is delivered to the single‑phase Voltage Source
Inverter (VSI) for converting the DC–AC supply; it is

regulated by the PI controller for attaining grid syn‑
chronization. Finally, the required level of energy is
given to the grid system without any disturbances.
2.1. Modeling of the PV System

The PV system generates electricity directly from
sunlight, a free and abundant RES. Unlike fossil fuels,
this energy production does not release greenhouse
gases or other pollutants, making a clean and ecologi‑
cal friendly energy source. An equivalent circuit of PV
module is represented in Figure 2.

Kirchhoff’s current law is applied as follows [21]:
𝐼 = 𝐼𝑃𝑉 − 𝐼𝑑 − 𝐼𝑠ℎ (1)

The 𝐼𝑑 and 𝐼𝑠ℎ are derived as follows:

𝐼𝑑 = 𝐼0 ቈ𝑒𝑥𝑝 ቆ
𝑉 + 𝐼𝑅𝑠
𝑛𝑉𝑇

ቇ − 1቉ (2)

𝐼𝑠ℎ =
(𝑉 + 𝐼𝑅𝑠)

𝑅𝑠ℎ
, (3)

where 𝐼0 denotes reverse saturation current, 𝑅𝑠ℎ ,
𝑅𝑝, and 𝑅𝑠 speciϐies shunt, series, and parallel
resistances, 𝑎𝑛𝑑 𝑉𝑇 indicates thermal voltage. The fol‑
lowing equations express 𝐼0 and 𝑉𝑇:

𝐼0 =
(𝐼𝑆𝐶 + 𝐾Δ𝑇)

𝑒𝑥𝑝 ൬𝐾𝑣Δ𝑇𝛼𝑉𝑇
+ 𝑉𝑜𝑝,𝑐𝑐𝑡൰ − 1

(4)

𝐼0 =
(𝐼𝑆𝐶 + 𝐾(−𝑇𝑛 + 𝑇)

𝑒𝑥𝑝 ൬𝐾𝑣Δ𝑇𝛼𝑉𝑇
+ 𝑉𝑜𝑝,𝑐𝑐𝑡൰ − 1

(5)

𝑉𝑇 =
𝑁𝑆𝐴𝐾𝑇

𝑞 (6)

Here, ∝ indicates diode ideality constant, 𝑛 speci‑
ϐies the diode’s ideality factor,𝑁𝑠 and shows the panel
linked in series, 𝑉𝑜𝑝,𝑐𝑐𝑡 represents open‑circuit volt‑
age, T shows the temperature= 1.38 × 10−3, and q
denotes the charge of electron = 1.6 × 10−19, respec‑
tively. Moreover, the low output power is obtained
from PV owing to its ecological changes; thus, SEPIC
is employed in this study for boosting the voltage as
follows.
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Figure 1. Block diagram of the proposed work

Figure 2. Circuit diagram of a PV module

2.2. Modeling of SEPIC

SEPIC is a popular choice for interfacing the PV
system‑fed grid system due to its ability to operate
in both step‑up and step‑down modes, allowing for
efϐicient power transfer. The circuit of SEPIC is rep‑
resented in Figure 3, which shows two inductors, a
switch, two capacitors, and a diode, respectively. Fur‑
thermore, the proposed converter operates in two
modes, as speciϐied in Figure 4.

The following expression shows the average volt‑
age:

Vin=VLa+VCa+VLb (7)
VLa=VLb (8)

The sumof the average currents is given as follows:

ID1=ILa−ILb (9)

The duty cycle of SEPIC is deϐined as:

Dmax=
Vout+VD

Vin(min)+Vout+VD
(10)

The minimum duty cycle is expressed as:

Dmin=
Vout+VD

Vin(max)+Vout+VD
(11)

Figure 3. SEPIC converter circuit diagram

Mode 1 (ON state): When switch 𝑆1 is in the ON
condition, the current in 𝐿1 becomes negative during
the current increases; the diode does not conduct in
this state. The capacitor discharge during both 𝐿1 and
𝐿2 gets charged, as represented in Figure 4(a).

Mode2 (OFF state):When the switch is in theOFF
state, the diode function is forward‑biased, an output
gets energy from 𝐿1 during induction, and 𝐿1 charges
the capacitor 𝐶𝑎 , as illustrated in Figure 4(b), respec‑
tively. Also, the switching waveform for the proposed
SEPIC is illustrated in Figure 5.

The ripple current ϐlowing through inductors 𝐿𝑎 ,
𝐿𝑏 is equal to

𝛥IL=Iout×
Vout

Vin(min)
×40% (12)

The inductor value is calculated as

L1=L2= L =
Vin(min)
𝛥IL×fsw

×Dmax (13)

The output capacitor is given as

Cb≥
Iout×Dmax

Vripple×0.5×fsw
(14)

Here, the switching frequency (fsw) is taken as =
10𝐾𝐻𝑧.
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(a) (b)

Figure 4.Modes of operation

Figure 5. Switching waveform for the proposed
converter

Therefore, the duty cycle range of inductors 𝐿1,
and 𝐿2 and capacitors 𝐶𝑎 , 𝐶𝑏 are deϐined using the
foresaid equations. The following section explains the
cascaded ANFIS–RBFNN‑based MPPT for extracting
optimal power from the PV system.

2.3. Modeling of Cascaded ANFIS‐RBFNN Based MPPT

ANFIS‐based MPPT

The ANFIS‑based MPPT is a powerful technique
that combines the strength of fuzzy logic control and
ANN, which maximizes the power of PV systems, as
speciϐied in Figure 6. This approach is particularly
well‑suited for dealing with the highly nonlinear and
complex relationship between the parameters of PV.
In ANFIS, the fuzzy inference system (FIS) is responsi‑
ble for modeling the nonlinear relationship between
the PV system’s output and desired output using a
set of if‑then rules and membership functions. On the
other hand, the ANN is employed to automatically
tune the parameters of the FIS, such as membership
function and rules based on the available training
data. Through the back propagation algorithm, ANN
learns the optimal FIS parameters, reducing error

Figure 6. Structure of ANFIS

between actual and desired output. The multilayer
feed‑forward networks are described by the following
mathematical equation:

wj=μpj (x) ∗μQj (y) ,wj=
wj

w1+w2
, j = 1, 2 (15)

