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Abstract—In E-Nose data, redundancy and overlapping are 

frequent issues. This is due to the fact that certain sensors have 

the same gas target as other sensor gas targets.. The goal of this 

research is to classify meat odor E-Nose data into four classes, 

including chicken, beef, lamb, and pork. 276 meat odor data in 

total—108 chicken, 61 beef, 27 lamb, and 80 pork—were used in 

this research. Additionally, this research aims to identify the 

most effective Feature Selection Algorithm (FSA) to address 

issues with redundancy and overlapping data. In this study, FSA 

techniques such as Pearson Correlation, ANOVA F-value, Chi-

Square, and MIFS were applied. SVM, K-NN, and Random 

Forest are the implementations of classification algorithms. 

According to the research's findings, SVM-MIFS (k = 10) is the 

best combination method for classifying meat odor data, 

achieving an accuracy rate of 98.91%. 

Keywords— Classification, Electronic Nose, Feature Selection 

Algorithm, Meats, Redundancy  

I. INTRODUCTION 

Feature Selection Algorithm (FSA) is a method used in 
data analysis and machine learning to identify relevant and 
important subsets of features (variables or attributes) from a 
dataset [1], [2]. FSA can also be used to overcome redundancy 
[3]. The existence of redundant data in a dataset is a problem 
that is often encountered in data analysis research. Redundant 
data can cause inaccurate classification results and reduce the 
accuracy of the model [4], [5]. Therefore, the application of 
FSA is an important step in a classification process or other 
data processing process. There are various types of FSA, e.g. 
Mutual Information Feature Selection (MIFS), F-value 
analysis of variance (ANOVA), chi-square, Monte Carlo 
feature selection (MCFS), Pearson Correlation, and Recursive 
Feature Elimination (RFE) [6], [7]. Many studies have used 
FSA to reduce the risk of redundancy in their datasets. In their 
research about text classification, Yujia Zhai et al. used two 
FSA methods, Chi-square and Information Gain which got the 
best accuracy of 96.74% [8]. Inzamam Mashood Nasir et al. 
use person correlation to eliminate redundant features in the 
document classification process [9]. Pan Huang et al. also used 
one of the FSA methods, i.e. ANOVA F-value to evaluate 
redundancy in their research about cancer classification [10]. 
Besides those researches, FSA is also massively applied in 
processing Electronic-Nose (E-Nose) signal data. 

An Electronic nose is a device or system designed to detect 
and recognize various odors using electronic sensors that were 
inspired by the human olfactory system's ability to detect and 
distinguish between different odors. The electronic nose 
combines sensor technology and data processing to identify 
and classify different odor patterns. E-Nose generally utilizes 
gas sensors as its main component. The gas sensor is trying to 
arrest and then convert the odors into an electrical signal. In 

the past few years, E-Nose has been widely used to deal with 
various problems, such as for analyzing the pork content in 
beef [11], classifying tea [12], classifying perfume [13], 
classifying chili [14], measuring human blood sugar levels 
[15], monitoring the quality of cooking oil [16], etc.  

Sometimes, sensors have a sensitivity to the same gases as 
other sensors. This is what eventually led to overlapping data 
and causes the sensor combination to not be optimal [17]. FSA 
can be a solution to determine optimal sensor combinations 
[18]. Many researchers about E-Nose have implemented FSA. 
Mhd Arief hasan, et al. implemented Pearson Correlation and 
Chi-square for feature selection in their research about the 
classification of the sweetness of pineapple using Electronic 
Nose [19]. Hannaneh Mahdavi et al. also implemented four 
FSA methods in their research, i.e. Chi-Squared, mutual 
information regression, Recursive Feature Elimination (RFE), 
and tree-based feature selection [20].  

