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IoT-Based CNC Coolant Quality Detection using Photodiode
and Gas Sensors with Incremental Learning Algorithms
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Abstract: Maintaining optimal coolant quality in CNC machining is critical because degraded
coolant can harm the environment and machining efficiency. The current reliance on manual
inspection by operators is subjective, inconsistent, and prone to inaccuracies, necessitating an
automated and precise detection system. This study aims to develop an IoT-based sensor system
for real-time, nondestructive assessment of CNC coolant quality, leveraging machine learning to
objectively and adaptively classify coolant conditions as new data become available. A Raspberry
Pi-based system integrates photodiode and gas sensors to monitor coolant quality, with data
processed via cloud-based machine learning. The system categorizes coolants into three classes
(very bad, bad, good) based on pH and microbiological analysis. Incremental learning algorithms,
including Stochastic Gradient Descent-Logistic Regression (SGD-LR), SGD-SVM, Gaussian
Naive Bayes, Passive-Aggressive (PA), and Perceptron, are employed to handle evolving data
streams efficiently. The experimental results demonstrate high classification accuracy, with SGD-
LR achieving the highest average accuracy (96.88%), closely followed by SGD-SVM (96.68%)
and PA (96.33%). Gaussian Naive Bayes (95.07%) and Perceptron (94.88%) also performed
robustly, proving the system’s reliability in distinguishing coolant degradation levels. The
proposed system eliminates subjective human judgment by providing consistent, real-time coolant
quality detection. Its incremental learning capability ensures adaptability to new data, offering a
scalable solution for industrial CNC maintenance. This approach can replace traditional manual
inspections, reduce environmental risks, and improve machining efficiency.
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dissipate frictional heat, and extend the machine life

Competition in an increasingly advanced global industrial
world has raised the bar for modern manufacturing in
recent years. Computer numerical control (CNC) machines
are capable of making highly complex and precise
workpieces in a short period of time by transforming a
metal workpiece into a product using milling?, turning?,
and boring® operations, driven by a special machine
program language. Lubrication and cooling systems, in
this case, water-soluble coolants, are important factors in
the machining operation process to improve machining
smoothness, quality, and capacity, reduce tool wear,

Sludge accumulation, such as debris, falling abrasive
grains, and floating oil, can occur while the coolant
circulates internally for a long period. The adverse effect
of coolant circulation on human health is the oil mist
sprayed into the air during the operation process, which
contains biological factors, for example, bacteria, toxins,
and machining deposits, posing a threat to the breathing of
humans exposed around the engine area’®. Several case
studies of workers’ health effects during work with coolant
reported 227 outcomes, of which 26 were related to cancer
(including leukemia, liver cancer, stomach cancer, lung
cancer, and laryngeal cancer), 58 to respiratory effects

Cite: A. Zuhri et a., "loT-Based CNC Coolant Quality Detection using Photodiode and Gas Sensors
with Incremental Learning Algorithms'. Evergreen, 13 (01) 57-75 (2026). https://doi.org/10.5109/7405128.

-57 -



EVERGREEN - Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 13, Issue 01, pp. 57-75, March, 2026

(including asthma and hypersensitivity pneumonitis), 32 to
skin effects (including dermatitis and skin allergies), 45 to
microbial contamination (including skin irritation), and 76
to exposure measurements”.

A coolant with a considerable amount of sludge
accumulation causes scratches on the workpiece blockage
of the circulation pump and microbial growth, which can
damage the machine, lead to hazardous liquid waste, and
worsen the environment!®'3. The coolant is replaced
multiple times within a specified period to prevent these
issues. However, there are still many unpredictable
technical and non-technical issues in the field. Currently,
many machine operators identify the quality and feasibility
of coolant by conventional means through direct contact
with the coolant liquid, namely visual inspection with the
sense of the eye, odor assessment with the sense of the nose,
and liquid assessment by hand touch. These methods are
difficult to quantify due to their unstable, error-prone
measurements and the need for machine operator
reliability and experience.

Water-soluble coolants usually have several parameters
including the pH, debris, and microbial growth, that must
be maintained to maintain the smooth operation of engines.
The standard pH value of the coolant is usually in the range
of 8 - 9.5. The fluid offers superior ferrous corrosion
protection when the pH level is high, but it can cause issues
related to skin softness and the prevention of non-ferrous
corrosion. A lower pH will benefit mild and non-ferrous
corrosion control although it could create issues with
rancidity control and ferrous corrosion protection.
Typically, pH below 8.5 is caused by bacterial action. The
instability of the mix, ferrous corrosion control, and
microbial control can be impacted. Chemicals known as
additives can be used to increase the pH of the mixture. A
pH value exceeding 9.5 is typically indicative of alkaline
contamination, which can impact the liquid’s lightness'?.
Machining debris can contaminate the cutting fluid
circulation system, thereby affecting the precision of the
machine cut; therefore, it is essential to keep a close eye on
the cutting fluid to prevent excessive debris in the fluid’s
total volume'®. The presence of organic compounds in
water-soluble coolants affects microbial growth. Different
types of fungi and bacteria can thrive in this environment.
The machining process and duration affect the type and
number of microorganisms in the coolant'". The growth of
microorganisms, including reduced viscosity, decreased
heat resistance, and decreased pH, is one of the factors that
cause damage to the physical and chemical properties of
coolants. Therefore, it is important to identify the
microbial growth of both fungi and bacteria in coolants as
it is to maintain the quality of coolant, lubrication
effectiveness in machining processes, and the health
protection of machine operators'®.

Some scientific methods for detecting coolant quality and
viability  include potential of hydrogen (pH)

measurement'”, total dissolved solids (TDS), total
suspended  solids  (TSS)!®,  microscopy'”, and
microbiological analysis®. However, some of these
methods have specific difficulties, such as complex
processes, long processing times, expensive tools and
services, and sufficient experience and expertise. The
Internet of Things (IoT) technology?” and artificial
intelligence enable more practical, economical, and
accessible methods in the decision-making process®?. This
study proposes the realization loT-based gas sensors and
photodiodes to detect coolant quality in CNC machines
using machine learning (ML). The implementation of ML
algorithms on sensor data facilitates the detection of
anomalous data and improves decision-making®?. The
combination of ML and IoT technologies in smart
manufacturing provides a higher level of reliability and
effectiveness in continuous, precise, efficient, and adaptive
data collection and processing with minimal operational
disruption in industrial settings>*~2,

Some previous research on coolant quality detection has
focused on using a combination of sensors and measuring
instruments called internal sensors, consisting of pH
meters, Brix% meters, and sludge accumulation to
investigate the influence of coolant quality on energy
consumption'”. In another study, the coolant was
monitored in real time within a certain period using a probe
containing pH and proximity sensors with an ESP32
microcontroller for data transmission’®. Although
traditional sensors are still used, great opportunities exist
for detecting coolant quality for further optimization
through the integration of sensors and ML.

Despite these advancements, existing methods for
detecting coolant quality face critical limitations. First,
traditional sensor systems (e.g., pH meters, TDS probes)
require manual intervention and offline analysis, leading to
maintenance decisions being delayed!”?. Second, batch-
learning-based Al models?”?® depend on static datasets,
necessitating full retraining when new data arrive—a
process that is computationally expensive and impractical
for real-time industrial environments. Third, current
approaches lack adaptability to dynamic coolant
degradation patterns because microbial growth and
chemical changes occur unpredictably over time!h!®),
Finally, multisensor fusion techniques in related domains
(e.g., robotics, traffic management) struggle with high-
dimensional or heterogeneous data?’3?, whereas coolant
quality detection demands lightweight, temporally rich
sensor data analysis tailored to industrial constraints.
Coolant testing is usually performed based on gradually
increasing testing data. Hence, this study uses incremental
learning (IL) algorithms, which can create a data model
and modify it later when new data are available. The
proposed approach can upgrade existing models rather
than rebuilding a new model from scratch®". Hence, the
prior knowledge gained from the data can be expanded for
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future prediction3?.