The following equations express 𝐾1, 𝐾2, and 𝐾,

K1 = A1x+ B1y+ R1z,K2 = A2x+ B2y+ R2z (16)

K1 =
W1K1 +W2K2

W1 +W2
= W1K1 +W2K2 (17)

μpj (x) =
1

1+ ൤(൫x−rj൯ pj)
2൨

bj−3
(18)

μpj (x) = exp ቎−൥ቆ
x− rj
pj

ቇ
2
൩
bj

቏ , (19)

where 𝑝𝑗 , 𝑟𝑗 , and 𝑏𝑗 denote the membership func‑
tion, respectively.
RBFNN‐based MPPT

The nonlinear mapping is performed using an
RBFNN, unlike the error backpropagation learning
model of conventional neural networks, RBFnetworks
employ a learning process that is equivalent to solving
a linear problem. The hourly requirement oscillation
serves as input for theRBFNNnetwork training,which
has three types: input, hidden, and output layers, as
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Figure 7. RBFNN architecture

speciϐied in Figure 7. The input layer is the top layer,
which is carried out by the input data source nodes.
The second layer produces radial‑based processes.
The third layer is the output layer, which speciϐies
the nonlinear combination of neural parameters and
input radial basis function. Overall this RBFNN’s pri‑
mary goal is to forecast the PV system’s maximum
power.

Step: 1 Create initial input vectors based on vari‑
ables such as voltage, current, and power, which
are adjusted based on the network’s output power
requirements.

Step: 2 After the initialization process, the system
generates its initialized input parameters at random
[22].

rand1=
P11pd P12pd … P1npd
P21pd P22pd … P2npd
⋮ ⋮ ⋮ ⋮

Pm1
pd Pm2

pd … Pmn
pd

(20)

Here, 𝑃𝑝𝑑 speciϐies the power demand.
Step: 3 By reducing the error function, which is

provided below, ϐitness is assessed.

Error,E =1
2 ෍(tOD−dOD), (21)

where the desired and target output demand is
denoted as 𝑑𝑂𝐷 and 𝑡𝑂𝐷.

Step: 4The Gaussian activation function of RBFNN
yields theRBFNNoutput,which is provided as follows:

ramd ൫yp−ci൯= expቆ− 1
2ξ2 ฮyp− ci‖

2ቇ , (22)

where ξ speciϐies the Gaussian activation function,
and 𝑦𝑝 denotes the p‑th input sample, respectively.

ub=
h

෍
a−1

wabexpቆ−
1
2ξ2 ฮyp− ci‖

2ቇb = 1, 2, … ,n,

(23)

The number of nodes in the hidden layer speci‑
ϐies ℎ. Moreover, by combining this two approaches,
the performance of tracking efϐiciency is enhanced, as
described below.

Cascaded ANFIS–RBFNN‐based MPPT

The cascaded ANFIS–RBFNN‑based MPPT com‑
bines two powerful techniques to improve the efϐi‑
ciency of capturing maximum power from solar pan‑
els. First, ANFIS uses fuzzy logic and neural networks
to adaptively adjust its rules based on changing con‑
ditions, helping to predict and optimize power out‑
put. Second, the RBFNN provides precise function
approximation by using radial basis functions to ϐine‑
tune the tracking process. Together, this cascaded
approach enhances the MPPT algorithm’s ability to
rapidly and accurately ϐind the optimal power point,
resulting in better performance and energy extraction
compared to traditional methods. The developed cas‑
caded ANFIS–RBFNN‑based MPPT system ϐlowchart
is indicated in Figure 8, which shows that the system
measures the solar irradiance, which is a crucial input
parameter for the MPPT algorithm. It also measures
the voltage and current from the PV system, which
are used as inputs to the developed MPPT algorithm.
The next step is to detect any abrupt changes in the
solar irradiance, as these changes affect the optimal
operating point of the PV system. If an abrupt change
is detected, the system sets a new operator voltage
to ensure the PV system is operating at its highest
point. The core of the MPPT algorithm is the ANFIS–
RBFNN‑based MPPT block. This combines the ANFIS
and RBFNN to track the MPP of PV system efϐiciently,
even in the presence of abrupt changes in solar irra‑
diance. The ANFIS component provides the fuzzy–
logic‑based decision making, while the RBFNN com‑
ponent handles the nonlinear mapping between the
input parameters and the optimal operating voltage.
By combining this, the overall efϐiciency, reliability
is signiϐicantly improved, creating more viable and
improved performance of SEPIC.

By utilizing the proposed approach, the optimal
energy from the PV system is efϐiciently tracked with
greater tracking efϐiciency, execution time, and con‑
vergence speed. Moreover, the tracked and enhanced
power is given to the single‑phase VSI for converting
the DC–AC supply to distribute power to the single‑
phase grid system. Also, the inverter is efϐiciently con‑
trolled with the aid of the PI controller for grid syn‑
chronization.

3. Results and Discussion
In this work, a SEPIC‑based cascaded

ANFIS‑RBFNN approach is developed for grid
applications. The proposed system is validated in
MATLAB/Simulink for validating the effectiveness of
the developed system. Additionally, the comparative
assessment is carried out with other traditional
topologies for showing the importance of the
developed work. In Table 1, parameter speciϐications
for the proposed system are illustrated.
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Figure 8. Proposed cascaded ANFIS–RBFNN‐based MPPT

Table 2. Parameter Specifications of Proposed System

Parameter Description
PV system

Open circuit voltage 37.25V
Short‑circuit current 8.95A
Series‑connected solar
panel

2

Parallel‑connected solar
PV cell

25

Maximum power voltage 29.95V
Maximum current 8.35A

SEPIC
Switching frequency 10𝑘𝐻𝑧
𝐶𝑎,𝐶𝑏 4.7𝜇𝐹
𝐿1, 𝐿2 1𝑚𝐻

(a) Case 1. Varying Temperature and Varying
Irradiation

The solar module waveform is illustrated in Fig‑
ure 9. The temperature of the solar panel varies
slightly during the initial time, and after 0.2s it is stabi‑
lized at 45∘C, as speciϐied in Figure 9(a). Consequently,
the irradiation of the solar panel is maintained con‑
stantly at 1000(W/Sq.m) after the ϐluctuation up to
0.2s, as speciϐied in Figure 9(b). Also, the voltage of
the solar panel for the proposed work attains the

stabilized voltage at 48V after 0.2s, as illustrated in
Figure 9(c).

