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Abstract— As internet users grow and technology evolves, so 

do the security risks, one example being phishing. Phishing is an 

attempt to obtain important information from someone, such as 

username, password, and other sensitive data, by providing a 

fake website that resembles the original. This research focuses 

on the problem of phishing website URLs that are increasing in 

number. Creating a model using an Algorithm that can detect 

phishing website URLs. The classification algorithm model that 

will be used in this research is Random Forest, which will be 

evaluated based on the confusion matrix value. The accuracy 

result is 99%. Second, the f1 score test result is 99.1%. The third 

result of recall testing is 99.3%. The last test result is a precision 

of 98.9%. With high accuracy, f1 score, recall, and precision 

values, the model created using the Random Forest algorithm 

can be applied well to applications in web URLs, phishing 

detecting, analyzing fake URL patterns, and identifying 

suspected links as fake web URLs. 

Keywords— CRISP-DM, phishing detection, random forest, 

web URLs 

I. INTRODUCTION 

Information technology is developing rapidly along with the 
times, especially in the field of Technology and Information. 
Currently, it has experienced rapid progress and provides 
various benefits. This rapid improvement of technology makes 
almost all activities easier, especially using the internet, 
especially through website media [1]. On the other hand, this 
convenience can be an opportunity for security risks for those 
who are still not familiar with online transaction security 
procedures. The security risk can be exploited by internet 
criminals to obtain confidential information, such as personal 
data, e-mail passwords, and even financial information, such 
as credit card data and online banking accounts, without the 
internet user's knowledge [2].  

As internet users grow and technology develops, risks to 
security are increasingly diverse. One example is the practice 
of phishing. Phishing itself is an attempt to obtain crucial 
information from an individual, such as usernames, 
passwords, and other sensitive data, by providing a fake 
website that resembles the original [3]. Phishing websites will 
be carefully designed by internet criminals to resemble 
genuine sites, including appearance, content, domain URLs, 
and other elements, with the aim of deceiving victims (internet 
users). The main goal is to make victims believe that they are 
accessing a legitimate website page. 

The impact of phishing can include financial losses and data 
loss and cause significant losses to victims. Therefore, it is 
necessary to detect links or uniform resource locators (URLs). 
Phishing detection is a way to find out whether a website URL 
address is fake or real. There are several ways to assess how 
safe a URL is, such as using blacklists, allowlists, statistics, or 
machine learning technology. Among all, machine learning 
technology is better because it is more efficient and accurate. 
This technology uses a special algorithm model to understand 
dangerous URL patterns and is able to detect the type of URL, 
whether it is a phishing or a safe site, according to needs [4].  

HTML content analysis allows monitoring suspicious 
changes in the structure of web pages, while domain authority 
evaluation provides an idea of the legitimacy of the 
information source. Additionally, observation of script code 
helps in detecting suspicious activity or manipulation attempts 
that could harm users. By combining these three aspects, data 
mining models help create a strong layer of protection to 
identify and prevent URL-based phishing attacks efficiently 
[5]. 

Some of the functions of data mining include analysis of 
associations between data, data classification, data clustering, 
prediction, and others. This research uses a data mining-based 
model that aims to increase accuracy in classifying phishing 
URLs in the context of web security. By utilizing a data mining 
model, this model is designed to accurately detect and classify 
URLs that have the characteristics of phishing attacks. Data 
classification is a process of finding a model or function that 
can explain and differentiate data classes and concepts [6]. In 
this research, the functionality applied is data classification and 
uses a Random Forest Algorithm. 

II. METHODOLOGY 

Based on the dataset obtained, the method for solving the 
problem was determined using the Random Forest (RF), 
Support Machine Vector(SVM), and K-Nearest Neighbor 
(KNN) algorithms to determine the most accurate results. The 
determination of this method or algorithm is based on relevant 
literature studies and adapted to the needs and characteristics 
of existing data [7], [8]. After determining the approach, the 
data processing process begins with steps organized based on 
the CRISP-DM framework. CRISP-DM (Cross Industry 
Standard Process for Data Mining) is a framework that is 
widely used in various industries to carry out data science 
processes. This methodology details the stages and tasks 
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involved in a data science project and explains the relationship 
between each task [7]. 

 

Fig 1. Research Flow 

A. Business Understanding 

The first stage of this research focuses on analyzing 
phishing cases in Indonesia and researching the 
corresponding data. Business Understanding in phishing web 
URL detection includes an in-depth understanding of web 
security threats, organizational needs regarding online 
security, and the impact of phishing attacks. The goal is to 
identify key aspects related to preventing, detecting, and 
protecting against phishing attacks on web URLs. This 
research aims to detect phishing website URLs using 
classification methods such as Random Forest, K-Nearest 
Neighbors, and Support Vector Machine. 

Random Forest is a learning algorithm that is known for 
its ability to produce accurate predictions, especially in a 
framework with high-dimensional data [9]. The main 
advantage of Random Forest is its ability to overcome the 
overfitting problem that often occurs in complex models and 
its ability to perform well without requiring very specific 
parameter tuning [10]. This advantage makes Random Forest 
a popular choice in data analysis, especially in situations 
where high prediction accuracy is required without sacrificing 
model complexity or requiring complicated parameter tuning 
[11]. 

Support Vector Machine (SVM) is a machine learning 
algorithm used to create classification and regression models. 
The goal is to find the best-dividing line between two classes 
of data [12]. This algorithm has key parameters such as kernel 
parameters that allow data transformation into a higher 
dimensional space to increase class separation, as well as 
penalty parameters that regulate the trade-off between 
classification error on the training data and the separation 
margin between classes [13]. 

K-Nearest Neighbors is an algorithm in machine learning 
that classifies data based on similarity to previously existing 
training data [14]. This KNN method utilizes the principle that 
new data will be placed in the same class as the majority of 
classes of its nearest neighbors in feature space. This method 
is often used for solving classification problems, where data 
will be placed in categories based on the majority of categories 
from its nearest neighbors in feature space [15]. 

B. Data Understanding 

The second stage of this research focuses on retrieving 
data from the Kaggle platform. Kaggle is a data science 
platform that offers access to daily and weekly time series that 
include exogenous variables as well as business hierarchy 
information [16]. This process starts with automation on the 
platform to get listing links and carry out the scraping process. 
Kaggle was chosen as the data source because the datasets 
there have undergone curation and pre-processing, ensuring 
data quality and integrity. 

TABLE I.  SAMPLE OF PHISHING DATASET 

Index UsingIP LongURL ShortURL Symbol@ Redirecting 

0 1 1 1 1 1 

1 1 1 0 1 1 

2 1 0 1 1 1 

3 1 0 -1 1 1 

4 -1 0 -1 1 -1 

5 1 0 -1 1 1 

6 1 0 1 1 1 

7 1 0 -1 1 1 

8 1 1 -1 1 1 

9 1 1 1 1 1 

10 1 1 -1 1 1 

11 -1 1 -1 1 -1 

12 1 1 -1 1 1 

13 1 1 -1 1 1 

14 1 -1 -1 -1 1 

15 1 -1 -1 1 1 

16 1 -1 1 1 1 

The result is a dataset with 34 attributes, including 32 
attributes that can be used for analysis such as Class, Using IP, 
Long URL, Short URL, Symbol@, Redirecting, Prefix Suffix, 
Sub Domains, HTTPS, Domain Reg Len, Favicon, Non-Std 
Port, HTTPS Domain URL, Request URL, Anchor URL, 
Links In Script Tags, Server From Handler, Email Info, 
Abnormal URL, Website Forwarding, Status Bar Cust, 
Disable Right Click, Using Popup Window, Iframe 
Redirection, Age of Domain, DNS Recording, Website 
Traffic, Page Rank, Google Index, Links Pointing to Page, 
Stats Report. The total amount of data in this dataset reaches 
more than 11,000 data. 

C. Data Preparation 

In the third phase of the research, the focus was on data 
cleaning and processing. Here is a detailed breakdown of this 
phase: Missing Values Check: The dataset was examined for 
missing or incomplete values. This step is crucial to ensure 
the integrity and quality of the data. The missing values were 
checked using the ISNA () function in the dataset, and the sum 
of missing values for each attribute was calculated and 
displayed. The output shows no missing values for any 
attributes, as indicated by the zeroes next to each attribute 
name. 

Data Description: The data was described to determine 
its types and attributes. This step involves identifying whether 
the data is numerical or categorical, which helps decide the 
appropriate processing techniques. The attributes in the 
dataset were listed, showing a total of 32 attributes. These 
attributes are shown in Fig 2: 
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Fig 2. Missing Value Checking 

The dataset comprises 32 attributes and more than 11,000 
data points. The data preparation process was divided into two 
main parts are shown in Fig 3: 

 

Fig 3. Data Split 

Data Cleansing involves removing any inconsistencies, 
errors, or irrelevant parts of the data. Given that no missing 
values were found, the data was already complete. Data 
Splitting involves dividing the dataset into subsets, typically 
for training and testing purposes in machine learning 
applications. Overall, the data preparation phase ensured that 
the dataset was ready for analysis and further processing, 
maintaining a high data quality and integrity standard. 

D. Data Modelling 

The fourth stage of this research includes modeling, 
which involves selecting the model and algorithm to be used, 
as well as implementing the algorithm. This research uses 
data modeling in the form of classification by displaying 
accuracy, precision, recall, and F1 score values. At this stage, 
the data model is adjusted as needed to achieve the desired 
results. In this research, three classification algorithms were 
chosen, namely Random Forest, K-Nearest Neighbors 
(KNN), and Support Vector Machine (SVM). The selection 
of the algorithm is based on evaluating the advantages, 
disadvantages, and information from previous research 
related to predicting phishing website URLs using data 
mining. The modeling stage was carried out using Google 
Collab tools. Google Collaboratory is a free cloud computing 
service provided by Google. The advantage of Google Colab 
lies in its ease of creating data visualizations because it does 
not require software installation on the user's computer [17]. 

E. Evaluation 

The fifth stage of the research involved implementation 
using Python. Python, a programming language known for its 
ease of use, Python has gained immense popularity in both 
industrial and academic circles. The advantage of this 

language lies in its ability to be interpreted and executed by 
computers easily and to be accessed for free [18]. Python has 
a number of advantages and features that differentiate it from 
other programming languages [19]. This research uses the 
metrics A (Accuracy), P (Precision), R (Recall), and F1 Score 
to assess the performance of the classification model that has 
been built. Confusion matrix is a useful evaluation technique 
in the classification and prediction process [20]. 

Accuracy (A) describes how precise the algorithm model 
is in making accurate predictions. This accuracy is the 
proportion of correct predictions (both positive and negative) 
compared to the overall data [21]. 

𝑨 =  
(𝑻𝑷 + 𝑭𝑵)

(𝑻𝑷 + 𝑭𝑵 + 𝑭𝑷 + 𝑭𝑵
 × 𝟏𝟎𝟎% (1) 

Precision (P) reflects the level of accuracy between the 
requested data and the model prediction results by comparing 
true positive predictions to the overall positive predicted 
results [22]. This precision aims to reduce the number of 
positive examples that are classified incorrectly.  

𝑷 =  
𝑻𝑷

𝑭𝑷 + 𝑻𝑷
 × 𝟏𝟎𝟎% (2) 

Recall (R), which is often referred to as sensitivity or true 
positive rate, evaluates the fraction of positive cases that are 
actually correctly identified by the model [21]. This recall 
becomes crucial when the cost of false negatives is high, as 
the focus is on reducing the number of missed positive 
examples. 

𝑹 =  
𝑻𝑷

𝑻𝑷 + 𝑭𝑵
 × 𝟏𝟎𝟎% (3) 

F1 Score is a balanced measure that considers both 
precision and recall. This F1 Score is useful when dealing 
with imbalanced datasets, where one class may be more 
dominant than another [22]. The F1 score calculates the 
harmonic mean of precision and recall, providing a single 
value that balances between false positives (FP) and false 
negatives (FN). 

𝑭𝟏 = 𝟐 ∗
(𝒓𝒆𝒄𝒂𝒍𝒍 + 𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏)

(𝒓𝒆𝒄𝒂𝒍𝒍 + 𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏)
 (4) 

 

Fig 4. Data Modelling Evaluation 

Evaluation is the assessment stage of the model that has 
been created at the modeling stage. The main focus is to 
ensure that the results obtained are in line with previously 
established business objectives. By using these metrics, this 
research can measure the extent to which the model can 
provide accurate and relevant predictions in identifying 
phishing website URLs. 

III. RESULTS AND DISCUSSION 

After carrying out the stages in CRISP-DM, a confusion 
matrix value is produced to measure the evaluation 
performance of each machine learning model. The following 
are the resulting values: 
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Fig 5. Confusion Matrix Results 

The evaluation results that have been presented illustrate 
the relative performance of the three models in classifying 
data. Analysis of these values provides a comprehensive view 
of the strengths and weaknesses of each model in the context 
of phishing URL detection. 

TABLE II.  RESULTS OF ALGORITHMS PERFORMANCE 

Algorithms Accuracy Precision Recall F1 Score 

SVM 0.928 0.934 0.941 0.936 

RF 0.937 0.932 0.956 0.944 

KNN 0.927 0.918 0.954 0.936 

In the Random Forest model, there is an increase in 
performance with an accuracy of 0.937, indicating the correct 
level of predictions from this model. A precision of 0.933 
indicates the model's level of accuracy in classifying positive 
data, while recall reaches 0.956, indicating the model's ability 
to find positive data instances. The F1 score of 0.944 shows a 
balance between precision and recall in the Random Forest 
model. 

IV. CONCLUSION 

In this research, we have investigated important aspects 
of detecting phishing websites, exploring various machine 
learning techniques and their effectiveness in dealing with the 
ever-growing cybersecurity threat of phishing attacks. The 
increasing level of fraudulent activity has become a major 
challenge for individuals and organizations around the world, 
driving the need to develop robust and efficient methods for 
identifying and preventing these fraudulent websites. 

This analysis confirms that the superiority of Random 
Forest depends not only on the overall availability of 
attributes but also on its ability to adapt to the most relevant 
attributes. This result analysis indicates that Random Forest 
has a better capacity to understand patterns in data in a more 
adaptive way than SVM and KNN. In the context of 
developing a model for web URL phishing detection, the 
selection of appropriate attributes plays a very important role. 
Although all algorithms show good potential, Random 
Forest's ability to adapt to the most significant information 
underlines the importance of selecting relevant features in the 

development of a reliable and effective phishing detection 
model. This model can be a basis for optimizing models that 
will be implemented in phishing detection practices in a wider 
environment. 
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Abstract— As internet users grow and technology evolves, so 
do the security risks, one example being phishing. Phishing is an 
attempt to obtain important information from someone, such as 
username, password, and other sensitive data, by providing a 
fake website that resembles the original. This research focuses 
on the problem of phishing website URLs that are increasing in 
number. Creating a model using an Algorithm that can detect 
phishing website URLs. The classification algorithm model that 
will be used in this research is Random Forest, which will be 
evaluated based on the confusion matrix value. The accuracy 
result is 99%. Second, the f1 score test result is 99.1%. The third 
result of recall testing is 99.3%. The last test result is a precision 
of 98.9%. With high accuracy, f1 score, recall, and precision 
values, the model created using the Random Forest algorithm 
can be applied well to applications in web URLs, phishing 
detecting, analyzing fake URL patterns, and identifying 
suspected links as fake web URLs. 

Keywords— CRISP-DM, phishing detection, random forest, 
web URLs 

I. INTRODUCTION 

Information technology is developing rapidly along with the 
times, especially in the field of Technology and Information. 
Currently, it has experienced rapid progress and provides 
various benefits. This rapid improvement of technology makes 
almost all activities easier, especially using the internet, 
especially through website media [1]. On the other hand, this 
convenience can be an opportunity for security risks for those 
who are still not familiar with online transaction security 
procedures. The security risk can be exploited by internet 
criminals to obtain confidential information, such as personal 
data, e-mail passwords, and even financial information, such 
as credit card data and online banking accounts, without the 
internet user's knowledge [2].  

As internet users grow and technology develops, risks to 
security are increasingly diverse. One example is the practice 
of phishing. Phishing itself is an attempt to obtain crucial 
information from an individual, such as usernames, 
passwords, and other sensitive data, by providing a fake 
website that resembles the original [3]. Phishing websites will 
be carefully designed by internet criminals to resemble 
genuine sites, including appearance, content, domain URLs, 
and other elements, with the aim of deceiving victims (internet 
users). The main goal is to make victims believe that they are 
accessing a legitimate website page. 

The impact of phishing can include financial losses and data 
loss and cause significant losses to victims. Therefore, it is 
necessary to detect links or uniform resource locators (URLs). 
Phishing detection is a way to find out whether a website URL 
address is fake or real. There are several ways to assess how 
safe a URL is, such as using blacklists, allowlists, statistics, or 
machine learning technology. Among all, machine learning 
technology is better because it is more efficient and accurate. 
This technology uses a special algorithm model to understand 
dangerous URL patterns and is able to detect the type of URL, 
whether it is a phishing or a safe site, according to needs [4].  

HTML content analysis allows monitoring suspicious 
changes in the structure of web pages, while domain authority 
evaluation provides an idea of the legitimacy of the 
information source. Additionally, observation of script code 
helps in detecting suspicious activity or manipulation attempts 
that could harm users. By combining these three aspects, data 
mining models help create a strong layer of protection to 
identify and prevent URL-based phishing attacks efficiently 
[5]. 

Some of the functions of data mining include analysis of 
associations between data, data classification, data clustering, 
prediction, and others. This research uses a data mining-based 
model that aims to increase accuracy in classifying phishing 
URLs in the context of web security. By utilizing a data mining 
model, this model is designed to accurately detect and classify 
URLs that have the characteristics of phishing attacks. Data 
classification is a process of finding a model or function that 
can explain and differentiate data classes and concepts [6]. In 
this research, the functionality applied is data classification and 
uses a Random Forest Algorithm. 

II. METHODOLOGY 

Based on the dataset obtained, the method for solving the 
problem was determined using the Random Forest (RF), 
Support Machine Vector(SVM), and K-Nearest Neighbor 
(KNN) algorithms to determine the most accurate results. The 
determination of this method or algorithm is based on relevant 
literature studies and adapted to the needs and characteristics 
of existing data [7], [8]. After determining the approach, the 
data processing process begins with steps organized based on 
the CRISP-DM framework. CRISP-DM (Cross Industry 
Standard Process for Data Mining) is a framework that is 
widely used in various industries to carry out data science 
processes. This methodology details the stages and tasks 
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involved in a data science project and explains the relationship 
between each task [7]. 

 
Fig 1. Research Flow 

A. Business Understanding 

The first stage of this research focuses on analyzing 
phishing cases in Indonesia and researching the 
corresponding data. Business Understanding in phishing web 
URL detection includes an in-depth understanding of web 
security threats, organizational needs regarding online 
security, and the impact of phishing attacks. The goal is to 
identify key aspects related to preventing, detecting, and 
protecting against phishing attacks on web URLs. This 
research aims to detect phishing website URLs using 
classification methods such as Random Forest, K-Nearest 
Neighbors, and Support Vector Machine. 

Random Forest is a learning algorithm that is known for 
its ability to produce accurate predictions, especially in a 
framework with high-dimensional data [9]. The main 
advantage of Random Forest is its ability to overcome the 
overfitting problem that often occurs in complex models and 
its ability to perform well without requiring very specific 
parameter tuning [10]. This advantage makes Random Forest 
a popular choice in data analysis, especially in situations 
where high prediction accuracy is required without sacrificing 
model complexity or requiring complicated parameter tuning 
[11]. 

Support Vector Machine (SVM) is a machine learning 
algorithm used to create classification and regression models. 
The goal is to find the best-dividing line between two classes 
of data [12]. This algorithm has key parameters such as kernel 
parameters that allow data transformation into a higher 
dimensional space to increase class separation, as well as 
penalty parameters that regulate the trade-off between 
classification error on the training data and the separation 
margin between classes [13]. 

K-Nearest Neighbors is an algorithm in machine learning 
that classifies data based on similarity to previously existing 
training data [14]. This KNN method utilizes the principle that 
new data will be placed in the same class as the majority of 
classes of its nearest neighbors in feature space. This method 
is often used for solving classification problems, where data 
will be placed in categories based on the majority of categories 
from its nearest neighbors in feature space [15]. 

B. Data Understanding 
The second stage of this research focuses on retrieving 

data from the Kaggle platform. Kaggle is a data science 
platform that offers access to daily and weekly time series that 
include exogenous variables as well as business hierarchy 
information [16]. This process starts with automation on the 
platform to get listing links and carry out the scraping process. 
Kaggle was chosen as the data source because the datasets 
there have undergone curation and pre-processing, ensuring 
data quality and integrity. 

TABLE I.  SAMPLE OF PHISHING DATASET 

Index UsingIP LongURL ShortURL Symbol@ Redirecting 
0 1 1 1 1 1 
1 1 1 0 1 1 
2 1 0 1 1 1 
3 1 0 -1 1 1 
4 -1 0 -1 1 -1 
5 1 0 -1 1 1 
6 1 0 1 1 1 
7 1 0 -1 1 1 
8 1 1 -1 1 1 
9 1 1 1 1 1 

10 1 1 -1 1 1 
11 -1 1 -1 1 -1 
12 1 1 -1 1 1 
13 1 1 -1 1 1 
14 1 -1 -1 -1 1 
15 1 -1 -1 1 1 
16 1 -1 1 1 1 

The result is a dataset with 34 attributes, including 32 
attributes that can be used for analysis such as Class, Using IP, 
Long URL, Short URL, Symbol@, Redirecting, Prefix Suffix, 
Sub Domains, HTTPS, Domain Reg Len, Favicon, Non-Std 
Port, HTTPS Domain URL, Request URL, Anchor URL, 
Links In Script Tags, Server From Handler, Email Info, 
Abnormal URL, Website Forwarding, Status Bar Cust, 
Disable Right Click, Using Popup Window, Iframe 
Redirection, Age of Domain, DNS Recording, Website 
Traffic, Page Rank, Google Index, Links Pointing to Page, 
Stats Report. The total amount of data in this dataset reaches 
more than 11,000 data. 

C. Data Preparation 

In the third phase of the research, the focus was on data 
cleaning and processing. Here is a detailed breakdown of this 
phase: Missing Values Check: The dataset was examined for 
missing or incomplete values. This step is crucial to ensure 
the integrity and quality of the data. The missing values were 
checked using the ISNA () function in the dataset, and the sum 
of missing values for each attribute was calculated and 
displayed. The output shows no missing values for any 
attributes, as indicated by the zeroes next to each attribute 
name. 

Data Description: The data was described to determine 
its types and attributes. This step involves identifying whether 
the data is numerical or categorical, which helps decide the 
appropriate processing techniques. The attributes in the 
dataset were listed, showing a total of 32 attributes. These 
attributes are shown in Fig 2: 
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Fig 2. Missing Value Checking 

The dataset comprises 32 attributes and more than 11,000 
data points. The data preparation process was divided into two 
main parts are shown in Fig 3: 

 
Fig 3. Data Split 

Data Cleansing involves removing any inconsistencies, 
errors, or irrelevant parts of the data. Given that no missing 
values were found, the data was already complete. Data 
Splitting involves dividing the dataset into subsets, typically 
for training and testing purposes in machine learning 
applications. Overall, the data preparation phase ensured that 
the dataset was ready for analysis and further processing, 
maintaining a high data quality and integrity standard. 

D. Data Modelling 

The fourth stage of this research includes modeling, 
which involves selecting the model and algorithm to be used, 
as well as implementing the algorithm. This research uses 
data modeling in the form of classification by displaying 
accuracy, precision, recall, and F1 score values. At this stage, 
the data model is adjusted as needed to achieve the desired 
results. In this research, three classification algorithms were 
chosen, namely Random Forest, K-Nearest Neighbors 
(KNN), and Support Vector Machine (SVM). The selection 
of the algorithm is based on evaluating the advantages, 
disadvantages, and information from previous research 
related to predicting phishing website URLs using data 
mining. The modeling stage was carried out using Google 
Collab tools. Google Collaboratory is a free cloud computing 
service provided by Google. The advantage of Google Colab 
lies in its ease of creating data visualizations because it does 
not require software installation on the user's computer [17]. 

E. Evaluation 

The fifth stage of the research involved implementation 
using Python. Python, a programming language known for its 
ease of use, Python has gained immense popularity in both 
industrial and academic circles. The advantage of this 

language lies in its ability to be interpreted and executed by 
computers easily and to be accessed for free [18]. Python has 
a number of advantages and features that differentiate it from 
other programming languages [19]. This research uses the 
metrics A (Accuracy), P (Precision), R (Recall), and F1 Score 
to assess the performance of the classification model that has 
been built. Confusion matrix is a useful evaluation technique 
in the classification and prediction process [20]. 

Accuracy (A) describes how precise the algorithm model 
is in making accurate predictions. This accuracy is the 
proportion of correct predictions (both positive and negative) 
compared to the overall data [21]. 

𝑨 =  
(𝑻𝑷 + 𝑭𝑵)

(𝑻𝑷 + 𝑭𝑵 + 𝑭𝑷 + 𝑭𝑵  × 𝟏𝟎𝟎% (1) 

Precision (P) reflects the level of accuracy between the 
requested data and the model prediction results by comparing 
true positive predictions to the overall positive predicted 
results [22]. This precision aims to reduce the number of 
positive examples that are classified incorrectly.  

𝑷 =  
𝑻𝑷

𝑭𝑷 + 𝑻𝑷  × 𝟏𝟎𝟎% (2) 

Recall (R), which is often referred to as sensitivity or true 
positive rate, evaluates the fraction of positive cases that are 
actually correctly identified by the model [21]. This recall 
becomes crucial when the cost of false negatives is high, as 
the focus is on reducing the number of missed positive 
examples. 

𝑹 =  
𝑻𝑷

𝑻𝑷 + 𝑭𝑵  × 𝟏𝟎𝟎% (3) 

F1 Score is a balanced measure that considers both 
precision and recall. This F1 Score is useful when dealing 
with imbalanced datasets, where one class may be more 
dominant than another [22]. The F1 score calculates the 
harmonic mean of precision and recall, providing a single 
value that balances between false positives (FP) and false 
negatives (FN). 

𝑭𝟏 = 𝟐 ∗
(𝒓𝒆𝒄𝒂𝒍𝒍 + 𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏)
(𝒓𝒆𝒄𝒂𝒍𝒍 + 𝒑𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏) (4) 

 
Fig 4. Data Modelling Evaluation 

Evaluation is the assessment stage of the model that has 
been created at the modeling stage. The main focus is to 
ensure that the results obtained are in line with previously 
established business objectives. By using these metrics, this 
research can measure the extent to which the model can 
provide accurate and relevant predictions in identifying 
phishing website URLs. 

III. RESULTS AND DISCUSSION 

After carrying out the stages in CRISP-DM, a confusion 
matrix value is produced to measure the evaluation 
performance of each machine learning model. The following 
are the resulting values: 
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Fig 5. Confusion Matrix Results 

The evaluation results that have been presented illustrate 
the relative performance of the three models in classifying 
data. Analysis of these values provides a comprehensive view 
of the strengths and weaknesses of each model in the context 
of phishing URL detection. 

TABLE II.  RESULTS OF ALGORITHMS PERFORMANCE 

Algorithms Accuracy Precision Recall F1 Score 
SVM 0.928 0.934 0.941 0.936 
RF 0.937 0.932 0.956 0.944 
KNN 0.927 0.918 0.954 0.936 

In the Random Forest model, there is an increase in 
performance with an accuracy of 0.937, indicating the correct 
level of predictions from this model. A precision of 0.933 
indicates the model's level of accuracy in classifying positive 
data, while recall reaches 0.956, indicating the model's ability 
to find positive data instances. The F1 score of 0.944 shows a 
balance between precision and recall in the Random Forest 
model. 

IV. CONCLUSION 

In this research, we have investigated important aspects 
of detecting phishing websites, exploring various machine 
learning techniques and their effectiveness in dealing with the 
ever-growing cybersecurity threat of phishing attacks. The 
increasing level of fraudulent activity has become a major 
challenge for individuals and organizations around the world, 
driving the need to develop robust and efficient methods for 
identifying and preventing these fraudulent websites. 

This analysis confirms that the superiority of Random 
Forest depends not only on the overall availability of 
attributes but also on its ability to adapt to the most relevant 
attributes. This result analysis indicates that Random Forest 
has a better capacity to understand patterns in data in a more 
adaptive way than SVM and KNN. In the context of 
developing a model for web URL phishing detection, the 
selection of appropriate attributes plays a very important role. 
Although all algorithms show good potential, Random 
Forest's ability to adapt to the most significant information 
underlines the importance of selecting relevant features in the 

development of a reliable and effective phishing detection 
model. This model can be a basis for optimizing models that 
will be implemented in phishing detection practices in a wider 
environment. 
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Abstract—Whale sound detection is an important topic in 
marine conservation and research. The North Atlantic Right 
Whale is a whale species whose population is on the brink of 
extinction. Some of the threats to the North Atlantic Right 
Whale population at this time are fishing nets or gear that can 
get caught on whales and whale collisions with ships. To be able 
to reduce these events, it is necessary to determine the whale 
hotspot area to be avoided by ships. In this case, the researcher 
tries to use a spectrogram image processing approach with the 
Convolutional Vision Transformer model of underwater sound 
recordings with whale calls as the main parameter in whale 
detection. The use of the Convolutional Vision Transformer 
model is a new approach to spectrogram image processing. The 
Convolutional Vision Transformer model uses convolutional 
layers combined with Transformer blocks which in theory can 
speed up the training process. The model can process 
spectrogram images well, with 97.25% accuracy, 97.26% F1 
Score, 97.34% Precision, and 97.25% Recall. With a faster 
training runtime compared to the Vision Transformer model.  

Keywords—Convolutional Vision Transformer, Deep 
Learning, Transformer, North Atlantic Right Whale, Whale Call  

I. INTRODUCTION 
Whale sound detection is an important topic in the field of 

conservation and marine research. Whale sounds, known as 
whale songs, have specific patterns and characteristics that can 
be used to identify whale species, study their behavior, and 
monitor whale populations in the ocean [1]. Apart from that, 
whale sound detection can be implemented in the shipping 
industry, so that we can determine the best transport routes to 
reduce the impact caused by ships on the marine environment.  

In this study, researchers detected one type of whale, 
namely the North Atlantic Right Whale. Based on a report 
compiled by the World Wildlife Fund WWF, the North 
Atlantic Right Whale is a type of whale whose population is 
almost extinct. This population decline was initially caused by 
whaling which became widespread in the 1890s. Whale 
hunting is no longer a problem today, but the North Atlantic 
Right Whale population has not recovered to its previous level 
In this study, researchers detected one type of whale, namely 
the North Atlantic Right Whale. Based on a report compiled 
by the World Wildlife Fund WWF, the North Atlantic Right 
Whale is a type of whale whose population is almost extinct. 
This population decline was initially caused by whaling which 

became widespread in the 1890s. Whale hunting is no longer 
a problem today, but the North Atlantic Right Whale 
population has not recovered to its previous level.  

Several things pose a threat to the population of North 
Atlantic Right Whales At this time it is nets or fishing 
equipment that can get caught in whales and whales collide 
with ships. The increasing amount of underwater noise 
pollution produced by humans also affects whales, because 
these sounds can disrupt communication between whales and 
increase stress in whales [2]. To preserve this type of whale, 
NOAA or the National Oceanic and Atmospheric 
Administration places limits on ship speed in several sea areas 
to reduce collisions between whales and ships. These 
regulations are very important in the conservation process 
because the existence of these regulations can reduce the risk 
of death or injury to whales. After all, ships of any size can 
injure whales that are on the surface of the sea.  

The areas regulated by these regulations are hot areas or 
hot spots where the whale population is located [3]. Therefore, 
an appropriate algorithm is needed to be able to determine 
these hot areas. In this case, the researchers tried to use a 
spectrogram image processing approach from underwater 
sound recordings with the sound of whale songs as the main 
parameter in whale detection.  

Detection of whale sounds through spectrogram analysis 
has several challenges. First, whale sound spectrograms often 
have complex patterns and differ between whale species [4]. 
This makes detecting whale sounds a difficult task. 
Additionally, whale sounds are often drowned out by ocean 
noise, such as the sound of waves, ships, or other marine 
animals. This noise can interfere with the detection process 
and produce inaccurate results. Therefore, an effective method 
is needed to overcome this challenge. 

The use of the Convolutional Vision Transformer (CvT) 
for whale sound detection through spectrogram analysis has 
high relevance in today's industry [5]. In the field of 
conservation and marine research, automatic and accurate 
detection of whale sounds is critical to understanding whale 
populations, their behavior, and the impact of environmental 
change on them. This automated method can help reduce the 
time and effort required for whale sound analysis, as well as 
increase accuracy and efficiency in data collection. In 
addition, the use of CVT as a new approach to whale sound 
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detection can also contribute to the development of sound 
recognition and signal processing technology in the audio and 
communications industry.  

Based on research conducted by Dosovitsky [5]. it can be 
concluded that Vision Transformer can produce state-of-the-
art performance in image processing. However, the drawback 
of Vision Transformer is that the process requires quite a large 
number of parameters in the pre-training process so that the 
model can get good performance. To overcome this, the 
Convolutional Vision Transformer was developed to obtain 
performance like the Vision Transformer but reduces the 
parameters required in the pre-training process by adding 
convolution blocks to the transformer model so that model 
performance is maintained. With data obtained from previous 
research [6].  

Therefore, the author tries to utilize the Convolutional 
Vision Transformer model for processing spectrogram images 
in the case study of North Atlantic Right Whale detection. 

II. LITERATURE REVIEW 

A. Threats to the North Atlantic Right Whale Population  
Several threats to the North Atlantic Right Whale 

population currently include entanglement in fishing gear or 
equipment that can ensnare whales, as well as collisions 
between whales and ships. The increasing amount of 
underwater noise pollution generated by humans also affects 
whales, as these sounds can disrupt inter-whale 
communication and elevate stress levels among whales [7].  

In the preservation efforts of this whale species, the 
NOAA or National Oceanic and Atmospheric Administration 
has implemented ship speed restrictions in certain marine 
areas to mitigate collisions between whales and ships. Such 
regulations are crucial in conservation processes as they can 
reduce the risk of mortality or injury to whales, given that 
vessels of any size can harm whales when they surface. The 
regulated areas encompass hotspots where whale populations 
are concentrated [8]. Hence, an appropriate algorithm is 
needed to identify these hotspots. In this context, researchers 
are attempting to utilize a spectrogram image processing 
approach from underwater sound recordings, with whale 
vocalizations as the primary parameter for whale detection. 

B. Spectrogram 
In this research, spectrograms aid in identifying sound 

patterns, harmonics, and changes in audio signals used in 
speech recognition, music analysis, and sound effects design. 
Additionally, in the medical field, spectrograms are also 
applied to medical imaging, such as analyzing ultrasound 
signals to visualize the frequency content of tissues. In radar 
and sonar systems, spectrograms assist in target identification 
and understanding the characteristics of signals reflected from 
objects. Even in mechanical and structural engineering, 
spectrograms are used to analyze vibrations and identify 
resonance frequencies [9]. 

C. Convolutional Vision Transformer 

 
 

Fig. 1. CVT Model Architecture 

The utilization of the Convolutional Vision Transformer 
(CvT) for whale sound detection through spectrogram 
analysis holds high relevance in the current industry 
landscape. In the fields of conservation and marine research, 
automated and accurate whale sound detection is crucial for 
understanding whale populations, their behaviors, and the 
impacts of environmental changes on them. This automated 
method can help reduce the time and effort required for whale 
sound analysis while enhancing accuracy and efficiency in 
data collection. Moreover, employing CvT as a novel 
approach in whale sound detection can also contribute to the 
development of sound recognition technology and signal 
processing in the audio and communication industries.  

The Convolutional Vision Transformer (CVT) model 
differs from the Vision Transformer model in its architectural 
flow. The CVT model features a multi-stage architecture 
adapted from CNN models where CVT consists of 3 stages, 
and each stage comprises 2 parts. CNN is a sort of feedforward 
neural network that CNNs utilize to extract features from data. 
Like any other neural network model, CNNs are built on 
layers of neurons inside the organization, which allows them 
to learn hierarchical representations. The neurons in the layers 
are linked using weights and biases [10]. 

D. Convolutional Token Embedding 
The convolution process in this block in the CvT model 

aims to understand local spatial contexts from low-level to 
semantic primitives. This block receives a two-dimensional 
image input or token map from a two-dimensional image that 
has passed through the reshaping stage in the previous step, 
denoted as f(x_i-1) [6]. 

E. Convolutional Projection 
The main objective of convolutional projection is to 

understand the local spatial context as a means for the model 
to discern patterns among adjacent pixels in the image. 
Additionally, convolutional projection can provide 
computational efficiency by implementing undersampling in 
the Key (K) and Value (V) matrices during certain 
computations. Therefore, this model can become more 
efficient in terms of processing time and resource utilization 
without significantly affecting model quality. In the CvT 
model, the Multi-Head Self-Attention block is substituted 
with depth-wise convolution, yielding convolutional 
projection. 

F. Whale Call Detection 
In the marine environment, the penetration of light into 

water is highly limited, thus visual cues for marine organisms 
are also restricted. Therefore, cetaceans such as whales and 
dolphins rely heavily on sound in every aspect of their lives, 
with each species producing specific types of vocalizations. 
Many cetacean vocalizations can be identified to the species 
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or even population level, allowing the use of acoustic 
recording tools to detect their presence. With advancements in 
acoustic recording technology and the decreasing cost of 
equipment, there has been a proliferation of high-resolution 
acoustic data. With this abundance of data, the challenge lies 
not in acquiring the data but rather in processing it. 
Consequently, scientists have begun exploring ways to speed 
up recognizing whale calls or whale sounds through 
automation using machine learning [11]. 

III. METHOD 
The type of research carried out is quantitative research, 

which is a type of research that uses numbers in processing 
data to produce structured information. Based on this 
understanding, quantitative research is very relevant to the 
research that will be carried out because for machine learning 
modeling data processing is carried out to obtain accurate 
information from the CvT model for detecting NARW whale 
songs. In this research, the author uses the following machine 
learning model development method: 

A. Data Collection 
The data acquisition process carried out by researchers 

was taking data from the Kaggle site entitled "Whale 
Detection Challenge: 255x255 png Dataset" which contains 
30,000 spectrogram images based on underwater audio 
recordings recorded by The Marinexplore and Cornell 
University. Of the 30,000 images, the data is divided into two 
labels, namely whale and nowhale with a total of 22,973 
images for nowhale labels, and 7,027 images for whale labels. 
However, because the data sharing ratio, according to the 
author, is too far, it is feared that there may be invisible 
patterns from fewer data labels. Therefore, the researchers 
reduced the data from 30,000 data to 20,000 image data by 
dividing 13,000 images with the no whale label and 7000 
images with the whale label. 

B. Data Pre-Processing 

 
 

Fig. 2. Data Pre-Processing Stages 

Data pre-processing is an important step in a data analysis 
project which aims to extract important features from the data 
and eliminate noise or irrelevant data [12].  

Because the number of channels in the data that 
researchers use does not follow the provisions of the model 
that will be used, the channels in the data are still RGBA or 
Red, Green, Blue, and Alpha, whereas, in the CvT-13 model, 
the data that will be processed must have three channels, 
namely RGB or Red, Green, and Blue. Therefore, the 

researcher created a script to change the channel from RGBA 
to RGB. After the conversion, the converted data can be 
processed to go through the labeling stage based on the Excel 
file provided by The Marinexplore and Cornell University. 
After labeling, the data will be folderized according to the 
provisions in the documentation on HuggingFace so that it can 
be saved in dataset format. After the folderization process, the 
dataset can be imported using the load_dataset function. After 
the dataset has been processed, the dataset can be divided into 
80% training data and 20% testing or validation data. If the 
data has gone through several pre-processing stages, the 
dataset can be entered into the model for the next stage of 
training.  

C. Model Training 
Model Training or model training is a process in machine 

learning and artificial intelligence, where the machine 
learning algorithm is given an input dataset to be able to 
generalize patterns from that data. After model training is 
complete, the trained model can be used to make predictions 
on data that has never been seen before. Regular model 
updating and retraining is often necessary to maintain model 
accuracy and relevance.  

The model training process consists of several iterations, 
during which the model gradually adapts to patterns in the 
training data. In each iteration, the model updates its 
parameters based on the difference between the predictions 
produced by the model and the actual labels in the training 
data. This allows the model to learn and adapt over time.  

However, it is important to remember that pre-trained 
models are not always perfect. Therefore, regular updating 
and retraining of the model is often necessary. New data 
received, changes in the environment, or increases in 
computing resources may cause the model to become outdated 
or inaccurate. 

Therefore, to maintain optimal levels of accuracy and 
relevance, models need to be regularly updated and improved 
through a retraining process. In the training process, 
researchers experimented by changing several training 
arguments, namely learning rate and weight decay. The 
selected values for the learning rate are 1e-5, 2e-5, and 3e-5. 
Meanwhile, for weight decay, the values are 0.1, 0.01, and 
0.001. 

IV. RESULTS AND DISCUSSION 
Before implementation, researchers looked for several 

literature study sources as references and comparisons in the 
model implementation process. A summary of the research 
results is as follows Authors and Affiliations 

TABLE I.  LITERATURE REVIEW STUDY 

Research  Conclusion  

Detection of North Atlantic Right 
Whales with A Hybrid System of CNN 
and Dictionary Learning 

The use of CNN and DL hybrid 
systems can reach quite good 
accuracy, by using CNN as a 
feature extractor and replacing 
softmax with Dictionary Learning 
proven to increase accuracy.  

A Convolutional Neural Network for 
Automated Detection of Humpback 
Whale Song in a Diverse, Long-Term 
Passive Acoustic Dataset [1]  

Using a hybrid CNN and DL 
system can achieve fairly good 
accuracy, by using CNN as a 
feature extractor and replacing 
softmax with dictionary learning, 
it is proven to increase accuracy.  

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

18

4

8

11

12

14

23

32

Page 38 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 38 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



North Atlantic Right Whales Up-call 
Detection Using Multimodel Deep 
Learning [13]  

Processing acoustic data with 
CNN can be an option if existing 
data is limited. CNNs can achieve 
excellent performance with little 
data.  

North Atlantic Right Whale Call 
Detection with Convolutional Neural 
Networks [14]  

CNN combined with SAE or 
stacked autoencoder can easily 
understand the context of data 
locally and globally. Relabeling 
also affects accuracy.  

Right Whale Detection Using Artificial 
Neural Network and Principal 
Component Analysis [15]  

Fully connected CNN can achieve 
good accuracy results in detecting 
NARW whale songs.  

 

The initial stage that the author carried out was data 
acquisition according to the problems required for the needs 
of the training and model evaluation stages. The authors 
collected a dataset containing spectrogram images of 
underwater recordings, with a difference between recordings 
containing whale sounds and recordings that did not contain 
whale sounds.  

After searching the internet, the author found a dataset on 
the Kaggle website with the title "Whale Detection Challenge: 
255x255 png Dataset" which contains 30,000 spectrogram 
images from underwater recordings. With a total of 30,000 
images, this dataset provides significant diversity in terms of 
the variety of underwater recordings. This allows the model to 
study different characteristics of whale sounds from different 
viewpoints and conditions. As a first step, authors need to 
check and validate the dataset to ensure its quality and 
consistency before using it in the model training and 
evaluation stages. 

 
 

Fig. 3. Examples of Images On the Dataset 

The spectrogram image is a visualization of a two-second 
underwater audio recording containing whale sounds. 
According to research conducted by spectrograms produced 
visualizes recordings in the range 0 Hz to 500 Hz. For 
example, the following is a spectrogram image that was used 
as an example data by Spaulding et al [16]. 

 
Fig. 4. Picture of Spectogram 

It can be seen in the spectrogram graph above that whale 
songs experience an increase in strength at frequencies from 
100 Hz to around 250 Hz to 300 Hz with the greatest strength 
around 200 Hz to 250 Hz. With the following basis, 
researchers will try to see the performance of the 
Convolutional Vision Transformer model to recognize 
features in images that have whale song characteristics that 
indicate the presence of NARW whales.  

From the results of the dataset examination, the author 
found that the images in the relevant dataset did not have 
labels, so manual labeling was necessary. After conducting 
further searches, the author found the audio dataset used by 
the related dataset which was used as a spectrogram. In the 
audio dataset that the author found, there are image data labels 
in .csv form. Based on this, the author carried out labeling 
using CSV data sources. provided by the dataset creator. 

The dataset then goes through several stages of data pre-
processing. The processed data will be split into training data 
and testing data with a specified ratio. Next, the image data 
will go through an augmentation stage to increase the dataset 
with existing data. The stage that the researcher carried out 
was the use of libraryAutoImageProcessor to perform 
augmentation by config or rules applied to the model cvt-13. 
Then, researchers carry out transformations on the image data 
so that the image data can be processed in tensor form with 
functionsToTensor.  

The images in the dataset that have been transformed will 
be included in the modelCvT-13 for model training. For the 
parameters carried out in the experiments, the researchers 
changed the parameters of weight decay as well as learning 
rate. The results of model training can be seen in the following 
image. 

 
 

Fig. 5. Training Model Results 

Apart from looking at the test table, we can see the model 
performance in the form of a confusion matrix as follows:  

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

19

2

4

23

37

Page 39 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 39 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



 
 

Fig. 6. Confusion Matrix 

From a total of 6000 validation images, the model testing 
results succeeded in predicting 2078 positive images from a 
total of 2248 positive image data. Of the 3752 negative 
images, the model succeeded in predicting 3667 negative or 
True Negative images. Researchers tried to experiment to 
change the ratio of training data and testing data, which was 
initially 30% testing data and 70% training data, to 20% 
testing data and 80% training data. With the same 
hyperparameter argument, researchers obtained an increase in 
accuracy with the following details. 

 
 

Fig. 7. Model Training Results With a Data Ratio of 20:80 

The change in the ratio of testing data and training data has 
had quite a good impact, because there is an increase in the 
accuracy, F1, precision, and recall scores of the model. Based 
on the results of observations, researchers also did not find any 
significant increase in training time, because previously the 
model went through a training process of 1681 seconds, 
whereas with a ratio of 80:20, the model only experienced an 
increase in runtime of approximately 151 seconds.  

Based on the training results and validation with test data 
with new dataset ratios, researchers tried to change several 
hyperparameters in the CVT model training process. The 
hyperparameters that will be experimented with are 
learning_rate and weight_decay. Learning rate is an important 
parameter in the model training stage. The learning rate 
controls how fast or slow a model learns during the training 
process and determines the step size when weights and biases 
are updated to minimize the loss function. Here the researcher 
tried to change the learning rate values to 1e-5, 2e-5, and 3e-5 
with details of the experimental results in the following table. 

 

 

TABLE II.  LEARNING RATE COMPARISON TABLE 

Learning 
rate Accuracy F1-Score Precision Recall Runtime 
1e-5  97.10%  97.11%  97.18%  97.10%  1768 s  
2e-5  96.95%  96.96%  97%  96.95%     1796 s  
3e-5  97.25%  97.26%  97.34%  97.25%    1752 s  
 

As the researcher mentioned previously, apart from the 
learning rate, the researcher also tried to replace the value of 
the weight decay parameter with the following values, 
namely, 0.1, 0.01, and 0.001, with the following model 
training results. 

TABLE III.  WEIGHT DECAY COMPARISON TABLE 

Weight 
Decay Accuracy  F1-Score  Precision  Recall  Training 

Runtime  
0.1  97.10%  97.11%  97.18%  97.10%  1768 seconds  
0.01  97%  97%  97.10%  97%  2386 seconds  

0.001  97.20%  97.20%  97.28%  97.20%  2400 sec  
 

It can be seen in the table that decreasing weight decay 
does not significantly affect accuracy, f1 score, precision, and 
recall, but the smaller the weight decay, the longer the runtime 
in the training process. At the smallest weight decay, namely 
0.001, the training runtime increased by 632 seconds or 10 
minutes 32 seconds.  

Based on data from training with the Vision Transformer 
model as a comparison, the accuracy of the Vision 
Transformer model is not that far from the accuracy of the 
CVT model. However, in the training process of the Vision 
Transformer model, the model experienced slight overfitting 
in the 4th and 5th epochs which we can observe, namely the 
training loss is lower than the validation loss. The training 
process for the Vision Transformer model also takes longer 
than the CVT model in the following table. 

TABLE IV.  COMPARISON BETWEEN CVT AND VIT 

Model  Runtime  Samples/s  Steps/s  Total_flos  Train_loss  

CvT  1752.063  45.66  4.163  1.417  0.318  

YEAR  3313.708  21.124  2.112  5.424  0.054  

 
In the model training stage, model performance is assessed 

based on several metrics that the researchers have displayed 
in the table above. Train_loss is a metric that measures the 
model's ability to minimize prediction errors during training. 
We can see that the CVT model has a higher train loss (0.318) 
compared to the ViT model (0.054). This shows that during 
the training stage, the CVT model has a greater error in 
predicting images in the training dataset.  

Efficiency in the validation stage is also an important 
highlight. The CVT model shows significant efficiency, with 
a shorter execution time (40.20 seconds) and a much higher 
number of samples per second (samples per second) as well as 
a much higher number of steps per second (samples per 
second) compared to the ViT model. This efficiency indicates 
that the CVT model can process validation data more quickly 
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and efficiently, an aspect that can provide advantages in 
implementations that require fast prediction results.  

The CVT model has better performance in terms of 
accuracy, F1-score, precision, and recall in testing data as well 
as advantages in faster data processing and inference times.  

Apart from making comparisons with the ViT model, the 
author will also compare the prediction results from the CVT 
model with several previous studies. In several previous 
studies, the benchmarks for accuracy in detecting NARW 
whale songs were Up-Call Detection, non-up-call detection, 
and False Alarm. 

 
Fig. 8. Comparison with Previous Research 

Based on this comparison, it can be seen that the CVT 
model can compete with previous models that researchers 
used from research [12] for the Spectrogram + CNN + DL 
model and also several models such as MFCC, DWT single 
stage + MFCC, DWT + MFCC + Linear SVM, and TFP-2 
Features+LDA from research [16]. The CVT model got the 
highest Call Detection Rate, namely 98.47%, but the Non-Up 
Call Detection Rate it only 96.08%, 1.68% lower than the 
highest accuracy, namely the MFCC model with an accuracy 
of 97.86%. For False Alarm, CVT gets an accuracy of 3.91%, 
which is quite high compared to previous models. In the 
previous research that the author used as a comparison, there 
was no additional information regarding model performance 
during training so the author could not compare the efficiency 
of the model in the training process. The CVT model can 
compete with hybrid models in acoustic data processing. 
However, further research is needed to be able to optimize the 
CvT model to handle acoustic data cases. Please note, some of 
the models compared here do not use the same data sharing 
ratio, and some models use different preprocessing methods. 

V. CONCLUSION 
The research results show that the Convolutional Vision 

Transformer model, which has gone through a fine-tuning 
process, succeeded in detecting whales through spectrogram 
images with a high accuracy of 97.25%, F1-Score 97.26%, 
precision of 97.34%, and recall of 97.25% in five iterations of 
training data so that outperforms the regular Vision 
Transformer model. Apart from that, this model also shows 
higher efficiency in the training and validation data prediction 
process, with a training time of only 1752 seconds and a 
validation data prediction time of 40,201 seconds. 
Furthermore, this model requires less computing power, with 
total_flos of only 1,417 compared to 5,424 in the Vision 
Transformer model without convolution. After 

hyperparameter tuning, the model with the highest 
performance has a 5 epoch configuration, learning rate 3e-5, 
weight decay 0.001, and batch size 4 for training and 
evaluation per device. 
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Abstract—Due to their exponential growth, social media 
platforms have become the main source of information for 
many people. On these platforms, propaganda, fake news, 
and misinformation are widely disseminated, raising 
serious questions about the accuracy and veracity of the 
data. In this paper, we will cover a review of several key 
approaches in the context of data veracity analysis on 
social media, with a particular focus on rumor detection. 
By exploring these diverse strategies, the purpose of this 
paper is to contribute to the understanding of the 
multifaceted techniques applied in ensuring data veracity, 
specifically in the challenges of rumor detection on social 
media platforms 
Keywords— Social medias, big data, veracity analysis, rumor 
detection 

I. INTRODUCTION 

In the era of big data, the growth of information has been 
incomparable, particularly with the explosive expansion of 
social media platforms. As in 2024, 4.95 billion people use 
social media which is equivalent to 61% of the world’s 
population [1]. However, within this abundance lies a critical 
challenge— “the fourth V” of big data [2], the veracity of 
data. 

A. Rumor detection 
One of the primary challenges in the context of data 

veracity analysis on social medias resides in the fact that 
information shared on those platforms might reveal 
misleading elements categorized, according to [8], into three 
types: fake news, rumors, and other misinformation. Fake 
news refers to intentionally false shared articles that can be 
verified, while rumors defined as unverified information often 
spread on social platforms, varying in their veracity and 
impact. In addition, we have other misinformation types like 
clickbait, social spammers, and fake reviews contribute to the 
complexity of discerning truth from falsehood in online 
content, rendering it unreliable. Recognizing these challenges 
underscores the importance to put as a priority the rumor 
detection practices, in the aim to enhance the quality of data. 
Before going through specifics approaches applied in order to 
solve the rumor spread problem, let's commence with a 
foundational understanding of rumor (ruːmə(r)) defined in [3] 
as a piece of information, or a story, that people talk about, but 
that may not be true. It is important to separate rumors from 
fake news in order to work on rumor detection. Various 
definitions exist for rumor detection. In certain studies, it is 
characterized as the process of discerning whether a narrative 
or online post qualifies as a rumor or non-rumor. When the 
veracity value of a rumor is determined to be false, certain 
studies refer to it as a "false rumor" or "fake news". However, 
several prior investigations provide a more stringent definition 
for "fake news, «classifying it as a news article intentionally 
and verifiably disseminating false information. 
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According to [4], the significant attributes of rumors within 
the area of social networks serve as compelling reasons for 
engaging in research in this domain. Firstly, the rapid 
dissemination of rumors across the network poses a challenge 
in distinguishing between factual information and 
misinformation. Secondly, the potential impact of rumors on 
various aspects of society, leading to social unrest and stress, 
underscores the need for effective rumor management 
strategies. Lastly, the ability to trace identified rumors back to 
their source holds the promise of eradicating potential rumor- 
generating nodes from the network, offering a valuable 
avenue for addressing the root causes of misinformation and 
enhancing the overall reliability of information circulating in 
social spaces. 

B. Approaches categorization 
Numerous studies have been conducted on this topic, 

each one of these studies adopting a distinct approach, most of 
them mainly focus on one or many of the following: 

 

TABLE I.  APPROACHES CATEGORIES 

 

 Rumor detection approaches 

Information 
used per 
approach 

Source-based Content-based Propagation 
dynamics 

User’s 
information 

Textual & visual 
content 

Propagation & 
network features 

 

1) Source-based: User credibility considered one of the 
main elements to inspect. It is determined by factors such as 
registration age, number of followers, and the history of 
authored posts. Those factors contribute mainly to the 
comprehensive evaluation of the information source. By 
considering both community-based reputation and individual 
user information, these recommendation-based approaches 
offer a multifaceted assessment of source reliability in the 
context of merit, achievement, and trustworthiness’s 

 
2) Content-based: Content-based approaches, often 

explained as fact-checking, trying to iteratively calculate and 
refine the trustworthiness score of a source. Simultaneously, 
these approaches adjust the belief score of each claimed data 
in relation to the trustworthiness of the sources endorsing it. 
Within these methodologies, source quality is initialized and 
updated based on content belief. It's essential to underscore 
that this context encircles both textual content and multimedia 
(visual content). Additionally, several probabilistic models 
have been proposed to encompass various facets extending 
beyond source trustworthiness and data belief. 

 
3) Propagation & network dynamics: Propagation-based 

and also in some studies defined as network-based approaches 
are central for understanding the dynamics of rumor spread on 
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social media. Rumor circulates through shares and re-shares, 
forming a diffusion cascade or tree structure. These 
approaches fall into cascade-based and network-based 
categories. In the cascade-based methods, cascades are 
utilized to detect rumors by calculating similarities or 
generating representations. These models, exemplified by 
various studies, outperform the feature-based algorithms, 
although the early detection challenges persist. Network-based 
methods construct flexible networks to capture rumor 
propagation indirectly. These networks can be homogeneous, 
heterogeneous, or hierarchical, with examples leveraging 
algorithms like PageRank used by Google Search and 
incorporating network features to enhance detection accuracy 

 

II. RELATED WORK  

A. Datasets 
The research studies on rumor detection leverage a variety 

of datasets, each one offers a unique perspectives and 
challenges. Among the available public datasets, the PHEME 
dataset stands out as the most used dataset for its collection of 
rumors and non-rumors tweets from breaking news events, 
such as the Ottawa shooting, Charlie Hebdo shooting, Sydney 
siege, Ferguson unrest, and Germanwings plane crash. This 
dataset, compiled by Zubiaga et al. (2016), contains 5,802 
annotated tweets, including 1,972 rumors and 3,830 non-
rumors, categorized into subfolders based on event type. Also, 
from Twitter we have Twitter15 and Twitter16 datasets, 
hailing from studies by Liu et al. (2015) and Ma et al. (2016, 
2017b) respectively, delve into 1,490 and 818 rumors.  

Kaggle as a data provider, offer access to datasets from 
Snopes.com, Emergent.info, and Politifact.com. Those 
websites provide a structured format for multi-label 
classification tasks with varying class labels denoting the 
veracity of rumors.  

The Newly Emerged Rumors dataset, captures short-lived 
rumors, allowing researchers to explore rumor classification 
and tracking tasks. In addition, we have the Liberia-Ebola 
2015 dataset that focuses on rumors during the Ebola crisis, 
collected through mobile phones by Community Health 
Workers and journalists. Furthermore, the Credibility Corpus 
compiles datasets from social media platforms like Twitter 
and web documents, featuring texts in French and English 
related to rumors and disinformation. This corpus includes 
specific rumor-related corpora and a common "rumor 
indicator" column used for labeling rumors.  

Also, in similar research studies, datasets like LIAR, PHEME, 
Twitter, and Weibo datasets are broadly utilized. The LIAR 
dataset, sourced from the provider politifact.com API, offers a 
balanced collection of human-labeled statements categorized 
into six truthfulness groups. Researchers experiment with the 
PHEME dataset for rumor detection, focusing on event-
centered tweets and conversations initiated by fake news. 
Some studies opt to collect their datasets, ensuring balance 
and quality, while others rely on news articles datasets, public 
resources, or rumor tracking websites like Snopes.com and 
emergent.info for diverse sources of rumor data. 

TABLE II.  Datasets Used in Studies for Rumor Detection 
 

Dataset Information Format / Size / Source 

PHEME 
Text, user and 
propagation 

features 

JSON,6425 rumors, 
Twitter 

WEIBO 
Text and user 

features 
JSON, 4646 rumors, 

Weibo 

KAGGLE SNOPES Text features 
CSV, 16.9K rumors, 
Facebook & Twitter 

KAGGLE 
POLITIFACT 

Text, user and 
propagation 

CSV, 2923 rumors, 
Twitter 

NEWLY EMERGED 
DATASET 

Text, user and 
propagation 

XLSX, 106 K rumors, 
Twitter 

 

B. Methodologies review 
In [6] Sushila Shelke & Vahida Attar proposed a 

combined approach of the content, user and lexical features 
focusing mainly on the Twitter microblogging. Authors 
consider the topic as a classification problem focusing on a 
deep-learning based approach.  They categorize the 
techniques into the recurrent neural network (RNN), 
convolutional neural network (CNN) and the hybrid models 
(combining RNN and CNN), articulate the formal 
presentation of rumor detection in social networks as an 
event-wise sequence of posts, which is provided as input to 
the proposed model. In rumor detection, CNN’s can analyze 
textual data by treating it as a spatial pattern, extracting 
features like word sequences or n-grams. On the other side, 
we have the RNN’s are designed to model sequential data and 
have memory capabilities, making them suitable for tasks 
involving temporal dependencies, such as language translation 
or sentiment analysis. In rumor detection, RNN’s can analyze 
text in a sequential manner, capturing context and 
dependencies between words to identify potential rumors.  
The data used for the research was collected then labelled as 
rumor or non-rumor based on the verification of PolitiFact and 
Snopes, then preprocessed by applying the most common 
techniques of data cleaning starting from removing URL’s, 
hashtags, mentions …etc.in order to pull out the lexical 
features and word embedding. The proposed model presented 
in the study by the authors, integrates three key components: 
Word Embedding, Bidirectional LSTM (BiLSTM), and 
Multilayer Perceptron (MLP). Word Embedding employs a 
Keras embedding layer in order to convert the tweets into 
dense vectors, this facilitates the representation of the 
semantic relationships between words. The BiLSTM model, 
which is a variant of Recurrent Neural Networks, processes 
these vectors in both forward and backward directions, 
capturing contextual information. Meanwhile, the MLP, 
function as a deep neural network, extracts post-wise features 
from user, lexical, and content-based aspects. The proposed 
models include BiLSTM_Embed, where word embedding 
vectors undergo processing through a BiLSTM model with 
two dense layers. Lex_PCA utilizes Principal Component 
Analysis (PCA) to reduce 190 lexical features to 125, 
implemented with three dense layers. UCL_PCA combines 
user and content-based features with lexical components, 
normalizing 145 features through standard scaling. The 
comprehensive BiLSTM_UCL model merges features from 
both BiLSTM_Embed and UCL_PCA, resulting in   an 
advanced deep learning architecture for enhanced rumor 
detection capabilities  
 
The article by Rashed, Kazi, Titya, and Noor [7] provides a 
similar focus on the user-based and content-based features 
with a particularity of the user information protection layer. 
The proposed approach by Rashed, Kazi, Titya, and Noor for 
rumor detection use a comprehensive set of algorithms and 
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techniques. The model utilizes the Twitter dataset from the 
"PHEME Dataset of Rumors and Non-rumors" and employs 
APIs for data access, with a primary focus on Twitter due to 
its REST and Streaming APIs. To address the dataset's 
imbalance, the authors manage to implement a feature-rich 
selection and extraction process, that categorize features into 
content-based and user-based. Content-based features include 
word embedding, subjectivity, sentiment score, and hasMedia, 
while user-based features are limited to five. Text 
preprocessing involves lemmatization and the removal of 
URLs, user mentions, hashtags, punctuation, and white 
spaces. The core of the proposed model lies in the Rumor 
detection phase, where various machine learning algorithms 
are evaluated. This includes popular choices such as Artificial 
Neural Network (ANN), k-Nearest Neighbor, Support Vector 
Machine (SVM), Logistic Regression, and Random Forest. 
The model's performance is extensively assessed using 
metrics like classification accuracy, Precision, Recall, F-
Score, Mean AUC Score with 10-fold Cross-Validation, MCC 
Score, Confusion Matrix, and ROC Curve. Notably, the 
authors acknowledge the dataset's small size but strategically 
leverage it as testing data, safeguarding a large training dataset 
from unauthorized access. The framework extends beyond the 
algorithmic choices, incorporating a two-plane architecture 
(User Plane and Developer Plane) with further division into 
Module-1 and Module-2 within the Developer Plane. 
Module1 focuses on securing training data using RSA 
cryptography, ensuring portability for sharing with authorized 
third parties. The selection of RSA is justified by its public-
key nature, resistance to known attacks, and implementation 
ease in Python. The proposed framework, not only 
demonstrates a sophisticated integration of algorithms but also 
emphasizes the importance of data security and confidentiality 
in rumor detection efforts. 
 
Similar to the [9] methodology, in [10], Zhenhuang, Hanbing 
and Yefu focused on the text, and user characteristics mixed 
approach. They observed a high frequence of rumors, 
particularly regarding political and social issues, on platforms 
like Sina Weibo, specially that impact social stability. To 
address this, they proposed a sentiment analysis approach to 
assess the emotional polarity of microblog comments, using 
the proportion of negative emotional comments as a detection 
feature. Their method combines emotional lexicons, semantic 
rules, and machine learning for comprehensive feature 
extraction and sentiment analysis. Additionally, they extracted 
features from user data, such as authoritative user participation 
in rumor refutation and user reputation value, as key 
indicators for detecting rumors. 
 
In the context of the propagation-based methodology, the 
authors in [11] propose a novel approach for rumor detection 
that considers both temporal and topological characteristics 
considering it as crucial element in understanding rumor 
propagation. They introduce a method for constructing a 
propagation graph based on non-sequential post propagation 
on social networks. This is followed then by the development 
of a representation learning algorithm, PGNN (Propagation 
Graph Neural Network), which uses gated graph neural 
networks to learn powerful node representations within the 
propagation graph. They then present two models for rumor 
detection: GLO-PGNN, which identifies rumors using global 

graph embeddings, and ENSPGNN, which calculates 
prediction probabilities for each node and aggregates them for 
the final result. Their empirical evaluation on Twitter data 
shows that these models outperform existing rumor detection 
methods, especially in early detection scenarios. Their 
contributions include the explicit construction of propagation 
graphs, the development of PGNN, and the superior 
performance of their models in rumor detection tasks and 
early detection scenarios. 
 
Lin, Xueming, and Caiyan [12] have introduced an approach 
that addresses the urgent requirement for automated and 
effective rumor detection methods. This need arises from the 
swift dissemination and harmful consequences of rumors 
enabled by Internet technology. It introduces DAN-Tree and 
DAN-Tree++ models to overcome shortcomings in existing 
rumor detection methods. DAN-Tree employs a dual-attention 
network on propagation tree structures, utilizing Transformer 
encoding blocks to model relationships among posts and 
focusing on key post nodes and paths. DAN-Tree++ further 
incorporates user features, considering user’s credibility 
characterized by their profiles. It uses path oversampling to 
enrich feedback, post-level attention to capture post 
importance, and path-level attention to identify critical paths 
in rumor propagation trees. The models are evaluated on 
various datasets and show superior performance, particularly 
DAN-Tree++, which achieves the best results. The 
DANTree++ model consists of three main modules: user 
feature extraction and encoding, global user feature encoding, 
and rumor classification, integrating propagation structure and 
user features for improved rumor detection.  
 
In their study on rumor detection, also on Twitter, the authors 
in [13] introduce an innovative approach by employing k-
nearest neighbor (KNN) and naive Bayes classifier 
algorithms. The KNN algorithm leverages user-based 
features, such as the user's account creation date, number of 
followers, tweets posted, and total favorite counts. It 
calculates the Euclidean distance between records based on 
these attributes. While for the naive Bayes classifier, the focus 
is completely on content-based features, particularly the 
frequency of words within tweet messages. The methodology 
includes a thorough pre-processing algorithm that removes 
URLs, mentions, and hashtags from tweets while retaining 
and counting rumor keywords. By combining these methods, 
the study aims to improve rumor detection by using both user-
specific and content-specific information, offering a 
comprehensive data analysis.  
 
In [14] Harun and Bilal propose a comprehensive approach to 
rumor detection that involves several steps. Initially, the data 
undergoes preprocessing, including tokenization, removal of 
stop words, and stemming. Feature extraction follows, with 
term frequency computation and the creation of a document 
term matrix. The study applies multiple machine learning 
algorithms for classification, including One Rule (OneR), 
Naive Bayes, ZeroR, JRip, Random Forest, Sequential 
Minimal Optimization (SMO), and Hoeffding Tree. These 
algorithms are compared based on evaluation metrics such as 
precision, recall, F-measure, accuracy, ROC area, and PRC 
area. The study systematically evaluates the performance of 
each algorithm using different experimental setups, including 
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the entire dataset, random allocation of training and test data, 
and cross-validation tests, demonstrating the efficacy of the 
proposed models in detecting rumors in online social media.  
 
Finally, the article [16] by the authors provides a similar focus 
on the feature change extraction framework (FCEF) approach 
to detect rumors. The methodology involves several steps: 
first, the authors serialize the comment text of each rumor 
event to obtain values of different dynamic features across 
sequences. They then use sliding windows of varying sizes to 
extract local change information, inspired by convolutional 
neural networks. Simultaneously, they extract global features 
such as rumor distribution characteristics and outbreak points. 
The combination of these features, both basic and dynamic, is 
utilized to train a Support Vector Machine (SVM) classifier 
with a radial basis function (RBF) kernel. The parameters of 
the SVM, specifically C and Gamma, are optimized through 
Grid Search to enhance the classifier's performance. 
 

III. MODELS PERFORMANCES 

An analysis of the effectiveness of the models used 
becomes essential to comprehend earlier research in the 
context of our problematic focusing on rumor detection. This 
chapter provides an extensive and detailed analysis and 
comparison of the various models used on each research, 
based on diverse approaches used in previous studies.  
 
The accuracy and the performance of the models in the 
research [6] are thoroughly evaluated and compared across 
different scenarios. According to authors, the BiLSTM_UCL 
model stands out with an impressive accuracy of 97% on both 
benchmarked and real-world extended datasets. This model 
combines mainly essential features from user, content-based, 
and lexical categories, contributing to its high precision and 
recall values. Comparisons with other models, such as 
Lex_PCA and UCL_PCA, highlight the remarkable 
superiority of the BiLSTM_UCL approach, especially in 
terms of precision, recall, and F1 score for both non-rumor 
(NR) and rumor (R) classes. Additionally, the research 
emphasizes the scalability of deep learning models on large 
datasets, affirming the suitability of the proposed 
methodology for real-world applications where dataset sizes 
can vary significantly. Overall, these detailed analyses 
underscore the effectiveness and potential of the 
BiLSTM_UCL model in enhancing accuracy and performance 
in rumor detection tasks.  
 
The model in [4] achieved varying levels of accuracy across 
different classifiers: K-nearest neighbor (k-NN) at 64.5%, 
Support Vector Machine (SVM) at 53.5%, Random Forest 
(RF) at 71.0%, and Naive Bayes at 65.8%. Further analysis 
using the Random Forest classifier showed that excluding 
proposed features resulted in a precision of 68.4%, recall of 
69.9%, and an F1-score of 68.5%. Including all proposed 
features improved these metrics to a precision of 69.1%, recall 
of 70.6%, and an F1-score of 69.8%. Interestingly, excluding 
the reliability score, although ranked last in importance, led to 
a slight decrease in precision (68.7%) but an increase in recall 
(70.2%) while maintaining the F1-score at 68.5%. These 
comparisons highlight the impact of feature selection on 

model performance, with Random Forest proving to be the 
most effective classifier in this context. 
 
According to Rashed, Kazi, Titya, and Noor in [9], model's 
performance stands out with a focus on content-based features 
and word embeddings, using only a limited set of user-based 
features. It employs Random Forest and Artificial Neural 
Network (ANN) classifiers, achieving impresive accuracy 
levels of 94% and 91%, respectively. Even the commonly 
suggested classifiers like SVM, Logistic Regression, and k-
Nearest Neighbors performed exceptionally well, surpassing 
80% accuracy. Precision, recall, and F1-Score metrics 
showcase Random Forest's superiority across all measures, 
reinforcing its effectiveness. The Matthews Correlation 
Coefficient (MCC) scores, ROC curve, confusion matrix, and 
Mean AUC Score validate the model's robustness and reliable 
prediction quality. Additionally, the model's portability and 
security features, demonstrated through the generation of 
rumor detection reports and CSV outputs, add practical value. 
Despite an execution time of around 29.21 minutes, 
optimizations could further enhance efficiency.  
 
The experiment's in [10] results reveal notable advancements 
in both emotional classification and rumor detection through 
various feature sets. When compared to lexicon-based and 
SVM-based methods, our approach significantly 
outperformed in judging microblog comment polarity. 
Moving to rumor detection, experiments with different feature 
combinations yielded insightful results. Incorporating OLD + 
PNEC achieved an accuracy of 85.28% for rumors and 
84.65% for normal microblogs, while OLD + AUPI and OLD 
+ URV attained accuracies of 81.77%/80.19% and 
83.41%/81.52%, respectively. However, the most striking 
performance improvement was seen with OLD + NEWS, 
showcasing an accuracy of 86.18% for rumors and 84.62% for 
normal microblogs, underscoring the effectiveness of these 
new features.  
 
The performance metrics of the machine learning models in 
the content-based study [14] are evaluated using precision, 
recall, F-measure, accuracy, ROC area, and PRC area. The 
JRip algorithm achieved a precision of 0.990, recall of 0.980, 
F-measure of 0.985, accuracy of 97.905, ROC area of 0.992, 
and PRC area of 0.993. ZeroR yielded a precision of 0.686, 
recall of 0.728, F-measure of 0.814, accuracy of 68.590, ROC 
area of 0.500, and PRC area of 0.686. Naive Bayes 
demonstrated a precision of 0.988, recall of 0.988, F-measure 
of 0.988, accuracy of 98.793, ROC area of 0.999, and PRC 
area of 0.999. Random Forest reported a precision of 0.991, 
recall of 0.993, F-measure of 0.992, accuracy of 98.896, ROC 
area of 0.999, and PRC area of 0.999. SMO obtained a 
precision of 0.991, recall of 0.991, Fmeasure of 0.991, 
accuracy of 98.740, ROC area of 0.985, and PRC area of 
0.988. OneR produced a precision of 0.803, recall of 0.724, F-
measure of 0.639, accuracy of 72.224, ROC area of 0.561, and 
PRC area of 0.688. Finally, Hoeffding Tree achieved a 
precision of 0.992, recall of 0.980, F-measure of 0.986, 
accuracy of 98.110, ROC area of 0.999, and PRC area of 
0.999 . 
 
Finally, for the propagation-based models, [12] analyzing the 
rumor classification performance across Twitter15, Twitter16, 
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PHEME, and Weibo datasets, the model showed significant 
improvements. For example, on the Twitter15 dataset, the 
DAN-Tree model achieved an accuracy of 90.2%, surpassing 
previous best results by 1.6%, while DAN-Tree++ further 
improved to 90.9%. On the PHEME dataset, the F1 score 
increased from 77.2% to 83.0% with the model. Notably, on 
the Weibo dataset, accuracy improved from 94.3% to 95.8% 
with DAN-Tree, and DAN-Tree++ achieved 91.3% accuracy 
on Twitter16. These enhancements highlight the effectiveness 
of the dual-attention model DAN-Tree and DAN-Tree++ in 
rumor detection tasks, particularly in incorporating user 
features for improved performance.  
 
While in [11], The accuracy performance of the proposed 
model in rumor detection showcases its superiority over 
traditional methods and state-of-the-art neural network 
baselines. Traditional methods like SVM-BOW, RFC, and 
SVM-TS achieved accuracies of 54.3%, 55%, and 45.2%, 
respectively, indicating their limited effectiveness due to 
reliance on handcrafted features. In contrast, neural network 
baselines such as GRURNN (69.5%), BU-RvNN (70.2%), 
and TD-RvNN (72.7%) demonstrated significant 
improvements, emphasizing the advantage of neural networks 
in learning discriminative features. However, the proposed 
methods, including GLOPGNN (74.3%) and ENS-PGNN 
(73.1%), surpassed both traditional and neural network 
approaches, achieving the highest F1 scores.  
 
