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Abstract— This study examined the worldwide prevalence of
vaccine-associated pericarditis and myocarditis using the WHO 
database, focusing on 19 vaccines across 156 countries. Of the 
73,590 total reports, 49,096 were vaccine-related. Reports have 
increased significantly, especially before 2020, due to COVID-19 
mRNA vaccines. Smallpox vaccines were most associated (ROR: 
73.68; IC0.25: 5.91). Reports were more frequent in males and 
older age groups, with most reactions occurring within one day 
and 0.44% fatality rate. Our analysis indicates increased reports 
linked to vaccines, especially live ones like smallpox, requiring 
caution. 

I. INTRODUCTION

Vaccines are considered a key aspect of public health, 
reducing preventable deaths and disease prevalence and 
promoting herd immunity with the potential to eradicate 
diseases globally. However, it's crucial to identify and address 
potential side effects, specifically myocarditis and pericarditis, 
which can lead to cardiac fibrosis. 

During the COVID-19 pandemic, concerns arose about 
myocarditis and pericarditis due to vaccination. Previous 
reports of these conditions following other vaccines were rare, 
so various efforts were made to determine the cause. Despite 
global vaccine hesitancy observed due to concerns about 
cardiac side effects from COVID-19 vaccines, data analysis 
for other vaccines remains limited. 

Our research analyses all types of vaccines to investigate 
the frequency of adverse events based on the unique 
characteristics and mechanisms of each vaccine. The 
objective of this study is to objectively present the potential 
adverse effects following various vaccination regimes, an 
area scarcely addressed in existing literature. This endeavor 
is not merely an academic pursuit but a pivotal step in 
enhancing awareness within the medical and scientific 
communities. 

II. METHODS

A. Patient selection and data collection
VigiBase is a global database managed by the WHO for

Drug Monitoring Cooperation in Sweden. Data have been 
collected from its establishment in 1967 until June 2023, and 
the database is developed and maintained by the Upsala 
Monitoring Center. This extensive repository comprises over 
131,255,418 individual safety reports (ICSRs) related to 

suspected adverse drug reactions (ADRs) from more than 156 
countries actively participating in WHO international drug 
monitoring programs. Additionally, it encompasses a wide 
range of over 25,000 drugs, providing a comprehensive 
dataset for drug and vaccine safety testing. Despite potential 
heterogeneity in the data regarding the relationship between 
medications/drugs and reported ADRs, conducting extensive 
quantitative testing based on big data is crucial for efficient 
drug compliance. It is essential to acknowledge that the 
likelihood of suspected adverse events attributed to drugs 
varies across different cases. The Institutional Review Boards 
of Kyung Hee University Medical Center and the Uppsala 
Monitoring Center (WHO Collaborating Center) approved 
the use of confidential and electronically processed patient 
data. 

B. Main outcome
Vaccine-related pericarditis and myocarditis data were
compiled from the beginning of 1969 until 2023, and vaccines 
were organized into 18 distinct categories: (1) anthrax
vaccines; (2) diphtheria, tetanus toxoids, pertussis, polio, and
Hemophilus influenza type b [DTaP-IPV-Hib] vaccines; (3)
meningococcal vaccines; (4) pneumococcal vaccines; (5)
typhoid vaccines; (6) encephalitis vaccines; (7) influenza
vaccines; (8) hepatitis A vaccines; (9) hepatitis B vaccines;
(10) measles, mumps, and rubella [MMR] vaccines; (11)
rotavirus diarrhea vaccines; (12) zoster vaccines; (13)
papillomavirus vaccines; (14) smallpox; (15) COVID-19
mRNA vaccines; (16) Ad5-vectored COVID-19 vaccines; (17) 
inactivated whole-virus COVID-19 vaccines; and (18) others
(tuberculosis, brucellosis, plague, typhus, leptospirosis,
rabies, yellow fever, Ebola, and dengue vaccines). Using the
Medical Dictionary for Regulatory Activities (MedDRA)
25.0, we collected all the adverse events of deduplicated
vaccinators around the world regarding the preferred terms:
“Pericarditis” and “Myocarditis”. Following the WHO
causality assessment recommendations, all the vaccines were
only considered “suspected” to compute the disproportional
association with pericarditis and myocarditis.