The proposed SEPIC waveform is illustrated in
Figure 10.The input current waveform indicates that
the input current oscillates highly during the start‑
ing period, and after 0.22s, the constant current is
maintained at 0.8A, as speciϐied in Figure 10(a). From
Figure 10(b), it is observed that the converter output
voltage is stabilized at 300V after 0.25s. Similarly, the
converter output current has high oscillation during
the initial time, and after 0.05s a constant output cur‑
rent is obtained at 25A with ϐluctuations.

The grid waveform is indicated in Figure 11. The
grid voltage waveform illustrates that the grid volt‑
age is stabilized at 230V without any distortions, as
illustrated in Figure 11(a). Likewise, the currentwave‑
form speciϐied in Figure 11(b) indicates that the grid
oscillates slightly, and after 0.05s it stabilizes at 4A.
Moreover, the in‑phase waveform is speciϐied in Fig‑
ure 11(c), where it can be observed that the voltage
and current stabilize at 230V and 4A, respectively.

The real and reactive power for the developed
work is illustrated in Figure 12. The stabilized real and
reactive power results in the superior performance of
the proposed system.

(b) Case 2. Constant temperature and constant
irradiation
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Figure 9. Solar module waveform for case 1. (a) Temperature; (b) irradiation; (c) voltage

Figure 10. Converter output waveform for case 1

Figure 13 represents the solar panel waveform for
case 2, which shows that the temperature of the solar
panel gets constantly stabilized at 35∘C, as indicated
in Figure 13(a). Similarly, the irradiation waveform
illustrated in Figure 13(b) shows that the irradiation
is maintained at 1000(W/Sq.m). The voltage of solar
panel attains stability at 48V in the case 2 condition,
as indicated in Figure 13(c).

The converterwaveform for the case 2 condition is
represented in Figure 14. As speciϐied in Figure 14(a),
the converter input current oscillates highly during
the initial period, and after 0.02s, the constant cur‑
rent is attained at 0.8A. Moreover, the output voltage
waveform, indicated in Figure 14(b), shows that the
voltage is constantly maintained at 300V after facing
high ϐluctuation up to 0.25s. The converter output
waveform illustrated in Figure 14(c) indicates that the
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Figure 11. Grid waveform. (a) Voltage; (b) current; (c) in‐phase voltage and current waveform

(a) (b)

Figure 12. Real and reactive power waveform

output current ϐluctuates highly, and after 0.05,s, it
gets stabilized with distortions.

(c) Case 3. Varying Temperature and Constant
Irradiation

The case 2 condition for solar module waveform
is represented in Figure 15. Figure 15(a) illustrates
the varying temperature condition, where the temper‑
ature oscillates up to 0.2s and afterward ismaintained
gradually at 35∘C. Likewise, the irradiation waveform
illustrated in Figure 15(b) shows that the irradiation
is maintained at 1000(W/Sq.m). Also, Figure 15(c)
indicates that the solar panel voltage oscillates up to
0.2s; after that, it stabilizes at 48V.

As shown in Figure 16(a), during the ϐirst 0.02s,
the converter input current oscillates greatly before
reaching 0.8A of steady current. Furthermore, Fig‑
ure 16(b) shows that the output voltage waveform is
progressively maintained at 300V following a signiϐi‑
cant ϐluctuation that lasted for 0.25 s. The converter
output current waveform shown in Figure 16(c); it
ϐluctuates greatly during the initial time, and after
0.03 s, it is maintained at 25A with slight distortions.

(d) Case 4. Constant Temperature and Varying
Irradiation

The solar panel waveform for scenario 4 is shown
in Figure 17, where it can be noted that the solar
panel’s temperature steadily stabilizes at 35C, as
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Figure 13. Solar panel waveform for case 2

Figure 14. Converter waveform for case 2
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Figure 15. Solar panel waveform for case 3

Figure 16. Converter waveform for case 3
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Figure 17. Solar panel waveform for case 4

represented in Figure 17(a). Figure 17(b) illustrates
that the solar panel’s irradiation is stabilized at
1000(W/Sq.m) following a variation of up to 0.2s.
Additionally, as illustrated in Figure 17(c), the solar
panel voltage reaches astabilized value at 48V after
0.2s.

The converter waveform for the ϐinal condition
is shown in Figure 18. As seen in Figure 18(a), the
converter input current oscillates greatly in the ϐirst
period before reaching 0.8A of steady current after
0.02 s. Additionally, the output voltagewaveform illus‑
trated in Figure 18(b) demonstrates that the output
voltage is constantly maintained at 300V following
a strong ϐluctuation lasting up to 0.25s. The output
current ϐluctuates greatly, as seen by the converter
output waveform represented in Figure 18(c), and
then stabilizes after 0.05s at 25A with distortions.

TheTHDwaveform for thedevelopedwork is spec‑
iϐied in Figure 19, where it is observed that the THD
value of 1.16% is obtained. Thereby the performance
of the developed system is efϐiciently enhanced.

The tracking efϐiciency for various MPPT
approaches is comparedwith the introduced cascaded
ANFIS–RBFNN‑based MPPT, as demonstrated in
Figure 20. From the graph, it is evident that the
developed MPPT approach accomplishes high
tracking efϐiciency of 99.61% compared to the other
topologies, as referred to in [28–30].

Table 3. Comparison of THD for Various Converters

SI. No Converters THD (%)
1. Boost [11] 6.42
2. Buck‑Boost [12] 3.43
3. Cuk [13] 4.41
4. Proposed SEPIC 1.16

Table 3 represents the comparison of THD for
various traditional converters. The developed SEPIC
reaches the lowest THD value of 1.89% compared to
the other approaches.

The proposed cascaded ANFIS–RBFNN‑based
MPPT technique is compared with conventional
MPPT approaches for convergence speed and
execution time in Figure 21. From the graph, it is
obvious that the cascaded approach attains high
convergence speed and minimized execution time
compared to traditional MPPT topologies.

