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Classifying tea aromas using an electronic nose (e-nose) system offers rapid,
non-destructive quality assessment. However, metal oxide semiconductor
(MOS)-based gas sensors are often affected by temperature and humidity,
reducing classifier robustness. To address this, we propose an environmental
compensation approach to boost robustness in machine learning-based tea
aroma classification. Specifically, we analyzed 400 tea samples (100 per class:
black, green, red, yellow) using an e-nose with 10 MOS sensors under three
scenarios: (A) sensor features only, (B) integration of temperature-humidity
features, and (C) temperature-humidity-based signal compensation before
feature extraction. For classification, we used SVM, Random Forest, KNN, and
a soft voting ensemble. Notably, Scenario C performed best, achieving 85.00%
accuracy with SVM. Furthermore, robustness analysis revealed that KNN led
on test data (RI=0.9851), while SVM was perfect in cross-validation

(RI=1.000). These results

confirm that environmental compensation

effectively improves the MOS e-nose system stability.

1. Introduction

Tea is enjoyed around the world for its aroma,
taste, and health benefits. Depending on how much
the leaves are oxidized or fermented, tea is usually
grouped into green, yellow, red, and black varieties.
Each type has its own unique flavor because of the
way it is processed and the changes that happen
during fermentation [1],[2]. The aroma of tea is an
important factor in judging its quality and value.

Conventional tea quality evaluation relies on
laboratory analysis or expert sensory testing [3].
While accurate, these methods are costly, time-
consuming, and subjective [4]. Thus, faster, more
objective, and non-destructive alternatives are
needed for tea quality assessment.

The electronic nose (e-nose), which mimics
human smell using gas sensor arrays and pattern
recognition algorithms [5],[6], is a rapidly evolving
technology for aroma analysis. It has been widely
used to assess the quality of food and beverages such
as coffee, milk, meat, and tea [7]. Using machine
learning methods, the e-nose can automatically
classify odors based on multidimensional response
patterns from gas sensors [8]-[10].

Various classification algorithms, such as Support
Vector Machine (SVM), Random Forest (RF), K-
Nearest Neighbor (KNN), and ensemble methods,
have been widely used to improve the performance of
e-nose-based aroma classification [11],[12]. However,
improvements in classification accuracy are not only
influenced by the choice of classifier but also depend
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heavily on the quality of the sensor signals used as
model input.

Recent research into the use of e-noses for
classifying tea has also shown how important it is to
represent signal features and to carry out feature
optimization. It has been found that an optimized
combination of statistical and dynamic sensor
response features helps to improve the ability to
distinguish between fermented and non-fermented
teas, and that the use of mean, median, and gradient
features together with Linear Discriminant Analysis
(LDA) results in an accuracy of 85% and an AUC of
0.97 [13]. These results show that proper feature
representation and selection can greatly assist in the
discrimination between different tea aroma
categories. Yet this method mainly concentrated on
feature optimization without looking into or
compensating for the effect of environmental
temperature and humidity on MOS sensor responses.

Sensor responses in metal-oxide-semiconductor
(MOS)-based electronic nose tea classification
systems are highly sensitive to environmental
conditions, especially temperature and relative
humidity [14]. Fluctuations in these parameters
during measurement may result in baseline shifts,
response drift, and signal pattern distortion, which
compromise the stability and robustness of
classification models [15],[16]. Therefore, although
previous tea classification studies have demonstrated
the effectiveness of feature optimization [13], the
environmental dependence of MOS sensor responses
remains an important issue when classification
models are expected to operate robustly under
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varying measurement conditions. Despite this, the
majority of existing studies emphasize feature
extraction and classifier optimization, with limited
attention given to environmental compensation.
Consequently, the influence of environmental
compensation on classification robustness remains
largely unexplored [17].

In particular, there is still limited research
comparing the effectiveness of integrating
temperature-humidity ~ features  with  direct

compensation at the sensor signal level to improve
the robustness of tea aroma classification. However,
understanding the most effective environmental
compensation strategies is crucial for developing e-
nose systems that are more stable under real-world
operating conditions. Accordingly, rather than further
optimizing feature combinations alone, this study
shifts the analytical focus toward environmental
robustness by explicitly evaluating how temperature
and humidity information can be incorporated at
different stages of the classification pipeline.