C. Covariates
In this study, we meticulously documented cases of suspected
vaccine-related pericarditis and myocarditis, focusing on a
comprehensive investigation. Our study primarily relied on
ICSRs collected from diverse sources, including patients,
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healthcare professionals, and pharmaceutical companies, 
within the post-market setting. The dataset encompassed 
patient demographics (i.e., age [0-11, 12-17, 18-44, 45-64, ≥
65 years, and unknown] and sex), administrative information 
(i.e., reporting regions [African, America, South-East Asia, 
Europe, Eastern Mediterranean, and Western Pacific], 
reporting years [1967-2019 and 2020-2023], reporter 
qualifications [health professionals, non-health professionals, 
and unknown], and study categories [study-related, non-
study-related, and unknown]). Information regarding 
vaccines (i.e., vaccine type and single suspected vaccine), and 
adverse drug reaction information (i.e., time to onset [TTO] 
of reaction and fatal outcomes [recovered/recovering, fatal, 
and unknown]). All voluntary reports indicated at least one 
suspected vaccine in pericarditis and myocarditis adverse 
events. 
 
D. Statistical analyses 
From the dataset, report and non-report groups were created, 
and each vaccine in VigiBase was subjected to 
disproportionality analysis to identify significant associations 
with pericarditis and myocarditis reports. Two common 
pharmacovigilance indicators, the information component (IC) 
and reporting odds ratio (ROR), were utilized for this analysis. 
The IC was calculated using a Bayesian method, comparing 
the event rates of pericarditis and myocarditis for a given 
vaccine with those of all other vaccines. When the entire 
database was not used as a comparator, sensitivity analyses 
were conducted, and ROR was used as the measure of 
disproportionality. The ROR is a frequentist measure derived 
from the number of adverse events and the contingency table 
of the vaccine. Statistical comparisons involved the unpaired 
Kruskal-Wallis test for continuous variables and the chi-
squared test or Fisher's exact test for categorical variables. 
Statistical significance was determined with a two-sided p-
value < 0.05. All analyses were conducted using SAS (version 
9.4; SAS Inc., Cary, NC, USA). 
 

III. RESULTS 
Of the 11,516,395 reports in the entire database, 49,096 
reports (male, n=30,013) of myocarditis and pericarditis were 
identified in the Vigibase from 1967 to 2023. The world is 
divided into six unique geographical regions, with the 
American region accounting for nearly half of the reports, 
followed by Europe, Western Pacific, Eastern Mediterranean, 
Africa, and Southeast Asia. The COVID-19 mRNA vaccine 
(90.42%) was the most associated with pericarditis and 
myocarditis reports, followed by the Ad5-vectored COVID-
19 vaccine (4.44%) and smallpox vaccine (1.18%). An 
analysis of reports on vaccine-associated pericarditis and 
myocarditis revealed several vaccines implicated in these 
adverse incidents. Smallpox vaccines were most associated 
with pericarditis and myocarditis reports, followed by the 

COVID–19 mRNA vaccine, anthrax vaccine, typhoid vaccine, 
encephalitis vaccine, influenza vaccine, and the Ad5–
vectored COVID–19 vaccine. When considering the risk by 
age groups, a significant sex disproportion was observed in 
the age groups of 12-17 years with males being more 
associated with vaccine-associated pericarditis and 
myocarditis in every age group. An overall disproportion 
between the sexes was also observed. Aside from the COVID-
19 vaccine, which makes up the majority of reports, the age 
group of 18-44 years accounts for 97.3% of anthrax vaccine, 
91.7% of typhoid vaccine, and 91.2% of smallpox vaccine. In 
the case of the COVID-19 mRNA vaccine and Ad5-vectored 
COVID-19 vaccine, the age group of 18-44 years takes a 
proportion of 42.4% and 30.5% respectively. In respect of 
individual vaccines, anthrax and smallpox vaccines were 
more likely to be associated with pericarditis and myocarditis 
reports in the age group of 18-44 years. In the case of the 
COVID-19 mRNA vaccine and Ad5-vectored COVID-19 
vaccine, they were more likely to be associated with the age 
group of 0-11 years and the age group over 65 years. The 
cumulative number of vaccine-associated pericarditis and 
myocarditis is shown in Figure 2. There was an extremely 
limited number of reports until the 2010s. However, since 
2020, there has been a significant rise in reports of pericarditis 
and myocarditis associated with the COVID-19 vaccine, with 
the largest percentage of the COVID-19 mRNA vaccine. 