Several supervised learning methods are also commonly 
used in E-Nose research. Research on the evaluation of tea 
quality was conducted by Min Xu et al. using SVM and 
Logistic Regression. The research obtained very good 
performance results, even reaching 100% accuracy [21]. Li-
Ying Chen et al. also implemented K-NN and SVM in 
classifying bananas based on their ripeness by utilizing the E-
Nose and camera system. The results of reaching 100% 
accuracy using both K-NN and SVM show that the two 
methods have a very good ability to perform classification 
[22]. 

The purpose of this research was to classify various types 
of meat into 4 classes based on E-Nose data. Its major 
contribution was determining the most effective way to 
choose features in order to lessen data redundancy and 
produce higher accuracy. There are several sections in this 
paper: Section 2 describes the details of the methods used in 
this research. Section 3 describes the research results. The last 
section contains the conclusions of this paper. 

II. METHODOLOGY 

Before classifying, the first stage in this research is data 
collection using E-Nose, followed by feature extraction, 
normalization, and then performing feature selection with 
several FSAs. After that, the data can be classified by 
implementing a number of supervised learning methods, with 
an evaluation using 10-fold cross-validation as a final step. 
Fig. 1 depicts the research's flowchart, which is described in 
more detail in the following sections. 

A. Data Collection  

The data used in this research were taken using the E-Nose 
system. There are 10 output sensors used in this research, 8 of 
which are TGS sensors, and the other 2 are temperature and 
humidity sensors. The TGS sensors used in this research 
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consisted of TGS 813, TGS 2603, TGS 2600, TGS 826, TGS 
2620, TGS 832, and TGS 822. TGS 2612. The sensors used to 
measure temperature and humidity were DHT 21. The 
detailed procedure of data collection is presented in [23]. 

 
Fig. 1. Flowchart of the Research Methodology 

The objects to be used in this research are 4 classes of 
types of meat, i.e. chicken, beef, lamb, and pork. The number 
of each type of meat sequentially is 108, 61, 27, and 80, so the 
total of all data used in this research is 276 meat sample data. 
The odor of the meat will be smelled by the E-Nose sensor for 
6 minutes. Fig. 2 shows an example of the signals that are the 
output of the TGS 832 sensor on the E-Nose system. The red 
curve represents the lamb sample, the cyan curve represents 
the beef sample, the green curve represents the pork sample, 
and the blue curve represents the chicken sample. 

 
Fig. 2. Signal response from TGS 832 sensor 

B. Data Preprocessing  

The preprocessing stages in this research are feature 

extraction and normalization. The process of extracting 

features is implemented by utilizing two statistical 

parameters, i.e. average and standard deviation. Eq. (1) and 

Eq. (2) show the mathematical formula of average and 

standard deviation.  

  � �  ∑ �
�  (1) 

  �� �  	∑
����
�
���  (2) 

where � is the value of each observational data, � is the mean 

value of �, � is the amount of data, and �� is the standard 

deviation. 

Because there are 10 output sensors and we use 2 

statistical parameters, the total features used in this research 

are 20, i.e. TGS 822 mean, TGS 822 std, TGS 2612 mean, 

TGS 2612 std, TGS 2620 mean, TGS 2620 std, TGS 832 

mean, TGS 832 std, TGS 826 mean, TGS 826 std, TGS 2603 

mean, TGS 2603 std, TGS 2600 mean, TGS 2600 std, TGS 

813 mean, TGS 813 std, mean temperature, temperature std, 

mean humidity, and humidity std. 

After knowing the results of feature extraction, the next 

step is to normalize or standardize the data. There are many 

other normalization techniques, however Min-Max Scaling is 

one of the most widely utilized techniques in this study. As a 

data normalization technique, min-max scaling divides each 

feature's value into a range, typically ranging from 0 to 1 [24]. 

Eq. (3) shows the mathematical formula of Min-Max Scaling.  

 ���� � ������
���������

 (3) 

where � is the original value, ���� is the minimum value of 

�, ����  is the maximum value of �, and ����  is the result 

value of Min-max Scaling. 