To address these challenges, this study seeks to
enhance the robustness of tea aroma classification by
employing a metal-oxide semiconductor (MOS)-
based electronic nose (e-nose) system, utilizing
environmental compensation and machine learning
techniques. Three experimental scenarios are
evaluated. First, classification is performed based
solely on sensor features. Next, temperature and
humidity features are integrated at the feature level.
Finally, temperature and humidity compensation are
applied at the signal level before feature extraction.
Through this comparative framework, the main
contribution of this study is to determine whether
environmental information is more effective when
introduced as additional classification features or
when used directly to compensate sensor responses
before feature extraction, while also evaluating the
resulting classification stability across different
machine learning models.

2. Method

2.1. Tea Samples

Four types of tea, each representing a different
level of fermentation green tea, yellow tea, red tea,
and black tea were selected for this study. Variations
in processing produce distinct volatile compound
compositions and aroma profiles, which are
appropriate for assessing the electronic nose system'’s
classification capabilities. The characteristics of each
sample are summarized in Table 1 and illustrated in
Fig 1.

Yellow Tea
(Lightly fermented)

Red Tea
(Partially fermented)

Black Tea
(Fully fermented)

N Green Tea
Tea Type
(Non-fermented)

J = L ,L,‘ii

Fig 1: Visual appearance and sample codlng of the four tea
categories used in this study

Sample

Visual

Sample
Code

For each type of tea, 100 samples were collected,
resulting in a total dataset of 400 samples. All samples
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were obtained from commercial products in good
condition and stored in sealed containers at room
temperature to maintain aroma stability during the

measurement process.

Table 1: Description of the Tea Samples Used in the Study
General Aroma

Tea Type  Fermentation Level Characteristics
Green Tea Non-Fermented Fresh, vegetal
Yellow Lightly Fermented Mild, Floral

Tea
Red Tea Semi Fermented Fruity, Sweet
Black Tea Fully Fermented Strong, Earthy

2.2. Electronic nose system

The electronic nose (e-nose) system used consists
of a sample acquisition chamber, a metal-oxide-
semiconductor (MOS)-based gas sensor array, a
microcontroller-based data acquisition unit, and a
computer for data storage and processing, as shown
in Fig 2.

Table 2: Sensor Configuration in an Electronic Nose System

Sensor Description
Carbon monoxide, ethanol, hydrogen,
S1 .
isobutane, and methane
Ammonia, ethanol, hydrogen, hydrogen
S2 .
sulfide, and toluene
Ethanol, hydrogen, isobutane, and
S3
methane
Carbon monoxide, ethanol, hydrogen,
S4 .
isobutane, and methane
Carbon monoxide, ethanol, hydrogen,
S5 .
isobutane, methane, and propane
Carbon monoxide, ethanol, hydrogen,
S6 .
isobutane, methane, and propane
57 Carbon monoxide, ethanol, hydrogen, and
methane
sg Acetone, benzene, carbon monoxide,
ethanol, isobutane, methane, and n-hexan
59 Ammonia, ethanol, hydrogen, and
isobutane
Chlorofluorocarbons, ethanol, and
S10
hydrofluorocarbons
Temperatur
e, Humidity

Fig. 2: Schematic diagram of the electronic nose system
used for tea aroma measurement.

The sensor array comprises ten gas sensors with
distinct sensitivities to volatile organic compounds
(VOCs), generating a unique multidimensional
response pattern and an aroma fingerprint for each
tea type, as presented in Table 2. Additionally, the
system incorporates temperature and humidity
sensors to track environmental conditions, given that
metal-oxide semiconductor (MOS) sensor responses



are significantly affected by variations among these
parameters.

2.3. Data Acquisition Procedure

Data acquisition is initiated by placing a tea
sample in the electronic nose measurement chamber.
Each measurement cycle consists of baseline,
sampling, and recovery phases.