 
Figure 1. Temporal trends of vaccine-associated pericarditis and myocarditis 
adverse events by continent. 

 

IV. CONCLUSIONS 
Our study identified long-term trends in the prevalence of RA 
and OA over a 24-year period from 1998 to 2021, with a 
particular focus on the impact of the COVID-19 pandemic. 
The results showed a consistent decline in the prevalence of 
both RA and OA until the year 2020, followed by an increase 
in 2021, Notably, OA exhibited a higher prevalence among 
specific vulnerable groups, such as individuals over 60 years 
of age, urban residents, and those with a high education level, 
whereas RA did not show a particularly vulnerable population. 
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It would be beneficial for government policy researchers to 
devise personalized policies targeted at the vulnerable groups 
affected by OA. While our study did not find any evidence of 
a relationship between the COVID-19 pandemic and the 
prevalence of RA has yet been identified, additional follow-
up studies based on our study findings would be helpful in 
further exploring this topic. 
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Table 1. Baseline characteristics of reports on vaccine-associated pericarditis and 
myocarditis adverse events. (n= 49,096) 
Variables  Number (%) 

Region reporting African Region                                     43 (0.09) 
 Region of the Americas                             27,247 (55.50) 
 South-East Asia Region                             41 (0.08) 
 European Region                                    16,172 (32.94) 
 Eastern Mediterranean Region                       48 (0.10) 
 Western Pacific Region   5,545 (11.29) 

Reporting year 1967 to 2019 1,974 (4.02) 
 2020 to 2023 47,122 (95.98) 

Reporter qualification Health Professional 10,258 (20.89) 
 Non-Health Professional 10,472 (21.33) 
 Unknown 28,366 (57.78) 

Studies Study-related 48,872 (99.54) 
 Non-study related 223 (0.45) 
 Unknown 1 (0.00) 

Sex Male 30,013 (61.13) 
 Female 18,779 (38.25) 
 Unknown 304 (0.62) 

Age, years 0 to 11  456 (0.93) 
 12 to 17  3,620 (7.37) 
 18 to 44  20,906 (42.58) 
 45 to 64  8,499 (17.31) 
 ≥65  3,347 (6.82) 
 Unknown 12,268 (24.99) 

TTO, days Median days (IQR) 1 (1-1) 

Drug class Anthrax vaccines 223 (0.45) 
 DTaP-IPV-Hib vaccines 292 (0.59) 
 Meningococcal vaccines 96 (0.20) 
 Pneumococcal vaccines 137 (0.28) 
 Typhoid vaccines 121 (0.25) 
 Encephalitis vaccines 42 (0.09) 
 Influenza vaccines 500 (1.02) 
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 Hepatitis A vaccines 65 (0.13) 
 Hepatitis B vaccines 118 (0.24) 
 MMR vaccines 69 (0.14) 
 Rotavirus diarrhea vaccines 20 (0.04) 
 Zoster vaccines 81 (0.16) 
 Papillomavirus vaccines 87 (0.18) 
 Smallpox vaccines 579 (1.18) 
 COVID-19 mRNA vaccines 44,391 (90.42) 
 Ad5-vectored COVID-19 vaccines  2,178 (4.44) 

 Inactivated whole-virus COVID-19 
vaccines  48 (0.10) 

 Others* 49 (0.10) 

Outcomes Recovered/recovering 23,312 (47.48) 
 Fatal 214 (0.44) 
 Unknown 25,570 (52.08) 

Single drug suspected  49,091 (99.99) 
Abbreviation: DTaP-IPV-Hib, diphtheria, tetanus toxoids, pertussis, polio, and Hemophilus 
influenza type b; IQR, interquartile range; MMR, measles, mumps, and rubella; TTO, time to 
onset; WHO, World Health Organization. 
*Others: brucellosis, dengue vaccines, Ebola, leptospirosis, plague, rabies, tuberculosis, 
typhus, and yellow fever vaccines. 
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Table 2. Analysis of subgroups in vaccine-related pericarditis and myocarditis adverse events disproportionality. 

