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FOREWORD

ULTIMA Greetings!

Ultima Computing : Jurnal Sistem Komputer is a Journal of Computer Engineering and Electrical
Engineering at Multimedia Nusantara University which presents scientific research articles in the
field of Computer Systems as well as the latest theoretical and practical issues, including Edge
Computing, Internet-of-Things, Embedded Systems, Robotics, Control Systems, Network and
Communication, System Integration, and other topics in the field of Computer Engineering and
Electrical Engineering.

In this June 2026 edition, Ultima Computing enters the 1st Edition of Volume 18. In this edition
there are six scientific papers from researchers, academics and practitioners in the fields of
Computer Engineering and Electrical Engineering. Some of the topics raised in this journal are:
Controlling and Monitoring Milk Pasteurization using Fuzzy Logic integrated with the Internet of
Things (IoT), Early Detection of Non-Melanoma Skin Lesions: A ResNet50 and SVM-Based Deep
Learning Approach, Feature Selection Benchmarks for Breast Cancer Diagnosis: A Comparative
Machine Learning Study, Design and Development of an Automated Gymnastics Movement
Evaluation Device, Enhancing Energy Visibility: A Real-Time Power Monitoring System via Web
Scraping and NoSQL, and Design and Development of a Water Filling System Using An Arduino
Mega 2560 Based on Flowmeter Sensor.

On this occasion we would also like to invite the participation of our dear readers, researchers,
academics, and practitioners, in the field of Engineering and Informatics, to submit quality scientific
papers to: International Journal of New Media Technology (IJNMT), Ultimatics : Jurnal Teknik
Informatics, Ultima Infosys: Journal of Information Systems and Ultima Computing: Journal of
Computer Systems. Information regarding writing guidelines and templates, as well as other related
information can be obtained through the email address ultimacomputing@umn.ac.id and the web
page of our Journal here.

Finally, we would like to thank all contributors to this June 2026 Edition of Ultima Computing. We
hope that scientific articles from research in this journal can be useful and contribute to the
development of research and science in Indonesia.

June 2026,

Monica Pratiwi, S.ST., M.T.
Editor-in-Chief
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Abstract— Precise temperature control in nonlinear
thermal processes with fluctuating conditions remains a
challenge for traditional control methods. This research
presents a Mamdani-type fuzzy logic control system
integrated with an IoT architecture for milk
pasteurization using the Low-Temperature Long-Time
(LTLT) method, which is widely used in Indonesia for
small-scale dairy production. The controller takes milk
temperature and volume as linguistic inputs and outputs
a continuous PWM signal to regulate heater power.
Unlike traditional on—off systems or model-based PID
controllers, this fuzzy logic approach does not rely on an
explicit mathematical model and remains effective across
different milk volumes without retuning. Experiments
with 3 L, 5 L, and 8 L of milk show that the controller
keeps temperatures close to the 64°C target, with
averages of 64.11°C, 64.07°C, and 64.03°C, respectively.
Max overshoot is limited to 1.56%, 0.29%, and 0.19%,
while high-temperature stability is demonstrated by
standard deviations of 0.26, 0.08, and 0.12, indicating
robustness. Furthermore, it functions at a lower average
PWM duty cycle compared to on—off control, leading to
smoother operation and improved efficiency. This system
can handle nonlinear thermal processes with varying
loads and is supported by real-time IoT connectivity
monitoring.

Index Terms— Fuzzy logic control; Mamdani inference
system; Milk pasteurization; Low-temperature long-time
(LTLT); Internet of Things (IoT)

I. INTRODUCTION

Milk is a vital source of protein, an essential
component of feed formulations for both children and
adults. During processing to become consumed milk,
raw milk is pasteurized. This is because pasteurization
creates an ideal environment that prevents rapid growth
of harmful microorganisms, especially when stored at
or below room temperature. Pasteurization is a method
developed by the French scientist Louis Pasteur in the
1800s. The process, which involves heating milk to a
high temperature and then rapidly cooling it, extends its

shelf life, a process known as Extending Shelf Life
(ESL) [1]. Milk pasteurization primarily aims to
eliminate harmful bacteria and reduce spoilage bacteria,
thereby extending milk shelf life. Therefore,
pasteurization is a crucial step in milk processing,
ensuring microbial control and preserving food quality
for consumers by removing pathogens that cause
disease, preventing souring, and maintaining nutrient
quality. There are various methods for pasteurizing
milk, which can be categorized into two groups:
traditional and modern methods [1]. Traditional
methods included thermal pasteurization, such as low-
temperature short-time (LTST), low-temperature long-
time (LTLT), high-temperature short-time (HTST), and
flash pasteurization, all of which use temperatures
below the boiling point. Then modern methods include
high-temperature (HT) and UHF pasteurization [2], [3],

[4].

Among those pasteurization methods, high-
temperature short-time (HTST) and low-temperature
long-time (LTLT) pasteurization are the most widely
used. In Indonesia, a survey indicates that the cattle-
farming community and milk processing industry still
rely on a slow-heating method to enhance milk flavor.
As aresult, LTLT pasteurization is deemed suitable for
Indonesia's milk industry, as it promotes effective
blending of milk and its flavor [5]. LTLT is the process
of pasteurizing milk by heating it to 65°C and holding
it at that temperature for 30 minutes [6]. Maintaining
the exact temperature is vital in the LTLT
pasteurization method because achieving that
temperature enables inactivation of non-spore-forming
pathogens, such as psychrotrophic spoilage bacteria,
including Gram-negative Pseudomonas [4], and
Coxiella burnetii, the most heat-resistant pathogen in
raw milk [6]. Additionally, LTLT showed no
significant changes in nutrient levels, except for a slight
loss of Vitamin A and Vitamin C. This type of milk can
be stored for up to 2-3 days before spoilage due to
putrefactive organisms rather than acid formation [7].
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Several control system approaches have been
developed to optimize milk pasteurization outcomes in
prior research, including model predictive control [8],
Proportional-Integral-Derivative (PID) control [3], and
artificial intelligence Internet of Things (AloT)
approaches [8]. However, those methods have several
limitations. The model predictive control method faces
inherent challenges, including noisy signals, model
accuracy issues, and hardware constraints. Then, the
PID approach requires tuning of several parameters,
including proportional (P), integral (I), and derivative
(D), which are appropriate for a given volume. Fixed
PID gains are inadequate when process conditions
change significantly, such as when a volume change
happens [9]. Subsequently, the AloT approach proved
inefficient for higher-capacity applications, as it
required more time to reach the setpoint [8]. Therefore,
this study employs an alternative approach: fuzzy logic,
which is more efficient for larger volumes when
reaching the setpoint temperature. Fuzzy logic control
was also used in the previous study; however, in that
study, the controller was a PLC, which is well-suited to
industrial production processes. In this study, the
controller is an ESP32, which is more appropriate for
the cattle-farming community. Several fuzzy logic
algorithms exist, such as Mamdani-type, Sugeno-type,
and Tsukamoto-type [10], [11]. However, this study
uses Mamdani-type fuzzy logic because it provides
high interpretability and clear linguistic transparency.
In contrast, Sugeno-type fuzzy logic relies on
mathematical functions in its consequents, which are
harder to interpret [11]. Mamdani is better suited to ill-
defined nonlinear systems than Tsukamoto, which
requires monotonic functions and crisp outputs for each
rule, thereby limiting flexibility for complex nonlinear
behavior. Mamdani systems also offer a richer
representation of uncertainty than Sugeno systems,
which directly convert outputs into crisp values—this
can improve computational efficiency but reduces
explicit uncertainty representation. Additionally,
Mamdani is often the preferred choice when
introducing fuzzy logic or when ease of acceptance
among operators and engineers is essential, as its
control architecture is straightforward, which covers
fuzzification, inference, aggregation, and
defuzzification [11].

The earlier pasteurization system that employed
fuzzy logic [17] did not account for the efficiency of the
power heater used to warm the milk. To address this in
the current study, specific parameters—milk
temperature and milk volume—have been selected as
inputs for the fuzzy logic controller. This approach aims
to optimize the power heater's efficiency while ensuring
the milk reaches the standard temperature required by
the LTLT process. According to the references, IoT
systems facilitate real-time monitoring and control of
essential process parameters in dairy processing, such
as milk pasteurization. This integration can greatly
improve operational efficiency, product quality, and

safety [16]. In this study, the IoT system is employed to
oversee the LTLT process and track real-time physical
parameters of milk, ensuring that the standard LTLT
temperature is achieved while preserving heater
efficiency. The monitoring and control dashboard on
the PC display is used to communicate with the ESP32
microcontroller via TCP/IP over Wi-Fi within a local
area network.

II. METHODS

Fuzzy logic is a mathematical framework for
managing uncertainty and vagueness, making it helpful
in solving complex problems in engineering, artificial
intelligence, and decision-making [12]. Fuzzy logic
enables modeling a system using fuzzy sets and rules
that describe its behavior. Three common methods of
deductive inference in fuzzy systems that rely on
linguistic rules are (1) Mamdani systems, (2) Sugeno
models, and (3) Tsukamoto models [11], [13]. In fuzzy
logic, truth values range from entirely true to
completely false. The completely true value is
explicitly 1, while the completely false value is
explicitly 0 [13]. In Fuzzy Logic, instead of simply
giving a yes or no answer, the truth value or
membership indicates a matter of degree. The
Mamdani method was first introduced by Ebrahim
Mamdani in 1975. It is among the most popular fuzzy
inference techniques because its results are both
visualizable and linguistically understandable. In this
approach, each fuzzy rule has an antecedent (IF) and a
consequent (THEN). The inference process employs
the min operator to assess the truth degree in the
antecedent and the max operator to combine the results
in the consequent. Generally, the Mamdani-type fuzzy
logic method consists of a fuzzifier, a fuzzy inference
module containing rules, and a defuzzifier. The steps
of the fuzzy logic method are shown in Fig.1.

Crisp inputs l Output
— | Fuzzifier H Inference I—-l Defuzzifier }-—-

| Fuzzy Fuzzy
input ouput
sets sets

Fig. 1. The Fuzzy Logic Step of the Mamdani-type

The fuzzy logic control method implemented in this
system is based on a Mamdani fuzzy inference system,
which comprises three main stages: fuzzification,
inference using fuzzy rules, and defuzzification. This
controller regulates heater power to maintain milk
temperature at 63—65 °C for 30 minutes, in accordance
with the LTLT pasteurization method. The first step of
the Mamdani fuzzy system is fuzzification.
Fuzzification is the process of converting crisp input
values into fuzzy values using membership functions.
In this system, two input variables (milk volume and
temperature parameters) and one output variable
(heater power percentage) are defined. The milk
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volume input is obtained from the ultrasonic sensor
HY-SRFO05, and the temperature data is collected from
the DS18B20 sensor. The milk tank has a capacity of
10 liters. The milk used in this study is from cattle
farmers and was purchased for this project. Then, the
physical parameters of milk, which are temperature
and the milk volume, are used as the input parameters
of the membership function of fuzzy. Triangular or
trapezoidal membership functions are used to represent
each input variable. The triangular membership
function is defined as shown in Equation 1, where a
triangular fuzzy set is characterized by the parameters
a, b, and c. While u(x) is a fuzzy degree (u € [0,1]).
Equation 1 is used when the membership function has
a single peak [13].

0, x<aorx=c

px) = g, a<x<b (D)
i, b<x<c
c—b

For a trapezoidal fuzzy set with parameters a, b, ¢, and
d, the membership function is given as shown in
Equation 2 [13]. Equation 2 is used to represent stable
operating regions, such as the desired temperature
range (63 — 65) °C).

x<aorx=d
a

)

X

—, a<x<b
_ )b-a
p) = , b<x<c )
E, c<x<d

Fuzzification involves creating a fuzzy set through
membership  functions. The input  variable
classifications, including milk volume and
temperature, are listed in Table I. The justification for
determining the membership function range in Table I
is based on expert knowledge, ensuring that the LTLT
process can be operated at the standard temperature of
65 °C while maintaining the heater's efficiency.

TABLE L. MEMBERSHIP CLASSIFICATION
Input Variable Classifications
Temperature Temperature Milk Milk
arameters Range (°C) Volume Volume
P g Range (%)
Cold -6-20 Empty 0-20
Normal 18— 64 Low 20-45
Warm 63.5-65.5 Medium 45-170
Hot 65— 80 Full 65-100

In Table I, the Cold parameters indicate the initial raw
milk conditions before heating. The Normal
parameters indicate the temperature at which the milk
begins to warm toward the target pasteurization
temperature. Warm parameters show when the milk is
adequately heated and nearing the ideal temperature.
Lastly, Hot parameters indicate that the milk has
reached or exceeded the pasteurization temperature,
requiring controlled heating to maintain a steady
temperature and avoid overheating. The graphical

display of both membership functions is shown in Fig.
2.

Membership funation piots.

Degree of Membership

Empty Low Mogwum Fub

Degree of Membership
N
\‘
//

Inpus vanable "MABK_Volume®

)

Fig. 2. The graphical display of the membership function for
(a) the temperature input and (b) the milk volume input (small box
indicates the parameter point)

If the fuzzy inference system has numerous input
variables, meaning the rule antecedents have many
components, then fuzzy logic operators are used to
combine the membership values and produce a single
outcome that reflects the rule's result. The if-then rules
are generated based on the membership values of each
fuzzy set within the input variables [13], [14]. The
general fuzzy rule is expressed as shown in Equation
3.

IF (T is A;) AND (L is B;) THEN (P is C)  (3)

A; and B; denote fuzzy sets of temperature and milk
volume, respectively, and Ci denotes a fuzzy set of
heater power. The degree of activation (firing strength)
of each rule is calculated using the minimum operator,
as shown in Equation 4 [11], [13].

a, = min (”Ai (1), MBJ.(L)) (4)

Where o, is the firing strength of rule 7,14, () is the
membership degree of temperature, and ke, (T) is the
membership degree of milk volume. Next, the outputs
of all activated rules are combined using the maximum
(max) operator, as shown in Equation 5. This
aggregated fuzzy set represents the final fuzzy output
before defuzzification [111, [13].

Houtput (@)= max(al,az, ] an) (5)

The fuzzy logic rule used in this study is presented in
Table II.

TABLE II. THE RULE OF FUZZY LOGIC IN THIS STUDY
Input Variable Classifications
No. Temperature Milk Output
parameters Volume
1 Hot Empty Level 0
2 Hot Low Level 0
3 Hot Medium Level 0
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Input Variable Classifications
No. Temperature Milk Output
parameters Volume
4 Hot Full Level 0
5 Warm Empty Level 0
6 Warm Low Level 1
7 Warm Medium Level 1
8 Warm Full Level 1
9 Normal Empty Level 0
10 Normal Low Level 2
11 Normal Medium Level 3
12 Normal Full Level 3
13 Cold Empty Level 0
14 Cold Low Level 2
15 Cold Medium Level 2
16 Cold Full Level 2

Description: Output represents the percentage of the heater power,
which can be described as follows: Level 0: 0%, Level 1: 20 —45%,
Level 2: 50 — 70%, Level 3: 85 — 100%

The output of the fuzzy logic controller is heater power,
expressed as a Pulse Width Modulation (PWM) signal.
The output fuzzy sets (Level 0, Level 1, Level 2, and
Level 3) represent the percentage of the PWM duty
cycle associated with the heater power condition.

The last step of Mamdani fuzzy logic
implementation is defuzzification. Defuzzification
converts the aggregated fuzzy output into a crisp
numerical value. Several defuzzification methods can
be used, including Bisector of Area (BOA), Center of
Area (COA), Mean of Maximum (MOM), Smallest of
Maximum (SOM), and Largest of Maximum (LOM)
[13], [15]. In this study, the COA method was used
for defuzzification. The general equation of the COA
method is shown in Equation 6

3 fz pa(z)zdz 6)

Zcoa =

J, ua(z)az
Where Zcoa is crisp output, z4(z) is the membership
function of the aggregated output z.

_ a+2b+2c+d 7
Ztrapezoid = P > (7

a+b+c
Ztriangle = —3 - ®)

The crisp value Z obtained from defuzzification is then
converted into a PWM duty cycle, which is applied to
the AC Light Dimmer to control the heater power. This
process is repeated continuously in real time to ensure
stable temperature control during pasteurization. The
process has been monitored using an [oT system, which
is connected to the hardware via TCP/IP over Wi-Fi

within a local area network. Fig. 3 shows the 3D model
of the hardware system. Then the monitoring system is
shown in Fig. 4. Then, The overall steps are illustrated
in the flowchart in Fig. 5.

Components
Switch

Propeller
Motor DC Gearbox
Heater
Driver
AC Dimmer
Indicator Lamp
Power Supply Unit (PSU)
ESP32
Tank
Stepdown LM2596
Ultrasonic Sensor HY-SRF05
Temperature Sensor DS18B20
Valve

Relay 2 Channel

Fig. 3. The 3D design of the system

Jviaktu Pasteurisasi: Waiting._]

Fig. 4. The Flowchart of the system
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The block diagram of the proposed
pasteurization system is presented in Fig. 6. Fig. 6(a)
presents the hardware and IoT system, while Fig. 6(b)
shows how the milk, fuzzy logic, and loT components
interact within this framework. The communication of
the IoT components in this study uses TCP/IP over Wi-
Fi within a local area network.

[
Modul
—! Power Supply s"p';,m
12 Volt DC LM2596
Ultrasonic Sensor
HY-SRFOS

Microcontroller
ESP32

=
[EENRCI R

Temperature
Sensor DS18B20

*| Temperature
Milk Inlet sor |\l temperatuze Controled variable
P Output:
Defuzzifier ——{ PWM H:’?"!‘:"T:H Heater ]
signals
-{ Inference

10T system

Besz | I I =l
::I | (| Display | |

Communication

v
1. Monitor in the dashboard in real-time:
-Milk Temperature (° C)

-Milk Volume (in percentage)

-Graphical real-time of milk temperature
versus time (in seconds)

-LTLT time process

-Notification of the end of the LTLT process
2. Start the LTLT process

)

Fig. 6. The block diagram of the proposed pasteurization system, including (a)
the block diagram of hardware and IoT system, and (b) the block diagram of the
interaction among the milk, fuzzy logic, and IoT components within this
framework

III. RESULTS AND DISCUSSION

This study tests the membership results using three
milk-volume categories: 3 liters, 5 liters, and 8 liters.
The 3-liter category indicates low milk volume, 5 liters
represents medium volume, and 8 liters signifies full
volume. A case-scenario approach to fuzzy set
membership was used to optimize the membership
function, which was subsequently analyzed. The case-
scenario process for fuzzy set membership is presented
in Table III. The results of the case-scenario in Table
IIT are shown in Fig. 7 for milk volumes of 3 liters, 5
liters, and 8 liters.

TABLE III. THE CASE-SCENARIO MEMBERSHIP OF FUZZY
LOGIC IN THIS STUDY
Membershipin | Milk | Membershipin | Outpul Membership in
Temperature
Temperature | Volume | MilkVolume | Parameters | Output Parameters
No. | Trials | Parameters
e Parameters | (Liters) Fuzzy Set
Furzy Set
Cold 6.0,10,20) | Empiy 10,9, 10,20 Tevel 0 0.0.0,00
¢ Normal (18,30, 45, 64) Low 120, 30, 30, 45) Level | (10, 25, 40, 60)
ase
[ - 635,649,634, | Medum | (45,50, 50,70 TevelZ T60, 70, 80, 90)
65.5)
Hot (65.66,75,80) | Ful | (63,75, 100, 100) |  Leveld {50, 100, 100, 100)
Cold 6.0,10,20) | Empiy 10,9, 10,20 Tevel 0 0.0.0,00
{18, 30, 45, Low 120,30, 30, 45) Tevel T 30, 40, 40, 50)
B Case Nomal 63.56)
Scenario 2 - 63,6369, | Medum | (45,30,30,70) Tewel T60, 70, 50, 90
61,69, 64.5)
Hot (64,66,75,80) | Ful | (63,75, 100, 100) |  Leveld {50, 100, 100, 100)
Cold -6, 0,20, 25) Emply 10,0, 10,20y Level0 19,0,0,0)
Cuss Nomal | ©5,50,50.63) | Lew | (20,30,30,50) Level T (30,40, 40, 501
3| Scenariod o 62,6394, | Medum | (45, 60, 60,70 Tewel T30, 60, 60, 70]
(Final) 6394, 64.06)
ot (63.69. 66,75, | Full | (65,75, 100, 100) | Leveld 5. 90,95, 100)
80)

The results of the case-scenario in Table III
are shown in Fig. 7 for milk volumes of 3 liters, 5 liters,
and 8 liters. The comparison results show that the best
membership parameters come from case scenario 3
(the Final parameters), as indicated by the blue line. As
shown in Fig. 7(a), for a 3-liter milk volume, the
average temperature is 64.11°C, with a minimum
overshoot of 1.56% and a standard deviation of 0.26.
In comparison, Case scenario 1 reaches 65.77°C, with
a 4.00% overshoot and a standard deviation of 0.40.
Similarly, Case scenario 2 reaches an average
temperature of 64.44°C, with a 2.34% overshoot and a
standard deviation of 0.37. For a 5-liter milk volume,
the comparison results also indicate that the best
membership parameters are from Case scenario 3 (the
Final parameters), again marked by the blue line. As
shown in Fig. 7(b), the average temperature is 64.07°C,
with a minimum overshoot of 0.29% and a standard
deviation of 0.08. In comparison, Case scenario 1
reaches 65.49°C, with a 3.03% overshoot and a
standard deviation of 0.34. Similarly, Case scenario 2
reaches an average temperature of 64.63°C, with a
1.75% overshoot and a standard deviation of 0.20. For
an 8-liter milk volume, the comparison results also
demonstrate that the best membership parameters are
from Case scenario 3 (the Final parameters), as
indicated by the blue line.
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Fig. 7. The comparison result of the case-scenario parameters for
the membership fuzzy set in (a) 3-liter milk volume, (b) 5-liter milk
volume, and (c) 8-liter milk volume (the red line indicates case
sceanrio 1, the blue line indicates case scenario 3 (Final).

As shown in Fig. 7(c), the average temperature is
64.03°C, with a minimum overshoot of 0.19% and a
standard deviation of 0.12. In comparison, Case
scenario 1 reaches 65.47°C, with a 3.03% overshoot
and a standard deviation of 0.37. Similarly, Case
scenario 2 reaches an average temperature of 64.52°C,
with a 1.27% overshoot and a standard deviation of
0.27. Therefore, the optimal membership values for the
fuzzy set parameters are listed in Table IV.