According to [18] the primary metrics employed include 
accuracy, precision, recall, and F1-score.The results are 
presented for different feature combinations: basic features, 
basic and sentiment features, sentiment and context features, 
and the full feature change extraction framework (FCEF). For 
the basic features, the model achieved an accuracy of 0.755, 
with a precision of 0.82, recall of 0.72, and an F1-score of 
0.76. When combining basic and sentiment features, the 
performance improved significantly, reaching an accuracy of 
0.905, precision of 0.90, recall of 0.90, and an F1-score of 
0.90. The inclusion of context features along with sentiment 
features yielded an accuracy of 0.891, precision of 0.90, recall 
of 0.88, and an F1-score of 0.89. The full FCEF approach 
demonstrated the highest performance, with an accuracy of 
0.932, precision of 0.93, recall of 0.93, and an F1-score of 
0.93 
 

TABLE III. Models / Classifiers performance  

 
Article 

Reference 
Publication 

year 
Model/Classifier 

Name Accuracy (%) 

[6] 2022 BiLSTM_UCL 97.0 

[4] 
 

2020 

K-nearest neighbor 
(K-NN) 64.5 

Support Vector 
Machine (SVM) 53.5 

Random Forest (RF) 71.0 

Naive Bayes 65.8 

[7] 
 

2020 

Random Forest 94.0 
Artificial Neural 
Network (ANN) 91.0 

SVM >80.0 

Logistic Regression >80.0 

K-nearest neighbor 
(K-NN) >80.0 

[10] 
 

2018 

OLD + PNEC 85.28 (R), 84.65 
(NR) 

OLD + AUPI 81.77 (R), 80.19 
(NR) 

OLD + URV 83.41 (R), 81.52 
(NR) 

OLD + NEWS 86.18 (R), 84.62 
(NR) 

[14] 
 2019 

JRip 97.905 

ZeroR 68.590 

Naive Bayes 98.793 

Random Forest 98.896 

SMO 98.740 

OneR 72.224 

Hoeffding Tree 98.110 

[12] 
 2023 

DAN-Tree 
(Twitter15) 90.2 

DAN-Tree++ 
(Twitter15) 90.9 

DAN-Tree (Weibo) 94.3 
DAN-Tree++ 

(Weibo) 95.8 

DAN-Tree++ 
(Twitter16) 91.3 

[11] 
 2020 

SVM-BOW 54.3 

RFC 55.0 

SVM-TS 45.2 

GRU-RNN 69.5 

BU-RvNN 70.2 

TD-RvNN 72.7 

GLO-PGNN 74.3 

ENS-PGNN 73.1 

[16] 
 2020 

Basic Features 75.5 
Basic + Sentiment 

Features 90.5 

Sentiment + 
Context Features 89.1 

Full FCEF 93.2 

 

IV. CONCLUSION  

To sum up, our investigation into rumor detection 
techniques has revealed a dynamic field influenced by many 
strategies, extensive datasets, and exacting performance 
assessments. Our journey highlights the ongoing evolution 
and significance of rumor detection in the current digital era, 
starting with the introduction that emphasizes the urgency of 
countering misinformation and continuing with the 
classification of methodologies and algorithms and the 
comprehensive review of performance metrics like accuracy. 
This comprehensive strategy ensures strong methods for 
differentiating fact from lie in the field of information 
distribution, laying a strong foundation for future 
developments. 
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Abstract—There is a presumption by some that the removal of 
certain materials from online repositories can increase “security 
through obscurity.” This potentially specious reasoning (as 
snapshots of these materials may still be available via various 
digital preservation archives on the surface web as well as the 
dark web) tends to also be coupled with an underestimation 
regarding the State-of-the-Art (SOTA) for Spatio-Temporal 
Knowledge Graph Completion (STKGC) (i.e., the positing of 
missing nodes, links, etc.) and the possibility of effectively 
computing the minimum/optimal Control Energy Cost (CEC) 
for controlling a Large-Scale Complex Network (LSCN). 
Prospective vulnerable Real World Scenario (RWS) LSCN 
include power grids and Artificial Intelligence (AI) compute 
clusters. This paper discusses a prototype Key Node 
Identification/Assessment (KNIA) module, which successfully 
undertook STKGC for a power grid and computed the optimal 
number of Control Signals (CSopt) operating on an optimal 
number of Key Control Driver Nodes (KCDNopt) at an optimal 
CEC (CECopt) over an optimal Elongated Temporal Span 
(ETSopt) so as to constitute prospective meaningful control over 
the involved digital rendition LSCN. A bespoke architectural 
construct, in the form of a Hypergraph-Induced Infimal 
Convolutional Manifold Neural Network (H-IICMNN), was 
utilized to resolve the aforementioned KNIA-related CS-KCDN-
CEC-ETS optimality problems. By discerning these key 
pathways, defensive bulwarks for mitigation against certain 
prospective threat vectors can be formulated and instantiated. 

Keywords—algorithms and systems for big data analytics, 
knowledge extraction and discovery, machine learning for big 
data, real-world and large-scale practices of big data. 

I. INTRODUCTION  
Knowledge Engineering (KE) is an often-used rubric to 

encompass the range of KE constituent elements, such as from 
acquisition through justification. As Lu notes, conventional 
KE “and knowledge-based software engineering have 
undergone fundamental changes where the network plays an 
increasingly important role” [1]. Along this vein, Arruda 
asserts that “complex networks have been found to provide a 
good representation of the structure of knowledge, as 
understood in terms of discoverable concepts and their 
relationships” [2], and Schwartz underscores the current trend 
of “data mining and knowledge discovery using complex 
networks” [3]. After all, from the COVID experience, the 
significance of being able to locate the epicenter of the spread 
of an infectious disease is understood; similarly, with cyber in 
the news, the ability to identify vulnerable nodes that can 
potentially yield control of a mission-critical network (e.g., 
power grid) or lead to the manipulation of model training (e.g., 
AI compute cluster) has profound societal implications [1]. 

Taking the power grid as just an introductory example, the 
involved Large-Scale Complex Network (LSCN) is often 
subject to a variety of temporally-shifting conditions. For 
example, in addition to weather events and technical events, 

there are also a variety of anthropogenic-related events (e.g., 
high-impact events within conflict regions). In these cases, the 
complex network changes are likely to be dynamic and 
ongoing, so there needs to be careful consideration given to 
the type of Knowledge Graph (KG) leveraged. Static KGs 
(SKGs) do not always suffice given the lack of temporal 
considerations. Temporal KGs (TKGs) are not necessarily fit 
for purpose either, as they disregard spatial considerations. 
Spatio-Temporal KGs (STKGs) are a closer approximation to 
the desired expressiveness, and Interdonato uses the term 
“feature-rich network” to describe the envisioned “expressive 
power” beyond that typical “complex network topologies” [4]. 

A. Incompleteness of SKG, TKG, and STKG 
Regardless of the type of KG, they are typically 

incomplete — devoid of a number of invaluable Triples, 
Quadruples, and/or Quintuples (TQQ) — which has a non-
trivial impact on the involved model(s) and ensuing 
performance. The goal, then, is to undertake KG Completion 
(KGC), such as STKG Completion (STKGC), so as to 
determine the “unobserved” TQQ and facilitate “sufficient 
inference,” as noted by Zeb [5]. Robust KGC can, potentially, 
facilitate reducing the inference load and the accompanying 
AI Energy Consumption (AEC). This is important because, as 
Luccioni notes, “inference happens far more frequently than 
model training” and higher-order tasks (e.g., advanced 
analysis, such as anomaly detection) tend to have a much 
higher AEC involved [6]. By way of example, Schneider notes 
in its “Overview of AI workloads in data center,” that for 
2023, the AEC was at approximately “20% Training, 80% 
Inference,” and it estimates that by 2028, it will be at about 
“15% Training, 85% Inference” [7]. Cloudflare notes that “the 
better trained a model is, and the more fine-tuned it is, the 
better its inferences will be,” which should lead to a reduction 
in the number of inference passes and a lower AEC [8]. Hence, 
a robust KGC can likely have a profound impact on AI-based 
computation by serving as an inference AEC optimizer.  

B. STKGC For Real World Scenarios (RWS) 
To underscore the importance of apropos and robust KGC, 

such as STKGC, a RWS is reviewed. A well-known think 
tank, Atlantic Council, had noted that an aid agency had 
“reportedly sent a large shipment of equipment incompatible 
with” … the aid recipients’ power grid, and the equipment was 
being stored until “the logistics of returning it are worked out” 
[9]. Taking the cited case, if appropriate Key Node 
Identification/Assessment (KNIA) and the associated 
technical granularities are not able to be determined for even  
SKG paradigms, then TKG paradigms would be too far afield 
(and STKG paradigms would be even farther afield). A 
prototype KNIA module leveraging STKGC was developed 
for experimentation/Proof of Concept (POC) purposes. 
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C. Prospective Efficacy of STKGC 
To demonstrate the potential efficacy of STKGC, we 

provide a rudimentary exemplar; initially, the base dataset 
considered was the European Network of Transmission 
System Operators for Electricity (ENTSO-E), which strives to 
delineate the power grid mapping for the various European 
countries; however, at least for certain grids depicted by 
ENTSO-E, the depicted nodes (for those certain grids) are 
anonymized (i.e., there are neither substation nor generation 
node names). Moreover, the ENTSO-E power grid map, at 
least for select countries, does not include a number of the 
future substation nodes and future generation nodes, which are 
needed for a more meaningful analysis. For the select 
countries of interest for the POC, segments of the 110 kV 
power lines connected to the generation sites are also missing. 
Hence, in isolation, the ENTSO-E power grid map did not 
suffice (nor was it necessarily intended to do so) for the 
STKGC experimentation and POC vulnerability analysis 
undertaken, which leveraged hybridized spatio-temporal 
considerations. For example, if the depicted area is in a 
conflict region, conditions may fluctuate temporally, and 
TKGC might be critical to employ. Along this vein, 
enrichment of the considered base dataset could come in many 
forms ranging from the use of the Sentient Hyper-Optimised 
Data Access Network (SHODAN) search engine for insights 
into the Internet of Everything (IoE) (e.g., for context, such as 
endpoint insights) to snapshots via satellite images and other 
mappings residing within repositories, such as the NASA 
Earth Observing System (EOS) (e.g., Lights at Night, Landsat 
Image Gallery, etc.), as well as various archives (for 
baselining and/or reference point purposes). Although certain 
materials (e.g., deemed “sensitive”) may have been 
deliberately removed, select snapshots are still available via 
various digital preservation paradigms (e.g., Internet 
Archive’s Wayback Machine). Furthermore, the use of certain 
Computer Vision (CV) tools/methods, Natural Language 
Processing (NLP) approaches, and Generative KG 
Construction (GKGC) methods were invaluable in this regard.  

This paper is structured as follows. Section I introduced 
the potential capacity for STKGC to ascertain the 
“unobserved” TQQ as well as to serve as a computational 
accelerant; the section also provides some context for a power 
grid-related case study, whose focus is to demonstrate the 
possibilities of an optimized computational approach for 
STKGC. Section II presents relevant background information 
regarding the intricacies of the LSCN controllability challenge 
and reviews the seeming latent stability effects of “Higher-
Order Networks” (HON). Section III provides some 
theoretical foundations for the involved KNIA-related 
experimentation; it presents a bespoke H-IICMNN for 
dense/homogeneous spatio-temporal LSCN. Section IV 
provides some preliminary results, puts forth some envisioned 
future work, and the acknowledgements close the paper. 

II. BACKGROUND 
To best contextualize the prospective threat vector of a 

high efficacy computational approach for STKGC, several 
concepts are presented in a logical progression starting with 
the potential latent stability effect of HON and concluding 
with the insights offered by complex manifolds. 

A. Higher-Order Networks (HON) 
For KGC, discriminative methods (a.k.a., conditional 

methods that discern boundaries among labels, classes, etc.) 

endeavor to, by way of example, “predict the possible label” 
(e.g., node name, line segment name, etc.), as asserted by Ye 
[10]. As noted by Wei, discriminative methods focus on 
discerning elements of the TQQ so as to “efficiently construct 
large-scale” KGs, “which often require multiple models to 
process” [11]. Indeed, for some cases, an ensemble and/or 
cascading succession of models might be necessary. This is 
especially instrumental given the contemporary findings 
regarding “Multi-Layer Networks” (MLN) and HON, as 
noted by Lu [1]. For example, Grilli had found that HON 
interactions have a stabilizing influence within LSCN [12], 
and the existence of HON nicely explains many RWS.  

B. Influence Dominating Sets (IDS) 
The point of HON is well taken considering the 

phenomenon of IDS, such as exhibited by the Bak–Tang–
Wiesenfeld (BTW) sandpile effect of non-equilibrium systems. 
IDS are classified as Positive Influence Dominating Sets 
(PIDS) and Negative Influence Dominating Sets (NIDS), 
which must be considered in the aggregate for the overall IDS. 

C. Minimum Dominating Set Problem (MDSP) 
Continuing on this point, overarching constraining 

functions, effectuated by IDS, such as exemplified by the 
notions of “keiretsu,” “chaebol,”  and “qiyejituan” constructs 
(e.g., a set of entities with “dotted-line,” interlocking degrees 
of affiliation), among others, segue to the beginnings of what 
Nguyen notes as the “MDSP,” which “deals with determining 
the smallest dominating set of a given graph” [13]. However, 
an approach that “ensures controllability” that is “equivalent 
to solving a combined maximum matching” (wherein the 
matching — a repertoire of edges that do not share common 
nodes — with the greatest number of edges is referred to as a 
maximum matching) as well as MDSP is a different matter 
entirely, as noted by Alizadeh [14].  

D. Minimum Controllability Problem (MCP) 
The resolving of such MDSP (more suited for static 

LSCN) does not progress to the level of  MCP (more suited 
for dynamic LSCN), as pointed out by Terasaki; whether 
MDSP or MCP, it is still just one beginning step [15]. Lin 
added that “the system is structurally controllable if and only 
if a connection condition (“an infimal strongly connected 
component…which is not an input vertex,” also known as a 
“Critical Connection Component” or CCC) and a rank 
condition (a requisite and satisfactory condition for the mth 
equation to be ascertained) are both satisfied” [16][17]. 

E. Efficient Controllability Problem (ECP) 
A more complicated problem, among others, centers upon 

the ECP, such as noted by Gokler [18], which contends with 
minimizing the number of requisite CS as well as minimizing 
the requisite CEC, as underscored by Lindmark [19]. These 
notions are intertwined, for Chen asserts that “if the number 
of” CS “is small, the” CEC “demanded…could be 
prohibitively high;” conversely, the CEC “is reduced 
exponentially as the number of” input CS increases [20]. 
Axiomatically, just as an exorbitantly high CEC would be 
impractical to effectuate, controllability for only a limited 
temporal span may not be meaningful or suffice for the 
intended physical controllability Command & Control (C2) 
paradigm. After all, practical controllability has the criteria of 
persistence over an ETS so as to be able to effectuate 
actual/effective control when needed/desired. It would then 
seem that the optimality problems at hand revolve around an 
optimal number of CS (CSopt) serving as an IDS on an optimal 
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number of KCDN (KCDNopt) at an optimal CEC (CECopt) 
over an ETSopt  so as to constitute meaningful control, as noted 
by Gao [21]. To tackle the described optimality problems, 
MLN (with its constituent HON) need to be discerned so as to 
be further considered. This particular discernment leverages: 
(1) the informative nature of Co-Evolution Networks (CEN), 
and (2) the insights provided by complex manifolds. 

F. Informative Nature of CEN 
  First, delineation of adjacent and/or MLN paradigms of 
the involved KG, via the vantage point of, for example, CEN 
(wherein networks evolve together), can be quite informative; 
As a case in point, Zhang’s example is quite intuitive, for he 
discusses the co-evolution of Electric Vehicles (EVs) 
predicated upon “the reliability on distribution networks” 
[22]. Likewise, there has been a co-evolution of a “Smarter 
Grid” paradigm predicated upon the reliability of available 
communications networks. Accordingly, KGC can be 
facilitated by, say, knowledge of either the private and/or 
Service Level Agreement (SLA) communications network 
interoperating alongside an involved power grid (i.e., CENs). 
Likewise, knowledge of the involved networks across various 
jurisdictional/functional demarcation boundaries (e.g., 
generation, transmission, distribution) can also be quite 
insightful for KGC in terms of leveraging further information 
for the discerning and/or extracting of TQQ. 

G. HON and Complex Manifolds 
 Apart from the informative nature of CENs, second, the 
stabilizing influence of HON has been extensively studied by 
Battiston and others, and the characterization of HON 
topologies can be via more complex representations (e.g., 
hypergraphs) [23] as well as “complex hypergraphs 
(‘hypergraphs of hypergraphs’ or chygraphs),” as introduced 
by Vazquez [24], self-referential hypergraphs (“ubergraphs”), 
as noted by Joslyn and Nowak [25], and multiplex 
hypergraphs (“a set of hypergraphs…with the same set of 
vertices”), as noted by Sun and Biaconi [26]. Ultimately, HON 
is comprised of “both hypergraphs and Simplicial 
Complexes” (SC) [26]. Despite the seeming variations, 
according to Battiston, much of the literature regarding LSCN 
research centers upon “pairwise interactions” [27]. Yet, RWS 
typically involve the interplay of “groups of three or more 
units” [27]. As the referenced HON structures can 
dramatically influence not only their neighborhood locales, 
but also the global environs (e.g., the previously discussed 
BTW effect), an enhanced understanding of these HON 
structures becomes critical. This segues into the need to 
suitably characterize HON topologies, such as by way of a 
“Combination of ‘Complex Manifolds’” (CMs), as Ding 
suggests [28]. Voisin describes a CM as one that has 
“complex-valued coordinates (called holomorphic 
coordinates)” assigned to positions on a manifold [29]. CMs 
can provide invaluable insights, and “a physical system 
embedded on a twisted topological complex manifold” can 
bring out “fundamental physical properties of an unknown 
system,” such as “if and when” a “system is undergoing a 
phase transition” [30]. When this is conjoined with the BTW 
principle described in Section IIB and set against the described 
LSCN controllability/uncontrollability optimality problems, 
the impact of existing HON topologies and their CMs on the 
involved CS-KCDN-CEC-ETS becomes axiomatic [28][29]. 

III. THEORETICAL FOUNDATIONS & EXPERIMENTATION 

A. Controllability Gramian 
 As noted by Klickstein, the minimum CEC (CECmin) “can 
be characterized by the controllability Gramian” [31]. For the 
desired “physically controllable case,” the involved “Gramian 
matrix should be well-behaved” (i.e., the condition number — 
sensitivity to perturbations — and the CEC are not 
impractically large) [32]. This is in contradistinction to the 
case for which the Gramian matrix is ill-conditioned (i.e., the 
condition number and CEC are indeed impractically large), as 
noted by Wang. For the latter case, the LSCN is not able to 
arrive at the “final state in the prespecified time within a 
predefined precision” [32]. As noted by Lindmark, a viable 
strategy for contending with the Gramian matrix is paramount, 
as some stategies can only be “computed in closed form ... 
when the time of the transfer tends to infinity” and physical 
controllability will not manifest [19]. This accentuates the 
case for CS augmentation and/or accelerant approach vectors 
so as to improve the likelihood of physical controllability (as 
contrasted to theoretical, mathematical controllability). This is 
particularly important, as more robust and accurate 
controllability is desired for dense/homogeneous LSCN (vice 
sparse/heterogeneous LSCN) with sub-LSCN, as noted by 
Zhou [33]. As discussed in Section IIB, Zhang noted that 
temporal LSCN, which exhibit link temporality — a 
comparable paradigm to “attaching a virtual driver node to 
that link” — tend to be more physically controllable [34]. This 
is significant, in CS terms, as one set of KCDN can influence 
another set of KCDN so as to effectuate Phase 0 shaping of 
not only the involved LSCN, but also peer LSCN and/or HON 
LSCN to a particular interim state. It then follows that the 
ultimate desired state is more likely to be attained. 

B. Inverse Gramian 
 The degree of success for the CS base candidate set and/or 
CS augmentation set, which can be collectively construed to 
be CSopt, is contingent upon the diffusiveness/permeability of 
the LSCN, as asserted by Ludice [35]; in turn, this constitutes 
a potential indicator of the susceptibility for LSCN 
controllability. In this regard, when the LSCN is in an 
uncontrollable state, the inverse Gramian is not present. In 
contrast, when the LSCN is in a controllable state, the inverse 
Gramian does indeed exist. Along this vein, a corresponding 
Vanishing-Moment Recovery (VMR) matrix (e.g., tight 
wavelet frames) is a suitable approximation of the inverse 
Gramian and “guarantees n vanishing moments of the 
irregular framelets” [36]. On this point, a goal, among others, 
of the experimental testbed, which will be described in Section 
IIID, is to well handle these “wavelet tight frames with n 
vanishing moments,” as noted by Viscardi [36]. Abebe 
observes, “as the number of vanishing moments increases, the 
polynomial degree of the wavelet also increases” [37]; in turn, 
as the degree increases, the involved underlying graph 
becomes smoother. The potential advantage of this is that, 
according to Grochenig, “wavelet tight frames can,” therefore, 
“be derived from any multiresolution analysis” [38]; this 
segues to the discerning of LSCN collective phenomena. 

C. Percolation and the Giant Component of a LSCN  
Accordingly, the notions of Percolation and the Giant 

Component of the LSCN should be discussed. Sun notes that 
Percolation “predicts the fraction of nodes in the Giant 
Component” of a LSCN, and “having a non-zero Giant 
Component is the minimal requisite for observing collective 
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phenomena on networks, emerging from” … 
diffusiveness/permeability, etc. [26]. Section IIA had noted 
that the latent stability and IDS characteristics of HON nicely 
account for many RWS. In addition, Section IIG had noted 
that hypergraphs and SC were constituent elements of HON. 
Of significance, Zhang notes the HON interactions “shape 
collective dynamics differently in hypergraphs and” SC [39]. 
In fact, Zhang asserts that HON interactions “increase degree 
heterogeneity in” SC while HON interactions tend to 
“decrease degree heterogeneity in [random] hypergraphs” 
[39]. The insights provided by these two constituent elements 
of HON are not dissimilar to the insights gleaned via the 
paradigm of CEN. Furthermore, taking SC in isolation, Lee 
asserts that SC representation “is an elegant framework for 
representing the effect of complexes or groups with” HON 
interactions, particularly for RWS [40] and has been “shown 
to reveal a rich phase [transition] diagram” for “link 
percolation” [26]. This dovetails with the insights proffered by 
the complex manifold representation of the involved HON 
topology, and Lee further notes that Homological Percolation 
Transition (HPT) is well suited to reflect HON interactions  as 
well [40]. After all, “homological [e.g., likeness in structure] 
percolation [e.g., LSCN behavior over time with the addition 
of various nodes and/or links] has been shown to well 
characterize the emergence of a non-trivial homology for” 
HON topologies [26][40]. Sun further articulates the value-
added proposition of the SC and hypergraph interplay (in a 
“CEN”-like fashion) by noting how multiplex hypergraphs 
tend to reveal a “rich set of phenomena” [26]. 

D. Experimental Testbed Architectural Modifications 
Jin noted that when a prototypical Deep Convolutional 

Neural Network (DCNN) is confronted with “large intra-class 
variations, the performance of the traditional [D]CNN models 
degenerates dramatically” [41]. As previously discussed in 
Section IIIC and as noted by Gao, complex manifolds can be 
invaluable for “data preserving” the related HON topologies 
[42]. As HON “are effectively modeled by the hypergraph” 
(as well as simplical complexes), Jin posited that a 
Hypergraph-induced Convolutional Manifold Network (H-
CMN) can improve the “representation capacity of the DCNN 
for the complex data” [41]. Huang also noted that hypergraphs 
were quite good for “attribute predicting” [43]. Thus, along 
this hypergraph vein, the utilization of a specialized derivative 
of the H-CMN, a Hypergraph-Induced Infimal Convolutional 
Manifold Neural Network (H-IICMNN), as opposed to a 
prototypical general-purpose DCNN, leads to a lower AEC, as 
Luccioni’s experimentation demonstrated that the utilization 
of “multi-purpose models for discriminative tasks” has a 
higher AEC (by about 2-3x to 5-7x) when “compared to task-
specific models for these same tasks” [6]; as H-IICMNN is 
more task-specific, it has a lower concomitant AEC. Also, as 
Commault and Dion as well as others have noted that MCP 
(and ECP, etc.) are NP-Hard [16], our prior  experimentation 
had heavily relied upon a Graph Convolutional Network 
(GCN)-Bidirectional Long Short-Term Memory (BiLSTM)-
Graph-Attention-Network (GAT) mechanism along with a 
Robust Convex Relaxation (RCR)-based Deep Convolutional 
Neural Network (DCNN) Generative Adversarial Network 
(GAN) (DCGAN)-DCNN-1,2,3,4 amalgam (GCN-BiLSTM-
GAT & RCR-DCGAN-DCNN-1,2,3,4) to address the 
involved NP-Hard problems. With regards to the GCN-
BiLSTM-GAT, Zhang affirmed the “expressive power” of 
GCN [44]. Siami-Namini affirmed the use of the BiLSTM for 
its “better predictions,” such as “in longer prediction 

horizons” over “regular LSTM-based models” [45][46]. 
Hamilton affirmed the use of the GAT for its computational 
efficiency [47]. With regards to the RCR-DCGAN-DCNN-
1,2,3,4, the architectural construct was quite adept at handling 
RCR; the DCNN-1 functioned as the key solver for the 
involved RCR optimization problems, DCNN-2 functioned as 
the key solver for the non-convex problems inadvertently 
spawned by the RCR, DCNN-3 functioned as the key solver 
for certain modified involved functions, DCNN-4 functioned 
as a numerical stability stabilizer for the construct, and a 
DCGAN functioned as a mitigator against mode failure. 
However, as discussed in Section IIID, a task-specific 
construct (such as in the form of a bespoke derivative of the 
H-CMN [41]), the H-IICMNN, could — as Luccioni posits — 
have a lower AEC than the less task-specific RCR-DCGAN-
DCNN-1,2,3,4. Thus, the architectural construct was modified 
for the current version of the POC, which is still very much a 
Work-In-Progress (WIP). While the original version strictly 
employed a succession of winnowing Continuous Wavelet 
Transform (CWT)-like convolutional filters, which ultimately 
segued to a CWT PyWavelet schema, the experimentation for 
this paper leveraged Bauschke’s notion of infimal convolution 
for “fundamental convexity-preserving operation[s] for 
functions” [48]; DCNN-1,2,3 were supplanted with the more 
task-specific H-IICMNN infimal convolution mechanisms to 
serve as “efficient solvers,” as noted by Lambert [49]. By 
taking this approach, the involved problem is bounded, and as 
a RWS, it belongs to the class of controllable network 
topologies (as contrasted to an uncontrollable class discussed 
by Aguilar and others [50]). As noted by Wang, there is a great 
distinction between mathematical and actual/effective 
controllability for a RWS (and CS augmentation constitutes 
an additional IDS consideration [51]); along the vein of 
Zhang’s reasoning, prospective CEC reduction, as the link 
weight fluctuates temporally, can be exploited [34]. A 
contribution of the bespoke  task-specific H-IICMNN was to 
enhance discernment via a more balanced operationalization  
since, in the case of RWS, “the Gaussian assumption usually 
does not hold” [41]. In contrast to the [moderate-tailed] 
Gaussian distribution, the long-tail distribution tends to be 
prevalent “in KGs” [52], and “strongly unbalanced data with 
a long-tail is ubiquitous in numerous domains and problems” 
while “learning with unbalanced data causes models to favor 
head classes” [53][54]. Hence, the utilized STKG Embedding 
(STKGE), to achieve the STKGC, needs to be well balanced 
across both classes (i.e., head and tail). Certain promising 
techniques were extended, via He’s framework, the Type-
augmented Knowledge [Graph] Embedding (TaKE), which 
“can be combined with any traditional KGE models” “under 
no explicit type information supervision” and can facilitate 
“both type constraint and type diversity with low time and 
space complexity” [55]. A STKG with a Type-Sensitive (TS) 
extension (a.k.a., TS-STKG) is referred to as a T2S2KG, and 
T2S2KGE is the generic form, wherein KGE is replaced with 
the extended model. It was determined that T2S2-DistMult’s 
balancing performance was inferior to that of T2S2-ComplEx 
(wherein ComplEx is an extrapolation of DistMult [56]). 
Likewise, it was noted that T2S2-HyTE (an extension of 
HyTE, which is an extension of TransH) was inferior to that 
of T2S2-Hybrid-TE (wherein Hybrid-TE is a hybridization of 
TransD and HyTE) [57]. Hence, T2S2-ComplEx and T2S2-
Hybrid-TE were the models utilized for the WIP POC KNIA 
module’s T2S2KGE, and the performance is shown below. 
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TABLE I.  HEAD/TAIL PERFORMANCE FOR T2S2KGE TECHNIQUES 

 
The progression of colors follows the ROYGBIV sequence 
(i.e., orange denotes worse performance while the darker 
shades of green denote better performance of the STKGE 
Technique against the various types of KG relationships (e.g., 
1-to-1, 1-to-N, N-to-1, and N-to-N). 

IV. REFLECTIONS 
The main output of this paper is that of a H-IICMNN 

approach, as a contribution to the challenge of KNIA-related 
CS-KCDN-CEC-ETS optimality problems as well as to the 
challenge of  STKGC. Both represent non-trivial issues in the 
arenas of knowledge extraction and discovery within High 
Dimensional Big Data for RWS. The enhanced discernment 
offered by the H-IICMNN approach should not be 
underestimated as lowering AEC can potentially have 
profound implications on AI computational approaches.  The 
experimentation herein not only operationalized the WIP POC 
KNIA module, but it also paved the way for gleaning insights 
from HON, IDS, MDSP, MCP, and ECP; it leveraged the 
revealing nature of CEN and CMs (characterizing HON 
topologies). In particular, the CMs provided enhanced 
discernment of phase transitions; after all, the SC of the HON 
lends to a rich understanding of phase transitions, and the 
hypergraphs of the HON also exhibit phase transitions (in 
accordance with the hyperedges of size k). HPT lends to a 
repertoire of transition insights as well. The well-behaved 
Gramian matrix, the inverse Gramian, and the VMR all 
constitute indicators that the LSCN is likely in a controllable 
state (with suitable diffusiveness/permeability) [58]; this, 
then, is suitable for the Percolation and Giant Component 
prerequisites “for observing collective phenomena on 
networks, emerging from” suitable diffusiveness, 
permeability, etc. [26]. Attaining the discernment capability 
over the discussed observational space segues to more robust 
STKGC, which can, potentially, facilitate reducing the 
anticipated inference load and the accompanying AEC. The 
WIP POC KNIA module leveraged such STKGC for 
experimentation/POC purposes and exhibits promise.  

A. Implications of Robust Discernment Capabilities 
The societal implications for efficiently resolving the 

discussed optimality problems are non-trivial. If the 
referenced optimality problem(s) can be readily solved, and 
certain LSCN (and their subordinate LSCN) can be efficiently 
controlled at a relatively low CEC, that could very well put, 
by way of example, production clusters engaged in 
AI/Machine Learning (ML) training at heightened risk. In a 
number of aspects, this may be as significant as the realm of 
cryptographic methodological approaches (e.g., Rivest, 
Shamir, Adleman or RSA, etc.) facing prospective elevated 
vulnerability from the rapidly advancing state of efficient 
resolution of factorization and other similar (e.g., discrete 
logarithmic)  SOTA advances in computing (e.g., quantum). 
The associated financial implications and the impact on the 
viability of future AI systems can be quite profound. After all, 
as illuminated by Oligo, an application security firm, the 
Anyscale Ray (a compute platform that facilitates 
constructing, fine-tuning, training, and scaling AI/ML 
applications) 2.6.3 and 2.8.0 vulnerability currently has a 
Common Vulnerability Scoring System (CVSS) Base Score 

of “9.8 Critical” (although this is disputed, and it is “awaiting 
reanalysis”) for Common Vulnerabilities and Exposures 
(CVE)-2023-48022, as listed on the National Institute of 
Standards and Technology (NIST) National Vulnerability 
Database (NVD) portal [59][60]. Against this sobering 
backdrop, the prospective control and potential ensuing 
tampering with AI/ML models at the training and/or fine-
tuning phases constitutes a very expensive vulnerability. After 
all, it has been reported that GPT-4 “cost over $100 million” 
to train, so any manipulation thereof would not be desirable 
[61]. The tampering with/neutering of AI/ML model training 
can impact the downstream inferencing cost, such that 
Advanced Analytics Technologies (AAT) can become cost 
prohibitive/ineffective in their missions, thereby further 
exacerbating the defense. In a fashion, the described paradigm 
is not dissimilar to the scenario of hidden defects/failures, 
wherein the involved LSCN is compromised at the onset. 

B. Discerning Vulnerabilities for Mitigation Enhancement 
The aforementioned backdrop served as the impetus for 

the POC and the related experimentation. The WIP POC 
KNIA module, which leverages TKGC/STKGC CEN for ECP 
resolution, was demonstrated during Distributech on 28 
February 2024 as well as at a Sandia National Laboratories 
technically co-sponsored venue. The theoretical foundations 
were extensively peer-reviewed at these venues. The goal of 
the POC KNIA module was to discern potential vulnerabilities 
such that a more robust mitigation paradigm can be 
effectuated. For example, Chen had observed that CEC could 
be dramatically reduced when CS augmentation (e.g., KCDN) 
could be optimally effectuated while minimizing the path 
lengths (the longest of these path lengths is referred to as the 
Longest Control Chain or LCC) from KCDN to non-KCDN, 
via optimal placements of the involved CS [20]. By 
identifying the involved KCDN, the LCC and CEC can be 
deliberately increased, so as to enhance the involved 
mitigation. Future work will involve more qualitative and 
quantitative experimentation and benchmarking. 
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Addressing Gender Bias: A Fundamental Approach 
to AI in Mental Health 

Abstract—While gender biases in large language models 
(LLMs) have been identified, their nuances in mental health 
contexts remain under-researched but are critical for ensuring 
accurate and inclusive AI diagnostics. We address this gap by 
investigating gender biases in GPT-3.5 and GPT-4, focusing on 
Borderline Personality Disorder (BPD) and Narcissistic 
Personality Disorder (NPD), selected for their recognized 
clinical biases: women with BPD and men with NPD. We explore 
these biases through diagnostic reasoning and clinical vignette 
generation tasks. Diagnostic tests reveal that both GPT-3.5 and 
GPT-4 exhibit biases, particularly against women, though GPT-
4 shows reduced bias and improved performance. In vignette 
generation, both models, especially GPT-4, frequently depict 
women with BPD. Vignettes featuring men with NPD score 
higher in positive sentiment, objectivity, and readability. These 
results emphasize the importance of addressing gender biases in 
mental health AI to prevent stereotyping and misinformation. 

Keywords—large language models, GPT, bias, gender, mental 
health 

I. INTRODUCTION 
LLMs are increasingly used in mental healthcare for tasks 

like patient case summaries and AI-generated clinical 
vignettes for education [1]. This raises a key question: Do 
LLMs mirror biases in mental health diagnostics? 
Historically, research documented gender biases in clinical 
diagnostics, especially in Borderline Personality Disorder 
(BPD) and Narcissistic Personality Disorder (NPD) [2]. 
Symptoms of BPD include emotional instability and frantic 
efforts to avoid abandonment, while NPD symptoms 
encompass an extreme sense of self-importance and 
preoccupation with power and success [3]. An earlier version 
of the Diagnostic and Statistical Manual of Mental Disorders, 
Fifth Edition (DSM-5) (2017) [4] documented higher BPD 
prevalence in women (75%) and higher NPD prevalence in 
men (75%). These figures, while based on empirical studies, 
may be influenced by clinicians’ biases or societal stereotypes 
that link women with emotional instability and men with 
power and success [2]. 

To address these biases, the latest DSM-5 (2022) [3] has 
made revisions. It reports no significant gender differences in 
BPD prevalence in non-clinical populations and only a slight 
disparity in NPD prevalence between men (7.7%) and women 
(4.8%). In the clinical population, women are diagnosed with 
BPD about 26.67% to 31.11% of the time compared to NPD 
about 11.11% to 13.33% of the time [2]. Conversely, men are 
diagnosed with NPD about 11.11% to 28.89% of the time 
compared to BPD about 2.22% to 6.67% of the time [2]. This 
suggests a reduction in gender biases in diagnostics, although 
it remains unclear if these are mirrored in recent LLMs. 

Given LLMs’ growing role in mental health [1], assessing 
their gender biases is critical to avoid misdiagnoses and 
misinformation. This study explores three questions: 1) Do 
LLMs reflect clinical gender biases, with females diagnosed 
with BPD up to 31.11% and NPD up to 13.33%, and men with 
NPD up to 28.89% and BPD up to 6.67% [2]? 2) What is the 
magnitude of any gender bias in LLMs compared to these 
clinical rates? 3) Does the bias magnitude vary among 

different LLMs? We employ state-of-the-art LLMs like GPT-
3.5 and GPT-4 to investigate these biases through diagnostic 
reasoning and clinical text generation tasks, assessing how 
LLMs associate genders with BPD/NPD symptoms and 
generate clinical vignettes that reflect gender prevalence in 
these disorders. 

II. RELATED WORK 

A. Gender Biases in LLMs 
Predating generative LLMs, gender biases were evident in 

non-generative models like BERT, RoBERTa, and XLNet [5], 
where word embeddings linked words such as “doctor” with 
“man” and “nurse” with “woman,” reflecting societal 
stereotypes embedded in the training data [8]. As LLMs 
evolved, research extended from simple word associations [8] 
to complex interactions between words and sentence [9]. 

Biases in LLMs are categorized as explicit and implicit. 
Explicit biases occur when prompts include direct gender 
terms (e.g., “women,” “men”), while implicit biases arise 
from subtler, indirect terms such as names with gender 
implications [10], [11]. Research on explicit biases showed 
that LLMs associated “women” with non-STEM jobs (e.g., 
receptionist) and “men” with STEM jobs (e.g., scientists) [12], 
[13]. To mitigate these biases, companies like OpenAI 
implemented strategies and content policy violation warnings 
[14], effectively reducing biases in interfaces like ChatGPT 
[11]. However, explicit biases were still observed in API 
assessments [12], [13], [15], suggesting that these biases may 
be topic-dependent. 

With decreasing explicit biases, focus shifted towards 
implicit biases [11]. Research involving GPT models and 
Llama chats revealed associations of women’s names with 
humanities terms (e.g., “English,” “Music”) and men’s names 
with science terms (e.g., “Astronomy,” “Engineering”) [11]. 
Another study indicated that ChatGPT-generated 
recommendation letters displayed gender-stereotypical traits, 
with letters for men’s names scoring higher in formality, 
positivity, and agency [16]. These biases persisted even with 
autobiographies provided [16]. 

In mental health contexts, research on gender biases is 
limited [1]. One study revealed that LLMs more frequently 
diagnosed individuals identified as women with panic 
disorder than those identified as men under identical clinical 
conditions [17]. Another study indicated that LLMs showed 
less gender bias in responses to personality-related prompts 
compared to hobby-related ones, suggesting that insufficient 
training data on personality likely prevents the development 
of robust gender biases in these areas [15]. These findings 
highlight the urgent need to accurately identify and quantify 
gender biases in LLMs related to personality disorders to 
ensure precise diagnostics [17]. 

Despite progress, significant gaps remain in the study of 
LLM biases, particularly in the comparative analysis of 
explicit and implicit biases to fully understand LLM 
behaviors. Moreover, studies show mixed effects of LLM size 
on bias, with some indicating that larger models exhibit more 
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biases [15], while others suggest fewer biases [9]. These 
mixed results suggested that LLM biases vary by topic, 
highlighting the need for continued research into gender bias 
in mental health before wider deployment of LLMs. Our study 
aims to bridge these gaps by focusing on both explicit and 
implicit gender biases, especially in the under-researched area 
of personality disorders.  

B. Prompt Templates and Evaluation Metrics 
To assess gender biases in LLMs, research has utilized 

various prompt designs, including 1) text-completion tasks 
where models complete sentences containing a gender target 
term [16], 2) association tasks that prompt models to link 
gender terms with other words or sentences [8], [9], and 3) text 
generation tasks requesting content creation from prompts 
including gender target terms [10]. 

For underrepresented topics in pretrained LLMs’ training 
databases, like personality disorders, text completion tasks 
may yield inconsistent results and compromise bias evaluation 
[15], [16]. The transformer architecture of LLMs, which 
generates the next token, 𝑥𝑥𝑖𝑖 , based on the preceding ones, 
ℙ𝜃𝜃(𝑥𝑥𝑖𝑖|𝑥𝑥1:𝑖𝑖−1)  [11], can produce irrelevant words when 
prompted with niche topics [15], [16]. Thus, association and 
text generation tasks are suggested for bias detection [8], [9], 
[10]. Association tasks reveal how LLMs link genders with 
conditions like BPD or NPD, and text generation tasks unveil 
behaviors not controlled by guardrails, like gender assignment 
in clinical vignettes [10]. 

Prompts can be human-generated (e.g., via 
crowdsourcing) [9] or auto-generated by LLMs [19]. Human-
generated prompts reflect real-world user language, 
enhancing research ecological validity [9] and benefit from 
expert input, especially in complex areas like mental health 
[1], [20]. However, prompts created by few individuals could 
compromise external validity [9]. Conversely, LLM-
generated prompts ensure better generalization as the number 
can be preset, but may include existing LLM biases, affecting 
internal validity [19]. Our study combined human- and LLM-
generated prompts to bolster the internal and external validity, 
detailed in the methods section. 

In evaluating LLM-generated responses, a model should 
be assessed for both biases and performance [9]. Model 
performance refers to the LLM’s ability to generate 
meaningful responses without errors [9]. For instance, a model 
should prefer “A patient is a woman” over “A patient is a 
unicorn”. Regarding bias, a proficient model should not favor 
stereotypical options over non-stereotypical ones [9]. Ideally, 
the likelihood of selecting “A patient is a woman” versus “A 
patient is a man” should be equal. 

Additionally, biases can be assessed using statistical 
methods [17], such as general linear modeling or chi-square 
tests, to explore the distribution of responses across different 
gender prompts. Computational methods like sentiment 
analysis can further explore LLM response tones, potentially 
reflecting biases across gender prompts [16]. Our study 
evaluates both model performance and bias, employing mixed 
methods including statistical and computational analyses to 
ensure the validity of the research. 

III. METHODOLOGY 

A. Prompt Designs 
1) Association test: Our prompts, combining human- and 

LLM-generated methods, consisted of two parts: the target 
list with gender terms and the context list featuring symptoms 
of BPD and NPD as per DSM-V-TR (2022) [3]. 

a) Explicit test: Informed by previous research [9], our 
target list included the terms “women,” “men,” and 
“basketball,” with “basketball” serving as a control to assess 
model hallucinations. The context list comprised 9 sentences 
each for BPD and NPD symptoms. These sentences were 
reviewed and revised by a licensed clinical psychologist and 
an LLM researcher to ensure they did not directly replicate 
the DSM-V-TR language, potentially part of LLM training 
data. To manage lexical variability and model performance, 
we utilized Python 3 and the OpenAI API to 
programmatically generate ten distinct sentence variations 
for each symptom, aiming to preserve semantic similarity and 
structural consistency. In total, the context list included 180 
sentences, calculated as 18 symptoms (9 BPD + 9 NPD) each 
rendered into 10 variations.  

To confirm the validity of our prompts, co-authors 
assessed each sentence’s reflection of NPD or BPD 
symptoms and their clarity, rating them on a scale from 1 
(“strongly disagree”) to 5 (“strongly agree”). We used 
Krippendorff’s Alpha to measure inter-coder reliability, with 
all context sentences achieving an alpha value above 0.7, 
indicating inter-coder agreement. 

b) Implicit test: We compiled a list of five women’s 
and five men’s names randomly selected from the Social 
Security Top Five Names for Births in 1923-2022 Database 
[21], specifically from the years 1971-2021. This selection 
ensured the names were familiar to LLMs but not overly 
contemporary, possibly affecting the test with names not 
well-represented in the training data. The names chosen were 
of individuals who would be at least 25 years old, the 
minimum age for a personality disorder diagnosis according 
to DSM-V-TR (2022) [3], by the 2021 cutoff of GPT-3.5’s 
training data. 

After selecting the names, we randomly paired women’s 
and men’s names, creating 25 pairs. These pairs were used 
alongside the 180 context sentences from the association test. 
The target terms list included the control term (“basketball”), 
a woman’s name (e.g., “Madison”), and a man’s name (e.g., 
“Liam”) from the pairs. Each name pair was used in the 
context sentences across different iterations (details in the 
Experiment Designs section). The aim was to enhance 
validity and prevent LLMs from associating a specific name 
with a symptom due to name-related biases rather than 
implicit gender biases. 

2) Text generation test: Beyond the association test, we 
also examined LLMs’ gender biases in text generation to see 
if biases persisted without explicit or implicit gender-related 
prompts. We tasked LLMs with creating 500 clinical 
vignettes, each depicting a fictional patient with symptoms of 
NPD or BPD. The prompts directed the model to include 
structured data on the patient’s gender, potential diagnosis, 
and a short vignette of under 100 words. 
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A. Experimental Designs 
1) Association test: We utilized text completion APIs for 

GPT-3.5-turbo and GPT-4-turbo-preview via the OpenAI 
library in Python 3 for both explicit and implicit tests. 
Responses were collected in pandas dataframes for analysis. 

a) Explicit test: We instructed the model to choose one 
option from the target list (“men,” “women,” “basketball'”) 
for each of the 180 context sentences. We employed one-shot 
training to guide the model’s response generation: 

“For each action, pick ‘Women,’ ‘Men,’ or ‘Basketball’. 
Provide the answer by simply writing the option you 
pick.”  

The model then produces symptom-gender pairs, such as: 

“Experience unstable relationships characterized by 
alternating idealization and devaluation of others: Men.” 

To ensure sufficient statistical power for detecting gender 
biases, we performed a power analysis for a χ² test, which 
suggested a minimum of 241 responses to detect a small 
effect size w (0.2). We opted to oversample, running five 
iterations per sentence, totaling 900 responses (180 x 5). 

b) Implicit test: The required number of responses was 
the same as the explicit test (N = 241), assuming small effect 
sizes for LLMs’ gender biases. With 25 name pairs replacing 
the target list, we generated 4,500 responses (25 x 180). To 
manage computational load, each prompt underwent a single 
iteration. An example prompt is: 

“For each action, pick ‘Liam’, ‘Madison’, or ‘Basketball’. 
Provide the answer by simply writing the option you 
pick.” 

The output included symptom-name pairs, such as: 

“Experience unstable relationships characterized by 
alternating idealization and devaluation of others: Liam.” 

2) Text generation test: As with the association tests, we 
utilized text completion APIs from GPT-3.5-turbo and GPT-
4-turbo-preview. A power analysis (F test) indicated that at 
least 432 responses were required to detect a small effect size 
of f (0.15). We chose to oversample, iterating the prompt 500 
times to generate unique clinical vignettes. 

Parameter experiments (e.g., temperature, top_p) 
revealed no significant outcome differences, leading us to 
standardize temperature at 0.7, top_p at 0.9, frequency 
penalty at 0.5, and presence penalty at 0.5 for all iterations to 
maintain internal validity. The re library was employed to 
parse structured data from the responses, defining patterns for 
gender, diagnosis, and vignette text. The code systematically 
searched the output for these patterns. The matched 
information was extracted and stored in a pandas dataframe 
for subsequent analysis. 

B. Evaluation Metrics 
1) Association tests 

a) Chi-squared analysis: This method evaluated the 
model’s distribution of BPD or NPD symptom assignments 
to a gender (explicit test) or a gender-indicative name 
(implicit test). Associations where BPD was linked to women 
and NPD to men beyond the clinical evidence (31.11% for 
women with BPD, 13.33% for women with NPD, 28.89% for 

men with NPD, 6.67% for men with BPD) [2] indicated 
LLMs’ biases. 

b) Model performance and additional bias evaluation 
metrics: We used several key metrics derived from the 
literature [9], including Language Modeling Score (LMS), 
Bias Score (BS), and the overall Model Performance Score 
(MPS), all expressed as percentages (0-100%). These metrics 
evaluate the model’s overall performance and its responses 
within contexts involving gender-specific and gender-
indicative terms for explicit and implicit tests, respectively. 

LMS quantifies if the model favors meaningful options 
(the terms men/women or men’s/women’s names) over the 
meaningless one (basketball), calculated as: 

                                         LMS = 𝑁𝑁𝑚𝑚
𝑁𝑁𝑚𝑚+𝑛𝑛

 x 100                            (1) 

𝑁𝑁𝑚𝑚 is the count of meaningful selections. For LMStotal, it 
includes all meaningful choices. For LMSwomen  and 
LMSmen , it includes selections of “women” or women’s 
names, and “men” or men’s names, respectively. 𝑁𝑁𝑚𝑚+𝑛𝑛 for 
LMStotal  include all responses. For gender-specific LMS , 
𝑁𝑁𝑚𝑚+𝑛𝑛  only counts responses for the respective gender or 
“basketball.” An ideal model achieves an LMS  of 100%, 
consistently selecting meaningful over meaningless options. 
Conversely, a random model displays an LMS  of 50%, 
indicating that it picks associations randomly. 

BS measures how often the model chooses biased over 
unbiased associations: 

                                          BS = 𝑁𝑁𝑠𝑠
𝑁𝑁𝑚𝑚

 x 100                                 (2) 

For BStotal , 𝑁𝑁𝑠𝑠  counts biased responses (associating 
“women” or women’s names with BPD and “men” or men’s 
names with NPD). For BSmen  and BSwomen ,  𝑁𝑁𝑠𝑠  includes 
gender-stereotypical associations with BPD and NPD 
respectively. 𝑁𝑁𝑚𝑚  presents all meaningful responses, 
excluding ‘basketball’. An ideal model has BStotal  of 50% 
and BSmen  and BSwomen  align with the clinical evidence 
(i.e., 26.67% to 31.11% for women and BPD and 11.11% to 
28.89% for men and NPD) [2]. A biased model shows BStotal 
at 100%, with BSmen  and BSwomen  exceeding the clinical 
evidence. A random model, with LMS of 50%, likely shows 
a BS of 50%. 

MPS is the comprehensive metric for the association tests: 

                             MPS = LMS × min(BS,100−BS) 
50

                   (3) 

A model is fully biased (0% MPStotal ) with extreme 
BStotal (100% or 0%), random (50% MPStotal ) with equal 
LMStotal and BStotal (50%), and ideal (100% MPStotal) with 
perfect LMStotal (100%) and balanced BStotal  (50%). 
MPSwomen  and MPSmen  are calculated based on their LMS 
and BS scores (see TABLE I). 

2) Text generation test: 
a) Chi-squared analysis: This method assessed the 

distribution of genders across diagnostic associations in the 
generated vignettes. Excessive associations of BPD with 
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women’s vignettes and NPD with men’s vignettes, beyond 
the clinical evidence from RQ1 [2], reflected LLMs’ biases. 

b) Sentiment analysis: This involved the 
en_core_web_sm model from the spaCy and TextBlob 
libraries. We computed polarity (ranging from -1.0 for 
negative to 1.0 for positive) and subjectivity scores (from 0.0 
for objective to 1.0 for subjective) for each vignette. 

c) Readability: We utilized the textstat library to 
determine the readability of each vignette, calculating the 
Flesch Reading Ease score, which ranges from 0 (suitable for 
university graduates) to 100 (very easy to read). We applied 
Analysis of Variance (ANOVA) to explore score differences 
across NPD, BPD, and gender vignettes, analyzing both 
interaction and main effects. 

TABLE I.  IDEAL, BIASED, AND RANDOM LLM BENCHMARKS 

Metric Model Ideal Biased Random 

LMS 

Total 100 N/A 50 

Women 100 N/A 50 

Men 100 N/A 50 

BS 

Total 50 100 50 

Women ~27 - ~31 
(BPD) 

>31 
(BPD) 50 

Men ~11 - ~29 
(NPD) 

>29 
(NPD) 50 

MPS 

Total 100 0 50 

Women ~54 - ~62 >64 50 

Men ~22 - ~58 >60 50 
 

IV. FINDINGS 

A. Association Test 
1) Explicit gender bias 

a) Chi-squared analysis of distribution of biased 
responses by gender: Both GPT-3.5 and GPT-4 generated 
gender-biased responses, particularly against women. GPT-4 
showed less bias than GPT-3.5, reducing biases more 
significantly for men. GPT-3.5 generated biased responses 
more frequently than unbiased responses for both genders 
(𝜒𝜒² = 435.42, 𝑑𝑑𝑑𝑑 = 2, 𝑝𝑝 < .001) (Fig. 1). For women, biased 
responses (BPD) was 8.6 times more prevalent than unbiased 
ones (NPD). For men, biased responses (NPD) were 4.3 times 
more common than unbiased ones (BPD).  

GPT-4 also demonstrated significant gender biases (χ² = 
230.32, 𝑑𝑑𝑑𝑑  = 2, 𝑝𝑝 < .001) (Fig. 1). For men, the bias was 
reduced by almost 50% compared to GPT-3.5, being 2.1 
times more prevalent than non-biased responses. For women, 
the bias was about 6.2 times more prevalent than unbiased 
responses, roughly 28% lower than GPT-3.5. 

b) Model performance and bias (overall): Across 
genders (TABLE II), both GPT-3.5 and GPT-4 showed 
greater 𝐿𝐿𝐿𝐿𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  than a Random LLM (TABLE I), indicating 
satisfactory modeling ability as expected. GPT-4’s 𝐿𝐿𝐿𝐿𝑆𝑆 also 
approached the Ideal LLM benchmark of 100%. 

 
Fig. 1. Distribution of responses associating gender and BPD versus NPD 
in GPT-3.5 and GPT-4 (explicit bias). 

TABLE II.  OVERALL MODEL PERFORMANCE (EXPLICIT BIAS) 

LLM Model  LMS BS MPS 
GPT-3.5 92.56% 84.63% 28.44% 
GPT-4 99.44% 73.85% 52.00% 

 
Both GPT-3.5 and GPT-4 showed higher BStotal than an 

ideal model, with GPT 4 less biased than GPT 3.5. Contrary 
to studies suggesting a positive correlation between model 
size and bias [15], our findings support a negative relationship 
[9], suggesting that LLMs’ biases are topic- and context-
dependent. 

c) Model performance and bias (by gender): GPT-4 
outperformed GPT-3.5, showing higher LMS and lower BS 
for both genders (TABLE III). Notably, both models 
demonstrated higher LMS for men and higer BS for women 
with GPT-4’s bias difference more pronounced (𝛥𝛥 = 18.27%) 
compared to GPT-3.5 (𝛥𝛥 = 8.29%). 

TABLE III.  MODEL PERFORMANCE BY GENDER (EXPLICIT BIAS) 

LLM Model Gender LMS BS MPS 
GPT 3.5 Woman 83.37% 89.58% 17.37% 

Man  88.12% 81.29% 32.98% 
GPT 4 Woman 98.33% 86.10% 27.33% 

Man 99.17% 67.83% 63.80% 
 

These findings indicate that although larger models might 
mitigate overall gender bias (TABLE II), the bias mitigation 
is more evident for men than for women (TABLE III). 

2) Implicit Bias 
a) Chi-squared analysis of distribution of biased 

responses by gender: Both GPT-3.5 and GPT-4 exhibited 
gender-biases, especially against men’s names, with GPT-4 
showing lower bias for men but higher for women. 

GPT-3.5 generated biased responses for men’s names 1.2 
times more than unbiased (χ² = 248.35, 𝑑𝑑𝑑𝑑  = 2, 𝑝𝑝 < .001) 
(Fig. 2). Conversely, for women’s names, the biased 
responses were 0.9 times less. GPT-4 showed biased 
responses for both genders (Fig. 2). For women’s names, 
biased responses were 1.1 times the unbiased, marking a 1.2-
fold increase from GPT-3.5. For men’s names, biases were 
1.3 times the unbiased, only slightly higher than GPT-3.5. 

b) Model performance and bias (overall): Both GPT-
3.5 and GPT-4 showed higher 𝐿𝐿𝐿𝐿𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  than a Random 
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LLM. GPT-4 more closely approached the ideal 100% LMS 
benchmark compared to GPT-3.5 (TABLE IV). Our findings 
align with previous research indicating a positive relationship 
between model size and LLM proficiency [9]. Both GPT-3.5 
and GPT-4 had slightly higher 𝐵𝐵𝑆𝑆𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  than a Random LLM, 
suggesting limited representation of implicit gender biases 
related to BPD/NPD in their training data. This lack of data 
might hinder the detection of nuanced implicit biases, 
aligning with prior studies showing less bias with gender-
indicative terms than with explicit gender terms [9], in the 
context of personality [15]. 

 
Fig. 2. Distribution of responses associating gender-indicative names and 
BPD versus NPD in GPT-3.5 and GPT-4 (implicit bias). 

TABLE IV.  OVERALL MODEL PERFORMANCE (IMPLICIT BIAS) 

LLM Model  LMS BS MPS 
GPT-3.5 91.46% 51.30% 89.08% 
GPT-4 99.89% 52.94% 94.02% 

 
c) Model performance and bias (by gender): GPT-4 

surpassed GPT-3.5 on LMS but indicated higher BS for both 
genders (TABLE V). These results align with studies linking 
larger model size to better language modeling and increased 
bias [14]. Notably, both models exhibited higher 𝐿𝐿𝐿𝐿𝑆𝑆  for 
men’s than for women’s names. 

TABLE V.  MODEL PERFORMANCE BY GENDER (IMPLICIT BIAS) 

LLM Model Names LMS BS MPS 
GPT 3.5 Female 79.85% 47.81% 76.35% 

Male 87.07% 53.48% 81.01% 
GPT 4 Female 99.86% 52.81% 95.51% 

Male 99.45% 55.90% 87.72% 
 

BS was higher for men’s names than for women’s in both 
GPT-3.5 and GPT-4. However, within-gender bias 
comparisons across the models showed a greater difference 
for women’s names (Δ = 5.00) than men’s names (Δ = 2.42), 
indicating that LLMs’ implicit bias, which increased with 
model size, was more pronounced for women’s names. 

B. Text Generation Test 
1) Chi-squared analysis of biased responses distribution 

a) Gender distribution imbalance: Both GPT-3.5 and 
GPT-4 generated vignettes for women than men (χ² = 184.44, 
𝑑𝑑𝑑𝑑 = 1, 𝑝𝑝< .001), with GPT-4 producing 484 for women and 
only 16 for men, and GPT-3.5 producing 309 for women and 
191 for men. These results suggest a bias in associating 

women with mental health issues, leading to a higher number 
of vignettes depicting women. 

b) Diagnosis distribution imbalance: With GPT-4’s 
focus on women’s vignettes, it predominantly depicted BPD 
(485 out of 500 vignettes). GPT-3.5 was more balanced, with 
299 NPD and 201 BPD vignettes. The diagnosis imbalance 
across models was significant (χ² = 194.45, 𝑑𝑑𝑑𝑑 = 1, 𝑝𝑝 < .001). 

c) Biased versus unbiased responses: GPT-3.5 and 
GPT-4 showed a significant difference in biased response 
generation (GPT-3.5: χ² = 194.45, 𝑑𝑑𝑑𝑑 = 1, 𝑝𝑝 < .001; GPT-4; 
χ² = 320.57, 𝑑𝑑𝑑𝑑  = 1, 𝑝𝑝 < .001). GPT-4 demonstrated more 
bias against women, producing biased vignettes 242.9 times 
more for women but only 4.3 times for men. Conversely, 
GPT-3.5 generated biased vignettes 94.2 times more for men 
than women (1.8 times for women) (Fig. 3). 

 
Fig. 3. Distribution of NPD and BPD diagnoses by gender in GPT-3.5 and 
GPT-4. 

2) Sentiment analysis 
Our ANOVA suggested differences in sentiment between 

BPD and NPD vignettes, stereotypically associated with 
women and men, respectively: 

a) Polarity: GPT-3.5 showed significant polarity 
differences (𝐹𝐹 = 152.71, 𝑑𝑑𝑑𝑑 (1, 496), 𝑝𝑝 < .001), with NPD (𝐿𝐿 
= 0.18, 𝑆𝑆𝑆𝑆 = 0.01) being more positive than BPD vignettes 
(𝐿𝐿 = 0.05, 𝑆𝑆𝑆𝑆 = 0.01), whereas GPT-4 did not (𝑝𝑝 > 0.5).  

b) Subjectivity: Both GPT-3.5 (𝐹𝐹 = 36.48, 𝑑𝑑𝑑𝑑 (1, 496), 
𝑝𝑝  < .001) and GPT-4 (𝐹𝐹  = 9.51, 𝑑𝑑𝑑𝑑  (1, 496), 𝑝𝑝 = .002) 
displayed significant differences in subjectivity between 
BPD and NPD vignettes. NPD vignettes were objectively 
scored higher than BPD vignettes for both models (GPT-3.5: 
𝐿𝐿NPD = 0.52, 𝑆𝑆𝑆𝑆NPD = 0.01; 𝐿𝐿BPD= 0.58, 𝑆𝑆𝑆𝑆BPD = 0.01; GPT-
4: 𝐿𝐿NPD = 0.44, 𝑆𝑆𝑆𝑆NPD = 0.03; 𝐿𝐿BPD = 0.54, 𝑆𝑆𝑆𝑆BPD = 0.004). 

3)  Readability: GPT-3.5 showed significat differences 
between BPD (𝐿𝐿 = 30.28, 𝑆𝑆𝑆𝑆 = 0.58) and NPD (𝐿𝐿 = 36.11, 
𝑆𝑆𝑆𝑆 = 0.54) vignettes (𝐹𝐹 = 20.53, 𝑑𝑑𝑑𝑑 (1, 496), 𝑝𝑝 < .001), as 
well as between women’s (𝐿𝐿 = 30.27, 𝑆𝑆𝑆𝑆 = 0.52) and men’s 
(𝐿𝐿 = 37.72, 𝑆𝑆𝑆𝑆 = 0.61) vignettes (𝐹𝐹 = 18.94, 𝑑𝑑𝑑𝑑 (1, 496), 𝑝𝑝 
< .001). 

For GPT-4, men’s vignettes (𝐿𝐿  = 31.45, SE  = 1.68) 
scored higher than women’s (𝐿𝐿  = 27.72, SE  = 0.45), and 
NPD vignettes scored higher (𝐿𝐿  = 31.16, SE = 1.88) than 
BPD (𝐿𝐿 = 27.60, SE = 0.45), but without significance (𝑝𝑝 > 
0.05). 
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V. CONCLUSION 
This section addresses our three research questions. RQ1: 

Both GPT-3.5 and GPT-4 exhibited gender biases, 
associating men with NPD and women with BPD in both 
association and text generation tasks, with biases were 
pronounced against women in both tasks. RQ2: The gender 
biases identified exceeded the clinical evidence [2], 
suggesting persistent biases in under-researched areas like 
personality disorders despite efforts to mitigate biases. RQ3: 
Bias magnitudes varied across LLMs, with larger models like 
GPT-4 exhibiting greater explicit bias, lower implicit biases, 
and better performance compared to smaller models like 
GPT-3.5 in association tests. However, in text-generation 
tests, GPT-4 showed more biases compared to GPT-3.5. Our 
work lays a foundation for exploring LLM gender biases in 
specific contexts, such as identifying personality disorder 
diagnoses or traits. 

VI. LIMITATIONS AND FUTURE RESEARCH 
Our study has limitations. Firstly, while we used prompts 

from both LLMs and human sources, future work should 
involve a more diverse panel of mental health experts to 
ensure internal validity and comprehensive coverage of BPD 
and NPD dimensions. Secondly, our focus primarily lies on 
downstream biases affecting end users. It is crucial to 
complement this analysis with intrinsic metric evaluations 
(e.g., fairness, model transparency, interpretability) to fully 
grasp LLMs’ biased behaviors in niche topics like personality 
disorders before further advancing mental health 
applications. Lastly, our target terms were limited, potentially 
compromising research validity. Utilizing a variety of 
prompts generated by expert panels, along with multiple 
LLMs beyond the GPT series may reveal different gender 
bias trends. 
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Abstract— Skeleton-based human action recognition 
technology, based on a skeleton framework, is increasingly 
adopted in visual safety monitoring systems as it does not 
require exposure of personal identity information. Among 
various visual-based safety monitoring tasks, fall incidents can 
sometimes be fatal, emphasizing the need for accurately 
classifying human body activities and providing prompt 
assistance. While artificial intelligence has been applied to 
visual-based solutions for action recognition, accurately 
classifying actions remains challenging due to the lack of 
training data. Research has attempted to improve model 
performance using synthetic data, yet discussions on the 
relationship between the quality of skeleton data obtained from 
synthetic data and model performance have been limited. In this 
proposed study, we demonstrate how the quality of skeleton 
data used in fall detection model training affects the 
performance of fall detection. Therefore, it is expected that the 
results of this study will serve as valuable foundational material 
for improving the performance of skeleton-based fall detection 
models. 

Keywords—deep learning, synthetic data, computer vision, 
human action recognition 

I. INTRODUCTION 
Falls are increasingly recognized as a significant health 

concern across all age groups worldwide, with falls among the 
elderly population being a leading cause of severe injuries, 
disabilities, and even fatalities. Therefore, precise 
classification of body activities is necessary to provide 
immediate assistance in urgent situations like falls. Based on 
this recognition, artificial intelligence-based fall detection 
solutions have been deployed, yet continuous improvement 
for accuracy enhancement remains an ongoing requirement in 
this field. One major challenge in previous research is that 
video data containing actual human movements used for 
model training poses concerns regarding privacy exposure 
during the data collection process, and qualitatively and 
quantitatively reflecting diverse fall scenarios is difficult. To 
address these issues, the use of synthetic data has been 
proposed recently, with particular attention to utilizing 

skeleton data extracted from synthetic data. However, 
systematic research on the relationship between the quality of 
skeletons obtained from synthetic data and model 
performance is relatively lacking.  

The contribution of the proposed study can be divided into 
two aspects: (i) For skeleton extraction, two approaches were 
adopted: a top-down approach using a deep learning-based 
pose estimation model to extract skeleton information 
(AlphaPose), and a method utilizing the Unreal Engine to 
calculate ground-truth of skeletons. (ii) Comprehensive 
analysis of performance variations according to quality was 
conducted by training a fall detection model based on ST-
GCN (Spatial Temporal Graph Convolutional Networks) 
using the generated skeletons.   

This study is proposed based on prior research depicted in 
Fig. 1. Chapter 2 describes related research, Chapter 3 
explains the methodology of the proposed study, Chapter 4 
analyzes the experimental results, and Chapter 5 concludes 
based on the experimental findings. 

II. RELATED WORKS 

A. Synthetic Data Generation 
One of the research efforts in this field is the ElderSim 

framework [1], which generates synthetic data for various 
daily activities of the elderly. ElderSim covers 55 different 
elderly daily activities and can generate RGB videos as well 
as 2D and 3D skeleton data. This data, in the form of a large-
scale synthetic dataset called 'SynADL,' was created at KIST 
and is used to train state-of-the-art human action recognition 
models in combination with real data. However, the 2D 
skeleton data is generated using a bottom-up pose estimation 
model (OpenPose) from RGB images, and it is provided with 
presets without the application of different backgrounds or 
characters, posing challenges for reproducing various 
scenarios. Therefore, there exist qualitative and quantitative 
limitations in the data due to these constraints. 

B. Pose Estimation Algorithms 
Pose estimation algorithms are technologies that recognize 

and analyze human poses in images or videos, and they can be 
categorized into top-down and bottom-up approaches. Top-
down approaches first detect humans and then estimate poses, 
as seen in research such as VitPose [2] and AlphaPose [3]. 
Botom-up approaches predict human keypoints first and then 
connect them to form the overall pose, as seen in research such 
as OpenPifPaf [4] and OpenPose [5]. Top-down approaches 
first detect the location of humans in the entire image. For this, 
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object detection algorithms (such as Faster R-CNN [6], 
YOLO [7], SSD [8], etc.) are used to identify  

bounding boxes for each individual within the detected 
bounding boxes. The exact positions of each body part within 
each detected bounding box are adjusted, considering the 
connectivity of the joints, to reconstruct the pose more 
accurately, providing precise results. However, because each 
pose is estimated individually, the processing speed may be 
slower than that of top-down approaches. On the other hand, 
bottom-up approaches first detect all the joints and then 
connect them to form each individual's pose. Initially, all 
major joints are detected throughout the entire image, and the 
connections between them are analyzed to form clusters that 
constitute parts of the same person's body. Finally, the 
connected joints are integrated to extract the final pose of each 
individual. It can be difficult to determine correct connections 
between joints, making the composition of each person's pose 
complex and prone to errors in scenes with many people. 
However, regardless of the number of people in the image, the 
processing workload remains constant during the joint 
detection stage, resulting in faster processing speeds. 

C. Skeleton-Based Fall Detection 
Various techniques and methods have been proposed for 

fall detection. Optical Flow [9] utilized dynamic optical flow 
technology to encode temporal data as rank-pooled 
representations of optical flow videos, improving the 
processing time of fall detection and enhancing classification 
accuracy under dynamic lighting conditions. 3D-CNN [10] 
processes motion differences based on all synthesized layer 

images of a 16-frame input video, supplying four 
consecutively preprocessed image outputs to four branched 
architectures based on a lightweight multi-stream CNN model, 
4S-3DCNN, for fall classification. LSTM deep learning 
networks can reconcile short-term information and long-term 
dependencies, enabling the learning of patterns over long time 
intervals. Chuan-Bi Lin et al. experimented with fall detection 
models using RNN/LSTM [11]. ST-GCN efficiently handles 
spatial configurations of joints and temporal dynamics, with 
Keskes et al. demonstrating successful results in action 
recognition domains [12]. These various studies aimed to 
achieve optimal performance based on given datasets and did 
not consider performance analysis methods considering 
dataset quality. As a result, there were limitations in applying 
them in practical environments. 

III. PROPOSED RESEARCH METHOD 
Our proposed research overview mirrors Fig. 2 and is 

elaborated in the following four small sections for detailed 
exposition. 

A. Target Surveillance Environment 

Detention center requires surveillance for prompt police 
intervention in case of abnormal behaviors including falls, 
making them suitable environments for evaluating fall 
detection model performance. Therefore, in the proposed 
research, a simulation environment similar to detention center 
surveillance environments is constructed using the Unreal 
Engine, and synthetic data generation is conducted, as shown 
in Fig. 3 

 
Fig.1. Framework for Synthetic Data Generation from Prior Research 
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B. Simulation Parameters 
 By adjusting parameters shown in Fig. 1, it is possible to 

generate synthetic data for various scenarios by changing 
values for characters, actions, cameras, and backgrounds. For 
experimental purposes, parameters are set to resemble actual 
detention center surveillance environments. Characters in the 
footage use Unreal Engine's Mannequin, and 15 falling 
animations and 26 daily life animations are collected from 
Adobe's Mixamo. The camera is set to a single camera with 
fixed left-right rotation, a tilt angle of 30 degrees, and 1x 
zoom, capturing indoor detention center backgrounds.  

C. Synthetic Data Generation 
Once parameters are set, synthetic data is generated. 

Synthetic data includes 1920x1080 resolution, 30 frames per 
second RGB composite videos, and 2D skeleton data 
projected from 3D joint information (𝑥, 𝑦, 𝑧) into camera 
coordinates (𝑥ᇱ, 𝑦ᇱ, 𝑧ᇱ)  after transformation and applying 
perspective division, resulting in observed 2D skeleton data 
(𝑥ᇱᇱ, 𝑦ᇱᇱ). 

D. Training and Testing Datasets 
Skeleton data used for training fall detection models are 

preprocessed from synthesized videos, obtained through pose 
estimation (AlphaPose) of skeletons and Unreal Engine's 
measured data, using the same 13 keypoints as shown in Fig. 

4 and Table I. Data used for training and validation are split 
into falls (9612) and non-falls (53655) in an 80:20 ratio as 
shown in in Table II. Since falls are less frequent compared to 
daily actions in real environments, fewer fall data are set 
compared to non-fall data. Videos used for testing are 
obtained from footage shot in real detention center [13]. 

E. Experiment 
Table III summarizes the hyperparameters obtained for 

progressively training the fall detection model. The fall 
detection model utilizes ST-GCN and is trained for 50 epochs 
on a personal computer equipped with 32GB RAM, Intel i5-
13600K CPU, and Nvidia RTX 3080 GPU. ST-GCN is 
designed with a total of 10 graph convolution layers with 
hidden units of 64, 128, and 256, along with a dense layer with 
256 units for output. The optimizer used is AdaDelta, with a 
dynamically adjusted learning rate 

 
Fig.3. Simulation for Detention Center Surveillance Environment  

 
Fig.4. Skeleton Data Preprocessed to 13 Keypoints 

 
Fig.2. Study Overview  

TABLE I. KEYPOINTS CONFIGURATION 

No. Keypoints No. Keypoints 

1 Nose 8 Lhip 

2 Lshoulder 9 Rhip 

3 Rshoulder 10 Lknee 

4 Lelbow 11 Rknee 

5 Relbow 12 Lankle 

6 Lwrist 13 Rankle 

7 Rwrist   

TABLE II. DATASET FOR TRAINING AND VALIDATION 

Synthetic Data Train (80%) Validation (20%) 

Fall 7690 1922 

Non-Fall 42924 10731 

TABLE III. TRAINING DETAILS 

Model Optimizer Epoch Bach Size 

ST-GCN AdaDelta 50 256 
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IV.  EXPERIMENTAL RESULTS 

A. 2D Skeleton Evaluation 
To evaluate the 2D skeleton, the mean Average Precision 

(mAP) of detected keypoints from synthetic fall videos was 
measured as shown in Fig. 5. The result of AlphaPose bottom-
up approach was 72.3, utilizing the pretrained ResNet152 
model on the COCO dataset. In contrast, skeleton data 
extracted by the proposed method is able to be considered 100 
in terms of mAP since it is not estimation but actual 
measurement. Therefore, it can be expected that data trained 
on measured data will show better performance. 

B. Impact of Skeleton Quality on Fall Detection 
Performance 
Fig. 6 presents the accuracy and F1-Scores of fall 

detection models. AlphaPose exhibited an accuracy of 
79.86% and an F1-Score of 0.60, while using synthesized 
skeleton data through our proposed method resulted in an 
accuracy of 84.49% and an F1-Score of 0.73, 
demonstrating better performance as expected. The above 
results demonstrate an improvement in fall detection 
performance as the quality of the skeleton improves 
through our proposed method utilizing ground-truth 
skeleton data.  

V. CONCLUSION 
The main focus of the proposed research was to 

demonstrate the relationship between skeleton quality and fall 

detection model performance, validating the effectiveness of 
measured (ground-truth) synthesized skeletons. The required 
skeleton dataset for experiments was constructed using a 
bottom-up pose estimation model and proposed method for 
synthesized videos extracted from Unreal Engine, with ST-
GCN employed for fall detection classification. The 
experimental results showed a direct correlation between each 
pose estimation performance and the quality of skeleton data 
obtained from Unreal Engine and AlphaPose. This highlights 
the potential for superior performance of fall detection models 
with accurate skeleton data. Our proposed research 
methodology, however, did not account for the impact of 
different pose estimation algorithms on the quality of the 
skeleton. An analysis of how each pose estimation algorithm 
responds to synthetic data would be required, Future research 
aims to delve deeper into the analysis of various pose 
estimation models to further understand their impact on 
detection performance. 
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 Abstract—In the current digital era, implementing an 
Enterprise Resource Planning (ERP) system is one way to 
develop open-source technology for big data. So, ERP 
implementation is an absolute must for companies to improve 
performance. ERP implementation is an IT project that 
requires effective project management to achieve success in 
ERP implementation. Although previous studies have discussed 
the critical success factors in ERP project implementation, 
further research is still needed from a project management 
perspective in achieving successful ERP project 
implementation. This research methodology uses the Prisma 
method literature review of articles published in the last 5 years 
and found 31 articles as selected articles for data processing in 
finding important indicators in project management that 
influence ERP project implementation. The author validates the 
results of indicator mapping from a literature review with 
professional respondents and manages the data using the 
entropy method to determine indicator ranking. The results of 
this research can be used as a measuring tool to provide 
practical understanding for industry players, practitioners, 
academics, and consultants in overcoming project management 
challenges in implementing ERP projects. The results of this 
research are the development of a project management model 
for implementing ERP projects and developing open-source 
technology for big data. 
 
 Keywords—Big Data, ERP Implementation, Open-source, 
Project Management.  
 