  Total 

Vaccine-associated pericarditis and 
myocarditis IC (IC0.25) based on age, years 

Observed ROR (95% 
CI) IC (IC0.25) 0-11 years 12-17 

years 
18-44 
years 

45-64 
years ≥65 years 

Total     1.34 (1.19) 2.91 (2.86) 2.87 (2.85) 3.39 (3.35) 4.89 (4.84) 

Sex difference          

 Male 4,555,195 30,013 34.22 (33.52 
- 34.93) 3.46 (3.44) 1.52 (1.33) 3.10 (3.04) 2.94 (2.91) 3.51 (3.45) 3.73 (3.64) 

 Female 6,842,897 18,779 27.47 (26.81 
- 28.14) 3.35 (3.32) 1.11 (0.86) 2.63 (2.50) 2.79 (2.75) 3.35 (3.30) 3.69 (3.60) 

Vaccine types          

Anthrax vaccines 15,832 223 25.54 (22.37 
- 29.16) 4.58 (4.35) N/A N/A 4.46 (4.24) 1.83 (-

0.24) N/A 

DTaP-IPV-Hib vaccines 1,849,474 292 0.28 (0.25 - 
0.31) 

-1.83 (-
2.02) 0.73 (0.45) -0.77 (-

1.44) 0.69 (0.33) 0.08 (-
0.82) 

1.06 (-
1.01) 

Meningococcal vaccines 254,185 96 0.67 (0.55 - 
0.82) 

-0.57 (-
0.91) 

0.23 (-
0.71) 

-0.67 (-
1.26) 1.50 (1.01) 0.00 (-

3.78) N/A 

Pneumococcal vaccines 608,118 137 0.40 (0.34 - 
0.47) 

-1.31 (-
1.59) 1.30 (0.82) -0.37 (-

2.96) 0.85 (0.18) 0.21 (-
0.72) 1.49 (0.72) 

Typhoid vaccines 35,132 121 6.17 (5.16 - 
7.38) 2.59 (2.29) N/A N/A 3.47 (3.15) 1.34 (-

0.43) N/A 

Encephalitis vaccines 37,396 42 2.00 (1.48 - 
2.71) 0.99 (0.47) 1.61 (-

0.46) 
0.61 (-
1.46) 1.66 (0.94) 1.86 (0.56) 1.20 (-

2.58) 

Influenza vaccines 478,337 500 1.87 (1.71 - 
2.04) 0.90 (0.75) 0.45 (-

0.57) 
0.37 (-
0.25) 1.01 (0.78) 1.47 (1.16) 3.61 (3.30) 

Hepatitis A vaccines 153,470 65 0.76 (0.59 - 
0.96) 

-0.40 (-
0.81) 

-0.08 (-
2.15) 

-0.49 (-
1.79) 1.27 (0.75) 0.32 (-

1.45) N/A 

Hepatitis B vaccines 214,065 118 0.98 (0.82 - 
1.18) 

-0.02 (-
0.33) 2.99 (2.48) -0.66 (-

1.80) 
0.16 (-
0.36) 1.31 (0.41) 1.22 (-

2.56) 

MMR vaccines 453,603 69 0.27 (0.21 - 
0.34) 

-1.87 (-
2.27) 

0.45 (-
0.16) 

-1.71 (-
3.48) 

0.35 (-
0.27) 

0.54 (-
1.53) N/A 

Rotavirus diarrhea 
vaccines 218,477 20 0.16 (0.11 - 

0.25) 
-2.58 (-
3.34) 

0.78 (-
0.09) N/A N/A N/A N/A 
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Zoster vaccines 340,721 81 0.42 (0.34 - 
0.53) 

-1.23 (-
1.60) 