During the baseline phase, sensors are exposed to
clean air for 5 seconds to record the initial response.
In the sampling phase, tea aroma is introduced for 60
seconds, resulting in changes to each gas sensor’s
response. The recovery phase then applies clean air
for 240 seconds to restore the sensors prior to the
subsequent measurement.

All gas, temperature, and humidity sensor
responses were continuously recorded using data
acquisition software with a sampling interval of 100
ms. With this configuration, each sample produced a
time-series dataset of dimensions 3050 x 10,
representing 3050 measurement points for 10 gas
sensor outputs. For further analysis, only the signals
from the active sensing phase (60 seconds) are used
as input for the preprocessing and feature extraction
stages.

2.4. Signal Preprocessing and Feature Extraction

The output from the electronic nose consists of
time-series signals from 10 gas sensors, which include
baseline offset, noise, and response variations. Before
classification, these signals undergo preprocessing
steps: baseline correction, windowing, and
normalization.

In the baseline correction stage, each sensor signal
is adjusted against the average response during the
baseline phase to minimize offset and noise. This
correction follows the equation 1.

xc(t) = x(t) — Xoaseline (1)

Where x(t) represents the original sensor signal, x.(t)
represents the corrected signal, and X baseline
represents the average sensor response during the
baseline phase, calculated as equation 2:

_ 1N

X baseline = ZZi:l X; (2)
where N is the number of data points in the baseline
phase. In this study, the baseline phase lasted 5
seconds with a sampling interval of 100 ms, resulting
in 50 baseline data points for each sensor.

After baseline correction, a windowing process
was performed to extract the most informative
portion of the signal. This selection focused on the

active sensing phase, specifically from 5 to 65 seconds.

During this period, the tea aroma interacts directly
with the sensor array. Window selection aims to focus
the analysis on sensor responses most relevant to the
sample’s aroma characteristics.

The windowed signal was then normalized using
the z-score normalization method. This step reduced
scale differences between sensors, as expressed
equation 3:

(3)
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where yu is the mean of the signal, ¢ is the standard
deviation, and € is a small constant used to avoid
division by zero.

After the preprocessing stage was completed, the
sensor signals were extracted into statistical and
dynamic features that represent the aroma
characteristics of the tea. The features used include
the mean, maximum value, standard deviation,
skewness, kurtosis, slope, and area under the curve
(AUC), as summarized in Table 3. With 10 sensors and
7 features for each sensor, each sample yielded a total
of 70 features.

Table 3: Statistical and Dynamic Features Used in the Study

Feature Formula Description
1
Mean NZ X; Average sensor response
Maximum Max(x) Peak response

Signal dispersion

1
Std \/mzm - 1)?

N
1 X; —
Skewness m Z(l—u)3 Distribution asymmetry
o
i=1

i

N
1 x; —
Kurtosis —Z(L—M)4 -3 Excess kurtosis
N £ o
i=1
Xend — X
Slope —end start Response rate
At
AUC fx(t)dt Total response energy

To reduce redundancy and retain the most
discriminatory features, feature selection was
performed using the ANOVA F-test (SelectKBest)
method. Based on the selection results, the top 20
features were chosen as input for the machine
learning classification stage.

2.5. Experimental Scenario

To analyze the effect of environmental parameters
on tea aroma classification performance, this study
designed three different experimental scenarios.
These three scenarios aim to evaluate the extent to
which temperature and humidity data can improve
the robustness of the electronic nose system against
variations in environmental conditions. A summary of
the experimental scenarios is shown in Table 4.

Table 4: Experimental Scenarios

Scenario Input Objective
A 20 sensor features Baseline
classification
B 20 sensor Environmental feat
features + T + H integration
C 20 compensated Environmental
sensor features compensation

Scenario A: Sensor Features Only

Scenario A is used as the baseline model, in which
the classification process uses only features extracted
from the signals of 10 gas sensors, without taking
environmental parameters into account. Thus, the
feature vector in this scenario consists solely of
sensor features.

(4)

Fy = Fsensor



This scenario is used to evaluate the basic ability of an
electronic nose to distinguish tea aromas based solely
on gas Sensor responses.