I. INTRODUCTION  
 For an organization, the use of information systems has 
become an absolute necessity which is used as a tool to 
support company operations and decision-making [1]. 
Companies need to carry out evaluations to understand the 
implementation of ERP systems to achieve success so that 
they can strategies carried out in implementing a successful 
and timely ERP system that can help company management 
in making strategic decisions [2]. It cannot be defined that 
implementing ERP is not just a project for the IT department, 
but needs to involve cross-related departments, such as 
marketing, financial accounting, human resources, 
production, and procurement. It can be said that the ERP 
project implementation process needs to consider adopting 
principles for managing effective project management. By 
understanding the principles of effective project 
management, company management can increase the success 
of implementing ERP projects promptly and minimize the 

risk of failure. The process of implementing ERP as an IT 
project is closely related to project management principles, 
such as carefully preparing each project management process 
effectively and efficiently so that the management project can 
be completed on time. This Research Question is to measure 
the relationship between ERP project implementation and 
project management modeling. Research questions answered 
in this study, namely as follows: 
1.  What important factors influence project management in 

implementing an ERP project? 
2.  How is a project management model developed for open-

source big data technology of an ERP project? 

II. BACKGROUND OF THEORETICAL 

A. Challenge Project management in ERP project 
 An ERP system is an integrated information system that 
companies use to integrate and automate cross-departmental 
business processes to increase the company's operational 
efficiency [5]. The aim of implementing ERP is to improve 
the organization's business processes to become more 
efficient, effective, and productive. However, ERP 
implementation still provides challenges for organizations to 
achieve success in achieving go live on time. From previous 
research, there is still little research that examines from a 
project management perspective in implementing ERP as a 
project. Project Management is a series of planning and 
resource allocation processes to ensure the stages of the 
project management process run effectively, efficiently, and 
on time. Implementing an ERP project is a complex job 
because it integrates various modules, data, and business 
processes across departments and business units. For this 
reason, effective project management will help manage the 
complexity of ERP project implementation, because project 
management can detail project management steps, assign 
responsibilities, and develop realistic schedules [3]. 
Implementing an ERP project has significant challenges and 
risks, such as failure to integrate systems, changes to business 
processes that do not meet needs, and high resistance from 
users. By implementing effective project management, it can 
support the identification, evaluation, and management of 
failure risks, and minimize the impact on ERP 
implementation. The application of project management can 
support more effective planning and management of ERP 
project budgets, including the use of human and technical 
resources as needed so that resource use becomes more 
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efficient. Implementing project management can form a 
framework for evaluating ERP project implementation and 
taking corrective action to keep ERP project implementation 
on track. Implementing project management can help in 
planning, managing, and facilitating the changes needed to 
support the ERP project implementation running well. 
Implementing project management can increase 
collaboration in effective communication with stakeholders, 
thereby helping users adopt and understand how the ERP 
system works more effectively. The application of project 
management can support the preparation of a realistic ERP 
project implementation schedule, considering tasks and 
resource requirements, so that the implementation of each 
stage of the ERP implementation project can proceed 
according to the predetermined plan. 
 

B. Project Management Framework  
A project management framework represents a structured 

approach to planning, executing, monitoring, and controlling 
projects within an enterprise. The project management 
framework must be uniquely tailored to the specific needs and 
industry requirements of the company. In general, a project 
management framework will provide a visual representation 
of project management-related elements that assist project 
managers and team members in understanding and 
implementing effective project management practices. The 
project management framework describes the key 
competencies of the project. Project Managers must know, 
skills, and develop 10 areas of project management to achieve 
project success, namely: [4] 
1. Project scope management involves defining and 

managing all the work necessary to complete the project 
successfully. 

2.   Project schedule management includes estimating the time 
required to complete work, developing an acceptable 
project schedule, and ensuring timely completion of the 
project. 

3.  Project cost management to prepare and manage the 
project budget. 

4.  Project quality management ensures that the project will 
meet the needs and objectives of project implementation 

5. Project resource management is concerned with the 
effective utilization of resources people and physical 
resources involved with the project. 

6.   Project communications management involves 
generating, collecting, disseminating, and storing project 
information. 

7.   Project risk management includes identification, analysis, 
and response to risks associated with the project. 

8.   Project procurement management involves procuring 
goods and services for a project from outside the 
implementing organization. 

9. Project stakeholder management includes the 
identification and analysis of stakeholder needs. 

10. Project integration management is a comprehensive 
function that influences all other areas of knowledge. 

  

C. Project Management is Not an IT Project. 
 Project Management is Not an IT Project. Project 
management is a scientific discipline with the scope of 

planning, organizing, and supervising the implementation of 
a project which includes the processes, methodology, and 
skills used to control the project so that it can achieve its 
goals. The project refers to a temporary set of activities to 
produce a unique product, service, or result within a specified 
time frame and budget. So, Project Management is not a 
project of the IT department, even though the activity process 
needs technological support. Project management is a set of 
practices and methodologies applied to ensure the successful 
completion of a project.ERP projects and project 
management are closely related, and the successful 
implementation of an ERP system depends heavily on 
effective project management practices [4]. Project 
Management is an integral part of the success of an ERP 
implementation project. In Project Management, the project 
managers play a central role in planning, implementing, and 
monitoring various aspects of ERP implementation to ensure 
that ERP implementation results are aligned with business 
objectives and provide benefits that meet stakeholder needs. 
 

D. Previous Research 
The authors carried out mapping using survey methods 

Prisma [6]. From survey previous research related to finding 
critical factors and gaps analysis of ERP projects with search 
engines: Semantics scholar,  Scopus, Springer, Emerald 
Insight, and IEEE Xplore, with a search formulation using the 
keywords: "challenge project ERP, project management". 
Based on a review of previous research, the authors created 
inclusion criteria: Discussion of research that focuses more on 
ERP projects in the ERP implementation and project 
management stages, published in international conferences 
and journals published from the period 2018 to 2022. As for 
the exclusion criteria: research does not discuss opinions, 
suggestions, discussions, and presentation papers. Based on 
the mapping results from the literature study, considering 
records exclusion and records inclusion, of the 727 articles 
found through database sources search, 31 articles were 
articles ready obtained for further analysis to obtain indicators 
related to project management and ERP projects. The 
literature study mapping work process can be seen in Figure 
1. 

 

 
Fig. 1. Flow of Literature Review 
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related to ERP projects and project management were found. 
After that, based on these indicators, authors create definitions 
based on the selected articles.  

Based on the results of the literature study indicator 
mapping related project management effectively, the authors 
defines these indicators as follows: 
Implementation strategy in project management can provide 
careful planning, stakeholder involvement, identify risk 
management, and flexibility in adapting strategies to changing 
business needs [3], [7], [8], [9], [10]. Process Change in project 
management can manage process changes in ERP 
implementation including business process analysis, and 
active involvement of stakeholders [3],[10],[11],[12]. Risk 
management process in project management can identify risks 
to changes in company policy so that it can minimize the level 
of user resistance to changes in business processes [5]. Project 
management method in project management can minimize the 
complexity of implementing an ERP project, including system 
integration, business process changes, and data conversion [3], 
[8],[10],[13],[14]. Integrated business process in project 
management creates integrated business processes such as 
identifying inter-process relationships, modeling 
comprehensive processes, and monitoring the success of 
integration [5], [10], [15],[16],[17],[18]. Sharing Knowledge 
in project management can facilitate knowledge sharing in 
ERP projects such as the creation of a collaborative culture, 
and the establishment of mechanisms for sharing information 
[19],[20]. Human Resources can involvement of end users 
who are actively involved in the ERP implementation process 
can minimize the level of user resistance [21]. User Training 
can adequate user training for end users can provide an 
understanding of how to use the ERP system, thereby 
increasing success in implementing ERP project [3], [10]. Top 
management support is active support and involvement from 
executive management, so that ERP project implementation 
needs can be met [3],[10],[19],[22],[23],[24]. Vendor 
/consultant selection in selecting the right and experienced 
vendor according to the company's characteristics and needs 
can minimize failure in implementing an ERP project [3], [10]. 
Change management in project management in carrying out 
change management by business needs, with a comprehensive 
understanding of business needs for the adoption of selected 
ERP systems that can support the implementation of ERP 
projects running well [3], [9], [22], [25], [26]. Communication 
effective in project management in improving effective 
communication in good control over the progress of ERP 
implementation projects regularly can support the 
implementation of ERP projects well [3],[25]. Readiness 
measurement in careful planning involves the project team in 
determining project goals, understanding business needs, and 
planning implementation steps in detail [27],[33]. Project 
budget plan in project management can plan the ERP project 
budget and allocate adequate budget for various project needs 
[3], [28],[29]. Operating systems in project management can 
identify operational system needs, testing, and integration with 
existing systems [30]. Data integrity in project management 
can maintain data integrity in ERP projects such as accurate 
data mapping, consistent testing of data [3],[16]. IT 
Infrastructure in project management can manage IT 
infrastructure in ERP projects such as scalable and flexible 
infrastructure planning and design, testing and optimizing 
infrastructure performance, and infrastructure availability [3]. 

Technology support in project management can provide 
technological support in ERP projects such as selecting 
technology that suits business needs [30], [31]. 

Summary of the results of the literature study indicator 
mapping, it can be said that aspects of Project Management 
ranging from project planning to change management are very 
important to ensure the ERP project runs. Project Management 
and Successful ERP Project Implementation Implementing 
effective project management can support determining criteria 
for achieving success in an ERP implementation project, 
namely by evaluating ERP project objectives, user satisfaction, 
and company performance according to project management 
principles. Based on the definition of the factors from the 
mapping results, the authors created a questionnaire statement 
to be tested on the respondents. The questionnaire statement 
can be seen in Table I. 

 
TABLE I. LIST OF QUESTIONNAIRE STATEMENT 

N
o 

Definitions Questionnaire statement 

1 Implementation 
strategy 

How important Implementation strategy  
for achieving implementation ERP success? 

2 Process Change How important process changes in an ERP 
project become a process to optimize 
organizational operations? 

3 Risk Management 
Process 

How important risk management process 
become a process that can help organizations 
navigate the uncertainties and challenges 
associated with ERP projects? 

4 Project 
Management 
Method 

How important Project management method 
for guiding the project team, managing risks, 
and ensuring ERP implementation success? 

5 Integrated 
Business Process 

How important Integrated Business Processes 
can create systems that improve operational 
efficiency, decision making and 
organizational performance? 

6 Sharing of 
Knowledge 

How important Effective knowledge sharing 
for building a collective understanding of the 
ERP project? 

7 Human Resource 
Management 

How important does HRM play a role in 
properly preparing employee needs in 
supporting the ERP project? 

8 User Training How important User training becomes critical 
for maximizing the benefits of ERP projects? 

9 Top Management 
Support 

How important Strong top management 
support in determining factor in the success of 
an ERP project? 

1
0 

Vendor/Consultan
t selection 

How important the right vendor or consultant 
Selection for enhancing the ERP project 
success? 

1
1 

Change 
Management 

How important is Change Management in 
preparing, supporting, and helping 
organizations make organizational changes? 

1 
2 

Communication 
Effective 

How important Communication effective for 
achieving the goals of the ERP project? 

1  
3 

Readiness 
Measurement 

How important is Measuring Organizational 
Readiness to ensure aspects such as the 
availability of resources to achieve project 
goals? 

1
4 

Project Budget 
Plan 

How important is the Project Budget Plan for 
implementing effectively with the availability 
of adequate resources? 

1
5 

Operating 
Systems 

How important Operating system for an ERP 
project becomes a strategic decision for the 
ERP systems requirement? 

1
6 

Data Integrity How important has Data integrity become for 
ensure that the data in the ERP system is 
accurate and complete? 

1
7 

IT Infrastucture How important is IT infrastructure for the 
ERP Project's success? 

1
8 

Technology 
Support 

How important Technology support for 
reliable functioning of the ERP system? 
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III. METHODOLOGY 

A. Research Method 
This research method uses quantitative methods [33]. By 

using a questionnaire with the Google Form tool to collect 
data from respondents. Using a purposive sampling technique 
based on the selected respondent population makes it easier to 
collect respondent data and can provide information that is 
right on target for the research object [34]. The research 
results of data management use Entropy as a data processing 
tool to measure the level of uncertainty or randomness in a 
data set. The Entropy Method serves to analyze data and 
improve the quality of model predictions, which can be used 
to rank critical factors in ERP project implementation. [36]. 
The respondents in this research were employees and 
professional workers in project management and ERP. The 
authors explain the Likert scale levels used and the 
characteristics of respondents in the results section of this 
research. The data survey was collected by google forms that 
has been sent to respondents by online platform using 
Semantic differential scale, and the open data research was 
available on the link 
https://doi.org/10.5281/zenodo.13124648. 

 
B. Research Model 

Based on the definition of components of project 
management from previous studies, the authors made a 
summary statement related to project management for ERP 
projects, namely that Project risk management is a dynamic 
and ongoing process that requires collaboration, analysis, and 
adaptability. Project Scope Management is essential for 
project success for the project will deliver. Project Human 
Resource Management requires a strategic approach to 
acquiring, developing, and managing the project team. 
Project stakeholder management is essential for navigating 
the complexities of project environments. Project 
Procurement Management is integral to the project's success 
in meeting project objectives. Project Quality Management is 
an essential aspect of project management and contributes to 
project stakeholders’ success. Project cost management 
involves a continuous cycle of planning, monitoring, and 
controlling to ensure the project's approved budget. And 
Project Integration Management is fundamental to aligning 
with objectives and contributing to project success.  

 Based on the definition of project management 
components, the author designed designed the development 
of a project management model that can be used in 
implementing ERP as a project. The design of the project 
management model for ERP projects implementation can be 
seen in Table II. 
 
TABLE II. PROJECT MANAGEMENT FOR ERP PROJECT MODEL 

 

 

C. Entropy Method 

 Based on the design of the project management model for 
ERP projects implementation in Table 2, Authors processed 
the data using the entropy method. The Entropy method is a 
method for determining the ranking of criteria that can be used 
for decision-making [35]. This research uses the entropy 
method to determine weighting criteria to express the 
probability distribution spread across a questionnaire 
statement. The stages of weighting criteria using the entropy 
method are as follows: 
1.  All respondents gave a value indicating the importance of 

a particular criterion determined in the questionnaire 
statement.  

2.  Subtract each of these numbers by the ideal value. The 
result can be expressed in Xij. 

3.   The Xij value is obtained from the Pij matrix as follows. 

𝑃𝑖𝑗 =
𝑋𝑖𝑗

∑ 𝑋𝑖𝑗
𝑚
𝑖=1

, ∀𝑖, 𝑗. 

        m = number of respondents 
4.  Calculate the entropy value for each criterion with the 

following formula:  

𝐸𝑗 =  −𝑘 ∑ 𝑃𝑖𝑗 𝑙𝑛 𝑃𝑖𝑗, ∀𝑗,
𝑚

𝑖=1

 

      Where = 𝐾 = 1
𝑙𝑛𝑚

    
Then calculate the spread of each criterion with the     
following formula: 

 𝑑𝑗 = 1 − 𝐸𝑗, ∀𝑗. 
 5. It is assumed that the total weight = 1, so to get the 

weight for each criterion, the dispersion value is 
normalized, with the following formula: 

 𝑊𝑗 = 𝑑𝑗
∑ ,∀𝑗.𝑛

𝑗=1 𝑑𝑗
 

        n = number of criteria 
 
 

IV. RESULT AND ANALYSIS 

A. Result 
This research uses a 1-6 level likert scale to measure the 

perceptions of respondents [36]. Scale 1 is very unimportant, 
scale 2 is not important, scale 3 is less important, scale 4 is 
quite important, scale 5 is important, and scale 6 is very 
important. The sampling process involves distributing 
questionnaires to respondents who understand the scope of 

Dimension Indicators
Implementation Strategy

Process Change

Risk Management Process

Project Management Method

Integrated Business Process

Sharing of Knowledge

ERP Project Project Management

Project Scope 
Management

Project Risk 
Management

Process 
Business

Dimension Indicators
Human Resource Management

User Training

Top Management Support Project Stakeholder 
Management

Vendor/Consultant Selection Project Procurement 
Management

Change Management

Communication Effective

Readiness Measurement

Project Budget Plan Project Cost 
Management

Operating Systems

Data Integrity

IT Infrastructure

Technology Support

ERP Project Project Management

Project Integration 
management

Project Human 
Resource Management

People

Organizational

Project Quality 
Management

Technology
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ERP and IT. In this research, the characteristics of the 
respondents consist of 94 respondents provided feedback on 
the questionnaire statements distributed via Google Forms. 
Respondent positions were dominated by staff level with 80 
respondents (67%), and manager level with 9 respondents 
(28%). and director level as many as 5 respondents (5%). 
Regarding the experience of working using the ERP system 
the respondents, most respondents had 3-4 years of 
experience, 60 respondents (58%), having 5-6 years of 
experience with 33 respondents (32%), and had more than 7 
years experience with 11 respondents (11%). In terms of the 
educational level of the respondents, most respondents had 
bachelor's degrees as many as 53 respondents (61%), 
master's degrees as many as 38 respondents (37%), and 
doctor's degrees as many as 3 respondents (3%). 

 

B. Analysis 
 Based on the results of Entropy data processing, it shows 
that the 3 indicators that have significant scores are the 
Project Management Model ranking score of 0.976; 
Integrated Business Process score of 0.938; The Readiness 
Measure has a score of 0.900. where these indicators are 
included in the ERP project process dimensions. Regarding 
the project management component, the project management 
model and Integrated Business Process indicators are 
included in the project scope management, and Readiness 
Measures are included in the project quality management 
component. It can be said that to ensure an ERP project can 
achieve success and be on time, it is necessary to seriously 
consider business process re-engineering. The results of 
research for ERP projects can be seen in Table III. 

 
TABLE III. RESULT RESEARCH 

 
No Indicators Entropi 

Index 
1 Project Management Method 0.976 
2 Integrated Business Process 0.938 
3 Readiness Measurement 0.900 
4 Implementation Strategy 0.899 
5 Top Management Support 0.898 
6 Sharing of Knowledge 0.891 
7 Risk Management Process 0.880 
8 User Training 0.876 
9 Vendor/Consultant Selection 0.876 

10 Communication Effective 0.872 
11 Operating Systems 0.871 
12 Data Integrity 0.869 
13 Human Resource management 0.867 
14 Process Change 0.863 
15 Technology Support 0.839 
16 IT Infrastructure 0.799 
17 Project Budget Plan  0.761 
18 Change Management 0.751 

 
Based on the results of this research, to answer the first 

research question it can be said that the 5 important factors 
that influence project management in ERP project 
implementation are: project management method, integrated 
business process, readiness measurement, implementation 
strategy, and top management support. Those factors have 
been through data analysis for later generating the open source 
with using one of big data technology like an Apache hadoop 
to carry out a large data processing, storage, and distribution 

in computer cluster because the ERP project implementation 
needs a big data processing to running all those, and as the 
same time this is a strategy on how to implement it. 

To answer the second research question, where 
development of a project management model for generating 
open source using big data technology of an ERP project is 
to increase the success of ERP project implementation, the 
development of project management modeling can be a 
strong foundation in implementing a company's ERP project, 
namely by paying attention to components in Project 
Management such as Project Risk Management, Project 
Coverage. Management, Project Human Resources 
Management, Project Stakeholder Management, Project 
Procurement Management, Project Quality Management, 
Project Cost Management, and Project Integration 
Management. 

V. CONCLUSION 
The results of this research can identify that implementing 

an ERP project in a company is closely related to effective 
Project Management. This is the basis for comprehensively 
understanding the company's feasibility in deciding to accept 
the change process from a human, business process, 
organizational and technological perspective in developing 
open-source using big data technology. The challenge in 
achieving successful ERP project implementation is 
managing project management effectively which includes 
Project Risk Management, Project Scope Management, 
Project Human Resources Management, Project Stakeholder 
Management, Project Procurement Management, Project 
Quality Management, Project Cost Management, and Project 
Integration Management for generating an open source using 
big data technology to implement the ERP project at the 
company. The authors realizes that this research still has 
limitations, including limited industry coverage and has not 
yet produced an ERP application by proving the Development 
of Open-Source using big data technology with Project 
Management to address the complexity in ERP 
Implementation. This is an opportunity for other researchers 
to develop this research by expanding the scope of the industry 
by adopting the use of the latest technology, such as the use of 
artificial intelligence and ERP intelligence to increase user 
confidence in the effective Development of Open-Source 
using Big Data Technology like a Apache hadoop with Project 
Management. 
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Abstract— The proposed system represents an enhanced 
movement in search of food of Whale Optimization Algorithm 
(WOA), based on Levy distribution for image classification of 
grape leaf disease. In the preprocessing, the proposed system uses 
convolution kernels to transform images into input data within the 
range of (0,1). Thereafter, the Levy distribution is incorporated 
into the WOA model as an exploration search mechanism. A grape 
leaf dataset from the Plant Village project (www.plantvillage.org), 
consisting of 4062 labeled images with dimensions of 256 by 256 
pixels and divided into four classes –healthy, Black Rot, Black 
Measles, and Isariopsis leaf spot –is used to evaluate the 
performance of the proposed system. Experimental results show 
that the proposed system is better than Visual Geometry Group 
(VGG16), Gray Level Co-occurrence Matrix (GLCM) with SVM, 
Low contrast haze reduction-neighborhood component analysis 
with SVM, and whale optimization algorithm (WOA). 

Keywords—whale optimization algorithm, levy distribution, 
convolution kernel, grape leaf disease 

I. INTRODUCTION 
Plant diseases are a main problem in agricultural production, 

which has negative effects on the quality and yield of plants [1]. 
Traditional plant disease detection is hindered by the expertise 
of farmers [2], who are often constrained by their professional 
knowledge and experience. As a result, it is difficult to quickly 
and accurately identify the disease. From the above statement, 
grape plants are also affected by diseases such as powdery 
mildew, brown blotch, and anthracnose, which can significantly 
affect the yield and quality of grapes. Inspection of grape plant 
diseases relies on farmers' own observation of symptoms on 
plant leaves or taking pictures of grape plant leaves and sending 
them to experts for diagnosis [3]. This is because diseased grape 
leaves often exhibit visible spots. 

Currently, artificial intelligence technology has been widely 
applied in plant disease classification in agriculture, for example 
computer vision, evolution algorithm, deep learning algorithm, 
etc. Nitesh et al . [4] presented the transformation method of the 

grape leaf disease images into HSV color space for feature 
extraction. This was then followed by detection of the disease 
using gray-level occurrence matrix-based features and support 
vector machine. Nasiri and Nejand [5] presented the method for 
grape leaf disease detection, consisting of 2 steps: segmentation 
step using Gray-Level Co-occurrence Matrix (GLCM), Gray 
Level Run Length Matrix (GLRLM), and classification step 
using  Local Binary Pattern (LBP) based features. Javidan et al. 
[6] presented grape leaf disease classification, whereby the 
image processing involves the use of k-means clustering to 
segment the region of interest for grape leaf disease. 
Subsequently, RGB, HSV and LAB colors were utilized for 
feature extraction. Finally, SVM was employed for classifying 
the type of disease. Ashokkumar et al. [7] demonstrated the 
proposed method for grape leaf disease detection using a faster 
region-based convolutional neural network. Their main idea 
combines attention-based multilayer convolutional feature 
creation, object identification, and categorization. 

This paper presents an improvement on WOA for 
classification of grape leaf disease. The performance of the 
proposed algorithm was compared with VGG16, GLCM with 
SVM, GoogleNet&ResNet50, and AlexNet. 

Following this introduction, Section 2 presents a dataset 
description. In Section 3, whale optimization is described. 
Section 4 presents the proposed algorithm. In Section 5, the 
experimental results are presented and discussed. Finally, 
Section 6 concludes the study. 

II. DATASET DESCRIPTION 
This study utilizes a publicly available dataset from the 

Plant Village project (www.plantvillage.org). The grape leaf 
dataset was chosen, comprising 4062 labeled images with 
dimensions of 256 by 256 pixels, then separated into two 
subsets, healthy and diseased, and further categorized into three 
distinct diseases: Black Rot, Black Measles, and Isariopsis leaf 
spot. Table 1 presents the sample images for each class. 
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TABLE I.  SAMPLE IMAGES FOR EACH CLASS FROM THE PLANT VILLAGE DATASET. 

Input class Image samples 

Healthy 

   
Black Rot 

   
Black Measles 

   
Isariopsis leaf spot 

   
 

III. WHALE OPTIMIZATION ALGORITHM 
The Whale Optimization Algorithm (WOA) was presented 

by Mirjalili and Levis [8] in 2016. Fig. 1 exhibits a flowchart 
diagram of WOA. The process of WOA includes search and 
attack their prey. First, the exploitation phase of the algorithm 
involves attacking the prey. This phase consists of updating the 
solution’s location through the process of the whale population 
surrounding the prey and executing the spiral bubble net attack. 
Spiral location updates and searches for victims. Second, 
exploration phase involves whales randomly searching for food. 
The processes are explained in detail as follows: 

(i) Encircling Prey: in the case where p < 0.5 and |A| < 1, it 
explains whales surround the prey after identifying its location. 
The whale with the best fitness value is considered to be at the 

prey location, while the other whales surround the prey and 
update its new position using the following equation: 

 

 =  −  ×                                                           (1) 

Α=  × 2 ×  − 1                                                        (2) 

 = 2 ×                                                                         (3) 

 = | ×  − |                                                           (4) 

 = 2 × 1 − 


                                                               (5) 
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 = −1 +  !


" − 1# ×  + 1                                (6) 

where  represents the current location of the whale and  
denotes the whale’s new location.   signifies the location 
of whale closest to the prey.  is a linear convergence factor and 
its value decreasing from 2 to 0 from the increasing number of 
iterations and $ is the number of iterations in this present time, 
$%&' is the maximum of the iterations.  is a random value 
in the range (0,1).  

(ii)  Search for Prey: If p < 0.5 and |A| ≥ 1, in addition to the 
predation behavior by bubble net, whales can also engage in 
random food search. The exploration stage of the algorithm 
involves the process of searching for food. Individuals whale 
randomly search for food according to each other’s positions, 
and the mathematical model can be expressed as follows: 

 = | × (&)*$ − |                                                       (7) 

 = (&)*$ −  ×                                                       (8) 

where (&)*$ represents the location of random individual 
whale. 

 (iii) Spiral Updating Position: If p ≥ 0.5, during the WOA 
exploitation process, the humpback whale updates its position 
around the prey using its unique blister-like spiral behaviors. 
The spiral update position is expressed by the following 
equation: 

+ = | − |                                                                       (9) 

 = + × -. × cos22 +                                  (10) 

where + is the distance between the ith candidate solution and 
the best solution in the current generation, 3 is a constant and 
 ∈ 5−1,17.  

The WOA can efficiently solve the optimization problem. 
This is especially true for low-dimensional functions. However, 
it still has some drawbacks in dealing with the height dimension 
function. The performance of the algorithm decreases 
significantly and is easily trapped in the local optima because it 
tends to initially converge very quickly. 
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Fig. 1. The flowchart of the Whale Optimization Algorithm. 

IV. THE PROPOSED ALGORITHM 
This paper is aimed at improving the exploration of position 

updating of Whale Optimization Algorithm for classification 
problems. The flowchart of the proposed algorithm is 
demonstrated in Fig 2. After initial populations and evaluation 
of their fitness values, the Levy distribution is applied to 
improve procedures of exploration of position updating. The 
processes are explained in detail as follows: 

A. Lavy distribution 
In this study, the process used random numbers with Levy 

Flight (LF), which consists of two phases. The first phase 
involves selecting the random direction, and the second phase 
takes into consideration the generation of steps that follow the 
chosen Levy Distribution (LD) [9]. The selection of random 
direction is drawn from a uniform distribution. The step lengths 
can be calculated by: 

8 = 9

|:|
;

<=
                                                                             (11) 

where u and v are drawn from normal distributions. This 
implies that: 

> = ?0, A9
B, , C                                                               (12) 

A9 = D
EF GHIJF

B= 

E;K<
L FB

<M;
L=

N


F=

                                                     (13) 

O PQ RSQ$$ T>- UP$ℎ 0 < O < 2                                (14) 

T = ?0,1, , C                                                                  (15) 

Following this, the population of LD and the whale 
population under consideration was selected from the Eq. (16).  

 = CXY) Z + × -. × cos22 + 
8 × -. × cos22 + 

                     (16) 
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From Eq. (16), the process is to select the position of whale 
with the highest fitness value to use in this exploration step. 

TABLE II.  THE PARAMETERS USED IN THE EXPERIMENTS 

Parameters Values 

Population size, NB 25 

Dimension, (ND) 100 

Max iteration 300 

# of Data train 4062 – (# of Data test) 

# of Data test 10% of each class data sets. 

TABLE III.  THE PARAMETERS USED IN THE LEVY DISTRIBUTION 

Parameters Values 

Population size, NB 25 

Dimension, (m) 100 

Max iteration 300 

# of data class (n) 4 

 

Fig. 2. The flowchart of the proposed algorithm. 

V. THE EXPERIMENTAL RESULTS 
From Table 1, the grape leaf dataset includes 4062  labeled 

images with dimensions of 256  by 256  pixels. The grape leaf 
dataset is separated into four classes, consisting of healthy, 
Black Rot, Black Measles, and Isariopsis leaf spot.  

The computational results shown in Table 4 present a 
comparison of the proposed algorithm with VGG16 from Yohan 
Rayhan et al. [10], GLCM with SVM  from Sajjad Nasari et al. 
[11], Low contrast haze reduction-neighborhood component 
analysis with SVM by Alishba Adeel et al. [12], VGG16 by Arie 
Hasan et al.  [13], and original WOA from Mirjalili and Levis 
[8]. The finding indicates that the proposed algorithm has 
offered better results than the other five compared algorithms. 

TABLE IV.  COMPARATIVE ANALYSIS OF THE PERFORMANCE OF THE  
                                  PROPOSED WORK WITH THAT OF OTHER EXISTING WORKS. 

Sl.no Source Methodology Accuracy 
(in %) 

1 Yohan Rayhan et al. 
[10] 

VGG16 87.50 

2 Sajjad Nasari et al. 
[11] 

GLCM with SVM 89.93 

3 Alishba Adeel et al. 
[12] 

Low contrast haze 
reduction-neighborhood 
component analysis with 

SVM 

91.34 

4 Arie Hasan et al.  
[13] 

VGG16 95.00 

5 Mirjalili and Levis 
[8] 

Original WOA 86.81 

6 Proposed algorithm LD-WOA 98.73 

 

VI. CONCLUSION 
The proposed system has improved the movement in search 

of food of whale based on Levy distribution for classification of 
images of grape leaf diseases. 
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In this preprocessing, the proposed system utilizes 
convolution kernels to transform images into input data within 
the range (0,1). Subsequently, the levy distribution is 
incorporated into the Whale Optimization Algorithm model as 
an exploration search mechanism. A grape leaf dataset from the 
Plant Village project (www.plantvillage.org), comprising 4062 
labeled images with dimensions of 256 by 256 pixels and 
divided into four classes, namely healthy, Black Rot, Black 
Measles, and Isariopsis leaf spot, is  used to evaluate the 
performance of the proposed system. Experimental results 
demonstrate that the proposed system accurately recognize all 
five compared algorithms. 
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Abstract— The proposed system represents an enhanced 
version in search of food of Sand Cat based on Levy distribution 
and Firework algorithm for the image classification of grape leaf 
diseases. In the preprocessing step, the proposed system utilizes 
convolution kernels to transform images into input data within the 
range of (0,1). Successively, the Levy distribution and Firework 
algorithm are incorporated into the SCSO model as an exploration 
search mechanism. The study employed a grape leaf dataset 
sourced from the Plant Village project (www.plantvillage.org), 
comprising 4062 labeled images measuring 256 by 256 pixels and 
categorized into 4 distinct classes: healthy, Black Rot, Black 
Measles, and Isariopsis leaf spot, which was utilized to evaluate the 
efficacy of the proposed system. The experimental findings 
demonstrate that the proposed system outperforms the analyses of 
VGG16, GLCM with SVM, Low contrast haze reduction-
neighborhood component analysis with SVM, and SCSO. 

Keywords—sand cat swarm optimization, levy distribution, 
convolution kernel, grape leaf disease, firework algorithm 

I. INTRODUCTION 

In the realm of image processing, digital image processing 
stands out as the most and widely popular technique. Within 
agricultural production field, the prevalence of plant diseases 
poses a significant challenge, adversely affecting both the 
quality and yield of crops [1]. This is particularly apparent in the 
case of grape plants, which are susceptible to diseases such as 
powdery mildew, brown blotch, and anthracnose, leading to 
notable reductions in grape yield and quality. Moreover, the 
diagnosis of plant diseases is frequently hindered by the limited 
expertise of farmers [2], who are often constrained by their 
professional knowledge and experience. For grapes, infected 
leaves typically exhibit visible spots, prompting farmers to 
either conduct visual inspections themselves or capture images 
of grape plant leaves to send out for experts in diagnosing the 
disease [3]. In consequence, expedient and precise identification 
and diagnosis of the disease pose a challenge.  

Presently, artificial intelligence technology finds extensive 
application in agricultural plant disease classification, 
encompassing techniques such as computer vision, evolutionary 

algorithms, deep learning algorithms, and more, resulting in 
numerous studies within this promising field. That et al. 
presented the VGG16 based model for feature extraction for 
grape leaf disease classification model [4]. The structure of 
feature extraction employed deep network structure, comprising 
16 convolution layers and 3 fully connected layers. Following 
that, SVM was then utilized as a model for classification of 
disease classes. Jain and Periyasamy adopted the VGG16 
architecture to extract features from grape leaf images [5]. The 
Random Forest classifier can handle the multi-class 
classification task with high accuracy. Nasiri and Nejand [6] 
proposed a methodology for detecting grape leaf diseases, 
comprising segmentation using Gray-Level Co-occurrence 
Matrix (GLCM) and Gray Level Run Length Matrix (GLRLM), 
followed by classification utilizing Local Binary Pattern (LBP) 
based features. Another investigation conducted by Lauguico et 
al. introduced a transfer learning approach leveraging Alexnet 
based on Regions with Convolutional Neural Networks [7]. Ji et 
al. introduced a model that integrates GoogLeNet and ResNet 
architectures for the purpose of grape leaf disease detection [8]. 
This unified model was employed to classify healthy and 
diseased grape leaves, with a specific focus on identifying 
common diseases including Black Rot, esca, and Isariopsis leaf 
spot.  

This paper presents an enhancement of Sand Cat Swarm 
Optimization Algorithm for classification of grape leaf disease. 
The performance of the proposed algorithm was evaluated and 
compared with VGG16, GLCM with SVM, GoogleNet 
&ResNet50, AlexNet, and SCSO. 

Following this introduction, Section 2 provides an overview 
of the dataset. Sand Cat Swarm Optimization is delineated in 
Section 3, while Section 4 offers a description of the proposed 
algorithm. Section 5 presents and discusses upon the 
experimental results. Finally, Section 6 draws the conclusions 
derived from the studyDataset description 

This study employed a publicly accessible dataset sourced 
from the Plant Village project (www.plantvillage.org). 
Specifically, the grape leaf dataset, consisting of 4062 labeled 
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images measuring 256 by 256 pixels, was selected. 
Subsequently, the dataset was partitioned into two subsets 
based on health status, distinguishing between healthy and 
disease specimens. Further categorization was performed to 
identify 3 distinct diseases: Black Rot, Black Measles, and 
Isariopsis leaf spot. The sample images for each class are 
presented in Table 1. 

II. SAND CAT SWARM OPTIMIZATION ALGORITHM 

The Sand Cat Swarm Optimization (SCSO) [9] algorithm, 
inspired by the natural behaviors of the sand cat, is characterized 
by two main actions: search for prey (exploration) and attacking 
the prey (exploitation). These processes are elaborated upon in 
detail as follows: 

(i) search for prey (exploration): in cases where |R| >= 1, it 
explains the sand cat updates its position by considering the best-
candidate position and its current position within its sensitivity 
range. Consequently, sand cats can explore potential alternative 
prey positions, as described in Eq. (1). This equation expands 
the search area between the current position and that of the prey, 
offering an additional opportunity for exploration. 


 =  ∗ 

 − 0,1 ∗ 
                                    (1) 

 =  ∗ 0,1                                                               (2) 

 =  − ∗
 !

"                                                              (3) 

# = 2 ∗  ∗ 0,1 −                                                 (4) 

where 
  represents the current location of the sand cat and 


  denotes the location of the sand cat’s next moment. 

  
signifies the location of the sand cat closest to the prey.   is a 
linear convergence factor and its value decreasing from 2 to 0 
from the increasing number of iterations. %&'  is the number of 
iterations in this present time, and %&'()  is the maximum of 
the iterations.  is a random value within the range of (0,1). 
The number is derived from the acoustic attributes of the sand 
cat, with an assumed value of 2, while the variable  represents 
sensitivity span exhibited by each cat. 

 

TABLE I.  SAMPLE IMAGES FOR EACH CLASS FROM THE PLANT VILLAGE DATASET. 

Input class Image samples 

Healthy 

   

Black Rot 

   

Black Measles 

   

Isariopsis leaf spot 
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(ii)  Attacking the prey (exploitation): Eq.(5) is used to 
determine the distance between the sand cat and its prey, 
simulating the sand cat’s attack on the target. The circular 
sensitivity range is assumed for sand cats. Positions are 
randomly generated from the best and current positions. 
Subsequently, a random angle is selected using the roulette 
method, and the attack is executed using Formula (6). This 
approach effectively mitigates the risk of the algorithm 
succumbing to local optima by introducing randomness into the 
angle selection process. 

*+ = ,0,1 ∗ 
 − 

,                                        (5) 


 = 

 −  ∗ *+ ∗ cos 0                                           (6) 

 The Sand Cat Swarm Optimization Algorithm (SCSO) can 
efficiently solve the optimization problem, particularly for low-
dimensional functions. However, it encounters limitations when 
applied to high-dimensional functions. The algorithm’s 
performance notably declines and is susceptible to getting 
trapped in local optima due to its tendency to converge rapidly 
at the outset. 

 

Fig. 1. The flowchart of sand cat swarm optimization algorithm. 

III. THE PROPOSED ALGORITHM 

This paper aims to enhance the exploration of position 
updating of Sand Cat Swarm Optimization algorithm for 
classification problems. The flowchart of the proposed 
algorithm is exhibited in Fig 2. After initializing populations and 
assessing their fitness values, the Levy distribution and Firework 
algorithm were applied to enhance the process of exploration of 
position updating. The processes are explained in detail as 
follows: 

A. Levy distribution. 
In this study, it employed random numbers through Levy 

Flight (LF), comprising 2 distinct phases. The initial phase 
entails the selection of a random direction, while the subsequent 
phase involves the generation of steps according to Levy 
Distribution (LD) [10]. Random direction selection is based on 
a uniform distribution. The steps are described as follows: 

12 = 3

|5|
6

78
                                                                             (7) 

where u and v are drawn from normal distributions. This 
implies that: 

9 = :0, ;3
<, , =                                                               (8) 

;3 = >
?@ ABCDE@

<8 F

?D6G7
H F@<

7I6
H8

J


@8

                                                     (9) 

K % M&& NO9' P%&ℎ 0 < K < 2                                (10) 

N = :0,1, , =                                                                  (11) 

B. Firework algorithm 
The Fireworks Algorithm (FWA), inspired by the fireworks 

explosion simulation [11], [12], falls within the umbrella of the 
Swarm Intelligence algorithms category. The process of a 
firework explosion can be viewed as searching in the 
surrounding local area where the firework is set off through the 
sparks generated in the explosion. The steps are shown as 
follows: 

S
 = S

 + U                                                                      (12) 

V = V̅ ∗ X
YDZ[

\F]YDZ[
^_`[Fa

∑ DYcZ[
\d]YcZ[

^_`[dFae
\f6

g                                         (13) 

 = S= ∗ X
YcZ[

ijk`[d]YDZ[
\Fa

∑ DYcZ[
ijk`[d]YcZ[

\dFae
\f6

g                                    (14) 

where =  is the total number of sparks, lS
mno is the 

worst fitness value,  , lS
o is the best fitness value, V̅ is the 

desired sum of amplitudes, p is a constant used to avoid zero-
division operations, and U is adding a uniform random number 
in the interval −V, V. 

Consequently, the populations of Levy distribution, the 
Firework and sand cat were selected from the Eq. (15). 

 = =Y*oo >
 −  ∗ *+ ∗ cos 0
12 −  ∗ *+ ∗ cos 0
S −  ∗ *+ ∗ cos 0

                 (15) 

From Function (15), the process is to select the position of 
sand cat with the highest fitness value to use in this exploration 
step. 
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TABLE II.  THE PARAMETERS USED IN THE EXPERIMENTS 

Parameters Values 

Population size, NB 25 

Dimension, (ND) 100 

# of data class (n) 4 

Max iteration 300 

# of Data train 4062 – (# of Data test) 

# of Data test 10% of each class data sets. 

TABLE III.  THE PARAMETERS USED IN THE LEVY DISTRIBUTION 

Parameters Values 

Population size, NB 25 

Dimension, (m) 100 

Max iteration 300 

# of data class (n) 4 

TABLE IV.  THE PARAMETERS USED IN THE FIREWORK ALGORITHM 

Parameters Values 

Population size, NB 25 

Dimension, (m) 100 

Max iteration 300 

# of data class (n) 4 

=  5 

IV. THE EXPERIMENTAL RESULTS 

As can be seen in Figure 1, the grape leaf dataset comprised 
4062 labeled images, each measuring 256 by 256 pixels. The 
grape leaf dataset was categorized into 4 classes, namely 
healthy, Black Rot, Black Measles, and Isariopsis leaf spot.  

The computational results depicted in Table 5 provide a 
comprehensive comparison between the proposed algorithm and 
VGG16 from Yohan Rayhan et al. [13], GLCM with SVM  from 
Sajjad Nasari et al. [14], Low contrast haze reduction-
neighborhood component analysis with SVM by Alishba Adeel 
et al. [15], VGG16 by Arie Hasan et al.  [16], and original SCSO 
from Seyyedabbasi and Kiani [9]. It suggests that the proposed 
algorithm has outperformed the others in comparison. 

V. CONCLUSION 

The proposed study represents an enhanced approach to food 
search of sand cats, utilising the Levy distribution and Firework 
algorithm for image classification of grape leaf diseases. In the 
preprocessing step, the proposed system uses convolution 
kernels to transform images into input data within the range of 
(0,1). Following this, the Levy distribution and Firework 
algorithm are integrated into the SCSO model to serve as an 
exploration search mechanism. The research employed a dataset 
of grape leaf images obtained from the Plant Village project 
(www.plantvillage.org). This dataset comprised 4062 labeled 
images measuring 256 by 256 pixels and was classified into 4 
distinct categories: healthy, Black Rot, Black Measles, and 

Isariopsis leaf spot. These images were utilized to assess the 
effectiveness of the proposed algorithm. The experimental 
results has confirmed its superiority compared to analyses 
conducted using VGG16, GLCM with SVM, Low contrast haze 
reduction-neighborhood component analysis with SVM, and 
SCSO. 

TABLE V.  COMPARATIVE ANALYSIS OF THE PERFORMANCE OF THE  
                                  PROPOSED WORK WITH THAT OF OTHER EXISTING WORKS. 

Sl.no Source Methodology Accuracy 
(in %) 

1 Yohan Rayhan et al. 
[13] 

VGG16 87.50 

2 Sajjad Nasari et al. 
[14] 

GLCM with SVM 89.93 

3 Alishba Adeel et al. 
[15] 

Low contrast haze 
reduction-neighborhood 
component analysis with 

SVM 

91.34 

4 Arie Hasan et al.  
[16] 

VGG16 95.00 

5 Seyyedabbasi and 
Kiani [9] 

SCSO 86.76 

6 Proposed algorithm SCSO-LD-FWA 99.27 
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Fig. 2. The flowchart of the proposed algorithm. 
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Abstract— This systematic review examines the possible use 
of basking behavior in both cold-blooded and warm-blooded 
species as a means of thermoregulation and its impact on 
interspecies care. Based on literature from 1960 to 2023, the 
review investigates the evolutionary link between cold-blooded 
and warm-blooded reptiles and their shared use of basking to 
regulate body temperature. The review followed a three-step 
guideline which involved planning, conducting, and reporting. 
After exclusions, a total of 14 articles were included for analysis. 
Results show that while warm-blooded reptiles are usually seen 
as fully endothermic, they also exhibit basking behavior. 
Likewise, cold-blooded animals depend on basking for 
thermoregulation, displaying adaptive behaviors to regulate 
their body temperature. The review highlights the importance 
of basking as a shared thermoregulatory method among cold-
blooded and warm-blooded reptiles, indicating its potential for 
interspecies care. 

Keywords— Basking behavior, Warm-blooded, Cold-blooded, 
Thermoregulation, Systematic review, Interspecies treatment 

I. INTRODUCTION 
Animals have diverse ways of coping with illnesses, 

depending on their habitat, physiology, and genetics [1]. 
Animals in the same class can still react differently to diseases 
that others can get or avoid [2]. Some animals, such as 
macaws, use natural remedies like clay to neutralize toxins 
from their food [3]. Others, such as domesticated animals, rely 
on human intervention and veterinary care to provide them 
with suitable medication [4]. However, not all animals 
respond equally to the same treatment, even if they belong to 
the same class or share a common ancestry [5]. This poses a 
challenge for veterinarians who have to consider the specific 
needs and characteristics of each animal species [6]. 

The animal kingdom is composed of a diverse array of 
species that have evolved different strategies to cope with the 
thermal environment. One of the major distinctions among 
animals is whether they are cold-blooded or warm-blooded. 
Cold-blooded animals, also known as poikilotherms, are those 
that have a variable body temperature that depends on the 
external temperature [7]. Examples of cold-blooded animals 
include frogs, newts, lizards, and snakes.  

These animals typically gain heat by basking in the sun or 
lose heat by immersing in water. In regions where the 
temperature changes seasonally, cold-blooded animals may 
seek shelter and enter a state of dormancy called brumation. 
Cold-blooded animals also tend to have lower metabolic rates 
and food requirements than warm-blooded animals [8]. 

Warm-blooded animals, also known as homoiotherms, are 
those that have a constant body temperature that is 
independent of the external temperature [9]. Examples of 
warm-blooded animals include mammals and birds. These 
animals can regulate their body temperature by adjusting their 
metabolic rate and heat production. They can also use 
behavioral and physiological mechanisms, such as shivering, 
sweating, and panting, to dissipate excess heat or conserve 
heat loss [10]. Warm-blooded animals can be easily 
distinguished from cold-blooded animals by their higher body 
temperature, which is usually around 37°C for mammals and 
40°C for birds [9]. 

Cold-blooded and warm-blooded reptiles share a common 
evolutionary origin. They both descended from a group of 
reptiles called diapsids, which had two openings in the skull, 
about 350 million years ago [11]. Despite this long 
divergence, they still retain some physiological traits in 
common, such as having scales and laying eggs [12]. 
However, they also differ markedly in many aspects of their 
morphology and ecology, such as feathers, flight, and 
vocalization [13, 14]. These differences challenge the human 
cognitive tendency to categorize animals based on their 
superficial resemblance [15]. 

One of the most striking differences between cold-blooded 
and warm-blooded reptiles is their thermoregulatory strategy. 
Birds are often considered as warm-blooded or endothermic 
animals, meaning that they can maintain a constant body 
temperature regardless of the environmental conditions [16]. 
However, this is only partially true, as birds lack the brown 
adipose tissue that is responsible for heat production in most 
mammals [17]. Brown adipose tissue contains a high density 
of mitochondria, the cellular organelles that generate energy 
through oxidative metabolism [18]. In mammals, brown 
adipose tissue can produce up to 1200 watts of heat in a 
healthy human body [18].  

Birds, on the other hand, do not have this tissue and rely 
on other mechanisms, such as shivering, to generate heat when 
needed [19]. Therefore, birds are not fully endothermic, but 
rather facultatively endothermic, meaning that they can switch 
between endothermy and ectothermy, or relying on external 
heat sources, depending on the situation [20]. This suggests 
that birds are not fully derived from their reptilian ancestors, 
but rather represent an intermediate stage of thermoregulatory 
evolution [21]. 

A fascinating question that emerges from this evolutionary 
relationship is whether cold-blooded and warm-blooded 

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

979-8-3503-9174-9/24/$31.00 ©2024 IEEE

62

2

55

53

53

Page 82 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 82 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



reptiles (or avians and reptiles) can be treated with the same 
medication for certain diseases [22]. This could have practical 
implications for veterinary medicine, as it could provide an 
alternative option for treating animals when conventional 
methods are not available or effective [23].  

One possible way to address this question is to investigate 
a common behavior that both cold-blooded and warm-blooded 
reptiles use for thermoregulation: basking. Basking is the 
process of exposing oneself to environmental heat sources, 
such as sunlight or heated rocks, to increase one’s body 
temperature [24, 25]. Basking is known to be beneficial for 
cold-blooded animals, especially when they are sick or injured 
[26]. But can basking also help warm-blooded animals, 
especially birds, which are more closely related to reptiles 
than any other living group of animals? 

This research aims to explore the feasibility of using 
basking as a treatment that is suitable for both cold-blooded 
and warm-blooded species. This research proposes that 
basking can reveal the phylogenetic and functional similarities 
and differences between these species and provide insights 
into their adaptation to different thermal environments.  

It also can help both cold-blooded and warm-blooded 
species that have temperature-related illnesses, such as 
hypothermia and hyperthermia, by enhancing their immune 
system and metabolic rate. This study investigates the effects 
of basking on the health and well-being of both groups of 
animals, and the mechanisms and factors that enable or hinder 
interspecies treatment [27]. 

The objectives of this research are: 

• To identify the physiological and behavioral responses 
of cold-blooded and warm-blooded species to basking 
in different thermal environments 

• To identify the similarities between cold-blooded and 
warm-blooded species in terms of their adaptation to 
basking and their potential for interspecies treatment 

This research has both academic and practical relevance. 
Academically, it will contribute to the understanding of the 
evolutionary and ecological connection between cold-blooded 
and warm-blooded reptiles. Practically, it will provide better 
care and treatment for these animals, especially for 
veterinarians and pet owners, by understanding the benefits 
and limitations of basking for cold-blooded and warm-
blooded species. It will also educate the public about the 
importance of basking for animal welfare and conservation 
and encourage the cohabitation of different species that can 
benefit from each other’s presence [28, 29]. Furthermore, it 
will enhance the knowledge and skills of veterinary students 
and other interested parties in dealing with various diseases 
and disorders that affect cold-blooded and warm-blooded 
reptiles. is [7]. 

II. METHODS 
To conduct a reliable systematic review on this topic, the 

three-stage guideline provided by Tranfield, et al. [30] was 
followed. The three-stage guideline includes planning the 
review, conducting the review, and reporting and 
dissemination. During stage I, the need and goal of this review 
were identified based on the scoping study discussed in the 
previous section. During stage II, useful and high-quality 
papers were selected by performing a keyword search in 
various online bibliographic databases. 

A. Scoping Review Procedure 
This review focused on the literature published from 1960 

to 2023. This is a relatively new and underexplored field, as 
most studies have assumed that birds are fully endothermic 
and do not need external heat sources to regulate their body 
temperature. Therefore, the number of articles that provided 
relevant and reliable information on this topic was limited. 

B. Keyword Search 
The following search terms were generated based on the 

definitions and synonyms of keywords (see Table 1). They 
were used to search for relevant literature on the topics of 
hypothermia, temperature regulation, basking, and 
interspecies therapy for birds and reptiles. When combining 
all keywords, the results received were not satisfactory, as the 
number of articles retrieved was low. Thus, two search terms 
were decided to use in searching using OR Boolean operator 
(see equation 1). 

Hypothermia AND “Temperature regulation” 
AND Basking AND Bird  = (A) 

Hypothermia AND “Temperature regulation” AND 
Basking AND Reptile = (B) 

((A) OR (B)) 

(1) 

 

TABLE I.  DEFINITIONS AND SYNONYMS OF KEYWORDS 

# Concept Definition Synonym 

1 Bird 

Warm-blooded egg-laying 
animals called Aves 
possess wings, beaks, scaly 
legs, and lack teeth. 

Avian, fowl, 
raptor, and 
fletchling 

2 Reptile 

Any animal belonging to 
the class Reptilia is an air-
breathing vertebrate with 
internal fertilization, 
amniotic development, and 
skin scales covering some 
or all of its body. 

Reptilian, 
Lizard, 

Reptilliform, 
and Saurian 

3 Thermoregulation 
Maintaining the core body 
temperature by balancing 
heat gain with heat loss. 

Temperature 
Regulation, 

Heat 
Regulation, 

and 
Homeostasis 

4 Basking 

A common 
thermoregulatory behavior 
among many animals. It 
helps them enhance 
physiological performance. 
In adverse weather 
conditions, several 
terrestrial ectothermic 
animals regulate their body 
temperature by basking 
and seeking shelter in 
underground burrows. 

Sunning and 
Sun-bathing 

5 Hypothermia 

It occurs when the body 
temperature drops below 
35°C unintentionally. It 
can happen in moderate as 
well as extremely cold 
environments. Symptoms 
vary depending on the 
severity of hypothermia. 

Cold 
exposure 
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The following databases were searched: Scopus, 
ScienceDirect, Sage, Wiley, Springer, and Taylor & Francis. 
Additionally, a separate Google Scholar advanced search was 
conducted. All duplicated articles found in Google Scholar 
were removed. 

 

Fig. 1. Flowchart of the Screening Process 

The search took place from August 24th to October 12th, 
2023. The paper screening process was divided into three 
steps. The flowchart (see Figure 1) outlines the entire 
screening process. 

C. Exclusion Criteria 
The articles were excluded because they did not meet the 

following criteria: (1) the study subject was relevant to the 
theme or abstract of the article; (2) the article provided an 
explanation of the effects of basking on birds; (3) the article 
was not a duplicate or repetition of another article with the 
same author, title, and abstract; and (4) the article addressed 
how basking affects both reptiles and birds, not just 
thermoregulation in general. 

III. RESULTS 
In step one, the final keywords were used to conduct 

searches across various databases. A total of 1,494 articles 
were found as shown in figure 2. In step two, the titles and 
abstracts of the articles from the first phase were screened. 
Certain criteria were applied to exclude the irrelevant ones. 
After the exclusion, a total of 27 articles remained as shown 
in figure 3.  

In step three, the full-text articles were read to further 
eliminate the ones that were not related to the research 
question. There were 13 articles left after this step as shown in 
figure 4. This step includes: 

• Synthesizing the Data: Combine the findings 
from the included studies to draw overall 
conclusions. 

• Interpreting the Results: Discuss the implications 
of the findings, considering the quality and 
consistency of the evidence. 

 

Fig. 2. Results of Step 1 - Final Keyword Search 

 

Fig. 3. Results of Step 2 - Title and Abstract Screening 

 

Fig. 4. Results of Step 3 - Full-Text Article Review 

Subsequently, related articles were searched through 
citations within these 13 articles. Citation tracking is a 
recognized method in systematic reviews to identify 
additional relevant studies by following the references cited in 
the initial set of articles. One article was found and included 
in the final review. The remaining articles were condensed 
into a brief summary that highlighted the main findings and 
implications.  

A total of 14 articles were acquired. The acquired articles 
are all journal articles, which mostly come from the USA, UK, 
and Australia. Table 2 presents the results of the article search 
and screening. 

TABLE II.  RESULTS OF SEARCH AND SCREENING 

# Database Step 1 Step 2 Step 3 

1 Google Scholar 945 14 7 

2 Scopus 72 5 1 

3 Science Direct 79 6 3 

4 Wiley 27 0 0 

5 Springer `147 2 2 

6 Taylor & Francis 5 0 0 

 
In stage III, Table 3 provides detailed information about 

the author, the animal species studied, and a summary 
addressing the study gap mentioned earlier. This table also 
synthesizes findings to form comprehensive conclusions. 
Each summary was carefully analyzed to draw final 
conclusions, ensuring a thorough understanding of the 
findings, identifying key insights and implications. 
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TABLE III.  DEMOGRAPHICS AND SUMMARY OF FINAL ARTICLES 

# Publication Species Summary 

1 
Kênia, et al. 

[31] Avian 

Birds and mammals often use 
sunning, basking, and social 
thermoregulation to control their 
body temperature. These behaviors 
can save energy by raising their body 
temperature by about 15–85%, 
depending on the animal species 

2 Richards 
[32] Reptile 

The Galapagos marine iguana is a 
remarkable animal that can rapidly 
warm up in the sun after diving in 
the cold sea. This ability is crucial 
for maintaining its optimal body 
temperature and energy balance. The 
iguana’s heart rate plays a key role in 
this process, as it increases during 
heating and decreases during 
cooling. This cardiovascular 
response is also observed in other 
reptiles that bask in the sun to 
regulate their temperature. 

3 Jameson [33] Avian 

Basking is a behavior that some 
birds use to warm up in cold 
climates. It involves exposing the 
body to direct sunlight, which 
increases the temperature of both the 
feathers and the skin. Additionally, 
basking can reduce the metabolic 
rate and energy expenditure of birds, 
as they do not need to shiver or 
generate internal heat. Basking birds 
often seek shelter in tree hollows, 
where they can benefit from the heat 
radiation of the wood. The thermal 
properties of the wood depend on 
factors such as decay, water content, 
and structure. Basking, along with 
other adaptations such as fluffing up, 
huddling, caching, and tucking away, 
helps birds survive in harsh winter 
conditions. 

4 
Seebacher 

and Franklin 
[34] 

NA 

Basking is a common behavior in 
reptiles that involves sun exposure. 
Basking can have benefits beyond 
temperature regulation. 

5 Glenn, et al. 
[35] Reptile 

Some studies suggest that reptiles 
and warm-blooded animals have 
similar brain cells that can detect 
temperature changes. For example, 
the horned lizard’s head and body 
have a temperature gap of about 2-4 
◦C when it suns itself. 

6 Regal [36] NA 

Reptiles like turtles, crocodiles, 
lizards, and snakes mostly get their 
body heat from external sources. 
Many of them bask in the sun, even 
if they live in areas where the 
rainforest covers the sky. 

7 Brian G. 
Collins [37] Avian 

In the winter, the birds sun 
themselves in the sun when it is cold, 
usually in the beginning or end of the 
day. They do this to add to the heat 
they make inside their bodies. 

8 Tan and 
Knight [38] NA 

Animals have various ways to 
control their body heat, such as 
huddling, extending, sunning, 
finding hot or cold places, making 
burrows or dens, and even spreading 
saliva. These ancient behaviors are 
seen in many kinds of animals, from 
fish to reptiles to birds and mammals 
that have warm blood. 

9 Frederick 
[39] NA 

Reptiles like lizards mainly regulate 
their body heat by acting in certain 
ways. These actions, such as 

# Publication Species Summary 
standing on two legs, burrowing in 
the sand, basking in the sun, and 
coming out partly in the morning, 
vary from small changes in position 
to bigger motions. 

10 
Aharon-

Rotman, et 
al. [40] 

Avian 

Marsupial dunnarts need to use a 
heat lamp to warm up again, which 
shows how they control their body 
heat by using external sources, like 
the sun or a heat lamp. 

11 
Bereiter-

Hahn, et al. 
[41] 

Avian 

Penguins show that birds can use 
sunshine to warm up instead of 
making heat inside their bodies. The 
color of their feathers, whether light 
or dark, can affect how much heat 
they get from the sun. 

12 Davenport 
[42] Reptile 

Many animals that rely on external 
factors to control their body heat, 
such as sunbathing, can also adjust 
how fast they gain or lose heat. They 
do this by changing the blood 
circulation in their body. 

13 Regal [25] Reptile 

An observed lizard had a body 
temperature of 310 degrees Celsius, 
while the air temperature was only 0 
degrees Celsius. The lizard could 
control its body heat well in cold 
weather because of its basking 
activity. 

14 Cowles and 
Bogert [43] Reptile 

Desert reptiles have a remarkable 
ability to control their body heat 
through behavior. They mainly 
achieve normal body temperatures 
by (1) choosing places in or on the 
ground, or rock, where they can get 
heat by direct contact, or (2) by 
sunning themselves, with all or some 
of their body exposed to the sun’s 
heat. On the other hand, they avoid 
temperatures that are too high by (1) 
going to colder places, underground 
(by digging or using existing holes), 
in rock cracks, or under materials 
that keep heat out, (2) or by cooling 
down through breathing under very 
harsh conditions. 

 

IV. DISCUSSION 
This review aimed to determine whether basking, a 

common thermoregulation behavior, can be applied to both 
cold-blooded and warm-blooded species. The review focused 
on literature published from 1960 to 2023. Most studies have 
assumed that birds are fully endothermic and do not require 
external heat sources to regulate their body temperature; 
therefore, this field is relatively new and underexplored. 

A. Physiological and Behavioral Responses to Basking 
A recent article reviews literature from ancient to modern 

times, providing context for applying the findings from this 
review. The cross-over of articles suggesting that basking is 
suitable for cold-blooded and warm-blooded reptiles, along 
with the historical closeness in taxonomy and anatomy 
between the two groups, and current discussions on animal 
basking, support the idea that basking practices can be applied 
to them. 

Some naturalists propose that birds have a direct 
evolutionary relationship with a group of animals with unique 
organs and structures, such as reptiles, based on their 
taxonomy and anatomy [44]. However, avians and mammals, 
which have different anatomies, both use basking to regulate 
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their body temperature. Basking is a widespread behavior that 
can save up to 85% of the energy needed to keep warm, 
depending on the species [31]. 

B. Similarities between Cold-blooded and Warm-blooded 
Species 
Regarding warm-blooded animals, the efficiency of 

basking in avians is influenced by their feather color, 
structure, and function [41]. In winter, some avian, like the 
green heron, bask in the morning to increase their heat intake 
or recover their body temperature [37]. Others find shelter or 
rest in tree hollows [33], which have thermal advantages due 
to the bark, moisture, and wood decomposition [45]. 

On the other hand, cold-blooded animals control their 
body temperature through behavioral thermoregulation, such 
as basking in the sun or laying on a heated rock [39]. For 
example, the Galapagos marine iguana shows the significance 
of warming up using the basking process. This iguana utilizes 
its rapid-heating ability and solar irradiation to quickly reheat 
its body temperature to the preferred level of 37 degrees 
Celsius [32]. Ectotherms, like lizards and snakes, do not have 
full control over their body temperature, so they cannot 
maintain a stable temperature, but they still have control over 
their peripheral blood flow. Thus, they can manipulate the 
blood flow to exchange heat between their skin and 
surroundings [46], which means their body temperature 
mostly depends on their environment or changes with it. 

These animal species also exhibit other secondary 
thermoregulation behaviors, such as curling up together, 
stretching out, bathing in the sun, searching for cold or warm 
locations, and digging tunnels or nests [38]. Some have more 
unique thermoregulation abilities. For instance, king quails 
and swallows tend to go into an inactive state and occasionally 
switch between ectothermic and endothermic states to 
conserve heat [35]. 

V. CONCLUSION 
In conclusion, this review explored the possibility of 

applying basking, a common thermoregulation behavior, to 
both cold-blooded and warm-blooded reptiles. The review 
found that most studies have overlooked the role of external 
heat sources in regulating the body temperature of avian, 
which are assumed to be fully endothermic. However, the 
review also found evidence that cold-blooded and warm-
blooded reptiles share a close evolutionary relationship, based 
on their taxonomy and anatomy, and that both groups use 
basking to conserve energy and maintain their preferred body 
temperature.  

The review suggested that basking is a suitable and 
beneficial thermoregulation technique for both cold-blooded 
and warm-blooded species groups, and that more research is 
needed to understand the mechanisms and implications of this 
behavior. 

VI. IMPLICATIONS & LIMITATIONS 
This article faces several limitations due to the scarcity of 

recent research on the topic of thermoregulation in cold-
blooded and warm-blooded species. Most of the existing 
studies that are relevant for this research provide overlapping 
or similar information, which creates data gaps that hinder the 
completion of the study. Another limitation is the lack of 
updated data in various databases; for instance, most of the 
data used in this analysis are from the 1970s and 1990s, with 

very few from the years 2010 to 2020. Therefore, some of the 
data may be outdated. 

In terms of implications, this review article provides 
insights for veterinarians specializing in cold-blooded and 
warm-blooded reptiles, suggesting that basking can apply to 
both types. Basking can be utilized in treating temperature-
related diseases such as hypothermia, hyperthermia, fever, or 
cold in both cold-blooded and warm-blooded reptiles. This is 
because basking under a heat source like the sun can help these 
animals regenerate their own heat while conserving energy in 
heat generation by around 80%.  

Rather than expending all their energy to control their 
temperature to an ambient state while the disease is active and 
constantly fluctuating the body temperature of cold-blooded 
and warm-blooded reptiles, basking can be an effective natural 
method for maintaining optimal body temperature. 
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Abstract— Air pollution is a pressing issue in many urban 
areas, including Jakarta, Indonesia, where it poses significant 
health and environmental challenges. This research addresses 
the air pollution problem in Jakarta by proposing a hybrid 
approach that combines K-Means and K-Medoids clustering 
algorithms with a Long Short-Term Memory (LSTM) 
predictive model to forecast Air Pollution Standard Index 
(ISPU) datasets. Developed using data mining methodologies 
and the CRISP-DM framework, the hybrid model is 
implemented in stages, with the hybrid clustering method 
effectively reducing the root mean square error (RMSE) score, 
thereby improving model accuracy. To determine optimal 
clusters, the study conducted several iterations of clustering, 
measuring cluster distance using both Euclidean distance and 
Dynamic Time Warping (DTW). Systematic RMSE-based 
comparisons of predictive results were performed to identify the 
most accurate models, highlighting the significant influence of 
the optimizer choice on performance. Notably, the LSTM 
univariate results for the cluster 2 ISPU dataset from 2021 to 
2023 consistently demonstrated the lowest RMSE scores, 
ranging from 2.91984 to 9.53943, indicating its effectiveness as 
the preferred model configuration. This hybrid approach 
presents a robust solution for improving air quality forecasting 
accuracy, offering valuable insights for mitigating air pollution 
in urban environments like Jakarta. 

Keywords—Air Quality, Dynamic Time Warping (DTW), K-
Means, K-Medoids, LSTM 

I. INTRODUCTION 
The issue of air pollution and air quality has become a hot 

topic nearing the end of 2023. During the period from July to 
August 2023, more than 34 thousand social media netizens on 
Twitter expressed complaints regarding the condition of air 
pollution, with 85% of the discourse originating from Java 
Island [1]. Air pollution causing worsening air quality in DKI 
Jakarta isn't a new problem. In fact, from 2018 to 2022, the 
average concentration of PM 2.5 particulates in the province 
was 7 to 10 times higher than what the World Health 
Organization (WHO) recommends [2]. The air quality index 
is obtained through the measurement of air pollutant 
concentrations such as carbon monoxide and others. Higher 
concentrations indicate poorer air quality. In addition to the air 
quality index measurements, there is also the Air Pollution 
Standard Index (ISPU) established by the Ministry of 
Environment and Forestry (KLHK) of Indonesia. The 
measurements conducted by the Jakarta Provincial 
Government itself adhere to the provisions of Minister of State 
for the Environment Decision No. 45 of 1997, as outlined in 
Article 3 regarding the use of the Air Pollution Standard Index 

(ISPU) as informational material for the public regarding 
ambient air quality at specific locations and times, and in 
Article 4 regarding the list of parameters for the ISPU, 
consisting of particulates (PM10), carbon monoxide (CO), 
sulfur dioxide (SO2), nitrogen dioxide (NO2), and ozone (O3) 
[3]. 

Then, the government issued Minister of Environment and 
Forestry Regulation No. 14 of 2020, adding particulate matter 
(PM2.5) and hydrocarbons (HC) as parameters monitored 
with the help of Ambient Air Quality Monitoring Stations 
(SPKUA) [4]. Hence, it's necessary to apply data mining with 
clustering methods to find patterns in air pollution in DKI 
Jakarta using Air Pollution Standard Index (ISPU) data. To 
uncover hidden patterns in DKI Jakarta ISPU data and 
categorize data based on Ambient Air Quality Monitoring 
Stations (SPKU) placed in different areas, clustering methods 
are needed as they can identify temporal patterns in air 
pollutants [5]. Additionally, clustering is performed due to the 
large amount of data, which is not suitable for traditional 
analysis, and the obtained information will be more 
meaningful [6]. Then, the clustering method is combined 
using a hybrid approach with the Long Short-Term Memory 
(LSTM) neural network model as a prediction model for air 
pollutant concentration from ISPU data. 

Clustering method itself is a technique to process data and 
divide it into groups or clusters based on specific patterns [7]. 
Furthermore, the implementation of LSTM itself is a part of 
neural networks that can process more complex and 
interconnected data compared to machine learning models 
like clustering because it utilizes the concept of the human 
brain in information processing [8]. In this research, a hybrid 
combined model of K-Means and K-Medoids will be utilized, 
resulting in final clusters, which will then be predicted using 
Long Short-Term Memory (LSTM). The purpose of this 
research extends beyond merely predicting pollutant 
concentrations from DKI Jakarta's ISPU data; it also aims to 
identify the optimal predictive models based on specific 
evaluation criteria for each optimizer used. The primary 
dataset consists of the Air Pollution Standard Index (ISPU) 
data, sourced from the Jakarta Environmental Agency, 
covering a comprehensive period from 2010 to 2023. This 
extensive temporal range allows for robust analysis and model 
training. In addition to the ISPU data, the research 
incorporates supporting weather data, which includes crucial 
variables such as temperature, air humidity, and wind speed. 
These weather variables influence air quality and, therefore, 
enhance the predictive capabilities of the models.  
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II. RELATED WORK AND LITERATURE REVIEW  

A. Related Work 
As this study employs Hybrid Clustering with LSTM to 

predict the Air Pollution Standard Index (ISPU) variable in 
DKI Jakarta, previous studies serve as references regarding 
similar topics. In [9], the authors conducted clustering for air 
pollution in DKI Jakarta with an accuracy rate of the K-Means 
algorithm based on Logistic Regression testing on clusters of 
moderate air quality and unhealthy air quality, achieving 
0.9622 or 96.22%. In [10] a hybrid model of K-Means with 
LSTM, out of 60 Ambient Air Quality Monitoring Stations, 2 
clusters were formed, with the first cluster in developing areas 
and the second cluster in suburban areas. Despite providing 
poorer results than the univariate LSTM model due to various 
factors such as different meteorological conditions at each 
monitoring station location, the hybrid model's prediction 
results can reveal daily average PM10 concentration patterns. 
However, the hybrid model has a shorter training time. 
Therefore, the hybrid model can be more competitive and 
suitable for direct application in air quality forecasting. In 
[11], the LSTM model showed strong performance in 
predicting three parameters: temperature, humidity, and ISPU. 
The RMSE values of the predictions were smaller than the 
standard deviation of the test dataset. When predicting with 
four parameters, the best-performing ones were humidity, 
temperature, ISPU, and PM10. 

Next, in [12], the forecasts made one hour ahead using 
BPNN, CNN, LSTM, and the hybrid CNN-LSTM model 
showed that LSTM's utilization as a model is considered 
optimal for forecasting several hours ahead. Generally, LSTM 
and the hybrid CNN-LSTM model outperformed CNN or 
BPNN. Furthermore, for the reference in forming the hybrid 
clustering model, a study [13] was utilized where the hybrid 
model of K-Means and PAM, also known as K-Medoids, was 
employed to predict the COVID-19 status based on data from 
400 clinic patients in Iraq using a questionnaire. The final 
outcome indicated that the hybrid K-Means and PAM, or K-
MP, model was more efficient and effective in identifying 
patient status compared to using either K-Means or PAM 
alone. In the study [14], which utilized the K-Medoids 
algorithm to implement time series clustering on cooking oil 
prices data across 34 provinces in Indonesia from October 
2017 to October 2022, it was found that the optimal K value 
was 2 clusters based on a silhouette coefficient of 0.19. With 
Dynamic Time Warping (DTW) distance, there were 19 
provinces in cluster 1, indicating cooking oil prices below 
cluster 2, while 15 provinces were in cluster 2, representing 
the highest cooking oil prices. Furthermore, in [15], the Long 
Short-Term Memory algorithm was employed to predict air 
temperature in Indonesia. Two optimizers were utilized: 
Adam and SGD. The evaluation results using the Adam 
optimizer showed an R2 accuracy of 32%, an MAE of 0.0068, 
and an RMSE of 0.99. The conclusion drawn was that the 
Adam optimizer outperformed SGD in predicting air 
temperature. 

In this study, the configuration from [10] will be used for 
LSTM, while the study [13] will serve as a reference for 
creating the hybrid k-means with k-medoids model. 
Additionally, the study [15] will be consulted for the 
implementation of two different optimizers on LSTM, namely 
Adam and SGD. Other studies such as [9], [11], [12], [14], 
[16], [17], and [18] will be utilized as supplementary 
information in this research. 

III. METHODOLOGY 
This research will focus on examining the Air Pollution 

Standard Index (ISPU) data of DKI Jakarta from the period of 
2010 to 2023. The precise timeframe in the dataset starts from 
January 1, 2010, to November 30, 2023.  

A. CRISP-DM Workflow 
In this study, one of the data mining methods, namely 

CRISP-DM, will be utilized, as depicted in Fig. 2. The 
following are the steps involved in this process: 

1) Business Understanding 
 Through this research, the goal is to predict pollutant 
concentrations using Air Pollution Standard Index (ISPU) 
data from DKI Jakarta from 2010 to 2023. Additionally, there 
are variations in the dataset, such as dividing it into the periods 
2010 – 2023 and 2021 – 2023. Another objective is to 
visualize the best model based on the evaluation metrics 
between two different optimizers. Furthermore, this study can 
also provide insights into the implementation of the hybrid 
model of K-Means and K-Medoids with LSTM to predict 
ISPU data from DKI Jakarta spanning from 2010 to 2023, 
supplemented by weather data such as temperature, air 
humidity, and wind speed. 
2) Data Understanding 
 The next step is to conduct data understanding to 
comprehend the data so that the research objectives can be 
further processed and achieved. In this study, the data to be 
understood includes the attributes present in the Air Pollution 
Standard Index (ISPU) dataset of DKI Jakarta from 2010 to 
2023. Additionally, there are several supporting weather-
related attributes, namely temperature, humidity, and wind 
speed. The data is retrieved from the website 
https://satudata.jakarta.go.id/, while the supporting data is 
obtained from https://www.visualcrossing.com/weather-data.  
3) Data Preparation 
 During the data preparation stage, the data to be used 
undergoes checking and inspection. The raw dataset retrieved 
is cleaned first from inappropriate values. Then, imputation or 
filling of null values is performed using specific methods such 
as moving average. In one study, the moving average and 
interpolation imputation methods demonstrated strong 
performance in imputing similar data, specifically for data 
containing ISPU variables [31]. After that, several columns 
are selected, and the dataset is merged as needed for the 
research, primarily as input for the modeling stage. The final 
step involves conducting exploratory data analysis (EDA) to 
further examine the characteristics of variables, such as 
checking data stationarity and selecting variables with the 
highest correlation to create a multivariate model using 
LSTM. 
4) Modeling 
 In the modeling stage, a model will be created based on 
the selected algorithms. This research will utilize a hybrid 
model combining K-Means and K-Medoids, followed by 
prediction using Long Short-Term Memory (LSTM), as per 
previous research references.  
The clustering process begins with K-Means, where the 
optimal number of clusters is determined using the Davies 
Bouldin Index. Following this, the algorithm identifies the 
smallest centroid distance from the K-Means output and 
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proceeds to apply K-Medoids based on this minimal distance. 
The resulting clusters serve as the foundation for the 
predictive model. Additionally, the LSTM prediction model 
employs various dataset configurations, including univariate 
and multivariate setups. Univariate modeling utilizes a single 
input variable, whereas multivariate modeling incorporates 
two variables with significant correlation, enhancing 
predictive accuracy. Furthermore, for the LSTM prediction 
model, optimization is conducted using both Adam and SGD 
algorithms. Additionally,  the optimizers to be used in the 
LSTM prediction model are Adam and SGD. 
Long Short-Term Memory, abbreviated as LSTM, is a type of 
Recurrent Neural Network (RNN) developed to overcome the 
limitations of RNNs, such as the vanishing and exploding 
gradient problem [26]. 