TABLE IV. THE OPTIMUM MEMBERSHIP OF FUZZY SET
PARAMETERS
Input Variable Classifications

Temperature Temperature Milk Milk

arameters Range (°C) Volume Volume
p Range (%)

Cold -6-45 Empty 0-20
Normal 35-63 Low 20-50
Warm 62 —64.06 Medium 45-170
Hot 63.69 — 80 Full 65 -100

The performance of the Mamdani fuzzy logic
control system developed in this study was
quantitatively assessed and compared with the
traditional on—off control method using several key
performance metrics, including average temperature,
set-point temperature tracking, temperature overshoot,
rise time, standard deviation of temperature, and
average PWM output of the AC light dimmer. These
metrics were chosen because they directly indicate the
effectiveness, stability, and efficiency of the LTLT
pasteurization process. The set-point temperature in
this study is 64 °C. Testing milk volumes of 3 liters, 5
liters, and 8 liters using a Mamdani fuzzy logic control
system demonstrated improved temperature regulation
compared with the traditional on-off control method,
particularly in reducing overshoot as shown in Table
V. The experimental results show that the Mamdani
fuzzy logic controller maintains an average operating
temperature that closely aligns with the target set-point
of 63-65 °C. In various test volumes, the average
temperature under fuzzy control remains reliably
centered around the desired set-point, indicating
effective tracking performance.

In contrast, the on-off control system exhibits a
larger difference between the average temperature and
the setpoint. Because the control action is binary
(either fully ON or fully OFF), the system's
temperature fluctuates more significantly around the
target, causing the average temperature to drift outside
the ideal pasteurization range. This indicates that the
on-off controller lacks the resolution needed for
precise temperature control in continuous thermal
processes. Additionally, Mamdani fuzzy logic requires
a lower PWM duty cycle than conventional on-off
control, as shown in Table V. A comprehensive
comparison of key performance metrics is presented in
Table V.

TABLE V. PERFORMANCE OF MAMDANI FUZZY LOGIC WITH
OPTIMAL FUZZY SET MEMBERSHIP PARAMETERS
Key performance metrics
Average PWM
T Milk
IR e Average Setpoint | Temperatre | Rise Standard | Dimmer Duty
Temperature
Temperature | Overshoot Time | Deviationof | Cycle During
System | (iters) | During Fuzzy e - © | Deviadonof | Cycle During
Control (°C) [§=) %) (seconds) | Temperature 2y Control
amdai 3 6411 o4 156 180 026 2381
Fuzzy Logic 5 6407 64 029 210 0.08 37.89
{This Study) 8 64.03 64 0.19 310 0.12 50.15
Traditional 3 65.67 o4 517 - 66 27.58
on-off control 5 6428 64 156 - 045 3599
method 8 6415 64 127 - 039 5254
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This study compares the Mamdani fuzzy logic
controller to a PID control system [3] used for
industrial milk pasteurization. Results indicate that the
Mamdani controller is slower than the PID, with rise
and settling times of 0.177 and 0.34 seconds,
respectively, and no overshoot in ideal simulation
conditions at a milk flow rate of 325 L/min [3].
Nonetheless, the Mamdani controller emphasizes long-
term temperature stability and robustness amid varying
milk volumes, as shown in Table V, without depending
on mathematical models.

IV. CONCLUSION

This study demonstrates that a Mamdani-type
fuzzy logic control system, combined with an Internet
of Things (IoT) framework, can effectively oversee and
regulate the Low-Temperature Long-Time (LTLT)
milk pasteurization process. Using milk volume and
temperature as input parameters, the proposed fuzzy
controller can smoothly adjust heater power and keep
the process temperature within the critical range of 63—
65 °C for 30 minutes, ensuring microbial safety while
maintaining milk quality.

Experimental results with different milk volumes (3
L, 5 L, and 8 L) indicate that the optimized fuzzy
membership parameters markedly enhance control
performance. The Mamdani fuzzy logic controller
achieves temperatures that closely follow the target
setpoint while minimizing overshoot and reducing
temperature fluctuations, as evidenced by lower
standard deviations than traditional on—oft control
methods. These findings demonstrate that fuzzy logic
provides superior stability and accuracy for continuous
thermal processes such as LTLT pasteurization. In
addition, the fuzzy logic approach requires a lower
average PWM duty cycle for the AC light dimmer than
the on—off controller, indicating more efficient energy
usage and smoother actuator operation. Although the
fuzzy controller exhibits slower rise and settling times
than PID control reported in prior industrial-scale
studies, it offers greater robustness to variations in milk
volume. It does not rely on an accurate mathematical
model of the process. This makes the proposed system
particularly suitable for small-scale, community-based
milk-processing applications, such as those commonly
found in the Indonesian cattle-farming sector.

Overall, combining Mamdani Fuzzy Logic with
IoT-based monitoring provides a practical, stable, and
energy-efficient solution for LTLT milk pasteurization.
Future efforts could expand the system to achieve
higher capacities, incorporate adaptive or hybrid
control methods, and evaluate long-term reliability and
scalability in real industrial settings.
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Abstract—SKin cancer is a rapidly growing global health
issue that demands efficient and accurate early detection.
While much research focuses on aggressive types like
melanoma, basal cell carcinoma, and squamous cell
carcinoma, there is also a critical need for non-invasive
classification of non-melanoma skin lesions, including
actinic keratosis, dermatofibroma, nevus, and vascular
lesions. These conditions can also progress to more severe
malignancies or indicate underlying health issues. This
study presents a computer-aided detection method for
these skin conditions by employing deep learning
techniques, specifically a ResNet50-based Convolutional
Neural Network (CNN), alongside a Support Vector
Machine (SVM) classifier. The aim is to improve
diagnostic accuracy and accessibility through image data
processing and feature extraction. The main contribution
of this research is the application of deep learning for
automated classification of non-melanoma skin lesions,
with the goal of enhancing early detection. The models
were trained and evaluated using the International Skin
Imaging Collaboration (ISIC) dataset, with two test
scenarios to assess their performance. In Test 4, the CNN
demonstrated superior results, achieving F1-scores of
44.70% for  actinic keratosis, 85.25% for
dermatofibroma, 78.76% for nevus, and a perfect
100.00% for vascular lesion. In comparison, the SVM
model achieved lower F1-scores: 21.88% for actinic
keratosis, 27.91% for dermatofibroma, 62.46% for
nevus, and 70.58% for vascular lesion. The results
highlight the effectiveness of deep learning, particularly
CNNs, in automated dermatological diagnosis. These
findings lay the groundwork for future web and mobile
applications that could support early skin cancer
detection and clinical decision-making.

Index Terms—SKkin Cancer Detection; Deep
Learning; Convolutional Neural Network (CNN);
Support Vector Machine (SVM); Non-Melanoma Skin
Lesions

I. INTRODUCTION

Skin cancer is among the most prevalent
malignancies worldwide, with cases steadily increasing

each year [1]. Although clinical and research efforts
have largely concentrated on highly aggressive types
such as melanoma, basal cell carcinoma, and squamous
cell carcinoma, the significance of non-melanoma skin
lesions (including actinic keratosis, dermatofibroma,
nevus, and vascular lesions) remains critical [2]. These
lesions are not only widespread but can also progress
into more severe malignancies or reflect underlying
systemic diseases if not detected in time.

Actinic keratosis, for instance, is a pre-cancerous
lesion that may advance to squamous cell carcinoma
when left untreated [3]. Dermatofibroma, while usually
benign, often resembles malignant tumors under
dermoscopy and can complicate diagnosis [4]. Nevi,
commonly referred to as moles, are mostly harmless but
certain atypical types have malignant potential and can
evolve into melanoma [5]. Likewise, vascular lesions
can signal deeper vascular or systemic abnormalities
[6]. These examples underline the necessity of accurate
and early diagnosis for improving patient outcomes and
reducing mortality.

The research problem lies in the persistent difficulty
of differentiating these lesions at an early stage due to
their overlapping morphological characteristics, which
can lead to misdiagnosis and delayed treatment [7].
Conventional ~ diagnostic =~ methods,  including
dermoscopic evaluation, rely heavily on the expertise of
dermatologists and may be subject to inter-observer
variability [8]. Therefore, there is a pressing need for
automated, reliable, and scalable solutions to assist
clinicians in improving diagnostic accuracy.

To address this challenge, deep learning has
emerged as a powerful solution, with Convolutional
Neural Networks (CNNs) proving highly effective in
analyzing medical images [9]. CNNs automatically
extract complex visual features, making them
particularly well-suited for dermatological image
classification [10]. State-of-the-art models such as
ResNet50 have shown robust performance in image
recognition tasks due to their residual connections that
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overcome the vanishing gradient problem, allowing for
deeper and more accurate networks [11]. In parallel,
Support Vector Machines (SVMs) have also been
utilized in prior research, demonstrating strong
performance in distinguishing between benign and
malignant lesions by finding optimal separating
hyperplanes in high-dimensional feature spaces [12].

This study builds upon these advances by
employing ResNet50 to classify actinic keratosis,
dermatofibroma, nevus, and vascular lesions using a
publicly available dataset from the International Skin
Imaging Collaboration (ISIC) [13]. By comparing the
deep learning approach with SVMs, the research seeks
to evaluate the strengths and limitations of both
methods in the context of multiclass classification of
non-melanoma lesions.

The novelty of this study lies in its specific focus on
non-melanoma skin lesions, which have often received
less attention compared to melanoma, while leveraging
advanced deep learning architecture and benchmarking
it against traditional machine learning methods
[14],[15]. This dual approach provides a more
comprehensive perspective on automated lesion
detection and highlights the feasibility of integrating
such methods into accessible diagnostic platforms.

The contribution of the research is twofold: first, it
provides an in-depth evaluation of ResNet50 and SVM
performance in the classification of four clinically
significant non-melanoma skin lesions, and second, it

offers insights into the potential integration of these
computational models into web- and mobile-based
applications for wider accessibility. Ultimately, this
work contributes to the ongoing effort of enhancing
early detection and supporting dermatologists in
clinical decision-making.

II. RESEARCH METHODS

This research proposes an early detection method
for non-melanoma skin lesions using a ResNet50-based
CNN and Support Vector Machine (SVM) classifier.
The process begins with dataset preparation, where
images are resized to 224x224 pixels, followed by data
augmentation techniques such as flipping, rotation, and
color shifting to enhance model robustness. Image
segmentation isolates the lesions, focusing the model
on relevant features. The ResNet50-based CNN
extracts features, which are then classified into
categories like nevus, dermatofibroma, actinic
keratosis, and vascular lesions using SVM. The model’s
performance is evaluated through metrics like accuracy,
precision, recall, F1-score, AUC, and specificity, with
Grad-CAM visualization used to highlight the areas of
the image the model focuses on, improving
interpretability. This approach enables accurate,
automated classification, assisting clinicians in early
detection and diagnosis, as illustrated in Figure 1.
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|

Data Augmentation
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Color Shifting
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Fig. 1. Methodology of the research
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A. Related Works

The early detection of non-melanoma skin lesions
has been a focal point in recent dermatological research,
with significant progress achieved through the use of
deep learning techniques. Akinrinade et al. (2025)
demonstrated that deep learning models, specifically
CNNs and GANs, combined with transfer learning and
few-shot learning, improve skin cancer detection,
particularly melanoma [16]. Their work showed how
these models can address dataset imbalances and small
data challenges, highlighting the value of using data
augmentation techniques. Their findings indicate that
the use of transfer learning with ResNet50 achieved an
impressive accuracy of 96%, making it a viable model
for skin cancer detection in clinical settings.

Similarly, Erbay et al. (2025) explored the
combination of CNNs and Vision Transformers (ViTs)
with ensemble learning approaches, such as hard and
soft voting, to improve skin lesion classification [17].
Their study, based on the HAM10000 dataset, found
that ensemble methods combining CNNs and ViTs
yielded the best performance, achieving an accuracy of
89% and an F1-score of 0.80. This ensemble learning
approach, which leverages the strengths of multiple
models, has shown promise in enhancing classification
accuracy, especially when applied to large, imbalanced
datasets.

Another study by Zareen et al. (2024) employed a
hybrid CNN-RNN architecture combining ResNet-50
and LSTM to classify skin lesions [18]. This approach
achieved an impressive accuracy of 99.06% on the ISIC
dataset. The incorporation of RNNs for temporal
learning enabled this model to handle various skin
cancer types effectively. The high accuracy and
superior performance of this hybrid model underline the
potential of combining different deep learning
techniques for more robust and accurate skin lesion
classification.

In a different approach, Nalamwar et al. (2025)
introduced a multidimensional CapsNet with attention

mechanism, achieving an accuracy of 97.63% with high
precision and recall (98.11% and 98.73%, respectively)
[19]. This model outperformed traditional CNNs and
GoogleNet, offering a significant improvement in skin
cancer classification. The use of attention mechanisms
in CapsNets allows the model to focus on important
features, which is crucial for detecting skin lesions that
exhibit subtle variations.

Manickavasagam et al. (2025) applied CNN-based
transfer learning, enhanced with harmonic brown bear
optimization, to the SIIM-ISIC Melanoma dataset [20].
Their model achieved an accuracy of 91.75%, with a
true positive rate (TPR) of 93.76% and a true negative
rate (TNR) of 89.77%. The use of optimization
techniques to enhance transfer learning models resulted
in superior skin cancer detection performance, reducing
false positives and improving overall diagnostic
accuracy.

The use of hybrid models combining CNN and ViT
has also shown promising results. Pacal et al. (2025)
introduced a CNN-ViT hybrid model with focal self-
attention, yielding accuracy rates of 92.54% on the ISIC
2019 dataset and 95.01% on the HAM10000 dataset
[21]. Their approach demonstrated that hybrid models
are well-suited for real-time deployment, improving
both accuracy and efficiency in skin lesion
classification.

In summary, these works illustrate the significant
strides made in deep learning for skin cancer detection,
with a variety of models and approaches contributing to
improved accuracy and robustness. The integration of
multiple Al techniques, including CNNs, ViTs, RNNs,
and ensemble methods, has proven to be effective in
addressing the challenges of skin lesion classification,
particularly in non-melanoma skin lesions. This
research paves the way for the development of
advanced Al-driven systems for the early detection of
skin cancers, improving clinical decision-making and
patient outcomes. A summary of related works is
presented in Table 1.

TABLE L. RESEARCH RELATED TO SKIN CANCER DETECTION BASED ON DEEP AND MACHINE LEARNING
Author(s) Year Al Method Dataset Metrics Evaluation Value Key Findings*
Akinrinade, et al | 2025 | Deep Learning | ISIC 2016, | Accuracy:  96%,  Sensitivity: | Deep learning models
[16] (CNN, GAN, | ISIC 2017, | 91.1%, Specificity: 95.7% | improve skin cancer
Transfer Learning) HAM10000 (ResNet50), AUC: 0.99 detection, especially
melanoma.
Erbay, et al [17] 2025 | CNN, Vision | HAM10000 Accuracy: 0.89% (ensemble), F1- | Ensemble learning
Transformer, score: 0.80 improves skin lesion
Ensemble Learning classification accuracy.
Zareen, et al [18] 2024 | Hybrid CNN-RNN | ISIC (9000 | Accuracy: 99.06% Achieved high accuracy
(ResNet-50 + | images) in classifying  skin
LSTM) cancer types.
Nalamwar, etal [19] | 2025 | Multidimensional HAM10000 Accuracy:  97.63%, Precision: | Outperforms CNN and
CapsNets with 98.11%, Recall: 98.73%, F1-score: | GoogLeNet with high
Attention 98.42% precision and recall.
Manickavasagam, et | 2025 | CNN-based Transfer | SIIM-ISIC Accuracy: 91.75%, TPR: 93.76%, | Superior performance
al [20] Learning (DenseNet) | Melanoma, TNR: 89.77% with enhanced precision
Skin Cancer and reduced false
positives.
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Author(s) Year Al Method Dataset Metrics Evaluation Value Key Findings*
Pacal, et al [21] 2025 | CNN-ViT Hybrid ISIC 2019, | ISIC 2019: Accuracy: 92.54%, | Superior performance,
HAM10000 Precision: 90.41%, Recall: | high accuracy, and real-
87.68%, F1: 88.86%; HAM10000: | time deployment.
Accuracy: 95.01%, Precision:
94.70%, Recall: 92.11%, FI:
93.34%
ThangaPurni, et al | 2025 | Hybrid ~ARP-ViT- | HAM10000 Accuracy: 98.2%, Precision: 0.94, | Outperforms CNN-only
[22] CNN Recall: 0.96, F1-score: 0.95 and ViT-only models
with high accuracy.
Khattar, et al [23] 2025 | Hybrid DeepCNN HAM10000 PSNR: 45.56, MSE: 2.43, SSIM: | Hybrid method
0.9781 improves image quality,
enhancing segmentation
and classification.
Reis, et al [24] 2024 | MABSCNET (CNN | ISIC 2020, | ISIC 2020: Accuracy: 92.74%, | Hybrid model
+ ViT) ISIC 2018, | ISIC 2018: 100%, Kaggle: 94.24% | outperforms CNN and
Kaggle ViT in skin cancer
detection.
Nanda, et al [25] 2025 | CNN, GoogleNet, | HAM10000 Accuracy: CNN 73%, GoogleNet | CNN with mean
ResNet 71%, ResNet 47%; Precision, | sampling performs best,
Recall, F1-Score, AUC-ROC addressing class
imbalance.

* “Key Findings” refers to the primary methodological or performance-related insight reported by each study that
is most relevant to the classification of skin lesions using deep or machine learning.

B. Dataset

The dataset used in this study was obtained from the
ISIC 2019 Challenge on Kaggle [26]. The ISIC dataset
is one of the most widely recognized benchmarks in
dermatological image analysis, compiled through a
collaboration between leading skin cancer research
institutions worldwide. It was specifically developed to
support the training and evaluation of automated skin
lesion classification systems, providing standardized
dermoscopic images with expert-validated annotations
[13]. The dataset spans a broad spectrum of skin
conditions, enabling controlled evaluation of model
performance across both common and rare lesion types.
Its use in this study ensures comparability with prior
work and provides a reliable foundation for assessing
the proposed method. A curated subset of 962 images
was selected to focus on four specific skin lesion types:
actinic keratosis (329 images), dermatofibroma (122
images), nevus (369 images), and vascular lesion (142
images). To meet the input requirements of the
ResNet50 model, the images were resized to 224x224
pixels [27]. To address class imbalance and enhance the
model's robustness, data augmentation techniques
including horizontal and vertical flipping, random
rotation, and color shifting (adjustments to brightness,
contrast, and saturation) were applied [28],[29]. Among
these, flipping and rotation are expected to be
particularly beneficial for minority classes such as
dermatofibroma and vascular lesion, as they generate
geometrically diverse variants of lesions whose
appearance is orientation-independent — meaning a
dermatofibroma looks the same regardless of rotation,
so each rotated copy is a genuinely useful training
sample. Color shifting, while useful overall, is likely to
be most impactful for vascular lesions, which are
characterized by distinct reddish hues that benefit from
intensity variation to prevent the model from relying
solely on color cues. Future work should consider class-
specific augmentation strategies, such as applying

higher rotation multipliers or synthetic oversampling
(e.g., SMOTE) exclusively to the underrepresented
classes, to more directly address the imbalance rather
than applying a uniform augmentation pipeline across
all classes. The final dataset consists of 2,357 images,
representing both benign and malignant skin
conditions. Although the original ISIC dataset includes
a variety of skin conditions like basal cell carcinoma,
melanoma, and pigmented benign keratosis, this study
narrowed its focus to the four clinically significant
conditions mentioned above. This targeted approach
allows for a more detailed evaluation of the model's
performance on these specific lesion types.

C. Feature Extraction and Selection

In this study, two different approaches to obtaining
features from images were employed, depending on the
classifier. For the CNN-based model, the process is one
of automatic feature extraction: the network learns and
derives hierarchical representations directly from raw
pixel data without any manual intervention. Through
multiple convolutional layers, CNNs gradually develop
abstract and discriminative features, starting from basic
visual elements like edges and textures to more
complex semantic patterns [30]. This process
eliminates the need for manual feature engineering,
making traditional methods like MRMR (Minimum
Redundancy Maximum Relevance) unnecessary for the
CNN model.

For the Support Vector Machine (SVM) classifier,
handcrafted feature extraction was performed manually
using standard image processing techniques. A total of
15 features were derived, covering first-order statistics,
shape descriptors, and texture features. No automated
feature selection algorithm (such as MRMR) was
applied; instead, all 15 features were used collectively
as input to the SVM, representing a deliberate feature
extraction (not selection) strategy. These features
typically include morphological properties (such as

Ultima Computing : Jurnal Sistem Komputer, Vol. 18, No. 1 | June 2026



area and perimeter), intensity distributions (like mean,
standard deviation, and histogram width), and texture
features (e.g., Gray Level Co-occurrence Matrix
(GLCM) and Gray Level Size Zone Matrix (GLSZM)).
Although the specific number of features or the use of
a feature selection algorithm like MRMR was not
explicitly detailed for the SVM, it is assumed that a
comprehensive set of relevant features was extracted
and used, which is a common approach in traditional
machine learning for image analysis.

D. Classifiers

This research compares the performance of two
distinct machine learning approaches for classifying
skin lesions:

1) CNN (ResNet50 Architecture)

The ResNet50 model was chosen for its strong
performance in complex image classification tasks. Its
architecture enables the training of very deep networks,
addressing the vanishing gradient problem through
residual connections [31]. In this study, the ResNet50
model was fine-tuned and trained on preprocessed
dermatoscopic images to classify them into four
categories of skin lesions: actinic Keratosis,
dermatofibroma, nevus, and vascular lesion.

2) Support Vector Machine (SVM)

SVM is a well-established supervised machine
learning algorithm known for its effectiveness in high-
dimensional data classification [32],[33]. The SVM
works by creating a hyperplane, or a set of hyperplanes,
in a high-dimensional space that separates data points
into distinct classes. For this research, the SVM
classifier was trained on handcrafted features extracted
from the dermatoscopic images, allowing for a
comparative analysis with the deep learning approach.

E. Metrics Evaluation

The performance of both the CNN and SVM
classification models was thoroughly evaluated using
standard metrics derived from the confusion matrix.
The confusion matrix (Figure 2) offers a
comprehensive view of the model's predictions, clearly
distinguishing between correct and incorrect
classifications for each class.. For multi-class
classification, the metrics were calculated using a one-
vs-all approach for each class. This method ensures that
the metrics are computed independently for each class,
addressing the issue of imbalanced class distributions
[34],[35].

16

14

12

10

True label

Predicted label

Fig. 2. Example of Confusion Matrix [36]

The fundamental counts extracted for each class
(actinic keratosis, dermatofibroma, nevus, vascular
lesion) are:

a. True Positives (TP): Instances correctly
predicted as positive for the class.

b. True Negatives (TN): Instances correctly
predicted as negative for the class.

c. False Positives (FP): Instances incorrectly
predicted as positive for the class (Type I

error).

d. False Negatives (FN): Instances
incorrectly predicted as negative for the
class (Type II error).

From these counts, the following performance
metrics were calculated:

1) Accuracy (Acc): The overall proportion of correct
predictions across all classes [37].

! TP + TN 0o
= X
COUracy = TP Y TN + FP + FN

2) Precision (Prec): The proportion of correctly
predicted positive instances out of all instances
predicted as positive for a specific class [38].

Precision = X 100 @

TP+ FP

3) Recall/ Sensitivity (Sens): The proportion of actual
positive instances that were correctly identified by
the model [39].