4. Conclusion

The proposed research work introduced SEPIC‑
based novel cascaded RBFNN‑based MPPT for grid
applications. The proposed SEPIC effectively inter‑
faces the PV array with the grid, providing stable volt‑
age regulation. The integration of cascaded ANFIS–
RBFNN‑based MPPT enables efϐicient tracking of the
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Figure 18. Converter waveform for case 4

Figure 19. THD waveform for the proposed work

MPPT under varying ecological conditions, maximiz‑
ing the energy harvested from the PV system with
high tracking efϐiciency. The developed system is vali‑
dated through MATLAB/Simulink, and the outcomes
are compared with other traditional approaches,

showing the superiority of the developed system.
From the comparison results, the effectiveness of a
novel cascaded ANFIS‑RBFNN based MPPT exhibits
superior tracking efϐiciency of 99.61% capabilities,
convergence speed, execution time with improved
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Figure 20. Comparison of tracking efficiency

(a) (b)

Figure 21. Comparison of (a) convergence speed and (b) execution time

steady‑state and dynamic responses. Also the SEPIC
achieves a low THD value of 1.16% compared to the
others. Thereby, the enhanced and tracked power is
efϐiciently delivered to the grid system without any
disturbances.
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Abstract:
Conventional electric two‐wheeler (E2W) chargers suffer
from prolonged charging times and battery nonlinear
characteristics, limiting user flexibility and compliance
with evolving battery standards. This work developed a
high‐performance fast charger utilizing an interleaved
buck converter (IBC) governed by a hybrid proportional
integral–fuzzy logic control (PI‐FLC) algorithm. The PI‐
FLC dynamically optimizes charging current/voltage by
integrating real‐time battery current, voltage, and state‐
of‐charge (SoC) data. The IBC architectureminimizes out‐
put current ripple, enabling compact filter design. The
hybrid algorithm maintains a particular voltage and cur‐
rent threshold, ensuring compliance with E2W battery
characteristics. The proposed system achieves 0–100%
SoC in 57.75 minutes—a 67.9% and 75.9% reduction
compared to PID CC‐CV (180 min) and PI‐CV (240 min),
respectively. Moreover, the proposed method outper‐
forms several cutting‐edge charging methods, such as a
Zeta converter with sliding mode control (SMC) (98.1%
efficiency, 80 min), Quasi‐Resonant converters with hys‐
teresis control (97.5%, 70 min), Interleaved Boost with
FLC (98.5%, 65 min), and Dual Active Bridge with MPC
(97.9%, 75 min). Furthermore, hardware implementa‐
tion demonstrated 98.8% efficiency at 0.22 C‐rate and
empirically validated charger compatibility across E2W
battery topologies. This work bridges the gap between
rapid charging demands and battery longevity, offering
a scalable solution for next‐generation E2W ecosystems.

Keywords: electric two‐wheelers (E2W), fast charger,
interleaved buck converter (IBC), proportional integral–
fuzzy logic control (PI‐FLC)

1. Introduction
The petroleum transition as the primary energy

source for the transportation sector has been a crucial
issue. It is conducted as a response to escalating con‑
cerns regarding climate change [1]. Decarbonizing by
adopting electric vehicles (EVs) is an environmentally
sustainable and practical solution [2]. It is becoming
increasingly popular worldwide, heralding a new era
of automotive sustainability. Concurrently, initiatives
in renewable energy systems are being implemented
globally [3]. Hence, the development of EV technology

has been massively conducted to result in superior
performance.

As a part of EVdevelopment, electric two‑wheelers
(E2Ws), including electric bicycles/electric motorcy‑
cles [4], emerge as the preferable alternative for coun‑
tries such as Indonesia due to the socio‑economic con‑
ditions and the existing transportation infrastructure.
More than 2000 EVs passed the feasibility test in 2020
by the Directorate General of Land Transportation
Indonesia, and the E2Ws are the highest unit among
others [5]. In addition, the sales of E2Ws are higher
than those of other EV types.

The application of E2Ws is intrinsically linked to
using batteries as an energy storage medium. Bat‑
teries are designed to be rechargeable, necessitat‑
ing appropriate charging devices [6]. EV charging
duration is inϐluenced by battery capacity, charger
power, and battery technology, where larger batteries
take longer, high‑power chargers speed up charging,
and charging efϐiciency depends on the power con‑
verter [7]. Choosing a converter topology and a suit‑
able charging method are critical considerations in
obtaining an appropriate charging device. The tech‑
nology selection refers to the power converter topol‑
ogy, which has the capability of converting and con‑
ducting power optimally. Various control techniques
have been developed to enhance the efϐiciency and
stability of E2Ws DC‑DC converters, such as Voltage
Mode Control (VMC), Current Mode Control (CMC),
PID, SlidingMode Control (SMC), and Fuzzy Logic Con‑
trol (FLC)[8].

Converter efϐiciency is a primary parameter in
power conversion systems that measures the ratio
between the obtained output power and the input
power used. According to [9], high‑efϐiciency con‑
verters can reduce power losses and improve the
overall performance of the power system. In [10] it
was added that converter efϐiciency is inversely pro‑
portional to the total power loss in the converter,
making it a key factor in designing optimal electri‑
cal power systems. Furthermore, [11] explained that
increasing converter efϐiciency can be achieved by
optimizing circuit topology and reducing parasitic
resistance in power components.Meanwhile, themost
prevalent strategy for recharging batteries has been
adopted, which is constant current–constant voltage
(CC‑CV).
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Power converters play a critical role in modi‑
fying, controlling, and conditioning electrical power
within power systems by adjusting voltage levels.
This adjustment can take the form of increasing
(boost) or decreasing (buck) voltage or a combina‑
tion of both (buck‑boost) [12]. Recent research, high‑
lighted in [13], introduces a current‑fed non‑isolated
DC–DC converter design that employs fewer switch‑
ing components and utilizes Zero Voltage Switch‑
ing (ZVS) and Zero Current Switching (ZCS) tech‑
niques to mitigate power losses. This methodol‑
ogy incorporates a Coati‑optimized Fractional Order
Proportional‑Integral‑Derivative (FOPID) controller.
However, it still encounters challenges, including
switch voltage stress and limited adaptability to var‑
ious battery types, indicating a need for further opti‑
mization.