 
Fig. 1. LSTM Architecture [27] 

 In Fig. 1, it illustrates the architecture of Long Short-Term 
Memory (LSTM), which comprises three layers: input, 
hidden, and output. In the hidden layer, there are three gates: 
the Forget Gate, Input Gate, and Output Gate [28]. Each gate 
has its own specific task; for instance, the Forget Gate is 
responsible for determining which information to discard and 
how much information to discard from the cell state. The 
formula for the Forget Gate is as follows in (Equation 1 and 
Equation 2) [27]: 

! = 	(" . [ℎ!#$, !] +	")   (1) 

" =	!#$ ∗ !    (2) 

 Next, the Input Gate is useful for amplifying the results 
between two functional units and adding these results to the 
cell state. Below are (Equation 3, 4 and 5), which represent the 
formula for the Input Gate: 

̃! = 	tanh	(% . [ℎ!#$, !] +	%)  (3) 

! = 	σ	(&. [ℎ!#' , !] +	&)   (4) 

! =	" + ̃! ∗ 	!   (5) 

 Here are (Equation 6 and 7), representing the formula for 
the Output Gate: 

! = 	σ	((. [ℎ!#$, !] +	()   (6) 

ℎ! =	! ∗ 	tanh	(!)    (7) 

 
5) Evaluation 
 The next step involves evaluating the results produced by 
the created models. In this study, the outcomes of the hybrid 
model will be assessed based on the final model, which is the 

prediction using LSTM. The evaluation metric used is the root 
mean square error (RMSE). Then, for each dataset and 
optimizer, comparisons will be made to identify which one 
yields the smallest RMSE value, serving as the criterion for 
determining the best model outcome. Root Mean Square 
Error, or RMSE, is a form of evaluation in a prediction model 
by summing the squared errors or differences between actual 
values and predicted values, dividing by the number of 
forecasted data points, and then taking the square root [29]. 
The following (Equation 8) is the formula for RMSE: 

 = >∑ (*!#	*,!)"
.

.
'/$     (8) 

 The accuracy of the RMSE value is considered high if the 
resulting value is low; conversely, if the resulting value is 
high, the accuracy level decreases [30]. 

IV. CRISP-DM PROCESS 
As previously noted, this study will employ the CRISP-

DM data mining framework to achieve its ultimate research 
objectives, e.g., predicting pollutant concentrations using DKI 
Jakarta's Air Pollution Standard Index (ISPU) data. 

A. Business Understanding 
In recent months, spanning from July to August 2023, 

social media users discussed the issue of air pollution and 
poor air quality in DKI Jakarta. This issue has become an 
annual concern due to worsening air pollution and quality in 
the region. The deteriorating air quality has even placed DKI 
Jakarta at the top of the list of cities with the worst air quality 
index. Another concern is the rise in cases of Acute 
Respiratory Infection (ARI) associated with air pollution and 
air quality in DKI Jakarta. Hence, there is a need for research 
to elucidate the patterns of poor air quality in DKI Jakarta. 
This study employs data mining methods and predictive 
modeling related to the Air Pollution Standard Index (ISPU) 
dataset. The ISPU data contains measurements of air quality 
applicable to Indonesia as per government regulations. By 
utilizing this data, a data mining model will be developed 
using hybrid clustering with the K-Means and K-Medoids 
algorithms to identify patterns emerging per Air Quality 
Monitoring Station (AQMS). Subsequently, the clustering 
results will be predicted using the long-short term memory 
(LSTM) neural network algorithm. The model's outcomes 
will be selected based on the smallest root mean square error 
(RMSE) value among the two optimizers used. 

B. Data Understanding 
In this study, the data utilized comprises the Air Pollution 

Standard Index (ISPU) data of DKI Jakarta spanning from 
2010 to 2023. This dataset is daily and encompasses various 
air pollutants converted into ISPU values at each Air Quality 
Monitoring Station (AQMS), ranging from DKI 1 to DKI 5. 
The dataset includes variables named periode_data, tanggal, 
stasiun, pm10, pm25, so2, co, o3, no2, max, critical, and 
category. However, for data from 2010 to 2020, there is no 
pm25 variable or PM 2.5 pollutant due to the fact that it was 
only added as an ISPU parameter in the Regulation of the 
Minister of Environment and Forestry Number 14 of 2020. 
The following is Table 1 which describes the ISPU variables 
used in this study. 
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TABLE 1.  ISPU VARIABLE EXPLANATION 

Variable  Definition 

Periode_data Year and month period in ISPU data 

tanggal Observation date of ISPU data 

stasiun Name of air quality monitoring station (SPKU) 
measuring ISPU data observations 

pm10 ISPU parameter in the form of particulate matter less than 
10 micrometers 

pm25 ISPU parameter in the form of particulate matter less than 
or equal to 2.5 micrometers 

so2 ISPU parameter in the form of SO2 (sulfur dioxide) 
co ISPU parameter in the form of CO (carbon monoxide) 

o3 ISPU parameter in the form of O3 (ozone) 
no2 ISPU parameter in the form of NO2 (nitrogen dioxide) 

max Value or number of the highest ISPU parameter per data 
row 

critical Name of ISPU parameter with the highest value per data 
row 

category Category scale based on the highest ISPU value per data 
row 

 The variable that will not be used in the ISPU dataset for 
this research is "periode_data" because it can be replaced by 
the "tanggal" variable. Additionally, the locations of the air 
quality monitoring stations are: Central Jakarta, North Jakarta, 
South Jakarta, East Jakarta, West Jakarta. This study will 
divide the data range for clustering using data from 2010 to 
2020. The ISPU data from 2010 to 2020 can also be used as 
training data, while for the years 2021 to 2023 or the 
remaining data, they will be used for prediction using long-
short term memory (LSTM). Additionally, there is supporting 
weather data used in this research.  

For the weather dataset, the configuration for the location 
in Central Jakarta is at latitude -6.20008 and longitude 
106.833, with a maximum distance of 20 km from the air 
weather station. This weather dataset also includes the 
datetime variable, allowing it to be merged with the ISPU 
dataset. The selected variables in the weather data are 
temperature, humidity, and windspeed. These variables are 
chosen because other variables are considered less influential 
on the ISPU data, and to keep the number of variables used in 
modeling manageable. 

C. Data Preparation 
 The data preparation stage involves processing the data or 
dataset to align it with the research objectives, especially in 
the modeling stage. The ISPU and weather datasets that have 
been retrieved need further processing, such as renaming 
columns, selecting columns to be used, imputing null values, 
and merging datasets from 2010 to 2023 and 2021 to 2023. 
This processing is necessary because the retrieved datasets are 
still raw and need to be cleaned to prevent errors during 
modeling. The data preparation process in more detail 
involves adjusting data types and renaming columns to 
facilitate the data merging process. Subsequently, null values 
are handled using methods such as moving average, 
interpolation, and backward fill. The final step of data 
preparation is to merge datasets for the years 2010 to 2023 and 
datasets with the PM2.5 variable for the years 2021 to 2023. 
This step is done to prepare for the modeling stage in the next 
phase. 
 Before proceeding to the modeling stage, exploratory data 
analysis (EDA) is conducted to examine the characteristics of 

the data or variables to be used as input for the model. In this 
EDA, correlations between variables are examined. Strong 
correlations are observed in the dataset for the years 2021 - 
2023 between the PM10 and PM2.5 variables, as well as 
between temperature and humidity as weather variables. 
Furthermore, for the years 2010 - 2023, the ISPU parameters 
contributing as critical values are O3 and PM10, while for the 
years 2021 - 2023, they are PM2.5 and PM10. Additionally, 
the data's stationarity is checked, with the conclusion that the 
overall ISPU parameter data is stationary. 

D. Modeling 
1) Clustering Model and Evaluation 
 The first step in model creation involves using clustering 
algorithms. The algorithms selected are K-Means and K-
Medoids, utilizing a hybrid model approach where a 2-step 
clustering process is employed with both algorithms. The 
initial clustering is performed using the K-Means algorithm to 
determine the optimal number of clusters based on evaluation 
using the Davies-Bouldin Index [32]. Subsequently, 
processing is conducted using K-Means based on the optimal 
clusters, and then the minimum distance is determined. Once 
the minimum distance is identified, K-Medoids is applied as 
the final clustering outcome. 
 The selected variables for the clustering process are ISPU 
parameters such as pm10, so2, co, and others. Variables from 
the weather dataset will not be utilized in the clustering 
modeling as they only serve as supportive data for future 
predictions. Additionally, data from the weather dataset 
consistently holds the same values for each day and does not 
reference the station columns present in the ISPU dataset. 

 
Fig. 2. Davies Bouldin Index Score 

 In Fig. 2, an optimal cluster check was conducted with 10 
iterations, and cluster distance was measured using both 
Euclidean distance and Dynamic Time Warping (DTW). 
However, for the purpose of this study, the prediction model 
input will utilize DTW distance measurement because the 
cluster labels provided showed no difference from those 
obtained using Euclidean distance. Furthermore, as depicted 
in Fig. 3, the optimal cluster result consists of 2 clusters due 
to having the smallest DBI score. Subsequently, these clusters 
group the air quality monitoring stations (SPKU), both for the 
periods 2010 – 2023 and 2021 – 2023. 
 Fig. 3 depicts the final visualization of the clustering 
results for the ISPU dataset from 2021 to 2023. There are 2 
clusters, with cluster 1 containing 3 stations: DKI3, DKI4, and 
DKI5. Cluster 2 groups stations DKI1 and DKI2. There is a 
difference in the number of stations, as seen in station DKI4 
in cluster 1, which is due to the smaller amount of data 
available in the ISPU dataset for 2022. Additionally, when 
compared to the dataset from 2010 to 2023, which was split 
into training and test sets earlier, station DKI3 is now in cluster 
1 for the 2021 to 2023 ISPU dataset, whereas previously it was 
in cluster 2. 
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Fig. 3. Cluster Result ISPU 2021 – 2023  

 Fig. 4 is a visualization displaying the number of 
categories for the cluster results in the ISPU 2021 – 2023 
dataset. The number of MODERATE and UNHEALTHY 
categories is higher in cluster 1, while cluster 2 tends only 
towards MODERATE. This indicates that in cluster 1, there 
are stations with the highest and most numerous ISPU values, 
resulting in unhealthy air quality around those station areas. 

 
Fig. 4. Number of Category in ISPU 2021 – 2023 Clusters 

2) Prediction Model 

 The next step in model development involves using LSTM 
to predict several columns or variables from the dataset. There 
are variations in the dataset, namely using ISPU 2010 – 2023 
and ISPU 2021 – 2023, each divided into training and testing 
sets. Then, the clustering results for each dataset, ISPU 2010 
– 2023 and ISPU 2021 – 2023, are used. Next, LSTM models 
are created in both univariate and multivariate forms. The 
Univariate model utilizes all ISPU parameters, while the 
multivariate model focuses on PM10 and PM2.5 from 2021 – 
2023 due to their high correlation. The weather dataset is 
utilized in its entirety, without segmentation based on 
clustering results. Additionally, the multivariate model only 
employs data from 2021 – 2023, with temperature and air 
humidity variables. The following Table 2 is the LSTM 
configuration for this study. 

TABLE 2.  LSTM CONFIGURATION 

Hyperparameter Configuration 
Number of layers 5 

Dropout rate 0.1 
Activation function Tanh 
Recurrent activation Sigmoid 

Loss function MSE (Mean square error) 
Optimizer Adam & SGD 

 Based on Table 2, There is a distinction in this study, as it 
will utilize two optimizers, namely Adam and SGD, to 
determine the optimizer that yields the best RMSE value. 
Then, the training and testing are divided with a ratio of 80:20 
(80% training, 20% testing), and for the timestep as input to 
the LSTM model, it consists of 7 observations back. The 
configurations made for the univariate and multivariate 
models are the same; the difference lies only in the number of 
inputs, where in the univariate model, there is 1 input for 
prediction resulting in 1 output, while in the multivariate 
model, 2 inputs are used for prediction resulting in 1 output. 

E. Evaluation 
 The evaluation stage is the next step after the modeling 
process is completed. This stage involves evaluating the 
predictions made by the LSTM model because the clustering 
model has already been developed and explained earlier. In 
the evaluation phase, the focus lies on a metric called root 
mean square error (RMSE). The comparison of RMSE values 
across different datasets aims to identify the best parameters 
and model, seeking the smallest RMSE, which indicates 
superior performance. Additionally, comparisons are made 
between RMSE values obtained using different optimizers, 
such as Adam and SGD. Ultimately, the selection of ISPU 
parameters and optimizer relies on identifying the one with the 
smallest RMSE value. 

TABLE 3.  RMSE SCORE FOR UNIVARIATE ISPU 2021 – 2023  

Variable 
Optimizer 

Adam SGD 
PM10 12.10330 11.96749 
PM2.5 20.84967 20.54647 
SO2 12.54300 12.99665 

CO 7.18525 6.80942 
O3 12.65518 12.93780 

NO2 9.78611 8.40968 
Temperature 0.29568 0.37026 

Humidity 1.73948 2.11820 

Wind Speed 2.77726 3.70842 

 Table 3 presents the comparison of RMSE values between 
optimizers using the ISPU 2021 – 2023 dataset variations. The 
LSTM model is also conducted in a univariate manner. The 
green-highlighted columns in Table 4 indicate the smallest 
RMSE values among the optimizer comparisons. Variables 
with the smallest RMSE values obtained from the Adam 
optimizer include SO2, O3, temperature, humidity, and wind 
speed. Conversely, variables PM10, PM2.5, CO, and NO2 
achieve the smallest RMSE values when using the SGD 
optimizer.  

TABLE 4.  RMSE SCORE FOR UNIVARIATE ISPU 2021 – 2023 CLUSTER 

Variable 

Optimizer 
Cluster 1 Cluster 2 

Adam SGD Adam SGD 
PM10 14.55295 14.02638 7.51523 7.66060 

PM2.5 26.07317 25.15387 9.53943 10.32629 

SO2 12.59491 13.43460 9.39729 10.90920 

CO 7.51756 7.27617 3.05594 2.91984 
O3 16.76297 16.19257 7.89121 6.98021 

NO2 6.37044 6.34439 6.34293 6.51062 
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 Table 4 presents the comparison of RMSE values for 
univariate LSTM models on ISPU 2021 – 2023 dataset 
variations divided by cluster. The smallest RMSE values are 
predominantly found in cluster 2, with 4 variables using the 
Adam optimizer and 2 other variables using the SGD 
optimizer. The variables with the smallest RMSE values in 
cluster 2 using the Adam optimizer are PM10, PM2.5, SO2, 
and NO2, while with the SGD optimizer are CO and O3. Upon 
observing Table 6, the difference in RMSE values between 
cluster 1 and cluster 2, whether using the Adam or SGD 
optimizer, is significant, with cluster 1 exhibiting relatively 
high RMSE values. 

TABLE 5.  RMSE SCORE FOR MULTIVARIATE ISPU 2021 – 2023 CLUSTER 

Variable 

Optimizer 
Cluster 1 Cluster 2 

Adam SGD Adam SGD 
PM10 14.46992 14.04687 6.89939 7.39796 

PM2.5 25.64474 25.17816 9.49449 10.01863 

 Table 5 compares the multivariate LSTM models created 
for the ISPU 2021 – 2023 dataset per cluster. Multivariate here 
means that to predict PM10, the variable with high correlation 
values, in this study, PM2.5 is used, so the LSTM model input 
uses both PM10 and PM2.5 to predict PM10, and vice versa. 
The smallest RMSE values in this multivariate model for 
PM10 and PM2.5 variables are found in the Adam optimizer 
and also in cluster 2. Compared to the previous Table 4.6, 
which used variations per cluster on the ISPU 2021 – 2023 
dataset, this multivariate LSTM model has smaller RMSE 
values compared to the univariate model per cluster for the 
same variables, PM10 and PM2.5 

TABLE 6.  RMSE SCORE FOR MULTIVARIATE ISPU 2021 – 2023 WHOLE 
DATASET  

Variable 
Optimizer 

Adam SGD 
PM10 12.23176 12.09990 
PM2.5 25.31911 20.45937 
Temp 0.34370 0.33801 

Humidity 2.03769 2.24793 

 Table 6 compares the RMSE values for the multivariate 
LSTM model using the entire ISPU 2021 – 2023 dataset and 
additional variables such as temperature and humidity. All 
variables from the ISPU parameters themselves obtained the 
smallest RMSE values when using the SGD optimizer, while 
the weather variables, namely temperature and humidity, 
obtained the smallest RMSE values with two different 
optimizers. The Adam optimizer was used for the temperature 
variable and the SGD optimizer for the humidity variable. 

F. Result & Discussion 
 In general, the RMSE values generated by the LSTM 
modeling with inputs from the hybrid clustering results are 
smaller than those obtained using the entire dataset, despite 
treating all LSTM input datasets similarly with MinMaxScaler 
and splitting them into training-test data. The use of two 
different optimizers, Adam and SGD, also yields proportions 
or quantities that are not significantly different for models 
with the smallest RMSE values in the ISPU 2010 - 2023 and 
2021 - 2023 datasets, both overall and per cluster. In the 
clustered dataset from ISPU 2010 - 2023, the smallest RMSE 

values in cluster 1 are achieved using the SGD optimizer, 
while for cluster 2, they are obtained with the Adam optimizer. 
Subsequently, the smallest RMSE values in the predictions 
using the hybrid cluster-acquired dataset in ISPU 2021 - 2023 
are found in cluster 2, with the majority using the Adam 
optimizer. Cluster 2 in the ISPU 2021 - 2023 cluster results 
also exhibits smaller RMSE values compared to the smallest 
values across dataset variations. For the weather variables in 
the LSTM univariate model, the smallest RMSE values are 
observed in the 2021 - 2023 period. Regarding the 
multivariate model, the smallest RMSE values for the PM10 
and PM2.5 variables are found in cluster 2 compared to using 
the entire dataset. Furthermore, the RMSE values for the 
multivariate model in temperature and humidity variables are 
not significantly different from those of the univariate model. 

 
Fig. 5. Number of Category in ISPU 2021 – 2023 Clusters 

Fig. 5 presents the visualization of prediction data from 
multivariate model using the Adam optimizer for the PM10 
variable in the AQI dataset from 2021 to 2023. The resulting 
RMSE value is 6.89939. The prediction data pattern closely 
follows the actual data with minimal daily differences. This 
model incorporates both PM10 and PM2.5 variables to 
generate predictions for the PM10 column. The forecast for 
the next 14 days indicates a decrease in PM10 concentration 
based on the predictions of this multivariate model. 

 
Fig. 6. Number of Category in ISPU 2021 – 2023 Clusters 

Fig. 6 depicts the visualization of multivariate prediction data 
for the PM2.5 variable in the AQI dataset from 2021 to 2023 
within cluster 2, employing the Adam optimizer. The RMSE 
value generated by this optimizer for this variable is 9.49449. 
This model integrates both PM10 and PM2.5 variables to 
forecast the PM2.5 variable. The prediction data pattern 
appears to closely mirror the actual data pattern, with minimal 
daily discrepancies. Moreover, the forecast for the next 14 
days indicates a consistent trend following a decrease initially. 

V. CONCLUSION 
The research on the ISPU dataset of DKI Jakarta employed 

a hybrid model that combines clustering and predictive 
modeling stages using the CRISP-DM framework. The 
clustering stage utilized K-Means and K-Medoids algorithms 
to group data from air quality monitoring stations (SPKU) 
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within the ISPU dataset. This approach aimed to achieve 
balanced data proportions based on critical variables. 
Following clustering, Long Short-Term Memory (LSTM) 
models were used for predictive modeling, focusing on 
achieving the smallest root mean square error (RMSE) values. 
The study highlighted the significance of optimizer choice, 
revealing that certain data columns or variables performed 
better with specific optimizers. Notably, the LSTM model 
demonstrated superior performance in predicting air quality 
for the 2021-2023 ISPU dataset, with cluster 2 yielding the 
smallest RMSE values using the Adam optimizer. 
 The results underscored the importance of dataset size and 
optimizer selection in generating accurate predictive 
outcomes. For the ISPU dataset from 2010-2023, the smallest 
RMSE values in cluster 1 were achieved using the SGD 
optimizer, while cluster 2 performed best with the Adam 
optimizer. The study's findings suggest that the Adam 
optimizer is particularly effective for the 2021-2023 dataset's 
multivariate models, especially for predicting variables like 
PM10, PM2.5, and temperature. The research also highlighted 
the LSTM model's suitability for forecasting supporting data, 
such as weather variables. Future research suggestions include 
using ISPU datasets from different regions, incorporating 
additional supporting datasets, adjusting LSTM 
hyperparameters, and exploring various clustering algorithms 
to enhance the development of multivariate models and 
expand knowledge in data mining. 
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Abstract—Predicting short-term precipitation amounts is chal-
lenging especially due to meteorological data scarcity. Although
deep Learning-based models have proven to be more effective in
predicting precipitation their performance heavily depends on the
size of the training dataset. This paper presents a Multi-station-
based Transfer Learning approach with the aim of mitigating
the data scarcity problem by transferring knowledge learned
from multiple meteorological stations to a target station. In
order to achieve this, a Multi-layer Perceptron, Convolutional
Neural Networks, and Long-Short Term Memory systems were
trained to predict rainfall class amounts on individual weather
stations. From the experiments LSTM model outperformed the
other-state-of-the-art models with an F1-score of 93% for sample
stations of Jinja and Mwanza, and 95% for Musoma respectively.
Consequently, the pre-trained LSTM model on each station were
used as base models for Transfer Learning on the target station of
Kisumu with limited data. The results show that the performance
of the resulting transfer learning model improved by 3% for Jinja,
Mwanza, and Musoma after model fine-tuning.

Index Terms—precipitation, short-term forecasting, deep learn-
ing, multi-source transfer learning, meteorology

I. INTRODUCTION

Limited access to meteorological information is a chal-
lenge in the prediction of rainfall amounts [1]. Additionally,
in developing countries, challenges such as inadequate per-
sonnel at newly established weather stations, malfunctioning
weather equipment, and power outages [2] make it difficult to
gather sufficient amounts of meteorological data for prediction
tasks. Despite these limitations, Numerical Weather Prediction
(NWP) models [3] and Artificial intelligence (AI) based Ma-
chine learning (ML) [4] models have been successfully used
to predict precipitation and other meteorological features like
temperature, humidity and wind speed.

NWP models use mathematical equations and the experience
of the modeling expert to make predictions [3]. However,
these models fail to capture non-linear relationships in weather
data [1], and are also computationally expensive [5]. Based
on the existing studies [6], meteorological data is non-linear.

Therefore, ML models are preferred over NWP models for
precipitation prediction using non-linear data.

The increasing development of smart sensors and devices
for massive data collection has accelerated the use of data-
driven ML approaches [7]. These models are also flexible, more
accurate, and adaptable to local conditions compared to NWP
models [6].

Recently, Deep learning (DL) [8] models have been sug-
gested for complex prediction scenarios involving non-linear
datasets [6]. Subsequently, DL models were utilized for rainfall
class amount prediction using the Lake Victoria basin weather
dataset [9]. DL is a powerful machine learning technique that
uses structured or unstructured data for classification using
sophisticated decision-making process. The implementation of
these models, however, require alot of historical training data
[10], less of which the performance of the network is affected
as its unable to capture important trends in the data.

Transfer Learning (TL) [10], [11] is a recent Deep learning
technique which attempts to mitigate data-scarcity problems
by transferring knowledge learned from large training dataset
to a target dataset. This technique has been incorporated in
several studies, such as in [11] where knowledge learned
from one wind farm was fine-tuned to function on other
wind farms. TL-based models showed better generalization
in terms of root mean squared error (RMSE), mean absolute
error (MAE), and standard deviation error (SDE) compared to
existing techniques.

In [12], two transfer learning methods (fine-tuning and
domain-adversarial neural network (DANN)) were used to
improve daily precipitation quantity prediction by utilizing
source domain data and target domain datasets. Based on the
results, training the fine-tuning approach was quick and simple,
and the MAE improved by 22.5%. However, the DANN method
outperformed the fine-tuning method, towards better improve-
ment of RMSE to 29.4%. In this study, we use a multi-station-
based Transfer learning approach with the aim of mitigating the
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data scarcity problem by transferring knowledge learned from
multiple meteorological stations to a target station. In order
to achieve this, a Multi-layer Perceptron, Convolutional Neural
Networks, and Long-Short Term Memory systems were trained
to predict rainfall class amounts on individual weather stations.

II. RELATED WORKS

The availability of sufficient amount and quality of training
data is necessary for Deep learning methods to produce accu-
rate results. In the absence of sufficient data, analytical methods
face many difficulties, including but not limited to overfitting
models and inappropriate generalization [10].

Transfer learning, a recent state-of-the-art DL technique, has
shown promise in addressing data scarcity problems. TL uses
relationships between two different but related datasets, tasks
or models to transfer knowledge from the source domain to the
target domain. There are various types of TL approaches but
in this study, we use model-based transfer learning which uses
a pre-trained model to transfer knowledge to the target dataset
with limited data [13].

The performance of transfer learning is demonstrated in
Xu et al. [14] work for flood forecasting in data sparse
areas. Transfer learning framework based on Transformer (TL-
Transformer) is used to accurately predict flooding in data-
sparse basins (targets) by using models from data-rich basins
(sources) without requiring extensive basin attributes at the
target location. The Transformer model was preferred because
of its ability to address the vanishing problem in LSTM ar-
chitectures. Performance metrics like Nash Sutcliffe efficiency
(NSE), RMSE, and bias were used to evaluate the models. The
results show that TL-Transformer outperforms other state-of-
the-art models in all target basin stations.

The work of Ambildhuke and Banik [15] used transfer
learning technique to predict rainfall based on ground-based
cloud images responsible for rains. The cloud images in the
dataset were split into three classes labeled as no-rain to very
low-rain, low to medium-rain, and medium to high rain with
each class associated to which clouds are responsible for the
appropriate rainfall. The CNN model was trained on the three
respective classes mentioned above. Subsequently, the best pre-
trained models including VGG16, Inception-V3, and XCeption
with TL were used to improve model performance. From the
experimental results, TL with the XCeption outperformed other
models to predict rainfall using various image classes.

The general procedure of our TL approach, was to first train
the model using the dataset with sufficient data, also known
as the source dataset, then freeze some of the initial layers
(further training will not change the weights for those layers
when training is done), and lastly fine-tune the remaining layers
using the dataset with limited data.

Transfer learning has been in existence for sometime, but its
applicability in the domain of time series weather forecasting
has been limited. In data sparse regions, like Uganda, it
is important to build models that are generalizable. In the

recent study [6], demonstrated that rainfall amounts in places
which have comparable weather patterns can be predicted
using machine learning regression models. Therefore, to further
enhance generalizability of our prediction models in regions
with inadequate meteorological data. This study utilized the
Lake Victoria basin dataset [9] to demonstrate the efficacy
of transfer learning in predicting hourly precipitation amounts
based on rainfall classes (slight, moderate, heavy, and violent)
rains.

III. PROPOSED TRANSFER LEARNING-BASED

PRECIPITATION PREDICTION MODEL

The deep learning model architectures that were used in
this investigation include Multilayer Perceptron (MLP), Con-
volutional Neural Network (CNN) and the Long Short-Term
Memory (LSTM) models. Fig. 1 demonstrates the workflow of
the pre-trained models and the transfer learning process in our
study.

Fig. 1: The workflow of the proposed system

Our proposed approach makes use of rainfall data from 3
source stations to train the three deep learning models which
are MLP, CNN and, LSTM. These models performances are
then evaluated using defined metrics of accuracy, precision,
recall and F1-score. The best pre-trained models from each
station are then used to transfer knowledge to a target station
to predict rainfall class amounts in the Lake Victoria basin.

Since we have considered 3 weather stations in this study,
we obtain 3 models pre-trained on multiple source weather
stations. Following that, each of these 3 models are fine-tuned
on the training data of the target dataset. The different fine-
tuning and freezing strategies are explored at this stage. The
fine-tuned models are also subjected to model benchmarks, and
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are subsequently saved. The final procedure, we allow each pre-
trained model of the 3 weather station to generate the prediction
on the test data of the target dataset.

IV. EXPERIMENTAL SETUP AND MODEL CONFIGURATIONS

The study used Python [6] and several libraries for data
preprocessing, modeling, evaluation, and visualization. The
scikit-learn and Keras modules in Python, Numpy, pandas,
imbalanced-learn, and matplotlib modules were utilized to
process the time series weather data organization, data frame,
and visualization. Due to space limitations, we present the
hyperparameters of the tuned models below;

The optimum hyperparameters for MLP model are sum-
marised in Table I.

TABLE I: The hyperparameters for MLP model.

Hyperparameters Values

Number of hidden layers (164,28)
Activation Function ReLU
Output Layer activation function Softmax
Optimizer Adam
Loss Function Categorical

Cross-Entropy
Batch size 32
Epochs 50

The optimum hyperparameters for the CNN model are given
in Table II.

TABLE II: The hyperparameters for CNN model.

Hyperparameters Values

Number of Convolutional Filters (32,64)
Kernel size 3
Pooling Layer 2
Flattening Flatten()
Number of Neurons in Dense Layers 64
Activation Function ReLU
Output Layer activation function Softmax
Optimizer Adam
Loss Function Categorical

Cross-Entropy
Batch size 32
Epochs 50

Table III summarises the optimum hyperparameters for the
best resulting LSTM model.

V. RESULTS AND DISCUSSIONS

In this section, we present the evaluation metrics used to
measure the performance of the models. The classification
models were evaluated using confusion matrix, accuracy, pre-
cision, recall, and F1-score. The matrix is shown in Table IV.

TABLE III: The hyperparameters for LSTM model.

Hyperparameters Values

Number of LSTM Units 50
input shape (X train smote.shape[1],

1)
Return Sequences return sequences=True
Activation Function ReLU
Output Layer activation function Softmax
Optimizer Adam
Loss Function Categorical Cross-

Entropy
Batch size 32
Epochs 50

TABLE IV: Confusion Matrix.

Predicted values

Positive Negative

Actual values Positive TP FN

Negative FP TN

A. Evaluation metrics

The list of evaluation metrics used for evaluating trained
classifiers are stated in Eqs (1)–(4).

Accuracy =
Numberofcorrectpredictions

Totalnumberofpredictions
(1)

Precision =
TruePositive

TruePositive+ FalsePositive
(2)

Recall =
TruePositive

TruePositive+ FalseNegative
(3)

F1− Score =
2 ∗ (Precision ∗Recall)

(Precision+Recall)
(4)

B. Performance comparison with state-of-the-art models

The performance of the pre-trained LSTM models were com-
pared with two (2) state-of-the-art deep learning architectures
from literature to validate their effectiveness. The 3 years of
hourly observational weather data from three source stations are
presented for this purpose. The train-test split of 80% and 20%
was used across all the 3 weather stations to ensure fairness in
comparison. Table V shows the performance of the best LSTM
models with the other model architectures used in this study.
In Table V, the LSTM models outperformed the other state-of-
the-art classification models in predicting rainfall class amounts
around the Lake Victoria basin.

Fig. 2 shows the confusion matrix of the best perform-
ing LSTM models for Mwanza and Bukoba station sample
showing precision, recall, and F1-score for rainfall classes
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(a) (b)

Fig. 2: The confusion matrix results of sample station datasets. (a) LSTM-Model Mwanza. (b) LSTM-Model Bukoba.

slight, moderate, and heavy rains. The corresponding values
for each class are slight = 2, moderate = 1, and heavy =
0 [9]. Also, the Synthetic Minority Over-sampling Technique
(SMOTE) was applied to the training data to address class
imbalances [16]. The results of Fig. 2 (a) and 2 (b) show
the individual class accuracy predictions of the two LSTM
models per station dataset. In particular, Fig. 2 (a) indicate
1,457 cases were correctly predicted by LSTM algorithm as
slight rainfall which was actually true. 130 counts of cases of
slight rains were incorrectly predicted as moderate. 31 cases
of slight rainfall were incorrectly predicted as heavy rainfall. 9
cases of moderate were incorrectly predicted by LSTM as slight
rainfall. 11 cases were correctly predicted as moderate rainfall.
No cases of of moderate rainfall were incorrectly predicted as
heavy rainfall. 1 case of heavy rainfall was incorrectly predicted
as slight rainfall. Furthermore, no case of heavy rainfall was
incorrectly predicted as heavy rainfall. Finally, no heavy rainfall
was observed in this station. Fig. 2 (b) shows 1,414 cases of
slight rainfall, 13 cases of moderate rainfall, and 3 cases of
heavy were correctly predicted by the LSTM model for this
station. Generally, the LSTM model demonstrated acceptable
class distribution for all stations confusion matrices; some are
not shown because of space limitations.

1) Explainability of the LSTM Model: The study evaluated
the predictive capabilities of LSTM models across various sta-
tion datasets, employing SHapley Additive exPlanation (SHAP)
to interpret the model outputs [17]. The SHAP analysis aimed
to quantify each input’s contribution to the prediction. Fig. 4
illustrates the SHAP results for the Bukoba weather station.

TABLE V: Performance comparison of the applied models.

Station Model Accuracy (%) Precision (%) Recall (%) F1-score (%)

Musoma MLP 0.90 0.98 0.90 0.94

CNN 0.89 0.99 0.89 0.93

LSTM 0.93 0.98 0.93 0.95

Mwanza MLP 0.83 0.98 0.83 0.90

CNN 0.85 0.98 0.85 0.91

LSTM 0.90 0.98 0.90 0.93

Jinja MLP 0.84 0.98 0.84 0.90

CNN 0.83 0.98 0.83 0.89

LSTM 0.88 0.98 0.88 0.93

In Fig. 4, the red dots indicate features with a significant
impact on the model’s performance. The analysis revealed
that the visibility (Viskm) feature did not positively contribute
to the LSTM model’s performance for the Bukoba station, a
finding consistent across all other weather stations analyzed.
In contrast, the remaining features exhibited varying degrees
of positive influence on the LSTM models’ outputs from the
utilized weather station datasets. This highlights the importance
of identifying key features in rainfall prediction models, par-
ticularly for the Lake Victoria basin.

C. Transfer Learning results

In this subsection the performance of the pre-trained LSTM
models for the source stations of Musoma, Mwanza, and
Jinja weather stations are used to transfer knowledge to the
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(a) (b)

Fig. 3: The confusion matrix results of sample station Musoma. (a) TL-LSTM: Fine-tuning. (b) TL-LSTM: Freezing.

Fig. 4: Feature importance of the best performing LSTM model
for Bukoba station sample dataset.

target station Kisumu in the case of data scarcity scenario as
presented in Table VI and VII. In this case, 7 months (40%)
of 3 years observational weather data is used for the target
dataset, Kisumu. The pre-trained LSTM models were trained
independently on each of the 3 source stations, resulting to
3 pre-trained models. Three years (36 months) of data was
considered for the source stations.

Subsequently, each of the pre-trained models are used to
transfer knowledge to the target dataset on individual basis.
Transferring knowledge involves freezing certain layers of the
pre-trained model architecture and allowing the weights of the
remaining layers to be changed. Two strategies for fine-tuning

are tested. In the first strategy, all layers were kept fine-tunable
on a new dataset. In the second case, trainable layers were
frozen while the LSTM layer and dense layer were allowed to
be fine-tuned.

1) Fine-tuning strategy 1: Table VI shows the performance
values obtained for predictions on the target station (Kisumu).
The table shows the results of knowledge transfer from models
pre-trained on each source station. From table VI we can clearly
see that TL outperformed the pre-trained LSTM models for the
different weather stations as shown in Table V. Fig. 3 (a) shows
the confusion matrix for fine-tuning strategy 1.

TABLE VI: Performance of single-source TL, fine-tuning strat-
egy 1.

Metric Musoma Mwanza Jinja

Accuracy (%) 0.96 0.96 0.98
Precision (%) 0.99 0.93 0.95
Recall (%) 0.96 0.91 0.93
F1-score (%) 0.98 0.96 0.96

2) Freezing strategy 2: Table VII shows the performance
values of freezing strategy 2 obtained on the target station
(Kisumu) for the three weather stations. The results show the
superior performance of knowledge transfer over the single
source pre-trained models shown in Table in V. However, the
fine-tuning strategy 1 performs better than the freezing strategy
2 by 2% for Musoma, 1% for both Mwanza and Jinja station
datasets. This is attributed to the flexibility of the pre-trained
model to adapt to the specific features of the new dataset which
helps in achieving higher accuracy and better generalization
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[18]. The confusion matrix of LSTM model with TL strategy
2 for Musoma station sample is shown in Fig. 3 (b). But
generally, TL approach performs better than the pre-trained
base models from this particular weather station.

TABLE VII: Performance of single-source TL, Freezing strat-
egy 2.

Metric Musoma Mwanza Jinja

Accuracy (%) 0.93 0.95 0.97
Precision (%) 0.98 0.93 0.94
Recall (%) 0.93 0.92 0.95
F1-score (%) 0.96 0.95 0.95

VI. CONCLUSION AND FUTURE WORK

This study explored the approach of multi-source station
transfer learning to mitigate the data scarcity problem associ-
ated with deep-learning systems to improve prediction perfor-
mance. The study used meteorological features that influence
rainfall class amount prediction in the Lake Victoria basin.

Deep Learning models including MLP, CNN, and LSTM
were trained and tested on multiple weather station datasets.
The results of the models were compared and the LSTM pre-
trained model was best performing model across the 3 weather
stations in the Lake Victoria basin. Consequently, the LSTM
pre-trained models were used to transfer knowledge on each
weather station using the the target dataset, Kisumu. The results
proved that TL is an effective method for predicting rainfall
class amounts in areas with limited meteorological data.

Future work will apply ensemble of the TL-LSTM base
models from the multiple weather stations to a different target
dataset. We strongly believe that ensemble models will further
improve the accuracy of individual TL models across the vari-
ous weather stations. The methodology of knowledge transfer
learned from multiple sources to a single target dataset, has
been limited in the domain of precipitation prediction. Thus,
our work can be used to further improve weather forecasting
research.
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Abstract— Basketball is immensely popular in the United 
States, with the National Basketball Association (NBA) 
recognized as the leading professional league worldwide. Each 
season, the NBA awards the Most Valuable Player (MVP) title 
to the player considered the best based on performance statistics 
and a fair voting process. Predicting the MVP often sparks 
debates among NBA fans, with various media outlets offering 
their forecasts. This study aims to accurately predict the MVP 
by analyzing statistical data from NBA players over a specific 
period. We employ three different regression algorithms—
Decision Tree, Linear Regression, and Support Vector 
Regression—to compare their effectiveness in MVP prediction. 
The research findings will highlight the potential MVP winner 
based on their performance statistics, presented in a simplified 
dashboard format for easy comprehension.. 
Keywords: Decision Tree, Linear Regression, Most Valueable 
Player, National Basketball Association, Support Vector 
Regression. 

I. INTRODUCTION 
Basketball is one of the most popular sports in the United 

States. The organizations and leagues involved in basketball 
in the United States are very active and continuously hold 
various matches every season. Matches are held every season 
in each league. The leagues vary based on age and skill level, 
ranging from NCAA, which is the league for universities, to 
the NBA, which is the highest professional league in the 
United States. In every professional league in the United 
States, such as the NBA, award programs are held for specific 
players each season. These awards are given to players with 
the best statistics of the season. The purpose of these awards 
is to signify to the players that they have the best statistical 
value (most valuable) of the season. The Most Valuable Player 
(MVP) award in the NBA provides several benefits to the 
winners. Players with the MVP title can be dubbed the best 
player in the NBA at that time. This undoubtedly affects the 
contracts the players receive and also enhances their fame. 
The MVP award itself is determined through a voting system 
[1]. 

In addition to media, there are also scholarly journal 
articles that predict basketball performance using valid 
research methods. Research in this area is conducted using 
spatial tracking data. By utilizing spatial tracking data, 
researchers can conduct detailed investigations into strategies, 
player performance, team performance, and more, accurately 
and in detail. The technology employed here also enables 
comparisons and data matching of players to analyze their 
performance during both practice sessions and actual games 
[2]. 

The National Basketball Association (NBA) is one of the 
largest basketball organizations in the world. Every season, 
the NBA always holds various series of matches, starting from 
pre-season games, regular-season games, to playoffs. Each 

year, the NBA will produce one winner (NBA Champions), 
and at the end of the season, the NBA will announce various 
other awards such as MVP (Most Valuable Player), DPOY 
(Defensive Player of The Year), ROTY (Rookie of The Year), 
and others. However, for awards, MVP is the highest award 
for the best players, such as Michael Jordan, LeBron James, 
Kobe Bryant, who are three of the best players in the NBA 
who have each received the MVP title with clear statistics or 
can be said to be clearly the best players of the season. [3]. 
Fig. 1 shows the Average predicted MVP share. 

Fig. 1 Average predicted MVP Share 
Source: dribble.com 

The National Basketball Association (NBA) operates on 
an annual basis, commonly referred to as each season. At the 
conclusion of every NBA season, distinguished titles are 
awarded to both teams and players. Teams vie for the 
prestigious title of NBA Champions, while individual players 
aspire to earn the MVP (Most Valuable Player) award.  

The MVP title is determined through a voting process 
involving 100 independent media members who are not 
affiliated with any NBA team. Each voter nominates five 
candidates for the MVP, ranking them from first to fifth. 
Points are allocated as follows: 10 points for the first-place 
vote, 7 for the second, 5 for the third, 3 for the fourth, and 1 
for the fifth. The player with the highest total points is awarded 
the MVP title. Utilizing appropriate and relevant methods, 
predictions can yield accurate results to forecast the MVP 
recipient each season [4]. This research will interconnect 
various variables and employ multiple algorithms to compare 
their predictive accuracy. Data visualization will also be 
conducted to enhance the understanding of the data and 
present results with more effective and objective visuals. 

This study differentiates itself from previous research by 
employing distinct datasets and algorithms. It uses NBA 
player data to predict the MVP for the 2022-2023 season. 
Unlike previous studies, which utilized Neural and Regression 
Models to predict sports outcomes, this research employs 
Regression Models with three different algorithms: Decision 
Tree, Linear Regression, and Support Vector Regression. The 
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variable used to gauge players' likelihood of receiving the 
MVP title is Fantasy points, chosen because they represent a 
comprehensive statistical value derived from each player's 
performance across various categories. 

II. LITERATURE REVIEW  

A. Machine Learning 
Machine Learning is a technology designed to learn and 

expand its knowledge autonomously, without user direction. 
It has rapidly advanced and is now integral to developing 
software features such as voice recognition, natural language 
processing, and robot control [5] The term "Machine 
Learning" was coined by mathematicians Thomas Bayes, 
Adrein Marie Legendre, and Andrey Markov in the 1920s, 
laying the conceptual foundation for the field. Machine 
Learning enhances machines' ability to handle data more 
efficiently [6]. 
 
There are two main types of Machine Learning: 
 
Supervised Learning: This type involves training data with 
input-output pairs. It is used for classifying unseen data into 
predefined categories and making predictions [7] 
 
Unsupervised Learning: This type processes raw or unlabeled 
data to identify patterns and trends, grouping data into 
specific clusters [7] 

B. Decision Tree 
Decision Tree is a supervised regression algorithm that 

uses a set of rules to form a tree-like structure, mirroring 
human decision-making processes, making it easy to 
understand. It can handle both discrete and continuous data 
inputs. Decision Trees provide a graphical representation of 
the decision-making process under specific conditions. They 
are commonly used to evaluate whether decisions based on 
given data are optimal. This method has broad applications 
across various fields, including manufacturing, social issues, 
business settings, and service industries such as banking, 
libraries, hospitals, and pharmaceuticals, benefiting both 
small and large enterprises [8]. 

C. Linear Regression 
Linear Regression is a widely used supervised learning 
algorithm in data science. It applies regression principles to 
create predictive models for target variables based on other 
independent variables [9]. This algorithm is commonly 
employed to identify correlations between variables and 
generate accurate predictions. The primary goal is to predict 
a dependent variable (Y) using given independent variables 
(X), resulting in a linear relationship model between input (X) 
and output (Y). Linear Regression is favored for its 
simplicity, ability to provide accurate predictions across 
various case studies, and ease of interpretation, making it one 
of the most popular algorithms for regression analysis. 

D. Support Vector Regression 
Support Vector Regression (SVR) is a machine learning 

algorithm used to model the relationship between a dependent 
variable and one or more independent variables [10], [11]. It 
aims to predict the dependent variable's values based on given 
independent variables. As a variant of Support Vector 

Machine (SVM) [12], SVR is designed for regression tasks 
to predict continuous numerical values, making it suitable for 
cases like stock price forecasting. The goal of SVR is to find 
a regression model with a margin around the predicted values, 
balancing data fit and avoiding overfitting. This approach 
ensures accurate predictions. SVR is commonly implemented 
using Python's scikit-learn library, which provides robust 
tools for machine learning tasks.  

E. Related Works 
In previous studies [11], Linear Regression has 

demonstrated outstanding accuracy, highlighting its efficacy 
in modeling relationships between variables and generating 
precise forecasts. Support Vector Regression (SVR) also 
delivered notable results, positioning itself as a strong 
contender alongside Decision Tree and Linear Regression.  

Other research [13] has shown SVR's superior accuracy 
compared to its counterparts, emphasizing the versatility of 
regression algorithms in diverse research contexts. These 
findings highlight the importance of considering multiple 
algorithms to ensure a comprehensive analysis and informed 
decision-making. Furthermore, they underscore SVR's 
potential as a powerful tool for extracting valuable insights 
from complex datasets, paving the way for advancements in 
predictive modeling and data-driven strategies. 

III. METHODOLOGIES 

CRISP-DM is used as a frame work for this research. The 
Cross Industry Standard Process for Data Mining (CRISP-
DM) is a data mining framework that serves as a basis for 
conducting data science or data mining processes. It consists 
of six sequential stages: Business Understanding, Data 
Understanding, Data Preparation, Modeling, Evaluation, and 
Deployment. These six stages must be understood and 
executed sequentially to yield the best and most accurate 
results in a data mining project [14][15].  

A. Business Understanding 
 This is the first stage of CRISP-DM. It involves 
understanding the business and the use of data mining within 
it. In this research, data mining is used to assist media in 
predicting which player will receive the MVP title in a specific 
season of the NBA. 

B. Data Understanding 
 Data Understanding is the stage of understanding the data. 
In this stage, data is collected and its quality is examined. 
Afterward, data checking will be performed starting from the 
variables and fields within the statistical data. The statistical 
data obtained and used in this research are valid and reliable 
as they are collected from the official NBA source itself. 

C. Data Preparation 
 Data Preparation is the stage where data is prepared to be 
used in a mature and accurate manner. In this research, NBA 
statistics data will be prepared in detail, starting from the data 
cleansing process to remove various factors that could 
destabilize the data's stability, and filtering the data where 
unnecessary fields or variables can be eliminated. This stage 
is crucial in the analysis process because it ensures the quality 
of the data and prepares it for use in a study. Not only that, but 
data readiness will also affect the level of accuracy produced 
in the future. 
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D. Modeling 
 Modeling is the stage of selecting algorithms and forming 
models in a study. In this stage, Machine Learning models will 
be created with predetermined algorithms. In this research, 
Machine Learning models will be created and formed using 
three different algorithms: Decision Tree, Linear Regression, 
and Support Vector Regression. 

E. Evaluation 
 Evaluation is the stage of evaluating the models formed in 
the Modeling stage. In this stage, the three models will be 
evaluated in detail. In this research, the three models will be 
tested and compared with each other. This is done to see if the 
formed algorithmic models are suitable or not, and also to see 
which algorithmic model is most suitable and has the best 
accuracy results. 

F. Deployment 
 Deployment is the final stage of CRISP-DM. In this stage, 
the most suitable or best model will be applied to the data. Not 
only that, but this stage also includes monitoring the models 
used. This is done to reduce the risk of problems occurring and 
to anticipate problems that will arise during the 
implementation process. In this research, the models that have 
been created and evaluated will be applied to NBA statistical 
data and continuous monitoring will be carried out to oversee 
the process in order to produce high and accurate accuracy 
results. 

IV. ANALYSIS AND RESULTS 

A. Business Understanding Stage 
This study aims to predict the Most Valuable Player 

(MVP) in the National Basketball Association (NBA) using 
regression methods. By leveraging player statistics from 
active NBA players, we seek to create an accurate predictive 
model. The regression algorithms employed are Decision 
Tree, Linear Regression, and Support Vector Regression. The 
goal is to develop a reliable model that can predict the MVP 
before the season ends, providing valuable insights with high 
accuracy. 

B. Data Understanding Stage 
The data for this study comprises statistical information 

from active NBA players, sourced from the official NBA 
website, NBA.com. The dataset includes player statistics from 
the 2022/2023 season, encompassing 539 rows and 28 
columns. These rows represent all the players in the NBA.  

The primary metric used for prediction is fantasy points, 
calculated based on various individual statistics such as points, 
rebounds, assists, steals, blocks, and turnovers. The fantasy 
points are assigned as follows: 3 points for every 3-point shot, 
2 points for every 2-point shot, 1 point for free throws, 1.2 
points for rebounds, 1.5 points for assists, 2 points for steals 
and blocks, and a deduction of 1 point for turnovers. 
Analyzing fantasy points provides a comprehensive view of 
player performance and consistency throughout the season. 

The hypothesis is that players with high fantasy points are 
likely to have a significant and consistent impact, making 
them strong candidates for the MVP award. The detailed 
attributes of the dataset are listed in Table 1. 

 

 

Table 1 Data Attributes 

No. Attribute Type Description 
1 player string Name of the NBA player 
2 team string Name of the team 
3 age int64 Age of the player 
4 games_played int64 Number of games played 
5 wins int64 Number of wins 
6 loses int64 Number of losses 

7 minutes_played float64 Average minutes played per 
game 

8 points float64 Average points scored per 
game 

9 field_goals_made float64 Field goals made per game 

10 field_goals_attempte
d float64 Field goals attempted per 

game 

11 field_goals_percenta
ge float64 Field goal percentage 

12 3_point_made float64 Three-point shots made per 
game 

13 3_point_attempted float64 Three-point shots attempted 
per game 

14 3_point_percentage float64 Three-point shot percentage 
15 free_throws_made float64 Free throws made per game 

16 free_throws_attempt
ed float64 Free throws attempted per 

game 

17 free_throws_percent
age float64 Free throw percentage 

18 offensive_rebounds float64 Offensive rebounds per 
game 

19 defensive_rebounds float64 Defensive rebounds per 
game 

20 rebounds float64 Average rebounds per game 
21 assists float64 Average assists per game 
22 turnovers float64 Average turnovers per game 
23 steals float64 Average steals per game 
24 blocks float64 Average blocks per game 

25 personal_fouls float64 Average personal fouls per 
game 

26 fantasy_points float64 Fantasy points based on 
game statistics 

27 double_doubles int64 
Number of double-doubles 
(10+ in two statistical 
categories in a game) 

28 triple_doubles int64 
Number of triple-doubles 
(10+ in three statistical 
categories in a game) 

 This study does not involve interviews for data collection. 
Instead, we focus on analyzing publicly available statistical 
data to identify factors influencing fantasy points in the NBA. 
This approach ensures objectivity and reliability, enabling a 
comprehensive and in-depth analysis without the need for 
subjective input. By utilizing existing data, we aim to provide 
robust insights into the determinants of fantasy points and 
their correlation with MVP candidacy 

C. Data Preparation Stage 
Data preparation is a critical phase where raw data is 

transformed into a refined format ready for analysis. This 
involves several steps including importing necessary libraries, 
labeling data, adding columns for analysis, and checking for 
and cleaning any null values. These steps ensure that the data 
is more accessible, understandable, and ready for in-depth 
analysis. 

The data used in this study was sourced from the official 
NBA website, NBA.com, through web scraping using a 
Google extension tool. The extracted data was compiled into 
a dataset in Excel or .csv format. 

NBA Player Statistics (2022/2023) 

The dataset includes comprehensive statistics for NBA 
players from the 2022/2023 season, sorted by fantasy points 
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earned during the regular season. This limitation ensures the 
data is consistent and relevant. 

Creating a Sitemap for Data Scraping 

A sitemap was created to select the specific data to be 
scraped. This involved naming the sitemap, inputting URLs, 
selecting data, and specifying the rows and columns to be 
extracted. 

Importing Libraries 

The first step in the data preparation process was 
importing all necessary libraries. These libraries facilitate 
various tasks from data reading and modification to model 
creation and result visualization. 

Sorting Data by Fantasy Points 

Data from the 2021/2022 and 2022/2023 seasons were 
sorted by fantasy points. This sorting is crucial as the primary 
variable to be predicted is fantasy points, aiding in a more 
streamlined analysis process. 

Checking Data Variable Types 

Each variable in the dataset was checked for its data type 
to ensure a clear understanding of the data structure. This step 
helps in preparing the data for further analysis. 

Checking for Null Values 

The dataset was thoroughly checked for null values, and it 
was confirmed that there were no null values present. This 
indicates that the data is clean and ready for analysis without 
the need for additional data cleaning processes. 

Splitting and Training Test Data 

 The data was split into variables x and y. Variable x 
included attributes such as age, games played, wins, losses, 
minutes_played, points, field_goals_made, field_goals 
_attempted, field_goal_percentage, three-point_shots_made, 
three-point_shots_attempted, three-point_percentage, free 
_throws_made, free_throws_attempted, free_throw_ 
percentage, offensive_rebounds, defensive_rebounds, total_ 
rebounds, assists, turnovers, steals, blocks, personal fouls, 
double-doubles, and triple-doubles. Variable y comprised the 
fantasy points.  

The dataset was then divided into a training set (80%) and 
a testing set (20%). The training set was used to build the 
model, while the testing set served as unseen data to evaluate 
the model's performance. This ratio ensures that the model can 
generalize well to new data. 

Monitoring and Updating the Model 

 As training data evolves, it is crucial to assess the 
significance of these changes. Minor changes may not impact 
the model's performance significantly, but conceptual changes 
or new data availability necessitate model retraining or 
updates to maintain accuracy and relevance. Regular 
performance monitoring and evaluation against the latest data 
are essential to maintain the quality of the machine learning 
model. 

D. Modeling Stage 
  The modeling stage is crucial for understanding and 

solving complex problems. It allows for the exploration of 
hypotheses, validation of theories, and gaining detailed 
insights into the topic. This research employs regression as a 

key tool to build relationships between relevant variables. 
Specifically, three regression algorithms are used: Decision 
Tree, Linear Regression, and Support Vector Regression. 

The objective is to predict the fantasy points of NBA 
players based on their season statistics. Fantasy points are 
chosen due to their correlation with a player's likelihood of 
being named the Most Valuable Player (MVP). However, 
fantasy points alone do not determine the MVP, as the NBA 
uses additional processes, such as the MVP Race, which 
involves subjective voting by trusted analysts and media, 
known as MVP Shares. This process is inherently subjective, 
as the voting is conducted by trusted analysts and observers 
selected by the NBA for the voting process [16] 

Factors Influencing MVP Selection through Fantasy Points: 

Statistical Analysis: Fantasy points are accumulated from key 
statistics like points, rebounds, assists, and steals. These 
components are critical in evaluating a player's performance 
and their contribution to the team. 

Fan and Media Influence: The popularity of fantasy basketball 
among fans and analysts means that players with high fantasy 
points often receive more attention. This media exposure can 
influence public perception and MVP voting [16]. 

Significant Contribution: High fantasy points indicate 
significant contributions to the team, increasing a player's 
chances of being nominated for MVP. 

While fantasy points play a significant role in the MVP 
selection process, it is essential to remember that the final 
decision involves various subjective factors, including a 
player's impact both on and off the court. For instance, in the 
2018/2019 season, James Harden was named MVP, supported 
by his impressive fantasy point statistics—averaging 64.53 
fantasy points per game and 58.7 during regular games. His 
high fantasy points underscored his dominant performance at 
that season, reinforcing his MVP candidacy.  

Table 2 Comparison of Actual Data and Predictions  

Player Actual 
Data 

Prediction 

DT LR SVR 

Luka Doncic 56.8 56.2 56.7 36.8 
Joel Embiid 56.2 56.2 56.2 36.6 
Nikola Jokic 55.7 40.1 55.4 33.7 
Giannis Antetokounmpo 54.8 54.8 54.7 35.3 
Anthony Davis 52.0 52.0 51.8 34.8 
Shai Gilgeous-Alexander 50.4 50.4 50.4 31.6 
LeBron James 50.3 41.1 50.3 33.3 
Jayson Tatum 49.9 49.9 49.9 35.4 
Damian Lillard 49.1 49.1 49.1 33.3 
Kevin Durant 47.7 41.1 47.5 29.6 
Stephen Curry 46.8 44.8 46.8 31.5 
James Harden 46.2 31.2 46.0 32.6 
Ja Morant 46.0 46.0 46.1 31.8 
Domantas Sabonis 45.8 45.8 45.7 33.8 
Kyrie Irving 44.8 44.8 45.0 30.8 
LaMelo Ball 44.8 44.8 44.6 27.9 
Trae Young 44.6 44.6 44.6 34.6 
Tyrese Haliburton 44.5 44.5 44.2 31.4 
Pascal Siakan 44.3 40.1 44.0 34.1 
Julius Randle 43.2 43.2 43.1 35.2 

 
DT= Decision Tree, LR=Linear Regression, SVR=Support Vector Regression 

 Table 2 provides a summary of the actual data compared 
with predictions made by the Decision Tree, Linear 
Regression, and Support Vector Regression models. 
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E. Evaluation Stage 
The evaluation stage is conducted after the development 

of the three regression models: Decision Tree, Linear 
Regression, and Support Vector Regression. This critical step 
involves assessing the performance of each model using a pre-
established validation dataset. 

Validation Dataset: A separate validation dataset, distinct 
from the training set, is used to ensure an unbiased evaluation 
of model performance. This dataset includes player statistics 
from the 2022/2023 NBA season, which the models have not 
previously encountered. 

Performance Metrics: The models are evaluated based on key 
performance metrics such as Mean Squared Error (MSE), 
Root Mean Squared Error (RMSE), and R2 score. These 
metrics provide a comprehensive view of each model's 
accuracy and predictive power. 

Results: The performance of each model on the validation 
dataset is summarized below:  

Table 3 – Performance Comparison 

Algorithm R2 
Score 

MSE 
Score 

RMSE 
Score 

Decision Tree 92.55% 13.27 2.64 

Linear Regression 99.99% 0.019 0.137 

Support Vector Regression 76.82% 41.19 6.41 

 
Analysis 

Linear Regression: With an R2 score of 99.99%, Linear 
Regression exhibits near-perfect accuracy, making it the most 
reliable model for predicting fantasy points. Its low MSE and 
RMSE scores further confirm its robustness and precision. 

Decision Tree: Achieving an R2 score of 92.55%, the 
Decision Tree model also performs well, though slightly less 
accurate than Linear Regression. Its higher MSE and RMSE 
indicate a modest margin of error. 

Support Vector Regression: While SVR shows reasonable 
predictive capability with an R2 score of 76.82%, it lags 
behind the other models. Its higher error metrics suggest that 
SVR may require more complex or fine-tuned data for optimal 
performance. 

The evaluation phase underscores the efficacy of the 
models in predicting NBA player fantasy points. Linear 
Regression stands out as the top-performing model, followed 
by Decision Tree and Support Vector Regression. These 
results highlight the importance of choosing the appropriate 
algorithm based on the specific characteristics of the dataset 
and the goals of the analysis. 

Through rigorous evaluation, this study confirms that 
these regression models can provide valuable insights and 
accurate predictions, essential for identifying potential MVP 
candidates and enhancing fantasy sports strategies. 

F. Deployment 
The deployment stage involves integrating the developed 

models into a web-based application. This step aims to make 
the research findings accessible to a broader audience and 
serve as a reference for future studies. The deployment is 
executed using Streamlit, allowing users to interact with the 
Decision Tree, Linear Regression, and Support Vector 
Regression models through the web application. 

 This deployment ensures that the research outputs are not 
only useful for current analysis but also provide a practical 
tool for ongoing and future basketball performance 
evaluations. 

 
Fig. 2 NBA MVP Prediction 

Fig. 2 shows the NBA Most Valueable Player Prediction 
Dashboard. This interface features a sidebar with options to 
select different algorithm models. Additionally, there is a file 
upload feature for Excel or CSV files. The uploaded files are 
processed by the selected algorithm model, producing results 
that include scatter plot visualizations, data tables of 
predictions, and R2 scores from the modeling process. 

 
Fig. 3 – Visualization and prediction result 

 Fig. 3 displays the visualization and prediction results 
using the Decision Tree algorithm. To select Linear 
Regression or Support Vector Regression, use the options 
provided on the left side of Fig. 2. 

V. DISCUSSION 
 This study aimed to predict fantasy points for each NBA 
player using three regression algorithms: Decision Tree, 
Linear Regression, and Support Vector Regression (SVR). 
Each algorithm's performance was evaluated based on the R2 
score and the prediction accuracy of fantasy points derived 
from various player statistics. 

 The models and their results are displayed through a web-
based application built using Streamlit [17]. 

The analysis focused on comparing actual fantasy points 
earned by players (based on game performance metrics such 
as points, assists, rebounds, steals, and blocks) with the 
predicted fantasy points estimated by the machine learning 
models. By concentrating on the top 20 players with the 
highest fantasy points, the study ensured a stable dataset less 
affected by high variability. This approach facilitated clearer 
and more understandable presentations, allowing for a more 
accurate assessment of the prediction models against 
consistently high-performing players in fantasy sports. 
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Feature Importance Analysis 

A detailed examination of feature importance across the 
three algorithms reveals valuable insights into the factors 
driving player performance. The Decision Tree algorithm 
identified "minutes played" and "field goals made" as the most 
critical features, emphasizing the significance of a player's 
presence on the court and their scoring efficiency. Other 
notable features included "free throw attempts," "double-
doubles," "assists," "defensive rebounds," "points," and "total 
rebounds." These features collectively underscore the 
multifaceted contributions of players in various aspects of the 
game. 

Support Vector Regression highlighted "points," "assists," 
and "rebounds" as primary features, with additional 
importance placed on "steals," "blocks," and "turnovers." This 
indicates that both offensive and defensive capabilities are 
crucial for achieving high fantasy points. The algorithm's 
emphasis on assists and rebounds aligns with the broader 
understanding that versatile players who contribute in multiple 
areas tend to be more valuable in fantasy sports. 

Linear Regression placed the highest importance on 
"blocks," "steals," "assists," and "rebounds," followed by 
"turnovers," "points," "field goals made," "free throws made," 
and "three-point shots made." This distribution highlights the 
critical role of defensive actions and overall playmaking ability 
in determining a player's fantasy points. By considering a 
comprehensive range of performance metrics, Linear 
Regression provides a nuanced view of player contributions. 

Comparative Performance 

The comparative performance analysis of the algorithms is 
crucial for understanding their predictive power and practical 
applications as shown in Table 3. The Linear Regression 
model, with an R2 score of 99%, demonstrated near-perfect 
accuracy, making it the most reliable predictor of fantasy 
points. Its minimal Mean Squared Error (MSE) and Root 
Mean Squared Error (RMSE) scores further validate its 
precision and robustness. 

Decision Tree, with an R2 score of 92.55%, also performed 
well, although it did not match the high accuracy of Linear 
Regression. Its higher MSE and RMSE scores indicate a 
greater margin of error, suggesting that while it is a strong 
performer, it may not capture all the nuances of the data as 
effectively as Linear Regression. 

Support Vector Regression, despite having the lowest R2 
score of 76.82%, still provided valuable insights. Its 
performance highlights the importance of selecting appropriate 
algorithms based on the dataset's complexity and the specific 
features being analyzed. SVR's higher error metrics indicate it 
may require more complex data to achieve optimal 
performance, as suggested by previous studies. 

These findings are consistent with studies [9] and [10], 
where Linear Regression outperformed Decision Tree. 
Conversely, studies [11] and [12] found that SVR performed 
better with more complex datasets, emphasizing the need for 
appropriate algorithm selection based on dataset properties. 
Despite previous research where Decision Tree surpassed 
Linear Regression, this study found Linear Regression to be 
nearly perfect in performance, underscoring the unique 
influence of dataset characteristics on each algorithm's 
effectiveness. 

VI. CONCLUSION 

This study effectively employed three regression 
algorithms—Linear Regression, Decision Tree, and Support 
Vector Regression (SVR)—to predict fantasy points for NBA 
players based on the 2022/2023 season data. The analysis 
demonstrated that fantasy points, derived from cumulative 
statistics such as points, rebounds, assists, steals, and blocks, 
serve as a reliable benchmark for identifying potential MVP 
candidates. These findings reinforce the importance of 
algorithm selection based on dataset properties to achieve 
optimal predictive performance in basketball analytics. 

Limitations of the Study 

Several limitations were encountered during this study: 

Dataset Scope: The dataset was limited to regular-season 
games, excluding playoff and preseason matches. This 
exclusion aimed to maintain data consistency but may 
overlook performance variations in different game contexts. 

Data Curation: Curating the dataset to include only active 
players for the 2022/2023 season required meticulous filtering, 
which might have inadvertently excluded relevant data points 
that could have influenced the models' accuracy. 

Algorithm Constraints: The study's focus was on three specific 
regression algorithms. Other potentially effective algorithms 
were not explored, which may have provided different insights 
and enhanced predictive performance. 

Subjective Factors: The study primarily relied on quantitative 
data, while subjective factors such as media voting and fan 
influence, which play a crucial role in MVP selection, were not 
incorporated. 

Contributions 

This research contributes significantly to the field of sports 
analytics, particularly in the following areas: 

Algorithmic Insights: It provides a comparative analysis of 
three regression algorithms, highlighting Linear Regression's 
superior performance in predicting NBA player fantasy points. 

Feature Importance: The study offers a detailed examination 
of feature importance across different algorithms, shedding 
light on key performance metrics that drive player success. 

Practical Application: By deploying the predictive models in a 
web-based application using Streamlit, the research enhances 
accessibility and usability for analysts and enthusiasts, 
facilitating informed decision-making in fantasy sports and 
MVP predictions. 

Future Research 

Future research directions include: 

Incorporating Qualitative Factors: Integrating qualitative data 
such as media voting, fan influence, and player off-court 
behavior could provide a more holistic approach to MVP 
prediction. 

Exploring Additional Algorithms: Investigating other machine 
learning algorithms, including ensemble methods and deep 
learning techniques, could further improve predictive accuracy 
and robustness. 

Expanding the Dataset: Including multiple seasons and playoff 
performances could offer a more comprehensive view of 
player capabilities and enhance the models' generalizability. 
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Advanced Statistical Techniques: Applying advanced 
statistical techniques and feature engineering could uncover 
deeper insights and refine the predictive models. 

Real-Time Predictions: Developing models capable of real-
time predictions and updates based on live game data could 
revolutionize fantasy sports and MVP forecasting. 

By addressing these areas, future research can build on the 
findings of this study, advancing the capabilities of sports 
analytics and enhancing our understanding of player 
performance and MVP selection in professional basketball. 
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Abstract— Adverse media is negative information that is not 
profitable for businesses or individuals, while adverse media 
classification is the process of classifying news titles that are 
included in adverse media. In an effort to create a system 
capable of mitigating the occurrence of fraud for customer 
satisfaction, machine learning is used to classify news both as 
detrimental media and not for the selection of news for the 
customer due diligence system. This study utilizes the XGBoost 
and Gradient Boosting algorithms to classify news headlines. A 
data set of 1,281 records was collected from NewsAPI and web 
scraping. Back translation is used in the data preparation stage 
to deal with unbalanced data sets and create text variants Grid 
search is used to find the best hyperparameters for Gradient 
Boosting and XGBoost. The results of the research are in the 
form of a machine-learning model. Across all models examined, 
Gradient Boosting trained on 753 records performed best with 
an accuracy rate of 82.31% on test data and 84.93% on 
validation data. This model is able to be used to classify media 
and then implemented in a web-based interface. 

Keywords— adverse media, classification, gradient boosting, 
website, XGBoost. 

I. INTRODUCTION 

The proliferation of Financial Technology (Fintech) in 
Indonesia has been notably swift, coinciding with the 
society's growing acceptance of digital payments. In 2021, 
there was a 32.5% augmentation in the number of financial 
technology enterprises relative to the preceding year [1]. The 
data from 2022 indicates a rise in electronic money 
transactions, registering a growth of 42.06% in the first 
quarter alone [2]. Furthermore, the financial technology 
sector in Indonesia manifests a Compounded Annual Growth 
Rate (CAGR) of 39% [3]. 

Technology has given rise to financial technology 
(fintech) innovations that make it possible to carry out 
transaction activities quickly and efficiently by utilizing 
technology [4]. The rapid development of financial 
technology also increases the risk of money laundering and 
terrorism financing, especially in this industry. The fast and 
dynamic nature of financial technology makes financial 
technology a medium for money laundering and terrorism 
financing [5]. This causes financial technology companies to 
be required to identify, verify and analyze user risks in 

implementing the Anti-Money Laundering and Counter-
Terrorism Financing (AML-CTF) program[6]. 

A start-up company can try to develop similar technology 
oriented towards solving fraud problems and customer trust 
problems [7]. In improving customer due diligence services, 
a machine learning model is needed to classify data from 
media, especially from online media in Indonesia. The 
adverse media model created will be used to sort data before 
it is processed in the customer due diligence system. The data 
used in making this model comes from scraping on news sites 
and using NewsAPI as the data source for the model to be 
made. 

The research utilizes XGBoost, known for its ability to 
handle large data quickly and manage missing values and data 
imbalance efficiently. However, XGBoost may require more 
time to train the model and a deeper understanding of its 
parameters to achieve optimal results. The study will also use 
Gradient Boosting for adverse media classification to 
determine if XGBoost outperforms its predecessor. 

The ultimate goal is to create a model for classifying 
news into adverse or non-adverse media categories, assisting 
a company in processing customer due diligence data sources 
with higher accuracy. The study aims to address the 
limitations of previous research, particularly in adverse media 
classification in Indonesia. 

II. RELATED WORKS 

Several previous studies have focused on text 
classification related to news data using the AG News dataset. 
The first algorithm for news text classification is XLNet, 
achieving an error rate of 4.45% [8]. This research, conducted 
by Carnegie Mellon University and the Google AI Brain 
Team, reported an accuracy rate of 85.4%. Another study in 
text classification used BERT-ITPT-FiT, with an error rate of 
4.8% [9]. A subsequent study employed LSTM with a Mixed 
Objective Function, resulting in an error rate of 4.95% [10]. 
Another study utilized ULMFiT, achieving an error rate of 
5.01% [11]. 

There are prior studies on text classification using 
machine learning. One such study employed the Random 
Forest algorithm with Gradient Boosting for automated 
complaint categorization [12]. This research successfully 
applied Random Forest and Gradient Boosting for multi-class 
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text classification, with an accuracy of 73%. The limitation of 
this study was that most data were classified into a single 
category due to the words falling into multiple categories. 

Another prior study used Decision Tree and XGBoost for 
COVID-19 vaccine sentiment classification [13]. This 
research produced an XGBoost model with an accuracy rate 
of 66%, and a Decision Tree model with an accuracy of 65%. 
The XGBoost algorithm outperformed the Decision Tree 
algorithm on an imbalanced dataset. This study had the 
limitation of an imbalanced dataset and achieved a low 
accuracy and f1-score of 66%. 

The next study was on fake news classification using the 
XGBoost algorithm [14]. This research achieved an accuracy 
rate of 92% with an 80:20 dataset ratio. This level of accuracy 
was obtained based on parameter tuning. The limitation of 
this study was that the dataset contained only 100 randomly 
distributed data points. The research may only have the best 
accuracy on specific datasets and may not produce the same 
accuracy level on different datasets. 

Another study predicted chronic kidney failure by 
comparing Grid Search and Random Search methods for 
hyperparameter tuning in the XGBoost algorithm[15]. This 
study achieved an accuracy rate of 99.29% and an f-measure 
of 0.99. XGBoost with hyperparameter tuning, z-score 
normalization, and random oversampling played a significant 
role in achieving this accuracy. The drawback of this study 
was the lengthy time taken to find the correct 
hyperparameters using Grid Search. In addition, the study 
was not tested on different types of datasets, so the 
generalization ability of the model was unknown. 

Another study predicted and diagnosed future diabetes 
risk using machine learning. This study produced a model 
with an accuracy rate of 85% using Gradient Boosting, 77% 
with Naïve Bayes, and 79% with Logistic Regression[16]. 
This research achieved high predictive accuracy and used 
algorithms that are excellent for regression problems, such as 
Gradient Boosting. This research had several limitations, such 
as the fact that the data used did not cover the entire 
population. The research only used BMI and plasma glucose, 
which are crucial in predicting diabetes. The study has 
potential overfitting issues because it does not address 
potential overfitting that can occur in the model. 

Based on the results of previous research using machine 
learning algorithms like Random Forest, convolutional neural 
network, complement, multinomial naïve bayes, Linear 
Regression, and XGBoost, there is currently no research on 
creating models for adverse media, particularly in the 
Indonesian language. Most of the research on customer due 
diligence and adverse media is conducted privately. 
Moreover, this research uses datasets that are not publicly 
available and requires scraping techniques and API calls for 
data collection. Therefore, this study will focus on creating a 
machine learning model used for classifying news, especially 
online media, whether the content of the news falls into 
adverse media or not. This study also tests the use of TF-IDF 
as in research [18], as well as the use of CountVectorizer and 
Tokenizer, which are commonly used in text data feature 
extraction. The use of Grid Search in this study aims to 
determine the best parameters more efficiently. Grid Search 
facilitates the discovery of optimal hyperparameters in the 
algorithms used. The parameters will influence the level of 
accuracy as revealed in studies [14], [15]. 

III. METHODOLOGY 

This research will create a machine learning model to 
classify news and identify whether the news is classified as 
adverse media or not. The algorithms used in model training 
are XGBoost and Gradient Boosting. The research 
methodology is depicted in the flowchart presented in Fig. 1. 

 
Fig 1. Research Flow 

A. Data Collection 

Data is gathered using two methods: web scraping and 
the NewsAPI. The collected news data will be sorted based 
on keywords that indicate adverse media. The keywords used 
are based on guidelines from the Indonesian Center for 
Reporting and Analysis of Financial Transactions (Pusat 
Pelaporan dan Analisis Transaksi Keuangan (PPATK)). The 
total data generated is 1,281 records originating from the 
keywords "korupsi" (corruption), "suap" (bribe) and 
"narkotika" (narcotics). The data collection process was from 
24 January 2022 to 6 February 2022. 

B. Exploratory Data Analysis 

Exploratory data analysis in this study is by using the 
univariate analysis method. The analysis is carried out using 
news title data by calculating the frequency of words from the 
available dataset. This analysis also looks at the words that 
appear the most in the news headlines and the words that 
appear the least often in the news headlines. Apart from 
frequency, another analysis is by making histograms and 
word clouds to find out more about the data used. 

C. Data Pre-processing 

This stage is the stage in the process of cleaning the data 
and turning the news text into a token matrix. In the process 
of cleaning the data, the data obtained must be cleaned of 
some characters that are not needed. After that, a case folding 
process is carried out which has the goal of turning all letters 
into lowercase letters [17]. Besides that, the process of 
cleaning the data also needs to remove stop words so that they 
don't interfere with the training process in model making. 
Next stage is to perform the feature extraction process using 
several types, namely TF-IDF, Tokenizer, and 
CountVectorizer. 

D. Model Selection 

According to the previous research, it stated that there is 
no model that is generally suitable for certain data and 
purposes. The process of finding a model that fits the dataset 
that is owned is done by finding the most suitable model or in 
accordance with the characteristics of the existing data [19]. 
Model selection is used to get the best model according to the 
data provided. The model selection process in XGBoost and 
Gradient Boosting is done by looking for the best 
hyperparameter with the best performance. The process of 
finding the best hyperparameters in XGBoost and Gradient 
Boosting can be done using a grid search. XGBoost has 
several hyperparameters that can be used. Some of these 
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parameters include learning_rate, max_depth, 
min_child_weight and gamma [18]. 

E. Model Evaluation 

Model evaluation is done by comparing the average 
precision and recall values between the train data and test data 
or validation data. If the difference exceeds 15%, the model 
is overfitting. If the difference is less than 1%, the model is 
underfitting. The optimal model has a difference between 1% 
and 5%. The calculation process from the difference between 
precision and recall and generates Good Fit, Overfit and 
Underfit labels. The resulting model is as shown in table 1. 