Sensitivity = L x 100 3)
Y=TPTFN
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4) Specificity (Spec): The proportion of actual
negative instances correctly identified by the
model (true negative rate) [40].

Specificity = x 100 4)

TN + FP

5) FI1-Score: The harmonic mean of Precision and
Recall, providing a balanced measure of the
model's accuracy, especially useful in cases of
imbalanced class distributions [41].

precision X sensitivity
F1=2x — ———x100 (5)
precision + sensitivity

6) Area Under the Receiver Operating Characteristic
Curve: A comprehensive measure of a model’s
ability to distinguish between classes, representing
the probability that the model will rank a randomly
chosen positive example higher than a randomly
chosen negative example [42].

III.  RESULTS AND DISCUSSIONS

A. Dataset Overview and Preprocessing

The study utilized a comprehensive skin cancer
dataset designed to capture the variability of four
distinct classes: actinic keratosis, dermatofibroma,
nevus, and vascular lesion. These conditions, though
categorized under skin cancer, vary significantly in
clinical presentation and histopathological features,
making them challenging for automated classification.
The dataset included images that were preprocessed to
224x224 pixels, which is the optimal size for input into
the ResNet-50 architecture. The class distribution of the
dataset is presented in Table II. This preprocessing step
was crucial as it ensured that the images were consistent
in dimensions and ready for efficient feature extraction,
thereby improving the performance of the
convolutional neural network (CNN) model [43].

TABLE II. DATASET DISTRIBUTION
Number of Percentage of

Class
Images Total
Actinic Keratosis 329 34.2%
Dermatofibroma 122 12.7%
Nevus 369 38.4%
Vascular Lesion 142 14.8%
Total 962 100%

The dataset demonstrates a clear imbalance in the
distribution of classes, with nevus comprising the
largest proportion (38.4%), followed by actinic
keratosis (34.2%), vascular lesions (14.8%), and
dermatofibroma (12.7%) as the smallest class. This
uneven distribution presents a challenge for machine
learning algorithms, as models tend to exhibit bias

toward the majority class. In practical terms, this means
that the model may be more inclined to predict the
larger classes (nevus and actinic keratosis) accurately,
while struggling to correctly classify images from the
smaller classes, especially dermatofibroma.

B. Training Performance Analysis

The training curve for the 30% training
configuration demonstrates excellent convergence
characteristics. The validation accuracy curve shows
steady improvement throughout the epochs, reaching a
plateau at approximately 90.38%, with minimal signs
of overfitting. Notably, the smoothed training accuracy
curve (represented by the blue line) illustrates rapid
learning during the early epochs, suggesting that the
model quickly adapts to the data. The validation points,
depicted as black dots, show consistent performance
without significant fluctuations, which indicates that
the model is generalizing well. Furthermore, the loss
curves show an inverse relationship with accuracy,
which is expected. The training loss decreases steadily
as the model learns, while the validation loss stabilizes,
signifying that the model has achieved a state of
effective generalization. These observations suggest
that the model's hyperparameters were well-chosen and
that transfer learning from the pretrained ResNet-50
weights contributed to the efficient convergence of the
model. The steady performance and stable learning
curves indicate that the model is benefiting from both
the training data and pretrained weights, making this
configuration quite effective [44]. The training progress
for this configuration is shown in Figure 3.

The 25% training configuration produced the most
remarkable results, achieving the highest validation
accuracy of 90.69% despite using less training data than
the 30% configuration. Interestingly, this result
challenges the conventional assumption that more
training data always leads to better performance. The
convergence pattern for the 25% configuration shows
superior stability when compared to the 30%
configuration. The validation accuracy progression is
smoother, with fewer oscillations, indicating that the
model is learning more consistently. This suggests that
the 25% configuration strikes an optimal balance,
providing enough training data for the model to learn
effectively while avoiding the risks of overfitting that
often accompany larger datasets. The training loss
curve also demonstrates a more consistent descent,
while the validation loss stabilizes at a lower level
compared to the 30% configuration. These observations
confirm that the 25% configuration leads to better
generalization capability, making it a counterintuitive
but effective choice. This outcome underscores the
importance of carefully selecting the amount of training
data, as the model can still achieve high performance
with less data when overfitting is controlled [45]. A
plausible explanation for the superior stability of the
25% configuration over the 30% configuration lies in
the interaction between dataset size and class

Ultima Computing : Jurnal Sistem Komputer, Vol. 18, No. 1 | June 2026



imbalance. With a larger test set (30%), the model is
exposed to a higher absolute number of majority-class
samples (nevus and actinic keratosis) during training,
which may amplify the existing class imbalance and
introduce additional noise into the gradient updates.
This can cause the model to overfit to the dominant
class distributions while reducing its generalization
capacity for minority classes such as dermatofibroma.
The 25% configuration, by retaining a slightly larger
proportion of data for testing, inadvertently creates a

more balanced training dynamic — the model receives
just enough exposure to each class to develop robust
representations without becoming biased toward any
single distribution. The smoother validation loss curve
observed in the 25% configuration supports this
interpretation, as it indicates more consistent gradient
updates and fewer conflicting learning signals across
epochs. The training progress for this configuration is
shown in Figure 4.
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Fig. 3. Training progress of the CNN model with 30% data, showing accuracy and loss curves, with a final validation accuracy of 90.38%.
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Fig. 4. Training progress of the CNN model with 25% data, showing accuracy and loss curves, with a final validation accuracy of 90.69%.
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Fig. 5. Training progress of the CNN model with 20% data, showing accuracy and loss curves, with a final validation accuracy of 85.94%.

The 20% training configuration, which uses the
least amount of training data, shows the expected
performance degradation, with the model achieving a
validation accuracy of 85.94%. This result highlights
the limitations that come with using smaller datasets, as
the model is constrained in terms of the amount of

information it can learn. Despite this, the convergence
pattern remains stable and consistent, indicating that the
model architecture is robust even with minimal training
data. The training curves exhibit more pronounced
initial learning phases, which suggests that the model
must extract the maximum amount of information from
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the limited examples available. The validation accuracy
plateaus earlier than with larger training sets, which
implies that the model reaches its learning capacity
constraints sooner. Even though the performance is
lower compared to configurations with more data, the
consistent and stable convergence pattern serves as
evidence that the ResNet-50 architecture is still
effective under these conditions. The model continues
to perform reliably, demonstrating its robustness and
suitability for handling smaller datasets [46]. The
training progress for this configuration is shown in
Figure 5.

The training metrics reveal several unexpected
patterns that challenge conventional machine learning
assumptions and provide deeper insights into the
relationship between data size, training time, and model
performance. Among the configurations tested, the
25% training data configuration achieved the highest
validation accuracy of 90.69%, despite requiring the
longest training time of 24 minutes and 54 seconds.
This suggests that the model underwent more complex
optimization dynamics with this configuration, possibly
due to the data's balance between sufficient complexity
for the model to learn and avoiding the overfitting risks
associated with larger datasets. The longer training
time, while initially seeming inefficient, may have
provided the necessary learning steps for the model to
fine-tune its weights, leading to the highest accuracy
[47].

In contrast, the 30% configuration demonstrated the
best efficiency ratio, achieving a validation accuracy of
90.38% in the shortest relative training time. This
configuration completed the training process more
quickly while maintaining a competitive accuracy
score, indicating that the model was able to extract
useful features from the larger dataset more rapidly,

without sacrificing performance. The efficiency of the
30% configuration underscores the importance of not
just raw training time, but the rate at which a model can
learn and generalize from the data, reflecting a well-
balanced trade-off between accuracy and speed.

On the other hand, the 20% training configuration,
although achieving the lowest accuracy of 85.94%,
completed the highest number of iterations (960),
which suggests that the model underwent more frequent
weight updates due to the smaller batch sizes. With
fewer examples per batch, the model was updated more
frequently, allowing for finer adjustments to the
weights, albeit with less data to generalize from. This
configuration highlights how the frequency of weight
updates can impact the learning process, though it
ultimately may not be sufficient for achieving high
accuracy without more data.

These results indicate that optimal performance is not
solely dependent on the volume of training data, but on
the intricate balance between the amount of data, the
training dynamics, and the model's capacity to learn
and generalize. Simply increasing the training dataset
size does not guarantee better outcomes; rather, it is
essential to consider how data size interacts with
training time, batch size, and the model's ability to
capture and generalize features from the data. Thus, the
findings suggest that a nuanced approach to training,
considering not just the quantity of data but also the
configuration of training parameters, can lead to more
efficient and effective model performance. Table 111
summarizes the performance of each training
configuration. Note that the test set size percentages
(30%, 25%, 20%) correspond to training set sizes of
70%, 75%, and 80% of the total data, respectively

TABLE IIL TRAINING CONFIGURATION PERFORMANCE SUMMARY
Test Set Size Final Validation Accuracy Training Time Total Iterations Epochs Completed
(Training Set Size)
30% (70%) 90.38% 16 min 34 sec 900 20/20
25% (75%) 90.69% 24 min 54 sec 840 20/20
20% (80%) 85.94% 15 min 50 sec 960 20/20

C. Feature Extraction Analysis

The handcrafted feature extraction process was
designed to capture key characteristics of the data,
yielding 15 comprehensive features categorized into
three primary groups. These features are crucial for
gaining insights into the statistical, geometric, and
textural properties of the analyzed data. The first
category, First-order Statistical Features, consists of
five features: Mean, Median, Standard Deviation,
Skewness, and Kurtosis. These features provide an
overall understanding of the data’s distribution, central
tendency, variability, and shape. The Mean and Median
give insights into centrality, while Standard Deviation
reflects data spread. Skewness and Kurtosis assess the

symmetry and the extremities of the distribution,
respectively [48].

The second category, Shape-based Features,
includes four features that describe the geometric
properties of the shape under analysis. These include
Area, Perimeter, Eccentricity, and Solidity. Area and
Perimeter give quantitative measurements of size and
boundary length, respectively. Eccentricity measures
how elongated the shape is, indicating its deviation
from circularity, while Solidity quantifies the
compactness of the shape by comparing the area to the
convex hull area. These shape-based features are
particularly useful for recognizing and differentiating
different forms and structures.
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Finally, the Texture Features group, derived from
the Gray Level Co-occurrence Matrix (GLCM),
consists of six features: Contrast, Correlation, Energy,
Homogeneity, Coefficient of Variation, and Histogram
Width. These features capture the surface
characteristics of the shape, with Contrast reflecting
intensity differences between neighboring pixels,
Correlation assessing linear dependencies, and Energy

Homogeneity indicates how smooth or regular the
texture is, while Coefficient of Variation offers a
normalized measure of variation, and Histogram Width
quantifies the range of intensity values. Together, these
features provide a rich set of descriptors, enabling
detailed texture analysis.

providing information about texture uniformity.
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Fig. 6. Feature distribution analysis across four skin cancer types: (a) first-order statistical features (mean, median, standard deviation,
skewness, kurtosis), (b) shape-based features (area, perimeter, eccentricity, solidity), and (c) texture features (contrast, correlation, energy,
homogeneity, coefficient of variation, histogram width).

Figure 6 presents the feature distribution analysis,
which reveals distinct morphological characteristics
across the four skin cancer types.. The box plots
demonstrate varying degrees of feature discrimination,
with several features showing clear separability
between classes. Notably, the skewness and kurtosis
features exhibit pronounced differences, particularly
for vascular lesions which show consistently different
distributions. The presence of outliers (red crosses)

indicates natural variability within each class, which is
expected in medical imaging data. The area and
perimeter features show relatively similar distributions
across classes, suggesting shape-based features alone
may not provide sufficient discrimination. The texture
features (contrast, correlation, energy) demonstrate
more promising discriminative potential, with vascular
lesions and nevus showing distinct patterns [49].

TABLE IV. FEATURE STATISTICS SUMMARY
Feature Actinic Keratosis Dermatofibroma Nevus Vascular Lesion
Mean Intensity 164.70 £ 15.10 165.52 +16.37 158.24 +19.50 165.35 +19.21
Median 168.44 +16.81 169.89 +17.26 166.24 +£21.19 173.30 +£20.43
Standard Deviation 22.25+7.51 21.17+7.22 26.49 £10.83 26.79 £ 12.14
Skewness -0.96 £ 0.67 -1.08 £ 0.69 -1.59£0.96 -2.11 +£0.95
Kurtosis 4.88 +4.00 5.35+4.53 6.29 £4.91 8.95 £ 5.66
Area 65304.34 +£1108.33 65251.25 + 753.35 65353.79 + 1454.92 65459.23 +244.81
Perimeter 1000.30 + 55.19 990.79 + 18.89 1000.97 £ 56.05 996.81 £9.97
Eccentricity 0.026 + 0.064 0.032 +0.053 0.015 +0.054 0.018 +0.039
Solidity 0.999 + 0.009 1.000 + 0.001 0.999 + 0.007 1.000 + 0.002
Contrast 0.088 + 0.034 0.080 + 0.031 0.067 +0.039 0.062 +0.033
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Correlation 0916 £0.036 09192 0.044 0947 0.037 0949 < 0.037
Energy 0379 £0.113 0403 = 0.128 0437 20.158 0473 % 0.180
Homogeneity 0957+ 0.014 0.962<0.014 0.968<0.016 0.970=0.015
Coefficient of 0.136 % 0.046 0.130 = 0.049 0.171 £ 0.075 0.165 + 0.081
Variation
Histogram Width 162.84 £ 3525 150.71 £ 42.85 14781 23142 156.03 < 38.08

The analysis of Table IV reveals distinctive feature
statistics that play a crucial role in discriminating
between four skin cancer types, highlighting several
significant patterns. Firstly, the progression of
skewness shows a clear trend from actinic keratosis (-
0.96) to vascular lesion (-2.11), indicating increasingly
left-skewed intensity distributions. This suggests that
vascular lesions exhibit more concentrated high-
intensity regions, a characteristic that differentiates
them from the other lesion types. Secondly, the
variation in kurtosis further distinguishes vascular
lesions, which exhibit the highest kurtosis value of 8.95
+ 5.66. This indicates that the intensity distribution of
vascular lesions is more peaked with heavy tails,
reflecting their distinctive vascular patterns.

In terms of texture, the correlation feature displays

notable separation between actinic
keratosis/dermatofibroma (0.916-0.919) and
nevus/vascular lesion (0.947-0.949), suggesting

differences in the smoothness of the textures across
these lesions. The energy distribution also shows a
progressive increase, from actinic keratosis (0.379) to
vascular lesion (0.473), implying varying degrees of
textural uniformity. Vascular lesions, with the highest
energy value, demonstrate the most uniform texture
patterns, further contributing to their classification.
Finally, the contrast patterns show that actinic keratosis
has the highest contrast value (0.088), which may
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explain its consistently high classification performance
across all configurations, as it presents more distinct
boundaries compared to other lesion types. These
statistical features provide valuable insights into the
characteristics of each skin lesion type and explain the
variations in classification performance across different
types. By understanding these patterns, we can better
interpret the significance of each feature in the
classification task [50].

D. Classification Performance Analysis

The confusion matrices reveal critical insights into
model performance and potential overfitting. Figure 7
presents the confusion matrices for the 30% training
configuration. The training set confusion matrix (left)
shows perfect classification with 100% accuracy across
all classes, indicating that the model has completely
learned the training data patterns. However, the test set
performance (right) shows more realistic results with
90.38% overall accuracy. The test confusion matrix
reveals class-specific performance variations: actinic
keratosis shows excellent performance with minimal
misclassifications, while dermatofibroma exhibits more
confusion with other classes. The diagonal dominance
in the test matrix indicates good overall classification
capability, but the off-diagonal elements reveal specific
class confusions that require attention for clinical
deployment
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Fig. 7. Confusion matrices for CNN model trained on 30% of data: (a) training set, (b) test set.
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Fig. 8. Confusion matrices for CNN model trained on 25% of data: (a) training set, (b) test set.
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Fig. 9. Confusion matrices for CNN model trained on 20% of data: (a) training set, (b) test set.

As shown in Figure 8, the 25% training
configuration demonstrates the most balanced
performance between training and test sets. The training
confusion matrix shows excellent but not perfect
performance, suggesting reduced overfitting compared
to the 30% configuration. The test set confusion matrix
achieves the highest validation accuracy (90.69%) with
improved class balance. Notably, the dermatofibroma
classification shows improvement compared to the 30%
configuration, indicating that the reduced training data
prevents overfitting to class-specific noise. The overall
diagonal dominance is stronger, with fewer
misclassifications across all classes, validating the
optimal training data size hypothesis.

As shown in Figure 9, the 20% configuration shows
the expected performance degradation due to limited
training data, achieving 85.94% test accuracy. The
training confusion matrix indicates that the model
struggles to achieve perfect training performance,
suggesting insufficient data for complete pattern
learning. The test confusion matrix shows increased
misclassifications, particularly for minority classes like
dermatofibroma. =~ However, the  performance
degradation is relatively modest (4.75% decrease from
optimal), indicating that the ResNet-50 architecture
maintains reasonable performance even with limited
training data. This finding is crucial for clinical settings
where large training datasets may not be available.
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TABLE V. PERFORMANCE METRICS - SCENARIO 1 : 30% TEST DATA (70% TRAINING)
Method Accuracy (%) Precision Recall Sensitivity Specificity F1-Score AUC
CNN
(ResNet-50) 90.69 0.901 0.895 0.895 0.966 0.898 0.979
SVM (RBF 60.07 0.576 0.448 0.448 0.844 0.434 0.801
Kernel)

Table V presents the performance metrics for
Scenario 1. The first scenario demonstrates the clear
superiority of the CNN approach over SVM across all
evaluation metrics. The CNN achieves 90.69%
accuracy compared to SVM's 60.07%, representing a
30.62 percentage point improvement. The precision
difference (0.901 vs 0.576) indicates that the CNN
produces far fewer false positives, crucial for clinical

applications where false alarms can lead to unnecessary
procedures. The recall disparity (0.895 vs 0.448) shows
that the CNN identifies significantly more actual
positive cases, critical for cancer detection where
missing cases has severe consequences. The AUC
values (0.979 vs 0.801) demonstrate the CNN's superior
ability to discriminate between classes across all
decision thresholds.

TABLE VL PERFORMANCE METRICS - SCENARIO 2: 25% TEST DATA (75% TRAINING)
Method Accuracy (%) Precision Recall Sensitivity Specificity F1-Score AUC
CNN
(ResNet-50) 90.38 0.897 0.866 0.866 0.965 0.879 0.969
SVM (RBF 62.92 0.581 0.491 0.491 0.858 0.494 0.805
Kernel)

Table VI presents the performance metrics for
Scenario 2. The second scenario shows slight variations
in performance metrics while maintaining the CNN's
substantial advantage over SVM. The CNN achieves
90.38% accuracy with well-balanced precision (0.897)
and recall (0.866), indicating robust performance across
different test data compositions. The high specificity
(0.965) demonstrates excellent ability to correctly

identify negative cases, minimizing false positive rates.
The F1-score of 0.879 represents a balanced harmonic
mean between precision and recall, crucial for
imbalanced datasets. The SVM performance shows
marginal improvement in this scenario (62.92% vs
60.07%), but remains substantially below clinically
acceptable level.

TABLE VII.  PERFORMANCE METRICS - SCENARIO 3: 20% TEST DATA (80% TRAINING)
Method Accuracy (%) Precision Recall Sensitivity Specificity F1-Score AUC
CNN
(ResNet-50) 85.94 0.869 0.812 0.812 0.948 0.834 0.970
SVM (RBF 57.81 0.518 0.439 0.439 0.839 0.431 0.772
Kernel)

Table VII presents the performance metrics for
Scenario 3. The third scenario demonstrates the impact
of limited training data on CNN performance while
maintaining superiority over SVM. The CNN accuracy
drops to 85.94%, representing a 4.75 percentage point
decrease from optimal performance, indicating graceful

acceptable levels, suggesting that the model maintains
diagnostic utility even with minimal training examples.
The AUC remains high (0.970), indicating preserved
discriminative capability across decision thresholds.
The SVM shows the poorest performance in this
scenario, emphasizing the importance of sufficient

degradation with reduced training data. The precision training data for traditional machine learning
(0.869) and recall (0.812) remain at clinically approaches.
TABLE VIII.  CNN CLASS-WISE PERFORMANCE SUMMARY ACROSS ALL TRAINING CONFIGURATIONS
Training Set Class Training Accuracy Test Recall Test Precision® Test Samples

30% Actinic Keratosis 100% 95.5% 0.902 66

30% Dermatofibroma 100% 66.7% 0.833 24

30% Nevus 100% 87.8% 0.918 74

30% Vascular Lesion 100% 75.0% 0.952 28

25% Actinic Keratosis 100% 93.9% 0.753 82

25% Dermatofibroma 100% 66.7% 0.538 30
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Training Set Class Training Accuracy Test Recall Test Precision® Test Samples
25% Nevus 100% 94.6% 0.578 92
25% Vascular Lesion 100% 91.4% 0.455 35
20% Actinic Keratosis 100% 92.9% 0.808 99
20% Dermatofibroma 100% 81.1% 0.889 37
20% Nevus 100% 91.0% 0.903 111
20% Vascular Lesion 100% 93.0% 0.875 43

Table VIII presents the class-wise performance
summary. The analysis reveals distinct patterns across
the different training configurations, which are closely
linked to the dataset characteristics. For Actinic
Keratosis, the recall remains consistently high (92.9%-
95.5%) across all configurations, indicating strong
detection capability. However, the precision shows
more variation (0.753-0.902), which suggests the
presence of some false positive variability.
Dermatofibroma, on the other hand, demonstrates a
more challenging classification profile, with
consistently lower recall values (66.7%-81.1%) across
configurations. This pattern is likely a result of its
smaller dataset size (122 images), underlining the
impact of class imbalance on performance. Nevus
shows stable performance with high recall (87.8%-
94.6%) but experiences variable precision (0.578-

0.918). The relatively larger dataset size (369 images)
provides a sufficient number of training examples,
ensuring consistent recall, though precision fluctuates
depending on the training configuration. Lastly,
Vascular Lesions exhibit a dramatic improvement in
performance as the training set size increases, with
recall progressing from 75.0% to 93.0%. This suggests
that vascular lesions benefit significantly from the
inclusion of more training examples. Notably, the
consistent 100% training accuracy across all classes and
configurations indicates a potential for overfitting,
emphasizing the need to rely on test set performance
metrics for a more realistic and generalized assessment
of the model’s effectiveness.