Scenario B: Integration of Temperature and
Humidity Sensor Features

In this scenario, the temperature (T) and relative
humidity (H) parameters are explicitly added to the
feature vector extracted from the sensors. The feature
vector in this scenario is expressed as:

FB =

[F:?QTI.SOT' T' H] ( 5 )

This approach is used to test the hypothesis that
environmental information can help machine
learning models understand changes in sensor
responses influenced by temperature and humidity,
thereby improving classification stability.

Scenario C: Temperature and Humidity-Based
Compensation

Scenario C applies a direct compensation
approach to the sensor signal before feature
extraction is performed. Compensation is performed

by normalizing the sensor response using
temperature and humidity parameters.
x(t)
Xcomp @)= (6)

(T+€e)(HH+¢€)

where x(t) represents the original sensor response,

and € is a small constant used to avoid division by zero.

This scenario aims to evaluate whether direct signal
compensation is more effective at reducing
environmental effects than the integration of explicit
features in Scenario B.

2.6. Machine Learning Models and Ensemble
Strategies

We used Support Vector Machine (SVM), Random
Forest (RF), and K-Nearest Neighbor (KNN) as base
classifiers due to their complementary classification
characteristics.

SVM offers good generalization and handles
nonlinear problems with kernels. RF is robust to noise
and captures feature relationships using multiple
trees. KNN classifies samples based on feature
proximity.

To obtain the optimal model configuration,
hyperparameter tuning was performed using the Grid
Search method with 10-fold cross-validation for each
classifier. The optimized parameters included the C
and gamma values for SVM, the number of estimators
and maximum depth for RF, and the number of
neighbors for KNN.

In addition to evaluating individual models, this
study also applied an ensemble learning approach
using the soft voting method to improve the stability
and robustness of the classification. In the soft voting
ensemble method, each classifier predicts
probabilities for each class. These probabilities are
averaged across all classifiers, and the class with the
highest average probability is selected as the final
decision.

M
9= argmax )" wnPn(y11) (7)

m=1
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where Pm (y|x) represents the class prediction
probability of the mth classifier, and wn is the weight
of each classifier. In this study, all classifiers were
assigned the same weight, so that each model
contributed equally to the final decision.

2.7. Model Performance Evaluation and
Robustness Analysis

Model performance evaluation was conducted
using the hold-out validation method with a stratified
80:20 data split, in which 80% of the data was used as
training data and the remaining 20% as test data. The
stratified split approach was used to ensure that the
proportion of samples in each class remained
balanced between the training and test data.

Model performance was assessed using several
classification metrics: accuracy, precision, recall, and
Fl-score. Accuracy measures the proportion of
correct predictions relative to the total number of

samples and is calculated as follows:

TP +TN

A = 8
CCUracy = TP TN + FP + FN (8)

where TP, TN, FP, and FN represent true positive, true
negative, false positive, and false negative,
respectively.

In addition, a confusion matrix was used to
analyze classification error patterns among tea
classes. The evaluation was further supported by the
Receiver Operating Characteristic (ROC) curve and
the multiclass Area Under the Curve (AUC) to assess
the model’s ability to distinguish between each class.

To evaluate the model’s generalization ability, 10-
fold cross-validation was performed, in which the
dataset was divided into 10 subsets, and the model
was trained and tested alternately on each fold. For
each fold, feature standardization and ANOVA feature
selection were performed within the evaluation
pipeline to prevent data leakage. If an ensemble
method was used, its procedure, including model
selection, aggregation, and prediction combination,
was also integrated within each cross-validation
iteration to ensure unbiased evaluation.

In addition to conventional performance
evaluations, this study also proposes an additional
metric, the Robustness Index (RI), to measure the
stability of the model’s performance across the three
experimental scenarios. The Robustness Index is
calculated using the following equation:

o-acc

RI=1-

(9)

Hacc

where oacc and pacc represent the standard deviation
and mean of the model’s performance, respectively,
across the three scenarios.

3. Result and Discussion

3.1. Sensor Response Characteristics of Tea
Aroma

The sensory response characteristics of the gas
sensor to tea aroma were analyzed to evaluate the
electronic nose system’s ability to detect the aroma
patterns produced by the tea samples. Examples of
the electronic nose output signals before and after the



preprocessing stage are shown in Fig. 3(a) and Fig.
3(b).