C. Feature Selection Algorithm 

1) Pearson Correlation 

Pearson correlation is a statistical metric that is usually 

used to measure the degree of linear relationship between two 

continuous variables [23]. The result of Pearson Correlation 

is expressed in the range between -1 and 1, where: if the 

correlation is 1, it indicates a perfectly positive linear 

relationship. If the correlation is -1, it shows a perfectly 

negative linear relationship. It is evident that there is no linear 

relationship between the two variables if the correlation is 

zero. The mathematical formula of Pearson Correlation is 

shown in Eq. (4). 

 � � ∑
����

����

	∑
����
� ∑
����
�

 (4) 

where �  and �  with �  observations. Where r is the 

coefficient Pearson Correlation and ��  and �� are value each 

variable � observation. Meanwhile, � and �  are the mean 

values of � and �. 

2) ANOVA f-Value 
ANOVA is a technique used to test whether there is a 

significant difference between the mean values of the groups. 
The F-value in ANOVA is calculated by comparing the 
variability between groups with the variability within groups 
[25]. If the between-group variability is greater than within-
group variability, then the F-value will be large, indicating a 
significant difference between at least one pair of groups. Eq. 
(5) shows the mathematical formula of ANOVA f-Value.  

  � ∑ ��
����
�!�"#
∑ ∑ 
��$���
���$"#!�"#

 (5) 

where F is the variability value, % is the number of groups, �� 
is the number of observations in the group �, ��& is the value 

in group i on observation j, �� is the mean value of group � 
and � is the mean value of all data. In the context of feature 

selection, F-value ANOVA can be used in feature selection 

for datasets with categorical target variables, where we want 

to identify features that have significant differences between 

groups. 

3) Chi-Square 
Chi-square (χ²) is a metric used to measure the relationship 

between two categorical variables in the form of a contingency 
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table [26]. The contingency table is a table that shows the 
frequency distribution of a pair of interrelated variables. The 
Chi-Square value can be calculated using Eq. (6). 

 �' � ∑ 
(��)�
�
)�

��*�   (6) 

where �' is the Chi-Square value, + is the observed value, 

and , is the expected value. Features with high Chi-Square 

values indicate that there is a significant relationship between 

these features and the target variable. Features that have high 

chi-square values can be selected as features to be used in 

machine learning models. 

4) Mutual Information Feature Selection 
Mutual Information Feature Selection (MIFS) is a method 

used in feature selection to measure how far information from 
one feature can provide insight into the target variable or other 
variables [27]. MIFS is a popular approach for feature 
selection for high-dimensional data. A feature is important and 
will be utilized in the model if it offers a lot of insightful data 
about the target variable. The MI value can be calculated using 
Eq. (7). 

 -. � /
�
 + /
�
 − /
�, �
 (7) 

where -. is the MI value, /
�
 is the entropy of variable �, 

/
�
  is the entropy of variable � , and /
�, �
  is the 

combined entropy of � and �. One of the strengths of MI is 

MI can capture non-linear relationships between features and 

the target variable. 

D. Classification Methods 

1) Support Vector Machine 

SVM is one of the machine learning algorithms used for 

classification and regression tasks. This algorithm is known 

for its concept of being able to perform classification and 

regression by finding the best hyperplane (line, plane, or 

hyperplane) to describe the boundary between data classes 

[28]. Normally, SVM will segregate classes using a line. But 

sometimes there is a case where the data cannot be separated 

linearly. To overcome this, a higher dimensional space is 

used that allows class separation to be performed non-

linearly. This trick is commonly known as the kernel trick. 

2) K-Nearest Neighbor 

As the name implies, conceptually KNN is a method that 

works by finding the "nearest neighbor" of a data point to 

make a decision [29]. The K value in K-NN indicates the 

number of nearest neighbors that will be used to make 

decisions when classifying or predicting data. The K value 

can affect the results of accuracy in predicting data. In 

general, smaller K tends to result in more complex models 

and can capture small variations in the data. However, this 

can also make the model more susceptible to interference or 

noise. On the other hand, a bigger K may lose crucial data 

features but tends to create a more robust model and greater 

generalization. 