0.47 (-
0.51) 

-0.69 (-
1.99) 

0.09 (-
0.89) 

0.14 (-
0.59) 1.33 (0.43) 

Papillomavirus vaccines 204,234 87 0.76 (0.62 - 
0.94) 

-0.39 (-
0.75) 

-0.70 (-
4.48) 

-0.86 (-
1.30) 

-0.29 (-
0.98) N/A N/A 

Smallpox vaccines 14,696 579 73.68 (67.79 
- 80.10) 6.05 (5.91) N/A 1.32 (-

2.46) 6.02 (5.87) 3.75 (2.88) N/A 

COVID-19 mRNA 
vaccines 4,871,512 44,391 37.77 (37.00 

- 38.56) 3.07 (3.05) 4.52 (4.24) 4.16 (4.11) 3.41 (3.39) 3.90 (3.86) 5.34 (5.28) 

Ad5-vectored COVID-
19 vaccines  1,450,737 2,178 1.40 (1.34 - 

1.46) 0.46 (0.39) 2.48 (0.72) -0.59 (-
2.66) 

0.09 (-
0.03) 2.20 (2.09) 4.37 (4.20) 

Inactivated whole-virus 
COVID-19 vaccines  197,881 48 0.22 (0.17 - 

0.29) 
-2.15 (-
2.63) 

1.98 (-
0.61) N/A -2.05 (-

2.73) 
-1.14 (-
2.28) 1.80 (0.66) 

Others* 114,571 49 0.76 (0.58 - 
1.01) 

-0.39 (-
0.86) 

-1.62 (-
5.40) N/A -0.09 (-

0.77) 
0.74 (-
0.57) 2.46 (0.69) 

Abbreviation: CI, confidence interval; DTaP-IPV-Hib, diphtheria, tetanus toxoids, pertussis, polio, and Hemophilus influenza type 

b; IC, information component; MMR, measles, mumps, and rubella; ROR, reported odds ratio.  

Bold style indicates when the value of IC0.25 is greater than 0.0 or the lower end of the ROR 95% CI is greater than 1.0. This means 

it is statistically significant. 

Numbers in bold indicate a statistical significance. 

*Others included brucellosis, dengue vaccines, Ebola, leptospirosis, plague, rabies, tuberculosis, typhus, and yellow fever vaccines. 
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Abstract— Measuring caregiver-child interactions is critical for 
early detection of developmental problems in children. Diagnostic 
assessments in a medical setting are time-consuming due to a 
variety of factors, and existing developmental screening tests rely 
on subjective parental ratings. Therefore, a scale that can 
objectively measure the quality of interaction is needed. Recent 
advances in computer vision have led to research on clinical 
decision systems for diagnosing developmental disorders in 
children. Previous works have limited application to real-world 
settings because they have limited experimental environments and 
focus on the behavior of caregivers and children separately. 
Therefore, it is difficult to comprehensively capture the interaction 
between them. To address this problem, we propose a vision-based 
model to evaluate the interaction between caregivers and children 
with disabilities in real-world situations. The proposed method 
measures the distance between the caregiver and the child, the 
number of times they look at the same location by estimating their 
gaze, and the number of times they make eye contact. The system 
estimates the gaze-based interaction between caregiver and child 
in real time, contributing to an objective assessment of the level of 
interaction. The model has been validated through extensive 
experiments, demonstrating that it can be used to detect gaze-
based interactions. 

I. INTRODUCTION 
Children with developmental disabilities have problems with 

social relationships, communication and cognitive 
developmental delays, and their social growth is significantly 
slower than their peers, causing them great difficulty in real life 
[1]. Early identification of these disorders is critical to prevent 
secondary disabilities and to allow for appropriate treatment. 
Currently, there are two main approaches to diagnosing 
developmental disabilities: biological and behavioral. 
Biological approaches have traditionally been used to diagnose 
and assess the severity of developmental disabilities using 
diagnostic methods such as blood tests, genetic tests, and brain 
scans. However, these methods cannot be used if the caregiver 
does not notice a problem with the child's behavior, making it 
impossible to be proactive. As a result, most medical settings 

use a behavioral approach to diagnosing developmental 
disabilities [2]. 