Fig. 3(a) shows that the raw signals from the 10
gas sensors exhibit three distinct measurement
phases: baseline, sampling, and recovery. The
transition from baseline to sampling begins precisely
at the moment the sensors are first exposed to the
analyte, initiating a noticeable change in sensor
response. The start of the recovery phase occurs
exactly when the analyte is removed from the
environment, leading the sensor responses to return
toward baseline values. During the baseline phase,
sensors display stable responses despite significant
initial offset differences, with initial values ranging
from approximately 600 to 3700, which reflect the
intrinsic sensitivity of each MOS sensor.

When the tea aroma began to be introduced into
the sensor chamber during the sampling phase, most
sensors exhibited a significant increase in response
due to the interaction between the tea’s volatile
compounds and the sensor surface. However, the
response amplitudes varied among the sensors.
Sensors S2, S8, and S10 exhibited the most dominant
responses with the highest response amplitudes,
while sensors S5, S7, and S9 showed relatively small
changes in response. These differences indicate that
each sensor has a different sensitivity to volatile
organic compounds (VOCs), so the combined
responses of all sensors form a distinctive
multidimensional pattern (aroma fingerprint).

(a) Raw e-nose signal

3500 [~

2500

Response (mV)

2000 — = e
1500 ~
1000
500

] 50 100 150 200 250 300

Time {s)
(b) Baseline-corrected e-nose signal
— — E] El @

1750 R = — 5 E B

1500

1250

1000

750

Response (mV)

500

250

100 150

Time {s)
Fig. 3: Sensor response signals: (a) raw signal and (b)
baseline-corrected signal

200 250 300

After baseline correction, as shown in Fig. 3(b), the
initial offset across all sensors was successfully
reduced, so that all signals were normalized relative
to the sensors’ initial conditions. This result makes
the sensor response patterns easier to compare and
more representative for the feature extraction
process. Furthermore, it is evident that some sensors
exhibit different recovery characteristics; sensors
such as S1, S3, and S4 show relatively rapid recovery,
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whereas S8 and S10 experience a slower decline in
response. These differences in adsorption-
desorption characteristics indicate variations in
response dynamics among sensors, which have the
potential to enhance the system’s discriminatory
capability.

Overall, these results show that the electronic
nose system consistently captures changes in tea
aroma and generates diverse sensor responses,
supporting classification in the next stage.

3.2. Feature Space Visualization Using Principal
Component Analysis

Principal Component Analysis (PCA) was used to
analyze feature separability in the projected feature
space. We performed a visualization using Principal
Component Analysis (PCA) for all three experimental
scenarios. The results of the two-component
projection are shown in Fig.s 4(a)-4(c).

PCA Visualization Scenario A
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Fig. 4: PCA visualization of feature distribution for (a)
Scenario A, (b) Scenario B, and (c) Scenario C.



In Scenario A, the first two principal components
accounted for 89.58% of the total data variation, with
PC1 contributing 56.29% and PC2 contributing
33.29%. The projection results showed that green tea
formed a cluster clearly distinct from the other tea
categories, indicating that this category had the most
distinct aroma fingerprint. In contrast, the black tea
and red tea categories show a fairly significant
overlap, suggesting that these two tea categories have
similar volatile compound compositions, which may
make distinguishing between them more challenging.

In Scenario B, the overall PCA distribution pattern
appears relatively similar to that in Scenario A.
However, the integration of temperature and
humidity features provides additional information in
the high-dimensional feature space that helps the
machine learning model improve its classification
decision boundaries. This indicates that the influence
of environmental parameters is not always explicitly
visible in the two-dimensional PCA projection, yet it
still contributes to improved classification
performance.

In Scenario C, two principal components explain
89.33% of the total variation, with PC1 contributing
58.31% and PC2 contributing 31.02%. Although the
separation of the green tea group remains clearly
defined, the distribution of some other groups shows
greater dispersion compared to the previous two
scenarios. This suggests that a direct compensation
approach to sensor signals may reduce some of the
discriminative information crucial for classification.