3) Random Forest 

Random forest is a supervised learning algorithm that is 

commonly used for data classification processes. 

Conceptually, the random forest is a method that uses 

multiple decision trees [30]. Previous research stated that by 

using multiple trees, the accuracy of prediction results will 

increase compared to using only one decision tree. First of 

all, this method will create many variations of subsamples, 

and each sub-sample will train a decision tree. After all the 

trees have been trained, the random forest method will decide 

which class the data will go into based on the majority voting 

of the results of each tree. 

III. RESULT AND DISCUSSION 

A. Result of Features Selection 

 This research used 4 FSA methods. Three combinations of 
parameters were applied to each method, so there were 12 
FSA combinations, which can be seen in Table I. 

 In previous studies, the Pearson correlation has an 
important parameter which is commonly known as the 
threshold. We use thresholds of 80%, 85%, and 90% in this 
research. Pearson correlation produces 12 features using 
thresholds of 80% and 85%, and and produces 17 features 
using a threshold of 90%. For ANOVA F-value, Chi-Square, 
and MIFS, we use the same parameter values, i.e. k = 5, k = 
10, and k = 15. K here means the number of features that you 
want to maintain. However, even though the number of 
features produced is the same, the features selected are still 
different. 

TABLE I.  SELECTED FEATURES 

FSA Selected Features 

Pearson 
Correlati

on (80%) 

12 Features; TGS 822 mean, TGS 822 std, TGS 2612 mean, 

TGS 2612 std, TGS 2620 mean, TGS 2603 mean, TGS 2603 

std, TGS 813 std, Temp mean, Temp std, Humid mean, 
Humid std. 

Pearson 

Correlati

on (85%) 

12 Features; TGS 822 mean, TGS 822 std, TGS 2612 mean, 

TGS 2612 std, TGS 2620 mean, TGS 2603 mean, TGS 2603 
std, TGS 813 std, Temp mean, Temp std, Humid mean, 

Humid std. 

Pearson 

Correlati

on (90%) 

17 Features; TGS 2620 mean, TGS 832 mean, TGS 832 std, 
TGS 822 mean, TGS 822 std, TGS 2612 mean, TGS 2612 

std, TGS 826 mean,  TGS 2603 mean, TGS 2603 std, TGS 

2600 std, TGS 813 mean, TGS 813 std, Temp mean, Temp 
std, Humid mean, Humid std. 

ANOVA 

f-Value   
(k=5) 

5 Features; TGS 2620 mean, TGS 832 mean, TGS 832 std, 

TGS 826 std, TGS 813 mean. 

ANOVA 

f-Value   
(k=10) 

10 Features; TGS 826 std, TGS 2603 mean, TGS 2600 

mean, TGS 813 mean, TGS 813 std, TGS 2620 mean, TGS 
2620 std, TGS 832 mean, TGS 832 std, TGS 826 mean. 

ANOVA 

f-Value  
(k=15) 

15 Features; TGS 826 mean, TGS 826 std, TGS 2603 mean, 

TGS 2600 mean, TGS 822 mean, TGS 822 std, TGS 2612 

mean, TGS 2620 mean, TGS 2620 std, TGS 832 mean, TGS 
832 std, TGS 813 mean, TGS 813 std, Temp mean, Temp 

std. 

Chi-
square 

(k=5) 

5 Features; TGS 813 mean, TGS 813 std, TGS 2620 mean, 

TGS 832 std, TGS 826 std. 

Chi-
square 

(k=10) 

10 Features; TGS 2603 mean, TGS 2600 mean, TGS 813 
mean, TGS 813 std, TGS 2620 mean, TGS 832 mean, TGS 

832 std, TGS 826 mean, TGS 826 std, Temp mean. 