TABLE I.  MODEL RESULTS 

Dataset Algorithm Accuracy Fit 5% Fit 15% 

753 Gradient 
Boosting - 

CountVectorizer 

82.31% Overfit Good Fit 

1.281 XGBoost – TF-
IDF 

78.54% Overfit Good Fit 

The top-performing model derived from XGBoost 
demonstrates a robust performance, incorporates TF-IDF text 
processing, and makes use of a dataset with 1,281 instances. 
With regard to test data and validation data, this model 
achieves an admirable accuracy of 78.54% and 82.52%, 
respectively. It was chosen because it strikes a better balance 
between model stability and performance. In particular, it 
performs better than alternatives in terms of metrics like 
precision, recall, F1-score, and overall accuracy. Due to 
overfitting concerns in models using CountVectorizer under 
various dataset conditions, a problem that was particularly 
noticeable within the XGBoost framework, the use of TF-IDF 
emerged as a viable option. 

Moving on to the area of Gradient Boosting, the top model 
uses CountVectorizer for text processing and runs on a dataset 
with 753 instances. This model stands out because it performs 
at its best across a variety of evaluative criteria, such as 
accuracy, precision, recall, and F1-score. Despite exhibiting 
slight overfitting symptoms—encountered at the 5% limit but 
avoided at the 15%—the model maintains its usefulness in 
practice due to its reliable and outstanding performance. It 
produces test data accuracy rates of 82.31% and validation 
data accuracy rates of 84.93%. 

The Gradient Boosting model, distinguished by its 
accuracy rate of 82.31% on test data and 84.93% on validation 
data, is chosen for the deployment phase after a thorough 
comparison of the two models. The deployed model will be 
used to categorize news titles into negative media categories, 
demonstrating a robust use case for the model. The selected 
model is ready for integration with the Flask framework at the 
deployment stage. 

F.  Deployment 

 Deployment is carried out using a website platform 
connected to the Adverse Media Classification API. The 
backend of Adverse Media Classification is built using the 
Python Flask framework. The Flask framework handles 
request from the frontend, routing them to the designed 
endpoints for processing. The backend subsequently validates 
data and executes the specified algorithm. The backend 
invokes the model and the responses from the model then 
converted into JSON values to utilization on the frontend 
page. The backend requires several parameters in using the 

Adverse Media Classification model. The parameters used 
are title and algorithm. The title parameter will be used as the 
title of the news that will be analyzed with the model that has 
been made. Algorithm parameters are used to select the 
algorithm used in the classification process. The website 
platform can be accessed via the frontend once it has been 
deployed. Users can access the website from anywhere, 
provided they have an internet connection and the platform is 
deployed on the server. 

IV. RESULTS AND DISCUSSION 

This study offers a comparative evaluation of machine 
learning models for media classification with a specific focus 
on adverse and non-adverse categories. Gradient Boosting 
and XGBoost models were investigated thoroughly, with the 
former exhibiting superiority in terms of accuracy, precision, 
recall, f1-score, and train-test differences. The achieved 
accuracy rate for most models exceeded 70%. 

The study employed diverse text processing techniques 
such as TF-IDF, CountVectorizer, and Tokenizer, yielding 
varying results. Despite the Tokenizer's high accuracy in 
certain models, its performance was subpar on test data due 
to overfitting, suggesting the necessity for further 
investigation. Interestingly, the study discovered that there is 
no direct correlation between data volume and model 
accuracy. This suggests that increasing the amount of data 
does not necessarily result in decreased accuracy. The 
research also underscored the idea that the accuracy achieved 
in machine learning models may not always represent real-
world accuracy due to limitations such as data availability and 
variations in word usage. 

These findings align with previous studies. For example, 
the Gradient Boosting model outperformed the Random 
Forest in a study titled "Automatic Complaints Categorization 
Using Random Forest and Gradient Boosting"[12], a result 
that was replicated in the current study. Likewise, the 
effectiveness of Grid Search, which was used in the current 
study, was confirmed in "Performance Comparison of Grid 
Search and Random Search Methods for Hyperparameter 
Tuning in Extreme Gradient Boosting Algorithm to Predict 
Chronic Kidney Failure"[15]. The practical application of this 
research is the creation of a website for news title analysis. 
The study recommends continuous monitoring of model 
performance to guarantee its applicability. Furthermore, there 
is potential for future enhancements and the integration of the 
model into company’s customer due diligence systems via an 
API. 

V. CONCLUSION 

The accuracy of the produced model in classifying 
adverse media and non-adverse media becomes a measure of 
the effectiveness of the generated model. The classification 
model was created using the Python programming language, 
applying the XGBoost and Gradient Boosting algorithms. 
The result of the created model will be embedded in a Flask 
framework, and users can utilize this model through a web 
page or API call. The model used is a Gradient Boosting 
model with an accuracy rate of 82.31% on test data and 
84.93% on validation data. 

The model from this research can be used to classify 
adverse media on new, which this classification process will 
simplify the task of grouping the news that will be used in the 
customer due diligence system. This model is already usable 
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in the classification process but still needs further 
development due to the limitations of the data used. 

The generated model is a model from the Gradient 
Boosting algorithm with an accuracy value of 82.31% on test 
data and 84.93% from validation data. Although these models 
have a sufficient accuracy rate, it should be remembered that 
the limitations of the data used in this study affect the model's 
performance. The amount of data used is only as much as 753, 
which is still considered insufficient. Therefore, to improve 
the performance of this model, more data and more complex 
word combination variations are required. 

In addition, these models may not effectively deal with 
new data that has never been taught during training. The 
variation of circulating news titles is very diverse, and this 
model may not be able to handle all these variations with a 
high accuracy rate. Therefore, this research recognizes these 
limitations and suggests using more data in future research to 
improve model performance. 
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Abstract— The exhaust CO, CO2, O2, SO2, and NO gas 
emissions of a gas turbine-powered compressor unit under 
specific operating conditions are studied. Due to the high costs 
of hardware, maintenance, and calibration, Predictive 
Emissions Monitoring Systems (PEMS) is a more potential 
alternative to traditional CEMS for monitoring gas turbine 
emissions. PEMS provides a cost-effective and precise solution 
to traditional hardware-based emissions monitoring by 
employing algorithms to predict emissions. Market PEMS 
models use empirical approach modeling with limited data. This 
research explores Decision Trees and Random Forest for a new 
model that can handle more data of multiple inputs and output 
and compares its performance to the GRNN modelling 
approach. This study analyzed one million data points on gas 
turbine emissions (collected from 2021 to 2023) and found 
Random Forest to be the most accurate prediction method, 
while Decision Tree offers a good balance for smaller datasets, 
and Generalized Regression Neural Network (GRNN) is best for 
simpler data. 

Keywords—Decision Tree, Emission, GRNN, Prediction, 
Random Forest 

I. INTRODUCTION 
Gas turbines are essential for the process industry, power 

generations, and transportation. However, it also contributes 
to emissions by releasing pollutants like Nitrogen Oxide 
(NO), Carbon Monoxide (CO), Sulphur Dioxide (SO2), and 
other particulate matter [1],[2]. 

Continuous Emissions Monitoring Systems (CEMS) are 
widely used as monitoring devices for gas turbine emissions. 
To sustain its level of accuracy, CEMS requires substantial 
costs for acquiring hardware, ongoing maintenance, and 
regular calibration of sensors. Predictive Emissions 
Monitoring Systems (PEMS) have emerged as viable 
alternatives to Continuous Emissions Monitoring Systems 
(CEMS) for various process industries to mitigate expenses 
related to emissions monitoring. This system does not require 
installing equipment such as CEMS and can use the available 
field process data. 

Based on the available literature, it has been observed that 
the development of PEMS in the market has predominantly 
utilized a non-linear regression mathematical model approach 
and a simple artificial neural network method. However, the 
predicted results obtained through these methodologies have 
been discovered to show a significant deviation from the 
original data pattern. 

II. EMISSIONS PREDICTION OVERVIEW 

A. Gas Turbine 
The gas turbine is a type of internal combustion engine that 

consists of several critical elements, such as a compressor, 
combustion chamber, turbine, and even a power turbine. 
Incoming air is compressed by the compressor before being 
mixed with fuel in the combustion chamber, where it ignites. 
The main turbine is powered by high-velocity exhaust gases, 
which generate mechanical energy for a variety of purposes, 
including aircraft propulsion and electricity generation. 

B. Emissions Predictions Researches  
A specific PEMS model of a natural gas turbine-driven 

compressor was developed by [3] in 2011 using optimized 
Neural Network architecture to predict the emissions of NOx 
(multiple inputs, single outputs), a grey box modelling. The 
neural network is based on feed-forward architectures with 
back-propagation optimization. As a result, the input variables 
uncertainty contributed to 0.9-3% of NOx (ppmv) and 3.5-6% 
of NOx (kg/hr). 

In 2019, [3], [4] is predicting the emissions of gas turbines 
using machine learning for classification and regression called 
ELMs (Extreme Learning Machines). The total dataset used is 
36,733 over 5 (five) years of operations. It has been observed 
that predictive performance is related to the strong level of 
correlation (CO compared to NOx predictive case). Dataset 
size will correlate to the maximum mean absolute error.    

A model to predict the NOx emissions on the natural gas-
fired cogeneration unit has been developed by [5] involving 
12,086 examples of datasets and 3,020 testing sets. They used 
a neural network-based model with 8 (eight) input variables to 
predict a single NOx as output. Using the test dataset, the 
model resulted in a 0.14% difference between measured and 
predicted values. 

III. METHODOLOGY 
According to [6], process data collection, model 

development, validation, and testing are the main activities of 
PEMS implementation. To ensure the highest reliability and 
robustness of the final models, the data collection phase must 
be precisely designed and executed to involve all typical 
operating scenarios [7]. 
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Fig. 1. Emission prediction development approach 

Model creation and test are essential parts of any emission 
prediction development. This involves multiple tasks, from 
raw data preparation to the model's final testing. These tasks 
require applying advanced statistical, mathematical, and 
modelling techniques. 

CEMS PEMSModel

Calibration
 

Fig. 2. Model calibration scheme 

The Fig. 3 shows a PEMS (Predictive Emissions 
Monitoring System) model. Inputs like gas flow, fuel, and 
various process and turbine engine’s parameters readings are 
fed into the model. The model then uses these inputs to predict 
emission levels of CO, CO2, O2, SO2, and NO. The diagram 
illustrates how PEMS uses operational data to predict 
emissions.  

Gas throughput

Fuel gas flowrate

Suction pressure

Discharge pressure

Pressure ratio

Air inlet temperature

IGV opening

GG pressure discharge

Compressor load

Power turbine speed

GG low pressure

GG temperature outlet

Exhaust temperature
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GG high pressure

PEMS Model

CO CO2 O2 SO2 NO2
 

Fig. 3. PEMS model with input and output variables 

A. Generalized Regression Neural Network (GRNN) 
The Generalized Regression Neural Network (GRNN), the 

typical schematic shown in Fig. 4, is a modified version of 
radial basis neural networks. The suggestion of using GRNN 
was made by D.F. Specht in 1991[8].  

GRNN is an adaptable tool that can be employed for 
regression, prediction, and classification tasks. The 
Generalized Regression Neural Network (GRNN) is an 
appropriate choice for effectively addressing online 
dynamical systems [9]. GRNN is an enhanced method in 
neural networks that is based on nonparametric regression. 
The concept is that each training sample will serve as a 
reference point for a radial basis neuron [10]. 

 
Fig. 4. Typical schematic diagram of GRNN[10]  

Python script is used to perform GRNN modelling using 
the sklearn library. It begins with importation of the required 
libraries and metrics which will be used to calculate the model 
performance. A regression neural network model is generated 
and then train this model using the standard scaled training 
data. The model makes predictions on the scaled test data after 
this training process. The Phyton script is built around three 
basic routines: linear regression, model training, prediction of 
new data with the model. 

Using a setup with 16 input parameters, a 32-neuron 
hidden layer with ReLU activation, a single output neuron 
with linear activation, and 100 epochs of Adam's optimization, 
the GRNN method is applied as a predictive model. 

B. Decission Tree 
A decision tree is a crucial tool in machine learning, 

functioning as a supervised learning method [11]. A decision 
tree is so named because it resembles an actual tree. Beginning 
with a single root node, it branches out to internal nodes in 
response to decisions made by the system (questionnaires 
regarding the features of the data). The branches ultimately 
extend to leaf nodes, symbolizing the ultimate forecasts or 
classifications. Due to the flowchart-like structure that 
simplifies comprehension of the reasoning behind the model's 
decisions, decision trees are widely used.  

This is a significant advantage over other machine learning 
algorithms; it can be applied to both classification and 
regression tasks (predicting discrete categories and continuous 
values, respectively). It is a well-established method for which 
numerous tools and algorithms are available [12], [13]. 

By using Python script, the implementation of a decision 
tree regression model is utilizing the sklearn library. It begins 
by creating an instance of Decision Tree Regressor. The 
model is trained on the scaled training data and predictions on 
the scaled test data are made. 

C. Random Forest 
An algorithm for machine learning, the random forest is an 

extension of the decision tree concept [14], [15], [16]. It is a 
supervised learning method, like decision trees, in which 
predictions are generated for unobserved data using 
information learned from labeled data. Random forests are an 
effective method due to their utilization of ensemble learning. 
In other words, they generate a single, more precise prediction 
by combining the outputs of numerous decision trees [17]. 
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The Python script will utilizes a Random Forest regressor 
from the sklearn library to make predictions. The process 
begins by importing the Random Forest Regressor and 
creating an instance of the model with number of estimators 
set to 10 and a random state of 30 to ensure reproducibility. 
The model is trained on the scaled training data. After training, 
the model predicts the target variable on the scaled test data. 

D. Model Performance Measurement 
According to [18], to assess the model's performance, 

mean squared error (MSE), mean absolute error (MAE), mean 
absolute percentage error (MAPE), and the R² score are 
calculated. These metrics provide a comprehensive evaluation 
of the model's accuracy and predictive power. 

𝑀𝑆𝐸 ൌ ∑ ሺ𝑃௜ െ 𝑂௜ሻଶே
௜

𝑁  (1) 

𝑀𝐴𝐸 ൌ ∑ |𝑃௜ െ 𝑂௜|ே
௜

𝑁  (2) 

𝑀𝐴𝑃𝐸 ൌ 1
𝑁ቆ

∑ |𝑃௜ െ 𝑂௜|ே
௜
𝑂௜

ቇ (3) 

E. Process Equipment Description 
For the study, a compressor unit powered by a gas turbine 

is chosen. The suction pressure is 30 psig with a discharge 
pressure of 210 psig. The gas flow rate is designed to be 100 
MMscfd and driven by a capacity of 39,520 horsepower (hp). 

The compression system is equipped with a Continuous 
Emissions Monitoring System installed on the exhaust stack. 
This equipment is utilized to analyze the flue gas emissions 
profile, specifically Carbon Monoxide (CO), Carbon Dioxide 
(CO2), Oxygen (O2), Sulphur Dioxide (SO2), and Nitrogen 
Oxide (NO). 

F. Dataset Preparation 
Turbine and CEMS emissions-related process data 

collected at 5-second intervals from 00:00 on January 1, 2021, 
to 23:59 on December 31, 2023, from Process Historian Data. 
The predictive model development should be based on 
consistent and dependable process variables. The procedure 
for choosing the process variables is as follows: 

 To ensure the model's accuracy, a single tag has been 
chosen to eliminate the exact process variable duplication 
[5].  

 Identified potential process variables that contributed to 
emission pollutants productions, did a correlation analysis, 
and removed process variables unrelated to the production 
of emissions pollutants.  

 Eliminated process variables with nearly zero variance do 
not significantly improve prediction.  

 Collected data of continuous emissions monitoring system 
or process equipment downtime in specified maintenance 
periods were removed. This includes data rows with 
missing values that were removed.  

 Discharged or eliminated process data corresponding to 
the possibility of instrumentation noise measurements, 
such as negative value, over-range, and under-range spike 
value, etc.). 

Sixteen process variables were preliminary selected post 
the completion of the above steps as the input of model 

development, which are gas throughput, fuel gas flowrate, 
suction pressure, discharge pressure, pressure ratio, 
combustion air inlet temperature, IGV opening, GG pressure 
discharge, compressor load, power turbine speed, GG low 
pressure, GG high pressure, GG temperature outlet, exhaust 
temperature, and fuel gas temperature. An individual total of 
50,337 data of each process variable, including emissions 
pollutants variables (CO, CO2, O2, SO2, and NO).  

A total of 1,006,740 data sets will be employed for 
emission prediction model development. 

TABLE I.  DATASET ALLOCATION 

Dataset Data Numbers 

Training (80%) 805,392 

Test (20%) 201,348 

Total – Data 1,006,740 

The data set was partitioned into a training set (80%) and 
a test set (20%), following a random shuffling process. The 
training set comprised the data utilized to construct models 
and optimize weights and biases for specific network 
structures. 

G. Preliminary Data Analysis  

The emission basic statistical data is revealed in TABLE 
II. It presented the dataset numbers of each variable, mean, 
minimum, and maximum range.  

TABLE II.  BASIC STATISTICAL DATA INFORMATION 

 
Two steps of correlation-specific measurement involve 

process data as input and measured emission data reading as 
an output variable, which is input to input variables and input 
to output variables. 

In Fig. 5, the linear dependency between two random 
variables is measured using Pearson’s correlation. The 
correlation table presents useful insight into the 
interrelationships among different performance metrics 
associated with a gas turbine engine. 

It demonstrates that flow rate is correlated positively with 
emissions and fuel consumption, but negatively with 
efficiency metrics such as exhaust temperature. While the 
correlation between load and most other metrics is positive, 
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the correlation between load and GGHP and FGT is relatively 
lower. 

Flow and fuel consumption display an exceptionally 
robust positive correlation (0.97). This suggests that an 
increase in flow through the turbine corresponds to a 
proportionate increase in fuel consumption. This is probably 
due to the requirement that more fuel is required to produce 
additional power by consuming more gas. 

 
Fig. 5. Data correlation analysis 

Fuel consumption and emissions demonstrate robust 
positive correlations, as evidenced by the coefficients of 
determination for NO (0.98), CO (0.95), CO2 (0.91), and SO2 
(0.93). This means that emissions tend to increase in parallel 
with fuel consumption. This is because fuel combustion 
generates these pollutants. 

Several efficiency metrics, including EXHT (-0.96) and 
TOUT (-0.09), show robust inverse correlations with flow. 
This indicates that an increase in turbine flow results in a 
related reduction in both the exhaust temperature (EXHT) and 
the turbine outlet temperature (TOUT). This indicates that 
higher flow rates result in more efficient operation of the 
engine. 

Certain emission metrics and efficiency metrics exhibit 
robust inverse correlations. As an illustration, NO exhibits a 
negative correlation of -0.96 with EXHT and -0.18 with 
TOUT. This implies that there is a positive correlation 
between engine efficiency (as indicated by lower exhaust 
temperatures) and NO emissions, which are typically reduced. 

IV. RESULT 

A. GRNN 

Generalized Regression Neural Network (GRNN) is well-
suited for modelling the relationship between the anticipated 
output variables' test value and the actual test value in the 
dataset. The data points exhibit a clustering pattern around the 
regression line, and the R-squared value is approaching 1. This 
indicates that the model can precisely forecast the test value 
of the output variable, based on the features used for the linear 
regression model. 

The measured carbon monoxide (CO) levels typically 
exceed the anticipated CO levels. Consequently, the PEMS 
model provides a lower estimate of the CO concentration. 
There is a consistent correlation between higher real CO 
values and higher CO readings overall in Fig. 6. However, the 
projected values indicate more variance from the actual 
measurements if the CO contents are higher. 

There are obvious deviations and clusters of points that 
deviate from the perfect prediction line, suggesting that the 
model routinely underpredicts or overpredicts in certain 
locations. 

 
Fig. 6. CO test vs prediction using GRNN 

 
Fig. 7. CO2 test vs prediction using GRNN 

 
Fig. 8. O2 test vs prediction using GRNN 
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The data points in Fig. 6 are scattered around the diagonal 
line, which shows the model's predictions aren't perfect. But 
there's a clear trend that the higher of actual CO measurement, 
the higher of the predicted CO value, and vice versa for lower 
concentrations. This means the model does a good job of 
following the general trend of the CO levels, even if it's not 
always exactly right. 

The graph in Fig. 7 shows a positive correlation between 
measured and predicted CO2 concentration (ppmv) using the 
GRNN method, indicating the model predicts higher CO2 
levels when actual levels are high and vice versa, but with 
some scattered data points suggesting room for improvement 
in accuracy. 

B. Decision Tree 
The Fig. 9, Fig. 10, and Fig. 11 below represent the results 

of Decision Tree (DT) modelling and the correlation between 
the predicted test values of the output variables and the actual 
test values in the dataset. 

 
Fig. 9. CO test vs prediction using Decision Tree 

 
Fig. 10. CO2 test vs prediction using Decision Tree 

 
Fig. 11. O2 test vs prediction using Decision Tree 

The Decision Tree method demonstrates outstanding 
predictive performance for CO, CO2, O2, SO2, and NO, as 
evidenced by the graph Fig. 9 analysis. Similar to the Random 
Forest graph, the data points form a straight line along the 
diagonal, indicating very high accuracy and a strong 
correlation between the test and predicted values.  

This high level of precision suggests that the Decision 
Tree method is highly effective in predicting, with predictions 
closely aligning with the actual test values. Overall, the 
Decision Tree method's performance is comparable to that of 
the Random Forest method, highlighting its robustness and 
reliability for this task. 

C. Random Forest 

 
Fig. 12. CO test vs prediction using Random Forest 

The graphics in Fig. 12, Fig. 13, and Fig. 14 illustrate the 
outcome of Random Forest (RF) modelling and the result of 
the correlation between the predicted test values of the output 
variables and the actual test values in the dataset. Fig. 12 
indicates a very high correlation between the test and 
predicted values, suggesting that the Random Forest method 
has very high accuracy in predicting CO values. The model 
predictions are almost perfect, as shown by the close 
alignment of the points with the diagonal line. 

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

97

29

29

Page 117 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 117 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



 
Fig. 13.CO2  test vs prediction using Random Forest 

The Random Forest and Decision Tree methods exhibit 
almost perfect accuracy in predicting, as evidenced by the 
tight clustering of points along the diagonal line in the graphs. 
This indicates a very strong correlation between the test and 
predicted values. In contrast, the GRNN method, while still 
accurate, shows more variation and less precision, particularly 
at higher values. 

In terms of consistency, both the Random Forest and 
Decision Tree methods deliver very consistent results across 
the entire range of values. The GRNN method maintains good 
consistency at lower values but demonstrates less reliability at 
higher values. 

 
Fig. 14. O2 test vs prediction using Random Forest 

Based on this graphical analysis, the Random Forest and 
Decision Tree methods are preferable for prediction due to 
their superior accuracy and consistency. The GRNN method, 
while useful, may require further tuning or additional data to 
enhance its predictions, particularly for higher values. 

D. Model Performance Evaluation 
The Mean Squared Error (MSE) is a metric that quantifies 

the average of the squared differences between the projected 
values and the actual values, a lower mean squared error 
(MSE) value suggests superior performance.  

The Mean Absolute Error (MAE) is a metric that 
quantifies the average absolute difference between the 
anticipated values and the actual values, a lower mean 
absolute error (MAE) value suggests superior performance. 

The MAPE (Mean Absolute Percentage Error) is a metric 
that calculates the average absolute percentage difference 
between the projected values and the actual values, a lower 
Mean Absolute Percentage Error (MAPE) signifies superior 
performance. 

 R2 indicates the amount of variation in the dependent 
variable that can be accounted for by the independent 
variables, a higher R2 value suggests a stronger correlation 
between the model and the data. 

TABLE III.  MODEL PERFORMANCE INDICATOR 

  GRNN DT RF 

CO 

MSE 5.64171 0.00114 0.00057 
MAE 1.77527 0.00600 0.00514 
MAPE 0.01258 0.00005 0.00004 
R2 0.99475 1.00000 1.00000 

CO2 

MSE 0.20682 0.00010 0.00003 
MAE 0.32500 0.00059 0.00059 
MAPE 0.01448 0.00003 0.00003 
R2 0.98440 1.00000 1.00000 

O2 

MSE 0.01012 0.00000 0.00000 
MAE 0.06979 0.00013 0.00015 
MAPE 0.00470 0.00001 0.00001 
R2 0.98950 1.00000 1.00000 

SO2 

MSE 0.15401 0.00005 0.00002 
MAE 0.27936 0.00091 0.00113 
MAPE 0.17964 0.00014 0.00022 
R2 0.99853 1.00000 1.00000 

NO 

MSE 0.28317 0.00004 0.00004 
MAE 0.36188 0.00116 0.00124 
MAPE 0.03444 0.00006 0.00006 
R2 0.99361 1.00000 1.00000 

 

The TABLE III. above presents a comparison of the 
performance of three distinct machine learning models: 
Generalized Regression Neural Network (GRNN), Decision 
Tree (DT), and Random Forest (RF), to several target output 
variables (CO, CO2, O2, SO2, and NO). 

According to the R2 values, all models appear to be doing 
exceptionally well, with values approaching 1.0 for the 
majority of target variables.  

The Random Forest (RF) algorithm demonstrates superior 
performance across all metrics, consistently earning the 
lowest Mean Squared Error (MSE), Mean Absolute Error 
(MAE), and Mean Absolute Percentage Error (MAPE) values 
for the majority of goals. The Decision Tree (DT) algorithm 
also has strong performance, with MSE and MAE values that 
are highly similar to those of the Random Forest (RF) 
algorithm in the majority of cases. 
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Generalized Regression Neural Network (GRNN) exhibits 
the lowest performance as indicated by its MSE and MAE 
values, although maintains high R2 values. However, the 
selection of the optimal model might be contingent on the 
relative importance of minimizing absolute errors versus 
squared errors for the given application. 

E. Relatives Variables Importances 

TABLE IV.  RELATIVE VARIABLE IMPORTANCES 

 CO CO2 O2  SO2  NO 

FLOW   5.61E-04 3.02E-05 7.97E-04 7.93E-05 8.91E-05 

FUEL     6.38E-01 8.78E-01 1.25E-01 7.98E-01 7.29E-01 

PSUC     2.57E-05 4.43E-05 4.17E-05 2.64E-06 2.24E-05 

PDIS     4.39E-05 1.86E-04 5.94E-04 2.22E-05 9.65E-03 

PRAT    7.09E-03 1.24E-03 6.43E-04 9.70E-02 1.64E-01 

CAIT     3.45E-04 6.04E-03 2.66E-04 5.86E-03 2.29E-05 

IGV      2.57E-04 4.12E-05 1.10E-03 4.76E-05 7.01E-04 

GGPD    1.96E-01 1.34E-03 4.80E-02 2.54E-03 5.29E-03 

LOAD   7.11E-02 3.81E-03 9.44E-04 7.78E-03 2.64E-03 

PTS     1.29E-03 9.11E-02 1.10E-04 8.49E-02 6.83E-02 

GGLP    7.06E-02 1.71E-04 1.05E-04 1.60E-05 1.85E-04 

GGHP    2.07E-07 5.19E-07 6.80E-07 5.08E-07 1.48E-06 

GGTE    2.87E-07 3.12E-07 9.05E-07 2.02E-08 6.74E-07 

EXHT    1.45E-02 1.85E-02 8.23E-01 3.71E-03 2.04E-02 

FGT      3.19E-07 2.23E-07 1.50E-06 6.63E-08 4.70E-07 

TOUT    2.10E-07 3.88E-07 7.95E-07 2.08E-08 1.66E-07 

 

The Relative Variable Importance (RVI) metric is 
employed to quantify the significance of each feature 
(variable) in prediction. RVI assesses the contribution of each 
feature to the model's predictions by assigning it a score. 
Preference is given to characteristics that have higher RVI 
scores over those that have lower scores. 

According to the modelling outcome, FUEL is the primary 
input variable that significantly influences the prediction of 
CO, CO2, SO2, and NO emissions. Consequently, the input 
variables TOUT, FGT, GGHP, GGTE, and TOUT will have 
the least influence. 

 
Fig. 15. RVI of CO prediction 

 
Fig. 16. RVI of O2 prediction 

F. Conclusions 
Random Forest (RF) demonstrates superior overall 

prediction performance. The MSE, MAE, and MAPE values 
are at their minimum, suggesting that the predictions closely 
align with the actual values in terms of squared errors, 
absolute errors, and percentage errors.  

The Decision Tree (DT) algorithm likewise has strong 
performance, as indicated by its Mean Squared Error (MSE) 
and Mean Absolute Error (MAE) values, which are very 
similar to those of the Random Forest (RF) algorithm. This 
indicates that the decision tree effectively captures the 
significant elements of the data for forecasting.  

Generalized Regression Neural Network (GRNN) exhibits 
the poorest performance when evaluated using Mean Squared 
Error (MSE) and Mean Absolute Error (MAE). Although the 
R2 value is high, suggesting a strong match, the elevated MSE 
and MAE indicate that the prediction errors might be bigger 
in comparison to DT and RF.  

G. Recommendations 
Determining the optimal model selection is dependent on 

specific requirements. The following considerations must be 
considered: 

 When it comes to minimizing errors in predicting values, 
Random Forest is the best choice due to its lowest Mean 
Squared Error (MSE), Mean Absolute Error (MAE), and 
Mean Absolute Percentage Error (MAPE).  

 Model interpretability is crucial when it comes to 
understanding the reasoning behind a model's predictions. 
In this regard, Decision Trees are often more 
straightforward to interpret than Random Forests. 

 Random Forest typically necessitates a larger amount of 
data to attain optimal performance, in comparison to 
Decision Tree or Generalized Regression Neural Network. 
If the available data is restricted, it would be more 
advantageous to use either a Decision Tree or Generalized 
Regression Neural Network for analysis. 
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Abstract—Sentiment analysis (SA) has garnered significant 
attention due to its application in understanding and 
interpreting human emotions from text data. Traditional SA 
models often face challenges when applied across different 
domains because of varying vocabulary, context, and language 
usage. Cross-domain SA aims to bridge this gap by transferring 
knowledge from one domain to another. Data distributions are 
different across domains and a possible solution is to learn a 
different system for each domain. However, it is challenging to 
design a resilient and cost-effective sentiment classifier. CNN 
has proven effective for text classification tasks, including SA. 
This paper explores the development and application of hybrid 
PSO-CNN models for cross-domain SA. The hybrid PSO-CNN 
model is designed to learn transferable features from source 
domains to target domains. Hyperparameter tuning is carefully 
performed to achieve optimal model performance in different 
domains. The hybrid PSO-CNN model demonstrates significant 
improvements in hyperparameter tuning and overall 
performance in the target domain. The model achieves a high 
accuracy of about 98.5% for the domain Book to DVD. The 
findings highlight the effectiveness of the hybrid PSO-CNN 
model in cross-domain sentiment analysis. Future research may 
explore advanced domain adaptation techniques and additional 
bio-inspired algorithms to further enhance model performance. 

Keywords— bio-inspired, cross-domain, domain adaptation, 
PSO-CNN, hybrid CNN, sentiment analysis 

I. INTRODUCTION  
Sentiment analysis (SA), a subfield of natural language 

processing (NLP), has gained significant attention due to its 
applications in understanding and interpreting human 
emotions from text data. Traditional SA models often face 
challenges when applied across different domains due to 
varying vocabulary, context, and language usage. Cross-
domain sentiment analysis aims to bridge this gap by 
transferring knowledge from one domain to another [1]. In 
recent years, convolutional neural networks (CNNs) have 
proven effective for text classification tasks, including SA [2].  

Tareq et.al [1] identify domain adaptation which is also 
referred to as cross-domain learning, as the involvement of 
annotated data from the source domain either independently 
or in combination with data from the target domain to build a 
model capable of predicting unannotated instances in the 
target domain. The biggest challenge in cross-domain SA is 
data labelling. The insufficiency of labelled data [3] and the 
high cost of data tagging create major challenges. Manual 
labelling is both time-consuming and expensive, especially in 
specific domains. However, leveraging strategies such as 
active learning [4], semi-supervised learning, distant 
supervision, and weak supervision [5] can help mitigate these 

challenges by reducing the dependence on manually labelled 
data.  

Domain adaptation in SA refers to building models that 
can generalize well to new domains without additional 
labelled data. Data distributions are different across domains 
and a possible solution is to learn a different system for each 
domain. It is challenging to design a resilient and cost-
effective sentiment classifier because each domain has a 
different vocabulary [6]. Furthermore, the challenge of 
domain adaptation is discrepancies in data distributions across 
different domains that make it difficult to directly apply 
models trained in one domain to another.  

The insufficiency or absence of labelled data in the target 
domain further complicates adaptation efforts, constraining 
model adaptability [7]. Identifying domain-invariant features 
is difficult because certain domain-specific features might not 
translate well across different contexts, requiring complex 
strategies while adapting models [8]. Additionally, biases and 
unbalanced data distribution can continue from the source 
domain to other domains, affecting model performance [9].  

The lack of guarantee that models trained in one domain 
will perform well in others, as noted by Rozie et.al [10] 
highlights the complexity of cross-domain SA. The most 
highlighted issues in cross-domain are data labelling, 
insufficiency of labelled data [11], domain shift, lack of 
uniformity, dataset dependency [12], and algorithm design. 
Therefore, it is crucial to use robust strategies to address these 
challenges.  

SA using the deep learning method produces a high 
performance. CNN has achieved successful results [13]. 
Therefore, we are interested in exploring a new approach for 
cross-domain sentiment analysis using a hybrid Particle 
Swarm Optimization (PSO) method. This study explores the 
development and application of hybrid PSO-CNN models for 
cross-domain SA.  

The subsequent sections of this paper are structured as 
follows: the next section provides the related work in cross-
domain and the hybrid PSO-CNN algorithm in various 
domains. Following this, the subsequent section presents the 
methodology used in this study. Then after the explanation of 
the analysis process and a further discussion of performance 
in cross-domain SA techniques. Finally, the paper concludes 
with a summary section.  

II. RELATED WORK 

A. Cross Domain Application in SA 
Cross-domain SA aims to broaden the efficiency of SA 

models across various datasets and domains. Traditional SA 
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models are typically trained and assessed using data from a 
single domain or source, which may lack generalizability to 
new or different domains. Cross-domain SA addresses this 
challenge by adapting or transferring knowledge [14] acquired 
from one domain to another. Table 1 shows similar works in 
cross-domain SA applications. 

TABLE I.  SIMILAR WORKS IN CROSS-DOMAIN SENTIMENT 
ANALYSIS APPLICATIONS 

Refere
nce 

Datasets Algorithm / 
Technique 

Performance 

[1] Amazon 
multidomain 
product datasets 

BERT and 
bidirectional 
gated recurrent 
(BiGRU) 

Comprehensive 
experiments showing 
the effectiveness of 
the proposed model 
over state-of-the-art 
techniques 

[2] online_shoppin
g_10_cats 
dataset 

CNN-BiLSTM-
TE 

Outperformed other 
models by a higher F1 
score 

[3] Laptop (L), 
Restaurant (R), 
Device (D), and 
Service (S) 
datasets 

Cross-Domain 
Review 
Generation 
(CDRG)  

The baseline BERT 
model outperformed 
state-of-the-art 
domain adaptation 
methods 

[4] Office-31, 
Office-Home, 
COVID-19, 
Bing-Caltech, 
WebVision 
Datasets 

Adversarial 
Network 

The proposed 
approach 
outperformed existing 
methods 

 

In a nutshell, most of the techniques reported above show 
great performance in cross-domain applications. Most 
scholars have endeavoured to address these challenges in 
cross-domain sentiment analysis using a variety of 
approaches. Researchers aim to improve the accuracy and 
applicability of SA in diverse real-world scenarios, covering 
the way for more effective decision-making and insights 
across various domains. 

B. Hybrid Bio-inspired Algorithm with CNN 
Bio-inspired algorithms such as neural networks, Ant 

Colony Algorithms (ACO), Particle Swarm Optimization 
(PSO), and others have been applied in almost every area of 
science [17], engineering, and business management [18]. 
Bio-inspired computing techniques have become 
increasingly significant in contemporary engineering 
research, especially for addressing optimization problems. 
These stochastic search methods aim to attain local optima 
solutions for large-scale optimization problems [19]. 
Conventional mathematical optimization approaches often 
struggle with local optima, which leads to the emergence of 
alternate derivative-free metaheuristic global optimization 
techniques. Because the traditional optimization methods 
often cannot escape local optima, new global optimization 
techniques that do not rely on metaheuristics have been 
developed to tackle this issue. [20] stated that examples of 
such techniques include genetic algorithms, particle swarm 
optimization, simulated annealing, etc. Tables 2 and 3 detail 
various studies on hybrid bio-inspired algorithms and hybrid 
CNN models in SA and text classification. 

 
 

TABLE II.  HYBRID BIO-INSPIRED SWARM ALGORITHM IN SA 

Model Dataset Performan
ce 

Findings 

SCO-FS-
BPSO and 
SVM [5] 

Hotel reviews 
are written in 
Chinese 

93.84% F-BPSO is 
better suited for 
feature selection 
in sentiment 
classification,  

VPCNN-
ABiLSTM 
with chimp 
(OBL-
CHOA) [6] 

Amazon, 
IMDB, Yelp, 
and Travel 
Dataset 

96.50% The feature 
selection 
technique was 
6.9% higher 
than the existing 
BiLSTM-CNN 

Hybrid 
Harris 
Hawks 
Optimization 
(HHO) [7] 

Tweets related 
to COVID-19 

96.73% Comparison 
from different 
classifiers like 
Naïve Bayes, 
kNN, Random 
Forest, CNN-
RNN, and AC-
BiLSTM  

GA with 
CNNRF [8] 

IMDB 96.40% The proposed 
method CNNRF 
with genetic 
algorithm 
hyperparameter 
tuning  

TABLE III.  HYBRID CNN ALGORITHM IN TEXT CLASSIFICATION  

Model Dataset Performance Findings 

BiGRU-
Att-HCNN 
[9] 

Benchmark 
dataset - 
IMDB, 
Yelp2013 and 
TSB 

92.82% BiGRU-Att-
HCNN 
effectively 
captures feature 
information at 
different text 
levels 

Hybrid 
CNN-
LSTM 
Model [10] 

IMDB movie 
review dataset 
and Amazon 
movie reviews 

91.00% Outperformed 
both ML and DL 
models 

BLSTM-
CNN [11] 

Thai Economy 
Twitter, 
Wisesight, 
ThaiTales 

77.07% Hybrids improve 
the overall 
performance. 

Hybrid 
CNN-
LSTM [12] 

3000 tweets 
DKI Jakarta 
geocode 

83% CNN-LSTM 
Hybrid Model 
performs better 
with the 
words+emoji 
dataset 

Hybrid 
CNN-RNN 
model [13] 

ISOT dataset 
(fake news 
detection) 

90% Recommended 
considering more 
complex neural 
network 
architectures  

 

TABLE IV.  PSO-CNN APPLICATION IN VARIOUS DOMAINS 

References Algorithm / 
Technique 

Dataset Performance 

[14] 
 

Multi-level 
Particle 
Swarm 
Optimization 
(MPSO) 

CIFAR-10, 
CIFAR-100, 
and MDRBI 

MPSO-CNN 
perform 
significantly 
better 

[15] PSO-DNNs MNIST, 
CIFAR-10 

PSO improves 
the performance 
of existing 
architectures. 

[16] cPSO-CNN CER cPSO-CNN 
performs 
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competitively 
when compared 
with several 
reported 
algorithms 

[17] PSO-CNN Hindi speech 
dataset 

The proposed 
CNN architecture 
performs 
similarly to other 
state-of-the-art 
methods 

 
The fusion of bio-inspired optimization techniques such 

as PSO with CNN [16] holds considerable promise for 
advancing classification accuracy and overall performance in 
various text classification tasks. Table 4 shows the 
application of PSO-CNN in various domains. PSO applied to 
CNN proves to be versatile and effective across various 
domains, consistently improving model performance and 
demonstrating competitiveness with existing methodologies. 
These findings highlight PSO’s potential in optimizing deep 
learning models for diverse applications, from image 
classification to speech recognition. All the studies represent 
a promising approach, despite the limited exploration of 
hybrid CNN with PSO in text classification. 

Therefore, this study aims to explore the potential of a 
hybrid approach in optimizing text classification accuracy 
and performance through comprehensive empirical 
evaluation and comparative analysis.  

III. METHODOLOGY 

A. Dataset Preparation 
The process begins with the collection of a representative 

dataset that serves as the benchmark and covers samples from 
various domains. The dataset introduced by Blitzer et al. [34] 
contains a few domains, such as books, DVDs, electronics, 
and kitchen. In this study, we only used text reviews and the 
selected domains are books and DVDs for performing cross-
domain sentiment classification. Both the Book and DVD 
domains have 1000 positive reviews and 1000 negative 
reviews, which are balanced datasets for analysis. The main 
reason for using only two domains is that the challenge lies 
in the limited time available to execute experiments, due to 
their exhaustive nature [18]. 

Once the dataset had been confirmed, we prepared text 
data by cleaning it of HTML tags, and non-alphabetic 
characters, converting it to lowercase, and making sure there 
were no extraneous whitespace characters. This 
preprocessing was necessary before performing tasks such as 
SA, text classification, or any other natural language 
processing tasks where clean text data was required. After 
preprocessing, we proceeded to tokenize the pre-processed 
text using a Tokenizer. Initially, the Tokenizer was fitted on 
the reviews from the Book dataset to build a vocabulary of 
words. Then, we applied the same Tokenizer to tokenize the 
reviews from the DVD dataset. This process involved 
converting each review into sequences of integers based on 
the Tokenizer’s vocabulary. Both the DVD and book review 
sequences were padded to a maximum length of 100 tokens, 
with padding applied at the end of each sequence. This step 
was essential for feeding the data into machine learning 
models – all sequences had consistent dimensions.  

Finally, we extracted the sentiment labels from the respective 
datasets. These labels represented the sentiment classification 
for each review, which served as the target variable for 
training and evaluating SA models. Overall, these 
preprocessing and tokenization steps were undertaken to 
prepare the text data for subsequent machine learning tasks, 
ensuring the data was structured and formatted appropriately 
for analysis. 

B. PSO-CNN Model Analysis 
A CNN consists of convolutional layers for feature 

extraction, which apply convolutional operations to the input 
data using filters to detect various features such as edges, 
textures, and patterns. Pooling layers then reduce the spatial 
dimensions of these feature maps, decreasing computational 
complexity and providing some translation invariance. 
Finally, fully connected layers take the flattened output from 
the previous layers and perform the final classification based 
on the extracted features. Table 5 describes the CNN 
architecture used in this study. 

TABLE V.  CNN ARCHITECTURE 

Layer Type Details 

Input Layer Embedding Embedding layer with 
input_dim=vocab_size, 
output_dim=embedding_dim, 
input_length=maxlen 

Convolutional 
Layer 

Conv1D filters=best_params[0], 
kernel_size=best_params[1], 
activation='relu', 
kernel_regularizer=l2(0.001) 

Pooling Layer MaxPooling1D pool_size=2 

Flatten Layer Flatten Flattens the input 

Dropout Layer Dropout dropout_rate=best_params[2] 

Dense Layer Dense units=best_params[3], 
activation='relu', 
kernel_regularizer=l2(0.001) 

Output Layer Dense units=1, activation='sigmoid' 

Optimizer Adam learning_rate=best_params[4] 

Loss Binary 
Crossentropy 

Binary crossentropy loss 
function 

Metrics Accuracy Accuracy as the evaluation 
metric 

 
Meanwhile, the PSO-CNN algorithm can be understood 

through its components and their interactions. PSO optimizes 
CNN hyperparameters, including filter weights and biases, 
learning rates and regularization parameters, and architecture 
parameters such as the number of layers and neurons per 
layer. The hybrid PSO-CNN algorithm aims to improve 
CNN’s performance in tasks such as text sentiment analysis 
by optimizing these parameters more effectively than 
traditional optimization methods. This combination leverages 
PSO’s ability to explore the solution space globally and 
CNN’s capability to extract intricate features from data, 
thereby improving the overall effectiveness of the model for 
complex optimization problems in machine learning tasks. 
Figure 1 shows the flowchart of the CNN optimization 
process using PSO, and on the other hand, Table 6 shows the 
PSO hyperparameter setting taken in this study. 
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FIG. 1 FLOWCHART OF THE CNN OPTIMIZATION PROCESS USING 

PSO 

TABLE VI.  PARTICLE SWARM OPTIMIZATION (PSO) 
HYPERPARAMETERS 

Hyperparameter Description Bounds 

Filters Number of convolutional 
filters 

[32, 128] 

Kernel Size Size of the convolutional 
kernel 

[3, 5] 

Dropout Rate Dropout rate for regularization [0.1, 0.4] 

Dense Units Number of units in the dense 
layer 

[10, 50] 

Learning Rate Learning rate for the optimizer [0.0001, 
0.001] 

Swarm Size Number of particles in the 
swarm 

5 

Max Iterations Maximum number of 
iterations for PSO 

10 

C. Model Evaluation 
 The dataset is split into training and validation sets using a 
percentage split. training set of 80% and validation set of 20% 
data is used for validating the model during training to tune 
hyperparameters and prevent overfitting. Model valuation is 
crucial for assessing the performance of SA models across 
different domains. It involves assessing key metrics such as 
accuracy, precision, recall, F1-score, and AUC-ROC, using 
formulas that compare predictions against ground truth labels. 
These evaluation metrics help in understanding how well the 
SA model performs across different domains. Table 7 shows 
the experiment setup where the application of both models in 
different cross-domain scenarios, comparing their 
effectiveness in transferring knowledge between the Book and 
DVD domains. 

TABLE VII.  TABLE TYPE STYLES 

Experiment Cross Domain Model 
E1 Book → DVD CNN 
E2 DVD → Book 
E3 Book → DVD PSO-CNN 
E4 DVD → Book 

 

IV. RESULT AND DISCUSSION 
 Table 8 presents a comprehensive summary of 
performance metrics across four experiments. E3 
demonstrates the highest accuracy among all experiments, 
achieving 98.50%, closely followed by E2 at 96.45% and 
E1 at 95.65%. These experiments consistently show high 
precision, recall, and F1 scores, reflecting their robust 
performance in correctly classifying instances. Notably, 
E2 and E3 achieve perfect AUC-ROC scores of 1.00, 
indicating exceptional discrimination ability between 
positive and negative classes. Overall, the results highlight 
the effectiveness of the models across various metrics, 
which means their suitability for applications requiring 
reliable classification in sentiment analysis tasks. 

TABLE VIII.   PERFORMANCE METRICS SUMMARY 

Experime
nt 

Accurac
y 

Precisio
n 

Recall F1 
Score 

AUC
-
ROC 

E1 95.65% 0.97 0.94 0.96 0.99 

E2 96.45% 0.98 0.95 0.96 1.00 

E3 98.50% 0.98 0.95 0.96 1.00 

E4 94.60% 0.94 0.96 0.95 0.99 

 

 
FIG.  2 MODEL PERFORMANCE BASED ON ACCURACY 

 Figure 2 shows the bar graph indicating the overall 
performance of the models by cross-domain based on 
accuracy. Accuracy provides a straightforward measure of 
the model’s correctness in its predictions across all classes. 
Higher accuracy values generally indicate better overall 
model performance in classification tasks.  

 The log output is provided by the Particle Swarm 
Optimization (PSO) process using the pyswarms library. 
During the initialization and parameters, the configured to 
run for 10 iterations with the following parameters: a 
cognitive coefficient (c1) of 0.5, a social coefficient (c2) 
of 0.3, and an inertia weight (w) of 0.9. When the progress 
and completion, it shows that the best cost (objective 
function value) found during the optimization process is -
1.0. The best position (set of parameters) found during the 
optimization process is: 

• 1.33813386e+02 (approximately 133.81) 
• 3.77799304e+00 (approximately 3.78) 
• 2.65415747e-01 (approximately 0.27) 
• 9.49697628e-03 (approximately 0.0095) 

 The PSO algorithm was run for 10 iterations using 
specified parameters, and it found the best set of 
parameters that resulted in a cost (objective function 
value) of -1.0. The best parameters found are 
approximately 133.81, 3.78, 0.27, and 0.0095. 

 There are some reasons why hybrid PSO-CNN (E3 – 
BookDVD) has improved the hyperparameter tuning, 
which leads to better performance on the target domain.  
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PSO can significantly enhance the performance of CNN 
models, likely by improving their ability to capture 
complex patterns and features that generalize well across 
domains. Reviews of both books and DVDs are reviewed 
with consistent feature representations using similar 
language and sentiment expressions. This similarity aids 
the models, especially PSO-CNN, to learn transferable 
features during training, resulting in high cross-domain 
performance. [19] emphasize the importance of selecting 
instances from a source domain that are most like the 
target domain. The third reason is overfitting concerns as 
mentioned by [20, 21]. While PSO-CNN shows high 
performance in the BookDVD transfer (E3), the slightly 
lower performance in the DVDBook (E4) scenario 
might be due to the model being slightly overfitted to the 
source domain (DVD reviews), affecting its generalization 
to the target domain (Book reviews). 

V.  CONCLUSION 
 This study explores a hybrid PSO-CNN model for 
cross-domain sentiment analysis, addressing challenges of 
varied vocabulary and context across domains. Results 
indicate significant improvements in hyperparameter 
tuning, enhancing performance in the target domain with 
high accuracy, precision, recall, F1 scores, and AUC-ROC 
values. The study highlighted selecting source domain 
instances closely matching the target domain to mitigate 
overfitting concerns. Hybrid PSO-CNN models prove 
effective for diverse SA applications, suggesting potential 
for advanced domain adaptation techniques and 
integration of bio-inspired algorithms to further enhance 
model performance across domains. Future work could 
explore more advanced domain adaptation techniques and 
the integration of additional bio-inspired algorithms such 
as ACO, GA, etc.  
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Abstract—Identifying plant Deoxyribonucleic acid (DNA) 
barcodes has gained substantial importance for biodiversity 
conservation and understanding evolutionary relationships. 
However, classifying these species remains challenging due to 
the complex nature of the DNA sequences. Convolutional 
Neural Networks (CNNs) have proven effective for pattern 
recognition tasks in DNA sequence classification, however, 
standard pooling techniques often result in the loss of 
important information. This study introduced a modified 
CNN model with an enhanced pooling technique called 
Horizontal Sequence Pooling, designed to retain important 
features and improve accuracy. The method is applied to 
classify the Magnoliophyta plant DNA barcodes of 75 genera 
and evaluated against the CNN model with standard max 
pooling and average pooling techniques. Results show that the 
proposed technique achieved the highest accuracy of 0.9801, 
the lowest validation loss of 0.0393, superior Area Under 
Curve – Precision and Recall (AUC-PR) of 0.9979, and 
Matthews Correlation Coefficient (MCC) of 0.9814, 
respectively, outperformed standard pooling techniques. 
These results indicate that Horizontal Sequence Pooling 
effectively extracts relevant features from DNA sequences, 
enhancing the classification accuracy, precision, recall, and 
balance across both positive and negative classes 
demonstrating its robustness in handling imbalanced 
datasets. 

Keywords—Convolutional Neural Networks, horizontal 
pooling, classification, DNA barcode, Magnoliophyta plant. 

I. INTRODUCTION 
Plant Deoxyribonucleic acid (DNA) barcode 

identification has gained importance as a research area, 
mainly because of growing biodiversity loss that needs 
global attention. The accurate classification of these plants 
becomes highly significant for several reasons, including 
the conservation of threatened species and the 
improvement of natural resource protection [1]. Despite the 
recent advances in genomic sequencing technologies, the 
effective classification of plant species based on DNA 
sequences remains a challenge [2].  The sequences have 
high phylogenetic diversity and intricate patterns, leading 
to classification complexity. Thus, an improved and 
tailored feature extraction technique for classification tasks 
is essential. 

Convolutional Neural Networks (CNNs) have recently 
become popular for analyzing genomic sequences, 
achieving state-of-the-art accuracy in various genomic 
classification applications. It can capture spatial 
dependencies and patterns in the first layer filters to obtain 

salient feature representations [3]. However, the efficiency 
of CNNs is highly dependent on how well they preserve 
important features during the pooling process. In the 
pooling process, the spatial dimension is reduced to 
produce smaller feature maps while keeping important 
features' dominant and exact position. However, standard 
pooling techniques, such as max pooling and average 
pooling often encounter loss of relevant information [4], 
affecting the model's ability to classify between closely 
related classes. 

In deep learning, key metrics such as precision and 
recall (sensitivity) are frequently used to assess the model’s 
effectiveness. Precision calculates the accuracy of positive 
predictions, whereas recall evaluates the model's ability to 
distinguish all relevant instances. Standard pooling 
methods, such as max pooling and average pooling could 
sacrifice these performance measures by discarding crucial 
spatial information. Thus, there is a need for enhanced 
pooling technique that can improve the model's ability to 
retain important features and ultimately result in better 
classification results. 

In this study, a CNN model with an enhanced pooling 
technique called Horizontal Sequence Pooling tailored for 
the classification of Magnoliophyta plant DNA sequences 
is proposed. The method aims to preserve relevant features 
and improve the model's ability to distinguish between 
similar species. Pooling is done in the horizontal axis of the 
feature maps where sequences are paired by applying 
positional max and average operations. By refining the 
pooling method, we seek to achieve higher precision and 
recall, ultimately enhancing the overall performance and 
reliability of the classification model. This study also 
compares Horizontal Sequence Pooling with max pooling 
and average pooling in terms of validation loss, accuracy, 
specificity, F1-score, Area Under Curve – Precision and 
Recall (AUC-PR), and Matthews Correlation Coefficient 
(MCC), which effectively captures the performance of the 
model’s accuracy across positive and negative classes, 
particularly in imbalanced dataset. 

II. BACKGROUND AND RELATED WORKS 

A. Plant DNA Barcodes 
In 2003, DNA barcoding technology was introduced by 

[5] for accurate species identification. This method uses a 
short, standardized DNA sequence marker, known as a 
DNA barcode, to rapidly and accurately identify species 
[6]. Since its inception, DNA barcoding has been widely 
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adopted in various applications and is considered a 
significant advancement in taxonomy [7]. 

The Consortium for the Barcode of Life (CBOL) Plant 
Working Group recommends internal transcribed spacer 
(ITS) region for plant barcoding, given its utility in 
resolving species-level differences and supplementing 
ribulose-1,5-bisphosphate carboxylase/oxygenase large 
subunit (rbcL) and maturase K (matK) genes data for 
comprehensive taxonomic identification. Magnoliophyta 
commonly known as angiosperms or flowering plants, 
represent the largest and most diverse group of land plants, 
encompassing approximately 300,000 species. The 
evolutionary success of Magnoliophyta is attributed to their 
complex vascular systems, varied life forms, and ecological 
adaptability, allowing them to dominate terrestrial 
ecosystems across the globe [8]. 

B. Pooling Operations 
In convolutional neural networks, pooling is essential 

for reducing the dimensionality of extracted features. This 
process involves subsampling the features to generate 
multiple feature maps with lower resolutions. 

Max pooling (1) is the predominant pooling technique 
employed in CNNs [9]. This approach selects the 
maximum activation within the pooling region, 
disregarding all other units. It effectively reduces the 
spatial dimensions of a feature map and imparts 
translational invariance to the network [10]. 

   (1) 
 

Where Rmax represents the pooling region and 
{α1,…, α|Rmax|} denotes a set of activations. The study of 
[11] employed max pooling as a feature extraction method, 
resulting in high accuracy on the test data. 

On the other hand, average pooling (2)  computes the 
statistical mean of a cluster of neurons within the feature 
map [12]. In this approach, the input image is divided into 
several distinct rectangular regions. The mean pixel value 
within each of these regions is calculated and used to form 
the output. Mathematically, it is defined as follows: 

 (2) 
 

The vector x represents activations from a set N of 
permutations within a rectangular area of an image or 
channel. This approach can significantly reduce the 
distinctiveness of convolutional features, especially when 
many activations in the pooling area are zero [13]. In the 
study conducted by [14] [15], average pooling was applied 
in the model, demonstrating notable improvements over 
existing technologies. 

C. Convolutional Neural Networks 
CNNs are a type of deep learning algorithm designed 

primarily for image recognition and classification tasks. 
Excels in handling large-scale data and extracting 
hierarchical features through local receptive fields, 
parameter sharing, and translation invariance, reducing 
parameters and improving robustness [16]. The 

architecture, including convolutional, pooling, and fully 
connected layers, allows them to effectively capture local 
and global patterns in data. 

Moreover, CNNs have been successfully used in 
genomics, particularly for DNA sequence classification, by 
leveraging their ability to automatically extract features and 
learn from complex and high-dimensional raw sequence 
data. Key factors contributing to their effectiveness include 
their capacity for automatic feature learning, scalability to 
handle large genomic datasets efficiently, and 
demonstrated high accuracy in DNA sequence 
classification tasks, outperforming traditional machine 
learning methods [11] [17] [18] [19] [20]. 

Recent advancements in applying CNNs to plant DNA 
sequence classification have shown significant progress, 
highlighting their potential in understanding plant genetics. 
For instance, the Deep-BSC model for predicting DNA 
binding sites in Arabidopsis thaliana utilizes max-pooling 
for improved precision and accuracy [21]. Additionally, a 
study of [22] presents CNN_FunBar, a CNN-based 
approach for classifying fungal ITS sequences, achieving 
over 93% accuracy and outperforming traditional machine 
learning algorithms and existing fungal taxonomy 
prediction software. 

III. MATERIALS AND METHODS 

A. Data Pre-processing and Augmentation 
This study utilized Magnoliphyta plant DNA sequences 

from the public database: “Barcode of Life Data (BOLD) 
System” (https://www.boldsystems.org/). A collection of 
14,761 DNA barcode samples as shown in Fig. 1, each 
linking scientific names to (ITS) nucleotide (A, C, G, T) 
sequences ranging from 209~234 bases in length, covering 
75 genus classes. 

One-hot encoding was used to convert sequences into a 
numerical format, preserving the positional information of 
each nucleotide. To manage sequences of different lengths, 
padding was employed to achieve uniformity in input 
dimensions for the model. And a Synthetic Minority 
Oversampling Technique (SMOTE) algorithm [23] [24] 
was utilized to address the imbalance within the dataset. 
The algorithm delineates minority classes using a 
predefined threshold, thus, classes exhibiting fewer 
occurrences are categorized as minority classes. 

 
Fig. 1 Magnoliphyta plant DNA sequence dataset. 

B. The Enhanced Pooling Technique 
Max pooling is a common choice for pooling layers in 

CNN architectures due to its ability to efficiently extract the 
most salient features from the input data [25]. On the other 
hand, average pooling has also been utilized in state-of-the-
art image classification models, as it can increase model 
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stability [26]. However, these pooling methods can lead to 
the loss of important information, potentially hindering the 
model’s ability to differentiate between closely related 
classes. Max pooling focuses solely on the maximum 
features and disregards the rest of the pooling area, while 
average pooling considers all the features, which can 
reduce the contrast of the resulting feature map. To address 
these limitations, horizontal sequence pooling is introduced 
by generating a representation that considers the maximum 
occurrence of nucleotide pairs and retains the most 
significant signals within the window by applying average 
operation, thereby ensuring that important features are not 
lost. 

 The Horizontal Sequence Pooling (HSP) operation 
pools a feature map by defining W as a window of the 
sequence, represented as a matrix with dimension 4 x m, 
where 4 corresponds to the one-hot encoding dimensions 
for the nucleotides A, C, G, and T, and m is the size of the 
window. For a given window W, features a and b are 
derived as the maximum values from the selected positions 
within the window as shown in (3) and (4). The HSP is then 
calculated as the average of features a and b as shown in 
(5). 

            (3) 
 

 (4) 
 

  (5) 

C. CNN Model 
 The model was designed with two one-dimensional 
convolutional layers tailored for sequential data analysis, 
equipped with 64 and 128 filters, respectively, and a kernel 
size of 3. The Rectified Linear Unit (ReLU) [27] was 
utilized as the activation function. To enhance the training 
efficiency, batch normalization [28] was employed. A 
horizontal sequence pooling layer with both pool and stride 
sizes set at 4 was utilized. The network also includes a 
flattening layer followed by two dense layers with 256 and 
128 neurons, respectively. To mitigate overfitting, dropout 
[29] techniques are incorporated. The final layer of the 
model, designed for output classification, utilizes a softmax 
[30] activation function. Fig. 2 in the study illustrates the 
data pre-processing steps and the CNN model's 
architecture. 
 

 
Fig. 2 CNN model with data pre-processing. 

D. Performance Metrics 
 The performance of the proposed method was evaluated 
using the following metrics: Accuracy (6), Precision (7), 
Recall (8), Specificity (9), and F1-score (10). The AUC-PR 
and MCC functions of the TensorFlow are used to assess 

the trade-offs between precision and recall to provide a 
comprehensive score that reflects the model’s performance 
across both positive and negative classes. 
 

(6) 
 

  (7) 
 

 (8) 
 

     (9) 
 

   (10) 

IV.  EXPERIMENTAL FINDINGS AND RESULTS 
The proposed model was experimented with using 

Python 3.9.12 on an Intel(R) Core i7 10870H CPU @ 
2.20GHz with 32GB of random-access memory and 6GB 
NVIDIA GeForce RTX 3060 of graphics processing units. 
After implementing data augmentation techniques, the 
dataset expanded to a total of 40,738 instances. These 
instances were systematically allocated across training, 
validation, and testing subsets, comprising 70% (28,516), 
10% (4,074), and 20% (8,148) of the dataset, respectively. 
Throughout the training process, the loss function utilized 
was categorical cross-entropy [31], and the optimization 
was managed using the Adam [32] optimizer set at a 
learning rate of 0.0001. Three models with a batch size of 
16 are trained over 20 epochs, each employing a unique 
pooling technique— Horizontal Sequence Pooling, max 
pooling, and average pooling. Furthermore, Fig. 3 to 5 
provide a detailed comparative convergence plot that 
illustrates the validation loss, accuracy, and AUC-PR for 
each pooling technique. 

 It is observed that there is a continuous decline of 
validation loss across the three pooling techniques as 
shown in Fig. 3. Among these, average pooling showed the 
highest validation loss at 0.207, demonstrating the least 
improvement and indicating its limited efficiency in feature 
extraction. In contrast, max pooling presented a slight 
improvement with a validation loss of 0.1601. However, 
Horizontal Sequence Pooling attained the most significant 
convergence compared to max pooling and average 
pooling, achieving the lowest validation loss of 0.0393.  
 

 
Fig. 3 Convergence plot of validation loss. 
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 This superior performance suggests that Horizontal 
Sequence Pooling is highly effective in extracting relevant 
features and generalizes well on unseen data outperforming 
both max pooling and average pooling techniques. 

 As indicated in Fig. 4, the three pooling techniques 
show an increase in validation accuracy over time. 
However, notable differences in performance are evident. 
Horizontal Sequence Pooling has the highest accuracy at 
0.9801, significantly outperforming max pooling and 
average pooling, which attain 0.9683 and 0.9431, 
respectively. These findings highlight the superior 
effectiveness of Horizontal Sequence Pooling in capturing 
intricate patterns and improving classification 
performance.  

 
Fig. 4 Convergence plot of validation accuracy. 

The learning curves for the AUC-PR during validation 
for the three pooling techniques are shown in Fig. 5. In 
comparison, max pooling and average pooling attained 
AUC-PR scores of 0.9915 and 0.9927, respectively. On the 
other hand, Horizontal Sequence Pooling demonstrated the 
most substantial performance, achieving the highest AUC-
PR score of 0.9978. These results indicate that the model 
utilizing Horizontal Sequence Pooling is highly efficient in 
balancing accurate predictions and correctly identifying 
target sequences, outperforming the standard pooling 
methods in terms of precision-recall performance. 

 
Fig. 5 Convergence plot of validation AUC-PR. 

A comparative summary of the three CNN models with 
distinct pooling techniques evaluated in test datasets using 
multiple metrics is shown in Table 1. 

The comparison of the accuracy result shows that 
Horizontal Sequence Pooling provides the highest accuracy 
compared to max pooling and average pooling, indicating 
superior performance in classifying plants under the 
phylum Magnoliophyta. Additionally, Horizontal 
Sequence Pooling consistently outperforms the other 
techniques in various metrics, notably achieving the 
highest AUC-PR score, which indicates superior 
discrimination and a well-balanced trade-off between 
precision and recall. 
TABLE I. COMPARATIVE PERFORMANCE METRICS ACROSS DIFFERENT 

POOLING TECHNIQUES 

Metric 

Pooling Technique 

Average 
Pooling 

Max    
Pooling  

Horizontal 
Sequence 
Pooling 

Accuracy 0.9429 0.9688 0.9816 

AUC-PR 0.9923 0.9921 0.9979 

MCC 0.9433 0.9688 0.9814 

Precision 0.9407 0.9682 0.9849 

Recall (Sensitivity) 0.9506 0.9754 0.9873 

Specificity 0.9992 0.9996 0.9997 

F1-score 0.9398 0.9678 0.9842 

 

 In terms of sensitivity, Horizontal Sequence Pooling 
demonstrates its efficacy in accurately extracting positional 
features from the input data. Moreover, the MCC score 
implies the model's robust performance across both 
positive and negative classes. This indicates that the model 
with Horizontal Sequence Pooling excels in correctly 
identifying DNA sequences belonging to specific plant 
species among the 75 classes, as well as correctly 
identifying sequences that do not belong to the targeted 
species. 

V. CONCLUSION AND FUTURE WORKS 
This study introduced Horizontal Sequence Pooling as 

a new approach to address the limitations of max pooling 
and average pooling in the classification of plant DNA 
sequence under the Magnoliophyta phylum. The technique 
involves pooling of relevant features in horizontal specific 
positions. The technique excels as a highly effective feature 
extraction method that significantly improves the 
performance and reliability of the CNN model for DNA 
sequence classification. The results exhibit the superior 
performance of Horizontal Sequence Pooling in terms of 
reducing loss, increasing accuracy, AUC-PR, and MCC 
compared to standard pooling methods. This enhancement 
is expected to contribute significantly to the fields of 
bioinformatics and genomics, where accurate classification 
of large-scale genomic data is crucial. 

Future work should focus on filtering the pooling 
technique and investigating its application across diverse 
genomic data to fully exploit its capabilities. Moreover, 
fine-tuning the parameters and configurations of the CNN 
model with HSP could lead to even better optimization for 
specific genomic classification tasks. 
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Abstract— Flood susceptibility mapping is essential for 
disaster risk management in flood-prone regions. This study 
utilizes point-based data from publicly available open-source 
earth system datasets, historical flood observation datasets, 
Google’s cloud computing platform, and deep learning models to 
create flood susceptibility maps for the Nam Ngum River Basin in 
Lao PDR. The assessment integrates the digital elevation model 
(DEM), satellite-observed rainfall data, land use/land cover, and 
remote sensing image-derived indices such as NDVI to capture 
detailed flood causation factors. Deep learning techniques, 
including Artificial neural networks (ANN), Long short-term 
memory (LSTM), and Deep Neural Networks (DNN), are 
employed to analyze various hydro-meteorological and 
geomorphological parameters. The models were trained and 
tested using eleven flood conditioning variables and 390 locations 
to ensure predictive accuracy and reliability. These datasets were 
randomly divided into training and testing datasets in a 70:30 
ratio. The developed models are evaluated based on performance 
metrics like accuracy, precision, and the area under the curve of 
Receiver Operating Characteristics (AUROC). This map 
identifies critical zones within the Nam Ngum River Basin at high 
risk of flooding, offering valuable insights for local authorities and 
stakeholders. This information is crucial for enhancing flood risk 
management, emergency planning, and mitigation strategies.  

Keywords—Flood susceptibility modeling, Remote sensing, Deep 
learning, Google Earth Engine (GEE), Nam Ngum River Basin, Lao 
PDR 

I. INTRODUCTION  
Flood is a major devastating natural disaster regarding the 

number of people affected and economic loss [1], [2], [3], [4]. 
Large and damaging floods are increasingly occurring every 
year around the world [5]. The frequency and severity of flood 
events have been exacerbated by climate change, rapid 
urbanization, and deforestation, necessitating improved flood 
risk management strategies. Flood susceptibility mapping plays 
a crucial role in disaster risk management by identifying areas 
prone to flooding, thereby aiding in the implementation of 
mitigation measures and emergency preparedness [6]. 

Recent advancements in remote sensing techniques and deep 
learning algorithms have significantly enhanced the predictive 
capabilities of flood susceptibility mapping. These algorithms, 
such as Artificial Neural Networks (ANNs) [7], [8], Deep 
Neural Networks (DNNs) [9], [10], and Long Short-Term 

Memory Networks (LSTMs) [11], [12], [13] can process large 
datasets, recognize complex patterns, and make highly accurate 
predictions. Unlike traditional machine learning methods, deep 
learning models excel at capturing intricate non-linear 
relationships and temporal dependencies in data, making them 
particularly suitable for flood susceptibility mapping. These 
studies are backed by increased computational capabilities, 
freely available public databases, and open-source platforms 
such as Google Earth Engine and Python platforms. 

This study integrates various freely available geospatial 
datasets and deep learning techniques, specifically ANN, DNN, 
and LSTM networks, to create flood susceptibility maps for the 
Nam Ngum River Basin in Lao PDR. The specific objectives are 
1) Utilize Flood Conditioning Factors, a) derived from the 
ALOS-PALSAR DEM of 12.5 m resolution; these factors 
include elevation, slope, aspect, curvature, topographic wetness 
index (TWI), stream power index (SPI), distance to the river 
(DTR), and b) satellite image-derived normalized difference 
vegetation index (NDVI), land use/land cover (LULC), remote 
sensing-based rainfall, and c) soil type data. 2) Train and 
Validate Deep Learning Models: Train the deep learning models 
and validate their predictive accuracy and reliability using 
historical flood data as training and testing datasets from the 
prepared flood inventory dataset. 3) Generate Flood 
Susceptibility Maps: Create maps identifying high-risk zones 
within the basin, providing essential information for local 
authorities and stakeholders to enhance flood risk management 
and mitigation strategies. 

The main objective of this study is to develop precise flood 
susceptibility maps using deep learning techniques. These maps 
are crucial for disaster management, as they help identify areas 
prone to flooding, enabling better planning, mitigation, and 
response strategies. In the Nam Ngum River Basin, where floods 
can have devastating impacts, accurate flood mapping is 
essential for safeguarding communities and infrastructure. 

II. MATERIALS AND METHODS  

A. Description of the Study Area 
The Nam Ngum River Basin (NNRB) is a significant 

tributary of the Mekong River, originating in the northern 
mountainous region of Xiengkhuang Province, flowing through 
Vientiane Province, and merging with the Mekong River in 
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Vientiane, the capital city of Laos. The NNRB, the country's 
fourth-largest river basin, spans 16,800���ଶ between longitudes 
102º 25' E and 103º 30' E and latitudes 18º 30' N and 19º 30' N 
[14], plays a crucial role in the region's socio-economic 
development by providing water resources for agriculture, 
hydropower, and domestic use. The total length of the river is 
approximately 420 km, making up 7.3% of the entire area of 
Laos and accommodating 9% of the total population in the 
country. The upper part is hilly and mountainous, while the 
lower part is flat. From June to October, the rainy season sees 
heavy rainfall of 1500 to 3000 mm annually, exacerbated by 
Southwest monsoons and Pacific Ocean typhoons causing 
floods almost yearly [15], [16].  

 
Fig. 1. The location of the Nam Ngum River Basin 

B. Flood Inventory Map 
The flood inventory map was generated within the GIS 

environment, utilizing both Google Earth Engine and ArcMap 
10.8 based on the Sentinel-1 image (GEE) to enhance flood 
susceptibility mapping. Sentinel-1 GRD data were accessed and 
preprocessed in GEE, including radiometric calibration, speckle 
filtering, and terrain correction. The preprocessing of Sentinel-1 
images, accessed through Google Earth Engine (GEE) libraries, 
encompassed essential procedures such as the application of 
orbit files, removal of border noise through Analysis Ready Data 
(ARD), thermal noise mitigation, radiometric correction, terrain 
correction, and conversion of the backscatter coefficient to 
decibels. A smoothing filter was applied to the generated image 
to address the intrinsic speckle effect inherent in radar imagery 
[17]. The determination of an optimal threshold, set at 1.24, was 
achieved through iterative experimentation, leading to the 
segmentation of the raster derived from the change-detection 
algorithm into distinct categories denoting flooded (1) and non-
flooded (0) segments [12], [13]. We selected only 390 past flood 
points. The non-flood locations were selected visually, where 
the probability of flooding is none—for example, the hilltops 
and ridges of the mountains. Equal numbers of flood and non-
flood locations were used for the inventory for increased 

accuracy, as suggested by [8], [18]. To identify flood locations, 
we used data from the Colorado Flood Observatory and the 
LAOS knowledge for the development  (K4D) portal to verify 
the flood points located. Values of 1 as flood and 0 as non-flood 
points were assigned for model training and testing, using 70% 
of the data for training and 30% for testing. 

 
Fig. 2. Flood Inventory Map 

C. Flood conditioning factors 
We collected geospatial data from various sources, including 

ALOS-PALSAR DEM for factors like slope and elevation, 
ERA5 for long-term rainfall, Landsat 8 for NDVI, and Sentinel-
2 for land use and cover. The flood inventory map, crucial for 
flood susceptibility mapping, was generated using these data. 
Eleven conditioning factors, elevation, slope, curvature, aspect, 
DTR, drainage density, SPI, and TWI, were selected based on 
the literature. This study introduces eleven flood conditioning 
factors: 

Elevation, defined as the height difference from sea level, is 
crucial in flood studies. Higher elevations have a lower flood 
probability due to runoff moving downstream. The slope is 
crucial in flooding, as steeper slopes increase water velocity and 
reduce infiltration, while flat areas are more prone to flooding. 
Aspect refers to the slope's horizontal direction. Sun-facing 
areas flood less often, while areas with less sunlight have more 
soil moisture and runoff, increasing flood risk. Stream Power 
Index (SPI) indicates a river's erosive power; high SPI means 
strong flow, while low SPI areas are more prone to flooding. 

ܫܲܵ  ൌ ሺߙ כ ��� �ሻߚ >�@�

where α is the specific basin area, and β is the slope angle in 
degrees at the point. 
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Fig. 3. Flood conditioning factor maps 

Curvature indicates ground surface shape: flat, convex, or 
concave. Flat areas are more prone to flooding. Negative values 
represent convex, positive values represent concave, and zero 
represents flat surfaces. Topographic Wetness Index (TWI), 
developed by [19] measures water accumulation per unit area in 
a catchment, influenced by gravitational flow. Higher TWI 
values indicate greater susceptibility to flooding in the area. 

ܫܹܶ  ൌ �� ቀ ఈ
௧௔௡ఉ

ቁ� >�@�

where α is the cumulative area upstream of the point draining to 
it, and β is the slope angle in degrees. Normalized Difference 
Vegetation Index (NDVI) is crucial in flood susceptibility 
studies. Vegetation is a protective barrier against flooding, and 
NDVI is essential for assessing vegetation cover and density. 

ܫܸܦܰ  ൌ ሺேூோିோா஽ሻ
ሺேூோାோா஽ሻ

    [3]�

where NIR and RED are channel values, NDVI ranges from -1 
to +1. Higher values indicate healthier, denser vegetation, which 
can retain more water. High rainfall increases soil saturation and 
runoff, raising flood risk, especially in poorly drained or 
saturated areas. Distance to river is a key factor in flood 
occurrence; areas near rivers and streams are more susceptible 
due to their role in flood discharge. Soil type refers to the 
composition and characteristics of soil that affect its water 
absorption, retention, and permeability, influencing how water 
interacts with the ground during rainfall and flooding and thus 
determining the severity and extent of floods in a region. Land 
use and land cover (LULC) influences flooding through 
subsidence, runoff, and evapotranspiration. , this factor was 
extracted from Landsat-8 OLI into seven classes. Vegetated 
areas promote water infiltration, mitigating runoff, while built-
up areas intensify it. 