Additionally, [14] presents a bidirectional DC–DC
converter utilizing Fractional Order Resonant (FOPR)
control in conjunction with ZVS–ZCS techniques. This
combination yields high efϐiciency, reduces power
loss, and enhances stability. However, it faces ongoing
challenges related to practical implementation and
experimental validation. Addressing those shortcom‑
ings, previous studies have focusedondeveloping fast‑
charging strategies, such as [15] proposed design of
an electric bike charger based on a CUK converter
operating in discontinuous conduction mode (DCM)
CC–CV charging solution capable of charging 0‑100%
SoC of a 48 V, 20 Ah battery 2 hours. However, only
batteries with certain speciϐications can accept DCM
conditions. In [16], the design and implementation
of a battery charger utilize SoC estimation and FLC
charging. However, this method also requires around
1.5 hours to recharge 0‑100% of the SoC battery to
get the appropriate power for battery charging topol‑
ogy. [17] presents an ANFIS‑based charging algorithm
to increase charging speed. The complexity of ANFIS‑
based chargers is unreliable to conventional users
because they potentially increase the charging price.

Furthermore, available conventional E2W charg‑
ers take approximately 2‑9 hours to recharge 0‑100%
of their capacity. It is necessary that the charging
time be faster to fulϐil the user’s high mobility and be
safe and reliable by considering the battery’s charging
current capacity. Previous studies, such as in [16–18]
have presented a suitablemethod for fast charging but
still need to consider the speciϐications and capacity of
the batteries on the market.

This study introduces a novel intelligent fast
charger for E2Ws, utilizing a three‑phase interleaved
synchronous buck converter (3Phase IBC) for efϐicient
power conversion and rapid, safe charging. The sys‑
tem is controlled by a proportional integral‑fuzzy logic
control (PI‑FLC) algorithm.

2. E2W Charging Architecture
Figure 1 illustrates the selected charger topology

suitable for various E2W devices. The selected uni‑
versal off‑board charging topology, as shown in Fig. 2,
comprises a linear transformer, AC–DC converter, and

Figure 1. Charger application

DC–DC converter. The three‑phase interleaved DC–DC
converter is designed in a continuous current mode
(CCM)where each switching device phase is shifted to
120∘ in accordancewith the duty cycle d𝑡(s) generated
using the fuzzy logic algorithm. For conϐigurations
involving a greater number of phases, the phase shift
can be accordingly adjusted to 360∘/p, where (p) rep‑
resents the total number of interleavedbuck converter
phases [18].

Circuit averaging is performed to replace the
switches with their average model. However, in prac‑
tical conditions, each phase contains two switching
devices containing on‑state resistance and an inductor
with an inductor series with resistance. The equiva‑
lent of the series resistance (ESR) in each phase is in
Eq. (1) [19,20].

𝑅𝑠𝑝 = 𝑅𝑠𝑤𝑝 + 𝑅𝐿𝑝, 𝑝 = 1, 2, 3 (1)
where Rsp is total converter resistance character‑

istic in each converter phase that consists of switching
device resistance Rswp and inductor internal resis‑
tance RLp.

Eq (1) is assumed as the parasitic capacitor Co
resistance is minimal and shared with each phase,
which could be neglected. A continuous DC input volt‑
age source supplies IBC to simplify the analysis pro‑
cess. The L1, L2, and L3 values are equal and will be
denotedasLs.UtilizingKCLand looking at Figure2, the
charging current io is described as the total amount
of inductor current iL(t) in each phase determined as
Eq. (3) for calculating the total amount of current dur‑
ing a period or Eq. 4 to calculate the charging current
at a speciϐic time [18,19,21].

𝑖𝑜 (𝑡) = ෍
𝑝
𝑖𝐿 (𝑡) ≈ 𝑖𝑜 (2)

𝑖𝑜 = 𝑖𝐿1 + 𝑖𝐿2 + 𝑖𝐿3 (3)
Eq. (2) can be derived to prescribe the charging

voltage 𝑣𝑜 as Eq. (4).

𝑣𝑜 = 𝑖𝑜
𝑟

𝑟𝐶𝑜 + 1 (4)
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where r is the battery’s internal resistance, and C𝑜
is the DC–DC output capacitor.

Each IBC phase constantly shifted at 120∘ among
itself. The peak output current ripple in a com‑
plete span duty cycle for each phase 𝑑1(𝑡), 𝑑2(𝑡),
𝑑3(𝑡)∈[0, 1]written as Eq. (5) [22].

Δ𝑖𝑜 ൫𝑑𝑝 (𝑡)൯ =
𝑉𝐶𝑜

2𝐿𝑠𝑓𝑠𝑤
ቆ𝑑𝑝 (𝑡) −

𝑘 − 1
𝑝 ቇ

⋅ ቆ1 − 𝑝 ቆ𝑑𝑝 (𝑡) −
𝑘 − 1
𝑝 ቇቇ (5)

Eq (5) is used for the following conditions: 𝑘−1𝑝 ≤
𝑑𝑡 (𝑠) ≤ 𝑘/𝑝, where 𝑘 = 1, … , 𝑝, 𝑓𝑠𝑤 is frequency
switching, 𝑉𝐶𝑜 is the voltage at the capacitor output
ϐilter, and 𝑑𝑝 (𝑡) represents the duty cycle in one of the
converter phases at a given time.

The IBC topology signiϐicantly mitigates inductor
current ripple through its inherent ripple cancellation
feature [23]. Increasing the number of phases within
the IBC can effectively decrease the peak value of the
current ripple output. Phase segmentation reduces
the inductor value within the converter, thereby pre‑
venting degradation in the response stability of the
converter, which can occur due to the energy charg‑
ing and discharging cycles in a large inductor [24].
Furthermore, as illustrated in Eq. (6), the theoretical
framework indicates that the output current ripple of
the IBC can approach zero by augmenting the number
of phases. This characteristic is particularly beneϐicial
in designing and implementing high‑performance fast
charger topologies intended for supplying large cur‑
rents to batteries. The correlation between the max‑
imum output current ratio and the maximum induc‑
tor current ripple within the IBC is quantitatively
described in Eq. (6).