Chi-

square 

(k=15) 

15 Features; TGS 832 std, TGS 826 mean, TGS 826 std, 
TGS 822 mean, TGS 822 std, TGS 2612 mean, TGS 2620 

mean, TGS 2620 std, TGS 2600 mean, TGS 813 mean, TGS 

813 std, TGS 832 mean, TGS 2603 mean, Temp mean, 
Temp std. 

MIFS 

(k=5) 

5 Features; TGS 2620 mean, TGS 832 mean, TGS 826 

mean, TGS 813 mean, Temp mean. 

MIFS 

(k=10) 

10 Features; TGS 813 mean, TGS 822 mean, TGS 832 
mean, TGS 826 mean, TGS 2603 mean, TGS 2600 mean, 

TGS 2612 mean, TGS 2620 mean, TGS 813 std, Temp 
mean. 

MIFS 

(k=15) 

15 Features; TGS 2620 mean, TGS 2620 std, TGS 2603 

mean, TGS 822 mean, TGS 2612 mean, TGS 832 mean, 

TGS 832 std, TGS 826 mean, TGS 826 std, TGS 2600 
mean, TGS 813 mean, TGS 813 std, Temp mean, Temp std, 

Humid mean. 
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B. Classification Result 

After selecting features using each FSA, the next step is to 
classify the data into four classes. In previous researches, 
SVM, K-NN, and RF algorithms produce predictive results 
that have good accuracy [31]–[33]. So, we use these three 
algorithms in this research. Python 3.10.12 is used for all 
signal processing, including classification, along with a 
number of related libraries including scikit-learn and 
matplotlib.  

The first classification algorithm implemented in this 
research is SVM. Parameters in the SVM algorithm can have 
a large impact on the performance and speed of model 
convergence. The selection of the right parameters is very 
important to get optimal results [34]. Some of the main 
parameters that can be controlled in SVM and applied in this 
research are kernel, C, and gamma (3). The values for the 
kernel are ‘linear’ and ‘rbf’. Whereas for C and gamma (3) are 
0.001, 0.01, 0.1, 1, 5, 10, 100. Just like SVM, the parameters 
in the KNN and RF algorithms also have a big impact on 
model performance. The parameters for KNN are the number 
of neighbors and the weighting method. The values for the 
number of neighbors are 1, 2, 3, 4, 5, 6, 7, 8, 9, and 10, while 
the values for the weighting method are 'distance' and 
'uniform'. For the RF algorithm, 3 parameters are controlled, 
i.e. the number of estimators, maximum depth, and 
min_samples_split which controls the minimum number of 
samples needed to divide a node in a decision tree. The 
number of estimators parameter has the following values: 5, 
10, 20, 30, 50, 100, and 200. The values for the maximum 
depth parameter are none, 10, 20, and 30. While the values for 
the min_samples_split parameter are 2, 5, 10, 20, 30, 50.  

K-fold cross-validation is used to split the dataset into K 
subsets prior to classification. There will be two subsets used: 
one for training and the other for testing. In this study, K = 10 
is the value that was employed. The evaluation results for 
various FSA combinations are displayed in Table II.  

The MIFS (k=10), as can be seen in the Table II, has the 
highest accuracy value. To make it easier to analyze and 
compare, Fig. 3 displays an evaluation chart of experimental 
results using MIFS (k=10) combined with 3 machine learning 

methods. SVM generated the results with the best accuracy, 
which was 98.91%. These hyperparameters are used to 
generate the result: kernel parameters = "rbf," C = 100, and 
gamma (3 ) = 5. The results of the confusion matrix from 
SVM-MIFS (k = 10) can be seen in Fig. 4. 