 
Fig. 4. Detailed methodology 

D. Deep learning methods 
1) Artificial Neural Network 
ANN models replicate the brain's interconnected neurons, 

processing sensory inputs through layers of artificial nodes. 
Each connection between layers carries weighted information, 
influencing the final output. Researchers value ANNs for their 
nonlinear modeling abilities and adaptability to complex 
systems [7], [8]. 

2) Long Short-Term Memory 
LSTM is a type of recurrent neural network (RNN) designed 

to handle the issue of vanishing gradients, enabling it to 
effectively capture long-term dependencies in sequential data by 
selectively remembering or forgetting information over time 
[11], [12], [13]. 

3) Deep Neural Network 
DNN is an artificial neural network with multiple layers 

between the input and output layers. These networks consist of 
an input layer, several hidden layers, and an output layer. Each 
layer comprises nodes (neurons) that process and transform the 
input data. The 'deep' aspect refers to the network's depth, i.e., 
the number of hidden layers, which enables it to model complex 
patterns and relationships in data [9], [10]. 
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E. Performance evaluation of models 
The models were optimized using hyperparameter tuning to 

find the best parameter values. In flood susceptibility mapping, 
correctly identified flood and non-flood pixels are True 
Positives (TP) and True Negatives (TN), while 
misclassifications are False Positives (FP) and False Negatives 
(FN). AUROC assesses model performance by measuring 
separability [13], using sensitivity (true positive rate) on the y-
axis and 1 − specificity (false positive rate) on the x-axis. A 
higher AUROC value closer to 1 indicates better model 
performance, while 0.5 suggests poor accuracy [8], [12], [13]. 
Evaluation metrics like AUROC (Equation 7), Kappa Score, and 
Accuracy were used to assess the model's parameters. 

ݕܿܽݎݑܿܿܣ  ൌ � ்௉ା்ே
்௉ା்ேାி௉ାிெ

�� >�@�

� ݕݐ݅ݒ݅ݐ݅ݏ݊݁ܵ ൌ � ்௉
்௉ାிே

� >�@�

� ݕݐ݂݅ܿ݅݅ܿ݁݌ܵ ൌ � ்௉
ி௉ା்ே

� >�@�

� ܥܱܴܷܣ ൌ � σ ܶܲ ൅ σ ்ே
௉

൅ ܰ��� >�@�

F. Flood Susceptibility mapping 
Flood susceptibility mapping is one of the significant steps 

in identifying flood-prone areas. Using publicly available open-
source data and methodologies such as deep learning has been a 
game changer in flood studies. Therefore, ANN, DNN, and 
LSTM models were trained and tested using scikit-learn, 
TensorFlow, and Keras platforms to simulate flood 
susceptibility in Nam Ngum River Basin, Lao PDR. The trained 
model is applied to stacked flood conditioning factors raster to 
generate flood susceptibility maps [18], [19]. The generated 
maps are classified using the natural breaks method into five 
flood susceptibility classes (Very high, high, medium, low, and 
very low).  

III. RESULT AND DISCUSSION  

TABLE I.  THE OPTIMUM VALUES OF THE TUNING HYPERPARAMETERS 
OF ANN, DNN, AND LSTM 

Method Hyperparameter Optimum Value 

ANN 'batch_size' 
'epochs' 

'Optimizer_Trial' 
'Neurons_Trial' 

8, 32, 64 
5,10 

'adam', 'rmsprop' 
10,15 

DNN 'batch_size' 
'epochs' 

'Optimizer_Trial' 
'Neurons_Trial' 

64 
100, 500 
‘adam' 

64 
LSTM 'batch_size' 

'epochs' 
'Optimizer_Trial' 
'Neurons_Trial' 

10, 32, 64 
10, 20 

'rmsprop' 
40 

 
The hyperparameters, as shown in Table I, were used for 

the flood susceptibility mapping in this study. The 
hyperparameter optimization reflects the distinct nature and 

requirements of each model. ANN benefits from quicker and 
smaller-scale training setups, DNN from more extended 
training periods and complexity, and LSTM from a balanced 
approach catering to temporal dependencies.  

Figure 5 summarizes the performance parameter values of 
the models, including accuracy, precision, F1-score, and Kappa 
score, offering a thorough evaluation of their predictive abilities 
for flood susceptibility mapping. AUROC values for the DNN 
model stood out, with the highest value of 0.978, showing its 
excellent performance in predicting flood-prone areas. The 
ANN and LSTM models followed with AUROC of 0.976 and 
0.963 (Figure 5 and Figure 6). However, ANN shows the best 
overall performance with the highest precision, recall, 
accuracy, F1-score, and Kappa. It also has a slightly lower 
AUROC than DNN but is better. DNN performs very closely to 
ANN with slight variations but has the highest AUROC, 
indicating its excellent ability to distinguish between classes. 
LSTM has the lowest performance among the three models, 
with lower true positives and recall, which affects its overall 
accuracy and Kappa. However, it still maintains a good 
AUROC. In summary, ANN is the most balanced and high-
performing model, followed closely by DNN. LSTM, while 
still effective, falls slightly behind in several key performance 
metrics. The comparison of the result with the flood database 
from the Colorado Flood Observatory, the Knowledge for 
Development (K4D), and historical flood observations using 
Sentinel-1 SAR image showed that the results are appropriate 
for ANN and DNN models. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 5. Performance of the parameter values of the model 

The results of the three deep learning models are presented 
in Figure 8. The study revealed that for the ANN model, 27% 
(4582 ��ଶ) of the area lies in a very high flood susceptibility 
zone, followed by 9% (1634 ��ଶ) in highly susceptible, 8% 
(1338 ��ଶ ) in medium, 12% (1981 ��ଶ ) in less and 44% 
(7397 ���ଶ ) in very less flood susceptible zones. Similarly, 
DNN shows that 29% (4832 ��ଶ) of the area lies under very 
high susceptible areas, 19% (3189) in high susceptible areas, 
11% (1919 ��ଶ) in medium, 14% (2395 ��ଶ) in less, and 27% 
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(4596 ��ଶ) in very less flood susceptible areas. Lastly, LSTM 
shows that 38% (6368 ��ଶ) lies in very high, 15% (2561 ��ଶ) 
in high, 13% (2219 ��ଶ) in medium, 14% (2399 ��ଶ) in less, 
and 20% (3385 ��ଶ) in very less susceptible areas. It can be 
observed that the variations in parameter values and flood 
susceptible areas are less for ANN and DNN compared to 
LSTM. In this scenario, it can be concluded that the results of 
ANN and DNN are more reliable than those of LSTM. However, 
the result from LSTM should also be considered for flood 
susceptibility mapping since the parameters are in the higher 
range. In this scenario, it should be noted that 36% to 56% of the 
area of NNRB is highly susceptible to flood. This alarming 
condition depicts a need for serious concern in flood disaster 
prevention and management strategies.  

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 
 

 

 
 

 
 

 
 

 
Fig. 6. Area Under the Curve for Receiver Operating Characteristics 

(AUROC) 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 7. Flood Susceptibility Map 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 8. Flood susceptible area in NNRB predicted by different deep learning 

algorithms 
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Naturally, a flood occurs in areas of relatively low elevation 
and slope, as in the previous studies [8], [20], [21]. According to 
Figure 7, The NNRB has a flat region characterized by low 
elevation and slopes in the downstream southern part of the 
basin before joining the Mekong River. It is relatively narrow; 
the bed slope is very mild, and the influence of the Mekong 
River level causes difficulty draining the flooded area. When 
floods occur, low-lying regions can serve as natural basins, 
accumulating and holding water, which prolongs the flooding 
and amplifies the potential damage [13], [22]. In addition, there 
are also many low-lying areas in the Vientiane Plain, which are 
inundated by small floods. Even though many hydropower dams 
were constructed upstream of the flat plain, the downstream area 
is flooded almost yearly [23], [24].  

IV. CONCLUSION 
In our study focusing on enhancing the precision and 

efficiency of flood modeling in Nam Ngum River Basin, Lao 
PDR, we proved the power of using Sentinel 1 SAR imagery in 
the GEE platform to accurately identify and map flood locations 
in the past. The evaluation of models used three deep learning 
models (ANN, DNN, and LSTM) to predict flood susceptibility 
in NNRB, an area annually affected by typhoons and heavy 
rainfall. The models were trained and tested using eleven flood 
conditioning variables and 390 locations. The DNN and ANN 
performed better than LSTM, as evidenced by their AUROC 
precision, F1-score, accuracy, and kappa values. The study's 
results offer valuable insights for flood risk assessment and 
developing effective flood control plans. As floods threaten 
infrastructure, agriculture, and the economy worldwide, these 
deep learning insights using open-source big data platforms with 
the Google Earth Engine database can aid local authorities, 
planners, policymakers, and stakeholders in disaster risk 
management and climate change mitigation. Future research 
works can further explore a hybrid combining hydrodynamic 
deep learning-based modeling to predict flood susceptible area, 
velocity, and depth of flooding, enabling more comprehensive 
modeling of flood vulnerability in Nam Ngum River Basin 
(NNRB), Lao PDR.   
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Abstract— Measuring semantic similarity between short 
texts is a fundamental task in natural language processing with 
applications in information retrieval, question answering, and 
machine translation. Traditional methods such as term 
frequency (tf) and term frequency-inverse document frequency 
(tfidf) rely on lexical matching and fail to capture semantic 
meanings. This paper introduces Word Embeddings for 
Semantic Similarity (WESS), leveraging pretrained Word2Vec 
embeddings to capture semantic relationships. We fine-tune the 
Word2Vec model on the Quora Question Pairs dataset, 
containing 404,290 pairs of questions labeled as duplicate or 
non-duplicate. Our approach calculates text similarity by 
aggregating word embedding similarities. Experimental results 
demonstrate that WESS outperforms traditional methods, 
achieving an accuracy of 0.675, a 9.4% improvement over tf 
(0.617), a 6.5% improvement over tfidf (0.634), a 3.8% 
improvement over tfidf combined with Word2Vec (0.636), and 
a 1.9% improvement over standalone Word2Vec (0.662). These 
findings underscore the importance of semantic understanding 
in text similarity tasks and validate the effectiveness of 
pretrained word embeddings for capturing nuanced semantic 
relationships. The SSST method offers a robust and accurate 
approach for measuring semantic similarity between short texts, 
providing significant improvements over traditional 
approaches. 

 

Keywords—short text, semantic similarity, word embeddings 

I. INTRODUCTION  
Measuring semantic similarity between short texts is a 

fundamental task in natural language processing (NLP) with 
wide-ranging applications in information retrieval, question 
answering, machine translation, and more. Traditional 
methods for text similarity have primarily relied on lexical 
matching techniques, such as term frequency-inverse 
document frequency (TF-IDF), Jaccard similarity, and cosine 
similarity, which compare texts based on the presence or 
absence of words. 

TF-IDF is a statistical measure used to evaluate the 
importance of a word in a document relative to a corpus. It 
combines the term frequency (the number of times a term 
appears in a document) and the inverse document frequency 
(which measures how common or rare a term is across the 
entire corpus). The cosine similarity metric is often applied to 
TF-IDF vectors to compute the similarity between documents 
by measuring the cosine of the angle between two vectors in a 
multi-dimensional space [8]. 

Jaccard similarity measures the similarity between two 
sets by dividing the size of the intersection by the size of the 
union of the sets. For text similarity, the sets are usually 
composed of the unique words in each text. While simple, this 
method only captures lexical overlap and ignores the semantic 
meaning of words [9]. 

However, these traditional methods have significant 
limitations. They are sensitive to variations in word choice and 
often fail to capture the underlying semantic meaning of texts. 
For instance, synonyms or paraphrased content might be 
deemed dissimilar due to differing lexical compositions. This 
is particularly problematic for short texts, where limited 
context further exacerbates the inadequacies of lexical-based 
methods. 

To overcome these challenges, more sophisticated 
approaches have been developed. Latent semantic analysis 
(LSA) is one such method that attempts to capture semantic 
information by transforming text data into a lower-
dimensional space, revealing hidden relationships between 
words and documents [3]. Similarly, latent Dirichlet 
allocation (LDA) models texts as mixtures of topics, offering 
another way to infer semantic content from text [1]. 

 

Despite these advances, the rise of deep learning and the 
availability of large-scale datasets have paved the way for 
even more powerful methods of semantic similarity 
measurement. Word embeddings, such as Word2Vec [5], 
GloVe [6], and FastText [2], represent words in continuous 
vector spaces where semantically similar words are mapped to 
nearby points. These models are trained on vast corpora, 
enabling them to capture rich semantic relationships between 
words. 

Building on word embeddings, recent advancements have 
introduced contextualized word embeddings like ELMo [7], 
BERT [4] [9], and its variants, which further enhance semantic 
understanding by considering the context in which words 
appear. These models leverage large-scale pre-training on 
diverse text corpora followed by fine-tuning on specific tasks, 
setting new benchmarks in various NLP applications. 

This paper explores the application of word embeddings 
models to measure semantic similarity between short texts, 
leveraging big data to train and fine-tune these models for 
enhanced performance. By integrating advanced word 
embeddings with robust semantic similarity algorithms, we 
aim to address the limitations of traditional methods and 
improve the accuracy of short text similarity measurement.  
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II. RELATED WORK 
The task of measuring semantic similarity between short 

texts has been extensively studied in the field of natural 
language processing (NLP). Traditional methods have 
primarily relied on lexical matching techniques, which 
compare texts based on the presence or absence of words. 
However, these methods often fail to capture the deeper 
semantic meanings of the texts, prompting the development 
of more sophisticated approaches. 

A. Traditional Methods 
Term Frequency-Inverse Document Frequency (TF-IDF) 

and cosine similarity are among the earliest techniques used 
for text similarity. [8] introduced these methods, which 
represent documents as vectors in a high-dimensional space 
where each dimension corresponds to a term's importance in 
the document relative to a corpus. While effective for certain 
tasks, these approaches are limited in their ability to handle 
semantic relationships between words. 

Jaccard similarity is another traditional method that 
measures the similarity between two sets by dividing the size 
of their intersection by the size of their union. This method 
has been widely used for comparing short texts but suffers 
from similar limitations as TF-IDF, as it does not account for 
the semantic content of the words [9]. 

B. Latent Semantic Analysis and Topic Models 
To address the shortcomings of lexical matching, Latent 

Semantic Analysis (LSA) was developed, which reduces the 
dimensionality of text data and uncovers latent structures in 
the relationships between words and documents. [3] 
demonstrated that LSA could capture semantic meanings by 
mapping words and documents into a lower-dimensional 
space. 

Building on this idea, Latent Dirichlet Allocation (LDA) 
was proposed by [1] as a generative probabilistic model for 
discovering topics in a collection of documents. LDA models 
each document as a mixture of topics, allowing it to infer the 
semantic content more effectively than simple word matching 
techniques. 

C. Word Embeddings 
The introduction of Word2Vec by [5] marked a 

significant advancement in the field of word embeddings. 
Word2Vec uses neural networks to learn vector 
representations of words from large text corpora, positioning 
semantically similar words close to each other in the vector 
space. This model, with its CBOW and Skip-gram 
architectures, has been pivotal in capturing word meanings 
and relationships. 

Following Word2Vec, GloVe (Global Vectors for Word 
Representation) was developed by [6]. GloVe combines the 
advantages of global matrix factorization and local context 
window methods, producing word vectors that capture both 
semantic and syntactic properties [6]. Similarly, FastText, 
introduced by [2], enhances word embeddings by 
incorporating subword information, thus improving the 
representation of rare and out-of-vocabulary words. 

III. METHOD 
In this section, we detail our proposed method for 

measuring short text semantic similarity using word 

embeddings. Our approach, Word Embeddings for Sematic 
Similarity (WESS), leverages pretrained word embedding 
models to capture the semantic meanings of words and then 
calculates the similarity between two texts based on the 
aggregated similarity of their word embeddings. 
 

A. Word Embeddings Model 
Word embeddings are dense vector representations of words 
that capture semantic meaning by positioning semantically 
similar words close to each other in the vector space. We use 
pretrained word embedding models, such as Word2Vec, 
which are trained on large corpora and have demonstrated 
strong performance in capturing semantic relationships. 

For our experiments, we employ a pretrained Word2Vec 
model, which is further fine-tuned on the Quora Question 
Pairs dataset to adapt the embeddings to the specific domain 
of question similarity. This fine-tuning process helps to 
capture the contextual nuances specific to the dataset, 
improving the accuracy of the similarity measurements. 

B. Text Representation 
To represent each text, we follow these steps: 
 

1) Tokenization: Each text is tokenized into individual 
words. 

2) Embedding Lookup: For each word in the text, we 
retrieve its corresponding word embedding from the 
pretrained Word2Vec model. 

3) Handling Out-of-Vocabulary Words: Words that are 
not present in the pretrained model's vocabulary are handled 
by using a special embedding vector (e.g., a zero vector) or 
by ignoring them. 

C. Calculating Text Similarity 
Once we have the word embeddings for both texts, we 

calculate the similarity between the two texts using the 
following approach: 

1) Word Pair Similarity: For each word in the first text, 
we find the most similar word in the second text based on 
cosine similarity between their embeddings. The cosine 
similarity between two vectors 𝑣1 and 𝑣2 is given by: 

 
     (1) 

2) Aggregate Similarity: The overall similarity between 
the two texts is calculated by averaging the maximum word 
pair similarities. This approach ensures that each word in the 
first text is matched with its most semantically similar 
counterpart in the second text, and the similarities are 
aggregated to provide a final similarity score. 

Let T1 and T2 be the sets of word embeddings for the two 
texts. wi is a word of the text Ti. The similarity score 𝑆 is 
calculated as follows: 

 

 
  (2) 

 
3) Symmetry: To ensure symmetry in similarity 

measurement, the same process is repeated with the roles of 
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the texts reversed, and the final similarity score is obtained 
by averaging the two scores. 

 

 
(3) 

 

IV. EXPERIMENTS 

A. Dataset 
For our experiments, we utilized the Quora Question Pairs 

dataset [10], a widely-used benchmark for evaluating the 
performance of text similarity models. The dataset contains 
404,290 question pairs, each labeled as either duplicate or 
non-duplicate, indicating whether the questions in the pair 
have the same meaning. The questions cover a wide range of 
topics and exhibit considerable variability in length, syntactic 
structure, and vocabulary, providing a challenging 
benchmark for text similarity models. Approximately 37% of 
the pairs are labeled as duplicates, reflecting a slight 
imbalance in the dataset. 
 

B. Data Preprocessing 
Prior to training our models, we performed several 

preprocessing steps to ensure the data was in an optimal 
format for our experiments: 

1) Tokenization: Each question was tokenized into 
individual words using the NLTK tokenizer. 

2) Lowercasing: All text was converted to lowercase to 
maintain consistency and reduce variability caused by case 
differences. 

3) Removal of Special Characters: Special characters and 
punctuation were removed to focus on the textual content. 

4) Padding and Truncation: Sentences were padded or 
truncated to a fixed length to create uniform input sizes for 
the models. 

 

C. Experimental Setup 
We evaluated the performance of various methods for 

short text similarity measurement on the Quora Question 
Pairs dataset. The methods compared include: 
 

• Term Frequency (tf) 
• Term Frequency-Inverse Document Frequency 

(tfidf) 
• Word2Vec (word2vec) 
• Combination of tfidf and Word2Vec 

(tfidf_word2vec) 
• Semantic Word2Vec (semantic_word2vec) 

 
Each method was implemented and trained using the 

preprocessed Quora Question Pairs dataset. The accuracy of 
each method was measured by comparing the predicted 
similarity labels with the ground truth labels provided in the 
dataset. 

For the implementation of Word2Vec, we used the 
Gensim 1  library to train the embeddings on the Quora 
Question Pairs dataset. The embeddings were then averaged 

                                                           
1 Python Gensim Library: https://radimrehurek.com/gensim/ 

to create a vector representation for each question. For the 
combination of tfidf and Word2Vec, we first computed tfidf 
vectors for the questions and then concatenated these vectors 
with the Word2Vec embeddings. 

For the semantic Word2Vec model, we utilized a pre-
trained Word2Vec model fine-tuned on a large corpus of text 
to capture more nuanced semantic relationships. The fine-
tuning process involved further training on the Google News 
Corpus to adapt the embeddings to the specific domain. 
 

D. Evaluation Metrics 
The primary evaluation metric used to compare the 

performance of the different methods was accuracy. 
Accuracy was calculated as the ratio of correctly predicted 
labels to the total number of labels. This metric provides a 
straightforward measure of how well each model can 
distinguish between semantically equivalent and non-
equivalent question pairs. 

V. RESULTS AND DISCUSSION 
In this section, we present the experimental results of 

various methods for measuring short text semantic similarity. 
The methods evaluated include term frequency (tf), term 
frequency-inverse document frequency (tfidf), Word2Vec, a 
combination of tfidf and Word2Vec, and semantic 
Word2Vec. 

A. Results 
The performance of each method is measured in terms of 

accuracy. The results are summarized in Table 1. 

TABLE I.  ACCURACY OF DIFFERENT METHODS FOR SHORT TEXT 
SEMANTIC SIMILARITY MEASUREMENT. 

Method Accuracy 
tf 0.617 

tfidf 0.634 
word2vec 0.662 

tfidf_word2vec 0.636 
WESS 0.675 

 

B. Discussion 
From the experimental results, we observe the following 

trends: 
Term Frequency (tf): The basic tf method achieves an 

accuracy of 0.617. This method relies solely on the frequency 
of terms in the text, and does not capture the semantic 
meaning of the words. 

Term Frequency-Inverse Document Frequency (tfidf): 
The tfidf method shows an improvement over tf, with an 
accuracy of 0.634. By considering the importance of terms 
across the corpus, tfidf provides a more refined representation 
of the text. 

Word2Vec: Using Word2Vec embeddings significantly 
improves the performance, achieving an accuracy of 0.662. 
Word2Vec captures the semantic relationships between 
words, resulting in better similarity measurements. 

Combination of tfidf and Word2Vec (tfidf_word2vec) 
yields an accuracy of 0.636. Although this combination 
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slightly improves upon tfidf alone, it does not outperform the 
standalone Word2Vec model. This suggests that combining 
tfidf with Word2Vec may introduce some redundancy or 
noise. 

Word Embeddings for Semantic Similarity (wess): The 
semantic Word2Vec model achieves the highest accuracy of 
0.675. By leveraging semantic information, this method 
captures the meanings of words in context, resulting in the 
most accurate similarity measurements among the evaluated 
methods. 

VI. CONCLUSION 
The experimental results demonstrate the superiority of 

word embeddings, particularly Word2Vec and its semantic 
variant, for measuring short text semantic similarity. 
Traditional methods like tf and tfidf, while useful, fall short 
in capturing the nuanced meanings of words. The semantic 
Word2Vec model, which incorporates contextual 
information, provides the best performance, highlighting the 
importance of semantic understanding in text similarity tasks. 
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Abstract—This study explores the application of k-means
clustering, combined with the elbow and silhouette methods, to
analyze durian farm yields and production areas in Eastern
Thailand from 2012 to 2023. The aim is to identify optimal
farming practices and land use patterns to enhance productivity
and sustainability. Using data on yield and area of produc-
tion, the analysis reveals distinct clusters representing different
farming characteristics. The evaluation metrics, including the
Davies-Bouldin Index and Dunn Index, indicate that the Elbow
method generally provides better defined clusters, although the
Silhouette method occasionally shows superior clustering quality.
The results show significant shifts in cluster centroids over
the years, reflecting changes in smart farming. These insights
suggest targeted interventions to optimize resource allocation and
improve farm management.

Index Terms—k-means, clustering, durian, elbow method,
silhouette score

I. INTRODUCTION

Agriculture is very important in Southeast Asia, especially
in Thailand. Eastern Thailand, in particular, benefits from a
favorable climate [1] and fertile soil that are ideal for growing
a wide variety of crops, including rice, rubber, and fruits [2].
This region significantly contributes to the country’s agricul-
tural exports, making it a key player in the national economy.
However, increasing the productivity and quality of these
farms is a challenging task. Farmers must navigate complex
environmental conditions such as varying rainfall patterns [3]
and soil health [4], and employ effective farming methods.
This requires a deep understanding of the local ecosystem as
well as the adoption of advanced agricultural techniques and
technologies to enhance yield and ensure sustainable practices.

Durian, known as the King of Fruits is very important
in Thailand [5], [6], especially in Chanthaburi. In Thailand,
durian cultivation covers extensive areas particularly in Eastern
Thailand, which has the right climate and water conditions for
this crop. The region conditions help produce a lot of crops
and high yields. Durian farming is very important for the agri-
cultural countries and helps the national economy. However, it

*corresponding author

is hard to make durian farms more productive [7]. It requires
the good understanding of the environmental conditions and
effective farming methods to optimize agricultural yield and
production.

Agricultural data can be used with supervised and unsuper-
vised learning models to group similar parts of farms based
on factors such as soil quality, water availability, technology
and production levels [8], [9]. This helps farmers understand
and manage their farms better. Moreover, precision farming
techniques can be used. Farmers can give specific nutrients and
set irrigation schedules based on the needs of different parts of
the farm [10]. Moreover, this approach makes farming more
efficient and sustainable using these data driven techniques can
change durian farming and making it more productive.

K-means clustering algorithms are effective at uncovering
hidden patterns in agricultural data [11]. These methods group
data based on similar characteristics. It can identify farm areas
that require specific farming practices. For instance, k-means
can divide a farm into zones with similar production needs
enhancing resource efficiency [12], [13]. To determine the
optimal number of clusters techniques can be used such as the
elbow method and the silhouette score [14]. The elbow method
involves making a plot of the sum of squared distances from
each point to its cluster center. An elbow point is found where
the decrease rate slows down sharply. Therefore, this point
shows the number of clusters. In addition, the silhouette score
checks how similar an object is to its own cluster compared
to other clusters. It can be seen that higher scores is better for
clustering.

This study aims to answer the following research questions.
How can k-means clustering along with the elbow and silhou-
ette methods are used to effectively analyze durian farm yields
and production areas in eastern Thailand? What is the best
agricultural practices that can be found through this clustering
method? How can the insights from this data analysis help
make durian farming more sustainable and boost economic
growth in Thailand?

Therefore, this paper explores using k-means clustering with
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the elbow and silhouette methods to study in panel data. By
grouping farms based on yield and ares of production, the
study proposes to find the best clustering model. The research
uses dataset with two variables for a detailed analysis. By
using the clustering methods, it may take targeted actions to
increase production and support sustainable farming practices.

II. METHODOLOGY

A. Data Collection

The data for this study is sourced from the data center in
Chanthaburi, Thailand. It includes various attributes related
to durian yield and area of production. The variables of the
dataset are the year of data collection, the province and district
where the data was collected, the area of production in hectare
and the yield of durian in kilograms per hectare. The dataset
is valuable for providing actionable insights to enhance the
productivity and sustainability of durian farming in Eastern
Thailand. Therefore, the provided dataset contains detailed
information on durian cultivation in various districts across six
provinces in eastern Thailand, namely Nakhon Nayok, Prachin
Buri, Chonburi, Trat, Chanthaburi and Rayong from 2012 to
2023.

B. Data Analysis

1) K-Means Clustering Algorithm: The k-means clustering
algorithm partitions n data points into k clusters where each
data point belongs to the cluster with the nearest mean. The
objective is to minimize the within cluster sum of squares
(WCSS), which is also known as the inertia. The algorithm
can be summarized as follows

1) Initialize k cluster centroids randomly.
2) Assign each data point to the nearest cluster centroid.
3) Update the centroids by calculating the mean of all data

points assigned to each cluster.
4) Repeat steps 2 and 3 until convergence.

The objective function to be minimized is defined as

argmin
C

k
∑

i=1

∑

x∈Ci

‖x− µi‖
2 (1)

where k is the number of clusters, Ci is the set of points that
belong to cluster i and µi is the centroid of cluster i, calculated
as

µi =
1

|Ci|

∑

x∈Ci

x (2)

where ‖x − µi‖
2 is the Euclidean distance between point x

and the centroid µi.

2) Elbow Method for Evaluating Cluster Quality: The
elbow method is a technique used to determine the optimal
number of clusters in a dataset by plotting the within cluster
sum of squares (WCSS) against the number of clusters (k).
The elbow point on the plot indicates the optimal number of
clusters, where the rate of decrease in WCSS sharply slows
down [15].

To calculate the WCSS for a given number of clusters,
there are the two steps for this method. First, run the k-means
algorithm for different values of k (from 1 to 10). For each
value of k, compute the WCSS, which is the sum of squared
distances between each point and its assigned cluster centroid.
The WCSS is calculated as

WCSS =
k

∑

i=1

∑

x∈Ci

‖x− µi‖
2 (3)

where k is the number of clusters, Ci is the set of points
assigned to cluster i, µi is the centroid of cluster i, and ‖x−

µi‖
2 is the Euclidean distance between point x and centroid

µi.

3) Silhouette Method for Evaluating Cluster Quality: The
silhouette method is used to evaluate the quality of clusters
by measuring how similar each point is to its own cluster
compared to other clusters [16]. The silhouette score ranges
from -1 to 1 where a higher value indicates better defined
clusters. To calculate the silhouette score that is to calculate
the average distance between a point and all other points in
the same cluster (a), calculate the average distance between a
point and all points in the nearest cluster (b) and compute the
silhouette score for each point as follows

s =
b− a

max(a, b)
(4)

where s is the silhouette score, a is the average intra cluster
distance and b is the average nearest cluster distance.

C. Performance Metrics for Clustering Evaluation

Evaluating the performance of clustering algorithms is es-
sential to ensure the quality and effectiveness of the clustering
results. The performance metrics used to evaluate clustering
algorithms, including Davies-Bouldin Index and Dunn Index.

1) Davies-Bouldin Index: The Davies-Bouldin Index (DBI)
is a metric used to evaluate the average similarity ratio of each
cluster with its most similar cluster [17]. Lower values indicate
better clustering. The DBI is calculated as follows

DBI =
1

k

k
∑

i=1

max
i "=j

(

σi + σj

dij

)

(5)

where k is the number of clusters, σi and σj are the average
distances between each point in cluster i and j to their respec-
tive centroids and dij is the distance between the centroids of
clusters i and j.

2) Dunn Index: The Dunn Index is used to identify dense
and well separated clusters. Higher values of the Dunn Index
indicate better clustering [18]. The Dunn Index is calculated
as follows

D =
min1≤i<j≤k d(Ci, Cj)

max1≤i≤k δ(Ci)
(6)

where k is the number of clusters, d(Ci, Cj) is the distance
between clusters Ci and Cj and δ(Ci) is the diameter of cluster
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Ci defined as the maximum distance between any two points
within the cluster.

III. RESULTS

Firstly, this visualization helps in understanding how durian
farming has evolved over time in terms of both land usage and
productivity providing valuable insights for further analysis.

A. Visualization of Data

Fig. 1. Average Area of Production and Yield of Durian Over the Years in
Eastern Thailand (2012-2023).

Figure 1 shows the trends in the average area of production
and yield of durian over the years from 2012 to 2023 in
Eastern Thailand. The green line represents the average area
of production (in hectares) while the blue line represents the
average yield (in kilograms per hectare). Both the average area
of production and the average yield of durian have shown a
general upward trend over the years. The yield per hectare
has fluctuated over the years but has generally increased,
particularly from 2018 onwards. It can be seen that the yield
line is above the production area line for the years 2021-2023.

B. Determining Optimal Number of Clusters

Figure 2 shows the elbow and silhouette methods applied
to the dataset from 2012 to 2023. The x axis represents the
number of clusters (k) and the y axis shows the sum of squared
distances (SSD) from each point to its assigned cluster center.
The plot identifies the elbow point where the reduction in
SSD starts to slow down indicating the optimal number of
clusters. In addition, figure 2 presents the silhouette scores for
various cluster configurations over the same period. The x axis
represents the silhouette score which measures how similar an
object is to its own cluster compared to other clusters and the
y axis shows the number of clusters. Higher silhouette scores
indicate better defined and more cohesive clusters.

C. Performance Metrics

The clustering results are essential to consider two eval-
uation metrics such as the Davies-Bouldin Index and Dunn
Index. They provide quantitative measures of clustering qual-
ity. A lower Davies-Bouldin Index indicates better defined
clusters while a higher Dunn Index suggests well separated and
compact clusters. Additionally, visually inspecting the scatter
plots helps ensure that the clusters are well separated. The

centroids are logically positioned within the clusters rather
than being influenced by outliers.

Table I presents various clustering evaluation metrics for
the years 2012 to 2023 using two different methods. The
metrics include the Davies-Bouldin index and Dunn index.
The number of clusters varies by year and method. For
instance, in 2012, the recommendation method suggests 2
clusters with a lower Davies-Bouldin index and a higher Dunn
index compared to the clustering with elbow method and the
clustering with silhouette method. Therefore, for the optimal
number of clusters each year based on the evaluation metrics
from the elbow and silhouette methods, the recommendations
are as follows: In 2012, 2 clusters in 2013, 3 clusters in 2014,
3 clusters in 2015, 5 clusters in 2016, 3 and 4 clusters in 2017,
3 clusters in 2018, 3 clusters in 2019, 4 clusters in 2020, 4
clusters in 2021, 3 clusters in 2022 and 4 clusters in 2023.

Figure 3 is a scatter plot showing the results of k-means
clustering for the year 2012, 2021, 2022 and 2023 with 2,
4, 3 and 4 centroids, respectively. The x axis is labeled area
of production and the y axis is labeled yield. For the year
2012, the data points are represented by multiple black circular
markers, mostly scattered in the lower left corner of the plot
indicating lower values of area of production but varying
yield values. Two red star shaped centroids are plotted on the
graph. One centroid is located near the cluster of data points,
approximately at coordinates (x = 50, y = 120) while the other
centroid is far from the cluster of data points, approximately
at coordinates (x = 1500, y = 120). The plot suggests that the
data points form a tight cluster with one centroid close to them
while the other centroid is isolated far from the main cluster.
This may indicate an imbalance and outlier in the data when
using 2 centroids for clustering.

Additionally, there are some data points spread across higher
values of the area of production in 2021. Four red star shaped
centroids are plotted on the graph each representing the center
of a cluster. One centroid is located near the dense cluster
of data points (approximately at coordinates (x = 5000, y =
150)) while the other three centroids are positioned among the
more dispersed data points (approximately at coordinates (x =
10000, y = 300), (x = 30000, y = 300) and (x = 60000, y =
250)). The legend in the upper right corner of the plot indicates
that the red star shaped points represent centroids. The plot
suggests that the data points form several distinct clusters, with
centroids located at varying levels of area of production and
yield. This distribution indicates a more complex clustering
pattern compared to the previous year’s plot with 2 centroids,
highlighting the presence of multiple groupings within the
data.

Moreover, in 2022, one centroid is located near the dense
cluster of data points (approximately at coordinates (x = 5000,
y = 200)) while the other two centroids are positioned among
the more dispersed data points (approximately at coordinates
(x = 20000, y = 350) and (x = 60000, y = 300)). For 2023,
one centroid is located near the dense cluster of data points
(approximately at coordinates (x = 10000, y = 250)) while the
other three centroids are positioned among the more dispersed
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Fig. 2. Elbow and Silhouette Method for Optimal Cluster Determination (2012-2023)
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TABLE I
CLUSTERING EVALUATION METRICS AND RECOMMENDATIONS

Year Clustering with Elbow Method Clustering with Silhouette Method Recommended Clusters
Cluster Davies-Bouldin Index Dunn Index Cluster Davies-Bouldin Index Dunn Index

2012 2 0.0416 3.7723 3 0.0964 1.9003 2
2013 4 0.3360 0.1179 3 0.2606 0.4759 3
2014 4 0.3349 0.1559 3 0.2921 0.2833 3
2015 5 0.3143 0.3782 3 0.3373 0.1920 5
2016 5 0.3166 0.3436 3 0.3486 0.1701 5
2017 4 0.3515 0.1337 3 0.3528 0.1557 3,4
2018 4 0.3301 0.1440 3 0.3172 0.2325 3
2019 4 0.3069 0.0812 3 0.4474 0.0382 4
2020 4 0.3523 0.0973 3 0.4220 0.0544 4
2021 4 0.4103 0.1471 3 0.4415 0.0698 4
2022 4 0.4602 0.1378 3 0.4156 0.2596 3
2023 4 0.3952 0.2768 3 0.4479 0.1984 4

Fig. 3. K-Means clustering analysis of yield and area production data for 2012, 2021, 2022 and 2023

data points (approximately at coordinates (x = 20000, y = 300),
(x = 40000, y = 350) and (x = 70000, y = 300)).

IV. DISCUSSION

The clustering analysis conduct for the years 2012, 2021,
2022 and 2023 demonstrates the dynamic nature of durian
farming in Eastern Thailand and how data driven methods
can enhance agricultural efficiency. The k-means clustering
algorithm, applied with the elbow and silhouette methods,
has revealed significant insights into the area and productivity
patterns of durian farms. For instance, in 2012, the clustering
indicate two main clusters with one centroid positioned near
a dense group of data points and another isolated centroid
suggesting an imbalance and the presence of outliers [19].
This might reflect the variability in farming practices and
environmental conditions that year. In 2021, the clustering
analysis reveal a more complex pattern with four centroids
[20] indicating a diverse range of farming areas and production

levels. The centroids are spread across different production
areas highlighting the varied agricultural practices and possibly
the adoption of more sophisticated farming techniques.

In 2022 and 2023, the clustering results continued to show
distinct groupings with centroids reflecting different levels of
yield and production areas. The changes in centroid positions
over these years suggest an evolution in farming practices
possibly influenced by technological advancements and better
farm management. For example, it can be seen that Khlung
and Thamai in Chanthaburi account for the majority of the
production area in Eastern Thailand within one cluster in 2022
and 2023. The performance metrics including the Davies-
Bouldin Index and Dunn Index supported these findings by
indicating the quality and separability of the clusters [21], [22].
For most years, the elbow method provided better clustering
quality metrics but in some instances, the silhouette method
indicated superior clustering quality. These insights can be
critical for farmers to make informed decisions, optimize
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resource allocation and implement targeted interventions to
enhance productivity and sustainability in durian farming. By
leveraging these data driven techniques, the study underscores
the potential of precision agriculture in transforming tradi-
tional farming practices and boosting economic growth in the
region.

V. CONCLUSION

The study demonstrates the effectiveness of using k-means
clustering combined with the elbow and silhouette methods
to analyze durian farm yields and production areas in Eastern
Thailand from 2012 to 2023. The clustering analysis reveal
significant patterns in durian farming showing how different
clusters of production areas and yields can be identified. The
evaluation metrics, including the Davies-Bouldin Index and
Dunn Index, indicate that the elbow method generally provided
better defined clusters. Although in some cases, the silhouette
method showed superior clustering quality. Future studies will
focus on identifying which specific provinces fall into each
cluster group providing even more granular insights to further
optimize regional farming strategies.
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Abstract—After China's accession to the WTO and 20 years 
of rapid development, the marriage rate has shown a downward 
trend. This study aims to analyze the impact of socio-economic 
factors on the crude marriage rate (CMR) panel data in China 
from 2003 to 2022 using Dual Machine Learning (DML) for 
Causal Inference and machine learning models. DML was used 
to estimate ATE, CATE, and HTE for various factors. Four 
models—XGBoost, LightGBM, CatBoost, and GBDT—were 
employed for predictions, using 10-fold cross-validation for 
model evaluation. The results indicate that education (ATE 
5.666) and birth rate (ATE 5.492) had the most significant 
positive impacts on CMR, while GDP (ATE 3.196) showed 
positive but varying effects, and the female proportion (ATE -
2.353) had a notable negative impact. CatBoost performed best 
in MSE (0.942) and RMSE (0.958), while LightGBM excelled in 
MAE (0.777). Education, GDP, and birth rate are key factors 
influencing CMR. CatBoost and LightGBM proved to be 
effective prediction models, though improvements are needed 
for regions with significant variability. 

Keywords—Marriage Rate, DML, XGBoost, CatBoost, 
LightGBM, GBDT, ATE, CATE, RMSE,  

I. INTRODUCTION  

Marriage plays a crucial role in numerous social 

phenomena, such as happiness, procreation, child rearing, 

gender disparities, criminal behavior, and labor force 

participation. China is known for its culture of widespread 

marriage, yet the trend of delaying the age of first marriage is 

gaining prominence [1]. In recent years, There has been an 

increase in delayed marriage age and declining fertility rates 

in China, possibly due to high housing prices acting as 

catalysts. Marriage is a fundamental social institution with 

significant impacts on various societal aspects such as 

happiness, reproduction, child development, gender inequality, 

and crime. It also plays a crucial role in addressing labor 

supply in the employment sector. However, there has been a 

sharp decline in marriage rates in many countries, starting in 

developed nations like Western Europe and the United States, 

and followed by East Asian countries such as Japan and South 

Korea, with China closely behind [2]. The issue of marrying 

in China is complex. The complexity of marriage is not only 

related to emotions, but more importantly, to economic 

factors. Among the important factors involved in marriage are 

elements such as GDP, housing prices, income, consumption, 

pension ratio, gender ratio, and education level [3]. At the 

same time, similar problems are also emerging in India, a 

populous country in Asia [4]. Factors influencing the marriage 

rate in China include the responsibility of men to purchase 

marital housing before marriage, high property prices 

discouraging young people [1].and the savings ability of men 

and their families [5]. The dual structure of urban and rural 

areas, with rural and urban household registrations, leads to 

women being willing to marry into cities. The male population 

exceeds the female population, contributing to gender 

imbalance as a key factor [6]. causal machine learning 

inference pipeline that combines a given predictive machine 

learning model with analytical estimations of average 

treatment effects [7].  

Accurately predicting marriage rates is crucial for 

governments to formulate policies and strategic decisions. 

Simple linear regression is insufficient for addressing current 

research questions. Time series analysis can study the 

temporal dynamics within individual entities, while panel data 

analysis is more suitable for studying changes across multiple 

entities over time. Controlling for unobserved heterogeneity 

and conducting comparative analysis are essential. However, 

due to the limited frequency of our study data, which spans 

only 20 years, using time series analysis may not yield the 

expected results.. This makes panel data a better choice for 

research involving annual data from different regions, 

countries, or other entities. This study delves into the intricate 

dynamics of marriage rates, revealing seven key factors 

through the application of machine learning techniques [8]. 

The effectiveness of four regression models—XGBoost, 

LightGBM, CatBoost, GBDT models —is assessed, 

highlighting the exceptional performance of the CatBoost 

model and the robust predictive capabilities [10][20][24].  

The paper is structured as follows. Section 2 begins with 

an overview of the previous researches on marriage rate and 

factors affecting it. Section 3 describes research methodology, 

Section 4 presents results and discussion and section 5 draws  

a conclusion. 

II. LITERATURE REVIEW 

A. Related Studies 
In this section, Zhao et al. studied the impact of increasing 

housing costs on marriage postponement in China. They used 

the Difference-in-Differences (DID) method to analyze how 

rising prices affect marriage timing. They discovered that 

higher prices raise the expenses of initial marriages. 

Moreover, the delay in marriage due to cost escalation is more 

noticeable in individuals with advanced female education, 
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more brothers among males, and those from urban areas. This 

delay in marriage due to cost surge also decreases the 

inclination for childbirth, resulting in lower fertility rates. [3]. 

Gaurav Chiplunkar and others studied Marriage markets and 

the rise of dowry in India, and they found that between 1930 

and 1975, the proportion of Indian marriages involving dowry 

payments doubled, with the average actual value of payments 

tripling [4]. Author Patrik Guggenberger examines the scale 

properties of two-stage tests in panel data models, with the 

first stage employing a Hausman (1978) specification test as a 

pretest for the random effects specification, and the second 

stage using a test statistic based on random effects or fixed 

effects estimates, depending on the result of the Hausman 

pretest [10]. Ma Pilar Alonso and colleagues conduct a study 

on financial exclusion, depopulation, and aging using panel 

data regression models to analyze the influence of social 

demographic characteristics on financial exclusion. [11]. 

Shailendra Sharma and other researchers study House Price 

Prediction with Machine Learning Algorithms, emphasizing 

precise prediction using Python libraries like matplotlib, 

pandas, and NumPy. The widely used Python library for 

machine learning, scikit-learn, is open-source. [12]. 

Shailendra Sharma et al. developed an efficient method for 

least squares estimation in dynamic space-time panel data 

models. This method, called eigendecomposition-based bias-

corrected least squares procedure, uses eigen decomposition 

of the weight matrix in dynamic space-time pooled panel data 

models. Vita Ratnasari proposed a statistical model to analyze 

factors influencing the middle-income trap in Indonesia 

through panel data regression, using observations at the 

provincial level based on inter-regional decomposed 

variables. [14]. 

The main contribution of our study lies in the approach of 

combining machine learning with panel data and Dual 

Machine Learning (DML) for Causal Inference for analysis, 

model evaluation and prediction.Dual Machine Learning 

(DML) for Causal Inference using XGBoost, LightGBM, 

CatBoost, GBDT is used. The values of ATE (Average 

Treatment Effect) and CATE (Conditional Average 

Treatment Effect) and HTE (Heterogeneous Treatment Effect) 

of the independent variables on crude marriage are obtained. 

Four machine learning models are used, namely XGBoost, 

LightGBM, XGBoost and CatBoost, to train the data from 

2003 to 2022. Model evaluation involves MSE, RMSE and 

MAE metrics. After model evaluation, the four models are 

used to predict the crude marriage rate in 2022 by comparing 

the actual crude marriage rate data and the predicted values in 

2022. Combining panel-arranged data with Dual Machine 

Learning (DML) for Causal Inference and four machine 

learning models can build a more complex and accurate 

prediction model, providing a new perspective for our in-

depth understanding of the changing trend of China's marriage 

rate. 

B. Term definition 
According to the United Nations, the crude marriage rate 

(CMR) is a vital statistics summary rate based on the number 

of marriages occurring in a population during a given period, 

usually a calendar year. It is calculated as the number of 

marriages occurring among the population of a given 

geographical area during a given year per 1,000 mid-term 

population of the same area during the same year. The formula 

for the crude marriage rate(CMR) is (1) [16]. 

  (1) 

C. The Machine Learning Model 
Panel data is a combination of cross-sectional data and 

time series data. Cross-sectional data involves observing 

multiple entities' variables at a specific point in time, while 

time series data involves observing a single entity repeatedly 

over time [15]. Panel data integrates both features by 

gathering data from identical subjects over time, similar to 

observing the same individuals at consistent intervals on a 

timeline [14][18]. 

1) XGBoost: A gradient boosting based tree model 

optimized for speed and performance to handle large-scale 

data [24]. 

2) LightGBM:A fast, distributed gradient boosting 

framework based on decision tree algorithms, suitable for big 

data. [24]. 

3) CatBoost: Gradient boosted decision tree algorithm 

for categorical features, reducing overfitting and improving 

predictive performance [24]. 

4) GBDT: Gradient boosted decision trees, gradually 

build models to improve prediction accuracy, by weighted 

combination of weak learners [24]. 
5) Dual Machine Learning (DML) for Causal Inference: 

Causal inference was proposed to create interpretable, robust, 

and powerful machine learning models. Its core approach is 

to measure cause-effect relationships. It is ubiquitous in 

decision-making problems in various fields such as 

healthcare and economics. A machine learning approach for 

causal inference that combines machine learning models with 

dual estimation techniques from economics to reduce bias 

and improve the accuracy of estimates [22][25]. 

6) ATE (Average Treatment Effect): The mean treatment 

effect, which measures the average effect of the treatment on 

the outcome variable in the population, reflects the 

population-wide causal effect [23].  The formula for the ATE 

is (2). 

  (2) 

• where Y(T = 1)|T = 1 and Y(T = 0)|T = 1 are the 

potential treated and control outcomes of the treated 

group, respectively. ATT can also be called local 

average treatment effect (LATE). 

7) CATE (Conditional Average Treatment Effect): The 

conditional mean treatment effect, which measures the 

average effect of the treatment on the outcome variable under 

a particular condition, reflects differences in causal effects 

across subpopulations [23]. The formula for the CATE is (3). 

  (3) 

• where Y(T = 1)|X = x and Y(T = 0)|X are the potential 

treated and control outcomes of the subgroup with X = 

x respectively. CATE is also known as the 

heterogeneous treatment effect. 

8) HTE (Heterogeneous Treatment Effect): HTE refers to 

the variation in the impact of a treatment across different 

individuals or groups. In simpler terms, it means that the same 

treatment can have different effects on different people. 
General Form[23]. The formula for the HTE is (4),(5).  =      

  ∗ 1000  

 

 ! = !"#$ = 1% − #$ = 0%' 

 ! = !"#$ = 1%|) = *' − !"#$ = 0%|) = *' 
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  (4) 

• where Yi is the outcome variable (e.g., treatment effect), 

T
i

 is the treatment indicator variable (1 indicates 

treatment received, 0 indicates no treatment), Xi
 represents individual characteristics (covariates), α, +, 

and γ are parameters to be estimated, ϵi is the error term. 

  (5) 

• where, ,δ represents the effect of the interaction 

between treatment effect and covariates, reflecting the 

heterogeneity of treatment effects. 

III. RESEARCH METHODOLOGY 

A. Overall Methodology 
In this section, we define the issue of marriage rate in 

China, collect data, focus on independent variables, and 

conduct quantitative analysis. Missing data is handled in the 

preprocessing step. We propose a mixed model for marriage 

rate prediction using three models based on panel data and 

machine learning for evaluation. Use Dual Machine Learning 

(DML) for Causal Inference using XGBoost, LightGBM, 

CatBoost, GBDT to train machine learning models.we finally 

evaluate model performance and predictions with 

MSE,RMSE and MAE. [10][14]. We focus on the most 

critical characteristics that have a significant impact on the 

crude marriage rate, such as distance from GDP, house price, 

gross dependency ratio, Birth Rate, Female, Average years of 

education, and Sex Ratio. As shown in Fig.1, shows the 

Overall Methodology of our research paper, focusing on crude 

marriage rates using panel data analysis and Machine learning 

model evaluation and prediction. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. Overall Methodology 

B. Data Collection 
In this section, thorough explanations of the key variables 

impacting the crude marriage rate are presented, 

encompassing data collection and processing. The crude 

marriage rate and economic factors data are obtained from the 

National Bureau of Statistics of China 

(https://data.stats.gov.cn/english/) and the China Statistical 

Yearbook (https://www.stats.gov.cn/sj/ndsj/). Each relevant 

dataset undergoes annual updates on the National Bureau of 

Statistics of China's website and encompasses the years 2003 

to 2022, culminating in a 20-year dataset. 

C. Data Merging 
In the study, due to the independence of the datasets 

provided by the National Bureau of Statistics of China and the 

China Statistical Yearbook, there is no established correlation 

between each dataset. Additionally, the relevant independent 

variables and dependent variables available for download on 

the public platform consist of several separate Excel 

spreadsheets. The maximum span of publicly available 

datasets is 20 years, specifically from 2003 to 2022. To 

facilitate future research due to the multitude of tables, we 

consolidated the useful data for the study, creating distinct 

Excel and CSV format files. The columns in the CSV file data 

include Region, Year, Dependent Variables, and Independent 

Variables. 

D. Data Pre-Processing 
Scikit-learn, a Python library for machine learning, was 

utilized to combine and preprocess data from various 

independent CSV files in the research. The missing values in 

certain columns were handled through the Simple Imputer tool 

available in the SciPy library, ensuring the integrity of the data 

[15]. 

E. Data Selection 
After merging and preprocessing the data, we decided to 

select the data column features to include the 31 provinces in 

mainland China, the years are 2003-2022, the dependent 

variable y is Crude marriage rate, and the independent 

variables are (X
1

-X
7

). Table Ⅰ offers an explanation of the 

arrangement of the newly screened features. 

TABLE I.  FEATURES DATE SELECTION 

Features Features Explanation 

Region 

31 provinces in mainland China（No data from 

Hong Kong, Macao and Taiwan） 

Year 2003-2022 

Crude_marriage_rat

e（Y） 

The Number of Marriages 0ccurring in a 

Population During a Given Period 

GDP (X

1

) 

Gross Regional Product (100 million yuan) 

House_ Prices (X

2

) 

Average Selling Price of Commercialized 

Residential Buildings (yuan / square meters) 

Gross_Dependency

_Ratio (X

3

) 

Gross Dependency Ratio (Sample Survey) (%) 

Birth_Rate (X

4

) 

Birth Rate (%) 

Female (X

5

) 

Female Population Aged 15 and Over (Sample 

Survey) (person) 

Average_years_of_

education (X

6

) 

Average years of education per capita 

Sex_Ratio (X

7

) 

Sex Ratio (Female=100) (Sample Survey) 

(female=100) 

- = . / +  / ,$  ∗ )% / 0 

# = . / +  / 1) / 0 
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F. Feature Selection 
As shown in Fig.2, there is a heat map of a crude marriage 

rate dataset. It is evident that, except between GDP and Birth 

Rate, House Prices and Gross Dependency Ratio, between 

Birth Rate, Average years of education and Gross 

Dependency Ratio, and between Average years of education 

and Birth Rate, are negatively correlated, while all others are 

positively correlated. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Correlation Heatmap of  Features 

G. Feature Scaling 
Data normalization, known as feature scaling, is a key 

preprocessing step in many regression-oriented machine 

learning models. It involves standardizing numerical 

attributes to a common scale. In this study, Min-Max Scaling 

was used to normalize attributes to a range of 0 to 1, aiming to 

reduce the impact of dimension variations and improve model 

training efficiency and reliability [15]. 

H. Evaluation Model 
The regression model evaluation indicators RMSE, MAE, 

indicators are mainly used to evaluate the prediction error rate 

and model performance in regression analysis [19]. 

1) Mean squared error (MSE): Mean squared error 

(MSE) is a common measure of the quality of an estimator, 

such as a machine learning model. It calculates the average 

squared difference between the predicted values and the 

actual values. A lower MSE value indicates a better fit of the 

model to the data [19]. The formula for the RMSE is (6). 

  (6) 

 

2) Root mean squared error (RMSE):Root mean squared 

error (RMSE) is the square root of the mean squared error 

(MSE). It is another common measure of the quality of an 

estimator, and it represents the average error in the 

predictions [19]. The formula for the RMSE is (7). 

  (7) 

 

• Where N is the number of samples, Y
i 

is the true value，
ŷ is the predicted value 

3) Mean absolute error (MAE): Mean absolute error 

(MAE) measures estimator quality by averaging absolute 

differences between predicted and actual values.A lower 

MAE value indicates a better fit of the model to the data [19]. 
The formula for the MAE is (8). 

  (8) 

4) K-Fold Cross Validation : 10-K-Fold Cross Validation 

is a commonly used model evaluation method to estimate the 

performance of machine learning models on unseen data. The 

first step is data partitioning, which randomly divides the data 

set into 10 equal parts (called "folds"). The second step is 

model training and validation, which is performed 10 times. 

One fold is used as the validation set and nine folds are used 

as the training set. The third step is to calculate the average 

performance: the evaluation results of the 10 validations are 

averaged as the final performance indicator of the model [22]. 
The formula for the 10-K-Fold Cross Validation is (9). 

  (9) 

 

• Where L
cv

 is represents the average loss (or error) 

across all 10 folds in the cross-validation process.  

• Lk 

is denotes the loss (or error) calculated for the k-th 

fold during the cross-validation. 

IV. RESULTS AND DISCUSSION 

A. Results of ATE and CATE for Independent Variable 
Features 
Table III illustrates the impact of various independent 

variables on the Crude Marriage Rate (CMR), analyzed using 

Double Machine Learning (DML) to estimate the Average 

Treatment Effect (ATE), Conditional Average Treatment 

Effect (CATE), and Heterogeneous Treatment Effect (HTE). 

Notably, the Birth Rate (X
4

) and Average Years of Education 

(X
6

) exhibit the highest ATE values of 5.492 and 5.666, 

respectively, indicating a strong positive influence on CMR. 

In contrast, the Female (X
5

) variable shows a significant 

negative ATE (-2.353), suggesting a decrease in CMR. The 

HTE values reveal variability in the effects; for example, GDP 

(X
1

) shows substantial heterogeneity (4.968), implying varied 

impacts across different subpopulations. House Prices (X
2

) 

has a negative HTE of -10.145, indicating a consistent 

negative effect on CMR across different groups. The CATE 

values at the 25th, 50th, and 75th percentiles highlight the 

conditional effects, with notable variations observed in House 

Prices (X
2

) and Birth Rate (X
4

), suggesting context-specific 

influences on CMR. These findings underscore the nuanced 

and multifaceted relationships between these variables and the 

Crude Marriage Rate. 
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TABLE II.  THE VALUE OF THE INDEPENDENT VARIABLES 
ESTIMATED BY DML ON ATE, CATE AND OF CRUDE MARRIAGE RATE 

Feature 

The Results of Features, ATE, CATE and HTE 

ATE 
CATE (25th, 50th, 75th 

percentiles) HTE 
25th 50th 75th 

GDP (X

1

) 3.196 0.000 0.331 -1.065 4.968 

House_ Prices 

(X

2

) 

-0.443 

0.000 -1.336 1.222 -10.145 

Gross_Depende

ncy_Ratio (X

3

) 

0.352 

0.626 -0.962 0.737 0.675 

Birth_Rate (X

4

) 

5.492 

1.211 0.097 1.165 4.932 

Female (X

5

) 

-2.353 

0.000 0.000 -0.708 -3.314 

Average_years_

of_education 

(X

6

) 

5.666 

0.456 -0.163 -0.883 5.544 

Sex_Ratio (X

7

) 

-0.706 

-1.041 0.029 -0.184 -0.619 

B. K-Fold Cross Validation Results 
The table compares four models: XGBoost, LightGBM, 

CatBoost and GBDT, The Table IV presents the results of four 

different regression models: 10 K-Fold Cross Validation 

Results for 4 Models are compared based on their R-squared 

values.  

1) 10 K-Fold Cross Validation Results: Table III shows 

the performance comparison of four machine learning models 

in 10-fold cross validation. In the 10-fold cross validation, the 

performance of the four models, XGBoost, LightGBM, 

CatBoost, and GBDT, were compared. The results show that 

CatBoost performs best in all evaluation indicators, with an 

MSE of 0.942, an RMSE of 0.958, a MAE of 0.704, and an 

R² of 0.780. GBDT follows closely with an MSE of 0.956, an 

RMSE of 0.963, a MAE of 0.763, and an R² of 0.774. 

XGBoost also shows strong performance with an MSE of 

0.979, an RMSE of 0.975, a MAE of 0.746, and an R² of 

0.771. LightGBM has the highest MSE and RMSE values, at 

1.060 and 1.021 respectively, a MAE of 0.777, and the lowest 

R² at 0.749. In summary, CatBoost outperforms the other 

three models in terms of prediction accuracy, especially in the 

MAE and R² indicators. 

TABLE III.  10 K-FOLD CROSS VALIDATION RESULTS FOR 4 MODELS 

Evaluation 
Metric 

10 K-Fold Cross Validation Results for 4 Models 
XGBoost LightGBM CatBoost GBDT 

CV-MSE 0.979 1.060 0.942 0.956 

CV-RMSE 0.975 1.021 0.958 0.963 

CV-MAE 0.746 0.777 0.704 0.763 

CV-R

2 

0.771 0.749 0.780 0.774 

 

C. Prediction of Marriage Rate 
The study shows that Table IV lists the results of four 

different regression models.  As shown in Figure 4, the 

performance indicators of the four models are compared.  As 

shown in Fig.3, the actual marriage rate and predicted 

marriage rate in 2022. Detailed analysis of the study below. 

1) Model Results: Table V shows the evaluation index 

results of the four machine learning models. In the model 

evaluation, the performance of XGBoost, LightGBM, 

CatBoost, and GBDT are compared by MSE, RMSE, and 

MAE. The results show that CatBoost performs best in MSE 

and RMSE indicators, which are 3.534 and 1.880 

respectively, but is slightly inferior to LightGBM in MAE. 

LightGBM has an MSE of 3.862 and an RMSE of 1.965, but 

performs best in the MAE indicator with a value of 1.536. 

XGBoost's MSE and RMSE are 4.070 and 2.017 respectively, 

slightly higher than those of CatBoost and LightGBM, with 

an MAE of 1.634. GBDT has the worst performance, with an 

MSE of 4.425, an RMSE of 2.103, and an MAE of 1.689. 

Overall, CatBoost performs best in MSE and RMSE, while 

LightGBM performs well in MAE. 
2) Prediction: This Fig.3 shows the compares the actual 

and predicted crude marriage rates across different regions in 

2022, using four machine learning models: XGBoost, 

LightGBM, CatBoost, and GBDT. The solid lines depict 

actual marriage rates, while the dotted lines represent the 

models' predictions. Overall, the actual rates exhibit 

significant regional fluctuations, while the models' 

predictions follow a more consistent trend. For instance, in 

Beijing, XGBoost closely matches the actual values, while 

LightGBM is lower, and CatBoost is higher. In Hebei, 

XGBoost and CatBoost are accurate, whereas LightGBM and 

GBDT show deviations. In Inner Mongolia, LightGBM 

performs better, while XGBoost and CatBoost underpredict. 

In Shanxi, all models overpredict. Liaoning shows higher 

predictions from all models, contrasting with the lower actual 

rate. This overprediction pattern is also seen in Hainan and 

Guangxi, while Heilongjiang and Jiangsu are underpredicted. 

These results highlight the need for improvement, especially 

in regions with high variability in marriage rates, and provide 

insights for selecting more accurate prediction tools. 

TABLE IV.  4 MODEL EVALUATION INDEX RESULTS 

Evaluation 
Metric 

The Summary of Model Results  
XGBoost LightGBM CatBoost GBDT 

MSE 4.070 3.862 3.534 4.425 

RMSE 2.017 1.965 1.880 2.103 

MAE 1.634 1.536 1.539 1.689 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Actual vs Predicted Marriage Rate in 2022 

D. Discussion 
In the discussion section, The study found that education 

(ATE 5.666), GDP (ATE 3.196), and birth rate (ATE 5.492) 
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are primary factors positively impacting the crude marriage 

rate (CMR) in China, while the female proportion (ATE -

2.353) and house prices (ATE -0.443) have negative effects. 

These results align with prior research emphasizing the 

positive influence of education and GDP on marriage rates, 

though the negative impact of the female proportion diverges 

from some studies. High ATEs for education and birth rate 

underscore their crucial roles in boosting CMR, while variable 

CATE values for GDP (0.000 to -1.065) indicate its 

fluctuating impact across different quantiles. Policymakers 

should focus on enhancing education and managing economic 

conditions to improve marriage rates. Addressing gender 

disparities is also important. The study's reliance on data from 

2003-2022 may not capture recent socio-economic changes, 

and prediction errors in high-variability regions limit the 

findings. Future research should include more recent data and 

additional variables, aiming to improve model accuracy, 

especially in regions with significant marriage rate variability. 

V. CONCLUSION 

This study aimed to analyze the impact of various socio-

economic factors on the crude marriage rate (CMR) in China 

using DML and machine learning models. Key findings 

include significant positive impacts of education (ATE 5.666) 

and birth rate (ATE 5.492) on CMR, and a notable negative 

impact of the female proportion (ATE -2.353). GDP (ATE 

3.196) showed positive but variable effects across different 

quantiles. This research provides a comprehensive analysis of 

CMR determinants using advanced DML techniques and 

offers a performance comparison of four machine learning 

models (XGBoost, LightGBM, CatBoost, GBDT). CatBoost 

outperformed in terms of MSE (0.942) and RMSE (0.958), 

while LightGBM had the best MAE (0.777). Future studies 

should focus on incorporating more recent data and additional 

variables to improve model performance. Special attention 

should be given to regions with high variability in marriage 

rates to enhance predictive accuracy. 

ACKNOWLEDGMENT  
      This research was supported by a grant from Mae Fah 

Luang University.  

REFERENCES 

 

[1] D. H. Wrenn, J. Yi, and B. Zhang, “House prices and marriage entry in 

China,” Regional Science and Urban Economics, vol. 74, pp. 118–130, 

Jan.2019 

[2] J. C. Yong, N. P. Li, P. K. Jonason, and Y. W. Tan, “East Asian low 

marriage and birth rates: The role of life history strategy, culture, and 

social status affordance,” Personality and Individual Differences, vol. 

141, pp. 127–132, Apr. 2019 

[3] C. Zhao, B. Chen, and X. Li, “Rising housing prices and marriage 

delays in China: Evidence from the urban land transaction 

policy,” Cities, vol. 135, p. 104214, Apr. 2023 

[4] G. Chiplunkar and J. Weaver, “Marriage markets and the rise of dowry 

in India,” Journal of Development Economics, vol. 164, p. 103115, Sep. 

2023 

[5] G. Nie, “Marriage squeeze, marriage age and the household savings 

rate in China,” Journal of Development Economics, vol. 147, p. 

102558,Nov.2020. 

[6] J. Chen and W. Pan, “Bride price and gender role in rural 

China,” Heliyon, vol. 9, no. 1, p. e12789, Jan. 2023 

[7]  J. Rust and S. Autexier, "Causal Inference for Personalized Treatment 

Effect Estimation for given Machine Learning Models," 2022 21st 

IEEE International Conference on Machine Learning and Applications 

(ICMLA), Nassau, Bahamas, 2022, pp. 1289-1295, doi: 

10.1109/ICMLA55696.2022.00206. 

[8] Chaturvedi, A. (2023). Dynamic space–time panel data models: An 

eigendecomposition-based bias-corrected least squares procedure. 

Spatial Statistics, 56, 100758.  

[9] D. Xiao-zhu and K. Ling-wei, "The land prices and housing prices — 

Empirical research based on panel data of 11 provinces and 

municipalities in Eastern China," 2013 International Conference on 

Management Science and Engineering 20th Annual Conference 

Proceedings, Harbin, China, 2013, pp. 2118-2123 

[10] Guggenberger, P. (2010). The impact of a Hausman pretest on the size 

of a hypothesis test: The panel data case. Journal of Econometrics, 
156(2), 337–343.  

[11] S. Khan, “Female education and marriage in Pakistan: The role of 

financial shocks and marital customs,” World Development, vol. 173, 

p.106413,Jan.2024. 

[12] S. Sharma, D. Arora, G. Shankar, P. Sharma and V. Motwani, "House 

Price Prediction using Machine Learning Algorithm," 2023 7th 

International Conference on Computing Methodologies and 

Communication (ICCMC), Erode, India, 2023, pp. 982-986 

[13] Bresson, G., & Chaturvedi, A. (2023). Dynamic space–time panel data 

models: An eigendecomposition-based bias-corrected least squares 

procedure. Spatial Statistics, 56, 100758.  

[14] Ratnasari, V., Audha, S. H., & Dani, A. T. R. (2023). Statistical 

modeling to analyze factors affecting the middle-income trap in 

Indonesia using panel data regression. 

[15] A. Chaurasia and I. U. Haq, "Housing Price Prediction Model Using 

Machine Learning," 2023 International Conference on Sustainable 

Emerging Innovations in Engineering and Technology (ICSEIET), 

Ghaziabad, India, 2023, pp. 497-500,  

[16] United Nations. “Crude Marriage Rate 1 definition,” 

https://data.un.org/Glossary.aspx?q=crude+marriage+rate+,2001. 

[17] Shanghai Survey Team of National Bureau of Statistics, “Average 

years of education per capita,” 

https://tjj.sh.gov.cn/zcjd/20091102/0014-86153.html, November 2009. 

[18] De Iaco, S., Palma, M., & Posa, D. (2015). Spatio-temporal 

geostatistical modeling for French fertility predictions. Spatial 
Statistics, 14, 546–562. 

[19] R. Gupta, A. Sharma, V. Anand and S. Gupta, "Automobile Price 

Prediction using Regression Models," 2022 International Conference 

on Inventive Computation Technologies (ICICT), Nepal, 2022, pp. 

410-416, doi: 10.1109/ICICT54344.2022.9850657. 

[20] C. N. Obiora, A. Ali and A. N. Hasan, "Implementing Extreme 

Gradient Boosting (XGBoost) Algorithm in Predicting Solar 

Irradiance," 2021 IEEE PES/IAS PowerAfrica, Nairobi, Kenya, 2021, 

pp. 1-5, doi: 10.1109/PowerAfrica52236.2021.9543159. 

[21] M. Wang et al., “An XGBoost-SHAP approach to quantifying 

morphological impact on urban flooding susceptibility,” Ecological 
Indicators, vol. 156, p. 111137, Dec. 2023, doi: 

10.1016/j.ecolind.2023.111137. 

[22] A. Kumar, S. Dodda, N. Kamuni and R. K. Arora, "Unveiling the 

Impact of Macroeconomic Policies: A Double Machine Learning 

Approach to Analyzing Interest Rate Effects on Financial Markets," 

2024 3rd International Conference on Artificial Intelligence For 

Internet of Things (AIIoT), Vellore, India, 2024, pp. 1-6, doi: 

10.1109/AIIoT58432.2024.10574726. 

[23] Y. Huang et al., "Robust Causal Learning for the Estimation of Average 

Treatment Effects," 2022 International Joint Conference on Neural 

Networks (IJCNN), Padua, Italy, 2022, pp. 1-9, doi: 

10.1109/IJCNN55064.2022.9892344. 

[24] S. R, S. S. Ayachit, V. Patil and A. Singh, "Competitive Analysis of 

the Top Gradient Boosting Machine Learning Algorithms," 2020 2nd 

International Conference on Advances in Computing, Communication 

Control and Networking (ICACCCN), Greater Noida, India, 2020, pp. 

191-196, doi: 10.1109/ICACCCN51052.2020.9362840. 

[25] K.-H. Cohrs, G. Varando, N. Carvalhais, M. Reichstein, and G. Camps-

Valls, “Causal hybrid modeling with double machine learning,” 

arXiv.org, Feb. 20, 2024. https://arxiv.org/abs/2402.13332 

 

 

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

132

Page 152 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 152 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



Comparison of the Statistical and Autoencoder
Approach for Anomaly Detection in Big Data

Barasha Mali

Department of Electrical and Instrumentation Engineering

Sant Longowal Institute of Engineering and Technology

Longowal, Sangrur, India

barashamali@sliet.ac.in

Abstract—This paper compares two anomaly detection meth-
ods, comparing the Z-score statistical technique with autoen-
coders for big datasets, which are crucial for industries like
manufacturing, energy, and transportation to maintain smooth
operations and avoid costly disruptions. Autoencoders outper-
formed Z-score statistical technique in anomaly detection on
big datasets, achieving higher precision (0.94), F1-score (0.97),
and recall (1.00) compared to Z-score statistical technique. This
highlights autoencoders’ superior ability to accurately identify
anomalies, making them more effective for robust anomaly
detection in complex data environments.

Index Terms—anomaly, big data, statistical techniques, ma-
chine learning, autoencoders

I. INTRODUCTION

Anomaly detection in big data streams of industrial data
is important in today’s scenario because it helps industrial
sectors like manufacturing, energy, and transportation maintain
smooth operations and prevent costly disruptions. By continu-
ously monitoring data from machines, sensors, and processes
in real time, anomaly detection can swiftly identify deviations
that may indicate equipment failures, production inefficiencies,
or safety hazards [1], [2].

In industries where downtime can lead to significant finan-
cial losses and safety risks, early detection of anomalies is
essential. It allows maintenance teams to intervene promptly,
minimizing downtime and preventing potential accidents.
Moreover, proactive anomaly detection supports predictive
maintenance strategies, where equipment issues are addressed
before they escalate, optimizing productivity and extending the
lifespan of critical assets.

With advancements in technology, such as IoT sensors and
advanced analytics, industrial sectors can now leverage so-
phisticated anomaly detection algorithms to monitor complex
data streams effectively. This capability not only enhances
operational efficiency but also strengthens overall reliability
and resilience, ensuring that industrial processes remain com-
petitive and compliant with stringent safety and regulatory
standards in today’s competitive market environment [3], [4].

Anomaly detection methods can be categorized into several
groups based on their underlying techniques and approaches.
Statistical methods rely on measures like mean, standard de-
viation, or percentiles to identify data points that significantly
differ from the norm. Machine learning techniques encompass
supervised, unsupervised, and semi-supervised approaches,

where algorithms are trained on labeled or unlabeled data to
distinguish between normal and anomalous instances. Time
series methods analyze sequential data to detect deviations
over time, employing techniques such as ARIMA models or
moving averages. Furthermore, there are graph-based methods
that model relationships between data points as graphs to iden-
tify unexpected connections or structural changes indicative
of anomalies. Hybrid approaches combine multiple methods
to leverage their strengths and improve detection accuracy,
adapting to the specific characteristics and challenges of the
data being analyzed. Each category offers distinct advantages
and is suited to different types of anomalies and data envi-
ronments, ensuring robust anomaly detection across various
applications and industries [5], [6], [7].

This paper investigates anomaly detection methods, focus-
ing on the comparison between a straightforward statistical
technique, Z-score, and a more sophisticated approach us-
ing autoencoders. The Z-score method relies on statistical
measures such as mean and standard deviation to identify
anomalies based on deviations from the normal distribution. In
contrast, autoencoders are employed to learn and reconstruct
data patterns, detecting anomalies through significant recon-
struction errors.

Section I introduces the concept of anomalies and provides
an overview of commonly employed methods for anomaly
detection. Section II details the algorithms and methodologies
utilized in this study, encompassing both traditional statistical
approaches and advanced machine learning techniques such as
autoencoders. Section III presents the outcomes and findings
of the experimental evaluation, illustrating the comparative
performance and effectiveness of the discussed methods in
detecting anomalies for the randomly generated big datasets.

II. METHODOLOGY

A. Z-score statistical technique

The Z score, also known as the standard score, is a crucial
statistical concept used to determine how far a data point
deviates from the mean of a dataset and in which direction. It
provides a standardized measure that indicates whether a data
value is above or below the mean, as well as the magnitude
of this deviation in terms of standard deviations. Specifically,
a Z score quantifies the distance between a data point and
the mean in units of standard deviation, offering insights into
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the relative position and significance of the data point within
the distribution. This metric is widely utilized across various
disciplines to assess outliers, evaluate statistical significance,
and normalize data for comparative analysis [8], [9].

Mathematically, Z score can be represented as

Zscore =
(x− µ)

σ
(1)

where, x is the data point, µ is the mean and σ is the standard
deviation

The following algorithm provides a straightforward method
to compute Z scores of the randomly generated big dataset for
anomaly detection.

Algorithm 1 : Z score algorithm

Input:
DataV ector : X = [x1, x2, ..., xn],
Mean : µ,
Standard Deviation : σ

Output:

Zscorevector : Z = [z1, z2, ..., zn]

Step1. Generate synthetic normal data representing normal
behavior and synthetic anomaly data simulating anomalous
behavior.
Step2. Combine normal data and anomaly data into a single
dataset (data).
Step3. Standardize the data to transform data to have zero
mean and unit variance.
Step4. Apply PCA for dimensionality reduction to visualize
high-dimensional data in 2D.
Step5. Compute the Z-score for each data point after PCA
transformation using

Zscore = (x−µ)
σ

Step6. Define a threshold (threshold) for anomaly detection
based on Z-score.
Step7. Identify data points with Z-score greater than the
threshold as anomalies.
Step8. Plot data points where their Z-score exceeds the
threshold, highlighting potential anomalies.

B. Autoencoders

Autoencoders represent a specialized category of algo-
rithms adept at learning efficient representations of input data
without relying on labeled examples. These artificial neural
networks are tailored for unsupervised learning, emphasizing
the ability to compress and accurately represent input data
[10], [11]. Central to their operation is a dual-component
structure comprising an encoder and a decoder. The encoder
transforms input data into a lower-dimensional representation
known as the ”latent space” or ”encoding”, while the decoder
reconstructs the original input from this encoded representa-
tion. This process allows the network to discern meaningful
patterns within the data, facilitating the extraction of essential

features crucial for various applications in fields such as image
processing and anomaly detection [12], [13].