𝑟 =
max(Δ𝑖𝑜𝑢𝑑𝑝 (𝑡))
max(Δ𝑖𝐿𝑑𝑝 (𝑡))

= 1
𝑝 (6)

where Δ𝑖𝐿𝑑𝑝 (𝑡) is the inductor current written as
Eq. (7)

Δ𝑖𝐿 ൫𝑑𝑝 (𝑡)൯ =
𝑣𝑜

2𝐿𝑠𝑓𝑠𝑤
𝑑𝑝 (𝑡) ൫1 − 𝑑𝑝 (𝑡)൯ (7)

The proposed IBC topology also incurs power
losses in practical conditions, as mentioned in [23].

The power losses in the IBC are derived from the
resistance equation in the converter in Eq. (1), repre‑
sented as Eq. (8).

𝑃𝑙𝑜𝑠𝑠 = 𝑃𝑐 + 𝑃𝑠𝑤 (8)

Where Pc is conduction losses 𝑃𝑐 = 𝐼𝑟𝑚𝑠 𝑥 𝑅𝑂𝑁
with 𝐼𝑅𝑀𝑆 as charging current rootmean square (RMS)
ϐlowing through the switching device and 𝑅𝑂𝑁 is the
switch’s on‑state resistance. 𝑃𝑠𝑤 stands for switching
losses 𝑃𝑠𝑤 = 0.5×𝑉𝐷×𝑖𝑜×൫𝑡𝑑𝑜𝑛 + 𝑡𝑟 + 𝑡𝑑𝑜𝑓𝑓 + 𝑡𝑓൯×
𝑓𝑠𝑤 with𝑉𝐷 as drain voltage, 𝑡𝑟 as the switching device
rise time 𝑡𝑑𝑜𝑛 and 𝑡𝑑𝑜𝑓𝑓 is the time delay during the
on and off periods, respectively.

3. Battery Parametric Model
The battery‑selected model was initially devel‑

oped in [25]. A detailed explanation and deϐinition of
the battery mathematical modelling can be found in
the MATLAB documentation using Eq. (9); the battery
open circuit voltage can bemeasured from the battery
equivalent circuit in Figure 2.

𝑉𝐵𝑎𝑡𝑜𝑐 (𝑖𝑡, 𝑖∗, 𝑖) = 𝐸0 − 𝐾 ⋅ 𝑄
𝑖𝑡 + 0.1 ⋅ 𝑖 − 𝐾

⋅ 𝑄
𝑄 − 𝑖𝑡 ⋅ 𝑖𝑡 + 𝐴

⋅ exp (−𝐵 ⋅ 𝑖𝑡) (9)

Where 𝐸0 is the nonlinear voltage input, 𝐸0 is the
constant voltage input, 𝐾 is the polarization constant
in (𝑉/𝐴ℎ), 𝑄 is the maximum battery capacity (𝐴ℎ),
𝐴 is the exponential voltage input, 𝐵 is the exponen‑
tial capacity (𝐴ℎ−1), 𝑖∗ is the low‑frequency current
dynamic (𝐴), 𝑖𝑡 is the battery current (𝐴), exp(𝑠) is
exponential zone dynamics (𝑉). The SoC, or battery
nominal present capacity, is the charge amount. It is
0% when the battery is fully discharged and 100%
when fully charged. The Battery SoC in the time (t) is
calculated using Eq. (10).

𝑆𝑜𝐶(𝑡) = 𝑄 𝑖(𝑡)
𝑄 . 100% (10)

4. The Proposed Intelligent Control
The battery was in charging mode when the bat‑

tery current exceeded zero (𝑖∗ < 0), and the battery
open circuit voltage, as shown in Eq. (10). To fulϐil the
proposed fast charging scenario for E2Wbatteries, the

Figure 2. Proposed charger architecture
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Figure 3. Charging Algorithm

PI‑FLCalgorithmensures that the systemmeets differ‑
ent charging standards for each E2W battery.

In contrast with the conventional CC–CV method,
which prioritizes rapid charging solely during the
0–80% SoC range. As depicted in Figure 3, this work
implements adaptive current proϐiling charging to
mitigate exorbitant charging currents in low SoC
(0–20%) and overvoltage risks in high SoC
(80–100%). The three‑stage charging protocol oper‑
ates as follows: (a) normal‑rate charging (0‑0.8 C) at
0–20% SoC to prevent exorbitant charging current
from damaging the battery; (b) accelerated charging
(0.8‑1 C) at 20–80% SoC to minimize the duration;
and (c) tapered charging (0‑0.5 C) at 80–100% SoC
to avoid battery damage due to extensive charging
current.

Figure 4 illustrates the output of FLC, which is a
reference C‑rate. This C‑rate is then multiplied by the
battery capacity Iivr to establish the reference charg‑
ing current value. This reference current is success‑
fully comparedwith themeasured current to generate
a current error, which will be the PI control input.
The PI control calculates the appropriate duty cycle
to achieve the desired reference current and voltage.
Furthermore, the PI‑FLC hybrid controller dynami‑
cally resolves nonlinear battery dynamics by combin‑
ing PI‑based voltage regulationwith FLC‑drivenmulti‑
constraint optimization.

Charging parameters are fuzziϐied into
membership functions, enabling the FLC to
autonomously select charging modes through 75

(a)

(b)

Figure 4. (a) Charging control block, (b) PWM generator

rule‑based decisions. This dual‑loop architecture
compensates for PI controllers’ inherent limitations
in adaptive charging parameters under battery
nonlinear characteristics.

The PI controller used in the proposed method is
conventional PI, where 𝑃𝐼 = 𝐾𝑃 + 𝐾𝐼1/𝑠 which is
designed to obtain a monotonic response. In partic‑
ular, the values of 𝐾𝑝 = 0.75 and 𝐾𝐼 = 50, respec‑
tively, and the PI output is limited with the satura‑
tion value of 0‑0,97. As depicted in Figure 5, the FLC
algorithm had three membership inputs membership
function: error voltage described as 𝜇𝑒 = (𝑉𝑖𝑣𝑟 −
𝑉𝑂)/ 𝑉𝑖𝑣𝑟 ∈ [−1 1] where 𝑉𝑖𝑣𝑟 is the battery voltage
set point at charging mode, delta error is differential
betweenmeasured 𝜇𝑒 and 𝜇𝑒 at t‑1 described as 𝜇Δ𝑒 =
𝜇𝑒−𝜇𝑒(t− 1)∈ [−1 1], and battery SoC is described as
𝜇𝑆𝑜𝐶 = 𝑆𝑜𝐶(𝑡)/100)∈ [0 1] fuzzymembershipoutput
is the reference C‑rate 𝜇𝑖𝑖𝑣𝑟∈ [0 1].