Unlike batch-learning methods, the proposed IoT-based
system leverages incremental learning algorithms to
address these challenges. First, IL enables real-time model
updates as new sensor data streams are introduced,
eliminating the need for retraining from scratch and
reducing computational overhead®'*?. This is critical for
dynamic industrial settings where the coolant conditions
continuously evolve. Second, our gas sensor and
photodiode array generate temporally rich data optimized
for lightweight IL algorithms (e.g., SGD-LR, SGD-SVM),
ensuring efficient processing even on edge devices like
Raspberry Pi. Third, the system automates data
transmission and decision-making by integrating IoT
connectivity, removing subjective human inspections and
enabling remote monitoring?®?, Our work is the first to
apply IL to coolant quality detection, bridging the gap
between ML and industrial maintenance needs.

Recent studies in stochastic modeling, such as novel
mixture distributions, demonstrate advanced probabilistic
frameworks for capturing complex data variability in
engineering systems). Although their approach offers
theoretical robustness for multi-modal data, their
application focuses on static datasets and lacks integration
with real-time sensor networks or incremental learning,
which are key requirements for dynamic industrial
environments like CNC coolant monitoring. Similarly, the
analysis of stochastic airfoil responses under stall flutter
regimes highlights the importance of modeling temporal
uncertainties in mechanical systems*). However, their
study focuses more on aerodynamic instability prediction
than on adaptive sensor-data classification, leaving a gap
in scalable, IoT-driven solutions for real-time industrial
condition monitoring.

Moreover, this IL approach has been effectively used in a
variety of fields, such as intelligent robotics, unmanned
aerial andautonomous  driving?®, image
processing and traffic management®®. This
framework was also developed for an IoT-based smart
water quality classification system to predict the suitability
of water for different applications®”. In addition to the
genetic algorithm, it has been used for optimization and
dynamic aeration control in wastewater treatment plants.
A review of the state-of-the-art IL methods concluded that
IL is still a hot research area and will continue to be so for
a long period®”. Nevertheless, the use of IL algorithms for
coolant quality detection has not been previously reported
to the best of our knowledge..

Despite having common challenges with other domains,
such as the need for real-time adaptation to dynamic
environments, there are differences between our study and
previous related works. The robotics dataset comprises
multimodal data and high-dimensional data, whereas our
dataset consists of time-series data specific to coolant
characteristics. Similarly, image data are spatially rich,

vehicles
35.,36)
b

whereas our sensor data are temporally rich. Traffic
management data deals with multi-modal data (time-series
from sensors, images from cameras, text from social
media), while our application is more focused on detecting
specific physical properties (coolant quality). Compared
with water suitability and wastewater treatment, which can
be categorized as environmental applications, our coolant
quality detection is more specific to industrial applications.

Table 1: Comparison of existing methods for detecting coolant
quality and the proposed approach.

Method Description Drawbacks Propo.sed
Solution

1 Batch- Trained on High Adapts
Learnin  static computational  Incremental
g Al datasets; cost. Learning (IL)
Models®>  requires full ~ Delayed algorithms to
7.28) retraining adaptation to  update

for new data.  dynamic models in
coolant real time
conditions. using [oT
Impractical sensor
for industrial streams.
use in real-
time.

2 Traditio  Manual Subjective IoT-enabled
nal pH/TDS inspections. gas sensors /
Sensor probes with Delayed photodiodes
Systems  offline maintenance automate
17,26) analysis. decisions. data

No real-time collection; IL

monitoring. processes
streaming
data in real
time.

3 Multi- Combines Struggles with ~ Lightweight
Sensor heterogeneo  high- IL algorithms
Fusion?  us sensor dimensional optimize the
30 data (e.g., data. temporal

robotics, Complex coolant-
traffic). integration for  specific data.
industrial
constraints.

4  Microbi  Lab-based Time- Photodiode/g
ological  microbial consuming. as sensors
Analysis  growth Expensive detect
8,19) detection. equipment/exp  microbial

ertise proxies
required. (e.g., pH
No real-time shifts); IL
feedback.. dynamically
classifies
trends.

5 Static Theoretical Designed for IL adapts to
Probabil  frameworks  static datasets.  real-time
istic for multi- No IoT sensor
Models>  modal data. integration or  streams in
3,34) incremental CNC

updates. environments

Cite: A. Zuhri et a., "loT-Based CNC Coolant Quality Detection using Photodiode and Gas Sensors
with Incremental Learning Algorithms'. Evergreen, 13 (01) 57-75 (2026). https://doi.org/10.5109/7405128.

-59-



EVERGREEN - Joint Journal of Novel Carbon Resource Sciences & Green Asia Strategy, Vol. 13, Issue 01, pp. 57-75, March, 2026

Most existing Al-driven sensor systems in industrial
applications rely on batch learning, where models are
trained on a complete, static dataset and require full
retraining to incorporate new data?’-?®, These methods are
computationally expensive and lack adaptability to
evolving sensor data. This study proposes IL, which IL
allows the model to be continuously updated as new sensor
data become available without retraining the entire model
from scratch. This allows real-time adaptation to changing
coolant conditions while reducing computational costs and
improving scalability.

Table 1 summarizes the limitations of existing coolant
quality detection methods and compares them with the IL
approach for coolant monitoring. First, batch-learning
models lack real-time adaptability, requiring full retraining
to incorporate new data. However, our IL approach enables
continuous updates with minimal computational
overhead®'*?, Second, some industrial settings still rely on
manual coolant checks, such as using smell, color, and
touch, which are subjective, operator-dependent”, and
insensitive to critical degradation markers (e.g., early
microbial growth!®). Our IoT-integrated gas sensors and
photodiodes automate data collection, thereby reducing
subjectivity and operational downtime. Third, multisensor
fusion techniques struggle with high-dimensional
industrial data®>?%, but our feature selection and PCA
methods may optimize dimensionality for coolant-specific
time-series patterns. Fourth, microbiological analysis®!? is
laboratory dependent and slow (often requiring days for
microbial culturing), yet our system may dynamically
classify trends. Finally, static probabilistic models* do not
consider loT integration, whereas the proposed framework
adapts to real-time sensor streams in CNC environments.
The motivation for this study includes the following:

1) Develop and validate an Al-driven coolant
monitoring system combining multisensor data, [oT
connectivity, and incremental learning algorithms;

2) Identifying critical features from sensor data;

3) Practical industrial adoption of automated quality
prediction through IoT and cloud-based interface.

This study introduces novelties that may advance the field
of industrial condition monitoring, namely: (1) the
integration of multisensor Al with IL for coolant quality,
and (2) the end-to-end practical implementation. First,
while prior research has used sensors or Al for coolant
monitoring, this work is the first to combine photodiodes,
gas sensors, 10T, and IL into a unified system. Unlike
traditional batch-processing models, our approach
continuously updates the model with new data. This study
addresses a critical gap in adapting to real-time sensor and
concept drift in industrial environments. Second, we built
a functional web prototype that bridges Al and industrial
usability beyond theoretical metrics. This system uniquely
supports both real-time IoT data and offline uploads, with
IL for lab-validated samples, a feature that was previously

absent in coolant monitoring tools.

Therefore, the main contributions of our study include the

following:

. A unified Al system combining multisensor
(photodiodes, gas sensors), IoT, and incremental
learning for real-time coolant monitoring.

. Identification of critical features from raw sensor
data using dimensional reduction techniques (feature
selection and PCA).

. Industrial deployment of an IoT-cloud system that
eliminates manual inspections by enabling real-time
remote monitoring and automated quality alerts.