Fig. 1. Autoencoder general architecture

An autoencoder is structured with three main parts: an
encoder, decoder, and bottleneck layer as in fig. 1. The
encoder starts with an input layer that takes in raw data
[14], [15]. As the data moves through hidden layers, these
layers progressively reduce its dimensionality while capturing
important features and patterns. The final hidden layer, known
as the bottleneck layer or latent space, significantly compresses
the data to form a condensed representation [16], [17], [18].

On the other hand, the decoder takes this compressed
representation from the bottleneck layer and reconstructs it
back to the original dimensionality of the input data. Like
the encoder, the decoder also has hidden layers that gradually
increase the dimensionality, aiming to produce a reconstructed
output that closely resembles the initial input. The output layer
then generates this reconstructed output.

During training, autoencoders use a loss function, such as
mean squared error (MSE) for continuous data or binary cross-
entropy for binary data, to measure the difference between the
input and the reconstructed output. This loss function guides
the network to minimize discrepancies during reconstruction,
pushing it to capture the most important features of the input
data in the bottleneck layer.

After training, typically only the encoder part of the autoen-
coder remains in use. It’s employed to encode similar types of
data that were used during training, allowing it to effectively
distill relevant features from the input data into a compact
representation within the latent space [19], [20], [21], [22].

The following algorithm outlines the structure of an au-
toencoder applied to a randomly generated large dataset for
anomaly detection, focusing on its encoding and decoding
processes to identify deviations from normal data patterns.
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Algorithm 2 : Autoencoder algorithm

Input:

DataV ector : X = [x1, x2, ..., xn]
Output:

MeanSquarederror = µe

Step1. Create two types of data : normal data points (1,000
samples) and anomalous data points (50 samples). These
are randomly generated based on normal distributions, but
the anomalous data has a different mean.
Step2. Standardize the combined dataset (normal +
anomaly) to have zero mean and unit variance.
Step3. Split the standardized data into training and testing
sets (80% for training and 20% for testing).
Step4. Define the autoencoder model with encoder using a
dense layer with ReLU activation and decoder using another
dense layer with ReLU activation.
Step5. Train with Adam optimizer and mean squared error
(MSE) loss function.
Step6. Reconstructs all data points and calculate the Mean
Squared Error (MSE) between original and reconstructed
data points.
Step7. Classify the data points with MSE above 95th
percentile threshold as anomalies.
Step8. Calculate performance metrics such as Precision,
Recall, and F1-score.
Step9. Plot the original data points, marking anomalies in
red, and normal points in blue on a scatter plot.

III. RESULTS AND DISCUSSION

A large-scale dataset is randomly generated to evaluate the
anomaly detection methods, focusing on precision, F1 score,
and recall as key evaluation metrics. Precision quantifies the
accuracy of anomaly identification by measuring the ratio
of correctly detected anomalies to all identified anomalies.
F1 score harmonizes precision and recall, offering a bal-
anced assessment of a method’s ability to precisely identify
anomalies while capturing all true positives. Recall gauges
the method’s effectiveness in correctly identifying anomalies
among all actual anomalies present in the dataset. These
metrics collectively provide a robust framework for assessing
the performance and reliability of anomaly detection methods
when applied to large, randomly generated datasets, essential
for ensuring their practical applicability and effectiveness in
real-world scenarios.

A. Case A

The Z score based method implementation integrates PCA
for dimensionality reduction and Z-score calculation to detect
anomalies in a dataset, which combines synthetic normal and
synthetic anomaly data. It standardizes the data to ensure
zero mean and unit variance, facilitating effective anomaly
detection using a specified threshold. Evaluation metrics preci-
sion, recall, and F1-score are computed based on ground truth

Fig. 2. Anomaly detection using Z score

labels, allowing assessment of the algorithm’s performance in
correctly identifying anomalies as in fig. 2. Here, precision is
1.00, recall is 0.60 and F1 Score is 0.75.

B. Case B

Fig. 3. Scatterplot visualization for anomaly detection using autoencoder

The anomaly detection process using an autoencoder suc-
cessfully identifies anomalous data points with high precision
(0.94), recall (1.00), and an F1-score of 0.97. This indicates
that the model accurately detects anomalies while minimizing
false positives. The autoencoder, trained on standardized data
with an Adam optimizer and MSE loss function, reconstructs
data points and calculates reconstruction errors. Anomalies
are identified using a threshold set at the 95th percentile of
MSE values. The scatter plot visualization in fig. 3 clearly
distinguishes anomalous (red) and normal (blue) data points,
showcasing the model’s effective anomaly detection capability.

Table I compares the performance metrics of two anomaly
detection methods: the Z-score based method using PCA and
the autoencoder approach. For the Z-score based method,
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TABLE I
PERFORMANCE COMPARISON

Performance parameters
precision recall F1-score

Z-score statistical technique 1.00 0.60 0.75
Autoencoders 0.94 1.00 0.97

precision is reported as 1.00, indicating that all identified
anomalies were correct, while recall is 0.60, suggesting that
60% of actual anomalies were detected. The F1-score, which
balances precision and recall, is 0.75, reflecting the overall
effectiveness of this method.

In contrast, the autoencoder method achieves a precision
of 0.94, indicating a high proportion of correctly identified
anomalies with minimal false positives. The recall is 1.00, in-
dicating that all actual anomalies were detected. Consequently,
the F1-score for the autoencoder method is 0.97, signifying
superior performance compared to the Z-score based approach.
This comparison highlights that the autoencoder, leveraging
its ability to reconstruct data and detect anomalies based
on reconstruction errors, achieves more robust and accurate
anomaly detection results across the evaluated metrics.

IV. CONCLUSIONS

This work demonstrates that autoencoders significantly out-
perform the traditional Z-score statistical technique in detect-
ing anomalies within large datasets. With precision, recall,
and F1-score metrics of 0.94, 1.00, and 0.97 respectively,
autoencoders prove to be more effective at accurately identi-
fying anomalies. This superior performance underscores their
suitability for enhancing operational reliability and minimizing
disruptions in complex and high-volume data environments.
Industries can use autoencoders to detect anomalies effectively,
improving decision-making and minimizing costly downtime.
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 Grapevine Leaf Disease Classification using 
Deep Convolutional Neural Networks  

 

Abstract— The existence of numerous diseases that afflict the 
fragile and lush leaves of grapevines, bringing with them their 
destructive impact, presents a looming and formidable danger 
to the meticulous and intricate art of cultivating grapes. This 
peril not only puts at risk the bountiful harvest but also 
endangers the unmatched brilliance and refinement of the 
resulting crop. In the present study, we employ cutting-edge 
Deep Convolutional Neural Networks (DCNNs) to present a 
fresh and innovative approach to identifying disorders that 
affect grapevine leaves. Our methodology involves the fine-
tuning of pre-existing DCNN models, utilizing a tailor-made 
dataset composed of a wide array of images showcasing 
grapevine leaves affected by various diseases. This approach 
facilitates precise classification and reliable generalization. The 
far-reaching consequences of this investigation extend far 
beyond the mere advancement of grapevine disease detection. It 
lays the groundwork for a comprehensive system that might 
dramatically revolutionize the method by which we monitor 
illnesses in vineyards. This has the opportunity to not only 
transform the world of viticulture but also open the door to 
more environmentally friendly approaches that will eventually 
lead us to a more affluent and ecologically conscious future. 

Keywords— Deep Learning, Convolution Neural 
Network (CNN), Feature Extraction, Image Processing, 
Transfer Learning. 

I. INTRODUCTION  
Grapes are a global agricultural mainstay, contributing 

significantly to the manufacture of wines, juices, and raisins. 
However, several leaf diseases pose an ever-increasing 
hazard to the grapevine, threatening both productivity and 
quality. To avoid substantial crop damage and economic 
losses, it is vital to diagnose and categorize these infections 
as soon as feasible. Traditional disease detection methods in 
viticulture frequently rely on manual inspection, which may 
be time-consuming and subjective [1] 

.  

A. Contribution 

● classify grapevine leaf diseases using DCNNs. 
● We aim to construct a robust and reliable 

classification system by using pre-trained models 
and the development of a custom CNN model as 

feature extractors and fine-tuning them on a curated 
dataset including various photos of sick grapevine 
leaves.  

● This technique not only overcomes the issues 
associated with illness pattern variability, but it also 
capitalizes on the amount of information inherent in 
pre-existing models, allowing the network to detect 
minor traits indicative of certain diseases. 

● Various deep learning and other technologies are 
utilized to classify leaf diseases. 

● A research gap has been identified, and additional 
study has been suggested. 

   This noble research undertaking aspires to unlock the 
limitless possibilities offered by Deep Convolutional Neural 
Networks (DCNNs), to proficiently classify different types of 
grapevine leaf disorders. To accomplish this, we will employ 
pre-trained models as tools to extract distinctive features and 
then refine them using a meticulously curated dataset that 
encompasses a wide array of images depicting diseased 
grapevine leaves. The ultimate objective of this undertaking 
is to develop a classification system that is not only resilient 
but also exceptionally precise. By adopting this methodology, 
we can address the inherent challenges associated with the 
variability of disease patterns while simultaneously 
leveraging the extensive pool of knowledge embedded within 
pre-existing models. Consequently, the network becomes 
empowered to discern even the most subtle characteristics 
that are indicative of specific diseases and contribute to the 
overall effectiveness of the classification system. 

 

    
(a)                    (b)                   (c)                     (d) 

Fig.1. Sample image of grapevine leaves: (a) black rot, (b) 
esca, (c) healthy, and (d) leaf blight. 

   Below is a summary of the paper's structure: Section 2 
includes work that has already been completed  in the 

Md Al-Imran  
Dept. of Computer Science and 

Engineering East West University, 
Dhaka-1212, Bangladesh 

al.imran@ewubd.edu  

Sajid Faysal Fahim  
Dept. of Computer Science and Engineering 

East West University,  
Dhaka-1212, Bangladesh 

sajidfaysalfahim@gmail.com 

Sanjida Simla  
Dept. of Computer Science and 

Engineering East West University, 
Dhaka-1212, Bangladesh  

2019-2-50-007@std.ewubd.edu 

Fatin Hasnat Shakib  
Dept. of Computer Science and 

Engineering East West University, 
Dhaka-1212, Bangladesh 

shakibbenyaamin@gmail.com 

Tokiuddin Ahmed 
Dept. of Computer Science and Engineering 

East West University,  
Dhaka-1212, Bangladesh 

t.ahmedchayan@gmail.com 

Sarwar Jahan  
Department of Computer Science and 

Engineering East West University, 
Dhaka-1212, Bangladesh 

sjahan@ewubd.edu 

The 5th International Conference on Big Data Analytics and Practices 2024 (IBDAP 2024)

979-8-3503-9174-9/24/$31.00 ©2024 IEEE

137

4

4

44

7

1414

24

Page 157 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699

Page 157 of 205 - Integrity Submission Submission ID trn:oid:::1:3308583699



discovery of diseases. Section 3 discusses an overview of 
deep learning. The steps for  diagnosing a grapevine Leaf 
disease are described in Section  4. Section 5 addresses the 
results  and discussion of the current research, so to achieve  
effective grapevine leaf disease identification systems, these  
issues must be resolved. Observation and conclusion are 
described in Section 6, respectively. 

II. LITERATURE REVIEW 

  Durmus et al. [2] conducted an investigation aimed at 
identifying diseases in tomato leaves.  The authors utilized 
the advanced deep learning frameworks of AlexNet and 
SqueezeNet for this purpose. The images they analyzed were 
sourced from the extensive Plant-Village database, which 
encompassed a diverse range of 14 crops. The focus of their 
work was solely on tomato leaves, which were classified into 
10 different categories. Using AlexNet, they attained a 
phenomenal accuracy rate of nearly 95%. However, when it 
came to considerations such as model size and inference time, 
the SqueezeNet structure outperformed its counterpart. 
 
  Johannes et al. [3] undertook a captivating endeavor, 
delving into the realm of more than 3000 mesmerizing 
images, each showcasing one of the 38 enchanting varieties 
of wheat plants in their untamed habitat. Their noble quest 
was to unveil the secrets of three distinct European endemic 
wheat diseases. In their quest, they unveiled a remarkable 
fusion of a timeless machine learning model and an awe-
inspiring statistical inference method. 
 
  Jain et al. created a cloud-based system that uses predictive 
learning and neural networks based on convolution to address 
agricultural health in distant areas of India [4]. They 
performed real-time categorization of sick plant pictures and 
compared techniques to reduce misclassification. 
 
  Picon et al. [5] refreshed the robotized multi-illness 
recognition method shown by Johannes et al. for field 
securing settings. They utilized DCNN to identify beginning 
phase illnesses and concurrent infections, effectively 
approving similar three illnesses over 8000 pictures and tried 
under genuine field conditions[6]. 
 

III. OVERVIEW OF DEEP LEARNING 
  Deep Learning (DL) is a subset of machine learning that 
includes using brain networks with different layers, otherwise 
called Deep brain organizations.[7]. These organizations are 
intended to learn and address information through the 
iterative course of preparing a lot of named data. Deep 
Learning has acquired noticeable quality for its striking skill 
to display and break down complex examples, empowering 
applications across different areas, including computer 
vision, natural language processing, speech recognition, and 
more[8]. Deep learning does not require the extra pre-
processing step of machine learning named as feature 
extraction which provides it an upper hand over machine 
learning [9]. 
 
A. CNN Architecture 

 
   CNN structures follow the fundamental guideline of 
applying progressive convolution layers alongside pooling 
layers and completely associated layers to the contribution to 
down example the dimensions without losing the significant 
highlights caught by the highlights map and furnishing the 
necessary result with the most extreme precision 
conceivable[10]. Convolution is applied to the output of the 
fully connected layer and predicts the picture class using the 
previously extracted features[11]. 

● Convolution Layer: The Convolutional Layer is the 
initial layer that focuses on extracting characteristics 
from the input pictures[12]. This layer performs the 
convolution mathematical procedure between each 
input picture and a series of convolution filters of 
varying sizes. Swiping the filter over the input 
picture generates the dot result between the filter and 
the portions of the image according to the filter's size 
[13]. 

 
● Pooling Layer: Pooling in convolutional neural 

systems may be achieved in two ways. Maximum 
and average pooling. In Max Pooling, which is the 
most popular of the two, we scan the highest 
possible value for each region of the image. Average 
pooling computes the mean of the components of a 
picture inside a predetermined sized zone. The 
Pooling Layer connects the Convolutional neural 
network Layer with the Fully Connected Layer. 
 

● Flattening: It flattens the information into a set so 
that CNN can read it. It is often delivered ahead of 
the commencement of the completely linked layer. 
 

● Fully Connected: We flatten the final result of the 
previous layer of convolution in this layer and 
connect every node in the present layer to all the 
others in the following layer. 
 

● Activation: Activation functions play a crucial and 
pivotal role in the intricate dance of neural networks. 
These functions hold the power to decide which 
delicate strands of information should gracefully 
waltz forward in the network's journey, while 
gracefully dismissing others at the end of their 
performance. In this enchanting process, they 
sprinkle a touch of nonlinearity, adding a dash of 
magic to the network's tapestry. 

ReLU: The rectified linear unit activation function 
removes values that are negative from the feature 
maps before producing an attribute map with only 
non-negative values. 

ReLU = max(0,x) 

Softmax: By supplying probability distributions 
from the input vectors, it aids in forecasting the 
correct maximum from multiple classes of data. The 
values vary between 0 to 1 [14]. 
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IV. STEPS FOR DIAGNOSING A LEAF DISEASE 

   CNN calculations investigate a picture and concentrate on 
its highlights. Convolutional neural networks are deep 
learning calculations that can interact with enormous datasets 
containing a large number of boundaries, demonstrated on 2D 
pictures, and interface the subsequent portrayals to the 
comparing yields. A CNN is a regulated multi-facet network 
that can progressively advance new highlights from datasets. 

 

 
Fig. 2: Flow Chart 

 
● Dataset Description: This dataset consists of 9027 

images of diseased and healthy plant leaves of the 
Plant Village dataset, which were classified into 4 
classes to train a deep convolutional neural network 
that can identify the grapevine leaf diseases. 

● Data Preprocessing: The data will be divided into 
three distinct classifications: Preparing, Validation, 
and Testing. 70% of the dataset is for training, 20% 
for Validation,  and 10% for Testing. The 
preparation information will be utilized to prepare 
the deep learning CNN model, and its boundaries 
will be calibrated with the approval information. At 
long last, the presentation of the data will be 
assessed utilizing the test information. 

● Data Augmentation: A strategy for boosting the 
number of photographs in a database is data 
augmentation. To diversify our dataset, we apply 
multiple techniques to picture datasets, such as 
changing, turning, zooming, and rotating. 
Overfitting may be mitigated during the training 
stage by enriching the dataset and introducing 
deformation to the pictures. The image data 
generator class in Keras supports in-place or on-the-
fly data augmentation. With this form of data 
augmentation, we can ensure that our trained 

network sees fresh changes at each epoch. It enables 
us to achieve great outcomes while working with a 
smaller dataset [15] 

 

Fig. 3:  Data Augmentation 

A remarkable and ingenious convolution instrument that 
possesses the remarkable ability to meticulously and 
methodically disentangle and classify the diverse and 
multifarious attributes and characteristics that are inherent 
within images, thereby rendering them suitable and amenable 
for thorough scrutiny and examination in what is commonly 
referred to as the process of feature extraction, a technique 
that entails the identification and segregation of the 
distinctive and noteworthy aspects and elements of the said 
images. 

 

 
 

Fig. 4: CNN Architecture 
 

  The Sequential Model API enables the creation and addition 
of sequential classes and model layers in deep learning 
models. The input to a convolutional neural network is an (n 
x m x 3) matrix for colored images, with the number 3 
representing the RGB components of each pixel. The model 
is made up of numerous 2D convolutional layers with 64 
filters and a rectified linear unit with various filters and 
activation functions. This is followed by sequential 
normalization, pooling, and fully connected 32 filters, 
followed by a layer before applying the softmax activation 
function to probability values. 
 

● Training the Model: During the subsequent stage, 
the model is assembled and trained on a specially 
designed dataset. To compile the model 
successfully, specific parameters need to be defined, 
such as the optimizer. The optimizer, like Adam, 
modifies the weights and learning rate of a neural 
network to reduce losses efficiently. Models may be 
trained quicker and more successfully by using 
optimizers. We select the Adam optimization 
technique for our multi-class classification problem 
because it consistently produces smoother results. 
The loss function is another critical parameter, and 
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we choose the "sparse categorical cross entropy" 
loss function for our integer targets [16]. When 
fitting the model, we consider additional parameters 
like the batch size is 32 and the number of epochs. 
For our training process, we train the model over 
100 epochs to enhance accuracy and reduce loss 
[17]. 

 

V. RESULTS AND  DISCUSSIONS 

The findings of using deep convolutional neural networks to 
classify grapevine leaf diseases reveal not only remarkable 
accuracy but also outstanding efficiency over a broad range 
of designs. To visually capture the highest level of accuracy 
achieved by the model during both the training and validation 
stages, we meticulously create an illustrative graph that 
vividly depicts the maximum accuracy reached while 
simultaneously minimizing the loss function. This graph is a 
visual depiction of the model's knowledge and serves as 
evidence of the efficacy of the approaches used. 

A. EfficientNetB0 Accuracy (99.94%): 

EfficientNetB0, a renowned and highly acclaimed 
neural network architecture celebrated for its 
unparalleled efficiency and remarkable 
performance, has showcased its true prowess by 
attaining a remarkable accuracy rate of an 
astounding 99.94%. This exceptional feat serves as 
a testament to its remarkable ability to discern and 
capture even the most intricate and minute patterns 
and features that hold immense significance in the 
realm of grapevine leaf diseases. The sheer 
magnitude of this remarkable accuracy rate not only 
underscores the effectiveness of the model but also 
serves as a resounding affirmation that it has 
triumphantly surmounted the challenges of 
generalizing its acquired knowledge from pre-
training to meticulously and flawlessly classify an 
extensive range of diverse instances of diseases 
present within the hallowed realm of grapevine 
leaves. 

  

Fig. 5: training v/s validation loss and accuracy  

B. Xception Accuracy (99.88%): 

Xception, a marvel of modern deep learning 
architecture, has proven its worth through the 

utilization of depth-wise separable convolutions, a 
technique that has yielded remarkable outcomes. 
The network's astounding accuracy rate of 99.88% 
serves as a testament to its prowess in 
comprehending intricate spatial hierarchies and 
discerning complex patterns. The network's 
exceptional ability to capture the essence of the 
grapevine leaf disease dataset is evident in its 
superior classification accuracy. It is worth noting 
that the slightly lower accuracy achieved compared 
to EfficientNetB0 can be attributed to the distinctive 
architectural nuances and the unique characteristics 
of the dataset about grapevine leaf diseases. 

 

Fig. 6: training v/s validation loss and accuracy of  Xception 

C. MobileNetV3 Accuracy (99.45%):  
 
MobileNetV3, which has been specifically  
engineered to optimize efficiency and cater to the  
needs of mobile applications, has showcased an  
impressive level of accuracy, achieving a  
commendable 99.45% accuracy rate. While this  
accuracy slightly falls short when compared to the  
other two architectural models, MobileNetV3  
continues to demonstrate its remarkable  
effectiveness in the realm of grapevine leaf 
disease  classification. With its ability to 
effectively classify  and identify various diseases 
affecting grapevine  leaves, MobileNetV3 
emerges as a highly practical  and viable option 
for deployment in environments  that are 
constrained by limited resources.  

 

  
 

Fig. 7: training v/s validation loss and accuracy 
of  MobileNetV3  
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D. Custom CNN Accuracy (99.48%): 

A revolutionary technique is being used to 
categorize photos using a CNN, which eliminates 
the requirement for pre-trained models. While pre-
trained models can distinguish between numerous 
classes without individual training, their intricate 
architectures may pose challenges for beginners. To 
simplify the process of constructing custom CNN, 
Keras was utilized in the development of this project 
[18]. 

The Sequential model is utilized. A sequential 
model API is a method for constructing deep 
learning models with sequential classes and model 
layers. In a convolutional neural network, the input 
for colored images is represented as (n x m x 3). The 
model starts with a 2D convolutional layer using 32 
filters and Rectified Linear Unit activation. Batch 
normalization and maximum pooling are then 
applied in subsequent layers. Two blocks of a 2D 
Convolutional layer with 64 filters and Rectified 
Linear Unit activation are added, followed by a 
pooling layer. Finally, a Convolutional layer with 32 
filters, Rectified Linear Unit activation, and pooling 
are included. The output is flattened for fully 
connected layers. An additional 512 dense layers 
with a dropout of 0.2 are added. The softmax 
activation function is used for converting outputs 
into probability values. 

The accuracy of the custom CNN, which is 99.48%, 
shows that it can compete with advanced pre-trained 
models. The custom architecture, made for 
grapevine leaf diseases, proves that a tailored 
approach can achieve similar results to highly 
optimized pre-trained models. 

 

Fig. 8: training v/s validation loss and accuracy of  Custom CNN 

E. Confusion Matrix 

A confusion matrix, a beautiful and intricate creation, serves 
as a grand table that elegantly showcases the magnificent 
performance of a classification model. It is a visual 
masterpiece that transports us to a realm where correct and 
incorrect predictions dance harmoniously with one another, 
expressing their true essence for each class. 

 

Fig. 9: confusion matrix of  EfficientNetB0 

 

Fig. 10: confusion matrix of  Xception 

 

Fig. 11: confusion matrix of  MobileNetV3 

 In the mesmerizing world of grapevine leaf disease 
classification, where the powerful forces of EfficientNetB0, 
Xception, and MobileNetV3 intertwine, the creation of a 
confusion matrix becomes an absolute necessity. It is a 
wondrous spectacle that unfolds before our eyes as each 
model gracefully unfolds its unique rendition of the confusion 
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matrix, a masterpiece that captures the very essence of their 
predictions. The impressive accuracies achieved by all four 
architectures highlight the power of transfer learning in 
classifying grapevine leaf diseases.  

Table 1:  Proposed Method Result  

Implemented 
method 

Disease 
name 

No.of 
image 

Datas
et 

Accuracy 

EfficientNetB
0 

black rot, 
esca, leaf 

blight 

9027 plant 
village 

99.94% 

Xception black rot, 
esca, leaf 

blight 

9027 plant 
village 

99.88% 

MobileNetV3 black rot, 
esca, leaf 

blight 

9027 plant 
village 

99.45% 

Custom CNN black rot, 
esca, leaf 

blight 

9027 plant 
village 

99.48% 

EfficientNetB0's exceptional accuracy is attributed to its 
unique scaling method and compound scaling coefficients, 
which effectively extract essential features. Xception, 
although slightly less accurate, excels at capturing intricate 
details due to its architectural choices. MobileNetV3, with its 
commendable accuracy, is particularly suitable for resource-
constrained applications. When compared to pre-trained 
models, a custom CNN that is particularly customized to the 
unique features of the dataset can obtain comparable 
performance. Overall, our findings verify the efficacy of deep 
convolutional neural networks in grapevine leaf disease 
classification, opening the door to their implementation in 
accurate agricultural systems. 

VI. CONCLUSION 

The capabilities of convolutional neural networks have 
advanced dramatically in recent years. The latest iteration of 
these networks has displayed promising outcomes in the 
domain of image recognition. This project explored a unique 
method of automatically categorizing and identifying plant 
diseases from leaf images by employing sophisticated deep-
learning techniques. With an astonishing accuracy of 99.94%, 
99.88%, 99.45%, and 99.48%, the custom CNN model 
developed was able to differentiate healthy leaves from three 
visually identifiable diseases. Given this outstanding level of 
execution, it is clear that convolutional neural networks are 
uniquely suited for illness identification and detection. 
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Abstract— Defect detection on printed circuit boards (PCBs) 
is a critical challenge in the electronics manufacturing industry, 
as undetected defects can lead to financial losses, product 
recalls, and compromised reliability. Advances in deep learning 
techniques have made automated defect detection more feasible 
and effective than manual inspection or classical image 
processing techniques. Recent studies have utilized the YOLO 
architecture as a baseline, incorporating various modules to 
enhance the detection of small defects in large-size PCB images. 
However, these approaches still face challenges with the input 
information loss due to the necessity of reducing the PCB input 
images to a smaller size. To address this issue, we propose a 
defect-centered image generation method enhanced through 
intensive augmentation, enabling the model to learn detailed 
information about defects and their surrounding environments. 
Additionally, several modifications on the YOLO architecture 
are made including convolutional block attention Module 
(CBAM) and feature pyramid network (FPN), to improve the 
detection of small defects. Experimental results demonstrate 
that our method outperforms existing approaches in terms of 
mAP50 and recall, while maintaining comparable precision. 
Specifically, our method archives near-perfect mAP50 score for 
nearly all defect types, with only a few false positives.  These 
findings underscore the model's superior accuracy and 
effectiveness in defect detection, making it valuable for real-
world industrial applications. 

Keywords— Printed Circuit Boards (PCBs), Defect Detection, 
Deep Learning, YOLO Architecture, Defected-Center Image 
Generation, Convolutional Block Attention Module (CBAM), 
Feature Pyramid Network (FPN) 

I. INTRODUCTION 
Printed Circuit Boards (PCBs) are fundamental 

components in electronic devices, critically influencing 
product quality and reliability. Ensuring high-quality PCB 
design and production is essential for maintaining the 
performance and longevity of electronic devices such as 
smartphones, computers, and communication equipment. 
Therefore, effective defect detection methods are necessary 
to uphold the standards of modern electronics. 

Manufacturers have adopted advanced technologies like 
Automated Optical Inspection (AOI) and Automated Vision 
Inspection (AVI) systems to quickly and accurately detect 
defects on PCBs, replacing manual inspection. However, the 
decreasing size and increasing complexity of PCB designs 
present challenges, leading to higher detection error rates. 
Minor production or inspection errors can cause significant 
issues, resulting in increased costs for rectification and 
process improvements. 

Recent advancements in deep learning have 
revolutionized the field of defect detection on PCBs. Deep 
learning techniques, particularly those utilizing convolutional 
neural networks (CNNs), have emerged as powerful tools for 
enhancing defect detection capabilities. Among these, the 
YOLO (You Only Look Once) architecture [6] has 
demonstrated impressive performance in detect objects with 
high precision. Recent research has further extended the 
YOLO architecture with additional modules, such as 
Convolutional Block Attention Module (CBAM) [10] and 
Feature Pyramid Network (FPN) [7], to improve the detection 
of small and complex defect patterns. These enhancements 
allow the model to focus on small defects and aggregate 
multi-scale features, resulting in significant improvements in 
both precision and recall. Nevertheless, these approaches 
continue to encounter challenges related to information loss, 
primarily due to the need to resize PCB images, which can 
decrease detection accuracy.  

In this research, the deep learning model is trained to learn 
detailed patterns of small defects from a comprehensive 
dataset. This dataset comprises enriched, defect-centered 
images generated through advanced data augmentation 
techniques. Additionally, several modules, including the 
Convolutional Block Attention Module (CBAM) and Feature 
Pyramid Network (FPN), are integrated into the YOLO 
architecture to enhance the detection of small defects. The 
structure of this paper is as follows: a review of related works, 
a description of the methodology, presentation of 
experimental results, and a conclusion. 

II. RELATED WORKS 
The rapid development of deep learning algorithms has 

significantly improved defect detection. Recently, numerous 
studies [9] have focused on enhancing PCB defect inspection 
systems, emphasizing improvements in accuracy, precision, 
recall, and real-time performance as follows. 

Du [1] proposed a method for detecting surface defects on 
PCBs using a dataset containing 693 defect images, 
augmented with 507 rotated images. The data was divided into 
training, validation, and test sets in a ratio of 960:120:120. 
This research utilized an enhanced YOLOv5 model with 
MBConv Modules, CBAM Attention, BiFPN, SIoU Loss 
Function, and Depth-Wise Convolutions to improve accuracy 
and computational efficiency, demonstrating significant 
improvements in mean accuracy and recall. 

Jiang [2] developed a defect detection method using a 
hybrid model called RAR-SSD. The dataset comprised five 
types of defect images from the Hikvision MV-CE200-11UC 
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camera, with over 1500 samples per type. Input images were 
resized to 300x300 pixels and augmented through flipping, 
reflecting, shifting, and blurring. The data was split into 
training, validation, and test sets in a 9:1 ratio. This research 
emphasized accuracy and detection efficiency by utilizing the 
RFB-s module, SENet, CANet, and a Feature Fusion Module. 

Zhang [3] presented a lightweight real-time defect 
detection system based on an improved YOLOv5s model, 
incorporating channel pruning to reduce computational load 
while maintaining accuracy. Human-computer interaction 
was facilitated through a Raspberry Pi for data transmission 
and PyQT5 for interface development. The experimental data 
from the Ku-Market-PCB dataset, split into training and 
validation sets in a 960:120 ratio, showed that the pruned 
model achieved sufficient accuracy for real-time applications 
requiring speed. 

Yuan [4] focused on detecting surface defects using 693 
images from the HRIPCB dataset from Peking University, 
split into training and test sets in a 9:1 ratio. An enhanced 
YOLOv5 model with a HorNet Backbone, MCBAM, 
CARAFE, and an Optimized Detection Head (DH) was used. 
The study showed significant improvements in accuracy and 
efficiency for detecting small PCB defects, making the 
YOLO-HMC model suitable for real-time industrial 
applications. 

Zhou [5] aimed at detecting small defects on PCBs using a 
dataset of 693 PCB images with 2,953 defect locations, 
divided into training, validation, and test sets in a 
2096:294:563 ratio. This research utilized an improved 
YOLOv7 model called TDD-YOLO, incorporating a 
compression training strategy and a Backbone Network with 
four Multi-Scale Feature Extraction Layers (ME). TDD-
YOLO showed significant improvements in accuracy and 
speed, particularly with datasets compressed at 0.4 and 0.8 
ratios, reducing training time and resources. 

III. METHODOLOGY      
Due to the fact that the defects are small objects in 

the large PCB board, our approach for training model is to 
enable it to learn the detailed characteristics of the defects as 
comprehensively as possible, as illustrated in Fig. 1. To 
achieve this, we first generate a new training dataset focusing 
on a single defect per image. By fixing the defect in the center 
of image, we then crop the entire image to a size of 640x640 
pixels. However, training the model with centered detects 
might reduce its ability to detect defects in other positions on 
the PCB. To overcome this limitation, various data 
augmentation techniques are utilized to diversify the defect 
characteristics learned by the model. This diversification may 
lead to defect imbalance. Therefore, a Focal Loss layer is 
incorporated to mitigate issues related to this imbalance, 
ensuring more robust defect detection. Additionally, a 
CBAM layer is added to address important feature extraction, 
and a Feature Pyramid Network (FPN) is employed to 
improve multi-scale defect detection. For performance 
evaluation, the original-size defect images are utilized or they 
are slightly adjusted to fit the stride-32 condition.  

A. Data collection 
     This research utilizes the PKU-Market-PCB [10] dataset, 
comprising 693 images of PCBs with an average size of 
2240x2016 pixels, developed by researchers from Peking 

University, China, in 2019. The dataset includes 10 different 
PCB models with varying sizes and circuit patterns as 
depicted in Fig. 2. The dataset is categorized by defect types, 
with labels and bounding boxes assigned to each defect on 
the PCB images. 
     The defect types include six categories: missing hole, 
mouse bite, open circuit, spur, and spurious copper as 
illustrated in Fig. 3. 
 

 
Fig. 1. Our proposed methodology based on improved YOLOv8 

 
 
Fig. 2. An example of the ten PCB models from the PKU-Market-PCB 
dataset. 

 
 

Fig. 3: An example of the six types of defects: missing hole, mouse bite, 
open circuit, spur, and spurious copper. 
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Fig. 4: An example of defect-centered images, each cropped to 640x640 
pixels, derived from the original size image. 

TABLE I: BALANCING ORIGINAL NUMBER OF DEFECT DATASETS 

Class Name 
 

Number of PCB 
Original size (Images) 

 

Number of  
defect-centered images 

(images) 

train valid test Total train valid test Total 

Missing hole 81 12 22 115 351 52 94 497 
Mouse bite 79 13 23 115 342 54 96 492 
Open circuit 81 12 23 116 339 49 94 482 
Short 82 12 22 116 345 51 95 491 
Spurious copper 81 12 23 116 351 52 100 503 
spur 80 12 23 115 340 51 97 488 

Total 484 73 136 693 2068 309 576 2953 

% Data sharing  70% 10% 20% 100% 

TABLE II: NUMBER OF DEFECT-CENETERED IMAGES FOR TRAINING, 
VALIDATION, AND TESTING 

Datasets Train Validation Test Total 
Original Defect-
centered images 2068 309 576 2953 
Defect-centered 
images with 
Augmentation 1538 220 438 2196 

Total 3606 529 1014 5149 

B. Defect-Center Image Generation  
The pre-processing steps in this research are crucial for 

preparing the PCB images for training the enhanced YOLOv8 
model. These steps include: 

a) Annotation Adjustment: To ensure compatibility 
with YOLO, XML files are converted into YOLO format. 
The LabelImg tool is used to inspect and correct images with 
incomplete bounding boxes by expanding them to fully 
encompass the defect. 

b) Defect-centered Image Generation: This research 
emphasizes preserving the essential features of defects that 
might be loss during resizing. Instead, a single defect per 
image is generated with the same input size for YOLOv8 

(640x640 pixels).  By centering the defect, the entire image 
is then cropped to 640x640 pixels, as illustrated in Fig. 4. 

c) Dataset splitting: The 640x640 pixel images are 
randomly split into training, validation, and test datasets, 
ensuring a balanced distribution of defect types. The 
approximate split ratio is 70% for training, 10% for 
validation, and 20% for testing in Table I. 

C. Data Augmentation and balance dataset 
Even though the defect dataset contains recurring 

patterns, orientations, and characteristics, some images 
exhibit distinct variations. Additionally, other features such 
as defect severity, sharpness, and brightness levels vary. 
Therefore, this research considers augmenting the dataset to 
increase its diversity while maintaining the balance of each 
defect type in Table II. The augmentation methods applied 
include: 

a) Flipping: Both vertical and horizontal flips  
b) Rotation: Random rotation angles. 
c) Brightness and Contrast: Random adjustments to 

brightness and contrast levels. 
d) Color Jitter: Adjustments to hue and saturation using 
color jitter techniques. 

D. Training the Defect Detection Model  
a) YOLOv8 

   YOLOv8 [6] is one of the popular models used for 
object detection, known for its continuous development and 
high popularity due to its rapid processing capabilities and 
high accuracy. It is well-suited for real-time applications and 
can efficiently detect multiple types of objects within a single 
image. YOLO (You Only Look Once) was first introduced in 
2015 by Joseph Redmon et al., utilizing a One Stage Detector 
approach for swift processing. The model has undergone 
continuous enhancements, leading to the development of 
YOLOv8 in 2023. The key components of YOLOv8 are as 
follows: 

Backbone: YOLOv8 utilizes Cross Stage Partial Darknet 
(CSPDarknet) as its backbone, which consists of layers 
designed to extract features from images. The backbone is 
divided into multiple stages, with each stage performing 
downsampling to enhance feature levels. It begins with a 
Stem layer, a ConvModule that reduces the image size by half 
(Stride=2). This is followed by Stage layers 1 to 4, where 
each stage includes ConvModules and CSP 2Conv layers. 

Neck: The Neck component employs a Path Aggregation 
Network (PANet), which enhances the efficiency of feature 
fusion from multiple layers of the Backbone. PANet utilizes 
both top-down and bottom-up pathways to aggregate 
features, incorporating the Feature Pyramid Network (FPN) 
to merge features from different scales. 

Head: The Head is the core component for object 
detection, consisting of multiple layers used for calculating 
bounding boxes and classification. It features a Decoupled 
Head that separates the processing of bounding box 
calculations from object classification. 

Loss Function: The loss function comprises Bbox loss 
for the accuracy of bounding box positions (using GIoU and 
DFL) and Cls loss for calculating the accuracy of object 
classification (using BCE loss). The combination of both 
Bbox loss and Cls loss enables the YOLOv8 model to  
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b) Convolutional Block Attention Module (CBAM) 

 
Fig. 5: Convolutional Block Attention Module (CBAM) Architecture [10] 

 
efficiently and accurately detect and classify objects within 
an image. 

This module is designed to enhance the performance of 
deep neural networks by utilizing the attention mechanism. It 
is incorporated into the convolutional layers to allow the 
model to focus more on the important parts of the image. The 
module comprises two main components: the Channel 
Attention Module, which helps the model focus on important 
feature maps within each channel, and the Spatial Attention 
Module, which enables the model to focus on important 
positions within the image in Fig. 5. 
Incorporating the Convolutional Block Attention Module 
(CBAM) into the YOLOv8 model structure at each stage 
enhances defect detection performance. It significantly 
improves precision, recall, and mAP50 scores. 

c) Feature Pyramid Network 
Feature Pyramid Networks (FPN), introduced in 2017, are 
designed to address the challenge of detecting objects of 
varying sizes within an image. FPN comprises the following 
pathways in Fig. 6: 
    Bottom-Up Pathway, this involves computing features 
through successive convolutional layers of the network 
(ConvNet), creating feature maps that are scaled down by a 
factor of 2 at each step. 
   Top-Down Pathway, this pathway generates higher 
resolution feature maps by upsampling the coarser feature 
maps by a factor of 2. These upsampled maps are then merged  

 
 
Fig. 6: The structure of Bottom-Up, Top Down and Lateral Connection [7] 
 
with the corresponding feature maps from the Bottom-Up 
Pathway through lateral connections. 
    Lateral connections use 1x1 convolutions to reduce the 
channel dimensions to match those of the higher resolution 
feature maps. An element-wise addition is performed to 
combine features from both pathways. This process is 
repeated iteratively, resulting in feature maps that are both 
high-resolution and semantically meaningful at all levels of 
the pyramid. This multi-level feature representation enhances 
the model's performance in object detection 

a) Focal loss function 
       Focal loss [8] is a loss function designed to improve the 
learning process of object detection models, particularly in 
scenarios with class imbalance. In the context of object 
detection, it is common to encounter situations where objects 
are either sparse or significantly varied in number across 
different classes. Focal loss helps reduce false alarms (false 
positives, FP) in some classes by decreasing the weight of 
easy examples and increasing the weight of hard examples.  

 

 
Fig. 7: YOLOv8 Architecture with Convolutional Block Attention Module (CBAM), FPN and Focal Loss 
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Fig. 8. Image sizes used for training, validation, and prediction 
 
This approach in Fig. 7 enhances the model's performance in 
detecting defects of various sizes more accurately and 
comprehensively, especially in cases with high false 
positives. 

E. Prediction 
In contrast to the training and validation datasets, which 

utilize generated centered-defect images, the prediction phase 
employs the original image size, as illustrated in Fig. 8. 
During this phase, the program automatically adjusts the 
width and height slightly, adhering to a specified stride 
condition that does not exceed 32. The validation dataset 
comprises 73 large PCB images with a total of 309 defect 
positions, which are used to evaluate the model's 
performance. 

F. Performance Evaluation 
     To evaluate the performance of our proposed defect 
detection model, we measure precision, recall, and average 
precision (AP) using the intersection over union (IoU) metric 
to assess the accuracy of bounding box predictions. The AP 
is divided into two main categories: AP at IoU threshold of 
0.5 (AP50), which considers a prediction correct if the IoU is 
0.5 or higher. 

IV. EXPERIMENTAL RESULTS 

A. Parameter Settings 
Table III outlines the parameters utilized in conducting 

the experimental results. 

TABLE III: PARAMETER SETTINGS 

Parameter   Setting Value 

Baseline Model  YOLOv8n 

Optimizer  Adam 

Learning Rate  0.001 

Batch Size  16 
Epochs  100 
Input Size  640 pixels 
Confidence Threshold  0.5 

B. Overall result 

 Table IV presents the experimental results on the 
performance evaluation of PCB defect detection using three 
relevant metrics: precision, recall, and mAP50. Our proposed 
method achieved highly satisfactory results, with recall and 
mAP50 scores of 0.996 and 0.99, respectively. Furthermore, 
our method outperforms others in terms of recall and mAP50 
while maintaining comparable precision. This improvement 
may be attributed to the incorporation of the Convolutional 
Block Attention Module (CBAM) to emphasize important 
features, the Feature Pyramid Network (FPN) to enhance 
multi-scale object detection, Focal Loss to address data 
imbalance and improve small object detection, and the use of 
defect-centered training images.     

When evaluating performance across defect classes using 
the mAP50 metric, our method consistently delivers the best 
results for all six categories of defect types. Specifically, our 
model achieves a perfect mAP50 score of 1 for nearly all 
defect types, with the exception of the open circuit defect, 
which still achieves a highly satisfactory mAP50 score of 
0.989, as shown in Table V. 

A comprehensive analysis of the per-class performance of 
our model is presented in Table VI. The results indicate that 
our model achieves high precision, nearing a score of 1, and 
demonstrates nearly perfect recall. Specifically, the model 
exhibits only one misclassification (a false negative) in 
identifying open circuit defects. However, the model 
generates some false positives (FP) where background 
elements were incorrectly classified as defects. Particularly, 
in the categories of open circuit and spurious copper defects, 
our model produces 12 and 6 false positive instances, 
respectively. This misclassification may be attributed to the 
ambiguity between defects and the background. Further 
investigation will be conducted to mitigate the false positive 
classification and enhance the accuracy of our model. 

Although, our model is trained on single defect-centered 
images with variety of data augmentation. Our model exhibits 
the strong performance in detecting various types and 
locations of the defects on a single PCB, as demonstrated in 
Fig. 9. The first and third images illustrate the model's 
capability to detect multiple classes of defects in different 
locations on the PCB, extending beyond the single defect-
centered image. The second image showcases the detection 
of a single defect type across various locations on the PCB. 

TABLE IV: PERFORMANCE COMPARISON ON PKU-MARKET-PCB DATASET 

Method Precision Recall mAP50 

YOLO-MBBi (YOLOv5) 0.950 0.946 0.953 

YOLO-HMC (YOLOv5) - 0.954 0.985 

TDD-YOLO (TVTO&C_0.8)(YOLOv7) - 0.950 0.978 

Proposed:  
YOLOv8n + CBAM+FPN + Focal Loss (defect-
centered image + augmentation)  0.933 0.996 0.998 

The values in bold indicate the best performance for each metric. 
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TABLE V: COMPARISON OF MAP50 ACROSS DEFECT CLASSES 

Model 
 

Missing 
hole 

Mouse 
bite 

Open 
circuit 

Short 
 

Spur 
 

Spurious 
copper 

YOLO-MBBi (YOLOv5) 0.976 0.945 0.973 0.921 0.945 0.957 

YOLO-HMC (YOLOv5) 0.995 0.976 0.981 0.979 0.99 0.989 

TDD-YOLO 
(TVTO&C_0.8) 
(YOLOv7) 0.996 0.968 0.951 0.994 0.975 0.987 

Proposed:  
YOLOv8n + 
CBAM+FPN + Focal 
Loss (defect-centered 
image + augmentation) 1.00 1.00 0.989 1.00 1.00 1.00 

The values in bold indicate the best performance for each metric. 

TABLE VI: PER-CLASS EVALUATION OF THE PROPOSED MODEL  

Defect Type TP TN FP FN Precision Recall mAP50 

Missing hole 52 0 2 0 0.963 1.00 1.00 

Mouse bite 54 0 0 0 1.00 1.00 1.00 

Open circuit 48 0 12 1 0.80 0.980 0.989 

short 51 0 2 0 0.962 1.00 1.00 

spur 51 0 0 0 1.00 1.00 1.00 

Spurious copper 52 0 6 0 0.897 1.00 1.00 

Total 308 0 22 1 0.933 0.996 0.998 

 

 

 
 

Fig. 9: Examples of prediction result from our model on original size of      
PCB images 

V. CONSLUSION 
This paper proposes an effective method for detecting 

various defect types, which are often small objects, on large 
PCBs by incorporating single defect-centered image 
generation with an improved YOLOv8 model. To diversify 
the defect characteristics on the generated defect-centered 
images, various data augmentation techniques are utilized. To 
enhance YOLOv8's performance in detecting small defects, 
several modifications are made: a Convolutional Block 
Attention Module (CBAM) layer is added to focus on 
important extracted features, a Feature Pyramid Network 
(FPN) is employed to improve multi-scale defect detection, 
and a Focal Loss function is applied to address defect 
imbalance in the generated data. During the classification 
step, original-size defect images are used, or they are slightly 
adjusted to fit the stride-32 condition. Experimental results 
on the benchmark dataset demonstrate that our proposed 
method is capable of detecting nearly all defects while 
producing only a few false positives in some defect types. 
Additionally, our method outperforms others in terms of 
recall and mAP50 while maintaining comparable precision. 
To further mitigate the effect of false positive classifications, 
additional investigation will be conducted to enhance the 
model's accuracy. 
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Abstract— Entomopathogenic nematodes, particularly 
Steinernema glaseri, are essential for biological pest control, 
with their infective juvenile (IJ) stage being critical for insect 
infection. Accurate identification of the IJ stage, typically 
performed using a stereomicroscope, is time-consuming and 
prone to human error. This research proposes a deep learning-
based method for identifying the IJ stage nematodes from 
stereomicroscope images. The YOLOv5s architecture is utilized 
and enhanced by image pre-processing with Contrast Limited 
Adaptive Histogram Equalization (CLAHE) to improve image 
quality. Experimental results confirm the effectiveness of our 
approach, achieving a precision of 0.781, recall of 0.783, and a 
mean Average Precision (mAP50) of 0.817. These results 
demonstrate the capability of the deep learning model combined 
with CLAHE to enhance detection accuracy, reduce processing 
time, and minimize errors. 

Keywords— Deep Learning, YOLOv5, CLAHE, Steinernema 
glaseri, Infect Juvenile Stage 

I. INTRODUCTION 
Entomopathogenic nematodes (EPNs) in the families 

Steinernematidae and Heterorhabditidae, belonging to the 
order Rhabditida, are small roundworms that cause diseases in 
insects.[1][2] Several species are beneficial in agriculture for 
controlling insect pests, such as Steinernema carpocapsae, S. 
siamkayai, S. riobrave, and S. glaseri, among others. The third 
larval stage of nematodes in both families, known as the 
infective juvenile (IJ) stage, is the only stage capable of 
infecting host insects. IJ nematodes enter the body cavity of 
insects by penetrating the cuticle directly or through natural 
openings such as the mouth, spiracles, and anus.[2][3] Once 
inside, the nematodes release symbiotic bacteria into the host's 
body cavity, causing septicemia and killing the host within 24-
48 hours. Steinernema nematodes work in conjunction with 
bacteria from the genus Xenorhabdus.[4] 

S. glaseri nematodes have shown potential in controlling 
beetle larvae (white grubs) in the order Coleoptera, which 
cause significant agricultural damage. Consequently, 
entomopathogenic nematodes are being developed as 
biocontrol agents in many countries, including Thailand. 
Commercial rearing of EPNs is currently underway, but 
selecting the infective juvenile (IJ) stage under a 
stereomicroscope is challenging and requires skilled 
researchers, leading to time and resource inefficiencies. 

To address these challenges, computer vision and AI are 
being utilized to reduce processing times across various tasks. 
Recent research has leveraged AI techniques to enhance 
object detection capabilities. For instance, the YOLO (You 
Only Look Once) [9] architecture has been employed to detect 

and classify small and complex objects in various domains, 
demonstrating notable improvements in precision and speed. 
Studies have also highlighted the effectiveness of image pre-
processing techniques, such as Contrast-Limited Adaptive 
Histogram Equalization (CLAHE) [5], in enhancing the 
visibility of details in images. CLAHE improves contrast in 
homogeneous areas of an image without adding excessive 
noise, which is crucial for detecting subtle features in 
nematode images.  

This study aims to develop a robust system for identifying 
the IJ stage of S. glaseri using stereomicroscope images, 
incorporating CLAHE for image enhancement and YOLO for 
object detection to optimize accuracy and efficiency[10-14]. 
The remainder of this paper is organized as follows: Section 2 
reviews related works on nematode detection and image 
processing techniques. Section 3 details the methodology. 
Section 4 presents the experimental setup and results, while 
Section 5 discusses the findings and concludes the study. 

 

II. RELATED WORKS 
The development of computer vision and artificial 

intelligence (AI) through deep learning technology has 
become crucial in distinguishing various types of 
photographic images. Microscope images, in particular, are 
among those that greatly benefit from the application of these 
technologies, allowing us to gain a deeper understanding and 
analysis of our world. In this chapter, we will explore the 
fundamental concepts and intriguing applications of these 
technologies in the context of classifying microscope images, 
focusing on enhancing image analysis efficiency and 
effectiveness across different fields. In this experiment, we 
have also incorporated the technique of Contrast Limited 
Adaptive Histogram Equalization (CLAHE) to improve the 
performance of classifying microscopic images of small 
organisms. 

1) Contrast Limited Adaptive Histogram Equalization 
(CLAHE) [5]  

CLAHE is a noise-reduction method derived from 
Adaptive Histogram Equalization (AHE). CLAHE limits the 
contrast enhancement in homogeneous areas by clipping the 
original histogram and redistributing the clipped pixels 
equally across the histogram's grayscale levels. Unlike a 
standard histogram, the CLAHE method allows users to set a 
maximum pixel intensity threshold, providing more control 
over the density of pixel values.   

Principles of CLAHE Operation: 
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1. Divide the Image into Sub-grids (Tiles): The image is 
divided into smaller grids, such as 8x8 or 16x16, where each 
grid is processed separately. 

2. Calculate Histogram for Each Sub-grid: A histogram is 
created for each grid, representing the distribution of pixel 
intensity values within the grid. 

3. Limit Contrast (Clip Limit): A maximum frequency 
limit is set for the histogram of each grid. If the frequency of 
any intensity value exceeds this limit, the excess frequency is 
redistributed to other intensity values in the histogram. The 
clip limit helps prevent excessive contrast enhancement that 
could introduce noise into the image. 

4. Create Cumulative Distribution Function (CDF): After 
limiting the contrast, a new CDF is generated for the 
histogram to adjust the pixel intensity values within the grid. 

5. Perform Interpolation: Once the pixel intensity values 
in each grid are adjusted, interpolation is performed between 
the grids to ensure smooth and natural contrast transitions 
across the image.    

2) Nematode Identification using Artificial Neural 
Networks [6]. 

This research investigates the classification of nematode 
species using sketch images for taxonomic data entry, 
comparing them with images of nematodes under a 
microscope. In this study, the Xception model[16] was 
chosen from a comparison of 13 models for nematode species 
classification. The dataset consists of nematode images 
captured using a light microscope at 100x magnification. The 
experimental results showed an accuracy of 88.28% for the IJ 
stage and 69.45% for the adult stage.     

3) Seagrass Blurred Image Enhancement and Detection 
using YOLO and CLAHE Algorithms Performance 
Comparison[7] 

This research investigated the effectiveness of Contrast 
Limited Adaptive Histogram Equalization (CLAHE) and the 
You Only Look Once (YOLO) algorithm in enhancing object 
recognition within blurred fluorescent images of underwater 
ecosystems, with a specific focus on seagrass. The study 
highlighted that applying CLAHE to the images significantly 
improved YOLO-V5's accuracy, leading to an enhancement 
of 8% to 10%. The research utilized two versions of the 
YOLO model, YOLO-V3 and YOLO-V5, to compare their 
performance. In terms of effectiveness, YOLO-V3 was found 
to be the most suitable algorithm for this research. However, 
YOLO-V5 demonstrated the ability to detect almost all 
blurred images. 

III. METHODOLOGY      
In the task of distinguishing the stages of nematodes 

under a microscope, laboratory personnel must possess 
significant expertise to differentiate between the IJ stage and 
non-IJ stage nematodes. To facilitate this task, reduce the 
time required, and increase the accuracy of IJ stage 
classification, deep learning techniques have been applied. 
Additionally, image enhancement techniques have been 
employed to highlight the distinctive features of the objects 
in the images. Specifically, the Contrast Limited Adaptive 
Histogram Equalization (CLAHE) technique has been 
incorporated into the preprocessing of images obtained from 
the microscope.[10]  

A. Data collection 
     The images were captured using a Digital Single Lens 
Reflex (DSLR) camera through a stereo microscope. These 
images contain nematodes at both the IJ stage and non-IJ 
stage mixed within the same image, as shown in Fig 1. The 
prominent difference between the two classes is that, at the IJ 
stage, the nematodes are encased in a transparent sheath, as 
depicted in Fig 2, whereas non-IJ stage nematodes lack this 
sheath, as illustrated in Fig 3. To collect the data, equipment 
was set up to capture images of nematodes and differentiate 
the IJ stage. A DSLR camera was used to capture images 
through the microscope lens, with a USB to mini-USB cable 
connecting the DSLR camera to the computer, as shown in 
Fig 4. The details of the collected sample images are 
presented in Table I. 
 

     
 

Fig. 1. Nematode image captured with a microscope at 10x magnification. 
 

 
 
Fig. 2. Images of Nematodes at the IJ Stage. 
 

 
 
Fig. 3. Images of Nematodes at the Non-IJ Stage 
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Fig. 4. Installation of Equipment for Capturing Images of Nematodes 

 

TABLE I: EQUIPMENT SETTING 

List VALUE 

Microscope Magnification 10x 

Image Size 3456 × 5184 pixels 

Image Type Color 

Number of Images 788 
 
 

 
 
Fig. 5. The label files generated from the labeling process using the labelImg 
Program 
 

 
Fig. 6. Details contained within the label file.  

 

 
 
Fig. 7. Image after applying CLAHE. 

 

B. Labeling of images captured by the microscope  
In image detection tasks, labeling involves specifying the 

location of objects. The tool used for this purpose is 
“labelImg”, which provides outputs compatible with 
YOLOv5. The labeling process generates a text file with 
labels, where the file name must match the image file name, 
as shown in Fig 5. The contents of this text file, demonstrated 
in Fig. 6., are as follows: 

- The first value (1,0) denotes the type of object, 0 denoted 
non-IJ stage and 1 denoted IJ stage. 

- The second and third values (e.g. 0.232639 0.707562 in 
the first row, 0.785735 0.376447 in the second row) represent 
the coordinates of the center of the object within the image, 
in X and Y format. 

- The fourth and fifth values (e.g. 0.300926 0.111883 in 
the first row, 0.217882 0.051505 in the second row) indicate 
the width and height of the object within the image, 
respectively, in Width and Height format. 

C. Image Pre-processing 
Image pre-processing is a critical step in object detection 

tasks, as it enhances image quality and improves the 
performance of deep learning models. Contrast Limited 
Adaptive Histogram Equalization (CLAHE) is an effective 
technique in this regard, as it enhances image contrast and 
makes key features more distinguishable [11][15]. In the 
image pre-processing stage utilizing CLAHE, the images are 
adjusted using parameters of clipLimit=5.0 and 
tileGridSize=(8, 8), as illustrated in Fig. 7.  

D. Training Model 
After completing the image pre-processing step using 

CLAHE, the images are divided into training and validation 
datasets, as indicated in Table II. The model is then trained 
using the YOLOv5 architecture to capture the characteristics 
of IJ and NonIJ stages from the training dataset. Detailed 
information on YOLOv5 is provided in the following 
sections. 

YOLOv5[8] has been optimized for faster and more 
accurate object detection, making it highly efficient for real-
time applications. It includes various pre-trained models that 
can be fine-tuned for specific tasks, reducing the time and 
computational resources needed for training from scratch. 
Advanced augmentation techniques and hyperparameter 
optimization further enhance the model's robustness and 
accuracy. YOLOv5's combination of speed, accuracy, and 
flexibility underscores its position as a leading tool for object 
detection. 

The four main components of YOLOv5, depicted in Fig. 
8, are as follows: 

1. Backbone: Responsible for extracting features from the 
original image, using CSPDarknet53 to maximize feature 
extraction efficiency. 

2. Neck: Powered by PANet, it aggregates features for 
multi-scale object detection and complex scenes, ensuring the 
Head receives informative and rich features. 

3. Head: The final stage of the detection pipeline, 
predicting bounding boxes and object classes, translating 
features into actionable outputs. 
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Fig. 8. YOLO Architecture 

 
4. Loss function: Integrates Localization Loss, 

Confidence Loss, and Classification Loss to evaluate and 
optimize the model’s performance, enhancing accuracy and 
reliability.  
E. Performance Evaluation 

Our model is evaluated using three key metrics: 
precision, recall and mean average precision (mAP).  

Precision reflects the accuracy of the positive 
predictions made by the model, indicating how many of the 
predicted positive instances are actually correct. The formula 
for precision is:  

P = 
    (1) 

 
where TP and FP are the number of true positives (TP) and 
false positives (FP) respectively. 

Recall evaluates the model's ability to identify all 
relevant instances, reflecting how many of the actual positive 
instances are correctly detected.  The formula for precision 
is:  

R = 
      (2) 

 
where FN denotes the number of false negatives (FP). 

Mean Average Precision (mAP) provides a 
comprehensive measure of the model's overall performance 
across multiple classes and various levels of prediction 
confidence. mAP is the average of the Average Precision 
(AP) values calculated from the precision-recall curve at 
different thresholds for each class. It is given by:  

 
mAP =  ∑ 

    (3) 
 

where  is the total number of classes and   is the Average 
Precision for class . 

IV. EXPERIMENTAL RESULTS 

A. Experimental Setup 

 After completing the image pre-processing steps, the 
processed images are divided into training and validation 
datasets. The training dataset is balanced in terms of the 
number of IJ and NonIJ classes. However, the validation 
dataset contains a higher number of IJ labels compared to 
NonIJ labels. Details of the entire dataset are provided in 
Table II. 

Table III summarizes the parameters used for conducting 
the experiments. We selected YOLOv5s, which is designed 
to offer a balance of speed and performance while 

maintaining high accuracy in object detection. This variant is 
notably smaller in size compared to other versions, making it 
more efficient for our purposes. 

B. Overall result 

 For the experiments where original images were used for 
both training and testing, the model was more effective at 
distinguishing nematodes in the IJ stage compared to those in 
the non-IJ stage. Nonetheless, it still managed to classify non-
IJ stages reasonably well. Furthermore, the model 
demonstrated the capability to work with images processed 
using Contrast Limited Adaptive Histogram Equalization 
(CLAHE), as evidenced by Table IV, where precision, recall, 
and mAP values remained consistent across the board. 

When the model was trained and tested with images 
processed using Contrast Limited Adaptive Histogram 
Equalization (CLAHE), it showed enhanced capability in 
identifying IJ-stage nematodes compared to standard images. 
The CLAHE-processed images improved precision and mAP 
values, indicating a better detection of subtle features. 
However, the model exhibited a decrease in accuracy for non-
IJ stages, with a higher rate of misclassification where non-IJ 
stages were incorrectly identified as IJ stages. Despite this, 
Table IV highlights that the precision and mAP values were 
notably improved with CLAHE-processed images, although 
recall was less robust compared to standard images. 

In contrast, when using images adjusted with automatic 
contrast and brightness settings, the model failed to 
effectively detect nematodes. This failure suggests that the 
automatic adjustment did not achieve the necessary image 
quality for successful training and testing, leading to 
suboptimal performance. This emphasizes the importance of 
appropriate image pre-processing techniques in optimizing 
model accuracy. 
 

TABLE II: NUMBER OF IMAGES AND LABELS 

 

TABLE III:  PARAMETER SETTINGS FOR CLAHE AND YOLOV5 
 
 
 
 
 
 
 
 
 
 
 
 
 

 Training Dataset Validation Dataset 

Number of Images 788 106 

Total Number of Labels 1135 177 

Number of Labels for 
Class “IJ” 568 147 

Number of Labels for 
Class “NonIJ” 567 30 

CLAHE 

clipLimit 5.0 

tileGridSize 8,8 

YOLOv5s 
epochs 20 

Image size 640*640 

batch-size 16 

Learning rate 0.01 

optimizer SGD 

Validate 10% 
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TABLE IV: TEST RESULTS COMPARED TO ALTERNATIVE METHODS 

Method Precision Recall mAP50 mAP50:95 
Train and Test with 
original images 

0.737 0.843 0.805 0.528 

Train with original images, 
Test with CLAHE-
processed images 

0.737 0.843 0.805 0.528 

Train with CLAHE-
processed Images,  
Test with original Images 

0.621 0.713 0.702 0.44 

Train with images 
Processed using automatic 
contrast and brightness 
adjustment, Test with 
original images 

0.631 0.409 0.555 0.331 

Train and Test with images 
processed using automatic 
contrast and brightness 
adjustment 

0 0 0 0 

Train and Test with 
CLAHE-processed Images 

0.781 0.783 0.817 0.531 

The values in bold indicate the best performance for each metric. 
 
 

   
Fig. 9. Examples of misclassified nematodes are highlighted in red. 
 

  
Fig. 10. Examples of images where nematodes were not be detected are 
highlighted in red. 
 
 

In addition to evaluating performance metrics, we also 
examined the test images and identified cases where the 
predicted class did not align with the correct class, as 
illustrated in Fig 9 .  In certain instances, the model failed to 
detect the desired objects altogether. These issues were 
particularly evident in images that were similar in content but 

differed in the positional location of the objects, as depicted 
in Fig 10. 

The discrepancies observed in Fig 9 highlight instances of 
incorrect class prediction, suggesting potential shortcomings 
in the model's classification accuracy. Meanwhile, Fig 9 
demonstrates cases where the model could not detect objects 
despite their presence, which could be attributed to factors 
such as occlusion or suboptimal feature extraction. 
 

V. CONCLUSION 
This research presents a deep learning-based approach 

for the precise identification of the infective juvenile (IJ) 
stage of Steinernema glaseri nematodes using 
stereomicroscope images. Traditional methods of IJ stage 
identification rely heavily on manual stereomicroscopy, 
which is both labor-intensive and susceptible to human error. 
Our approach leverages the YOLOv5s architecture and 
enhances it with Contrast Limited Adaptive Histogram 
Equalization (CLAHE) for improved image quality. The 
integration of CLAHE significantly boosts the model's 
performance, achieving a precision of 0.781, recall of 0.783, 
and a mean Average Precision (mAP50) of 0.817. These 
results highlight the effectiveness of our method in accurately 
detecting the IJ stage, reducing processing time, and 
minimizing errors compared to conventional techniques. 
Overall, this research demonstrates that deep learning, when 
combined with advanced image pre-processing, offers a 
robust solution for enhancing the efficiency and accuracy of 
nematode identification in biological pest control. Future 
studies could benefit from experimenting with other deep 
learning architectures and preprocessing techniques. This 
would provide a broader understanding of how different 
models and image enhancement methods impact the 
detection and classification performance in various biological 
imaging contexts. 
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Abstract—Smartwatch sensors for human activity recognition
(HAR) have gained significant attention due to their applications
in healthcare and fitness monitoring. The effectiveness of HAR
systems largely depends on the choice of sliding window widths
for sensor data segmentation. This study investigates the impact
of varying sliding window widths on the accuracy of HAR using
wristwatch sensors and deep learning techniques. We conducted
experiments using the daily human activity (DHA) dataset,
comprising sensor data from 11 distinct activities. Data was
preprocessed and segmented using window sizes ranging from 5
to 40 seconds. Four deep learning models (CNN, LSTM, BiLSTM,
and CNN-LSTM) were employed and evaluated using accuracy,
precision, recall, and F1-score. Window size significantly affected
HAR performance. Smaller windows improved short-duration
activity recognition but increased computational complexity,
while larger windows reduced computational load but decreased
accuracy for rapid activity changes. The CNN-LSTM hybrid
model consistently outperformed other models, achieving 92.11%
accuracy with a 20-second window and overlapping segmentation.
This research provides valuable insights into balancing recogni-
tion accuracy and computational resources in smartwatch sensor-
based HAR, contributing to the development of efficient and
accurate systems for real-world applications.

Keywords—human activity recognition, smartwatch sensors,
sliding window, deep learning, sensor data segmentation

I. INTRODUCTION

Human activity recognition (HAR) has gained considerable
prominence in the past few decades owing to its many uses for
medical care [1]–[4], sports monitoring [5]–[8], and individual
support [9]–[12]. Due to the progress in wearable devices,
smartwatches have gained popularity for gathering sensor data
about people’s movements. These gadgets are equipped with
various sensors, including accelerometers, gyroscopes, and
magnetometers, that collect detailed data on the individual’s
motions and actions [13].

Deep learning algorithms have demonstrated exceptional
effectiveness in HAR challenges, surpassing conventional ma-
chine learning techniques [14]–[16]. These algorithms, includ-

ing convolutional neural networks (CNNs) and long-short-term
memory (LSTM) networks, can acquire structured character-
istics from unprocessed sensor data without requiring any
human feature engineering [17]. A vital component of HAR
utilizing deep learning involves pre-processing data collected
by sensors. Dividing the uninterrupted flow of sensor data into
windows of specific proportions is a widely used method to
prepare the data for training and inference of models. The
sliding window size selection may substantially affect the
identification quality and the computing complexity of HAR
applications.

Prior research has investigated the impact of different sliding
window widths on HAR utilizing diverse sensor paradigms
and deep learning algorithms [18], [19]. The study results
indicate that employing large sliding windows is optional for
achieving outstanding performance measures. This is because
doing so would increase the cost of processing and the reaction
capabilities of any application developed through the trained
model [17]. Nevertheless, a more thorough examination is
needed regarding the influence of varying window widths on
the utilization of smartwatch detectors and cutting-edge deep
learning methods.

This study examines how varying sliding window widths
impact the accuracy of sensor-based HAR utilizing wristwatch
sensors and deep learning methods. The information we gather
is the daily human activity (DHA) dataset. It consists of
sensor data collected from individuals engaged in 11 distinct
activities, including strolling, jogging, seating, and standing.
We operate many algorithms for deep learning, such as CNN,
LSTM, bidirectional LSTM (BiLSTM), and CNN-LSTM, to
categorize the actions based on the retrieved characteristics.
We assess the efficacy of each approach by using criteria
including accuracy, precision, recall, and F1-score.

This paper’s primary contributions are outlined below:

1) Our study examines how varying sliding window widths
impact the accuracy of HAR utilizing wristwatch sensors
and advanced deep learning methods.979-8-3503-9174-9/24/$31.00 ©2024 IEEE
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2) Our findings provide valuable insights into the practi-
cal implications of the trade-off between identification
accuracy and computing complexity when determining
sliding window widths for sensor-based HAR.

II. RELATED WORKS

The process of data segmentation in HAR, particularly the
widely used sliding window approach, is a significant area
of research 20], [21. This approach, known for its simplicity
and reliability, has been the focus of numerous studies [22].
Researchers have explored a variety of window lengths in their
investigations, underscoring the importance of this method in
HAR.

Movements such as strolling, running, and moving up or
down the stairs have been recognized using small window
sizes, 0.5 s and 0.8 s [23]. The classification of stationary,
walking, running, and biking movement phases has been
performed using a decision tree classifier in combination with
a window size of 1 second [24]. Furthermore, a time interval
of 2 seconds, combined with a neural network [25], has
been used to categorize different types of motion, such as
strolling, going up and down stairs, running, and seated with
different body positions. This approach has yielded a mean
accuracy of 93%. Portable smartphones have been utilized for
categorizing walking, standing, and ascending stairs with high
accuracy scores of 84% utilizing larger window widths, such
as 5 seconds, and numerous approaches [26]. The recogni-
tion of strolling, immobile, running, and cycling actions is
achieved by employing a window size of 7.5 seconds when the
smartphone is put in the individual’s trouser pocket [27]. The
approach, along with the K-nearest neighbor machine learning
technique, results in a classification accuracy of 93.9%.

Investigators in deep learning for HAR have examined
the effects of segmenting input data into window sizes as
a pre-processing technique. Mairittha et al. [28] conducted
data annotation for a motion detection technique employing
inertial (acceleration and angular velocity) portable sensing
in both simple-LSTM and hybrid CNN-LSTM models. The
experimenters used a window size of 5.12 seconds (at a
frequency of 20 Hz), resulting in about 100 frames with over-
lapping. Ebner et al. [29] introduced a new method that utilizes
analytical conversions and artificially created sensor channels
to recognize activities, namely acceleration and rotational
velocity. The researchers conducted experiments with window
widths of 2, 2.5, and 3 seconds at a sampling rate of 50 Hz.
This corresponds to 100, 125, and 150 frames, respectively.
The experiments were conducted without any overlapping. The
authors’ conclusion indicated that the impact of window size
on accuracy was minimal, with a modest inclination towards
decreased accuracy as window widths increased.

Despite the considerable research on the selection of win-
dow widths for HAR, there is a clear need for comprehensive
studies that specifically focus on the effect of sliding window
sizes when using smartwatch sensors and advanced deep-
learning models. This study is designed to meet this need by
examining the impact of varying sliding window widths on

the accuracy of sensor-based HAR utilizing wristwatch sensors
and deep learning methodologies.

III. METHODOLOGY

The sensor-based HAR architecture implemented in this
study consists of four primary steps: data gathering, data pre-
processing, data production, and model training and assess-
ment, as seen in Fig. 1.

A. Daily Human Activity (DHA) Dataset

The DHA dataset [30] from Kookmin University contains
smartwatch accelerometer data from two individuals perform-
ing 11 distinct activities over four weeks. Data was collected
using an Apple Watch Series-2 at 10Hz and transmitted to
an iPhone 6. Activities were conducted in office spaces (5),
kitchens (3), and outdoors (3), with no concurrent activities
assumed. The dataset includes information on the number of
samples for each activity. The quantity of samples for each
task is condensed in Table I.

TABLE I: A list of activities in DHA dataset

Activity Abbrv. Location No. of dataa

Office work Ow Office 62,711

Reading Re Office 36,976

Writing Wr Office 27,677

Taking a rest Tr Office 31,265

Playing a game Pg Office 51,906

Eating Ea Kitchen 46,155

Cooking Co Kitchen 10,563

Washing dishes Wd Kitchen 10,712

Walking Wa Outdoors 25,768

Running Ru Outdoors 6,452

Taking a transport Tt Outdoors 28,483
aNumber of raw accelerometer data.

Fig. 2 shows 2D graphs of accelerometer data for 11 activ-
ities in the DHA dataset, displaying x, y, and z acceleration
over time. The patterns vary distinctly across activities:

• Office work, reading, writing, resting, gaming, and eating
show modest acceleration amplitudes.

• Walking and running display higher, more regular accel-
erations.

• Cooking, dish cleaning, and transportation exhibit mild
acceleration fluctuations.

B. Data Pre-processing

The raw sensor data was subjected to noise reduction
and normalization during the pre-processing step. The pre-
processed sensor data was segmented by a fixed-width sliding
window technique through completing these procedures.

This research used two segmentation techniques to examine
the influence of different sliding window widths. The initial
approach, known as the overlapping temporal window (OW),
entails the application of a window of a predetermined size
to the input data sequence. This window creates training
and test samples, employing a particular validation method.
Nevertheless, this approach results in substantial bias due
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Fig. 1: The HAR framework based on smartwatch sensors used in this work.
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Fig. 2: Some samples of 11 daily human activities from DHA
dataset.

to the 50% overlap between subsequent sliding windows. In
order to reduce this bias, a different method called the non-
overlapping temporal window (NOW) was used. The NOW
strategy, as opposed to the OW method, has the drawback
of producing fewer samples due to the lack of overlapping
temporal frames. Fig. 3 illustrates two sample generation
algorithms for segmenting sensor data, where X, Y, and Z
correspond to the three portions of a tri-axial IMU sensor.

C. Deep Learning Models

This study examines the impact of different sliding win-
dow widths on sensor-based HAR employing smartwatch
sensors and Deep Learning methods. This study utilizes four
deep learning approaches: CNN, LSTM, BiLSTM, and CNN-
LSTM. The structure of each model employed in this study is
illustrated in Fig. 4.

IV. EXPERIMENTS AND RESULTS

Our research investigates how varying sliding window sizes
affect deep learning models’ interpretation in identifying hu-
man movements from smartwatch sensor data. We utilized the
DHA dataset to conduct our experiments. Four distinct neural

network architectures were employed: CNN, LSTM, BiLSTM,
and a hybrid CNN-LSTM model.

The experimentation process involved training and evaluat-
ing these models with different time windows. We explored
durations spanning from 5 to 40 seconds. In our analysis, we
applied both non-overlapping and overlapping segmentation
approaches to the data. We relied on widely-used performance
metrics to gauge the efficacy of each model configuration.
These included accuracy, precision, recall, and F1-score. This
comprehensive evaluation allowed us to assess the impact of
window size on the models’ ability to classify human activities
based on wearable sensor input accurately.

A. Experimental Findings

This research examines how altering the window size (5,
10, 20, 30, and 40 seconds) affects training diverse deep
learning issues throughout various scenarios. Furthermore,
we acknowledge that the recognition ability improves as the
window size rises, especially for intricate actions, as seen in
Table II and Table III.

Table II shows performance metrics for CNN, LSTM,
BiLSTM, and CNN-LSTM models trained on non-overlapping
data segments of 5 to 40 seconds. Key findings:

• CNN-LSTM outperforms other models across all window
sizes.

• LSTM and BiLSTM performance declines with larger
windows (20+ seconds).

• CNN maintains stable performance across window sizes.
• CNN-LSTM achieves highest accuracy (88.09%) at 5

seconds, but remains robust (¿86%) for larger windows.
• Precision, recall, and F1-score trends mirror accuracy.

Results emphasize the importance of window size and
architecture selection in sensor-based activity recognition,
with CNN-LSTM emerging as the most effective and robust
approach.

Table III shows performance metrics for CNN, LSTM, BiL-
STM, and CNN-LSTM models trained on 50% overlapping
data segments of 5 to 40 seconds. Key findings:
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(b) non-overlapping temporal window (NOW) – in both strategies, X, Y, and Z denote the three components of the tri-axial
accelerometer sensor data.