TABLE IX. CNN CLASS-WISE DETAILED PERFORMANCE (30% CONFIGURATION)

Class Precision Recall Sensitivity Specificity F1-Score AUC
Actinic Keratosis 0.902 0.929 0.929 0.948 0.915 0.972
Dermatofibroma 0.833 0.811 0.811 0.976 0.822 0.969

Nevus 0.918 0.910 0.910 0.950 0914 0.975
Vascular Lesion 0.952 0.930 0.930 0.992 0.941 0.999

Table IX presents the detailed performance metrics
for the 30% configuration, highlighting the optimal
class-wise performance characteristics.. Vascular
Lesions achieve the best overall performance, with an
Fl-score of 0.941 and a perfect AUC of 0.999,
demonstrating near-perfect discrimination capabilities.
The high precision (0.952) and specificity (0.992)
indicate an excellent ability to avoid false positives,
further confirming the robustness of the model for this
class. Actinic Keratosis and Nevus show comparable
performance, with Fl-scores of 0.915 and 0.914,
respectively. Both classes demonstrate a balance
between precision and recall, indicating a robust

classification capability that is well-suited for clinical
applications. Dermatofibroma, despite having the
lowest F1-score (0.822), exhibits excellent specificity
(0.976) and precision (0.833), which suggests a low
false positive rate. However, the lower recall (0.811)
indicates that some cases are missed, which can be
directly attributed to the limited number of training
examples. Overall, all classes achieve AUC values
above 0.969, reflecting excellent discriminative
capability across all decision thresholds. These results
validate the effectiveness of the ResNet-50 architecture
in skin cancer classification.

TABLE X. SVM CLASS-WISE PERFORMANCE (25% CONFIGURATION)

Class Precision Recall Sensitivity Specificity F1-Score AUC
Actinic Keratosis 0.753 0.744 0.744 0.873 0.748 0.893
Dermatofibroma 0.538 0.233 0.233 0.971 0.326 0.753

Nevus 0.578 0.848 0.848 0.615 0.687 0.825
Vascular Lesion 0.455 0.139 0.139 0.971 0.213 0.751

Table X presents the SVM class-wise performance
under the 25% configuration. The analysis reveals
several limitations of traditional machine learning
approaches in handling complex medical image
classification tasks. For Actinic Keratosis, the SVM
achieves the best performance with an Fl-score of

0.748, though this is still substantially lower than the
performance of CNN (0.915). The balanced precision
and recall suggest that handcrafted features can provide
some level of discriminative capability for this class,
but they fall short in comparison to deep learning
methods. Nevus demonstrates high recall (0.848) but
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poor precision (0.578), indicating that the SVM tends
to over-classify images as nevus. This behavior reflects
the majority class bias commonly seen in imbalanced
datasets, where the model over-represents the more
frequent class. For Dermatofibroma and Vascular
Lesion, the performance is extremely poor, with F1-
scores of 0.326 and 0.213, respectively. The very low
recall values (0.233 and 0.139) further highlight that the
SVM fails to identify most positive cases for these
classes, struggling particularly ~ with the
underrepresented examples. The particularly poor
performance on dermatofibroma (F1: 0.326) and
vascular lesion (F1: 0.213) can be attributed to several
compounding factors. First, both classes are severely
underrepresented in the dataset (122 and 142 images
respectively), meaning that the handcrafted feature
distributions for these classes overlap considerably with
those of the majority classes. Second, the 15 extracted
features — while comprehensive — are derived from
global image statistics (e.g., mean intensity, GLCM
contrast) that fail to capture the subtle local
morphological patterns that distinguish
dermatofibroma and vascular lesions from nevus and
actinic keratosis. Dermatofibroma, in particular, is
known dermoscopically for its variable and non-
specific appearance [4], making it difficult for any fixed
feature set to reliably characterize it. Vascular lesions,
while visually distinctive to trained clinicians, exhibit
intensity and texture distributions that may overlap with
other lesion types when reduced to scalar statistics. In
contrast, the CNN implicitly learns spatially localized,
hierarchical features through its convolutional layers,
enabling it to detect subtle distinguishing patterns that
handcrafted features cannot capture. This fundamental
architectural difference explains the large performance
gap between CNN and SVM specifically for these two
classes.

E. Model Interpretability Through Grad-CAM
Analysis

The Gradient-weighted Class Activation Mapping
(Grad-CAM) visualizations (Figure 10) provide
valuable insights into the CNN model's decision-
making process, highlighting the regions of
dermatoscopic images that the model focuses on when

making classification decisions. Red regions, indicating
the highest activation, show that the model concentrates
its attention on the lesion areas for actinic keratosis and
vascular lesions, which are correctly predicted with
high confidence (scores ranging from 0.92 to 1.00).
However, dermatofibroma exhibits scattered activation
patterns, reflecting the challenges the model faces in
accurately classifying this class. For actinic keratosis,
strong central activation is observed (score: 1.00),
signaling that the model reliably focuses on the most
relevant features. In contrast, nevus misclassification
(predicted as vascular lesion, score: 0.62) is associated
with peripheral activation, indicating overlap of
features between the two classes. Clear activation
patterns are evident for both actinic keratosis (score:
1.00) and vascular lesion (score: 0.98), demonstrating
robust feature localization. On the other hand,
dermatofibroma misclassification (predicted as nevus,
score: 0.69) shows diffuse activation, suggesting that
the model struggles to localize distinct features for this
class.

From a clinical perspective, Grad-CAM visualizations
offer a practical pathway for integrating the model's
decisions into real-world diagnostic workflows. In a
clinical setting, a dermatologist could use the Grad-
CAM heatmap as a secondary confirmation layer: after
the model produces a classification, the physician can
examine whether the highlighted activation region
corresponds to the visually suspicious area of the lesion.
If the model's focus aligns with the clinically relevant
region, it increases confidence in the prediction.
Conversely, if the activation is scattered or concentrated
outside the lesion boundary — as observed in several
dermatofibroma cases — the clinician is alerted to treat
the model's output with caution and apply independent
judgment. This human-in-the-loop approach preserves
clinical authority while leveraging the model's pattern
recognition capabilities. Future deployment of this
system in web or mobile applications could render
Grad-CAM overlays alongside the classification result,
enabling transparent and accountable Al-assisted
diagnosis even in  low-resource  healthcare
environments.
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Fig. 10. Grad-CAM visualization for different skin cancer types

The key finding of this study (defined here as the
primary result that departs from conventional
expectations and carries the greatest practical
implication) is the unexpected result that the 25%
training set configuration achieved the highest
validation accuracy of 90.69%, surpassing both the
30% (90.38%) and 20% (85.94%) configurations. This
counterintuitive outcome holds important implications
for skin cancer classification using CNN architectures.
It suggests that there is an optimal balance between
generalization and overfitting. The 25% configuration
provided enough data for effective learning without
introducing excessive noise or overfitting, which may
have occurred with the larger 30% dataset. Despite
having more training data, the 30% configuration
showed slight performance degradation, indicating that
additional data may have led to overfitting in some
cases. This finding emphasizes the need for careful
consideration of training data size, where too much data
may not necessarily lead to better performance if it
leads to overfitting.

Training efficiency was also a key aspect of the
analysis, revealing notable patterns. The 30%
configuration provided the highest accuracy/time ratio,
making it the most efficient in terms of computational
resources, while the 25% configuration, although
achieving the highest absolute accuracy, required
longer training times. The 20% configuration
demonstrated good efficiency but at the cost of
compromised accuracy, reinforcing the importance of
finding a balance between accuracy and computational
efficiency, especially in  resource-constrained
environments where time and hardware resources are
limited.

Class-specific performance showed consistent
patterns across all training configurations. Actinic
Keratosis demonstrated consistently high recall rates
(>92%) across all configurations, reflecting its reliable
detection  capabilities. Nevus showed robust
performance with recall rates ranging from 87.8% to
94.6%, indicating stable classification. Vascular Lesion
saw dramatic improvement in recall, progressing from
75% to 93% as the training set size increased,
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suggesting that larger datasets significantly improved
its classification accuracy. In contrast, Dermatofibroma
consistently exhibited the lowest performance (66.7% -
81.1%) across all configurations, presenting the
primary challenge in classification. This consistent
underperformance is likely due to dataset imbalance, as
dermatofibroma has the smallest number of images
(122 compared to 369 for nevus). This issue suggests
that targeted data augmentation or specialized
preprocessing techniques are necessary to address the
imbalance and improve classification accuracy [51].

Feature analysis provided additional insights into
the discriminative characteristics of different skin
cancer types [52]. Statistical features, such as skewness
and kurtosis, revealed clear distinctions between skin
cancer types [53]. Vascular Lesions exhibited the
highest kurtosis, indicating distinct intensity
distribution patterns, while Actinic Keratosis showed
the highest contrast, which may explain its consistently
strong classification performance [54]. Additionally,
texture-based features such as correlation coefficients
and contrast patterns were instrumental for
classification [55]. Vascular Lesions and Nevus
exhibited the highest correlation, suggesting smoother
texture patterns, further aiding in their differentiation.

Clinically, the achieved performance metrics offer
substantial potential for diagnostic support, with
accuracy levels exceeding 90% in the optimal
configurations. This makes the model suitable for use
in clinical settings, especially as a screening tool in
resource-limited environments. The finding that 25% of
the available training data yields optimal results has
significant implications for clinical deployment,
reducing annotation costs, accelerating deployment,
and improving accessibility for institutions with limited
resources. Furthermore, this multi-class classification
approach provides a more comprehensive diagnostic
tool compared to many studies focused solely on binary
melanoma detection, aligning more closely with
clinical practice where multiple lesion types must be
diagnosed.

Finally, the technical contributions of this study are
noteworthy. The use of transfer learning with ResNet-
50 for skin cancer classification proved highly
effective. The modification of the final layers of the
pretrained model to accommodate four classes while
maintaining the feature extraction capabilities of
ResNet-50 allowed for effective learning despite the
smaller dataset. The consistently high training accuracy
across all configurations further wvalidated the
effectiveness of knowledge transfer in deep learning.
Moreover, the feature engineering approach,
incorporating 15 handcrafted features, combined first-
order statistics, shape descriptors, and texture analysis
to provide comprehensive lesion characterization. This
enhanced the model’s ability to discriminate between
different skin cancer types, offering valuable insights
into the classifier’s decision-making process and
making it a useful tool for clinical applications.

IV. CONCLUSION

This study highlights the potential of automated
skin cancer classification using CNN architectures,
achieving clinically relevant performance with optimal
resource utilization. The central finding of this study
(that using only 25% of the data for testing (75% for
training) yields the highest validation accuracy of
90.69%) challenges traditional assumptions and offers
a practical breakthrough for resource-constrained
environments like rural or low-resource healthcare
settings. By using a smaller dataset, this method reduces
training time and computational costs while
maintaining high diagnostic accuracy. The multi-class
classification system effectively distinguishes between
four skin cancer types, demonstrating the robustness of
CNNs in complex medical problems. The clinical
applicability of this approach is a key strength, with the
model's performance making it suitable for real-world
diagnostic support, especially in underserved areas
where specialized expertise is scarce. This research
enables wider access to advanced skin cancer detection,
potentially saving lives in remote regions. From a
clinical impact perspective, the study emphasizes cost-
effective solutions that can be rapidly deployed. The
25% training configuration is recommended for skin
cancer classification systems due to its proven ability to
deliver high accuracy with minimal resources. Future
improvements, such as targeted dermatofibroma
detection through advanced data augmentation, will
further enhance the system’s diagnostic capabilities,
making it adaptable to various skin conditions.
Additionally, the Grad-CAM analysis demonstrated
that the model's decision-making is grounded in
clinically relevant regions of the dermoscopic image.
For actinic keratosis and vascular lesions, the model
consistently activated over the lesion core, reflecting
high-confidence and well-localized predictions. In
contrast, the diffuse and scattered activation patterns
observed for dermatofibroma indicate that the model
has not yet learned sufficiently discriminative features
for this class, likely due to the limited number of
training samples. These interpretability insights are
valuable not only for validating model behavior but also
for guiding future data collection efforts — specifically
targeting dermatofibroma cases to improve activation
focus. Incorporating Grad-CAM into the final
diagnostic system would enable clinicians to visually
verify the model's reasoning before accepting its output,
thereby enhancing trust and safety in clinical
deployment. Ultimately, this research supports the
adoption of Al-powered diagnostic tools, balancing
precision, efficiency, and ease of implementation, with
the potential to revolutionize dermatology.
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Abstract—Breast cancer remains one of the most
common causes of death among women, making early
and precise detection essential. Yet conventional
diagnosis can be limited by specialist shortages, cost, and
slow workflows. We therefore assess machine-learning
classification with feature selection to streamline
diagnosis. Our contribution is a comparative benchmark
of feature-selection strategies and classifiers on the
WDBC dataset. We evaluated five models (SVM, neural-
networks, decision tree, bagged-tree, and boosted-tree).
Chi-square (x?), mRMR, and ReliefF selected 5, 10, 15,
and 30 features, and performance was measured across
multiple train—test splits using accuracy, precision, recall,
specificity, and Fl-score. SVM was overall the top
performer and stable across splits. The best SVM setting
reached 97.81% accuracy, with strong precision and F1-
score, indicating reliable benign—malignant separation.
Neural-networks usually ranked second but were more
sensitive to the split. Bagged Tree generally improved on
a single decision tree, while Boosted Tree showed mixed
gains depending on the subset. ReliefF and mRMR often
matched or exceeded y? with smaller subsets, showing
that careful feature reduction can retain accuracy while
lowering dimensionality. In conclusion, combining
effective feature selection with an appropriate classifier
improves breast cancer classification, and SVM with a
compact feature set is a practical choice.

Index Terms—Breast cancer classification; Machine
learning; Feature selection; WDBC dataset; Support
Vector Machine

I. INTRODUCTION

Cancer has become one of the most critical global
health challenges today. Different forms of cancer,
including lung, cervical, thyroid, and breast cancer,
have generated widespread concern worldwide. Among
women in particular, breast cancer stands out as one of
the most common and life-threatening malignancies.
[1]. Breast cancer is the most frequently diagnosed
cancer among women, with concerning rates of
occurrence and death. It is estimated that around 10%
of women will develop breast cancer at some stage in

their lifetime [2]. In the ranking of cancer-related
mortality among women, breast cancer occupies the
second position after lung cancer. This indicates that,
despite not being the primary cause of cancer deaths,
breast cancer remains a substantial contributor to
female cancer mortality and represents a significant
global public health burden [3]. Statistically, breast
cancer contributes to 25% of all cancer cases and
represents 12% of total new cancer cases diagnosed in
women [4]. Medically, breast cancer is defined as
uncontrolled cell proliferation originating from breast
tissue [5]. This abnormal proliferation forms a mass
called a tumor. Tumor classification is divided into two
main categories: benign tumors which are non-
cancerous, and malignant tumors which are cancerous
[6]. Benign tumors have characteristics of slow growth,
clear boundaries, and no ability to spread to other
tissues or organs. In contrast, malignant tumors exhibit
rapid and uncontrolled growth, possess poorly defined
margins, and have the capacity to metastasize,
spreading to distant organs or tissues throughout the
body [7].

World Health Organization (WHO) data shows that
breast cancer trends are experiencing significant
increases not only in developed countries but also in
middle- and low-income countries. Data indicate that
more than 2.3 million females received a breast cancer
diagnosis in 2020, with the number of deaths estimated
at approximately 685,000 cases worldwide. WHO
projections show an alarming increase, where the
number of deaths from breast cancer increased from
685,000 to 963,000 in 2021 [8]. Breast cancer detection
can be performed through various medical examination
modalities, including breast ultrasonography, physical
examination by professional medical personnel, biopsy
(tissue sampling for histopathological analysis),
mammography, and breast MRI [9]. Biopsy is
considered the gold standard among all diagnostic
techniques for breast cancer diagnosis confirmation.
Radiologists and specialist doctors then interpret
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comprehensive examination results to determine cell
malignancy status [10].

However, there are several significant limitations in
conventional diagnostic systems. First, limited
availability of specialist doctors becomes a barrier to
healthcare access. Second, most tumors in early stages
do not show clear clinical manifestations. Third, the
entire diagnostic process requires relatively long time.
Fourth, high medical examination costs become a
barrier for some communities [11]. Yet, early breast
cancer detection can prevent patients from unnecessary
therapy and significantly improve prognosis. The
limitations in conventional diagnostic systems drive
researchers to develop Computer-Aided Diagnosis
(CAD) systems capable of detecting tumors and
providing accurate and rapid results without
dependence on doctor or radiologist interpretation [12].
Machine learning, as a branch of Al, has been widely
applied for disease prediction based on historical data
and learning patterns. This technology implements
various approaches for performance optimization,
including optimization, statistical, and probabilistic
techniques.

Comparative studies have demonstrated that
experienced specialist physicians achieve a diagnostic
accuracy of approximately 79% in detecting breast
cancer, whereas machine learning based approaches
have been reported to attain accuracy levels of up to
91%, indicating their potential to enhance diagnostic
performance [13]. These results show that machine
learning has superior capabilities in preventing and
detecting diseases compared to conventional methods.
Thus, machine learning implementation has great
potential to reduce mortality rates from cancer. In
recent years, different approaches for forecasting breast
cancer have emerged. Classification techniques such as
Random Forest (RF), Support Vector Machine (SVM),
AdaBoost Classifier, K-Nearest Neighbors (KNN), and
XGBoost Classifier have been used in various recent
literature. This study employs the Wisconsin
Diagnostic Breast Cancer (WDBC) obtained from
Kaggle and applies multiple machine learning based
classification algorithms to systematically classify
breast cancer types in patients with suspected
malignancy. Five classification models used in this
study include Decision Tree (DT), SVM, Neural
Networks, Bagged Tree, and Boosted Tree. This
research also implements three different feature
selection methods, namely Chi-square (y?), Minimum
Redundancy Maximum Relevance (MRMR), and
ReliefF to optimize model performance.

This research has several main objectives: to
conduct experimental analysis on the WDBC dataset
from the UCI machine learning repository and examine
the correlation between features and the observed target
class, to implement various current machine learning
classification models on the dataset with various feature
selection methods, and to conduct comparative analysis
of the results to identify the optimal combination
between feature selection methods and classification
algorithms. Based on the research background and

objectives, this research attempts to answer two main
research questions (primary research questions):

1) Among the three feature selection techniques (Chi-
square (x?), MRMR, and ReliefF), which method
demonstrates the highest effectiveness in enhancing
the predictive accuracy of breast cancer
classification?

2) Among the five classification algorithms (SVM,
Neural Networks, DT, Bagged Tree, and Boosted
Tree), which model exhibits superior performance
based on comprehensive evaluation metrics,
including accuracy, precision, specificity, recall,
and F1-score?

The WDBC dataset has been used in many studies, but
most of them test only one feature selection method or
one classifier at a time, which makes it hard to tell
which combination works best. This study differs by
comparing several feature selection methods and
classifiers together under the same settings, so that the
most accurate classifier and the most efficient feature
selection method can be identified, along with the trade-
off between the number of features and accuracy.

II. LITERATURE REVIEW

Previous studies have applied various machine
learning techniques to breast cancer detection using the
WDBC dataset and its extensions. As summarized in
Table I, recent literature highlights a clear progression
in optimizing these models through feature selection
and algorithm tuning. In 2021, Ara et al. [14] evaluated
30 features from the WDBC dataset, showing that the
SVM achieved 96.5% accuracy while DT reached
95.1%. Similarly, Naji et al. [18] demonstrated that
reducing the dataset to 11 features still yielded high
accuracies of 98.4% for SVM and 98.8% for DT.

In 2022, studies began emphasizing advanced
ensembles and optimizing pipelines. Aamir et al. [16]
reported that supervised learning models, particularly
multilayer perceptron (MLP), could achieve a very high
diagnostic accuracy of 99.12% on the WDBC dataset.
Furthermore, Rasool et al. [20] proved that optimized
machine learning pipelines significantly improve breast
cancer prediction, with SVM reaching 99.3% accuracy
when combined with appropriate feature selection and
Preprocessing.

TABLE L SUMMARY OF RECENT WORK
Authors Dataset Algorithm Best
Accuracy
Ara ot al WDBC, 357 benign Acc: 96.5%
2021) [14] and 212 malignant, | SVM, DT (SVM),
30 features 95.1% (DT)
Naii ef al WDBC, 357 benign Acc: 98.4%
(20% (1] | nd212 malignant, | SVM,DT | (SVM),
11 features 98.8% (DT)
Aamir et al .WDBC’ 369 RF, GB, Acc: 99.12%
(2022) [16] instances, 30 SVM, (MLP)
features ANN, MLP
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Authors Dataset Algorithm Best
Accuracy
Rasool et al stﬁccé:g% SVM, LR, | Acc:99.3%
(2022) [20] featurcs KNN, EC (SVM)
. WDBC, 357 benign Acc: 98.07%
I(Jz%‘;‘;‘)e[télj and 212 malignant, | SVM, DT | (SVM),
30 Features 94.20% (DT)
Khalid et al. Acc: 93.8%
(2023)[15] WDBC, 11 features DT (OT)
. . . LR, RF,

Strelcenia a_nd WlSCOl’lSll:l Breagt DT, KNN, | Acc: 98.64%
Prakoonwit. Cancer Diagnosis MLP (D7)
(2023) [17] Dataset XGBoost

Al-Imran et al. WDBC, 699 SVM Acc: 98.5%
(2024)[19] instances - NM (SVM)
Arifin ot al WDBC from Acc: 72.9%
(2024) [22]' Metabric, 15 SVM, DT (SVM),

features 90.6% (DT)
Okundalaye . o
and Ozdemir WDBC S\]/(IEAI\’HEF ’ AC(CS\?E/I()) "
(2026) [21]
Subsequent research in 2023 continued to

underscore the critical role of feature engineering and
algorithm selection. Uddin et al. [13] and Khalid et al.
[15] consistently affirmed the reliability of SVM and
DT algorithms, obtaining Accuracy ranging from
93.8% to 98.07% depending on the chosen feature
subsets. Moreover, Strelcenia and Prakoonwit [17]
showed that feature engineering remains highly

effective, with DT reaching 98.64% accuracy in a
comparative evaluation of six classifiers.

More recently, studies by Al-Imran et al. [19] and
Arifin et al. [22] in 2024 expanded evaluations across
different configurations, maintaining SVM's position as
a robust classifier with accuracies up to 98.5%. Finally,
Okundalaye and Ozdemir [21] further confirmed that
optimized machine learning workflows based on
WDBC can maintain strong predictive performance,
with SVM outperforming RF and k-NN under rigorous
feature selection and cross-validation.

Taken together, these studies indicate that breast
cancer classification performance depends not only on
the choice of classifier, but also heavily on feature
engineering, dimensionality reduction, and validation
strategies.