The remainder of this paper is organized as follows.

Section 2 describes the methods used in designing gas

sensors and photodiode arrays, conducting coolant quality

tests, loT connectivity, preparing the dataset, preparing
dimension reduction and classification techniques, and
parameter optimization. Section 3 describes the
experimental results and discusses the gas sensor and
photodiode measurements, selected and extracted features,
and classifier performance and testing results. Finally,

Section 4 presents the conclusions of the research, practical

implications, and suggestions for future research.

2. Methods

The steps to perform the experiment include: (1)
configuring the sensors, (2) collecting coolant samples and
setting their class reference, (3) measuring the coolant
condition, (4) analyzing the feature importance, and (5)
comparing the classification performances. Additionally,
an IoT connection is designed to facilitate the coolant
measurement step until the performance comparison step.

2.1. Design and configuration of sensors

The main components in the design of the sensor
electronics system are smell and vision. Eight gas sensors
from Winsen Electronics Technology and one photodiode
from Thorlabs are used in these sensors. The gas and
photodiode sensors detect the aroma emitted from the
coolant and the presence of particles and contaminants in
the coolant through changes in light intensity. The gas
sensor was chosen to detect the unpleasant odor emitted by
the coolant due to the growth of microorganisms such as
fungi and causing pH changes in the coolant, which
indirectly releases certain gases®. A photodiode sensor
was chosen to detect turbidity and color in the coolant due
to contamination or degradation of the coolant during the
machining process®*#!. Table 2 lists the sensors used in
this study. Various gas sensors with range measurements
from 10 to 10,000 ppm were used. The gas sensor converts
the aroma produced into an electrical signal through
internal changes in the sensor’s internal resistance value,
and the photodiode sensor converts changes in light
intensity into an electrical signal with an infrared LED
light source. The photodiode sensor has a wavelength of
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900-2600 nm which is useful for detecting contaminants in
the coolant. The photodiode sensor uses three LED light
sources with peak wavelengths of 1300, 1450, and 1600
nm. All these sensors have a fast response time (<1s). This
multisensor fusion approach combines gas and photodiode
data, thereby avoiding false detection when using
nonspecific gas sensors. In this study, each sensor’s
contribution was investigated. PCA and feature selection
were used to identify which sensor has a great contribution.
All sensors generate analog data that are connected to the
Raspberry Pi through an analog-to-digital converter called
(ADC) ADSI1115. A multiplexer with three ADCs was
used to accommodate eight gas sensors and one
photodiode. The Raspberry Pi processes the data using
Python. Then, it sends the data to the IoT-based cloud for

Raspberry Pl 4 Multiplexer

GPIO 2

GPIO 3

Photodiode
& LED Board

MQ136

12C Serial

MQI35
Gas Sensor Array

— ==~ Analog

Digital

Fig. 1: Schematic of the electronic sensor

Table 2: List of the sensor

Initials Sensors Detection

Ml MQ2 detect hydrogen, LPG, and methane

M2 MQ4 detect natural gas and methane (CH4)

M3 MQ6 detect isobutane, propane, and LPG

M4 MQ9 detect CO, propane, and methane

M5 MQI135 detect CO2, benzene, NH3, and NOx

M6 MQI136 detect H2S, hydrogen, CO, and methane

M7 MQ137 detect ammonia, hydrogen, and ethanol

M8 MQ138 detect aromatic and other organic solvents

Pl FDO5D detect infrared light (wavelength 1600
nm)

P2 FDO5D detect infrared light (wavelength 1450
nm)

P3 FDO5D detect infrared light (wavelength 1350
nm)

further detection using ML. The electronic sensor system
was used to identify the coolant samples using two sample
boxes connected to a Raspberry Pi and the coolant placed
inside. The first box has eight gas sensors on top and has a
size of 6 inches (152 mm:250 mm) with a volume of 4.5 L.
The second box has one photodiode sensor on top and has
a size of 3.5 inches (90 mm:63 mm) with a volume of 0.3
L. The experimental setup is illustrated in Figure 1.

The sensors used are normalized according to the datasheet
specifications. Each gas sensor measured the clean air
environment for 2h before the experiments. The measured
resistance was saved as a reference for the initial
resistance*”. Meanwhile, the photodiode sensor was
normalized using a Thorlabs LED Driver DC4100 by
supplying the reference voltage value to drive the LED
used in this research according to its typical value*>. The
measured voltage from the photodiode calibration was
saved and later used as a reference in the experiment.

2.2. Coolant quality testing

Data validity is required as reference data to verify coolant
quality by conducting pH testing and microbiological
analysis. This test was conducted at the Biotechnology
Laboratory,  Serpong.  The  implementation of
microbiological analysis testing refers to the Indonesian
National Standard (SNI) ISO 4833-1:2015, while pH
testing refers to SNI 06-6989:2004. Coolant samples were
selected from several different CNC machines to ensure
data completeness, representing various operational
conditions and variations in coolant types in the production
process, including the frequency of use, different material
types, and varying coolant ages, as shown in Figure 2.
The pH test was performed using a Beckman pHI 50 pH
meter, and microbiological analysis was performed using
the pour plate method to obtain the total plate count (TPC).
This method calculates the proliferation of microbial

Fig. 2: Coolant samples

Table 3: The coolant quality test results

Coolants Value of pH TPC (Cfu/mL)
C1 6.93 2.7x 104
C2 6.12 1.3x10°
C3 7.86 1.9x 106
C4 6.76 1.0 x 106
Cs 7.98 2.1x10?
C6 8.6 1.9x 10!
Cc7 8.89 2.5x 107
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/G

BECKMAN

Fig. 3: Front view of the pH meter and the microbiological
analysis

Table 4: The coolant quality test results

Category  Class Definition

good 0 coolant with pH=7.5 - 9.5 and
TPC<10?

bad 1 coolant with pH=7.5 - 9.5 and
TPC>10° or coolant with pH<7.5 or
pH>9.5 and TPC<10?

very bad 2 coolant with pH<7.5 or pH>9.5 and

TPC>103

colonies in CFU/mL to assess microbial contamination of
the coolant. In this study, the pH testing method was based
on the SNI 06-6989: 2004 procedure. The sample size of
coolant used is 10 mL, one testing frequency until the
reading is stable, and environmental conditions during data
collection with temperature 26.6°C and humidity 65%.
The microbiological analysis method refers to the SNI ISO
4833-1: 2015 procedure. The sample size of the coolant
used was 25 g, one testing frequency with dilutions of 10-
1 to 10-7 until bacterial colonies could be counted and
recorded, and environmental conditions during data
collection with temperature 30 + 1°C, and humidity 65%.
Both tests met the coolant quality standards. Figure 3
displays the physical appearance of the pH meter and the
microbiological analysis test performed using the TPC
method. Table 3 shows the lower pH levels of the coolant
were observed at C2 and C4, whereas the highest pH levels
were observed at C6 and C7. The coolant with the highest
TPC was observed at C7, whereas the coolant with the
lowest TPC was observed at C1. Table 4 shows the coolant
quality assessment outcomes, which were categorized into
three groups: very bad, bad, and good.

The electronic sensor system designed with the gas sensor
circuit and photodiode must be able to detect and identify
the coolant quality correctly and precisely from the coolant
that belongs to the very bad, bad, and good categories.

2.3. Measurement setup

Of the seven coolant samples tested for pH and
microbiological analysis, three (C2, C3, and C4) were
categorized as "very bad", two (C1 and C7) as "bad", and
two (C5 and C6) as "good". The test time for each coolant
sample was 1,110 s; the first 180 s was the chamber
cleaning time, 30 s was the zero resistance setting time, and
900 s was the data acquisition time. Data sampling was
performed at one data point per second or at a data
acquisition frequency of 1 Hz. Box cleaning was

performed every time one coolant sample was tested until
no residual odor was left in the box. Each coolant sample
was tested using eight gas sensors and one photodiode
containing 11 x 900 x 1 = 9,900 data points.