Overall, the PCA analysis demonstrates that the
electronic nose system creates a feature space
sufficiently discriminative to distinguish among the
four tea groups. However, the overlap that remains
between the black tea group and the red tea group
indicates that distinguishing these two groups
continues to pose a significant challenge in this study.

3.3. Classification Performance Across Various
Experimental Scenarios

The classification performance of each machine
learning model across the three experimental
scenarios is summarized in Table 5. The evaluation
was conducted using test set accuracy to compare the
classification performance of both individual models
and ensemble models.

Table 5: Classification accuracy (%) under different
experimental scenarios

Model Scenario A Scenario B Scenario C
SVM 78.75 78.75 85.00
Random Forest  76.25 76.25 81.25
KNN 80.00 80.00 77.50
Ensemble 78.75 80.00 83.75

Table 5 shows that classification performance
depends on the experimental scenario used. In
Scenario A, performance was evaluated using only
features from gas sensors, where the KNN model
achieved the highest accuracy at 80.00%, while SVM
and the ensemble model each reached 78.75%.

In Scenario B, adding temperature and humidity as
new features did not markedly improve the models'
performance. The SVM and Random Forest models'
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accuracies remained unchanged from Scenario A,
while the ensemble model's accuracy increased
slightly from 78.75% to 80.00%.

The most interesting results were observed in
Scenario C, where temperature and humidity-based
signal compensation was applied prior to the feature
extraction process. In this scenario, all models except
KNN showed a significant improvement in
performance. The SVM model achieved the highest
accuracy of 85.00%, followed by the ensemble model
at 83.75%, and the Random Forest model at 81.25%.

These results show that direct compensation at the
signal level is more effective than integrating
environmental parameters at the feature level. This finding
indicates that the effects of temperature and humidity on
the MOS sensor are more dominant during the raw signal
formation stage than in the statistical feature
representations resulting from feature extraction.

3.4. Detailed Analysis of the Best Classification
Model

To better understand classification performance, we
further analyzed the best model in Scenario C, which
had the highest accuracy among all scenarios. We
used a confusion matrix, a classification report, and a
multiclass Receiver Operating Characteristic (ROC)
curve for this analysis.

Fig. 5's confusion matrix shows that classification
was most successful for the green tea class: all
samples were correctly classified with no
misclassifications. This aligns with the previous PCA
analysis, where green tea formed a distinct cluster. In
the SVM Scenario C model, green tea achieved
precision, recall, and F1-scores of 1.00, indicating
clear separability.

The highest classification error occurred between
black tea and red tea, with frequent misclassification
between these categories. In the optimal model, black
tea had a precision of 0.67, a recall of 0.80, and an F1-
score of 0.73, while red tea achieved a precision of
0.81, a recall of 0.85, and an F1-score of 0.83. These
results show that, although the classes can be
distinguished, overlapping features still cause

misclassifications.
Confusion Matrix - svm, Scenario C

Black Tea

Green Tea

Tue Label

Red Tea

‘Ellow Tea

B
\*:‘\\0"a «

R 2 o""'a
o

o o

Predicted Label
Fig. 5: Confusion matrix of the SVM classifier for
Scenario C

This aligns with the principal component analysis
(PCA) visualization in Subsection 3.2, where black
and red tea clusters appear close together. Their
proximity likely stems from similar volatile
compound profiles, as both teas undergo extensive



oxidation and share
characteristics.

Evaluation using the multiclass ROC curve in Fig. 6
further reinforces the classification results. The AUC
values obtained for each class indicate excellent
discriminative performance, specifically around 0.91
for black tea, 1.00 for green tea, 0.94 for red tea, and
0.97 for yellow tea. These high AUC values indicate
that the model has excellent probabilistic separation
capabilities, although overlap between some classes
still influences the final classification decision.