[II. METHODOLOGY

The proposed approach to enhance predictive
accuracy in breast cancer diagnosis involves the
implementation of multiple machine learning
algorithms, including DT, SVM, Neural Networks,
Bagged Tree, and Boosted Tree, to generate
classification predictions. With 5 parameters, 10
parameters, 15 parameters, and 30 parameters tested,
resulting in TP, TN, FP, and FN. Figure 1 presents a
summary of the research stages in the form of a flow
diagram.

i Select Top Feature
N Feature selection
Split Data - > 5
»  80:20 X
e > 10
Dataset »  70:30 > MRMR
15
T
Data Preprocessing
Learning Model Performance Metric
Accurac
Decision Tree (DT) »> y
Suppart Wector N Precision
Machine (SVM) 7
Meural Network Specifit
(NN) > P Y ——»| Best Model
Recall
Bagged Tree »
F1-Score
Boosted Tree >
AUC-ROC

Fig. 1. Methodology of the research

A. Breast Cancer Dataset

This research uses a public dataset available on
Kaggle named Wisconsin Diagnostic Breast Cancer

(WDBC). This dataset contains parameters used to
distinguish between benign (non-tumorous) and
malignant (cancer-related) conditions. The dataset
consists of 569 data instances and 30 numeric features
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obtained from the UCI ML Repository, and contains no
missing values. These features are not raw images, they
are numeric values computed from digitized images of
fine-needle aspirate (FNA) samples of breast masses,
where each image was processed to measure
characteristics of the cell nuclei (such as radius, texture,
perimeter, and area). The classification in this study is
therefore performed on these 30 computed features
rather than on image pixels. From the total data, the
dataset includes 357 benign cases and 212 malignant
cases. The description of the 30 features is presented in
Table I1.

TABLE II. DESCRIPTIONS OF FEATURES

Feature Name Feature Description

Mean distance from the centroid to points

Radi X
adius located along the lesion boundary.
Texture Vanatlf)n in grayscale intensity values across
the region of interest.
Perimeter Total length of the boundary contour

surrounding the lesion.

Total number of pixels enclosed within the
Area lesion boundary, including a weighted
contribution from boundary pixels.

Measure of local variation in radial distances,

Smoothness computed from differences between adjacent
radial lengths.
Ratio of the squared perimeter to the area,
Compactness .
reflecting the degree of shape compactness.
Quantitative assessment of the depth or
Concavity prominence of concave regions along the

contour.

Number of discrete concave segments

Concave points identified along the lesion boundary.

Degree of similarity between two halves of
the lesion when divided along the major axis,

Symmetry measured by differences in perpendicular
distances to the boundary.
Estimated fractal dimension of the contour,
Fractal representing boundary complexity; higher
Dimension values indicate increased irregularity, which

may correlate with greater malignancy risk.

B. Data Splitting

To ensure robust model evaluation, the dataset was
partitioned using stratified random sampling with three
training-to-testing ratios: 80:20, 75:25, and 70:30. The
use of multiple train—test ratios was intended to assess
the sensitivity of classification performance to the
amount of training data available. Stratified sampling
was applied to preserve the original class distribution of
benign and malignant cases in both the training and
testing subsets.

For each train—test configuration, a 5-fold cross-
validation procedure was performed on the training
dataset. The training data were divided into five
approximately equal folds. In each iteration, four folds
were used to train the model, while the remaining fold
was used for validation. This process was repeated five
times so that each fold served once as the validation set.
The final cross-validation performance was obtained by

averaging the results across all five folds. After model
validation, the optimized model was evaluated on the
independent test set corresponding to the selected train—
test ratio.

C. Feature Selection

In this section, the dataset undergoes ranking
iterations considering the top 5, 10, 15, and 30 features,
where this ranking uses several feature selection
algorithms: y2, MRMR, ReliefF.

1) Chi-square (x?)

Chi-square is a statistical approach that assesses
how categorical variables are associated with the target
class [23]. The 2 method is utilized in this research, as
multi-class data is supported and mixed attributes
(numeric and discrete) can be effectively handled. The
algorithm evaluates the dependency between class
labels and intervals using the y? statistic. Intervals with
similar class distributions are merged based on the
following formula [23]:
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Equation (1) measures the dependency between
each feature interval and the class label using the x?2
statistic. A higher y? value indicates a stronger
association between the feature and the target class,
meaning that the feature contributes more
discriminative information for classification. In this
study, the y? criterion was used to rank all candidate
features, and the top-ranked 5, 10, 15, and 30 features
were retained for subsequent classifier evaluation [23].

2) MRMR

MRMR uses a more sophisticated approach by
taking into account two criteria at once, which are
maximizing feature relevance to the target class and
minimizing redundancy among chosen features [24].
This algorithm is chosen because MRMR is highly
effective for high-dimensional datasets as it can identify
optimal feature subsets without excessive redundancy.
The formula for MRMR is as follows [25]:
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Where:

Xi = the i-th candidate feature that has not been selected
yet (not in the set S)

S = The set of features which has been previously
selected.

¢ = the target class/label

Xj = the j-th feature contained in S (previously chosen)
|S| = the count of features in S

Equation (2) shows that MRMR selects features by
maximizing their mutual information with the target
class while minimizing redundancy among the selected
features [25]. In other words, the method favors features
that are both highly relevant for distinguishing benign
and malignant cases and minimally overlapping in the
information they provide. In this study, the MRMR
criterion was applied to rank all candidate features, after
which the top 5, 10, 15, and 30 features were used as
input subsets for the classification models [24].

3) ReliefF

ReliefF is a development of the Relief algorithm
designed to handle multi-class data and missing values.
This algorithm operates by assessing feature quality,
determining how effectively a specific feature can
discriminate between instances across different classes
[26]. This algorithm is used because ReliefF is capable
of detecting interactions between features and can work
with various data types without specific distribution
assumptions. The core mechanism for estimating
feature weights (W) is mathematically formalized as
follows [27]:

WIA] = WA] - diff(A, R;, H) + diff(A, R;, M) )
m m
dif f(A,X,Y) = |value(4, X) — value(4,Y)| @

max(A4) — min(A4)

Equation (3) updates the weight of each feature
according to its ability to distinguish between
neighboring instances from different classes while
remaining consistent for instances belonging to the
same class. Equation (4) defines the normalized
difference function used in the weight update, allowing
feature values to be compared on a common scale.
Therefore, features that consistently separate malignant
from benign samples receive higher weights and higher
ranking positions. In this study, the resulting ReliefF
weights were used to construct the top 5, 10, 15, and 30
feature subsets for model evaluation [26], [27].

4) Feature Ranking Strategy

Each feature selection algorithm will produce
feature rankings based on their respective scores. From
these rankings, 4 subsets will be selected: top 5, 10, 15,
and 30 features to evaluate their performance. The
number of selected features is determined to observe the
impact of feature ranking on the computational
accuracy of the machine learning model.

D. Machine Learning Classifiers

This section will discuss the working procedures of
using DT, SVM, Neural Networks, Gradient Boosted
Tree, Gradient Bagged Tree.

1) Decision Trees (DT)

DT is a classification model that computes the
output of a function f(x) through a sequential testing
process on input x. In this structure, the result of each
specific test dictates the subsequent step, proceeding
iteratively until the precise value of f(x) is determined
[28]. The DT works by selecting the optimal split at
each node based on a purity criterion. This model uses
the following entropy formula [29]:

H(S) = —Zipilog2(pi) 5)

where pi = the proportion of samples belonging to class
i. The value of entropy ranges from 0 (pure) to logz(c),
where c is the number of classes.

Equation (5) is used to measure the impurity of a node
in the decision tree. A lower entropy value indicates
that the samples within a node belong predominantly
to a single class, whereas a higher entropy value
reflects greater class heterogeneity. During training,
the decision tree selects splits that maximize entropy
reduction, thereby producing more homogeneous child
nodes and improving classification performance.

2) Support Vector Machine (SVM)

SVM is a supervised machine learning algorithm
used primarily for classification. By analyzing labeled
training datasets, the model learns to accurately predict
outcomes for new, previously unseen data. SVM
operates by identifying a separating hyperplane that
establishes the widest possible gap between the closest
data points of different categories. This boundary
effectively acts as a decision threshold, allowing the
model to classify data based on its position relative to
the line [30]. Where the equation of the hyperplane is
defined as follows [31]:

fx) =wlx+b 6)

where the weight vector is denoted by w, and the bias
is represented by b.

Equation (6) defines the separating hyperplane used by
SVM to distinguish between benign and malignant
classes. The optimal hyperplane is determined by
maximizing the margin between support vectors from
different classes, thereby improving generalization
performance.

3) Neural Networks (NN)

Neural Networks is a computational architecture
consisting of interconnected layers of neurons. In this
research, the Neural Network model was implemented
using the Narrow Neural Network architecture
available in MATLAB Classification Learner. This
architecture consists of a feedforward neural network
with a single hidden layer containing 10 neurons. The
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number of input neurons depends on the selected
feature subset (5, 10, 15, or 30 features), while the
output layer contains two neurons representing benign
and malignant classes. The selection of Neural
Networks is based on its ability to learn complex non-
linear patterns in data and its proven effectiveness in
various classification tasks [32].

The learning process is performed using the
backpropagation algorithm. The main formula used in
weight updating is given as follows [33]:

0E _ 6EX do ><6net
ow 9o dnet” ow

()]

where:

E = the error function

w = the weight

o = the output

net = the weighted sum of inputs

Equation (7) represents the weight adjustment process
in the backpropagation learning algorithm. During
training, the network minimizes the error function by
iteratively updating connection weights, enabling the
model to learn complex nonlinear relationships within
the dataset.

4) Boosted Tree

Boosted Tree is an ensemble method that combines
multiple decision trees sequentially for classification
tasks. Each new tree is trained to correct prediction
errors from the combination of previous trees by
minimizing the loss function through gradient descent
[34]. The main formula of this model is as follows [35]:

Frn = Fon-n@ + Ymhime ®)

where:

F(x) = the ensemble model at the m-th iteration

¥m 18 the learning rate

hm(x) = the weak learner (decision tree) trained to
predict the negative gradient of the loss function

Equation (8) describes the ensemble prediction
generated during each boosting iteration. The model
progressively reduces classification errors by adding
weak learners that focus on previously misclassified
samples.

5) Bagged Tree

Bagged Tree is an ensemble method that uses
bootstrap  aggregating techniques to improve
classification accuracy. In this ensemble, multiple
decision trees are trained on resampled subsets of the
dataset, with final predictions determined through
majority voting [34]. The main formula of this model is
as follows [36]:

1
Paco = (5) * 20 = 160 B (e, L) ©)

where:

@A) = the aggregated predictor

B = the number of bootstrap samples

¢ (%, Ly) = the predictor trained on the b-th bootstrap
sample

Ly = the bootstrap sample drawn from the original
dataset

Equation (9) represents the aggregation mechanism of
bagging, where predictions from multiple bootstrap-
trained trees are combined through majority voting to
improve stability and reduce overfitting.

E. Hyperparameter Configuration

All classification models were implemented using
MATLAB R2024a Classification Learner using the
built-in classifier configurations. The Support Vector
Machine (SVM) classifier employed a Gaussian kernel
function with standardized predictors. The Decision
Tree classifier used the default Gini diversity criterion
for node splitting. The Neural Network classifier
utilized MATLAB’s Narrow Neural Network
architecture, while Bagged Tree and Boosted Tree
classifiers were implemented using the ensemble
learning methods available in MATLAB Classification
Learner. To ensure a fair comparison, all classifiers
were trained and evaluated under identical data
partition settings, feature selection methods, and
performance  evaluation metrics. All  model
hyperparameters were kept at the default settings
provided by MATLAB R2024a Classification Learner
unless otherwise specified. For SVM, a Gaussian
kernel with standardized predictors was used. The
Neural Network model employed MATLAB’s Narrow
Neural Network architecture with one hidden layer of
10 neurons. The Bagged Tree and Boosted Tree
classifiers were implemented using MATLAB’s
default ensemble settings. Model selection within each
training set was based on the average validation
performance obtained from 5-fold cross-validation,
and the selected model was then evaluated on the
corresponding held-out test set.

F. Model Evaluation

Each classification algorithm’s performance will be
assessed based on the following metrics [36]:

1) Accuracy (A): the ratio of correct predictions to the
total number of predictions made. Accuracy

formula:
TP + TN

A= P INTFP+EN

(10)

2) Precision (PPV): proportion of true positive from
total positive predictions. Precision formula:

PPV=—— (11)

3) Specificity (TNR): proportion of true negative from
total negative predictions. Specificity formula:

TNR = (12)

TN + FP
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4) Recall (TPR): proportion of true positive from total

actual positive cases. Recall formula:
TP

TPR= 15 T PN

(13)
5) Fl-score (F): harmonic mean of precision and

recall. Fl-score formula:
2 X PPV x TPR
F=———F7— (14)
PPV + TPR
6) AUC-ROC: total area situated beneath the Receiver

Operating Characteristic curve.

Equations (10) - (14) define the evaluation metrics
used to compare the performance of all classification
models. Accuracy in Equation (10) measures the
overall proportion of correct predictions, precision in
Equation (11) reflects the reliability of positive
predictions, specificity in Equation (12) quantifies the
correct identification of benign cases, recall in Equation
(13) measures the ability to detect malignant cases, and
Fl-score in Equation (14) summarizes the balance
between precision and recall. These metrics were
selected to provide a comprehensive assessment of
model performance, particularly because breast cancer
classification requires not only high overall accuracy
but also strong sensitivity and specificity [36].

IV. RESULTS AND DISCUSSIONS

This part offers an in-depth examination of the
results from experiments focused on applying machine
learning methods for identifying breast cancer in the
fields of healthcare studies and data analytics.. A total
of 180 experimental scenarios were systematically
designed by varying multiple parameters, including
data partition ratios (80:20, 75:25, and 70:30), feature
selection techniques (2, MRMR, and ReliefF), the
number of chosen features (5, 10, 15, and 30), and
classification algorithms (DT, SVM, Neural Networks,
Bagged Tree, and Boosted Tree). Model performance
was rigorously assessed using several evaluation
metrics, namely accuracy, precision (PPV), specificity
(TNR), recall (TPR), and Fl-score. All experiments
were implemented using MATLAB R2024a to identify
the most optimal combination of feature selection
strategies and classification models for breast cancer
diagnosis.

A. Algorithm Performance Comparison

Table III presents the best performance achieved by
each algorithm across all experimental configurations.
SVM achieved the highest accuracy of 97.81% using
MRMR feature selection with 15 features and 80:20
data split, followed by Neural Networks with 97.42%
accuracy.

TABLE III. PERFORMANCE COMPARISON OF MACHINE
LEARNING ALGORITHMS
Algorithm FS ch‘:l'm 'l“:;'t' Ace PPV [TNR sf“'r'c Recall
SVM MRMR 15 80:20 97.81 99.38 99.65 96.99 94.71

Neural

Network ReliefF 30 75:25 97.42 98.05  [98.88 | 96.49 94.97

Bagged Tree | MRMR 30 80:20 [9583 9632 [97.90 [94.29 [92.35
Decision 1 5 80:20 9408 [ 91.81 [95.10 |92.08 [92.35
Tree

Boosted
Tree

MRMR 5 75:25 75.18 93.44  |98.51 51.82 35.85

SVM  consistently  demonstrated  superior
performance across different configurations. The
algorithm achieved high precision (99.38%) and
specificity (99.65%), indicating excellent ability to
correctly identify both malignant and benign cases.
Neural Networks showed competitive performance
with balanced metrics across all evaluation criteria.

B. Performance Comparison Based on Feature
Selection Methods

Table IV compares the effectiveness of different
feature selection methods under the 80:20 data split in
achieving optimal performance of each algorithm.

TABLE IV. ACCURACY COMPARISON OF FEATURE SELECTION
METHODS ACROSS ALGORITHM.
Best
Algorithm | ¥*(%) MRMR(%) ReliefF(%) | Feature
Selection
MRMR
SVM 97.81(30) | 97.81(15) |[97.81(30) with 15
arameters
Neural Y 2with 30
Networks 96.49(30) | 96.05(30) |96.27(15) rameters
Bagged M.RMR
Troe 94.52(30) | 95.83(30) 95.39(5) with 30
arameters
2 .
DT  [94.0855) |93.6430) | 93.42(5) § Withs
arameters
ReliefF
Boosted  $9.08(15) | 69.30(5) 69.52(30) with 30
arameters

MRMR demonstrated superior efficiency by
achieving peak accuracy with only 15 features,
representing a 50% reduction compared to the full
feature set. All three feature selection methods achieved
the same peak accuracy (97.81%) when combined with
SVM, indicating the robustness of the algorithm.

Note that Table IV is restricted to the 80:20 split;
the overall best Neural Networks result (97.42% with
ReliefF) in Table III occurs at the 75:25 split.

C. Algorithm Performance Analysis
1) Support Vector Machine (SVM)

SVM demonstrated superior and consistent
performance compared to other algorithms. SVM's
highest accuracy reached 97.81% with various feature
selection configurations. Since SVM separates the two
classes by searching for the widest margin between
them, it worked well on the standardized features of this
dataset. Its precision (99.38%) and specificity (99.65%)
were high because very few benign cases were
predicted as malignant. The accuracy of SVM also
changed little across the three train—test ratios, showing
that it was not very sensitive to the amount of training
data.
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2) Neural Networks (NN)

Neural Networks showed very good performance
with the highest accuracy of 97.42% in the
configuration of top 30 features with ReliefF. Neural
Networks is capable of capturing complex patterns in
data, but requires more careful parameter tuning
compared to SVM.

3) Decision Tree (DT)

DT provided good performance with average
accuracy above 90%. Although it did not achieve
accuracy as high as SVM or Neural Networks, DT still
provided acceptable results with the highest accuracy of
94.08% on the top 5 features with y?

4) Bagged Tree

Bagged Tree showed improved performance
compared to single DT with the best accuracy of
95.83% in several configurations. This ensemble
method is effective in reducing overfitting and
improving model generalization.

5) Boosted Tree

Boosted Tree showed suboptimal performance with
very low accuracy (around 62-75%). The confusion
matrices explain why. In most configurations the model
predicted almost everything as benign, producing very
few true positives and a recall near zero. An accuracy
of 62% here mainly reflects the share of benign cases in
the data rather than any real ability to detect malignant
tumours. Even the best run, 75.18% with MRMR and
five features, reached a recall of only 35.85%, meaning
many malignant cases were missed. Such a result is not
acceptable for screening. Since the other four classifiers
handled the same data well, this failure is specific to the
boosting configuration rather than a property of the
dataset. The most likely cause is the default ensemble
setting in MATLAB, which was not suited to this case,
and not a weakness of boosting as a method, so the
result should not be generalized. Tuning the number of
weak learners and the learning rate would be expected
to improve it.

D. Feature Selection Performance Analysis

1) Chi-square Feature Selection

Evaluation results using the Chi-square method
showed that SVM had the best performance with
accuracy up to 97.81% on the top 30 features (80:20
data split). In this configuration, SVM achieved
precision of 98.78%, specificity of 99.30%, F1-score of
97.01%, and recall of 95.29%. Neural Networks also
showed good performance with 96.49% accuracy on
the top 30 features, while DT achieved maximum
accuracy of 94.08% on the top 5 features.

2) MRMR Feature Selection

The MRMR approach delivered excellent
performance, with the SVM model reaching its highest
accuracy of 97.81% when using the top 15 features
under the 80:20 data split. These results demonstrate

MRMR's efficiency in selecting relevant features with
minimum redundancy. Under this setup, the SVM
model recorded strong metric performance, attaining a
precision of 99.38%, a specificity of 99.65%, an
F1-score 0f 96.99%, and a recall rate 0of 94.71%. Neural
Networks with MRMR achieved 96.96% accuracy at
the 75:25 data split with the top 30 features.

3) ReliefF Feature Selection

ReliefF showed competitive performance with
SVM achieving 97.81% accuracy on the top 30 features
(80:20 data split). Neural Networks with ReliefF
demonstrated very good performance with 97.42%
accuracy at the 75:25 data split with the top 30 features,
achieving precision of 98.05%, specificity of 98.88%,
Fl-score of 96.49%, and recall of 94.97%.

V.  CONCLUSION AND FUTURE WORKS

Recent advances in computational intelligence have
highlighted the significant role of machine learning
cancer diagnosis. In this study, the WDBC was utilized
to conduct a comprehensive evaluation of several
classification algorithms, namely SVM, DT, Neural
Networks, Boosted Tree, and Bagged Tree. These
classifiers were systematically integrated with three
feature selection approaches, MRMR, x2, and ReliefF,
across multiple feature subset configurations (5, 10, 15,
and 30 features).

The empirical findings demonstrate that SVM
consistently showed better performance compared to
the other models for every evaluation measure,
achieving a maximum accuracy of 97.81% when 15 and
30 features were employed. Notably, this peak accuracy
was reached by MRMR using only 15 of the 30
features, halving the dimensionality without any loss in
accuracy, which is useful for building lighter computer-
aided diagnosis systems. In contrast, The Bagged Tree
model also showed strong performance, reaching its
highest accuracy of 95.83% with MRMR using 30
selected features. In a reduced-feature setting, the
model remained competitive, achieving 95.39% with
ReliefF using only five features. These outcomes
underscore the critical importance of aligning
appropriate feature selection strategies with suitable
classification algorithms to optimize predictive
performance in breast cancer diagnosis. Within the
scope of this investigation, SVM, Neural Networks, and
Bagged Tree models were identified as the most
effective configurations.

The results further provide methodological
implications for subsequent research. While a
conventional Neural Network architecture was
implemented, more sophisticated deep learning models,
such as Convolutional Neural Networks (CNNs), may
yield enhanced predictive capability, particularly when
complemented by data augmentation techniques.
Despite the high performance achieved by SVM,
further refinement remains feasible. Enhanced model
performance may be realized through more rigorous
hyperparameter optimization, including systematic
tuning of kernel functions (e.g., linear, radial basis
function, or polynomial), the regularization parameter
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and the gamma parameter. Additionally, the

incorporation of dimensionality reduction techniques
such as PCA, as well as imbalance-handling methods
like SMOTE, may further strengthen generalization
performance and model robustness.
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Abstract— The assessment of rhythmic gymnastics need
precision, balance, and harmonious body coordination.
It is often carried out with visual observation. This
research aims to develop a sensor-based assessment
system to process, classify, and score measurement data
automatically. An ADXL335 accelerometer sensor and
an HMC5883L magnetometer sensor are integrated with
an ESP32-C3 mini transmitter to acquire three-axis
acceleration and heading data in real time. The receiver
sends data to a PC application that performs
downsampling with average pooling to reduce signal
density, min—max normalisation to harmonise scale
across axes, and compares the processed test sequence
against reference data. Deviations are quantified through
per-parameter error computation, which is converted to
accuracy and generate an overall performance score by
combined using predefined weights that is displayed on
an LCD/P10 panel. Experimental trials on SKJ 2012
warm-up movements show that the proposed method can
classify sensor data and generate scoring outputs. The
findings indicate that sequences closely matching the
reference pattern consistently yield high scores about 80—
85, while deliberately incorrect movement produce much
lower scores, around. This research provides an
objective, repeatable, and real-time scoring mechanism
that approach for transforming sensor measurements
into interpretable assessment results.