 

Fig. 3. Evaluation Results of MIFS (k = 10) 

 
Fig. 4. Confusion Matrix of SVM-MIFS (k = 10) 

TABLE II.  PRECISION, RECALL, AND F1-SCORE OF FSA COMBINATION 

FSA 
SVM KNN RF 

455 6 7 89 − :5;<= 455 6 7 89 − :5;<= 455 6 7 89 − :5;<= 

Pearson Correlation (80%) 96.38 96.60 96.81 96.70 94.57 95.15 94.68 94.88 95.29 96.01 95.30 95.58 

Pearson Correlation (85%) 96.38 96.60 96.81 96.70 94.57 95.15 94.68 94.88 95.29 96.01 95.30 95.58 

Pearson Correlation (90%) 96.74 96.97 97.12 97.04 95.65 96.32 95.71 95.97 94.57 95.19 95.10 95.11 

ANOVA f-Value   (k=5) 90.94 92.20 91.15 91.63 88.04 90.95 89.18 89.68 88.41 90.49 89.41 89.80 

ANOVA f-Value   (k=10) 97.83 98.08 98.00 98.04 97.10 97.44 97.35 97.40 94.93 95.95 95.15 95.44 

ANOVA f-Value  (k=15) 97.46 98.01 97.49 97.73 96.01 96.76 96.03 96.32 94.93 95.84 94.98 95.31 

Chi-square (k=5) 89.49 90.61 89.64 90.10 86.96 89.69 87.26 87.76 91.67 93.38 92.13 92.59 

Chi-square (k=10) 97.46 98.01 97.49 97.73 97.46 97.97 97.31 97.59 96.01 96.93 96.03 96.37 

Chi-square (k=15) 97.46 98.01 97.49 97.73 96.01 96.76 96.03 96.32 94.93 95.84 94.98 95.31 

MIFS (k=5) 93.84 94.50 93.72 94.04 94.57 95.40 95.30 95.33 92.39 93.33 93.27 93.27 

MIFS (k=10) 98.91 99.12 98.95 99.03 96.38 96.86 96.53 96.69 95.65 96.38 95.62 95.93 

MIFS (k=15) 97.46 97.61 96.99 97.19 96.01 96.70 95.95 96.27 96.38 97.16 96.26 96.60 

*all results in percentage(%) 

92

94

96

98

100

SVM KNN Random Forest

Evaluation Results of MIFS (k=10)

Accuracy Precision Recall f1-score
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C. Comparison with Previous Researches 
 This research also compares the results of the FSA with 
several similar papers that have been published earlier. There 
are several combinations of the FSA method and the 
classification method, such as ANOVA-SVM, Pearson 
Correlation-SVM, etc. A more detailed comparison can be 
seen in Table III. In the table, it can be seen that the best 
performance was achieved by the method used in this research 
with an accuracy of 98.91%. 

TABLE III.  COMPARISON WITH PREVIOUS RESEARCH 

Author 

FSA Classifi

cation 

Method 

Acc 

(%) 

Mhd Arief Hasan, et 

al. [19] 

Pearson Correlation 

and Chi-Square 
KNN 82.00 

Shoffi Izza Sabilla, et 

al. [23] 
Pearson Correlation SVM 92.00 

Irzal Ahmad Sabilla, et 
al. [35] 

ANOVA SVM 94.12 

Hannaneh Mahdavi, et 

al. [20] 
Customize Method  SVM 98.80 

This Research MIFS SVM 98.91 

IV. CONCLUSION 

In order to cope with redundancy and data overlapping in 
electronic nose signal data, this research provided a number of 
FSA techniques. Chicken, beef, lamb, and pork were correctly 
identified as the four types of meat from the E-Nose data. This 
research demonstrates that the MIFS approach with k=10 is 
the most effective FSA based on the performance outcomes of 
various combinations. TGS 813 mean, TGS 822 mean, TGS 
832 mean, TGS 826 mean, TGS 2603 mean, TGS 2600 mean, 
TGS 2612 mean, TGS 2620 mean, TGS 813 std, and Temp 
mean are the characteristics that are still kept and used for the 
machine learning model using the MIFS approach (k=10). By 
applying a combination of MIFS (k = 10) with SVM, an 
accuracy of 98.91% is attained. Meanwhile, the value of 
precision is 99.12%, recall is 98.95%, and F1-score is 99.03%. 
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