Each coolant sample weighed 750 g in the first box
containing the gas sensor and 250 g in the second box
containing the photodiode sensor. The coolant samples
were weighed using an electronic scale to ensure
appropriate and accurate measurements. In the data
collection test, the sensor was heated for 120 min and clean
air data were collected for 3 min. The coolant sample was
placed in the sample box, and data were collected for 930
s, including a 30 s buffer time for zero resistance settings
and 900 s for actual ML data acquisition. The sample box
was then cleaned before the next experiment.

Each sensor in the coolant sample contains 900 records.
Therefore, for the seven coolant samples, each sensor has
900 x 7 = 6,300 records. Of the seven coolant samples, two
are labeled as “very bad’, two others are labeled ‘bad’, and
the three remaining samples are labeled as ‘good’.
Therefore, the percentages of class distribution are 28.6%,
28.6%, and 42.8% for each class.

After preparing the dataset, we performed dimensionality
reduction either by feature selection or feature extraction
(using PCA). The last step is to classify the data according
to class. The classification data were split into training and
testing data at a percentage of 80%-20% to evaluate the
performance of each classifier. To ensure deterministic
partitions, we set the random_state parameter to a fixed
integer value (e.g., random_state=101) in the Python’s
‘train_test_split” function.

2.4. 10T connection

IoT platforms can remotely manage, collect, and monitor
data coming from sensors in real time. [oT involves the
expansion of internet connectivity for communication and
interaction. The IoT architecture used in this study is
shown in Figure4. The IoT system has three layers:
perception, network, and application layers. In the
perception layer, data from sensors were gathered using
Raspberry Pi. The collected data are then transferred to the
cloud server through the router on the network layer using
REST API. Sensor data are sent to the cloud layer via
HTTP requests, a protocol that transfers hypertext markup
language (HTML) from a web server to a local browser
with a request and response pattern that uses the HTTP
GET and POST methods to simultaneously access the
server, send requests, and store data in the application layer.
Through HTTP, the server sends data through a universal
resource identifier (URI), and the client receives data
through the same URI*Y,

The following parameters were sent in JSON format:
dataset name, detection time (timestamp when the sensor
retrieved the data), photodiode sensor data (FDOSD 1300,
FDO0O5D 1450, FDO5SD 1600), and gas sensor data (MQ
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Fig. 4: Architecture of the IoT framework

135, MQ136, MQ137, MQ138, MQ2, MQ4, MQ6, and
MQS8). Using the REST API, the Raspberry Pi
communicates directly with the website server to ensure
secure and efficient data transmission, which supports real-
time monitoring and data analysis, which are critical to the
effectiveness of the system. The website can be accessed
through a mobile app, providing a user-friendly interface
for quick coolant quality detection. This interface can be
accessed from any device with internet connectivity,
allowing industry managers to remotely view the coolant
quality detection status without having to be physically
present at the tunnel site. The cloud server keeps a
continuous record of each part’s status, creating a detailed
database that industry managers and machine operators
can access remotely.

To ensure security in our web application, we implemented
a role-based access control system. Administrators have
elevated privileges, allowing them to manage users, create
machine learning models, upload training data, and fit
classifiers. Regular users, on the other hand, are restricted
to submitting test samples (inference data). For
authentication, passwords are encrypted using MDS5
hashing. Additionally, we enforce HTTPS to secure all
HTTP transmissions, protecting data integrity and
confidentiality during communication.

Furthermore, the proposed system exhibits varying latency
characteristics across different operational stages. Initial
model training requires approximately one minute per
classifier to process the foundational dataset, representing
a one-time computational investment to establish robust
baseline performance. Subsequent incremental updates
demonstrate significantly reduced latency, with partial
fitting and accuracy evaluation operations completing in
under one minute when processing user-submitted test
samples. The most substantial latency occurs in the data

acquisition phase, where IoT sensor data collection and
transmission typically require 5-10 minutes due to inherent
constraints in the sensing systems, network variability, and
data volume. Hence, this multi-stage latency structure
prioritizes computational thoroughness during initial
model establishment while maintaining responsiveness for
incremental learning operations.

2.5. Data preprocessing

In this study, data standardization and outlier detection
were employed for the data pre-processing step. To ensure
the optimal performance of scale-sensitive classifiers,
feature standardization was applied wusing the
StandardScaler from scikit-learn, which transforms the
data to have zero mean and unit variance. The scaling is
applied as:

X-u

Xscatea = .

(1)
where u is the mean and o is the standard deviation of the
feature values. This method is essential for algorithms
whose learning processes are influenced by the magnitude
of feature values. In particular, classifiers such as
Stochastic Gradient Descent (SGD), Perceptron, and
Passive-Aggressive rely on gradient-based or margin-
based updates that are sensitive to input scale. Features
with larger numerical ranges could dominate the learning
process without standardization, leading to suboptimal
convergence and performance. While Gaussian Naive
Bayes (GNB) is not inherently sensitive to feature scale—
because it models each feature independently as a normal
distribution—standardization can still help improve
numerical stability when features vary significantly in
magnitude.

Outliers were identified using a two-step detection
approach. First, the standard deviation (o) method flagged
values beyond +3c from the mean*”). Second, the
interquartile range (IQR) method robustly detected
extremes in skewed data. These methods were combined
to capture both global deviations (o) and localized
anomalies (IQR), ensuring comprehensive outlier
identification. IQR measures the spread of the middle 50%
of data (outlier-resistant) as follows:

IQR = Q35— Q4 2)

where Q1 is the 25th percentile and Q3 is the 75th
percentile. The outlier threshold is typically defined as
values outside [Q; - k.IOR, O3+ k.IQR], where k’s default
value is 1.549).

Outliers were defined as the union of indices flagged by
either method for each feature, minimizing false negatives
while maintaining interpretability.

Outliers were treated via per-feature Winsorization, which
capped extreme values at the 5th and 95th percentiles of
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the original data distribution*”. This approach preserved
the dataset’s size and structure while reducing the
influence of outliers. The treatment was applied only to
pre-detected outliers, leaving non-outlying data points
unchanged.

2.6. Feature selection

Feature selection is used to select a subset of features that

can be used to differentiate samples into different classes*®).

These features improve learning execution in terms of
higher precision, lower computational costs, and finer
model interpretability. Feature selection generally involves
three main methods: filter, wrapper, and embedded feature
selection*”). The filter method observes the relationship
between features, whereas the wrapper method selects
features using a classifier. The embedded method selects
features during model optimization®.

In this study, the filter method was selected because the
classifiers designated for IL have no embedded feature
selection capability, and the wrapper method is more
computationally costly. Python’s GenericUnivariateSelect
function was used to compute the F-value of ANOVA
(Analysis of Variance) for each feature relative to the
target variable using the f classif scoring function.

2.7. PCA

Feature extraction acquires information from the feature
set to construct a new feature subspace’?, which reduces
the number of dimensions or features. In this study, the
feature extraction used is principal component analysis
(PCA). PCA is used to extract the most relevant
information by compressing the dataset into a lower-
dimensional feature subspace®”. PCA determines a set of
comprehensive lists, and the primary variables are
transformed into a different dimensional form through an
orthogonal transformation that preserves the maximum
variance®. In addition, this method is widely used to
reduce data by retaining as much important information as
possible®¥.

2.8. Incremental learning algorithms

An incremental learning algorithm continuously updates
its knowledge base by incorporating new patterns from
fresh data without forgetting previously acquired
information™). This type of learning is suitable for cool
conditions, where data arrival is gradual. As shown in
Figure 5, the model is updated with the previous data when
labeled partial data arrive, incorporating the knowledge
learned from all the previously observed data. The
continuously updated model is then used to predict the
incoming testing data class.