Index Terms— ADXL335 Accelerometer;
HMC5883L Magnetometer; Average Pooling; Min-Max
Normalisation; Rhythmic Gymnastics Performance
Evaluation

1. INTRODUCTION

Rhythmic gymnastics combines repeated body
movement, timing, balance, and coordination. The
objective of gymnastics is to enhance health and
physical fitness [1] [2]. The intensity of gymnastic
movements varies according to the rhythm of the
selected music [3]. In order to determine the quality of
performance and competence of participants in
performing movements in accordance with the
movement references of each gymnastics routine, the
evaluation process in sports activities must be
considered. Currently, rhythmic gymnastics students

are predominantly assessed manually that rely on visual
observation. Nevertheless, this approach is tends to
inconsistency and bias due to factors such as assessor
fatigue, environmental conditions and time constraints
that are difficult to avoid [5]. Wearable inertial sensors
provide a practical route to reduce this subjectivity
because they can record body motion directly during
training [4]. Automatic scoring has also been explored
in other sports contexts, such as electronic scoring for
tackwondo, and statistical approaches have been
discussed for improving fairness in gymnastics judging
[6]. Research undertaken hitherto has demonstrated that
the  implementation of  accelerometer and
magnetometer sensors can be utilised to facilitate the
monitoring of rhythmic gymnastics activities in
conjunction with an Android application [7]. However,
the present research has not been equipped with an
automatic assessment feature that can directly generate
a final score for gymnastics activities. Moreover,
concomitant research employing the HMCS883L
magnetometer sensor for the development of shooting
practice and research on tools for monitoring sit-ups
with  accelerometer and  gyroscope  sensors
demonstrates that the application of sensor technology
can enhance the accuracy of movement phase
determination [8] [9].

Accordingly, this research developed an automatic
gymnastics movement assessment system as a
pioneering solution that minimizes subjectivity and
inconsistency in the assessment process [10]. The
system comprises an ESP32-C3 Mini as a transmitter
and a Wemos D1 Mini ESP32 as a receiver, operating
in an integrated manner. The transmitter module is
employed to collect data from the ADXL335
accelerometer and HMC5883L magnetometer sensors,
thereby enabling the real-time recording of SKJ 2012
[11] [12] [13]. Meanwhile, the receiver module,
comprising the power supply and LCD components, is
tasked with receiving data, processing the data sent to
the application, and sending the score to the display as
a form of data visualisation.
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II. METHOD

In this research, an automatic gymnastics movement
assessment tool was designed using the downsampling
method with average pooling and min-max
normalisation. Integrating key components such as the
ADXL335 accelerometer sensor, HMC5883L
magnetometer sensor, ESP32 C3-Mini, and Wemos
D1 Mini ESP32 using client-server communication
[14][15].

A. System Design

The device's design requires the utilisation of a
block diagram to facilitate comprehension of its
operational workflow. The design of this device consist
of three modules: the transmitter module, the receiver
module, and the display panel module. As illustrated in
Figure 1la, the transmitter module facilitates the
transmission of sensor data to the receiver module, a
process that necessitates the utilisation of several
components, including the ESP32-C3 mini, a
magnetometer sensor, an accelerometer sensor, a 18650
Li-Ion battery, an on-off switch, an LED, and a step-
down voltage regulator. As illustrated in Figure 1b, the
receiver module is responsible for the processing of
data and the transmission of values to the display panel
module, which subsequently displays the values
visually. The components required for the construction
of the device are as follows: an on-off switch, a DF
player mini, a 12V SMPS, a Wemos D1 mini ESP32, a
20x4 LCD, a push button, an LED, an EEPROM, a
PAM 8610, a step-down voltage regulator, an HC-05
Bluetooth module, and a PC. Meanwhile, the
components in Figure lc require a 5V SMPS, HC-05
Bluetooth module, Arduino Nano, and P10 display
panel.

Figure 1. Block Diagram of the Module System (a)
Transmitter and (b) Receiver (c) Display Modul panel

In the process of designing an automatic gymnastics
movement assessment tool, the flowchart or flow
diagram illustrating the overall working concept can be
found in Figure 2. The preliminary stage in the system

design process is to initiate the system, which involves
configuring the hardware and software to enable
connection. This encompasses the configuration of the
transmitter and receiver modules, the initialisation of
the microcontroller, the initialisation of the
accelerometer and magnetometer sensors for data
collection, and the activation of the LCD and button
inputs. Subsequent to the establishment of a connection,
the user is able to select the type of thythmic gymnastics
to be used. The sensors will immediately record body
orientation and movement data in real time, then
transmit it to the server via a Wi-Fi connection and
forward it to the PC/laptop application [16]. The test
data will then be compared with the master data from
the application. The participant's performance score is
calculated based on various predetermined parameters.
This score will then be transmitted back to the server
via Bluetooth connection and forwarded to the display
panel module. The retesting process can be repeated by
executing the same procedure once more.

The complete workflow is shown in Figure 2. After the
system is initialized, the user selects the gymnastics
routine to be evaluated. The transmitter then records
acceleration and orientation data while the participant
performs the movement. The receiver sends this data to
the PC application, where the test sequence is processed
and compared with the master sequence. The calculated
score is returned to the receiver and then sent to the P10
display.

System
Initialization
Choose the type of
gymnastics rhythm

i

Participants do
gymnastics

The GY-273 and ADXL335
sensors send data to the server
via Wi-Fi.

ESP32 on the server receives
data

I

‘ Send data to the application ‘

I

‘ Compare reference data with ‘

test data

J

‘ Calculate score or value ‘

J

‘ Return the score to the server ‘

I

Send score to the panel via
Bluetooth

I

‘ Display the score ‘

Repeat the
test?

Figure 2. System Flowchart
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B. 3D Design

The 3D design consists of three constituent parts: a
transmitter module measuring 10 x 7.5 x 3.5 cm, a
receiver module measuring 23.5 x 19.5 x 10 cm, and a
display panel module measuring 69 x 37 x 5 cm. The
transmitter module is composed of 1 mm-thick plastic,
with a relatively diminutive size. It is equipped with an
on/off switch and LED indicator to signal that the
module is active. The receiver module has been
equipped with ventilation on the side and top to prevent
overheating, and is equipped with a 20 x 4 LCD, 5
buttons for menu navigation and system settings, 3
LEDs for indicators, and a front panel with an on/off
switch. The display panel module is equipped with four
panels, each with a black casing to protect the
components.

(2) (b)

Receiver Module
23,5x19,5x 10 cm
Ventilation
LED
-

L L

. On/off Switch
AN

LCD 20x4

Button

(c)
Figure 3. 3D Design of Modules (a) Transmitter, (b)

Display Panel, (c) Receiver

C. Specifications and Features

The specifications and features required for an
automatic gymnastics assessment tool consist of a
system with accelerometer and magnetometer sensors,
wireless sensor data via Wi-Fi protocol with IP address
configuration, a receiver module with settings and
selection of gymnastics accompaniment songs,
movement assessment results, a transmitter module
with compact and lightweight LED indicators, and a
120,000-byte sensor data storage system.

D. Software Design

The design of software is initiated with the acquisition
of sensor data on the transmitter module, where the
ADXL335 accelerometer sensor is converted from
analogue to digital signals via a 12-bit ADC (with a
sampling rate of 25 Hz), while the HMCS5883L
magnetometer sensor transmits data in digital format
via the 12C communication protocol [17] [18]. The
data are sent to the receiver module is facilitated by
means of Wi-Fi UDP communication. It is evident that
the measurements obtained from the two types of
sensors result in the generation of four parameters,

Panel Display Module

69x37xS5em

namely the X, Y, Z axes, and direction [19]. The
subsequent stage of the process is the sensor data
processing stage, which includes downsampling using
the average pooling method and min-max
normalisation. The evaluation of test data is achieved
through a comparison with master data, with the error
value per parameter being calculated using equations 1
and 2. Subsequently, the accuracy is calculated based
on equation 3, then multiplied by the weighting of each
parameter according to equation 4 to obtain a final
score, which is then displayed on the display panel.
Total error; = Y, |reference value; — measured value;| (l)

Total Error

Relative error; = X 100% (2)

Y.|Total Reference error;|

Accuracy; = 100 — Relative error; 3)

Score = Z Evaluation X Accuracy; (4)

E. Hardware Design

The hardware assembly is began with the selection and
testing of elements that are deemed essential to the
functionality of the device. These components
encompass the power supply, the display panel, the
microcontroller, the ADXL335 accelerometer sensor,
and the HMCS883L magnetometer sensor.
Subsequently, the direction and placement of the
transmitter module in the participant's back pocket are
determined in order to obtain data with sensors that are
adjusted according to the direction of the body. The
subsequent stage involves the assembly and integration
of components such as PCB components, cable
connections, and displays for the gymnastics
movement assessment device, as well as testing the
hardware system, which includes sensor response,
checking communication between modules, LED and
LCD panel data display, MP3 player, and power supply
stability.

III. RESULT AND DISCUSSION

This research comprised a series of tests, including
the evaluation of the ADXL335 and HMCS5883L
sensors, the assessment of the functionality of the
DFPlayer Mini player, the analysis of WiFi UNDIP and
Bluetooth  HC-05 communication, the testing of
EEPROM data storage, the investigation of gymnastics
sample processing with downsampling, average
pooling and data normalisation, and the evaluation of
the overall movement scoring system for optimisation
of the automatic rhythmic gymnastics apparatus

prototype.

A. Sensor Testing

A programme of sensor testing was initiated in
order to ensure the stability of sensor performance. The
ADXL335 accelerometer was tested by moving the
module forwards and backwards (X-axis), up and down
(Y-axis), and left and right (Z-axis), while the
HMCS5883L magnetometer sensor was tested by
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rotating the module left and right for heading
calibration. The results of the ADXL335 accelerometer
test are visualised in Figure 4a, which shows sharp
oscillations on the dominant axis, while Figure 4b for
the HMCS5883L magnetometer shows variations in
heading, enabling it to capture vibrations and changes
in the rotational orientation of gymnastic movements.
The dynamic response of the sensors to changes in
linear acceleration and relative magnetic field changes
is illustrated by this graphical representation. These
changes are used to distinguish between low-impact
and high-impact phases, and changes in body
orientation during rhythmic gymnastics movements.

(a) (b)
Figure 4. Graphical Visualisation of Sensor Readings
(a) ADXL335 Sensor and (b) HMC5883L Sensor

B. Data Communication Testing

A series of tests were conducted to ensure the
reliability of data transfer within the system, with a
particular focus on inter-device communication. The
Bluetooth master-slave communication testing using
the HC-05 module at a baud rate of 38400 was
conducted to ensure that the gymnastics assessment
parameters were displayed consistently on the
application and display panel. As illustrated in Figure
Sa, the Delphi7 application displays the real-time data,
while Figure 5b shows the P10 display panel
synchronously displaying the gymnastics movement

SCOrc€s.

(a) (b
Figure 5. Bluetooth Master-Slave Communication
Testing (a) Application Display and (b) Display Panel

The testing of client-server communication utilised
RSSI  (Received Signal Strength Indicator)
measurements as an indicator of wireless signal
strength, with RSSI values close to 0 dBm reflecting
stronger signal intensity. As illustrated in Table 1, the
outcomes of signal stability measurements at distances
ranging from 1 to 6.5 metres are presented. The range
of -1 to -75 dBm is indicative of a stable connection,
characterised by the absence of delay or packet loss.

Table 1. Wi-Fi Signal Strength Test Results for Client-Server
Communication

DISTANCE GNAL STRENGTH

No REMARKS
(cm) (DBM)
1 0 -1 VIOOTH CONNECTION
2 10 -17 VIOOTH CONNECTION
3 20 -26 VIOOTH CONNECTION
4 30 -32 VIOOTH CONNECTION
5 40 -49 VIOOTH CONNECTION
6 50 -56 VIOOTH CONNECTION
7 100 -59 VIOOTH CONNECTION
8 150 -61 VIOOTH CONNECTION
9 200 -63 VIOOTH CONNECTION
10 250 -69 VIOOTH CONNECTION
11 300 =72 VIOOTH CONNECTION
12 350 -75 VIOOTH CONNECTION
JATA TRANSMISSION
13 400 =77
DELAY OCCURRED
JATA TRANSMISSION
14 450 -
DELAY OCCURRED
JATA TRANSMISSION
15 500 -83
DELAY OCCURRED
DATA FREQUENTLY
16 550 -85 DISCONNECTS AND
RECONNECTS
DATA FREQUENTLY
17 600 -85 DISCONNECTS AND
RECONNECTS
JATA COMPLETELY
18 650 DATA NOT SENT
DISCONNECTED

C. Data Storage Mechanism

The data storage mechanism has been designed to
process and manage gymnastics movement sensor data
in real time. The ESP32's internal storage mechanisms
facilitate the retention of data from the transmitter
module through a series of processes including parsing
and temporary buffering in RAM. As illustrated in
Figure 6, the ESP32's internal memory is allocated as
follows: flash memory stores 952,512 bytes of program
firmware, leaving 2,193,216 bytes of space, and 320KB
of RAM, of which 167,532 bytes are used, including
47,532 bytes for global variables for system
configuration and 120,000 bytes for sensor buffer
arrays. The device under consideration provides storage
options on 128KB external EEPROM. It is possible for
users to elect to undertake non-volatile data logging
when required. The EEPROM capacity has been
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demonstrated to be capable of accommodating up to
120,000 bytes of sensor data.

variables. Maxim

Figure 6. ESP32 Internal Storage

D. Analysis and Processing of Gymnastics Data
Samples

The acquisition and analysis of raw data samples were
conducted to identify the initial response
characteristics of the sensors during the execution of
gymnastics movements. The data was obtained from
four parameters: the X-axis, Y-axis, Z-axis, and
orientation direction as illustrated on Figure 7 (a), (b),
(¢) and (d), respectively. The 2012 SKJ warm-up
movements yielded 7,210 data samples per parameter
from 10 movement phases, which presents the low-
impact acceleration pattern and variations in the
direction of gymnastics warm-ups.

(a) (b)

90082t L4

[[— WW‘”““‘ I

(© (d)
Figure 7. Raw Data from the 2012 SKJ Warm-up
ADXL335 Sensor Output Signal (a) X-axis Acceleration,
(b) Y-axis Acceleration, (c) Z-axis Acceleration, and (d)
Direction Reading from the HMCS883L Sensor

The downsampling and average pooling processes
were carried out by dividing the data index series into
fixed blocks of 10 samples, where each block was
reduced to a single average value, thereby reducing the
total data by 90%. The data was obtained from four
parameters: the X-axis, Y-axis, Z-axis, and orientation
direction as illustrated on Figure 8 (a), (b), (c) and (d),
respectively. As demonstrated in Figure 8, the raw
signal graph appears dense, with the details of the
movement phases being difficult to distinguish due to
the large number of samples in each parameter.
Following the implementation of the downsampling
and average pooling processes, the 2012 SKJ heating
data was compressed into 721 samples, thereby
yielding a more lucid wave representation, as
illustrated in Figure 8.

i TR LY ,lwwmf

8 8 5 8 8

(2) (b)

e o Drcsen Oomrmsmphn - ) 013 Menaror

(© ()

Figure 8. Downsampling Data with Average Pooling SKJ 2012
Heating ADXL335 Sensor Output Signal (a) X-axis Acceleration,
(b) Y-axis Acceleration, (c) Z-axis Acceleration, and (d) Direction

Reading from the HMCS5883L Sensor

The data normalisation stage was carried out to linearly
remap the downsampled data based on the minimum
and maximum values per axis so that the amplitude of
all parameters was projected to a range of 0-100. The
direction parameter was not normalised to this range
because the HMCS5883L sensor reading values already
directly represented the body's orientation. The graph
in Figure 9 is still expressed in ADC output units with
different ranges between axes, while Figure 9 displays
the normalised data. The data was obtained from three
parameters: the X-axis, Y-axis and Z-axis orientation
direction as illustrated on Figure 9 (a), (b) and (c),
respectively.

6 11 1 oo

9 10

Wwwww M Mw\.

il sy
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Figure 9. Normalized SKJ 2012 Data for Heating the ADXL335
Sensor Output Signal (a) X-axis acceleration, (b) Y-axis
acceleration, and (c) Z-axis acceleration

E. Implementation and Evaluation of the Automatic
Assessment System

The present research examined the implementation and
evaluation of an automatic scoring system, with the
objective of evaluating the system's performance in
acquiring and interpreting body movements. Prior to
the commencement of the testing phase, the
participants were tasked with ensuring that both the
transmitter and receiver modules were synchronised
and connected in a correct manner. Thereafter, they
proceeded to select the specific type of rhythmic
gymnastics to be evaluated within the system.
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Subsequent to the initiation of the session, the receiver
module perpetually acquired data transmitted by the
transmitter module until the gymnastics rhythm
sequence reached its conclusion, at which juncture the
automated data reception process was terminated.

(a) (b)
Figure 10. Testing of SKJ 2012 Warm-up Movements (a) Correct
Movements and (b) Incorrect Movement

As shown in Figure 10, the system application
incorporates a data processing flow involving a
comparison with master data. The application displays
the accuracy value per axis as X%, Y% and Z% with a
weighting of 0.3 for each axis and 0.1 for the
orientation direction. Figure 10a shows that the 2012
SKJ warm-up test, which incorporates movements that
align with the master data, yielded a score of 85. Figure
10b, on the other hand, shows that diverging
movements result in a significantly lower score about
39.72.

The research demonstrated that the automatic
gymnastics assessment tool was capable of
successfully acquiring data on movement dynamics
and body orientation from the ADXL335
accelerometer and HMC5883L magnetometer sensors.
The system has been demonstrated to possess the
capacity to process large-scale sensor data with dense,
fluctuating signals and difficult-to-read movement
noise patterns into a more concise data representation,
thereby reducing the computational load. Furthermore,
the system is capable of distinguishing movement data
patterns through the process of master data
comparison, thereby producing quantitative scores that
reflect the level of conformity. It has been
demonstrated that significant differences between test
data and master data trigger high errors and a decrease
in movement validation accuracy.

IV. CONCLUSION

The research results indicate that the gymnastics
movement assessment system installed in the back
pocket of the participant's trousers, integrating the
ESP32 microcontroller, the ADXL335 sensor, and the
HMCS5883L sensor, successfully acquired three-axis
acceleration and body orientation data. The data was
transmitted to the receiver module in real time for
analysis by the application, thereby producing a
numerical score for each gymnastics routine. The
methodology employed to reduce data density by 90%,
minimise noise and preserve movement trends involved
implementing a downsampling technique. The data
then consolidated into a single sample using an average
pooling method, summarising 10 raw data samples into
one. Data normalisation is integral to standardising the

scale range of all parameters. Subsequent comparison
of the results allows the accuracy and error rate of the
test to be calculated against the master data. The
outcome of this process is a performance score that
evaluates the degree to which the test movement aligns
with the reference movement.
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Abstract— Modern industrial power meters are often
equipped with Ethernet ports, providing web-based
interfaces for real-time monitoring. However,
automating data extraction from these interfaces for
long-term analysis can be challenging without costly
proprietary software. This paper presents a systematic
design for an energy logging system that utilizes a web
scraping approach to systematically retrieve data from
power meter web APIs. The system is implemented using
a Python-based scraping script deployed on a Raspberry
Pi and utilizes a MongoDB database for scalable data
storage and subsequent load profile visualization.
Experimental results from an installation at the
Universitas Multimedia Nusantara campus demonstrate
the system’s ability to effectively monitor high-load
Mechanical Ventilation and Air Conditioning (MVAC)
systems, providing critical insights into peak
consumption periods and operational efficiency. This
low-cost, automated solution facilitates data-driven
energy management and supports institutional energy-
saving initiatives.

Index Terms— Energy Monitoring, Load Profiles,
TCP/IP Protocol, MongoDB, Web Scraping

1. INTRODUCTION

The global energy crisis has become a crucial
issue with significant economic and political
consequences. Driven by rapid population growth and
industrial expansion, energy demand continues to
outpace fossil fuel reserves. In Indonesia, this issue is
intensified by a heavy reliance on subsidized fuels,
which often encourages inefficient consumption.
Consequently, prioritizing energy efficiency—
particularly in the commercial and construction
sectors, where savings potential is estimated at 20% to
35% [1]—is critical.

Universitas Multimedia Nusantara (UMN) has
actively committed to campus-wide efficiency,
focusing specifically on its Mechanical, Ventilation,
and Air Conditioning (MVAC) system, the

university’s significant energy user [2], [3]. Currently,
Buildings C and D share a unified MVAC
infrastructure, which prevents facility managers from
isolating individual building performance. While
separate meters exist for lighting, cooling consumption
is recorded only via two shared chiller meters. This
lack of granular data makes it difficult to identify waste
or quantify the impact of specific conservation efforts

[4].

The technical complexity of UMN’s water-based
chiller system further complicates monitoring. Water
enters the chillers at 12°C and is cooled to 5-7°C
before distribution to Fan Coil Units (FCUs) that serve
clusters of three to four classrooms. While air at the
FCU coil begins at 15°C and is initially distributed at
19°C, the integration of Fresh Air (FA) piping results
in a final ambient classroom temperature of 25°C. This
cooling process often runs at full capacity regardless
of need; UMN’s room occupancy averages only 53%
to 64.3%, meaning chillers frequently cool unoccupied
spaces. As noted by Zhang [5], the primary barrier to
effective campus energy management is the
combination of outdated monitoring technology and
insufficient data granularity, which diminishes the
sense of accountability among academic units [6]—[8].

The Internet of Things (IoT) offers a viable solution
to these institutional challenges by providing a network
of devices capable of remote monitoring and control. It
has seen rapid adoption across multiple domains—
notably in smart cities [9], [10], homes [11], and
security [12]. IoT technology is increasingly attractive
for smart campus management due to its ease of
implementation [13], [14], though the field still lacks
standardized application references for widespread
methodological use [15].

To bridge this visibility gap, this paper proposes an
automated energy logging system designed for real-
time MVAC monitoring at UMN. The system utilizes

Ultima Computing : Jurnal Sistem Komputer, Vol. 18, No. 1 | June 2026


mailto:moeljono.widjaja@umn.ac.id
mailto:rahmi.andarini@lecturer.umn.ac.id

Python-based web scraping [16], [17] to extract data
from industrial power meters, effectively bypassing
the limitations of proprietary interfaces. By
centralizing this data in a scalable MongoDB database,
the framework establishes a technical foundation for
data-driven management. The entire pipeline—from
acquisition and processing to visualization—is
integrated within a cohesive Python environment to
ensure long-term scalability and efficiency.

II. METHODOLOGY

The research method involves several stages,
namely: setting up the network configuration on the
power meter and scraping data from the website

A. Setup Network Configuration and Web-Page
Access

As explained in [18], the PowerLogic PM5560
series is equipped with an Ethernet port with the
following default configuration:

« IP method = Stored
« P address = 169.254.0.10
«  Subnet mask = 255.255.0.0
. Gateway =0.0.0.0
« HTTP server = Enabled
«  DPWS = Enabled
«  EtherNet/IP = Enabled
DNP3 = Disabled
« Device name = PM55-#XXXXXXXXXX

The display of default network configuration is
shown in Error! Reference source not found..

For meters equipped with a display, basic Ethernet
settings can be configured using the display. For
meters without a display, it requires the following steps
to configure basic Ethernet settings before connecting
the meter to the local network.

1) Disconnect the computer from the network. If
the computer has wireless communication, be
sure to disable the wireless network connection.