ROC Curve - svm, Scenario C

T

0.8

overlapping  aroma

Tue Positive Rate
=
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. —— Red Tea (AUC=0.94)

0o “ellow Tea (AUC=0.97)

0.0 02 04 06 08 10
False Positive Rate

Fig. 6: Multiclass ROC curves of the SVM classifier under
Scenario C

Table 6: Test-set robustness index of different
classification models

Std

Mean

Model Accuracy  Accuracy RI

SVM 0.8083 0.0295 0.9636
?3?552“’ 07792 0.0236 0.9697
KNN 0.7917 0.0118 0.9851
Ensemble 0.8083 0.0212  0.9737

Overall, these results show that the temperature-
and humidity-based compensation approach in
Scenario C not only improves classification accuracy
but also enhances the separability between classes,
particularly for classes with closely related aroma
characteristics.

3.5. Robustness Analysis

In addition to evaluating classification accuracy,
this study also analyzed the model’s robustness to
changes in experimental scenarios using the
Robustness Index (RI). This metric is used to measure
the stability of the model’s performance based on
variations in accuracy across scenarios. An RI value
closer to 1 indicates that the model’s performance is
more stable in the face of changes in experimental
conditions. The results of the robustness index
calculations are shown in Table 6.

Based on Table 6, the KNN model had the highest
robustness in test data (RI: 0.9851), even though it
was not the most accurate. KNN performed most
consistently across experimental scenarios, meaning
different test conditions or data subsets during
evaluation. In contrast, although SVM had the highest
classification accuracy in Scenario C, its performance
varied more, resulting in a lower RI. To further assess
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stability, a 10-fold cross-validation robustness index
was also calculated, as shown in Table 7.

The results in Table 7 show that the SVM achieved
a perfect RI value of 1.000, indicating no variation in
performance across scenarios in the cross-validation
evaluation. This finding suggests that the SVM
exhibits highly stable generalization even as
experimental scenarios change. Meanwhile, the
ensemble model produced the highest average cross-
validation accuracy of 81.75% with an RI value of
0.9934, indicating a good balance between
classification performance and model stability.

Table 7: Cross-validation robustness index of different
classification models

Model Xc‘i?lr;:g; Accsgl("iacy
SVM 0.8050 0.0000 1.0000
Random Forest 0.7975 0.0035 0.9956
KNN 0.7783 0.0094 0.9879
Ensemble 0.8175 0.0054 0.9934

Overall, the robustness analysis results show a
trade-off between maximum accuracy and model
stability. SVM in Scenario C provided the highest
classification accuracy, while KNN demonstrated the
best robustness on the test data, and SVM showed the
best stability in the cross-validation evaluation. These
findings indicate that selecting the best model
requires considering not only accuracy but also
performance stability in the face of variations in
environmental conditions and  experimental
scenarios.

5. Conclusions

This study developed an electronic nose-based
approach to classify tea aromas. It evaluates how
integrating and compensating for temperature and
humidity affect machine learning model performance.
The electronic nose system successfully captured
aroma response patterns for four types of tea: black,
green, red, and yellow. These patterns were
represented through feature extraction and selection.

Building on these findings, the experimental
results show that the temperature-humidity-based
signal compensation approach (Scenario C) delivers
the best performance compared to the other
scenarios. The Support Vector Machine (SVM) model
achieved the highest classification accuracy of
85.00%, outperforming Random Forest, KNN, and
ensemble models. PCA analysis indicates that green
tea exhibits the highest separability, while the
greatest overlap occurs between black tea and red tea.
Additional evaluation using the Robustness Index (RI)
shows that KNN exhibits the best stability in test data
evaluation (RI = 0.9851), whereas SVM demonstrates
perfect robustness in cross-validation evaluation (RI
=1.000).

Taken together, these results indicate that
compensating for environmental parameters at the
signal level is more effective than integrating
environmental features at the statistical feature level
in improving the robustness of electronic nose-based
tea aroma classification. These findings underscore
the importance of mitigating environmental
influences in MOS-based gas sensor systems. Looking



ahead, future research could focus on exploring
domain adaptation methods, deep learning, or more
adaptive drift compensation techniques to improve

the system’s generalization in more dynamic
environmental conditions.
The proposed environmental compensation

framework provides a practical solution for
improving the robustness of MOS-based electronic
nose systems under varying environmental
conditions.
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