The proposed IL framework operates in three phases: (1)
initial training, (2) incremental updates, and (3) evaluation.
During initial training, the model is trained on the first
batch of labeled data (initial data) using standard

Start
Initial Preprocess Data Train Initial Initial
Training (PCA/Feature

e Selection) Model Model
Incoming Preprocess Data
X Update Model Updated
Partial (PCA/Feature 1 (partial_fit) I\i’dodel
Data Selection) P -

Validate on
Recent Data
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Next
Data
Available
?

Retrain on All
Historical Data

Fig. 5: Incremental learning algorithm

supervised learning. Feature selection/PCA is applied to
reduce dimensionality (if enabled). As new partial data
arrive, the model is incrementally updated via partial fit
(mini-batch learning), ensuring that prior knowledge is
retained. After each update, the model’s performance is
validated on a held-out test set to monitor drift or
degradation.

The IL algorithms used in this study include stochastic
gradient descent (SGD), passive-aggressive (PA), gaussian
naive bayes (GNB), and perceptron. These classifiers were
chosen for their native support of ‘partial fit’ in scikit-
learn, computational efficiency in streaming settings, and
complementary strengths: SGD/PA for linear separability,
GNB for probabilistic robustness, and Perceptron for low-
latency updates. Together, they cover diverse learning
paradigms suitable for gradual data arrival.

The IL pseudocode is as follows:

Algorithm 1 Pseudocode of IL
Input: The dataset has been divided into initial and partial
data.
Output: the accuracy of each method
For each method do
Read the initial data
If feature selection is True then
Get the ranking of selected features
Else-If PCA is True then
Get the Principal Components (PCs)
Fit the model on the training data
Get prediction on the testing data for all or selected or
extracted features
For each partial data do
Partial-fit the partial data on previous model for all or
selected or extracted features
Get prediction using partial data for all or selected or
extracted features

The SGD Classifier is a linear classifier optimized by the
SGD using stochastic or random probability such that one
sample is chosen for model training in each cycle®®. The
proposed SGD optimizes the loss functions associated with
certain classifiers. The loss function ‘hinge’ can be
selected to emulate a linear SVM and another loss function
‘log_loss’ for Logistic Regression. The SGD’s learning
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rate is decayed over time to ensure convergence, while the
hinge loss aggressively penalizes misclassified samples,
emulating SVM behavior.

Likewise, the passive-aggressive classifier is a part of
online learning algorithms, where the input data are
expected to come in sequential order, and the model is
updated incrementally. The ‘passive’ term refers to
keeping the model unchanged if the prediction is correct,
while ‘aggressive’ term relates to updating the model if the
prediction is incorrect™”. The PA classifier’s C parameter
is tuned to limit model updates when confidence is high,
preventing overfitting to noisy batches.

The gaussian naive bayes classifier presents a probabilistic
approach to classification that is a variation of the naive
bayes classifier, specifically designed for use with
continuous data. This classifier assumes that the features
are independent of each other for a given class label. The
Bayes theorem is used to calculate the probability for each
new data point belonging to each class. This formula is
derived from the multiplication of the likelihood and prior
probabilities and then dividing by the available evidence
GNB incrementally updates the class-conditional mean
and variance statistics for each feature, leveraging Bayes’
theorem without retraining from scratch.

Lastly, the perceptron is a single-ANN suitable for online
learning due to its straightforward structure and updating
rules, which makes it easy to adapt to incoming new data
points. The perceptron’s simplicity and efficient updating
rule make it a more attractive choice for IL scenarios than
multilayer perceptron®”. The Perceptron’s weights are
adjusted via error-driven updates per sample, avoiding the
computational overhead of backpropagation in deeper
networks.

In addition, when feature selection/PCA is enabled, the
same feature subspace (selected features/PCs) is
propagated to partial data batches to ensure dimensional
consistency. New features are projected onto the original
PCA axes or filtered via precomputed rankings.

The evaluation metrics are tracked over time as the
incoming partial is partially fitted to the existing model. To
calculate the accuracy of each classifier, we measured the
proportion of correctly predicted instances out of the total
number of instances®”®. In addition, we compute the
precision to measure the number of predicted positives that
are truly positive, the recall to measure how many actual
positives are captured, and the F1-Score as a harmonic
mean of precision and recall. The precision, recall, and F1-
score are all weighted by class size to ensure that larger
classes influence the final metric more. Hence, they are
robust to class imbalance. These metrics can be written as
follows:

TP;i+TN;
TN;+FP;+FN;

G)

Accuracy = );;
Y ZlGCTPi+

58).

n; TP;
Precision,,,; =2 (—‘. - )
weighted ZlEC n ' TP+FP; (4)
n; TP;
Recall,,,; =Y (—‘. - )
weighted ZI.EC n TP;+FN; (5)

n; Precision;. Recalli)

Flweighted = ZiEC( (6)

n " Precision;. Recall;
where TP;, TN;, FP;, and FN; denote true positive, true
negative, false positive, and false negative, respectively,
for each class i.

To handle the possibility of concept drift (shifts in data
distribution over time), our framework incorporates
performance monitoring by tracking accuracy decay over
successive batches, where a significant drop would trigger
a drift alert. Upon detecting an accuracy drop that exceeds
a threshold, such as 10-15%°%-D the model is retrained on
all accumulated data to capture the new concept. Afterward,
incremental updates (using python’s ‘partial_fit’) resume.
Based on empirical guidelines for performance-based drift
detection, we set the drift threshold to 10% accuracy
decay®>%?. This balances the sensitivity to significant drift
while avoiding overfitting to noise.

Similarly, to detect potential sensor drift, change detection
algorithms such as ADWIN (Adaptive Windowing) and
Page-Hinkley are employed®. These methods are
designed to monitor real-time data streams and identify
any significant changes in the underlying distribution of
sensor readings. ADWIN works by dynamically adjusting
the size of its sliding window to detect statistically
significant differences between sub-windows, making it
suitable for environments with gradual or sudden drifts.
Page-Hinkley, on the other hand, is particularly effective
at detecting abrupt changes by tracking the cumulative
deviation from the mean. Together, these techniques
provide robust mechanisms for identifying and responding
to shifts in sensor behavior, which is critical for
maintaining the reliability and accuracy of data-driven
systems.

3. Results and Discussion

Based on the experimental setup outlined in the previous
section, this section describes the results of the sensor
measurements, feature selection and extraction, and
classification performances, as well as the use of a coolant
monitoring system prototype.

3.1. Measurement of sensors

The sensor measurement patterns are shown in Figure 6
where the upper parts of the Figure are the photodiodes and
the bottom parts are the gas sensors. Each of these
measurement readings is labeled according to the specified
categories in the previous section: class 0 is good category
(blue highlight), class 1 is bad category (red highlight), and
class 2 is very bad category (green highlight). Each legend
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on the right section of the Figure signifies the sensor type
and series.

The measurement unit for photodiodes is voltage (v),
whereas the measurement unit for gas is Rs/Ro, which is
the ratio between the initial and measured resistance. The
photodiode measurements have means of approximately
0.29 V, standard deviations of approximately 0.0217 V,
minimum value of 0.237, and maximum value of 0.345 V.
The gas sensors have means ranging from 0.828 to 0.975
Rs/Ro, standard deviations between 0.0311 and 0.0689
Rs/Ro, minimum value of 0.237 Rs/Ro and maximum
value of 1.101 Rs/Ro.