NOTE: After you disconnect your computer
from the network, its IP address should
automatically update to a default IP address of
169.254 ##H ##H (where ### equals a number
from 0 to 255) and a subnet mask of
255.255.0.0.

Fig. 1. Default Ethemet port configuration on the PowerLogic
PMS5560 series

TABLE L DEFAULT LOGIN CREDENTIALS
Username | Password
userl passl
user2 pass2

2) Use an Ethernet cable to connect the
computer to one of the meter’s Ethernet ports.
3) Open a web browser and enter 169.254.0.10
in the address bar.

4) Log in to the meter webpage. The default
login credentials can be found in Default
Ethernet port configuration on the PowerLogic
PM5560 series

5).

The MAC address of the PowerLogic PMS5560
installed on Chiller 2 is MAC: 00-80-67-AA-C4-45, as
shown in Error! Reference source not found..

An attempt was made to access the PowerLogic
PM5560 installed in Chiller 2 in the Utility Building
on the UMN campus via the web. Logging in to the
web server was done using the default username and
password. The logging process was successful;
however, the webpage only displayed static data. Fig.
3 shows the web-based configuration interface for a
Schneider Electric PowerLogic PM5560, which is a
high-end power and energy meter used in industrial
and commercial electrical systems. The page appears
to be missing its CSS (styling). Instead of a
professional dashboard with buttons and a sidebar, it is
displaying as a plain list of blue hyperlinks on a white
background. This often happens if:

. The connection is slow or unstable.

.« The browser blocked the loading of
scripts/styles for security reasons (common with
“Not Secure” HTTP connections).

. The meter’s internal web server is under high
load
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Fig. 3. Webpage on PowerLogic PM5560 Chiller 2

However, after restarting the Power Meter unit, the
web server can display a complete dashboard as shown
in Error! Reference source not found.. Now, it
shows the fully rendered web interface for a Schneider
Electric PowerLogic PM5560 Series power meter.
Unlike the previous image, the styling (CSS) is loading
correctly, providing a graphical dashboard for real-
time electrical monitoring.

Here is an overview of the dashboard as shown in
Error! Reference source not found..
. Device Identity: The meter is a PMS5560
Series, accessed via IP 192.168.11.254.
« User: Logged in as teknisil.
« Active View: The user is in the Monitoring
tab under General Monitoring - Basic Readings.

The dashboard is split into two primary visual areas:
1) Gauges (Visual Representation): This section
provides a quick look at the Load Current for the
three phases:

a)  Phase A (Ta): 280.39 A.
b)  Phase B (Ib): 322.11 A.
c)  Phase C (Ic): 267.51 A.
d)  Users can toggle the radio buttons to
switch these gauges to display Power,
Voltage LL (Line-to-Line), or Voltage LN
(Line-to-Neutral).
2) Basic Readings Table (Detailed Data): This
table provides a comprehensive snapshot of

electrical performance, including Minimum,
Present, and Maximum recorded values:

Fig. 4. Webpage on PowerLogic PM5560 Chiller 2 after restarting
the Power Meter unit

a)  Load Current (A): Shows the current
for each phase, the average (lavg), and the
neutral current (In).
b)  Power (kW, kVAR, kVA):
.  Real Power: Currently 191.18 kW.
. Reactive Power: Currently 55.73

kVAR.
. Apparent Power: Currently 199.13
kVA

c¢) Power Factor Total: Currently

0.96004 lag. A “lagging” power factor
usually indicates an inductive load, such as
motors or transformers

B. Web-Scraping Data PowerLogic PM5560

After successfully accessing the website from the
PowerLogic PM5560, the next step is to automatically
read the required parameters by performing web-
scraping.

To perform web scraping from the PowerLogic
PMS5560 website, do the following:

1) Open the PM5560 website on your local
network.

2) Log in to the website using username = userl
and password = passl.

3) Inspect the webpage by right-clicking and
selecting “Inspect”.

4) Click the “Network” tab, then refresh by
pressing the “Clear” button.

5) Select an element on the webpage to inspect
by pressing “ctrl-shift-C.”

6) Copy the section of the element to be
extracted as “Copy as cURL” (see Error!
Reference source not found.).

7) Paste the “cURL command” into the website
https:

//curlconverter.com/python/

8) Copy the converted file to Python by clicking
“Copy to clipboard.”

By combining these steps, a technician or engineer
can “sniff” the communication between the browser
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and the PM 5560 meter. The resulting cURL command
can then be pasted into a terminal or a script to
programmatically retrieve the meter’s current, power,
and voltage readings for external logging or custom
dashboards.

Elements  Console  Sources,

® O ¥V Q [ Preseveiog

1) Click "Network":

Dissblecache Nothwotting v = & &
| Open in Sources panel Font Doc WS Wasm Manfest Other [) Hasbl
%0m 2000 ms 3500 ma

Open in new tab
St o 3) Copy as cURL
2) Right click a request sealbiieienliind

Naine Clear browser cookies

Copy link address E

github.com scument

deta o Copy > Copy response o

Aliance-No-1-ExtraBoid. woft2 nt

Allance-No-1-Repular wolt2 Block request URL Copy as fetch Le
7| light-83dd8Sa7ce7efer333248700ea  Block request domain Copy as Node.js fetch’ yleshest
7) dark-2966691100982427050c 62038 ylesheet
7| dark_dimmed-escca0c33ib2sedbse SOt By > c Jas fetch ylesheet
7| frameworks-c7c911a9341579184189  Header Options > Gl ylesheet
viors-11286567c6276062670b1k Copy all as Node.js fetch ..o
9549000682aa2e32e397467¢  Save all as HAR with content Copy all as cURL ylesheet
Tobs3ciate73I00435018 g0 o Copy all as HAR ylesheet

fored | 3.0

Fig. 5. Illustration of the web-scraping process

Based on the web inspection, identify key features
to fetch useful data from the website. An example of a
Python script obtained from the web-scraping can be
seen in Listing 1.

This Python script is a practical application of the
“Copy as cURL” technique shown in Error!
Reference source not found.. It automates the process
of requesting real-time data directly from the

Schneider Electric PM5560 power meter.
Listing 1. Python script for web-scraping

import requests
from bs4 import BeautifulSoup

headers = {
'Accept': 'text/plain, /; g=0.01",
'"Accept-Language': 'en-

US,en;qg=0.9,id;qg=0.8",
'Authorization':'Basic
***************l,
'"Connection': 'keep-alive',
'Content-Type':'application/x-www-form-
urlencoded; charset=UTF-8',
'Origin': 'http://192.168.11.254"',
'Referer': 'http://192.168.11.254/",

'User-Agent': 'Mozilla/5.0 (Linux;
Android 6.0; Nexus 5 Build/MRA58N)

AppleWebKit/537.36 (KHTML, like Gecko)
Chrome/107.0.0.0 Mobile

Safari/537.36",

'X-Requested-With': 'XMLHttpRequest',

}

data=
'PL_*"H3000[86]PL,PL*"H3110[2]PL,PL*"H3200([48
]1PL, PL*"H3706[94]PL,

PL*"H3802[54]PL,PL*"H27218[96]PL, PL*"H27616
[2]PL,PL*"H27694[96]PL,

PL*"H28092[2] PL'

response=
requests.post ("http://192.168.11.254/UE/Post__
PL_Data',
headers=headers, data=data, verify=False)
The detailed explanation of Listing 1 is given in the

following:
1) Script Components

. Target Device: The script sends a
request to 192.168.11.254, which matches the

IP address of the PM5560 meter seen in the
web interface.

. Authentication: The
’Authorization’: ’Bagic *¥¥dkdskskkicks
header handles the login credentials for the
user (e.g., teknisil) so the script can access the
data without a manual login.

. Request Method: It uses
requests.post to hit the /UE/Post PL Data
endpoint, which is the internal “mailbox” the
meter uses to serve data to the web dashboard.

2) The Data Payload (Modbus Registers) The
data string contains the core instructions for what
information to retrieve:
. Register Groups: Codes like H3000,
H3110, and H3200 correspond to specific
Modbus registers within the meter.
. Requested  Parameters:  These
registers contain the values you see on the
dashboard, such as Load Current, Power
(kW), and Voltage.
. Syntax: The PL_*"...PL format is a
proprietary Schneider Electric wrapper used
to batch multiple register requests into a
single network call for efficiency.
3) Purpose and Outcome
. Bypassing the GUI: Instead of
looking at the visual gauges and tables, this
script pulls the raw numbers directly into
Python.
. Data Integration: Once the response
is received, a developer can use
BeautifulSoup to parse the text and save it to
a database, an Excel file, or a custom
monitoring system.
. Scalability:  This  allows  for
continuous logging of parameters like the
0.96004 lag Power Factor or 322.11 A Load
Current at high frequencies (e.g., every
second).

In order to streamline the process of logging, the
parsing process is modularized as a function as
described in Listing 2. To parse the response from the
Schneider Electric PM5560, you can process the raw
text returned by the meter into a structured Python
dictionary. Since the meter returns data in a proprietary
string format (delimited by PL_and PL markers), we
can use a helper function to clean and map these values
to the electrical parameters seen on the dashboard.

This method is very effective due to the following
reasons:
« Automation: This script allows logging the
322.11 A current or 191.18 kW power readings
every few seconds without manually refreshing a
browser.
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. Data Integrity: By targeting the specific
registers (like H3000), for pulling the exact
numerical value stored in the meter’s memory.

- Scalability: easy expansion of the payload
string to include more registers, such as Voltage
LL or Harmonics, by adding their respective
Modbus addresses.

Listing 2. Parsing raw data

def requestDatal() :

data = dict ()

data_ raw=
"PL__ *“H3000[86] PL,PL__ *"H3110[2] PL,PL_ *
~H3200[48] PL,PL_ *"H3706[94] PL,PL__ *"H380
2[54] PL,PL_ *"H27218[96] PL,PL, *"H27616[2
]__PL,PL_ *"H27694[96] PL,PL *"H28092[2] P
Ll

response=
requests.post ('http://192.168.24.20/UE/Post

PL__ Data', headers=headers, data=data_raw,
verify=False)
data text = response.text

data lst = data text.split(',"'")

data int = list (map(int,data lst))
data['Ia']l = toFL32(data int[0:2])
data['Ib'] = toFL32(data int[2:4])
data['Ic'] = toFL32(data int[4:6])
data['Vab'] = toFL32(data int[20:22])
data['Vbc'] = toFL32(data int[22:24])
data['Vca'] = toFL32(data int[24:26])
data['P'] = toFL32(data int[60:62])
data['pf'] = toFL32(data_int[84:86])
data['freq'] = toFL32(data int[86:88])
A = data int[92]

B = data_int[93]

C = data_int[94]

D = data int[95]

data['E']=
(A*281474976710656+B*4294967296+C*65536+D) /10
00

return data

In the payload string ’PL_*"H3000 [86]PL. .., the
number in brackets (e.g., [86]) tells the meter to read
86 consecutive registers starting from address 3000.

To extract a specific value, the position must be
specified in the response string such as:

. H3000 will contain Ia.
. H3002 will contain Ip.

. H3004 will contain I.

This Python script is a complete Internet of Things
(IoT) Data Logger. It bridges the gap between the
physical hardware (the PM5560 Power Meter) and a
cloud database (MongoDB).

Listing 3. Setting connection to MongoDB database

WIB = tz.gettz ('WIB')

MONGODB_ SRV =
"mongodb+STv://username: ****¥x ¥k *¥**@Qenergy.gs
lcqg.mongodb.net/test?retryWrites=true&w=major

ity!
MONGODB DB = 'SmartEnergy'
MONGODB_COLLECTION = 'PowerMeter'

loggerID = 'CHILLER 2'

The data obtained through web scraping is register
data of type Integer. The current, voltage, power,
power factor, and frequency data are stored in two
registers that must be converted to Float32 format. The
conversion process from two Integer numbers to
Float32 is performed using the function shown in
Listing 4.

Listing 4. Converting to Float32

def toFL32(val):
a = val[0]

b = valll]
c=struct.unpack('>f"',

bytes.fromhex (f"{a:0>4x}" + f£"{b:0>4x}")) [0]
return c

Power meters store data in 16-bit registers, but
values like “Amps” or “kW” are usually 32-bit
floating-point numbers. Therefore, they must be
converted using a conversion function (toFL32) as
given in Listing 4. Here is the explanation of the
conversion function:

. The Problem: The meter sends two separate
16 -bit integers for one reading.

. The Solution: The toFL32 function takes
those two integers (val[0] and val[1]), converts
them to Hex, joins them together, and uses struct.
unpack to turn them back into a human-readable
decimal (Float 32).

3) Database Integration (logData) This function acts
as the “courier”:
. Internet Check: It pings Google/MongoDB to
ensure the connection is live.
. MongoDB Upload: It connects to a cluster
named SmartEnergy and inserts a new document
into the PowerMeter collection.
. Metadata: Each entry is tagged with loggerID:
’CHILLER 2’, allowing you to distinguish this
meter’s data from others in the same database.

The complete source code is shown in Listing 5.

Listing 5. Logging Data to MongoDB Database
def logData():
url = "https://cloud.mongodb.com/"
timeout = 5
my dict = {'loggerID' loggerID}
my dict.update (readTimeStamp ())
my dict.update (requestData())
print (my dict)
try:
request =
timeout=timeout)
print ("Connected to the Internet")

requests.get (url,

try:
client = False
client =
pymongo.MongoClient (MONGODB_SRV)

print ("MongoDB: connection is
opened")

db=client [MONGODB_DB]

collection =
db [MONGODB_COLLECTION]

try:
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result =
collection.insert one(my dict)
print ("MongoDB: successfully
insert data.")
except
pymongo.errors.NetworkTimeout as error:
print ("MongoDB error: ,
error)
except
pymongo.errors.ServerSelectionTimeoutError as
error:

"

print ("MongoDB error: ’

error)

except
pymongo.errors.ConfigurationError as error:
print ("MongoDB error: ", error)
finally:
if client:
client.close()
print ("MongoDB: connection is
closed")
except (requests.ConnectionError,
requests.Timeout) as exception:
print ("No internet connection.™)

The sent energy data consists of four registers and
must be combined into one value with a calculation
that can be seen in Listing 6. The energy E is stored
across four 16-bit registers: A, B, C, D. The script
reconstructs the 64-bit value and scales it to kilowatt-
hours (kWh).

The mathematical expression used in the code is:

5 (A-2%)+(B-28) + (C-2'%) + D

- 1000

Note: the code uses 281,474,976,710,656 which is
2%8and 4,294,967,296 which is 232,

Listing 6. Converting four registers into one value

A = data int[92]
B = data_int[93]
C = data_int[94]
D = data int[95]
data['E'] =

(A*281474976710656+B*4294967296+C*65536+D) /10
00

Instead of running once and stopping, the script uses
the timeloop library in order to regularly logging data
from the power meter. Listing 7 implements the
periodic task. The @tl.job decorator is set to run the
logData() function every 5 minutes.

Listing 7. Executing periodic task
from timeloop import Timeloop

tl = Timeloop ()

@tl.job(interval=timedelta (minutes=5))
def sample job every 5m():
logDhata ()
print ("Finish 5m job
{}".format (time.ctime ()))

current time

After successfully web-scraping data from the
PowerLogic PM5560 and converting the register data
into data that matches the measured parameters, the
next step is to periodically send the data to the
MongoDB Atlas database via the Internet.

III. RESULTS AND DISCUSSION

This section will explain two folds: the results of
study the electrical system and logging the power
meter via web scraping, and the discussion on the
visualization of the logged data.

A. The Electrical System Study on the UMN Campus

This section will explain the electrical data for
Buildings C and D on the Multimedia Nusantara
University campus. The UMN campus has four main
buildings, as shown in Error! Reference source not
found..

Fig. 6. Main building on yhe UMN Campus
Source: https://360.umn.ac.id/

The distribution of the kWh meter panels can be
seen in Error! Reference source not found.. The
electricity panel Chiller 1 kWh meter is used to
measure all electricity consumption in the Utility
Building and Chiller 1. Electricity consumption in the
Utility Building consists of Chiller plant I, including
pumps, fans, and cooling towers, as well as all lights in
the Utility Building. The kWh Chiller 1 also reads the
electricity usage of the Building C transfer pump,
which is the pump that functions to move water from
the ground tank to the roof tank. The Building C
transfer pump usually runs 2 to 3 times a day. Chiller
1 is only used 1 to 2 times a week, namely on weekends
or in the afternoon when the cooling load is not too
large.
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Fig. 7. Division of kWh meter panels in Buildings C and D

The electricity Panel Chiller 2 kWh meter reads the
electrical energy consumption of Chiller Plant 2,
including the pumps that distribute cold water to
Building C and Building D. Chiller 2 in question is a
magnetic bearing type with a high level of efficiency
used routinely in Buildings C and D during working
days and working hours. In addition, the electricity
consumption of the transfer pump in Building D is also
recorded on the electricity kWh meter in Panel Chiller
2.

Given the combined use of the Chiller between
Buildings C and D, the development of this monitoring
system is expected to determine the amount of energy
consumed by Building C, particularly for the use of the
Chiller.

B. Data Visualisaion

Installation and testing of the Modbus logger have
been successfully carried out for the PowerLogic
PM800 Power Meter, while readings from the
PowerLogic PM5560 were done by web-scraping on
the website available on the unit.

| WJ " LM W W ‘

|
| 1) ﬁ N ? u‘
LLL UMD

Fig. 8. Profiles of power consumptions from Chiller 1 and 2
including LVMDP building C and D

dudsid

Fig. 8 shows a plot of the Power Meter data reading
results for Chiller units 1 and 2 and LVMDP buildings
C and D. During peak load (morning to afternoon) the
power consumption of Chiller 2 is highest and the
lowest is Chiller 1, while the power consumption in
Buildings C and D is relatively the same. Based on

information from the building management, Chiller 2
is newer and more efficient so that the operation of
Chiller 2 is prioritized over Chiller 1.

1) Daily Electrical Energy Load Profile
Analysis: The electrical energy load profile of the
chiller for a single weekday can be seen in Fig. 9. Peak
load occurs between 7 a.m. and 5 p.m., with the largest
energy load on Chiller 2. This incident is in accordance
with the MVAC system schedule at the university that
Chiller 2 is the main Chiller operated during weekdays.
There is a sudden increase in load at the start of the day,
reaching 350 kW, as the chillers are turned on at
approximately 6 a.m. This schedule is implemented
because it requires some time to cool the classrooms
before the first-class schedule starts at 8 a.m. Most
classes end at 4 p.m. There is an opportunity to shape
the load between 7 a.m. and 4 p.m. by adjusting the
chiller set point to match the load of classes conducted
during the day. In addition, since it is known that the
average Chiller’s power approximately at 310 kW,
then reducing its operating hours by 2 hours per day
will reduce energy consumption by 620 kWh, or about
18 percent.

Daily Profile (weekdays)

400 loggeriD

® CHILLER 1
@ CHILLER 2
® WMDP_C
® wMDP_D

er (

Fig. 9. Daily profiles (Monday-Friday) of load consumption from
Chiller 1 and 2 including LVMDP building C and D
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Fig. 10. Weekly profile of power consumption Chiller 1 and 2 and
LVMDP of buildings C and D

2) Weekly Electrical Energy Load Profile
Analysis: The electrical energy load profile for one
week can be seen in Fig. 10. Peak load occurs during
weekdays (Monday - Friday). The largest energy load
is on Chiller 2. Most activities on the campus are
conducted during weekdays, while there are a few
classes also conducted on Saturday. The load reflects
the activities on campus from Monday to Sunday.
There is also an opportunity to optimize the load by
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adjusting the chiller proportional to the number of
classes held on specific days.

IV. CONCLUSION

This paper has presented the systematic design and
successful implementation of an automated energy
logging system that utilizes a web scraping approach
to monitor industrial power meters. By leveraging the
built-in web API of the Schneider Electric PowerLogic
PM5560, the system provides a systematic method to
bypass the limitations of manual data recording and
expensive proprietary software, enabling continuous,
high-frequency data acquisition. The integration of
Python-based scraping with a MongoDB Atlas cloud
database offers a scalable, low-cost, and robust IoT
solution for institutional energy management.

The deployment at the Universitas Multimedia
Nusantara campus provided critical granular visibility
into the load profiles of the university’s MVAC
systems. Data analysis confirmed that peak electrical
loads consistently occur on weekdays between 7:00
a.m. and 5:00 p.m.. Furthermore, the findings validated
the campus operational strategy of prioritizing the
more efficient magnetic-bearing Chiller 2 over Chiller
1. Crucially, the system identified significant
opportunities for optimization, such as a potential 18%
reduction in energy consumption through the
adjustment of chiller operating hours. This level of
transparency is a vital prerequisite for achieving the
20-35% energy savings potential identified in the
commercial and construction sectors.

Future work will expand the system’s scope by
integrating additional meters across the campus and
developing a real-time web dashboard for live
visualization of energy performance indicators.
Additionally, the accumulated historical data will serve
as the foundation for developing predictive models for
cooling load demand and automated anomaly detection,
further enhancing the efficiency of building operations.
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Abstract— The utilisation of automation technology is
undergoing rapid proliferation in the industrial sector,
including in the bottled drinking water industry. The
objective of this study is to design and implement an
automation system for filling bottled drinking water with
a range of 30-330 millilitres using an Arduino Mega 2560
as the controller. The system has been designed to
optimise the use of the YF-S201 pulse-based flowmeter
sensor as a setpoint. The setpoint is determined by
calibrating the pulse value obtained based on the time
delay in filling volumes in multiples of 30 at values
ranging from 30 to 330 millilitres. The accuracy value for
volumes of 30 and 60 millilitres was found to be 99.3%,
while volumes of 60-330 millilitres demonstrated an
accuracy level of >99.6%. Subsequently, the system was
integrated with a conveyor and E18-D80NK proximity
sensor to detect bottles during the filling process, and a
counter to enumerate the bottles post-water filling. The
process was initiated upon the pressing of the interface
button and the subsequent detection of the bottle by the
proximity sensor. Thereafter, the system activated the
filling pump until the pulse attained the setpoint. The
status of the operating system was displayed on the LCD
and could be controlled via push buttons. Preliminary
testing indicated that the system demonstrated a capacity
for precise bottle filling, with an error margin of less than
1%. This finding suggests that the system exhibits a low
level of inaccuracy and responsiveness.

Index Terms— Automatic filling system; Arduino
Mega 2560; YF-S201 sensor; Proximity sensor;
Conveyor.

I. INTRODUCTION

Technological advancements have precipitated a
marked improvement in the bottled water industry,
particularly with regard to the automation of water
filling. The implementation of an automatic water
filling system has been demonstrated to enhance
production efficiency, reduce labour requirements and
minimise human error. It is evident that small industries
and home industries frequently utilise conventional
methods that are less efficient. A prime example of this

is AMDK filling. The rise in the number of small
industries in the AMDK sector is proportional to the
rise in the AMDK population. Consequently, many
industries require a filling system that is both affordable
and accurate, and which is also simple to implement in
small and medium-sized industries [1].