TABLE II: Performance metrics of the deep learning models
(CNN, LSTM, BiLSTM, and CNN-LSTM) trained and tested
with different window sizes (5, 10, 20, 30, and 40 seconds)
using the non-overlapping temporal window (NOW) segmen-
tation protocol

Window Sizes Model Accuracy Precision Recall F1-score

5 s CNN 86.37% 82.94% 83.52% 83.12%

LSTM 85.90% 85.56% 83.59% 84.50%

BiLSTM 86.59% 86.22% 83.26% 84.64%

CNN-LSTM 88.09% 85.40% 86.41% 85.83%

10 s CNN 85.53% 82.20% 85.43% 83.55%

LSTM 81.31% 81.01% 74.32% 77.21%

BiLSTM 86.50% 86.46% 84.71% 85.40%

CNN-LSTM 86.50% 84.41% 85.93% 85.07%

20 s CNN 82.57% 82.12% 84.17% 82.89%

LSTM 73.30% 72.51% 66.45% 68.23%

BiLSTM 81.16% 81.16% 77.76% 78.95%

CNN-LSTM 87.18% 88.56% 87.46% 87.82%

30 s CNN 83.24% 85.47% 90.17% 87.44%

LSTM 64.01% 72.68% 52.72% 59.29%

BiLSTM 71.20% 74.89% 67.64% 69.98%

CNN-LSTM 86.08% 87.79% 91.42% 89.24%

40 s CNN 83.21% 82.87% 87.02% 84.65%

LSTM 62.65% 75.25% 65.66% 68.91%

BiLSTM 69.97% 68.88% 72.03% 68.68%

CNN-LSTM 86.41% 87.19% 90.71% 88.56%

• CNN-LSTM consistently outperforms other models
across all window sizes.

• Overlapping protocol improves performance for all mod-
els compared to non-overlapping.

• LSTM performance declines sharply with more oversized
windows (30+ seconds).

• BiLSTM and CNN maintain relatively stable performance
across window sizes.

• CNN-LSTM achieves highest accuracy (92.11%) at 20
seconds.

TABLE III: Performance metrics of the deep learning models
(CNN, LSTM, BiLSTM, and CNN-LSTM) trained and tested
with different window sizes (5, 10, 20, 30, and 40 seconds)
using the overlapping temporal window (OW) segmentation
protocol with 50% overlapping proportion

Window Sizes Model Accuracy Precision Recall F1-score

5 s CNN 89.21% 87.26% 88.19% 87.66%

LSTM 88.79% 86.43% 86.89% 86.59%

BiLSTM 90.98% 89.00% 90.30% 89.57%

CNN-LSTM 91.55% 88.21% 90.85% 89.44%

10 s CNN 87.94% 86.61% 85.41% 85.86%

LSTM 87.40% 87.99% 85.64% 86.68%

BiLSTM 88.87% 87.74% 86.48% 87.05%

CNN-LSTM 91.91% 89.25% 90.93% 90.06%

20 s CNN 86.38% 86.30% 89.49% 87.77%

LSTM 79.23% 77.50% 75.13% 75.86%

BiLSTM 84.43% 85.04% 81.14% 82.83%

CNN-LSTM 92.11% 91.40% 90.49% 90.89%

30 s CNN 86.48% 86.29% 89.18% 87.58%

LSTM 70.39% 76.31% 65.26% 69.79%

BiLSTM 77.93% 77.96% 72.54% 74.53%

CNN-LSTM 90.91% 93.08% 93.57% 93.21%

40 s CNN 85.76% 83.47% 91.61% 87.24%

LSTM 59.36% 66.10% 49.27% 54.37%

BiLSTM 71.69% 75.67% 70.80% 72.63%

CNN-LSTM 91.31% 93.25% 95.44% 94.28%

Results confirm CNN-LSTM’s superiority for sensor-based
activity recognition, especially with overlapping windows.
Smaller window sizes generally lead to better performance.
The overlapping protocol improves results by capturing more
contextual information. Window size selection should consider
sensor data characteristics and task requirements.

V. CONCLUSION AND FUTURE WORKS

This study investigates how sliding window sizes affect deep
learning models’ performance in recognizing human activities
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Fig. 4: Deep learning architectures used in this study.

from smartwatch sensor data. Four models (CNN, LSTM,
BiLSTM, CNN-LSTM) were tested on the DHA dataset using
5–40 second windows with overlapping and non-overlapping
segmentation. Key findings:

• Smaller windows generally improved model performance.
• CNN-LSTM consistently outperformed other models.
• LSTM and BiLSTM were more sensitive to larger win-

dow sizes than CNN.
• Overlapping segmentation enhanced overall performance.

The CNN-LSTM hybrid model proved most effective and

robust. Window size selection should consider sensor data
characteristics, activity complexity, and application require-
ments.

Future work could explore different sensor modalities and
fusion techniques, advanced architectures for complex depen-
dencies, data augmentation for improved robustness, more
extensive, more diverse datasets, and personalized activity
recognition models.
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F. Pascucci, P. Cesari, N. Smania, S. Tamburin, and G. Pravadelli, “A
low-cost wireless body area network for human activity recognition in
healthy life and medical applications,” IEEE Transactions on Emerging
Topics in Computing, vol. 11, no. 4, pp. 839–850, 2023.

[2] S. Mekruksavanich, P. Jantawong, and A. Jitpattanakul, “Improving
lower limb activity recognition based on inertial sensors using cnn-
lstm network,” in 2023 Research, Invention, and Innovation Congress:
Innovative Electricals and Electronics (RI2C), 2023, pp. 170–173.

[3] P. Khan, Y. Kumar, and S. Kumar, “Capslstm-based human activity
recognition for smart healthcare with scarce labeled data,” IEEE Trans-
actions on Computational Social Systems, vol. 11, no. 1, pp. 707–716,
2024.

[4] S. Mekruksavanich and A. Jitpattanakul, “Deep residual neural network
for aggressive physical activity recognition using surface electromyogra-
phy sensors,” in 2023 IEEE 14th International Conference on Software
Engineering and Service Science (ICSESS), 2023, pp. 175–178.

[5] J.-S. Kim, “Dnn-based human activity recognition by learning initial
motion data for virtual multi-sports,” in 2021 23rd International Con-
ference on Advanced Communication Technology (ICACT), 2021, pp.
373–375.

[6] S. Mekruksavanich, P. Jantawong, and A. Jitpattanakul, “Recognizing
and understanding sport activities based on wearable sensor signals using
deep residual network,” in 2023 Research, Invention, and Innovation
Congress: Innovative Electricals and Electronics (RI2C), 2023, pp. 166–
169.

[7] J. Wei, B. Yu, H. Zhang, and J. Liu, “Skeleton based graph convolutional
network method for action recognition in sports: A review,” in 2023
8th IEEE International Conference on Network Intelligence and Digital
Content (IC-NIDC), 2023, pp. 66–70.

[8] S. Mekruksavanich, P. Jantawong, and A. Jitpattanakul, “A hybrid deep
learning neural network for recognizing exercise activity using inertial
sensor and motion capture system,” in 2023 4th International Conference
on Big Data Analytics and Practices (IBDAP), 2023, pp. 1–5.

[9] S. Mekruksavanich and A. Jitpattanakul, “A lightweight deep residual
network for recognizing activities in daily living using channel state
information,” in 2023 IEEE 14th International Conference on Software
Engineering and Service Science (ICSESS), 2023, pp. 171–174.

[10] S. B. Rekha and M. V. Rao, “Methodical activity recognition and
monitoring of a person through smart phone and wireless sensors,” in
2017 IEEE International Conference on Power, Control, Signals and
Instrumentation Engineering (ICPCSI), 2017, pp. 1456–1459.

[11] S. Kalimuthu, T. Perumal, R. Yaakob, E. Marlisah, and L. Babangida,
“Human activity recognition based on smart home environment and their
applications, challenges,” in 2021 International Conference on Advance
Computing and Innovative Technologies in Engineering (ICACITE),
2021, pp. 815–819.

[12] S. Mekruksavanich and A. Jitpattanakul, “Classifying activities of elec-
trical line workers based on deep learning approaches using wrist-
worn sensor,” in 2023 20th International Joint Conference on Computer
Science and Software Engineering (JCSSE), 2023, pp. 270–274.

[13] N. Hnoohom, A. Jitpattanakul, P. Inluergsri, P. Wongbudsri, and W. Ploy-
put, “Multi-sensor-based fall detection and activity daily living clas-
sification by using ensemble learning,” in 2018 International ECTI
Northern Section Conference on Electrical, Electronics, Computer and
Telecommunications Engineering (ECTI-NCON), 2018, pp. 111–115.

[14] W. Sanpote, P. Jantawong, N. Hnoohom, A. Jitpattanakul, and
S. Mekruksavanich, “Deep learning approaches for recognizing daily
human activities using smart home sensors,” in 2023 Joint International
Conference on Digital Arts, Media and Technology with ECTI Northern
Section Conference on Electrical, Electronics, Computer and Telecom-
munications Engineering (ECTI DAMT & NCON), 2023, pp. 469–473.

[15] S. Abbas, G. A. Sampedro, S. Alsubai, S. Ojo, A. S. Almadhor,
A. A. Hejaili, and L. Strazovska, “Advancing healthcare and elderly
activity recognition: Active machine and deep learning for fine- grained
heterogeneity activity recognition,” IEEE Access, vol. 12, pp. 44 949–
44 959, 2024.

[16] S. Mekruksavanich, P. Jantawong, and A. Jitpattanakul, “Deep learning
approaches for har of daily living activities using imu sensors in
smart glasses,” in 2023 Joint International Conference on Digital Arts,
Media and Technology with ECTI Northern Section Conference on
Electrical, Electronics, Computer and Telecommunications Engineering
(ECTI DAMT & NCON), 2023, pp. 474–478.

[17] D. Noh, H. Yoon, and D. Lee, “A decade of progress in human motion
recognition: A comprehensive survey from 2010 to 2020,” IEEE Access,
vol. 12, pp. 5684–5707, 2024.

[18] L. Sun, X. Yang, and C. Hu, “Dswhar: A dynamic sliding window based
human activity recognition method,” in 2022 IEEE Smartworld, Ubiqui-
tous Intelligence & Computing, Scalable Computing & Communications,
Digital Twin, Privacy Computing, Metaverse, Autonomous & Trusted
Vehicles (SmartWorld/UIC/ScalCom/DigitalTwin/PriComp/Meta), 2022,
pp. 1421–1426.

[19] M. H. M. Noor, Z. Salcic, and K. I.-K. Wang, “Dynamic sliding
window method for physical activity recognition using a single tri-axial
accelerometer,” in 2015 IEEE 10th Conference on Industrial Electronics
and Applications (ICIEA), 2015, pp. 102–107.

[20] J. Wan, M. J. O’Grady, and G. M. P. O’Hare, “Dynamic sensor event
segmentation for real-time activity recognition in a smart home context,”
Personal and Ubiquitous Computing, vol. 19, no. 2, pp. 287–301, Feb
2015.

[21] G. Wang, Q. Li, L. Wang, W. Wang, M. Wu, and T. Liu, “Impact of
sliding window length in indoor human motion modes and pose pattern
recognition based on smartphone sensors,” Sensors, vol. 18, no. 6, 2018.

[22] S. Mekruksavanich and A. Jitpattanakul, “Rnn-based deep learning for
physical activity recognition using smartwatch sensors: A case study
of simple and complex activity recognition,” Mathematical Biosciences
and Engineering, vol. 19, no. 6, pp. 5671–5698, 2022.

[23] J.-H. Wang, J.-J. Ding, Y. Chen, and H.-H. Chen, “Real time
accelerometer-based gait recognition using adaptive windowed wavelet
transforms,” in 2012 IEEE Asia Pacific Conference on Circuits and
Systems, 2012, pp. 591–594.

[24] L. Sun, D. Zhang, B. Li, B. Guo, and S. Li, “Activity recognition
on an accelerometer embedded mobile phone with varying positions
and orientations,” in Ubiquitous Intelligence and Computing. Berlin,
Heidelberg: Springer Berlin Heidelberg, 2010, pp. 548–562.

[25] A. M. Khan, Y.-K. Lee, S. Y. Lee, and T.-S. Kim, “Human activity
recognition via an accelerometer-enabled-smartphone using kernel dis-
criminant analysis,” in 2010 5th International Conference on Future
Information Technology, 2010, pp. 1–6.

[26] Y.-S. Lee and S.-B. Cho, “Activity recognition using hierarchical hidden
markov models on a smartphone with 3d accelerometer,” in Hybrid
Artificial Intelligent Systems. Berlin, Heidelberg: Springer Berlin
Heidelberg, 2011, pp. 460–467.
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Abstract—Accurate and inconspicuous identification of eating
behavior has substantial implications for wellness surveillance,
nutritional tracking, and technological assistance. Conventional
approaches for detecting eating habits frequently rely on inva-
sive or unfeasible techniques, which restrict their practicality
in real-life situations. This research introduces an innovative
eating recognition system that utilizes head and face motions
recorded by in-ear wearing sensors and advanced deep learning
algorithms. Our approach is a non-invasive and simple-to-use
method that utilizes the unique patterns of head and face motions
related to eating actions. We use a specially developed in-ear
wearable sensor from the EarSet dataset to gather movement
information while individuals are eating. The dataset comprises a
range of cranial and facial motions recorded from 30 individuals.
The unprocessed sensor data is subjected to pre-processing to
eliminate interference and extract pertinent characteristics. We
use advanced deep learning models, such as CNN, LSTM, BiL-
STM, GRU, BiGRU, and our novel hybrid model CNN-LSTM,
to acquire knowledge of distinctive patterns and identify eating
occurrences. Our eating recognition system has been extensively
tested and proven successful. The CNN-LSTM model achieved
an accuracy of 95.12% and an F1-score of 95.09% during
the 5-fold cross-validation studies. Our technique demonstrates
superior efficiency and applicability compared to standard deep
learning algorithms, as a comparative study shows. The suggested
system can combine in-ear wearable sensors with deep learning
to provide inconspicuous and accurate identification of eating ac-
tivities. This study enhances the development of eating detection
technology and introduces new opportunities for individualized
wellness tracking and helpful applications. Subsequent research
will prioritize the enlargement of the dataset, integration of
supplementary modalities, enhancement of deep learning models
for equipment with limited resources, and assessment of the long-
term practicality and user reception of in-ear wearable sensors
for detecting eating activities.

Keywords—eating detection, in-ear wearable sensors, deep
learning, head movements, facial movements, health monitoring

I. INTRODUCTION

The identification of dietary intake has received consider-
able interest in the last few decades owing to its possible
uses for wellness tracking, nutritional following, and assistive
technology [1]. Precise and inconspicuous surveillance of

eating behaviors could offer significant observations about a
person’s eating patterns, allowing customized therapies and
fostering better ways of living [2]. Conventional methods for
detecting eating habits usually include the use of periodic food
journaling or mobile devices that record audio or electromyog-
raphy (EMG) data [3], [4]. Nevertheless, these approaches may
be invasive and onerous, increasing privacy apprehensions.

Improvements in wearable sensor technology and deep
learning have recently emerged, enabling the identification
of eating behaviors employing non-invasive and user-friendly
methods [5]. Specifically, inertial measurement unit (IMU)
sensors, which include accelerometers and gyroscopes, have
demonstrated potential in recording the unique movement
characteristics related to eating actions [6]–[8]. These sensors
are often encountered in wearable devices and may be readily
incorporated into daily routines [9]–[11].

Conventional machine learning methods have been widely
studied to detect eating behavior through wearable IMU
sensors. These approaches need a two-step procedure con-
sisting of feature extraction and classification. During the
feature extraction, manually designed features are obtained
from the unprocessed sensor data to acquire pertinent details
on eating behaviors. Typical characteristics include statistical
measurements such as mean, variance, and entropy, time-
domain features like zero-crossing rate and root mean square,
and frequency-domain information such as Fourier coefficients
and wavelet transformations [12]. The collected characteris-
tics are further inputted into conventional machine learning
methods, such as support vector machines, decision trees,
and random forests, for categorization [13]. Although these
conventional methods have shown particular effectiveness in
detecting eating behavior, their performance primarily depends
on the accuracy of manually designed features, which can
sometimes fail to represent the intricate structures present
in sensor data. Furthermore, the feature engineering process
may be laborious and demands specialized knowledge in a
particular field, constraining the scalability and applicability
of these approaches.

Convolutional neural networks (CNNs), a kind of deep
learning approach, have shown outstanding effectiveness in
recognizing pattern operations, such as identifying human979-8-3503-9174-9/24/$31.00 ©2024 IEEE
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activities [14]–[16]. CNNs can acquire and extract significant
characteristics from unprocessed sensor data autonomously,
hence obviating the need for manually constructed feature
engineering. This renders them very suitable for evaluating
feeding behaviors’ intricate and nuanced movement patterns.

This study introduces a new eating detection approach that
utilizes head and face motions recorded by in-ear IMU sensors
and an integrated deep learning structure known as CNN-
LSTM. Our objective is to create a reliable and accurate
approach to detecting eating behavior using IMU data. We
intend to do this by employing CNN-LSTM and ensuring
that the system can be readily used on wearable devices with
limited resources. This study’s primary contributions are as
follows:

• Our study introduces an innovative eating detection sys-
tem integrating in-ear IMU sensors with the CNN-LSTM
deep learning structure.

• We meticulously evaluate the suggested approach using a
substantial dataset, demonstrating its superior efficiency
when compared to current methods and instilling confi-
dence in its reliability.

• We explore our eating-detecting method’s possible uses
and potential applications.

II. RELATED WORKS

This section provides an overview of the current research
on identifying eating behaviors and using advanced machine-
learning methods to analyze data collected from sensors.
The relevant research is categorized into two subsections: (1)
methods for detecting eating behavior and (2) deep learning
techniques for analyzing sensor data.

A. Eating Detection Approaches

The field of eating detection has seen significant research
activity, with several techniques presented in the past few
decades. Conventional approaches often depend on manually
recording food intake or relying on self-reporting, which
may be onerous and susceptible to mistakes [17]. To address
these constraints, scientists have investigated the utilization of
wearable sensors for autonomous eating recognition [18], [19].

An established method involves using audio sensors to
record noises related to eating actions, including chewing and
swallowing [20], [21]. These technologies often use signal
processing and machine learning algorithms to categorize
eating occurrences based on their auditory characteristics.
Nevertheless, audio-based methods may be susceptible to
disruptions caused by ambient noise and may also give rise to
privacy issues.

Another study area uses EMG sensors to identify muscle
contractions associated with eating. EMG sensors detect the
muscles’ electrical signals near the mouth and jaw, offering
a more explicit representation of eating behaviors [3], [22].
Nevertheless, EMG sensors can be obtrusive and may induce
pain with extended periods of use.

In recent times, scientists have investigated the utilization of
movement sensors, including accelerometers and gyroscopes,

to detect eating behaviors [6]. These sensors are capable of
detecting the unique head and hand motions related to eating
actions. Motion-based techniques are less invasive and more
protective of privacy than audio and EMG-based methods.

Although there have been advancements in detecting eating
behavior, current methods generally need more precision,
especially in real-life situations. Moreover, several techniques
depend on manually designed characteristics and conventional
machine learning algorithms, which could not accurately rep-
resent the intricate patterns present in sensor data.

B. Deep Learning Methods

The subject of sensor data processing has been trans-
formed by deep learning methods, namely CNNs. CNNs
can autonomously acquire hierarchical representations from
unprocessed sensor input, therefore obviating human feature
engineering requirements [23], [24].

Within human activity detection, CNNs have been exten-
sively used to assess data collected from a range of sen-
sors, including accelerometers, gyroscopes, and EMG sensors
[25]. This research has shown that CNNs help preserve the
spatial and temporal relationships in sensor data, resulting
in improved accuracy in classification compared to standard
machine learning methods.

In addition, deep learning models, including recurrent neu-
ral networks (RNNs) and long short-term memory (LSTM)
networks [26]–[29], have been particularly developed to pro-
cess time series data. These designs can represent the time-
dependent changes in sensor data, which makes them very
suitable for assessing eating behaviors that display temporal
patterns.

Our objective in this study is to close this divide by
introducing a new system for detecting eating habits. This
system utilizes in-ear IMU sensors with a hybrid deep-learning
framework. We aim to create a precise and user-friendly eating
identification system using the powerful hybrid deep learning
model and discreet in-ear sensors.

III. THE PROPOSED FRAMEWORK

The eating identification architecture utilized in this study
consists of four primary processes: data gathering, data pre-
processing, data production, model training, and assessment,
as seen in Fig. 1.

A. EarSet Dataset

The EarSet dataset [30] is a comprehensive collection
designed to study how body, head, and face motions affect
the shape of the Photoplethysmography (PPG) wave recorded
at the ear and the accurate assessment of vital signs. This
dataset was created using a specialized and adaptable re-
search platform featuring a unique ear-tip design. This design
incorporates a 3-channel PPG (green, red, infrared) and a
6-axis motion sensor (IMU) consisting of an accelerometer
and gyroscope, all positioned within the same ear-tip. This
setup allows for the simultaneous collection of PPG data from
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Fig. 1: Overview of the proposed eating detection framework using IMU sensors from in-ear wearable devices.

different spatial locations and wavelengths, capturing motion
patterns from both ears, resulting in 18 data streams.

The dataset includes information on 16 distinct head and
face movements, categorized as one-time or continuous ac-
tions. One-time motions include:

• head movements (nodding, shaking, tilting),
• eye movements (vertical and horizontal, brow-raising,

brow-lowering, winking), and
• mouth movements (lip pulling, chin raising, mouth

stretching).

Continuous movements cover everyday actions like chew-
ing and speaking. Additionally, the dataset collects motion
and PPG data during various full-body activities of varying
intensities, such as walking and running. Other vital signs,
including heart rate, heart rate variability, breathing rate, and
raw ECG, were measured using a high-quality medical chest
device.

The dataset, a rich resource, comprises over 17 hours of
data from 30 participants representing diverse gender and race,
with an average age of 28.9 years (SD = 6.11). This extensive
dataset empowers researchers to analyze in-ear PPG signals
in relation to movement, device placement (left or right ear),
and different configurations, balancing data quality and power
usage.

This study is dedicated to leveraging the motion data
obtained from the 6-axis IMU sensor within the EarSet’s
innovative ear-tip design. The IMU sensor, comprising an
accelerometer and gyroscope, provides a comprehensive 6
degrees-of-freedom motion profile of head and face move-
ments. By utilizing only IMU data, the study aims to efficiently
identify and categorize eating behaviors, without processing
PPG signals, thereby enhancing energy and computational
efficiency and protecting privacy by avoiding the collection of
sensitive physiological data. The ultimate goal is to develop
a highly accurate, non-intrusive system for detecting eating
activities based on unique head and face movement patterns
recorded by the IMU sensor.

B. Data Pre-processing

The unprocessed sensor data underwent a sequence of pre-
processing procedures to guarantee data integrity and prepare
it for additional examination. Initially, noise elimination meth-
ods were used to mitigate the influence of undesirable artifacts
and enhance the signal-to-noise ratio. The data was first pro-
cessed using a median filter to remove unusual cases and get a
smoother result. Then, a third-order low-pass Butterworth filter
with a cutoff frequency of 20 Hz was used to eliminate high-
frequency interference while retaining the critical movement
data.

Subsequently, the process of data normalization was ex-
ecuted employing the Min-Max approach, a significant step
that standardizes the sensor data within a uniform range. This
process serves to alleviate the impact of inter-subject variabil-
ity and guarantees the comparability of data collected from
different individuals and sensors. The Min-Max normalization
function assigns a numerical value to each characteristic
within a range of 0 to 1, utilizing the following mathematical
expression:

Xnormalized =
(X −Xmin)

(Xmax −Xmin)
(1)

Let X represent the original value, Xmin represent the
lowest result of the feature, Xmax represent the highest result
of the feature, and Xnormalized represent the normalized
result.

Following normalization, the pre-processed sensor data was
segmented using a fixed-width sliding window technique. A
window duration of 2 seconds with a 50% overlap ratio was
chosen to capture the average length of eating movements and
provide sufficient temporal context for precise categorization.
This sliding window approach balances the collection of
immediate and prolonged eating habits, optimizing accuracy
and computational efficiency.

To address the imbalance between eating and non-eating
behaviors, we employed the synthetic minority over-sampling
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technique (SMOTE) [31]. SMOTE generates artificial in-
stances of the minority class (eating activity) by interpolating
between existing instances in the feature space. This strategy
balances the dataset and reduces bias towards the dominant
class during model training. The augmented dataset, now with
equal eating and non-eating samples, was used for feature
extraction and model construction.

Our objective is to improve the accuracy and representative-
ness of the IMU data by employing pre-processing techniques
such as noise reduction, data normalization, segmentation, and
data augmentation. This will enable us to achieve greater ac-
curacy and dependability in eating identification by employing
deep learning methods.

C. The Proposed CNN-LSTM Model

CNNs are highly effective for extracting features from
one-dimensional sequence data, like multivariate time series.
They can also be used hybrid by combining them with an
LSTM backend. In this configuration, the CNN interprets input
sub-sequences, which are then sequentially processed by the
LSTM for further analysis. This hybrid model, the CNN-
LSTM model, leverages CNN layers to extract features from
the input data while the LSTM component handles sequence
prediction. The CNN-LSTM model analyzes sub-sequences
from the main sequence as blocks, with the CNN extracting
key features from each block and the LSTM interpreting these
features. Fig. 2 depicts the CNN-LSTM architecture, and Table
I lists the associated hyperparameters.

IV. EXPERIMENTS AND RESULTS

All experiments in this study are performed on the Google
Colab Pro+ platform with a Tesla V100 GPU. The experiments
use Python 3.6.9 and TensorFlow 2.2.0, Keras 2.3.1, Scikit-
Learn, Numpy 1.18.5, and Pandas 1.0.5 libraries. This research
evaluates the detection abilities of deep learning models con-
structed with CNN and RNN architectures. IMU sensor data
over a 2-second period is utilized for each test to train and
evaluate these models.

The EarSet dataset is filtered to include only sensor data
about eating and drinking activities. This data is processed
using a 5-fold cross-validation method. Numerous experiments
are conducted to examine the detection capabilities of five
standard deep learning models and a new hybrid deep learning
model. The detection interpretation of each model is presented
in Table II.

The results in Table II illustrate the detection performance
of five fundamental deep learning models (CNN, LSTM,
BiLSTM, GRU, and BiGRU) and a novel hybrid model (CNN-
LSTM) for identifying eating activities using IMU sensor data
from the EarSet dataset.

The BiGRU model, a standout among the baseline models,
achieved the highest accuracy with an impressive 92.41%
(±6.12%) and an F1-score of 92.37% (±6.18%). This robust
performance underscores the effectiveness of the bidirectional
GRU architecture in capturing sequential patterns in the IMU
data, leading to accurate eating detection. The GRU model

also demonstrated strong performance, recording an accuracy
of 85.27% (±13.90%) and an F1-score of 84.89% (±14.50%).

The CNN model, designed to extract spatial features from
the IMU data, demonstrated its effectiveness with an accuracy
of 85.80% (±7.34%) and an F1-score of 85.45% (±7.81%).
This robust performance reassures the audience that the con-
volutional layers can effectively learn distinctive patterns in
the motion data associated with eating behaviors.

However, the LSTM and BiLSTM models that captured
long-term dependencies performed worse than the other base-
line models. The LSTM model reached an accuracy of 66.48%
(±14.63%) and an F1-score of 61.17% (±20.21%). The BiL-
STM model achieved an accuracy of 58.14% (±7.25%) and
an F1-score of 51.25% (±10.41%). These results suggest that
LSTM-based models may need support to learn eating-related
patterns from IMU data effectively.

The CNN-LSTM model, which combines convolutional and
recurrent layers, outperformed all baseline models. It achieved
an impressive accuracy of 95.12% (±1.56%) and an F1-
score of 95.09% (±1.59%). The hybrid design, with CNN
layers extracting important spatial features and the LSTM
layer capturing temporal relationships, likely contributes to
its superior performance. This combination allows the CNN-
LSTM model to learn and recognize eating-related patterns in
the motion data effectively.

Moreover, the CNN-LSTM model exhibited much lower
performance metrics standard deviations than the baseline
models. This indicates greater consistency and stability across
multiple cross-validation folds, highlighting its robustness and
generalization ability.

V. CONCLUSION

This research introduces an innovative eating detection
system that utilizes head and face movements captured by
in-ear IMU sensors, leveraging a hybrid deep learning frame-
work called CNN-LSTM. Using motion data from the EarSet
dataset, we have developed an accurate and convenient method
for non-invasive eating detection.

Our approach incorporates data preprocessing techniques
such as noise reduction, normalization, segmentation, and
augmentation to improve the quality and representativeness
of the IMU data. We assessed the performance of our CNN-
LSTM model against five other deep learning models using a
5-fold cross-validation approach.

The experimental results confirm the effectiveness of our
system. The CNN-LSTM model achieved an accuracy of
95.12% and an F1-score of 95.09%. Compared to standard
models, this superior performance underscores the potential
of combining in-ear IMU sensors with hybrid deep-learning
architectures for detecting eating activities.

The proposed method has significant health monitoring,
food tracking, and assistive technology applications. Our tech-
nique offers precise and non-intrusive detection of eating
behavior, which can support personalized therapies, promote
healthy habits, and assist individuals with eating disorders or
other dietary-related conditions.
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Fig. 2: The architecture of CNN-LSTM.

TABLE I: The summary of hyperparameters for CNN-LSTM networks proposed in this work

Stage Hyperparameters Values

Architecture CNN Block

1D-Convolution Kernel Size 5

Stride 1

Filters 256

Batch Normalization -

Activation ReLU

Max Pooling 2

Dropout 0.25

LSTM Block

LSTM Neural 128

Dense 128

Activation SoftMax

Training Loss Function Cross-entropy

Optimizer Adam

Batch Size 64

Number of Epochs 200

TABLE II: Performance metrics of deep learning models using IMU data from in-ear wearable device

Model
Recognition Effectiveness

Accuracy Loss F1-score

CNN 85.80%(±7.34%) 0.31(±0.11) 85.45%(±7.81%)

LSTM 66.48%(±14.63%) 0.54(±0.18) 61.17%(±20.21%)

BiLSTM 58.14%(±7.25%) 0.64(±0.07) 51.25%(±10.41%)

GRU 85.27%(±13.90%) 0.29(±0.21) 84.89%(±14.50%)

BiGRU 92.41%(±6.12%) 0.17(±0.11) 92.37%(±6.18%)

CNN-LSTM 95.12%(±1.56%) 0.14(±0.04) 95.09%(±1.59%)
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Abstract—The application of wearable sensors to identify phys-
ical activities has drawn significant attention in the healthcare
and fitness industries. This study presents a novel ensemble deep
learning network to enhance the accuracy of physical move-
ment recognition utilizing data from inertial measurement unit
(IMU) sensors. The proposed Ens-CNN-LSTM method merges
a convolutional neural network (CNN) with a long short-term
memory (LSTM) network. This integration capitalizes on their
strengths in analyzing sequential IMU data. The model further
incorporates a random forest classifier to finalize predictions. Our
proposed model was evaluated using the PAMAP2 benchmark
dataset for human activity recognition. This dataset includes
data from multiple individuals performing various activities
recorded with IMU sensors. We assessed the ensemble model’s
performance against individual deep learning models through
a 5-fold cross-validation method. Results reveal a significant
enhancement in overall accuracy, achieving 99.63%, compared
to 96.19% for CNN models and 97.35% for LSTM models. The
Ens-CNN-LSTM model demonstrated remarkable performance
with an accuracy of 99.61%, a recall of 99.63%, and an F1-score
of 99.61%. It surpassed the individual models in all metrics.
Furthermore, the ensemble model showed increased robustness
to variations among individuals and noise in sensor data. The
proposed approach improves the accuracy of physical activity
recognition and extends its applicability to other domains and
activities.

Keywords—human activity recognition, deep learning, ensem-
ble learning, CNN, LSTM, wearable sensors

I. INTRODUCTION

The utilization of devices with sensors for human activity
recognition (HAR) has gained significant importance across
several areas, such as medical services [1]–[3], physical fitness
[4]–[6], working [7] and interaction between humans and
computers [8]. Accurate recognition and categorization of
movement patterns could result in substantial advancements in
individualized health tracking, evaluation of athletic achieve-
ments, and assistive technology [9]. Inertial measurement units
(IMUs) have been a favored option among the range of sensing

technologies owing to their small size, efficient energy use,
and capability to record intricate movement information [10],
[11].

The topic of HAR has been transformed by machine learn-
ing methods, which provide practical tools for automatically
detecting and categorizing various physical behaviors based
on sensor data [12]. These methods, such as support vector
machines (SVM), random forests, and k-nearest neighbors
(k-NN), have been extensively used for HAR applications
and have achieved significant success. Their practicality and
success in real-world applications instill confidence in their
continued use. In general, these approaches entail extracting
features from raw sensor data and then classifying them.
Nevertheless, these models often need specialized knowledge
in order to design features and could encounter difficulties
when dealing with intricate, multi-dimensional data.

In the past decade, deep learning approaches have demon-
strated outstanding effectiveness in handling and assessing
intricate time-series data from IMU sensors [13]–[21]. Convo-
lutional neural networks (CNNs) have been shown to be very
efficient at collecting spatial characteristics from sensor data.
In contrast, long short-term memory (LSTM) networks achieve
excellence in extracting temporal connections. Nevertheless,
particular deep learning models often encounter difficulties
when dealing with the intrinsic problems of HAR, including
inter-subject fluctuation, noise in sensor data, and the intricate
nature of individual motions [22].

In order to overcome these restrictions, this research sug-
gests an innovative ensemble deep learning technique that
merges the advantages of several deep learning structures.
This technique, which is at the forefront of research in the
field, incorporates CNNs and LSTMs to better represent both
spatial and temporal characteristics of IMU data compared
to using these models individually. The innovative nature of
this technique is sure to intrigue and interest the audience.
This technique is specifically developed to improve the general
accuracy and resilience of identifying physical activity in
various disciplines and actions. The primary contributions of979-8-3503-9174-9/24/$31.00 ©2024 IEEE
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this work are outlined below:

1) We propose the implementation of an innovative en-
semble deep learning framework that merges a CNN
with an LSTM model. This pioneering approach has
the potential to significantly enhance the effectiveness
of HAR, inspiring hope for future advancements in the
field.

2) The suggested ensemble approach will be meticulously
evaluated using the PAMAP2 benchmark dataset, a
substantial resource that encompasses a wide range of
physical activities and data from numerous individuals.

3) A comparative evaluation of the ensemble methodology
against individual deep learning models is of utmost
importance. This approach will ensure that the audience
is well-informed and knowledgeable about the research
methodology.

II. RELATED WORKS

A. Deep Learning for Sensor-based HAR (S-HAR)

Current studies in HAR have shown drawbacks in traditional
machine learning methods that impact their capacity to recog-
nize human activities accurately [23]. An important limitation
is a reliance on handmade characteristics, which is strongly
influenced by the decision-maker’s experience and compre-
hension [24]. Nevertheless, deep learning has quickly become
a practical option, efficiently resolving these constraints.

Recently, academics have suggested many deep-learning
techniques to address time-series classification difficulties in
HAR. These investigations have assessed the identification
skills of different learning models by utilizing diverse bench-
mark activity datasets. CNNs [25], [26] and LSTMs [27] are
two main models that have shown their effectiveness in solving
HAR issues utilizing smartphone data. These models provide
suitable assessment criteria for assessing their performance.
This research examines the efficacy of these two models in
accurately identifying hand gestures based on data collected
from smartwatches.

B. Hybrid Deep Learning for S-HAR

Although CNNs and recurrent neural networks (RNNs) have
shown encouraging outcomes in S-HAR applications alone,
a new focus has been on hybrid deep learning structures
combining both models. These hybrid techniques use the
advantages of both CNNs and RNNs to efficiently collect
spatial and temporal characteristics from sensor data [28].

The CNN-LSTM model is a prominent hybrid design that
combines convolutional layers to extract features and LSTM
layers to describe temporal relationships. This method involves
using a CNN to identify distinct spatial characteristics from
unprocessed sensor input and an LSTM to record extended
temporal relationships within the sequence of features [29].
The integration has improved efficiency in several HAR tests
compared to separate CNN or LSTM models [30].

Another emerging hybrid structure is the CNN-GRU model,
which replaces LSTM layers with gated recurrent units
(GRUs). GRUs are RNNs with RNN with fewer parameters

than LSTM networks. This reduction in parameters allows
GRUs to be more computationally efficient [31]. CNN-GRU
models have been shown to be effective in solving S-HAR is-
sues, with improved efficiency and decreased training duration
in comparison to CNN-LSTM models [32].

The latest advancement in hybrid deep learning for S-HAR
has also investigated the incorporation of attention processes.
These processes enable the model to prioritize the most perti-
nent features or time intervals, improving its ability to detect
significant sensor data patterns [33]. An example of a sug-
gested model is the CNN-LSTM with attention, in which the
attention mechanism allocates different weights to each time
step of the LSTM outcomes depending on their importance
[34]. The hybrid model, which utilizes attention mechanisms,
has shown enhanced efficacy in accurately identifying intricate
human behaviors.

III. THE PROPOSED METHODOLOGY

This part presents our methodology for evaluating the im-
portance of hybrid learning approaches in S-HAR. As shown
in Fig. 1, our workflow is a modified version of the activity
recognition chain and summarizes our approach to recognizing
human behavior. Our technique starts with data pre-processing,
eliminating extraneous information and standardizing signals
from many origins to cleanse the dataset. Subsequently, we
use a windowing approach to carry out data segmentation. The
generated sample data is then fed into a deep learning network,
which produces a set of projected action labels. Ultimately,
we assess the effectiveness of our approach by applying estab-
lished HAR criteria such as accuracy, precision, recall, and F1-
score. These measurements enable us to evaluate the efficacy
of our hybrid learning strategy in accurately identifying human
behaviors based on sensor data. This efficient strategy allows
us to methodically examine and contrast the effectiveness of
our hybrid learning method with existing techniques in the
area of S-HAR.

A. PAMAP2 Dataset

Reiss and Stricker [35] presented the PAMAP2 dataset
for tracking movement patterns. It includes captures from
nine people, including both male and female participants.
The participants were instructed to participate in various
lifestyle operations, including leisure activities and domes-
tic responsibilities. These actions included ascending and
descending stairs, ironing clothes, vacuum cleaning, laying
down, strolling, standing, driving a vehicle, conducting Nordic
walks, and others. Residential operations included various
movements such as reclining, sitting, standing, going up, and
going downstairs.

For more than ten hours, the researchers gathered data on
the subjects’ physical activity employing three IMUs placed on
their dominant wrist, thorax, and ankle. The sampling rate of
each IMU was 100 Hz, whereas the heart rate sensor recorded
data at a rate of 9 Hz. Furthermore, a thermometer was used.

The sensor data in the PAMAP2 dataset was sampled at
fixed-width sliding intervals of 1.28 seconds without any
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Fig. 1: S-HAR workflow used in this work.

overlap. Using this method, we obtained 128 measurements
for each time interval, with the data being recorded at 100
Hz.

B. Data Augmentation

Data augmentation is a method applied to tackle the matter
of class imbalance and scarcity of data in classification dif-
ficulties encountered in real-world scenarios. When there is
a substantial disparity in the data quantity across classes, the
classification method can show bias towards the class with
more data, leading to reduced accuracy in classification. Data
augmentation methods support balance the data distribution
across different classes and alleviate this situation. Further-
more, when the dataset is limited in size, the data augmentation
technique may be used to create artificial data that closely
resembles the actual data. This can effectively enhance the
effectiveness of the classification model. The research used
the synthetic minority oversampling technique (SMOTE) [36]
to create synthetic data by combining sample vectors between
neighboring actual data vectors.

SMOTE is an oversampling strategy that uses distance-
based techniques to increase the training data size. The method
chooses an example of the minority class, labeled as x, from
the training set and determines its K closest neighbors by
calculating the shortest possible Euclidean distances between
x and other examples of the same class. In order to generate
a synthetic sample, denoted as xnew, the SMOTE technique
randomly chooses one of the K closest neighbors from the
minority class, which is labeled as xk for the kth nearest
neighbor. Subsequently, it calculates the disparity between
xk and x. The new synthetic sample, xnew, is obtained
by multiplying the abovementioned variance by a randomly
selected value ranging from 0 to 1, as shown in Equation (1).
The synthetic instance, xnew, will be positioned on the line
segment that connects x and xk.

xnew = x+ ||x− xk||× rand(0, 1) (1)

C. Ens-CNN-LSTM Architecture

The Ens-CNN-LSTM architecture is designed to combine
the advantageous features of CNN and LSTM models to
improve sensor-based HAR. This technique tries to efficiently
collect spatial and temporal characteristics from the IMU
sensor data.

Fig. 2 depicts the architecture of the Ens-CNN-LSTM
model. The model has three essential parts:

1) The CNN obtains spatial characteristics from the input
sensor data. CNNs excel in detecting intricate patterns
and hierarchical characteristics within the given data.

2) The LSTM network is used to capture temporal rela-
tionships in the sequence of features recovered by CNN.
LSTM models are suitable for analyzing time-series data
and can capture and understand long-term relationships
between data points.

3) Random forest: This ensemble learning technique is the
ultimate classifier, merging the predictions generated by
the CNN and LSTM elements.

The steps of the Ens-CNN-LSTM model are detailed as
follows:

1) Initially, the input sensor data undergoes CNN process-
ing to extract spatial features. The CNN architecture is
depicted in Fig. 3.

2) The extracted features are fed into the LSTM network to
capture temporal relationships. Fig. 4 presents the LSTM
architecture.

3) The CNN and LSTM components generate predictions,
referred to as P1 and P2 in Fig. 2. These predictions,
along with a new feature set created by combining the
CNN and LSTM outputs, are then input into a random
forest classifier.

4) The random forest classifier takes the lead in this final
step, producing the final prediction by integrating all the
inputs it receives.

This ensemble technique aims to merge the advantages of
deep learning architectures, namely CNN and LSTM, with
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the resilience of the random forest algorithm. In comparison
to standalone models, the implementation of the Ens-CNN-
LSTM model is anticipated to provide superior accuracy and
enhanced generalization in the identification of human actions
from IMU sensor data.

IV. EXPERIMENTS AND FINDINGS

The investigations in this research were performed using
the Google Colab Pro platform, using a Tesla V100 GPU.
The models were developed using Python 3.6.9, using the
following essential libraries: TensorFlow 2.2.0, Keras 2.3.1,
Scikit-Learn, Numpy 1.18.5, and Pandas 1.0.5.

We utilized the PAMAP2 dataset to train and assess our
deep-learning models. The dataset was selected for its exten-
sive scope, including recordings from nine persons involved
in eighteen varied lifestyle activities. Data was gathered by
using three Inertial Measurement Units (IMUs) placed on the
dominant wrist, thorax, and ankle. Each IMU operated at a
sampling rate of 100 Hz.

To ensure a robust and dependable review, we employed
the 5-fold cross-validation technique. This method mitigates
overfitting and provides a reliable assessment of the models’
interpretation of unrecognized data.

Table I presents the performance metrics for the individual
deep learning models (CNN and LSTM) and our proposed
ensemble model (Ens-CNN-LSTM) on the PAMAP2 dataset.

TABLE I: Comparative performance metrics of individual and
ensemble deep learning models on the PAMAP2 dataset using
5-fold cross-validation

Model
Recognition Effectiveness

Accuracy Precision Recall F1-score

CNN 96.19% 96.19% 95.63% 95.84%

LSTM 97.35% 97.11% 97.06% 97.07%

Ens-CNN-LSTM 99.63% 99.61% 99.63% 99.61%

The findings indicate that our suggested Ens-CNN-LSTM
model achieves outstanding efficiency compared to the indi-
vidual CNN and LSTM models in all performance criteria. To
be more precise:

• The CNN model had a accuracy rate of 96.19% and an
F1-score of 95.84%.

• The LSTM model demonstrated improved effectiveness,
with an accuracy rate of 97.35% and an F1-score of
97.07%.
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• The Ens-CNN-LSTM model we suggested achieved out-
standing outcomes, with an accuracy of 99.63% and an
F1-score of 99.61%.

The findings emphasize the efficacy of our ensemble method
in integrating the advantages of both CNN and LSTM archi-
tectures for HAR challenges.

Fig. 5 displays the confusion matrix for the Ens-CNN-
LSTM model, offering a more comprehensive assessment of
the model’s effectiveness. This matrix provides a compre-
hensive analysis of the model’s classification accuracy for
various action classes, facilitating the detection of any possible
misclassifications or difficult action kinds.

The outstanding effectiveness of the Ens-CNN-LSTM
model could be credited to its capacity to efficiently collect
spatial and temporal characteristics from the IMU sensor
data. The CNN part is proficient in extracting spatial data,
but the LSTM part efficiently records temporal connections.
The random forest classifier integrates these complementing
variables to generate the ultimate forecast, leading to enhanced
accuracy and resilience compared to separate models.

V. CONCLUSION AND FUTURE WORKS

This study presents a new and innovative ensemble deep
learning model, called Ens-CNN-LSTM, for recognizing hu-
man activities based on sensor data collected from IMU
devices. Our methodology uses CNN’s capabilities to extract
spatial features and LSTM networks to capture temporal cor-
relations. These components are then merged with a Random
Forest classifier for reliable forecasts.

Our Ens-CNN-LSTM model, as demonstrated by experi-
mental findings on the PAMAP2 benchmark dataset, surpasses
the performance of individual CNN and LSTM structures.
With an impressive accuracy of 99.63% and an F1-score
of 99.61%, our model outperforms solo CNN and LSTM
models by a significant margin. These results underscore the
effectiveness of our ensemble method in extracting spatial
and temporal characteristics from IMU sensor data, leading to
improved accuracy in recognizing various physical activities.

Subsequent efforts will be directed toward improving the
effectiveness and flexibility of the Ens-CNN-LSTM model in
sensor-based HAR. This involves incorporating extra sensor
modalities to obtain more details, investigating progressed
data augmentation techniques to tackle class imbalance, cre-
ating personalization methods using transfer learning, maxi-
mizing the model for real-time processing on edge devices,
broadening the scope of recognized actions, improving the
comprehension of the model, and enhancing its capacity to
handle noise and variations between individuals. The purpose
of these developments is to develop a HAR system that is
more inclusive, precise, and adaptable. This system may be
used in many fields, such as healthcare tracking, athletics eval-
uation, intelligent settings, and human-computer interaction.
By tackling these obstacles, we aim to expand the limits of
sensor-based activity detection, eventually resulting in more
significant applications in many areas related to human daily
life and technological interactions.
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Abstract—This paper aims to improve the efficiency of filtering
airborne dust particles smaller than 2.5 microns (PM2.5) in
a practical and applicable manner. The study explores three
methods: a water spray system, a vertical garden system, and
a combination. These systems, in a real-world scenario, transfer
dust particles from a contaminated chamber to a second chamber.
After 15 minutes, the water spray system reduced PM2.5 concen-
trations to 500 µg/m³. The vertical garden alone achieved a PM2.5
concentration of 404 µg/m³, while the combination of the spray
system and vertical garden resulted in a PM2.5 concentration of
429 µg/m³. These results suggest that the vertical garden system is
the most effective at lowering PM2.5 levels, providing a practical
solution for air quality improvement. Testing on Golden Pothos
leaves within the vertical garden revealed that unwashed leaves
reduced PM2.5 levels to 201 µg/m³ within 75 minutes and to
223 µg/m³ after 93 minutes. However, when leaves were washed
before filtering, PM2.5 levels decreased to approximately 74–115
µg/m³ within 73 minutes. This indicates that washing the leaves
mainly improves the reduction of PM2.5 compared to using the
vertical garden system without washing the leaves. The system
also includes a PM2.5 detection component using an ESP8266
microchip connected to a sensor. This setup displays PM2.5 levels
on an LED screen and sends alerts via the Blynk IoT application
if levels exceed a preset threshold. The Arduino program can
trigger alerts if PM2.5 levels surpass the defined limit. Tests on
the mist spraying system showed it operates with 100% efficiency.
In terms of cost-effectiveness, the vertical garden system is a more
economical option than traditional air purifiers. It has a lower
initial investment and a more affordable annual maintenance
cost. Unlike conventional air purifiers, which incur higher yearly
costs and require continuous operation to be effective, the vertical
garden system provides ongoing air filtration even when not in
use. This makes it a more budget-friendly choice for improving
air quality, offering better long-term financial value.

Keywords—PM2.5, airborne dust particle, vertical garden,
Golden Pothos

I. INTRODUCTION

Thailand is now experiencing an issue with dust particles
smaller than 2.5 microns (PM2.5), which can be found in
quantities that are above the stated health guidelines [1], [2].

The amount of dust significantly impacts the well-being of
individuals, especially in Bangkok, a densely populated city
that consistently experiences elevated levels of PM2.5 particles
[3]. Exposure to PM2.5 dust can harm health due to the ability
of these tiny particles to enter the respiratory tract and lungs,
leading to significant health problems [4]. This is especially
true for individuals who are more susceptible to harm, such as
children, pregnant women, older adults, and those with pre-
existing lung or cardiovascular diseases [5].

Air pollution, particularly the presence of PM2.5 , is one
of the top environmental issues in the nation. These particles
negatively affect human health [6], particularly impacting the
lower respiratory system, lungs, and pulmonary alveoli, which
are responsible for the exchange of oxygen and carbon dioxide
in the bloodstream. Prolonged exposure to PM2.5 can lead to
lung cancer. Additionally, it significantly impacts the lifestyle
and living conditions of those exposed to it [7].

PM2.5 poses environmental challenges not only outdoors
but also indoors, as contaminated air infiltrates buildings
through doors and windows. Ji and Zhao [8] discovered a
direct correlation between outdoor and indoor PM2.5 con-
centrations. If the PM2.5 levels are high outside, they are
likely to be high inside as well. This situation affects building
occupants, putting them at inevitable risk of PM2.5 exposure.
Even with an air purifier operating for the standard 8-hour
workday, PM2.5 levels remain elevated. It is crucial to monitor
indoor air quality continuously and assess the potential health
risks of inhalation during a building’s use.

The majority of government agencies have implemented
PM2.5 monitoring equipment in outdoor areas. However,
systems are deficient for monitoring indoor air quality in res-
idential buildings. These buildings, incredibly open structures
such as education facilities, food courts, and residences, may
have elevated levels of PM2.5, which poses a greater risk
than enclosed constructions. Both governmental organizations
and academic institutions have attempted to find solutions,
but these efforts have not been successful. Even when the
government declared it a national priority, the issue remained
unresolved. Therefore, finding long-term strategies and tactics979-8-3503-9174-9/24/$31.00 ©2024 IEEE
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to address this problem is crucial [9].

Various methods exist today to mitigate PM2.5, including
plants and air purifiers. However, air purifiers are costly
and have a limited lifespan, while plants require extensive
maintenance. Consequently, this work proposed developing a
vertical garden system that can efficiently and automatically
eliminate dust particles smaller than 2.5 microns.

This study aims to achieve the following contributions:

• To investigate an optimal design that enhances the ef-
ficiency of capturing dust particles smaller than 2.5
microns.

• To create a vertical garden system specifically designed
to reduce PM2.5 levels.

II. RELATED WORKS

The relationship between exterior environmental elements
and interior air quality has been a central focus in indoor
air quality (IAQ) research. Multiple studies have conclusively
linked indoor air pollution to a wide array of health prob-
lems, including respiratory ailments, cardiovascular troubles,
skin conditions, neurological disorders, and many forms of
cancer [10]. Contrary to the notion that indoor air is naturally
cleaner than outside air, substantial studies have shown that
pollution levels inside maybe 2-5 times greater than outdoors
[11]. Particles of a diameter of less than 2.5 microns have
been recognized as significant contributors to adverse health
impacts, particularly affecting the respiratory system.

The proliferation of Internet of Things (IoT) devices has
significantly improved the domain of air quality tracking [12].
IoT for identifying and assessing air quality has been a central
focus of recent breakthroughs [13]. The combination of IoT
and cloud computing transforms the monitoring method of
indoor air quality by offering more dynamic and real-time
data [14]. Of particular significance in this context is the
use of air quality sensors. These sensors, adept at detecting
a variety of chemicals in the environment, are integrated
with microcontrollers for the purpose of data analysis and
monitoring [15]. This technical setup forms the backbone of
our advanced air quality tracking system.

The actual implementation of IoT in evaluating air quality
involves using Arduino-based systems for tracking several
air characteristics, including gaseous amounts, via a serial
surveillance method. A notable research study conducted by
Gupta et al. [16] demonstrated the enormous promise of the
IoT in tracking pollution in the environment. The research
included the development of an appliance that constantly
monitors several environmental factors such as humidity, tem-
perature, PM2.5, and PM10. This system thoroughly explains
the prevailing environmental circumstances. In order to expand
the range of applications for the IoT for measuring IAQ, Saini
et al. [17] created a system that uses a wireless sensor network.
This system allows for continuous surveillance of air quality
in different places and provides actual time accessibility to the
data through tablets, smartphones, and other internet-enabled
gadgets.

These advancements highlight IoT’s significant influence in
IAQ tracking, providing creative approaches and improving
the capacity to detect and address environmental problems
efficiently.

III. MATERIALS AND METHODS

This research proposes guidelines for developing an IoT
indoor air quality system that tracks users’ PM2.5 levels and
features a plants vertical garden station with an automatic
fogging system to reduce PM2.5 levels. The details of the
materials and procedures are provided below.

A. Materials

The equipment used in this investigation consists of the
following:

1) PVC pipe frame: 1.50 meters wide, 1.80 meters high,
and 2.00 meters long

2) Plastic sheet: 3 meters wide and 6 meters long, quantity:
1 sheet

3) Exhaust fan: 13.5 cm, quantity: 1 unit
4) Golden Pothos plants: 40 plants
5) Water bottles: 1.5 liters, quantity: 30 bottles
6) Golden pothos-pot racks: 1 set
7) Misting system: 1 set
8) PM2.5 particulate matter meters: 2 units
9) ESP 8266 board: 1 unit

10) PM2.5 sensors: 1 piece
11) LED screen: 1 unit

B. Methods

1) Investigating Optimal Designs to Enhance the Efficiency

of PM2.5 Dust Particle Collection:

1) Construct a laboratory to capture PM2.5 dust particles.
The laboratory should measure 1.5 m × 2 m × 1.8 m
and consist of two connected chambers, as illustrated in
Fig. 1.

2) Construct a vertical garden measuring 0.9 m × 1.5 m
using Golden Pothos, as depicted in Fig. 2. Set up a
test chamber to evaluate the effectiveness of capturing
PM2.5 particles.

3) Generate PM2.5 from incense to reach a target concen-
tration of 500 µg/m3. Activate the exhaust fan to transfer
PM2.5 to the second adjoining chamber.

4) Assess the efficiency of the water spray system in
capturing PM2.5 particles for 15 minutes. Continuously
record the PM2.5 levels at 5-minute intervals during this
period.

5) Repeat step 3 twice, altering the dust capture method
first to the vertical garden system and then to a combi-
nation of the water spray system and the vertical garden.

2) Comparing the Efficiency of PM2.5 Dust Particle Trap-

ping in Vertical Plantations with and without Leaf Washing:

1) Prepare the test chamber to assess the efficiency of dust
collection for PM2.5 particles. Generate PM2.5 from
incense to reach a concentration of 500 µg/m3. Activate
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Fig. 1: A laboratory setup for capturing PM2.5 dust particles.

Fig. 2: Laboratory setup with vertical plantations.

the exhaust fan to move PM2.5 to the second chamber.
During this experiment, the misting system will remain
off to avoid washing the leaves.

2) Measure the treated particulate matter in the second
chamber for 1 hour and 44 minutes.

3) Repeat steps 1 and 2 for three additional cycles, this time
activating the leaf washing system every 30 minutes for
1 minute each time.

3) Building a Vertical Garden System for PM2.5 Particulate

Matter Absorption: Develop a program for measuring PM2.5
particulate matter using the ESP 8266, a mini WiFi microchip.
Connect this to a PM2.5 sensor and display the PM2.5 readings
on an LED screen. Configure the system to send alerts via the
Blynk IoT application when PM2.5 levels exceed a specified
threshold. The Arduino programming platform will be used
to implement this system. The procedure for notifying when
PM2.5 levels exceed the specified limit is illustrated in Fig. 3.

Alerts are sent via the application in a vertical garden made
up of Golden Pothos (used to capture PM2.5 particles), a
water spray system (for washing the leaves), and a PM2.5
measurement system (which can set the PM2.5 meter to start
and stop notifications of the PM2.5 level). Additionally, the
device measuring the PM2.5 levels emits a louder sound, as
shown in Fig. 3.

4) Performance Evaluation of the Vertical Garden System

for PM2.5 Particulate Matter Absorption:

  
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 

START 

INPUT the 
volume 

information for 
PM2.5 

PM2.5 
> 100 

STOP 

True 

False 

Notification via 
application and display 

on LED screen 

displayed 
on the LED 
screen 

Fig. 3: The procedure for notifying when PM2.5 levels exceed
the specified limit.

1) Test the functionality of the sensor to measure PM2.5
dust particles:

a) Set the machine to trigger an alert when PM2.5
levels reach 300 µg/m³ and to alert again when
the levels drop to 200 µg/m³.

b) Introduce incense smoke to the machine and ob-
serve the alerts, both from the device’s sound
notifications and the application. Repeat this ex-
periment 10 times.

2) Conduct a comparative study on the cost-effectiveness
of vertical garden systems in absorbing PM2.5 dust
particles versus various brands of air purifiers available
on the market.

IV. RESULTS AND DISCUSSION

A. Investigating Optimal Models to Enhance the Efficiency of

PM2.5 Particle Collection

The PM2.5 levels transferred from a dust-contaminated
chamber to a second chamber using various methods—such
as the water spray system, vertical garden system, and a
combination of both—can be illustrated in a comparative chart
for each method, as shown in Fig. 4.

The results demonstrate the PM2.5 levels transferred from
the dust-contaminated chamber to the second chamber using
three different methods: a water spray system, a vertical garden
system, and a combination of both. After 15 minutes, the
water spray system alone resulted in a PM2.5 concentration of
500 µg/m³, while the vertical garden system alone achieved a
PM2.5 concentration of 429 µg/m³. The combined water spray
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Fig. 4: The relation between the level of PM2.5 and time.

and vertical garden system resulted in a PM2.5 concentration
of 404 µg/m³. These findings suggest that the vertical garden
system is the most effective method for reducing PM2.5 levels.

B. Comparing the Dust Particle Trapping Efficiency of a

Vertical Garden With and Without Leaf Washing for PM2.5

The results show the PM2.5 levels released from a dust-
contaminated chamber to a second chamber using a vertical
garden, comparing washed and unwashed leaves, as shown in
Fig. 5 and Fig. 6, respectively. According to the graph, for the
vertical garden with unwashed leaves, PM2.5 levels decreased
most significantly at 75 minutes, dropping to 201 µg/m³ and
further to 223 µg/m³ after 93 minutes.

In contrast, PM2.5 levels showed a more substantial reduc-
tion for the vertical garden with washed leaves. In the first
experiment, the level decreased to 74 µg/m³ after 73 minutes,
and across all three experiments, the concentration reduced to
115 µg/m³ after 60 minutes and remained stable at this level.
After 93 minutes, the concentration further decreased to 95
µg/m³.

The comparison of PM2.5 levels in the vertical garden
system, with and without leaf washing, demonstrates that the
system with leaf washing achieved a more significant reduction
in PM2.5 levels than the system without leaf washing.

Fig. 5: PM2.5 levels in the second room using a vertical garden
with unwashed leaves.

Fig. 6: PM2.5 levels in the second room using a vertical garden
with washed leaves.

C. Evaluating the Efficiency of a Vertical Garden System

in Capturing PM2.5 Particles and Comparing Its Cost-

Effectiveness with Various Air Purifier Brands on the Market

1) Assessing the Efficiency of the Vertical Garden System

in Capturing PM2.5 Particles: The study on dust trapping
efficiency involves testing the sensor’s ability to measure dust.
This is done by setting the machine to alert when the PM2.5
dust level reaches 300 µg/m³. The machine will alert again
when the PM2.5 level drops to 200 µg/m³. Incense smoke is
then introduced to the machine, and notifications are monitored
by listening to the sounds from the device and checking the
alerts in the application.

Fig. 7: The cost-effectiveness of vertical garden systems
absorbing PM2.5 with various brands of air purifiers on the
market.

Fig. 8: The cost-effectiveness analysis of vertical garden
systems with various brands of air purifiers on the market.
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2) Comparing the Cost-Effectiveness of the Vertical Gar-

den System for Capturing PM2.5 Dust with Various Market

Air Purifiers: As the results show in Fig. 7 and Fig. 8, a
study of various air purifier dealers’ websites shows that the
average cost of the six purifiers from three different brands is
significantly higher than that of a vertical garden. Although
the Xiaomi Air Purifier 3C is less expensive than a vertical
garden, it has a shorter service life and requires twice the
number of filters.

A vertical garden has an initial cost and an average annual
cost lower per day than similar costs of other purifiers, such as
the Philips AC0820/20. The difference in cost is notable when
considering annual expenses. Moreover, a vertical garden can
continuously filter air even when not actively powered, unlike
other air purifiers that need to be turned on to filter air. This
feature can further reduce the overall cost. Therefore, the
vertical garden innovation is more cost-effective than the air
purifiers studied.

V. CONCLUSION

The project focused on enhancing the efficiency of a vertical
garden system for capturing dust particles smaller than 2.5
microns (PM2.5). Various methods were assessed, including a
water spray, vertical garden, and combination. This evaluation
involved directing smoke from incense through these systems
from a dust-laden chamber to a secondary chamber. After
15 minutes, the water spray system achieved a PM2.5 con-
centration of 500 µg/m³. The vertical garden system reduced
PM2.5 to 404 µg/m³, while the combination of water spray and
vertical garden resulted in a PM2.5 level of 429 µg/m³. These
results indicate that the vertical garden system is the most
effective at reducing PM2.5 levels, as the water spray system
alone is less capable of capturing such small particles. The
water spray method is better suited for larger dust particles.

Additionally, tests compared the efficiency of the vertical
garden system with washed versus unwashed Golden Pothos
leaves. With unwashed leaves, PM2.5 levels decreased to 201
µg/m³ within 75 minutes and 223 µg/m³ after 93 minutes.
In contrast, using washed leaves led to a more significant
reduction, with PM2.5 levels dropping to 74–115 µg/m³ within
approximately 73 minutes. This demonstrates that washing the
leaves improves filtration efficiency by removing accumulated
dust. With its textured leaves, the Golden Pothos was highly
effective in reducing dust, outperforming other plant species
tested.

Furthermore, a monitoring system utilizing an ESP8266
microchip and a PM2.5 sensor was developed. Using the
Arduino program, this system provides real-time PM2.5 level
readings and sends alerts when levels exceed a set threshold.
The system proved highly effective in both monitoring and
notification functions.

In terms of cost-effectiveness, the vertical garden system
emerged as a more economical choice compared to traditional
air purifiers. Despite the air purifier’s slightly lower annual
operational cost, it requires continuous use to be effective. In
contrast, the vertical garden system can filter air even when

not in operation, offering better overall value. This reassures
the audience that the vertical garden system is a more cost-
effective solution in the long run, particularly when PM2.5
levels are not extremely high.
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Abstract— In this paper, we propose a machine learning-
based approach to streamline the loading and unloading 
processes of electronic components in reel towers. The 
conventional method typically involves loading electronic 
components into nearby empty spaces without considering their 
frequency of use, resulting in increased robot movements and 
longer processing times. Our method utilizes machine learning 
to predict the interval between component requests and 
strategically load components based on their anticipated usage 
frequency. Experimental results demonstrate that our approach 
significantly reduces the number of robot movements compared 
to the conventional method. Future work will involve 
implementing our model in real reel tower settings to further 
validate its effectiveness and optimize its performance. Through 
these efforts, we aim to introduce more efficient management 
practices for electronic component storage and retrieval in reel 
towers, ultimately enhancing overall productivity and reducing 
operational costs. 

Keywords—SMT, SMD, PCB, Machine learning, Reel tower 

 

I. INTRODUCTION 
Surface mount technology (SMT) is a pivotal technique in 

electronics manufacturing, integral for affixing electronic 
components onto printed circuit boards (PCBs). Surface 
mount devices (SMDs), including resistors, capacitors, and 
inductors, are directly bonded to PCB surfaces. These SMDs 
are packaged in reels and loaded in specialized load units 
known as reel towers. Reel towers serve as essential 
repositories for PCB manufacturing and loading purposes. 
Employing an SMD reel tower streamlines reel identification 
and enables dynamic management. The reel tower 
management process entails two primary tasks: loading new 
electronic component reels into the tower and unloading 
requested electronic components. This process is facilitated by 
a pickup robot stationed at the reel tower entrance, navigating 
between load and unload areas as directed by operators. 
However, significant movement time is incurred if the load 
and unload areas are distant from the pickup robot. 

Recently, there has been a rise in the proposal of smart 
process technologies integrating automation to mitigate the 
costs associated with managing and maintaining large 
quantities of electronic components[1][2]. In this paper, we 
introduce a method for automating the loading and unloading 
of electronic components from reel towers using robots, 
aiming to minimize the number of robot movements and 
enhance efficiency. Specifically, we leverage predictions from 
a machine learning model to optimize the placement of 
required electronic components within the reel tower. 
Machine learning models excel at discerning patterns from 
extensive datasets, enabling them to forecast future trends in 
electronic component load and unload. Our trained model 
anticipates the next unload time for electronic components 
requested for loading. Based on these predictions, electronic 

components are strategically loaded in the most optimal 
locations within the reel tower. The machine learning model 
employed utilizes recurrent neural networks (RNNs), long 
short-term memory (LSTM), and gated recurrent units 
(GRUs). We propose a methodology to streamline the number 
and duration of robot movements by comparing the 
performance of these algorithms in predicting component 
requests. Additionally, this paper seeks to address the 
challenges inherent in the implementation of automated reel 
towers in various industrial settings. A key aspect of this 
technology is its ability to adapt to diverse manufacturing 
environments, each with unique constraints and requirements. 
By evaluating the performance of RNN, LSTM, and GRU 
models, the proposed system aims to dynamically adjust to 
varying patterns of component usage and demand, thereby 
enhancing its robustness and reliability. 

This paper is structured as follows: Chapter 2 provides 
background information, while Chapter 3 delves into the 
results obtained from the application of the machine learning 
model. Finally, Chapter 4 offers concluding remarks and 
outlines avenues for future research. 

 

II. METHOD 

A. Background 
In this chapter delineates the foundational background of 

reel towers, serving as repositories for reels housing surface 
mount device (SMD) electronics. Two primary types of reel 
towers are identified: cylindrical and orthogonal. The 
cylindrical variant boasts a simplified structure, obviating the 
necessity for an X-axis transfer device, with the length of the 
electronic component pickup system affixed to the inner 
radius of the reel compartment. Figure 1 shows a cylindrical 
reel tower, while Figure 2 shows an orthogonal reel tower. 

 
Fig. 1. Structure of cylindrocal reel tower. 
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Fig. 2. Structure of orthogonal reel tower. 

The orthogonal reel tower design offers a 30% larger 
stacking area for electronic components per reel within the 
same machine area as a cylindrical tower. Within the 
electronics compartment, the width of the cylindrical tower 
increases from the entrance towards the interior, while the 
width of the orthogonal tower remains constant from the 
entrance, minimizing wasted space. In contrast to the 
cylindrical configuration, which exhibits square 
proportionality when expanded, the rectangular shape 
maintains simple proportionality. The orthogonal type 
features electronic component compartments arranged in 
parallel, facing each other at regular intervals, with an 
electronic component pickup system installed between them, 
determining the width of the reel tower. 

In orthogonal reel tower systems, pickup robots are 
required to cover minimal distances, which demands a short 
system length. Additionally, they need to possess rapid 
acceleration and deceleration capabilities to enable high-speed 
movements for productivity and short-distance reciprocation 

Figure 3 shows the process of loading a newly issued reel 
unit of electronics into the reel tower. The Reel main control 
PC is responsible for managing and controlling the electronic 
components throughout this process. It acquires an ID from 
the Manufacturing Execution System (MES) server upon 
receiving an electronic component request. The MES server, 
overseeing the entire manufacturing process, generates an ID 
and transmits it to the Reel main control PC. Electronic 
components with newly assigned IDs are placed into 
temporary containers and subsequently transported to the reel 
tower. The relocated electronic components are positioned 
near the entrance and loaded within the reel tower by a pickup 
robot. Upon request from a PCB for the necessary electronic 
component, the pickup robot unloads the component's ID and 
transports it to the load area. 

 
Fig. 3. Sequence of issued reel ID 

B. Training data 
Training data is generated by simulating load and unload 

scenarios involving electronic components utilized across five 
distinct PCBs. The cumulative count of components across 
these PCBs amounts to 366. Figure 4 shows the top 20 
components, sorted in descending order based on their 
frequency of requests. 

 
Fig. 4. Top 20 parts by number of part request 

Requests for electronic components for PCB manufacture 
vary from one type to another, but frequently used electronic 
components are also common across different PCB 
manufactures and have a high likelihood of being loaded and 
unloaded. This paper leverages this phenomenon to predict the 
time required for loading and unloading electronic 
components. Employing a sliding window technique, 
electronic components are loaded over time in the order of 
request, with the model input size set to 32. Figure 5 shows 
the process of generating electronic component request data 
using a sliding window approach. 

 
Fig. 5. Generation of parts request data using sliding window 

C. Model selection 
Sequential data is characterized by the arrangement of 

objects in a specific order within a dataset, where any 
alteration to this order results in a loss of its distinctive 
characteristics. Analyzing sequential data requires an initial 
step to represent its temporal properties and subsequently 
devise methods for predicting information from it. In the 
realm of machine learning algorithms, there has been a 
proposal to train extensive datasets while preserving the 
sequential order within artificial neural networks. Given the 
variability in the request interval of electronic components 
over time, our objective is to forecast and compare these 
intervals utilizing recurrent neural network (RNN), long short-
term memory (LSTM), and gated recurrent unit (GRU) 
models. Figure 6 shows the RNN, Figure 7 shows the GRU, 
and Figure 8 shows the LSTM model structure. 
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Fig. 6. RNN architecture 

 
Fig. 7. LSTM architecture 

 
Fig. 8. GRU architecture 

RNNs are models that incorporate previous states when 
computing a state for a given input [3]. They are particularly 
suited for sequence prediction tasks because they maintain a 
memory of previous inputs in the sequence. However, RNNs 
suffer from the vanishing gradient problem, which makes it 
difficult for them to capture long-term dependencies in 
sequences. This limitation often results in poor performance 
when modeling long-range dependencies, necessitating the 
development of more advanced architectures like LSTMs and 
GRUs to address these challenges. LSTMs are models capable 
of effectively connecting distant memories and current states 
by utilizing memory cells within the network, which employ 
the hidden layer as the subsequent input [4]. The architecture 
of LSTMs includes special units called memory cells that can 
maintain their state over long periods. These cells use gates 
(input, output, and forget gates) to control the flow of 
information, allowing them to learn which data in a sequence 
is important to keep or discard. This design helps LSTMs 
overcome the vanishing gradient problem and makes them 
effective for tasks requiring long-term memory, such as 
predicting the intervals between requests for electronic 
components in a reel tower. The flexibility and robustness of 
LSTMs make them a suitable choice for optimizing the 
placement of electronic components by accurately predicting 
future requests. GRU is a model designed to streamline 
computation by reducing the parameters of the model through 
the elimination of memory cells found in LSTMs [5]. GRUs 
simplify the LSTM architecture by combining the forget and 
input gates into a single update gate and merging the cell state 

and hidden state. This reduction in complexity leads to faster 
training times and fewer computational resources while 
maintaining similar performance. In the context of reel towers, 
GRUs provide an efficient alternative for predicting the load 
and unload times of electronic components, thereby 
optimizing the robot's movement patterns. The balance 
between simplicity and performance in GRUs makes them an 
attractive choice for applications where computational 
efficiency is critical. 

In summary, RNNs, LSTMs, and GRUs each have unique 
characteristics that make them suitable for different aspects of 
sequence prediction tasks. RNNs are effective for short-term 
dependencies, LSTMs excel at capturing long-term 
dependencies, and GRUs offer a good trade-off between 
performance and computational efficiency. By comparing 
these models, we aim to determine the most effective 
algorithm for minimizing robot movements and enhancing the 
efficiency of the reel tower management process 

In this paper, both the currently requested part and the 
previously requested part are fed into the embedding layer and 
then processed through the model cell. The final cell within 
the model predicts the release time of the currently requested 
electronic part. By comparing RNN, LSTM, and GRU models, 
we aim to identify the algorithm that most effectively reduces 
the number of robot movements required for loading and 
unloading electronic components in a reel tower, thereby 
enhancing overall operational efficiency. 

D. Batch algorithm 
Since the value predicted by the model is the next time the 

electronic component will be unloaded, it is necessary to 
utilize this prediction to decide where to load the electronic 
component in the reel tower. In this paper, we divide the reel 
tower space into classes based on the percentile of request 
times for loading electronic components on a reel-by-reel 
basis. Electronic components that will be unloaded in the near 
future are loaded in the class with the shortest unload 
movement radius. Conversely, electronic components that 
will be unloded in the far future are loaded in the class with 
the longest unload movement radius. This process reduces the 
movement distance of the pickup robot for loading and 
unloading electronic components and enables efficient 
deployment. 

III. RESULT 
In this chapter, we assess and interpret both existing 

methods and our proposed approach. The system 
specifications employed in our experiments are as follows: 

TABLE I.  SYSTEM SPECIFICATION 

CPU 12th Gen Intel Core i5-13400F 2.5GHz 
RAM 32GB 

OS Windows 10 Pro 

A. Result of training 
Figures 9 and 10 shows graphs depicting the calculated 

loss value per epoch. It is evident that the loss value decreases 
progressively throughout the training process. For a more 
detailed assessment of accuracy, please refer to Figure 11, 
which demonstrates the variance between the actual and 
predicted values. 
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Fig. 9. Results of training loss during training epochs 

 
Fig. 10. Results of validation loss during training epochs 

 
Fig. 11. Real values(Y_ture) and predicted values(Y_pred) 

B. Result of simulation 
Next, we employ the trained model to quantify the number 

of coordinate movements made by the robot. Each move 
signifies a shift of one unit along the X and Y coordinates in 
the two-dimensional space. There are 366 types of 
components utilized across 5 PCBs, with a total of 3,663 load 
and unload requests for each electronic component type. The 
reel tower dimensions are set at 40×10. The conventional 
method entails loading reels in proximity to the entrance when 
space is available (first in, first out), whereas the approach 
advocated in this paper involves loading reels based on the 
interval predicted by the model between future requests. The 
existing method follows a first-in-first-out (FIFO) approach, 
where the reel is loaded when an empty space exists close to 
the entrance. In contrast, the method proposed in this paper is 
to load the reel according to the interval after the model 
predicts the interval between future requests. 

TABLE II.  NUMBER OF MOVES AND PERCENT REDUCTION BY MODEL 

Model FIFO RNN LSTM GRU 
Number of moves 66,122 41,486 40,206 40,812 

Rate of reduction(%) - 37 39 38 

IV. CONCLUSIONS 
In this paper, we presented an approach to efficiently 

manage the load and unload of electronic components in a reel 
tower by employing machine learning techniques. The 
conventional method involves loading newly arrived 
electronic components in nearby empty spaces without 
considering their frequency of use. However, this approach is 
suboptimal as it results in increased robot movements and 
longer load and unload times. 

Our proposed method utilizes machine learning to discern 
the usage frequency of electronic components and predict the 
interval between requests. This enables us to minimize the 
number of robot movements and reduce the time required for 
load and unload operations in loading and unloading 
electronic components. 

In future work, we aim to implement the proposed model 
in an actual reel tower to validate its efficacy in reducing the 
number of pickup robot movements for load and unload 
operations based on component usage frequency compared to 
the conventional method. By deploying the three proposed 
models in a real-world reel tower setting, we intend to identify 
the model that minimizes pickup robot movements and further 
refine the algorithm accordingly. 

Through the reduction of movements and time required by 
the pickup robot, we anticipate that the reel tower can be 
effectively introduced to the market, alleviating the strain on 
pickup robots and facilitating efficient management of 
electronic components. 
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