Initial observations of sensor features by class label
indicate that Class 0 contains lower readings in both
photodiode (FD0O5D) and MQ gas sensors, Class 1 shows
distinctly higher values across all sensors, particularly in
the MQ series (e.g., MQ135, MQ138), and Class 2 exhibits
intermediate values, often overlapping with Class 0 in MQ
sensors but trending toward Class 1 in FDO5D sensors.
Notably, FDO5D sensors demonstrate minimal variance
across classes, with slight shifts in the median. MQ sensors
(e.g., MQI35, MQI138, MQ2-8) could be strong
discriminators, showing clear class separation.

Boxplot diagram in Figure 7 highlights the distribution of
each feature’s readings, with photodiodes (e.g., FDO5SD
sensors) and gas sensors (e.g., MQ series) exhibiting
distinct value ranges. While FDO5D sensors show tightly
clustered values, gas sensors (e.g., MQ135) span wider
ranges across classes. For MQ sensors, there is clear
vertical separation between classes, with Class 1 boxes
being distinctly higher. Conversely, FDO5D sensors
exhibit flatter boxes, emphasizing their weaker
discriminative power compared to MQ sensors.

Figure 8 indicates that significant outliers across multiple
sensor channels were detected, with the most prominent
anomalies occurring in the FDO5SD 1300, FD0O5D_1450,
and FDO5D 1600 sensors, each containing 600+ outlier
indices (e.g., indices 3239-6299). These outliers indicate
systematic deviations, possibly due to sensor drift or
environmental interference during prolonged operation.
The MQ8 and MQI138 sensors exhibited fewer but
clustered outliers (e.g., indices 913-946 and 910-946,
respectively), indicating transient disturbances. Notably,
sensors like MQ135 showed no outliers, confirming stable
operation. The detection leveraged a hybrid standard
deviation and IQR approach to capture both global
deviations and localized anomalies.

ADWIN analysis confirmed the absence of abrupt drift
across all sensors in sensor drift detection. However, the
Page-Hinkley test identified gradual drift patterns in
several sensors: MQ135 (3 drift points), MQ136 (2 points),
MQ138 (2 points), MQ2 (1 point), MQ4 (2 points), and
MQ6 (1 point). We applied a moving average filter to
mitigate these gradual drifts, which stabilizes sensor
readings without requiring model recalibration.
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Fig. 6: Sensor measurement patterns
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Moreover, to detect the existence of concept drift, we
observed that the performance decreases across the five
partial datasets were all below 10% (ranging from 0.7% to
4.2%), with no single drop exceeding the commonly
adopted drift threshold of 10-15% used in IL literature®®V,
Concept drift is not statistically or practically significant
for the current model and data stream.

3.2. Feature selection results

The feature selection results were obtained by computing
the F-value scores for the best k features, where k is 1 to
the total number of features, using the list of features
shown in Figure 9. Each selected feature was run against
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MQ2 71.02%

MQ2, MQs 82179%

MQ135, MQ2, MQ6 8371%

MQ135, MQ2, MQ4, MQ6 89.65%

MQ135, MQ136, MQ2, MQ4, MQ6 87.37%

MQ135, MQ136, MQ137, MQ2, MQ4, MQE 90.67%

MQ135, MQ136, MQ137, MQ138, MQ2, MQ4, MQE 9041%

MQ135, MQ136, MQ137, MQ138, MQ2, MQ4, MQ6, MQS 95.90%

FD05D1300, MQ135, MQ136, MQ137, MQ138, MQ2, MQ4, MQS6, MQ8 9594%
FD05D1300, FD05D1600, MQ135, MQ136, MQ137, MQ138, MQ2, MQ4, MQS, MQ8 96.54%
FDO5D1300, FD05D1450, FD05D1600, MQ135, MQ136, MQ137, MQ138, MQ2, MQ4, MQS, MQS 96.03%

Fig. 9: Performance of the combined features

all considered methods to validate the selection result. The
percentage of performance accuracy indicates that all
features contributed to the classification process because
all features achieved the highest performance average.
However, the combination of eight gas sensors achieved
95.90% accuracy, whereas the three features of photodiode
sensor only added small improvement of 0.13%. These
eight features were selected during the comparison of
classification performance.

3.3. PCA results

As with feature selection, the more Principal Components
(PCs) considered, the better the classification performance.
Figure 10 indicates that, generally, the accuracy values
increase until the number of PCs reaches four, at which
point the average performance reaches 90.79%. From this
point onwards, performance improvement decreases. The
variance threshold for PC retention is about 70- 85% to
ensure that PCs can retain most of the information of the
original variables®. Therefore, four PCs are selected for
the classification performance comparison.

The optimal number of principal components (PCs) in was
selected through a two-step process, namely: the variance
retention threshold and classification accuracy plateau.
PCs were retained until achieving 70-85% cumulative
explained variance, a widely adopted threshold for
balancing dimensionality reduction and information
preservation®®. In this study, the first two PCs captured
87.11% of the total variance, exceeding the minimum
threshold. The fourth PC (97.54% variance) was included
to ensure near-complete coverage of the original data’s
variability, aligning with  industrial monitoring
requirements where minor signal losses could impact
coolant quality interpretation.

Furthermore, Figure 10 demonstrates that classification
accuracy peaks at 90.79% with four PCs, beyond which
marginal gains (<0.5%) do not justify added complexity.
This aligns with the "elbow method" principle, where the
optimal PC count lies at the point of diminishing returns®?.
Figure 11 shows the data groupings based on the number
of PC, which shows two PCs where all data in the same
class are clustered. The variances explained for the first
four PCs are 60%, 87.11%, 96.59%, and 97.54%.
Accordingly, two PCs explained the total variance in the
original dataset by as much as 87.11%. Similarly, for the
four PCs, 97.54% of the explained variance almost covers
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the total variance of the original data.

3.4. Classification

The IL classifiers employed during the experiment, namely,
stochastic gradient descent (SGD), passive-aggressive
(PA), gaussian naive bayes (GNB), and perceptron, were
run against 11 features of olfactory and photodiode sensors.
To assess the performance stability across different data
splits, we run the algorithm 5 times with fixed random
seeds (such as arbitrary integers of 101-105) for train-test
partitioning. This ensures reproducibility while allowing
variance measurement in the results.

Before the performance assessment, several parameters
need to be fine-tuned. Parameter selection was performed
using Python’s RandomizedSearchCV run on 5-fold cross
validation and 20 optimized parameters. The optimal
number of optimized parameters (n_iter) was chosen based
on several trials of n_iter values, ranging from 10 to 50.
Figure 12 shows the average validation score plateaued
beyond ‘n_iter=20’. Further iterations yielded negligible
improvement (<0.1%), suggesting that the hyperparameter
space was sufficiently explored.

The parameters were chosen based on their documented
impact on model performance, with initial ranges
reflecting common practices in the literature®®®. For
example, alpha values were selected to cover a range of
regularization strengths, while learning rate options
included both fixed and adaptive strategies. Table 5
presents the optimized values, along with their initial
ranges and descriptions. Notably, the absence of
regularization (penalty: None) in the SGD classifiers
indicates that the models benefited from the minimal
constraints on the weight updates.
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Table 6 shows the classification accuracy of each classifier
on the 11 original features, 8 selected features, and 4
extracted features for the initial and partial data. In this
experiment, the initial data is randomly selected as half of
the total dataset. The other half is evenly divided into 5
parts which would simulate the partial data.

The average accuracy values obtained by the classifiers
were 96.68% for SGD-SVM, 96.88% for SGD-LogReg,
96.33% for PA, 95.07% for GNB, and 94.88% for
perceptron. This average is determined by weighting the
initial data at 50% and five partial data points at 10% each
based on their respective sample sizes.. Hence, all
algorithms performed quite well, and all algorithms scored
accuracies greater than 90%. Impressive performances are
shown by the classifiers on selected features, namely the
eight olfactory sensors, which achieve 100% accuracy for
SGD-SVM, SGD-LogReg, PA, and perceptron.