The advent of automated mechanical systems for
the purpose of filling bottles with liquid (liquid filling)
represents a significant outcome of technological
advancements within the industrial sector. The system
has been designed to engender efficiency, which is
expected to have a positive impact, especially on
industries that produce liquid products. However,
bottle-filling systems in small or home-based
industries, such as those producing water, syrup, sauce,
milk, and honey, are still inefficient because they
generally still use manual methods [2].

It has been determined that the human body is
composed of approximately 75% water, and that no
individual can survive for a period exceeding four to
five days without the consumption of this vital fluid [3].
AMDK is a fundamental component in the
contemporary era, demonstrating persistent market
expansion. As demonstrated by data provided by the
Indonesian Bottled Water Association (ASPADIN),
there is an evident increase in the consumption of
AMDK, with a growth rate of 8-10% on an annual
basis. This necessitates an efficient production system,
particularly during the filling stage. It is imperative that
such high demand is balanced with an efficient
production system, particularly during the filling stage,
which is a bottleneck in many small industries. Manual
systems, which are still widely utilised, are not only
slow but also prone to quality variations due to human
error. [4].

The utilisation of time delay as a reference in extant
research demonstrates that the system's accuracy
remains relatively high at 6%. It is evident that, in light
of the observed discrepancy, the present study
undertook sensor calibration with the objective of
implementing a setpoint that utilised pulses in the filling
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process. The research design involved the creation of a
330-ml mineral water bottle filling system, utilising the
Arduino Mega 2560 as the central control unit. The
system incorporates YF-S201 water flow sensors,
proximity sensors, and DC gearbox motors to ensure
volume and time efficiency [5].

Another automated system was developed using a
Twido Programmable Logic Controller (PLC) from
Schneider Electric [6]. The system was designed to
automatically fill and seal bottles, and uses infrared
sensors to detect the presence of bottles on the filling
line. The process of filling is facilitated by a direct
current (DC) motor, while the movement of the bottles
is achieved through the utilisation of a conveyor motor
[16] [17]. Subsequent to the completion of the filling
process, the bottle caps are automatically affixed by
means of a solenoid. As demonstrated by the test
results, the system has been shown to be capable of
filling 250-ml bottles in approximately 14 seconds
while maintaining stability. As demonstrated in
previous research, there has been an emergence of low-
cost automatic filling equipment intended for utilisation
by Micro, Small and Medium-sized Enterprises
(MSMEs). The system has been demonstrated to have
the capacity to fill 500-ml bottles of Aloe Vera syrup by
means of a time-step method [7].

In this research, a switching mode power supply
(SMPS) was utilised to provide voltage to the system.
In an SMPS, the AC input is subjected to direct
rectification, after which it is filtered to yield the desired
DC voltage. The DC voltage produced is then switched
on and off at a high frequency by an electronic
switching circuit, thereby generating AC current. In the
event of effective isolation of the high-frequency
transformer, the transformer's output will be electrically
isolated by relay [8].

The present study proposes a design for an
automatic filling system for bottles that utilises an
Arduino Mega 2560 [9] [10] [11]. The system
incorporates a YF-S201 water flow sensor to ensure
volume precision and an IR proximity sensor to detect
the position of the bottle [12] [13]. The selection of the
Arduino Mega 2560 was made on the basis of an
assessment of its superior input/output capacity and
enhanced computational capabilities in comparison
with the earlier model, the Arduino Uno. LCDs are
utilised extensively due to their multifaceted
functionality and straightforward programming. In
order to establish a connection between an LCD and a
microcontroller, it is necessary to connect the LCD's
PORT to the microcontroller's corresponding PORT. It
is imperative to acknowledge that this specific port on
the microcontroller is exclusively dedicated to LCD
functions. It is not possible to utilise this port for other
functions, such as I/O functions [15].

II. METHODS

The primary instruments utilised in this research
comprise a YF-S201 sensor for pulse input, an Arduino
Mega 2560 as the primary controller, infrared
proximity detection for bottle recognition, and a direct
current (DC) water pump as the actuator. The data
processing procedure entails the collection of water
measurements ranging from 30 to 330 millilitres,
which displayed on a 16x2 Liquid Crystal Display
(LCD). The testing procedure is initiated by actuating
the system by pressing the designated start or reset
button, displayed the number of bottles and the volume
LCD. The data processing was conducted through the
collection of water volume measurements (ml) ranging
from 30 ml to 330 ml.

Upon actuation of the start button, the system will
display a start message on the LCD and activate the
blue indicator light, indicating that the system is in a
steady state and make the conveyor transport the bottle
to the filling point. When the proximity detect the
bottle, the conveyor will automatically halt and initiate
the water pump. The volume of water flowing then
displayed on the LCD wusing a predetermined
calibration factor (pulse/mL). Upon attaining the
designated setpoint, the water pump will cease
operation, and the system will initiate the conveyor
process for the subsequent bottle. The system will
continue to run until the user initiates a cessation of this
process by pressing the designated stop button. Upon
actuation of the stop button, the system will initiate a
sequence of events that will result in the deactivation
of the system.

A. System Design

To facilitate understanding of how this automatic
bottle filling machine works, please refer to the
flowchart provided. The design process and water
filling system at AMDK are explained in flowchart
figure 1.

Fig. 1. System Flowchart
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As illustrated in Figure 1, the process commences
with the activation of the system via the designated start
push button. In its initial state, the Arduino will
initialise the components that are utilised. Upon
completion of the system's readiness, the user is
permitted to initiate the process by pressing the
designated start button. Alternatively, the reset button
can be utilised to restore the number of bottles and the
water volume displayed on the liquid crystal display
(LCD) to their default settings. Upon actuation of the
start button, the LCD will display the start status and the
blue indicator light will be activated. Subsequently, the
conveyor belt will be programmed to transport the
bottle to the proximity sensor.

B. Hardware Design

A block diagram was representated a visual view to
elucidate concepts. The purpose of this diagram is to
facilitate comprehension of the relationship between
inputs and outputs in a system.

Arduino Mega
2560

Water Flow Sensor
YES201

Step Down LM2596

12V Power Supply

Fig. 2. Hardware Block Diagram

As illustrated in Figure 2, the components of the
Arduino Mega 2560-based automatic bottle filling
system function collectively within an open-loop
system. The proximity sensor fulfils the function of
initially detecting the bottle's presence on the conveyor,
thus activating the water pump to initiate the filling
process from the tank into the bottle. The filling volume
is regulated by the YF-S201 water flow sensor based on
the calculation of water flow pulses. The Arduino Mega
2560 processed the data from the proximity and water
flow sensors and transmitting control signals to relays
to activate actuator (conveyor). The primary function of
the water pump is to facilitate the transportation of
water from the storage tank to the bottles. The step-
down module, on the other hand, plays a crucial role in
ensuring that the voltage supplied to the system
components meets the requisite specifications. In this
open-loop system, the process as a whole is dependent
on pre-set programming logic, with no provision for a
feedback mechanism to dynamically adjust filling
based on actual conditions. The proximity sensor is the
initial trigger for the process, while the water flow
sensor is used to estimate the volume of liquid being
added, based on pulse calculations.

@ (b)

Fig. 3. 3D concept image (a) front view, (b) top view

As demonstrated in Figures 3(a) and (b), the system
comprises a control box panel that incorporates
electrical components. Within the mechanical system
under consideration, the movement of the tool to the
filling position is facilitated by a conveyor driven by a
12 V DC motor. The speed of the conveyor can be
adjusted using the MTR-0005 driver.

The power system utilises a 12-volt power supply
as its primary energy source, with an LM2596 step-
down module incorporated to facilitate the distribution
of power to the sensor, Arduino, and associated
electronic components. The user interface employed is
a 16x2 LCD integrated with a push button and indicator

Fig. 4. Hardware Circuit Schematic

Figure 4 presents the electrical circuit of the system.
The initiation of the filling process is facilitated by a
proximity sensor connected to pin 3 of the Arduino
digital board, which detects the presence of a bottle and
subsequently activates the DC pump, that connect to
BTS7960 driver on pin 6 of the Arduino. The volume
of water is measured using a YF-S201 sensor on digital
pin 2. The start push button is integrated with an MTR-
0005 driver based on the PWM output from digital pin
5. There are three indicator lights are connected via a
relay that is controlled by the Arduino digital pin.
Furthermore, the availability of facilities on pins, such
as 12C communication, PWM pins, and non-PWM
digital pins, is taken into consideration. The circuit has
been designed as an open-loop system that relies on
initial sensor calibration.
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C. Open Loop System Design

The system diagram for this device utilises an open-
loop approach, incorporating an Arduino Mega 2560,
a conveyor belt, an infrared proximity sensor, a DC
pump, and a YF-S201 water flow sensor.

Input Arduino
Mega 2560

Sensor

! —|
Conveyor Proiniy

—> PompaDC — S

Fig. 5. Open Loop System Diagram

As demonstrated in Figure 5, the system diagram
was an open-loop approach to regulate the filling
process. In this system, the proximity sensor functions
as the initial trigger for the process, detecting the
presence of the bottle at the filling position. The water
flow sensor is used to calculate the volume based on
number of water pulses reading.

D. Experimental Calibration Setup

The experimental setup was designed to evaluate the
performance and calibration characteristics of the
flowmeter sensor. This procedure includes key
components such as: pulse generation in the YF-S201
flowmeter sensor based on the volume measured from
the discharge, average pulse data collection, error
measurement, and determination of the calibration
factor (mL/pulse).

1) Principles of measurement

The measurements are derived from the hall effect
sensor mechanism. The measured volume value is
derived by multiplying the discharge by the elapsed
time.

Q=V.t ...(2.1)
Where Q = Debit (mL/s)
V = Volume (mL)
T = time (s)
The value of V is proportional to N.
VN
Therefore, the linear equation can be written as
V=K.N ...(2.2)

Where K is the calibration factor (mL/pulse) and N is
the number of pulses counted (pulse)

2) Callibration procedure
Calibration was performed by calculating the measured
pulse value for each volume to obtain the relationship
between volume and pulse. Subsequently, the mean
value of the test results was calculated on five
occasions. The K value was then obtained using the
following equation (2.2) : The following alterations
were made:

_Zv
TN

Kavg =+ (24

.(23)

3) Error Analysis

Output
Sensor Water Flow |_ utp

Error testing was conducted using standard error and
standard deviation measurements with the equation:

%Error — (Vreference_vmeasured) X 100% (25)

Vre ference

For standar deviation measurement

1

SD =
n—1

dD-0r @6
i=1

For 5 measurements the standard deviation is given by:

SD = \/%((xl — %)% 4 (X, — X)2 + (x3 — X)? + (x4 — %)% + (x5 — %)?

where:

s = sample standard deviation
n= number of observations
x;= individual measurement
%= sample mean

III. RESULTS AND DISCUSSION

A series of tests and analyses were conducted to
ensure that each component functioned in accordance
with the specified specifications. The objective of this
test was to evaluate the overall performance of the
device and to ascertain the pulse value that was utilised
as the setpoint in the water filling process.

A. Measurement and Testing

The device was subjected to a rigorous testing
process, encompassing the evaluation of the
performance of each electronic component employed.
This included the power supply, the E18-D8ONK
proximity sensor, the keypad, and the DC motor.

1) Power Supply Testing

The power supply sensor was tested by comparing
the output and input voltage readings between the
power supply specifications and the multimeter. The
testing procedure was repeated on three occasions.

TABLE L. POWER SUPPLY TESTING
Test Input Voltage Out{)\l;;)\g))ltage v Sl;i,c;)ﬁé;lmn
(VAC)
225 12 12
. 225 12 12
3. 225 12 12

As shown in Table 1, the experimental findings
indicate that the power supply has the capacity to
deliver a consistent voltage of 12 V DC. Voltage does
not fluctuate to a significant degree that could be
concluded that this power supply is suitable for
supporting the entire system.

2)  Proximity Sensor E18-DSONK Testing
The E18-D8ONK proximity sensor is utilised for the
purpose of detecting the presence of bottles at the filling
position. Testing was conducted by moving an object
closer to and further away from the sensor at distances
ranging from 3 cm to 7 cm. The sensor produces a logic
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signal of LOW when an object is detected and HIGH
when no object is present. The most accurate and stable
detection was observed to occur at a proximity of

role in minimising errors that could potentially result
in production losses during the filling process.

approximately 5 centimetres as shown on Table 2. TABLE V. TESTING OF CONVEYOR WITH 12V INPUT
VOLTAGE
TABLE II. PROXIMITY SENSOR E18-D80NK TESTING
Input Voltage (V) Proximity Object Nozzle
Detection iti
Test Distance Proximity Conditions Position
(cm) indicator 12 ON Incorrect
1 3 On Object Detected 12 ON Incorrect
2 4 On Object Detected 12 ON Correct
3 5 On Object Detected
. 12 ON Incorrect
4 6 On Object Detected
5 7 Off No Object 12 ON Correct

3)  DC Motor Testing

A series of experiments was conducted with the
objective of ascertaining the optimal operating voltage
capable of producing stable motor performance for
conveyor. The testing process entailed an evaluation of
the sensor's impact on the final position accuracy of the
bottle with various voltage input.

TABLE III. TESTING OF CONVEYOR WITH 12V INPUT
VOLTAGE
Input Voltage (V) Proximity Object Nozzle

Detection Position

12 ON Incorrect

12 ON Incorrect

12 ON Incorrect

12 ON Incorrect

12 ON Incorrect

Tests are conducted to ascertain the optimal working
voltage capable of engendering stable motor
performance. These tests also include an evaluation of
the sensors and their effect on the accuracy of the final
position of the bottles under various input voltage
variations.

TABLE V. TESTING OF CONVEYOR WITH 8V INPUT VOLTAGE
Proximity Object Nozzle Position
Input Voltage Detection
(\2]
8 ON Correct
8 ON Correct
8 ON Correct
8 ON Correct
8 ON Correct

The test was conducted on five occasions to ensure that
the conveyor functioned at the correct speed. This was
necessary to ensure that when the proximity sensor
detected a bottle, the water would be filled correctly
into the bottle. The significance of this test lies in its

As demonstrated in the Table 3, Table 4 and Table 5,
the motor was tested with a voltage supply ranging
from 6 volts to 12 volts. Test results demonstrate that
the motor is capable of propelling the conveyor at a
voltage of 6 volts; however, the movement of the
bottles is characterized by an absence of smoothness
and an inherent instability. It has been demonstrated
that the system functions most stably at a voltage of 8
volts, at which point the bottles are able to move
smoothly and stop precisely at the expected filling
position. It has been demonstrated that the application
of a voltage in excess of 12 volts has the effect of
accelerating the conveyor. This has been demonstrated
to impede the process of bottle control, resulting in
inaccurate bottle positioning during filling. This has
been identified as a factor that is liable to compromise
the accuracy of the filling process. Consequently, the
operating  voltage selected for the system
implementation is 8 volts because the motor is able to
consistently move the bottles to the filling position.

B. Testing of the water filling system and equipment

The objective of the system testing process, which
involved the utilization of the waterflow sensor YF-
S201, was to wvalidate the accuracy of volume
measurement at various set point volumes. The
experiment was conducted by comparing the volume
of water measured by the system with the actual
volume and subsequently calculating the percentage
error. The range of volumes that were examined was
from 30 mL to 330 mL

1) Callibration Testing

During the calibration test of the YF-S201 water
flow sensor, each measurement point was repeated five
times for each specified set point delay. Each repetition
was carried out using the same procedure. From the
five repetitions, the system recorded the number of
pulses read and the volume of water successfully
discharged. Subsequently, the mean and standard
deviation of the measured volume were calculated in
order to ascertain the stability of the measurement
results.

Furthermore, the mean pulse from each delay set
point is employed as the setpoint pulse value, thereby

Ultima Computing : Jurnal Sistem Komputer, Vol. 18, No. 1 | June 2026



representing a specific target volume. Consequently,
the target volume is assigned the most suitable setpoint
pulse value, calculated based on the mean outcomes of
five replicates. Moreover, the comparison between the
target volume and the average measured volume is
employed to calculate the error and accuracy
percentages. This enables the determination of the
level of system precision for each volume variation.

TABLE VL DELAY SETPOINT MEASUREMENT

Setpoint | Volume Stdev | Error Accuracy
(O] (ml) (%) (%)
0.41 30.20 0.20 0.67 99.33
0.85 59.60 0.24 0.67 99.33
1.30 90.20 0.20 0.22 99.78
1.75 120.40 0.24 0.33 99.67
2.19 149.80 0.20 0.13 99.87
2.62 180.40 0.40 0.22 99.78
3.07 209.80 0.20 0.10 99.90
3.53 240.40 0.24 0.17 99.83
4.00 270.40 0.24 0.15 99.85
4.25 298.80 0.73 0.40 99.60
4.80 329.40 0.40 0.18 99.82

2)  Testing Using Pulse Setpoint

After conducting volume testing and obtaining the
pulse setpoint, each setpoint was tested to measure its
accuracy. The test was conducted five times to detect
valid accuracy. At the pulse calibration setpoint, the
pulse value was rounded because the system uses
integer values to provide pulse input to the flowmeter.
The rounded values are as follows: 30 mL = 11 pulses,
60 mL = 24 pulses, 90 mL = 38 pulses, 120 mL = 52
pulses, 150 mL = 66 pulses, 180 mL = 79 pulses, 210
mL = 93 pulses, 240 mL = 108 pulses, 270 mL = 121
pulses, 300 mL = 130 pulses, and 330 mL = 144 pulses.
The test values are shown in Table 7.

TABLE VII.  MEASUREMENT USING PULSE SETPOINT
Setpoint | Volume Volume Stdev | ERROR | Accuracy
(Pulse) (ml) Measurement
(ml)
11 30 30.40 0.55 1.33% 98.67%
24 60 59.40 0.55 1.00% 99.00%
38 90 89.40 0.55 | 0.67% 99.33%
52 120 119.40 0.89 | 0.50% 99.50%
66 150 150.00 1.41 | 0.00% 100.00%
79 180 178.80 1.30 | 0.67% 99.33%
93 210 210.80 2.17 | 0.38% 99.62%
108 240 238.40 2.07 | 0.67% 99.33%
121 270 269.60 1.14 | 0.15% 99.85%
130 300 298.80 2.59 | 040% 99.60%
144 330 329.40 0.89 | 0.18% 99.82%

Following the testing of the pulse set point, a range of
values was obtained for each filling volume. The
accuracy of the results obtained was generally less than
1%. The lowest values of accuracy were observed at
volumes of 30 and 60 mL. This is due to the YF-S201
flowmeter sensor exhibiting superior measurement
accuracy when the pulse rate exceeds 35 beats per
minute. When a volume of 330 millilitres of water was
added, an accuracy value of 99.82% was obtained,
indicating that the set point of 144 has a satisfactory
level of accuracy. This value is significant given that,
in the context of the overall system testing, bottles with
a capacity of 330 millilitres were utilised.

3) System Validation

After conducting the pulse test, a comprehensive
system test was carried out using 330 mL AMDK
bottles. The 330 mL volume was chosen for the system
test because the majority of AMDK bottles have a
volume of 330 mL. In addition, the 330 mL bottle
design has an ideal height, making it easier to control
on the conveyor. As demonstrated in Table 6, the
system functions at an optimal level, exhibiting a
minimal error margin of 0.18%, as indicated by the
accuracy of 99.82% recorded in Table 7. Furthermore,
the information displayed on the user interface is found
to be comprehensive.
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TABLE VIII.  OVERALL SYSTEM TESTING
. System Action Stop/Move .
No Condition Sensor Input (Actuator) Criteria Output/Indicator
Waiting for
System turned Conveyor OFF/ON | o1 RT buston / LCD: "STOP/READY",
1 — according to initial . -
on (standby) auto mode to standby indicator light
mode, pump OFF .
activate
START button Cpnveyor ON to Bot.tle. reaches LCD: "START", process
2 | pressed/auto — bring the bottle to proximity sensor Lo :
. . . indicator active
mode active the filling position area
Bottle enter: Proximi ((t:on\"?’ Ori OfFat Bottle is in
3 ottie enters N ty stops precisely filling position LCD: status " ready"
detection area detect bottle the nozzle), pump (stable)
still OFF
Flow sensor Pulse begins to
4 Filling process start.s Pump ON, conveyor increase toward LCD displays running volume
begins counting OFF .
setpoint
pulses
e Pulse .
s| MR e | mmpox | Umes | LCDdwle e
prog measured P PP & &
. Flowmeter
6 Setpoint reached Pump OFF After the pump LCD: "filling done"
reached . stops
setpoint
. remo ved Proximity Bottle move Bottle counter increases, LCD
7 from filling sensor starts Conveyor ON exits proximity
: " " updates bottle count
station not detected area
Proximity STOP button
8 Cycle repeats detects the Return to step 3 pressed / system System returns to standby
next bottle stopped

In comparison with previous research, the present
system focuses on low-cost implementation and
calibrated pulse-based volume control. The
comparison is summarised in Table 9.

TABLE IX. TESTING OF CONVEYOR WITH 12V INPUT

VOLTAGE

Comparison and contribution of
this study

Previous work showed that
microcontroller filling can be
implemented, but the present work
adds calibrated YF-S201 pulse
setpoints for 30-330 mL volume
control.

PLC implementation provides stable
industrial operation, while this study
offers a lower-cost Arduino Mega
2560 alternative with conveyor,
proximity detection, pump control,
LCD interface, and bottle counting.
The previous system used a time-step
method for filling, while this research
uses pulse counting from the
flowmeter to reduce dependence on
pump running time only.

The cited IoT system focuses on
monitoring water usage in dispensers.
In contrast, this study controls the
filling process and evaluates volume
accuracy directly.

The system achieved 98.67%-
100.00% accuracy for 30-330 mL,
with 99.82% accuracy at the 330 mL
AMDK target volume and the highest
accuracy of 100.00% at 150 mL.

Previous research

Microcontroller-based
automatic water filling

[3]

PLC-based automatic
filling and capping [6]

Low-budget Aloe
Vera syrup filling [7]

IoT drinking-water
usage monitoring [14]

This research

IV. CONCLUSION

A series of tests were conducted on a volume range
of 30 mL to 330 mL in order to ascertain the
functionality of the water filling system that uses the
YF-S201 water flow sensor. The conclusion of these
tests is that the system operates correctly and with
sufficient accuracy. The consistent volume and pulse
measurement results indicate the stability of the sensor
and the effectiveness of the system. The calibration
factor calculated for each volume also tends to be stable,
with an average value of 2.352 mL/pulse. It has been
demonstrated that the system is capable of measuring
and distributing water volume with adequate precision
within the range of 30-330 mL. In tests involving larger
volumes (210-330 mL), the system demonstrated
stability with a low error rate. The mean error was 0.38%
at a volume of 210 mL, and 0.15% at a volume of 270
mL. For the commonly used AMDK volumes of 240
and 330 mL, the errors were found to be 0.67% and
0.184%, respectively. The system has been
demonstrated to demonstrate capacity for filling a range
of volumes, with a minimum of 30 mL and a maximum
of 330 mL. This capacity has been determined through
the conduction of a series of tests.
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