To diagnose a developmental disorder in a child, a behavioral 
approach typically involves taking a medical history, 
interviewing caregivers, and observing the child's behavior. 
Children often exhibit biobehaviors such as repetitive behaviors 
(homologous behaviors), difficulties in social communication, 
and limited expressiveness [3]. The Korean Version for 
Learning Disability Evaluation Scale (K-LDES) [4], the 
Childhood Autism Rating Scale-2 (CARS-2) [5], and the 
Korean Developmental Screening Test for Infants & Children 
(K-DST) [6] are commonly used to record these observations. 
These scales typically include assessments of gross motor skills, 
fine motor skills, cognitive skills, language development, 
socialization, and self-help skills. The observation scores are 
summed, and if they exceed a predetermined threshold, the 
diagnosis is confirmed. After diagnosis, a functional assessment 
is conducted using a tool such as VBMAPP [7] to create a 
personalized developmental program aimed at improving skills 
needed for social integration for children with developmental 
disabilities. Functional assessments determine the skills a child 
with a developmental disability needs by evaluating the child's 
skills in a variety of areas, including developmental level, 
disability, transition, task analysis, intervention support skills, 
level placement, and IEP goals. 

However, traditional methods of behavioral diagnosis and 
assessment have several limitations. First, the process of 
observing and interpreting a child's behavior requires 
significant time and effort [8]. Diagnostic assessments in 
unfamiliar medical settings can be time-consuming because of 
ambiguous findings due to a child's mild symptoms or 
nervousness. Second, they rely on the clinician's judgment, 
which can affect reliability [9]. Differences in training and 
clinical experience among clinicians, as well as different 
cultural backgrounds, may affect their interpretation of 
observed behaviors. Finally, ratings of caregiver-child 
interactions are subjective in nature. Appropriate caregiver-
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child interaction is a key factor that has a significant impact on 
children's cognitive development, socialization, etc., and can 
also reduce caregiver stress [10], [11]. Therefore, there is a need 
to study objective measures of caregiver-child interaction in an 
unsupervised, relaxed environment. 

Meanwhile, the rapid spread of advanced technologies in the 
field of computer vision based on deep learning has led to 
research to apply them to the diagnosis and evaluation of 
developmental disorder behaviour [12]-[15]. Qandeel et al. 
proposed using video-based behavior recognition to identify 
specific behaviors to determine whether a child has a 
developmental delay [14]. This method can objectively analyze 
and quantify a child's behavior, although it has the disadvantage 
of not taking into account the interaction with the caregiver. 
Using facial recognition technology to extract children's facial 
expressions and classify their emotions by Jordan et al. [15]. 
They identified specific emotions from children's facial 
expressions and used them to evaluate children's social and 
emotional development. However, it is difficult to apply to 
videos from real-world environments due to poor quality, and it 
has the disadvantage of not taking into account proper 
interaction with caregivers. 

In this study, we propose a model for detecting caregiver-
child interactions based on gaze estimation and distance. Our 
proposed method is adaptive to a variety of unsupervised real-
world environments and has several advantages over 
conventional gaze tracking approaches. The extracted results 
can be used as a variable to predict whether a child has a 
developmental disorder, which can help clinicians diagnose the 
pathology and establish a functional assessment of the child. 

The contributions of our study are as follows: 
• Caregiver-child interaction detection model: Our model 

implements a novel approach to detect caregiver-child 
interaction based on gaze and distance. 

• Adaptability to real-world environments: It works 
effectively in environments where traditional diagnostic 
assessments are difficult, such as homes and kindergartens, 
providing more flexibility for behavioral diagnosis and 
assessment. 

• Objective measurement of caregiver-child interactions: 
Integrating gaze and distance information provides a 
model that can objectively measure caregiver-child 
interactions. 

The remainder of this paper consists of three chapters as 
follows: Chapter II describes the methodology for 
implementing the proposed model, and Chapter III presents and 
discusses the used datasets and eye tracking results. Finally, 
Chapter IV concludes the paper, suggesting directions for future 
research. 