For comparison, we conducted a quantitative evaluation
against traditional manual methods (visual, tactile, and
olfactory inspection) performed by six experienced
operators on seven coolant samples. The operators’
average accuracy was 36%, whereas our system achieved
over 95% detection accuracy. These results strongly
support the system’s potential to replace human manual
inspection.

Table 5: Optimized parameters of each classifier

Classifier Parameters Initial Values Optimized Values
SGD1 penalty "12','11", None None
learning_rate 'constant', 'optimal', 'adaptive’  adaptive
eta0 0,0.01, 0.1 0.1
alpha 0, 0.0001, 0.001, 0.01 0.001
SGD2 penalty '12','11', None None
learning_rate 'constant', 'optimal', 'adaptive’  adaptive
eta0 0,0.01, 0.1 0.1
alpha 0, 0.0001, 0.001, 0.01 0.001
PA loss 'hinge', 'squared_hinge' squared_hinge
C 0.01,0.1, 1 0.1
GNB var_smoothing 1le-10, le-9, 1e-8 1,00E-10
Perceptron  penalty 2, '11' 11
alpha 0.00001, 0.0001, 0.001 1,00E-05

Table 6: Performance accuracy of the algorithms on the initial and the incoming data based on the original, selected, and extracted

features
Feature Data SGD-SVM SGD-LogReg  Passive-Aggr Naive Bayes Perceptron
Original Features Initial 0.9743 0.9749 0.9759 0.9460 0.9549
Part-1 0.9444 0.9571 0.9460 0.9571 0.9127
Part-2 0.9508 0.9587 0.9508 0.9571 0.9476
Part-3 0.9508 0.9556 0.9476 0.9460 0.9270
Part-4 0.9556 0.9651 0.9444 0.9635 0.9444
Part-5 0.9508 0.9603 0.9492 0.9508 0.9413
Feature Selection Initial 1.0000 0.9994 0.9994 0.9562 1.0000
Part-1 0.9619 0.9651 0.9571 0.9429 0.9095
Part-2 0.9651 0.9683 0.9540 0.9540 0.9476
Part-3 0.9635 0.9683 0.9619 0.9270 0.9270
Part-4 0.9698 0.9730 0.9635 0.9444 0.9365
Part-5 0.9730 0.9794 0.9571 0.9381 0.9619
PCA Initial 0.9756 0.9746 0.9724 0.9717 0.9619
Part-1 0.9365 0.9349 0.9222 0.9127 0.8984
Part-2 0.9222 0.9286 0.9317 0.9286 0.9143
Part-3 0.9349 0.9302 0.9206 0.9540 0.9016
Part-4 0.9413 0.9381 0.9254 0.9635 0.9079
Part-5 0.9333 0.9381 0.9286 0.9127 0.9032
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Table 7: Performance accuracies among classifiers across
different metrics

Classifier  Precision  Recall  F1-Score Accuracy
(Mean+ (Mean+ (Mean%x (Mean+
SD) SD) SD) SD)
SGD-SVM 0.9625+ 09624+ 09623+ 0.9624 +
0.0100 0.0099 0.0100 0.0099
SGD-LogReg 0.9672+ 0.9671+ 0.9671+ 0.9671 +
0.0074 0.0073 0.0073 0.0073
PA 09623+ 09617+ 09615+ 0.9617 +
0.0108 0.0108 0.0109 0.0108
GNB 0.9508 + 0.9505+ 0.9505+ 0.9505+
0.0084 0.0084 0.0084 0.0084
Perceptron 0.9459+ 0.9448+ 09444+ (0.9448 +
0.0167 0.0172 0.0176 0.0172

Likewise, on average, PCA helps algorithms yield good
performance for the initial dataset, which is above 96% for
SGD-SVM, SGD-LogReg, and PA. The algorithms
performed slightly worse on 4 PCs compared to the 8
selected features. However, when the number of PCs was
increased to 8, their performance was on par (97.64% for
8 PCs vs. 97.29% for 8 selected features).

Performance generally drops slightly with partial data in
IL, a consequence of avoiding full data training.
Nonetheless, these decreases, which range from 0.7% to
4.2%, are acceptable®®®) and do not signify concept drift,
thereby negating the need for full data retraining.

As shown in Figure 13, IL allows the model to adapt to
new data, achieving an accuracy up to 1.55% higher than
that obtained by simply using the initial, static model over
time. IL enables continuous model adaptation by updating
parameters with new data batches via scikit-learn's
‘partial_fit” function. This differs from the traditional
batch mode, where the ‘fit” function trains the model once
on a static dataset. Therefore, IL is effective, especially
when the quality of the incoming labeled partial data
consistently exceeds that of the initial data.

Using various metrics, Table 7 indicates that across runs
on the original features, SGD-LogReg achieved the highest
mean Fl-score (0.9671 + 0.0073) across runs on the
original features with the lowest variability (standard
deviation/SD) among all classifiers, suggesting robust
reproducibility. Passive Aggressive (PA) and SGD-SVM
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o{ 331 0 29 o{ 322 0 38
T ]
i 7
— 0 360 0 = - 2 358 0
o [
3 3
= =
~ 9 0 531 ~ 43 0 497
0 1 2 0 1 2

Predicted Label Predicted Label

Fig. 14: Example of confusion matrices

Table 8: Performance accuracy among classes

Clas  Precision Recall F1-score  Support
s

0 0.9392 0.9110 0.9244 360

1 0.9989 0.9991 0.9990 360

2 0.9426 0.9603 0.9511 540

showed comparable performance (Fl1-score of ~0.962),
though PA’s marginally higher standard deviation
(£0.0109) indicates slightly less stability. Gaussian Naive
Bayes (GNB) underperformed (Fl-score of 0.9505 =+
0.0084), consistent with its sensitivity to feature
dependencies. The Perceptron’s larger variability (F1’s SD
of £0.0176) highlights its known limitations in
convergence stability?.

Figure 14 shows the confusion matrices obtained from the
two classifiers. Based on the number of true and predicted
labels from both Figures, we can compute their precision,
recall, F1-score, and accuracy. With a precision of 0.9702,
SGD-LogReg makes fewer false positives (better at
avoiding incorrect predictions) than GNB whose precision
is 0.9345. Similarly, SGD-LogReg with a recall of 0.9698
misses fewer true positives (better at capturing all relevant
cases) as opposed to GNB with a precision of 0.9341.
SGD-LogReg also balances precision/recall more
effectively (harmonic mean) compared to GNB as their F1-
scores are 0.9697 and 0.9343, respectively. In addition, the
accuracies of SGD and GNB (0.9698 and 0.9341,
respectively) align with the F1-score, suggesting that both
models perform similarly relative to class distribution.
Moreover, Class 1 has nearly perfect precision and recall,
which indicates that its features could well separate it from
other classes (Table 8). Meanwhile, Class 0, which has the
lowest precision and recall, tends to avoid false positives
but misses true positives. Lastly, Class 2 has higher recall
(96%) but lower precision (94.3%), indicating that the
model overpredict Class 2 (for instance, labels Class 0/1
samples as Class 2). In addition, despite Class 2’s larger
test sample size (540 as opposed to 360 for other Classes),
we mitigate imbalance effects using weighted
precision/recall, which scales metrics by class support.
Figure 15 compares the Fl-scores (mean =+ standard
deviation) of five classifiers (SGD-SVM, SGD-LogReg,
PA, GNB, and Perceptron) across three data treatments:
original, outlier-treated (using winsorization), and drift-
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Fig. 15: Classifier performance across data treatments

removed (using moving average). The grouped bar chart
highlights that the drift correction consistently improved
the performance of most classifiers, with SGD-LogReg
achieving the highest Fl-score (0.9695 =+ 0.0069).
However, outlier treatment led to slight degradation
compared to the original data, except for GNB, which saw
marginal gains. Error bars (standard deviations) indicate
that drift removal also reduced variability, indicating
enhanced robustness. The Perceptron, while the least
performant, benefited the most from drift correction,
narrowing its performance gap with other models. Recent
studies’"’? have demonstrated that outlier treatment does
not always improve accuracy and can degrade
performance if extreme values contain valuable signals.
Our results are consistent with these findings, as the
original data yielded better metrics.