Table 1 illustrates the normal rate charging
conditions in which the current and voltage rise
exponentially toward the battery charging voltage
and maximum charging capacity. Table 2 illustrates
the accelerated charging condition securing the
maximum charging current and voltage. Table 3
illustrates the tapered charging condition where the
current drops slowly from the maximum charging
current to zero when the battery SoC reaches 100%
and maintains the set point charging voltage.

5. Results and Discussion
The proposed system was validated using MAT‑

LAB/Simulink and simulated based on the charger
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Figure 5. Fuzzy membership function (a) input error and
Δerror, (b) input SoC, (c) Output

Table 1. The fuzzy rule for low SoC level

SoC: Low
error

NB N Z P PB
NB Z Z Z Z Z
N Z N N Z P

Δ error Z Z Z Z P PB
P Z Z P PB PB
PB Z P PB PB PB

Table 2. The fuzzy rule for medium SoC level

SoC: Medium
error

NB N Z P PB
NB PB PB PB PB PB
N PB PB PB PB PB

Δ error Z PB PB PB PB PB
P PB PB PB PB PB
PB PB PB PB PB PB

Table 3. The fuzzy rule for high SoC level

SoC: High
error

NB N Z P PB
NB NB NB NB NB NB
N NB NB NB NB N

Δ error Z NB NB NB NB N
P NB NB NB N N
PB NB NB N N N

parameters outlined in Table 4. Furthermore, the pro‑
posed charging topology has also been validated by
hardware implementation.

Table 4. The charger simulation parameters

Parameter Value
RMS Input Voltage 220‑230V 50Hz (AC)
AC Transformator 1:2
Rectiϐier 2 kW
Switching device MOSFET N‑type

Rd = 0.01 Ω
Rs = 1e5 Ω

Inductor 𝐿𝑠 1e‑3H
Capacitor output 𝐶𝑂 200e‑6F
Voltage output 𝑉𝑜 48‑84V
Output current 𝑖𝑜 0‑20A

5.1. Simulation Implementation Result

The proposed system was developed using
MATLAB/Simulink, incorporating charger parameters
delineated in Table 4. A nickel‑manganese‑cobalt
(NMC) battery [25], conϐigured in a 20s8p topology
(nominal voltage of 72 V and a capacity of 20.4 Ah),
was utilized for testing purposes. Comparative
analyses were conducted against the PID CC‑CV
and PI CC algorithms. These assessments evaluated
charging current and voltage dynamics, transient
response, and total charging duration to ensure a
rigorous and unbiased performance validation.

Figure 6 demonstrates the transient voltage
response to an 84 V setpoint. The proposed method
effectively achieves voltage stabilization within
1.25 ms, exhibiting a response time twice as rapid as
the PID CC–CV algorithm,which stabilizes at 2.5ms. In
contrast, the PI‑CVmethod fails to reach convergence,
displaying a steady‑state error of 2.3%. These results
underscore the superior transient response of the
proposed method.

Table 5 illustrates that the current regulation per‑
formance across the entire SoC range is quantitatively
assessed. The proposed system maintains a current
deviation of±4 A at 20% SoCwhile operating at a 1 C‑
rate (20.4 A) during the accelerated charging phase.
Furthermore, the current throttling rate is 0‑0.8 C‑rate
and 0‑0.5 C‑rate at 0% and 80% SoC, respectively. As
depicted in Figure 7, the proposed method effectively
mitigates risks associated with battery thermal run
and cell damage. The systemachieves current tapering
to 0 A at 100% SoC.

Charging time comparisons presented in Figure 7
reveal that the PI‑FLC algorithm accomplishes a 0
to 100% SoC charging duration of 57.75 minutes.
This achievement represents a signiϐicant reduction
of 67.9% and 75.9% compared to the PID CC‑CV
(180min) and PI‑CV (240min) methods, respectively.
The performance of the proposed system exceeds
that of traditional PID CC‑CV chargers currently
implemented in commercial E2W systems [26], thus
demonstrating its viability for industrial applications.

5.2. Hardware Implementation Result

The proposed hardware implementation of the
3Phase IBC‑based charger was developed to validate
theoretical performance metrics and demonstrate
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Figure 6. The comparison of charging voltage
characteristics

Table 5. The charging current characteristics of the
proposed algorithm

Peak Average Charging
SoC (%) Current Charging C‑Rate Voltage

(A) Current (A) (V)
0 13 10 0.5 84
20 24 20 1 84
40 23 20 1 84
60 22 20 1 84
80 15 10 0.5 84
100 0 0 0 84
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Figure 7. Charging time performance

practical applicability for E2W systems. The experi‑
mental setup encompasses modular architecture fea‑
turing an AC‑DC rectiϐication stage, a 3Phase IBC,
precision sensing modules for real‑time voltage and
current monitoring, and a microcontroller unit (MCU)
executing a hybrid PI‑FLC algorithm. Operating from
a standard 220–230 V AC (50 Hz) input, the system
rectiϐies to a 30 V DC bus and delivers a regulated
21 V DC output to charge a 5‑series, 1‑parallel (5S1P)
lithium‑ion battery array.