II. METHOD 
This chapter explains in detail the overall structure of the 

proposed framework of models for detecting caregiver-child 
interactions, as well as the individual models used for this 
purpose. 

A. Overall Architecture 

Fig. 1 shows the overall architecture of the proposed model, 
which consists of the following models: Adult-child detection, 
Head detection, Head Pose Estimation. 

The proposed framework operates in the below sequence. It 
takes a video as input, divides it into single frames, and 
processes two tasks in parallel: distance calculation and gaze 
estimation.  The distance calculation task works based on an 
adult-child detection model. It calculates the distance between 
Bounding Boxes based on the detection results. Then, the gaze 
estimation task performs head pose estimation based on the 
detection results of the head detection model. We combine these 
two results to find points that exceed an arbitrarily set threshold 
and judge them as interactions. In the following chapters, we 
provide detailed descriptions of the models we used to achieve 
these tasks. 

 
Fig. 1  The overall framework of interaction detection model 

 

 
Fig. 2  The overall structure of YOLOv8, connected by the backbone, neck, and 
head. 

B. Object Detector 
In this section, we briefly explain You Look Only Once 

(YOLO) version 8 model [16], widely used and state-of-the-art 
object detection due to its high performance on object detection 
tasks, as the object detector in the proposed framework. 
YOLOv8 is renowned for its ability to perform real-time object 
detection with a single network pass, making it highly efficient 
and effective for a wide range of applications [16]. 

The overall architecture of YOLOv8 is shown in Fig. 2, 
composing mainly backbone, neck, and head. One of the most 
significant changes in YOLOv8 is the shift to anchor-free 
design. Traditional anchor-based models rely on predetermined 
anchor boxes to estimate the position and size of objects. In 
contrast, anchor-free models like YOLOv8 directly estimate the 
position and size of objects without the constraints of a fixed 
anchor box. This design contributes to more accurate object 
detection results [17]. YOLOv8 also changes the kernel size of 
the first convolutional layer of the backbone model from 6x6 to 
3x3. As the kernel size was reduced by half, the number of 
parameters was decreased, resulting in faster training. Other 
architecture changes involved replacing the C3 module with a 
C2f module and replacing the first convolutional layer of the 
bottleneck from 1×1 to 3×3. All of these architecture 
adjustments were implemented to improve the accuracy and 
speed of the model [17], [18]. 
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In this study, the object detector is responsible for detecting 
adults, children, and heads. YOLOv8 was pre-trained using a 
benchmark dataset, Microsoft Common Objects [19], but since 
this dataset has unlabeled adults and children, and heads, which 
are the main target objects of this framework, we additionally 
trained with data that contains information about these labels. 
A detailed description of this can be found in section III-A. 

C. Head Pose Estimation for Gaze estimation 
In this study, we use a method for estimating gaze using head 

pose to estimate gaze in a variety of environments. Most of the 
existing gaze estimation studies use facial landmarks to 
estimate gaze, which has high prediction performance for a 
narrow range of frontal views, but performs poorly when the 
target is looking backward and when the target is looking down 
or up [20]. However, we need to perform well in an 
unconstrained environment, so we adopt a gaze estimation 
method that does not rely on facial landmarks, but only on head 
pose. 

To accomplish this, we employed the six degrees of freedom 
head pose estimation(6DoF-HPE) model [21]. 6DoF-HPE 
utilizes RGB images to simultaneously estimate rotation (pitch, 
roll, yaw) and translational components (x,y,z). The 6DoF-HPE 
framework consists of a head detection stage and a rotation 
estimation stage. In the head detection stage, we use SSD 
Detector(Single-Shot MultiBox) [22] to detect heads in various 
orientations and directions, and in the rotation estimation stage, 
we use a CNN-based network consisting of RepVGG-B1g4 
backbone [23] and SENet [24]. We only use the rotation 
estimation model because we perform the head detection step 
before. 