3.5. Testing results

To simulate a client bringing a coolant sample to test its
quality, we developed a web interface to read the coolant
condition using our sensors (Figure 16). The sensor data
can be directly stored in and read from the system’s
database or stored in offline media and read by file upload.
The testing data are run against the previously compiled
model. If the data contain no label, the class of the tested
coolant can be given, either ‘very bad’, ‘bad’, or ‘good’
without testing accuracy.If the label of the testing data can
be obtained by submitting it to relevant laboratories, it can
be used as a partial dataset for IL.

Task
Select Test Data

@® From Database

coolantL1_3cl v
O By File Upload
O From Uploaded File
Select Model
IncClass__PA__coolantL1_3cl [CVScore: 0.9901] v

Fig. 16: Input for testing data and the previously built
coolant quality model

Classification result:

Dataset: coolantLl_3cl
Method: PassiveAggressive

Prediction Label Confusion Matrix
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(a). Prediction result for class ‘0’ (very bad)

Classification result:

Dataset: coolantl1_3cl
Method: GaussianNaiveBayes
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(b). Prediction result for class ‘1’ (bad)

Classification result:

Dataset: coolantl1_3cl
Method: StochasticGradientDescent-SVM
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FI score: [0.00, 0.99]
(c). Prediction result for class ‘2’ (good)

Fig. 17: Classification results of three labeled testing data

The prediction results of different sets of testing data along
with its confusion matrix when the data contain labels are
shown in Figure 17. The first testing data is 100 records of
“very bad” coolant, which is accurately predicted by the
chosen model. Likewise, the 100 records testing data were
accurately predicted as ‘bad’ coolant. Lastly, the 100
records of the third testing data are 98% accurately
predicted as ‘good’ and 2% inaccurately predicted as ‘very
bad’ coolant. Therefore, the proposed interface
demonstrates the possibility of its implementation in real
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circumstances where the coolant quality can be predicted
quickly with relatively high accuracy.

In terms of real-time processing capabilities, our proposed
system can achieve fast detection through lightweight
incremental algorithms and efficient feature handling. The
system processes sensor data in near real-time by
employing IL classifiers. Unlike batch processing, IL via
‘partial fit” (Figure 13) enables continuous updates
without reprocessing historical data, which critical for
rapid decision-making.

The web prototype’s prediction (Figure 14) confirms
operational readiness for real-time use. Similarly, using
only 8 dominant gas sensors (selected via F-value scoring)
minimizes computational overhead while maintaining
accuracy, enabling faster inference.

For industrial deployment, the proposed system may scale
across multiple CNC machines using a distributed IoT
framework and resource-efficient learning algorithms.
Each machine’s sensors could act as independent nodes
transmitting data to a central hub, which aggregates
information for incremental model updates, avoiding
single-point bottlenecks. Additionally, ML algorithms like
passive-aggressive (PA) and SGD, require minimal
memory, allowing concurrent operation on multiple
machines without server overload’.

3.6. Study limitation

Although this study demonstrates promising results,
several limitations must be acknowledged. First, the
dataset, although substantial with 6,300 records from
seven coolant samples, may not fully represent the diverse
conditions encountered in real-world industrial settings.
Manufacturing environments vary significantly in terms of
coolant types, machine usage patterns, and contamination
levels, which could influence sensor readings and model
performance. For instance, the study’s samples were
collected under controlled conditions, potentially omitting
edge cases such as highly contaminated coolants or
mixtures with unconventional additives. Thus, although
the model performs well on the available data, its
generalizability to untested scenarios remains uncertain.
Further validation across a wider range of operational
contexts, including different CNC machines, coolant
brands, usage time, and environmental conditions, would
strengthen the system’s reliability for broader industrial
adoption.

The second limitation is the long-term robustness of the
sensor system. Although drift mitigation techniques (using
moving average filters) were effective in stabilizing short-
term sensor fluctuations, the study did not explicitly
evaluate prolonged sensor degradation or extreme
environmental interference. For example, temperature
fluctuations, humidity, or exposure to chemical vapors in
industrial settings could gradually alter sensor calibration,
leading to performance decay over time. The impact of

sensor aging, such as reduced sensitivity in gas sensors
after extended use, was not addressed. These factors are
critical for real-world deployment, where maintenance
cycles and recalibration requirements must be clearly
defined. Future work should incorporate accelerated aging
tests and environmental stress experiments to assess the
system’s durability and refine maintenance protocols
accordingly.

4. Conclusions

This study introduced an adaptive monitoring framework
for automated CNC coolant quality detection, which
combines photodiode and gas sensors, loT-enabled data
collection, and IL algorithms. The system adheres to
standardized metrics (SNI 06-6989:2004 and SNI/ISO
4833-1:2015) to classify coolant into three quality levels:
very bad, bad, and good. This research advances both
theoretical and practical domains of industrial Al, offering
scalable solutions for real-time monitoring and predictive
maintenance.

Our work makes significant theoretical contributions by
demonstrating the effectiveness of IL algorithms (such as
SGD-SVM, SGD-LogReg) in handling dynamic sensor
data. The hybrid outlier detection method, which combines
standard deviation and IQR with drift mitigation
techniques (using moving average filters), provides a
replicable framework for robust IoT-based systems in
noisy industrial environments. Notably, the feature
selection method that selects eight gas sensors (MQ135,
MQ136, MQ137, MQ138, MQ2, MQ4, MQ6, and MQ8)
as well as PCA may improve the average performance of
most classifiers. The system achieves high predictive
accuracy (up to an average of 97%), enabling
manufacturers to replace costly lab tests with rapid,
reliable Al assessments. The developed web prototype
further bridges theory and application, offering a user-
friendly interface for real-time coolant quality prediction
and seamless model updates through IL.

The proposed system delivers measurable benefits to
manufacturing operations. First, it reduces costs by
reducing the reliance on manual inspections and laboratory
analyses. Second, its IoT-integrated design supports
scalable deployment, allowing real-time monitoring of
CNC machines to detect coolant degradation early, thereby
optimizing maintenance schedules and reducing downtime.
Third, the system’s IL capability ensures adaptability to
new data patterns, addressing challenges like sensor drift
or changing environmental conditions without requiring
full model retraining. These advantages align with Industry
4.0 goals, emphasizing automation, efficiency, and data-
driven decision-making.

Despite its strengths, this study has some limitations. The
dataset, while substantial (6,300 records from seven
coolant samples), may not capture the full variability of
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industrial conditions, indicating the need for validation
across broader operational contexts. Additionally, while
drift mitigation techniques were effective, long-term
sensor degradation or extreme environmental interference
(for instance, temperature fluctuations) were not explicitly
tested.

We propose several key directions for future research to
build on this work. First, exploring advanced algorithms
such as deep learning (e.g., LSTMs) or ensemble methods,
could enhance anomaly detection in nonlinear sensor data
patterns. Second, real-world deployment trials would
validate the system’s resilience to hardware failures,
multisensor fusion challenges, and unpredictable noise.
Third, integrating explainable Al techniques (such as
SHAP values) could improve user trust by allowing non-
technical operators to interpret model decisions. These
steps would transition the system from a prototype to a
comprehensive tool for smart manufacturing predictive
maintenance.
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