Table 6. The charger hardware implementation
parameters

Parameter Value
RMS Input Voltage 220‑230V 50Hz (AC)
Voltage Input 30 V
Current Input 0.4 A
Power Input 12 W
Voltage Output 21 V
Current Output 0.564 A
Output Capacitor 100 uF
Inductor 60 uH
Switching Device MOSFET
Switching Frequency 30 kHz
Battery Array 5 series 1 parallel
Power Output 11.85 W
Charger Efϐiciency 98.8 %

Figure 8. Hardware experimental setup

Figure 9. Hardware implementation of the proposed
charging topology

The experimental setup is illustrated in Figure 8.
The hardware parameters outlined in Table 6 demon‑
strate an input power of 12 W (30 V, 0.4 A), yielding
an output of 11.85 W (21 V, 0.564 A) and achieving
an exceptional efϐiciency of 98.8%. This performance
is attributed to the low on‑resistance of the MOSFETs,
high‑frequency operation at 30 kHz, minimizing core
losses in the 60 µH inductor, and reduced ripple cur‑
rent enabled by the 100 µF output capacitor.
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Figure 10. Three phases interleaved PWM signal result
30Khz

Figure 9 provides a granular view of hardware
realization, highlighting the three‑phase interleaved
PWM signals generated by the MCU. The interleaved
operation at 30 kHz ensures continuous input
current, minimizes input/output voltage ripple,
and distributes thermal stress evenly across the
three phases. This conϐiguration enhances power
density and mitigates electromagnetic interference
(EMI). The stable PWM waveform alignment with the
control algorithm’s dynamic adjustments conϐirms
the robustness of the PI‑FLC in adapting to real‑time
battery SoC and voltage ϐluctuations.

Figure 10 depicts the steady‑state input voltage
waveform, which remains consistently regulated at
30 V DC despite variations in load conditions. This
stability is critical for maintaining the integrity of
the AC‑DC rectiϐication stage and ensuring reliable
power delivery to the IBC. Meanwhile, Figure 11 illus‑
trates the output voltage waveform, showcasing the
charger’s ability to maintain a precise 21 V DC under
dynamic loading. Notably, the absence of signiϐicant
overshoot or oscillations during transient responses
validates the hybrid PI‑FLC algorithm’s effectiveness
in enforcing tight voltage and current thresholds, even
during rapid SoC changes. The interleaved architec‑
ture and optimized LC ϐilter achieve minimal voltage
ripple at the output.

Charging efϐiciency (η) and charging time (t) are
critical metrics in EV charging systems. Efϐiciency
quantiϐies power conversion effectiveness while
charging time reϐlects the system’s ability to deliver
energy rapidly. This study compares recent converter
topologies and control algorithms, proposing a novel
3‑phase IBC with PI‑FLC for enhanced performance.
The charging efϐiciency is described in (11)

η =
𝑃𝑐ℎ𝑟𝑔
𝑃𝑖𝑛

⋅ 100% (11)

Figure 11. Charger input voltage

Figure 12. Charger output voltage

Where 𝑃𝑐ℎ𝑟𝑔 is the charging power and 𝑃𝑖𝑛 is the
charger input power. Charging time from 0% to 100%
SoC depends on battery energy capacity (Ebat) and
effective charging power (Pchrg ×η) mathematically
modelled as (12).

𝑡 = Ebat
𝑃𝑐ℎ𝑟𝑔 𝜂

⋅ 60(min) (12)

Eq. (11) and (12) are then used to calculate the
efϐiciency and charging speed of the charger in various
previous methods which are then included in Table 7.
This table presents a comparison between the pre‑
vious charging methods and the proposed method,
proving the efϐicacy of the proposed method.

Table 7 compares various power converters and
control algorithms in EV charging systems from 2020
to 2025. Various converters from previous studies
were compared to evaluate their performance in
charging batteries. The use of diverse algorithms
resulted in variations in charging efϐiciency. The bat‑
tery speciϐications are sometimes different, by cal‑
culating the charging time using Eq. (12), although
each algorithm is tested using different battery speci‑
ϐications, Eq. 12 will provide the same charging time
value according to the performance and capacity of
the charger. Efϐiciency ranges from 92.3% to 98.8%,
with charging times between 65 and 175 minutes.
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Table 7. Comparison between the proposed method and previous methods

Ref. Year Converter Type Algorithm Efϐiciency (%) Charging Time 0‑100% SoC (min)
[27] 2012 Boost Neural Network 97.8 85
[28] 2018 Flyback PSO 94.2 100
[29] 2019 Quasi‑Resonant Hysteresis Control 97.5 70
[15] 2020 Cuk DCM ‑ 120
[30] 2020 Buck‑Boost FLC 95.5 90
[31] 2021 SEPIC PID 92.3 110
[32] 2022 Interleaved Boost FLC 98.5 65
[17] 2023 Buck ANFIS ‑ 175
[33] 2023 Zeta Sliding Mode Control 98.1 80
[34] 2024 LLC GA 96.7 95
[35] 2024 Dual Active Bridge MPC 97.9 75
Proposed 2025 3‑Phase IBC PI‑FLC 98.8 57.75

The leading model for 2025, the 3‑Phase Interleaved
Boost Converter (IBC) with PI‑FLC, achieves 98.8%
efϐiciency and the fastest charging time of 57.75 min‑
utes, demonstrating the advantages of the interleaved
topology with PI‑FLC.

6. Conclusion
The proposed high‑performance fast charger for

E2W, utilizing a 3 Phase IBC controlled with PI‑FLC
algorithm, signiϐicantly enhances charging efϐiciency
and speed. The PI‑FLC optimizes charging current and
voltage dynamically by integrating real‑time battery
current, voltage, and SoC data. Achieving fast charging
of 57.75 minutes for a 72 V 20 Ah NMC battery, this
system demonstrates a 67.9% and 75.9% reduction in
charging time compared to PID CC‑CV (180 min) and
PI‑CV (240min), respectively. Moreover, the proposed
method outperforms several cutting‑edge charging
methods, such as a Zeta converter with SMC with
98.1% efϐiciency and 80 min charging time, Quasi‑
Resonant converters with hysteresis control with
97.5% efϐiciency and 70 min charging time, Inter‑
leaved Boost with FLC 98.5% efϐiciency and 65 min
charging time, andDualActiveBridgewithMPC97.9%
efϐiciency and 75 min charging time. The hardware
implementation demonstrated 98.8% efϐiciency dur‑
ing testing at a 0.22 C rate. The 3‑phase IBC topology
minimizes output current ripple and EMI, while the
adaptable PI‑FLC algorithm prevents overcharging by
precisely regulating voltage and current. By address‑
ing the balance between rapid charging requirements
and battery longevity, this innovation presents a scal‑
able, effective, and safe solution for the evolving
demands of the E2W ecosystem, ultimately contribut‑
ing to the sustainability of electric mobility.
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