Fig. 3 shows the detailed network structure of the rotation 
estimation model. Feature maps are extracted using the 
properties of convolutional networks that consider specific 
parts of the whole image, and reconstructed into feature vectors 
by the SENet module. These vectors are concatenated with a 
fully connected layer to output a six-dimensional rotational 
representation. We use this rotation representation to calculate 
the human field of view (FOV) to estimate gaze. Typically, a 
human's perceived field of view is between -30 and 30 degrees 
from the front Fig. 4. Since the z-axis of the extracted 
translational vector represents the front of the head, we 
transform the axial coordinates of the z-axis to estimate the gaze. 

 

 
Fig. 3  Overview of the network of rotational estimation 

In this section, we describe the datasets to train and 
validating the used models in the proposed framework. The 
experiments are divided into two parts: (1) evaluating the 
individual performance of each model performed in the 
proposed framework, and (2) checking the visualization results 
for gaze estimation. 

 

 
Fig. 4  Human field of view(FOV) and recognition area 

III. EXPERIMENTS AND RESULTS 

A. Data description 
We collected videos of a caregiver and child playing freely 

in the environment. The average length of the collected videos 
is 10 minutes, and there are four different angles of the same 
scene. For training the model, we used some videos to label the 
parent and child classes and the head position. However, the 2D 
video images we took cannot be labeled for gaze vectors, so 
quantitative evaluation of gaze vectors is not possible. 
Therefore, we perform qualitative evaluation of gaze estimation 
results based on visualization. 

B. Object detection and distance estimation results 
In our experiments, we quantitatively evaluate each model in 

the proposed framework by adopting accuracy, precision, and 
recall as evaluation metrics from the model accuracy 
perspective.  In addition, object detectors typically use Average 
Precision (AP) score as metric to understand how well a model 
can identify and localize objects within image across different 
classes. It is calculated by finding the area under the precision-
recall curve, representing the average precision across all 
possible recall levels. The mAP score is obtained by averaging 
the AP scores across different classes in the dataset. Each metric 
can be obtained through the following formula: 

 

                          Accuracy =
TP +  TN

TP +  TN +  FP +  FN
             (1) 

  

Precision =
TP

TP + FP
                                         (2) 

 

Recall =
TP

TP + FN
                                         (3) 

 

              AP = � precision(𝑟𝑟) 𝑑𝑑𝑑𝑑
1

0
                    (4) 

  

                                     mAP =
1
𝑛𝑛
�𝐴𝐴𝑃𝑃𝑖𝑖

𝑛𝑛

𝑖𝑖=1

                                      (5) 

 
We use pre-trained models with YOLOv8n (nano version), 

the lightest and fastest model in the YOLOv8 series. This is 
especially optimized for environments where computing 
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resources are limited, such as edge devices or mobile 
applications, making it applicable to a wide range of 
environments. For additional training of this model, we set the 
hyperparameters to 100 epochs and 16 batch sizes. The results 
of this training process, including loss and accuracy as a 
function of epoch, are shown in the Fig. 5. In addition, the 
classification evaluation results for adult, children, and head are 
detailed in the TABLE I. 

TABLE I 
OBJECT DETECTOR DETECTION PERFORMANCE EVALUATION 

RESULTS 

Class Accuracy Precision Recall mAP@0.5 Time(s) 
Adult 0.991 1.000 0.999 0.995 

0.0017 Child 0.988 0.995 1.000 0.995 
Head 0.993 0.987 0.994 0.990 
 

 
(a) 

 

 
(b) 

 
Fig. 5  Results of the training process for detectors pre-trained with YOLOv8n 
(a) Adult-child detector (b) Head detector 
 

The experimental evaluation result mAP@0.5 is 0.995, 
which shows that the model's detection capability is very 
accurate. The model is also highly efficient with an inference 
time of 0.0017 seconds, making it applicable in environments 
with low computing power (e.g., homes and kindergartens), 
allowing for real-time inference in a variety of environments. 
The results of estimating the distance between a caregiver and 
a child based on these results can be seen in Fig. 6. 

 

 

Fig. 6  Visualization of distance estimation results (distance estimation result 
text in the upper left) 

C. Gaze estimation results 
In this study, we perform a qualitative evaluation of 

visualization-based gaze estimation results. The evaluation 
method is compared between the proposed model and a state-
of-the-art L2CS [20] model that performs well in the field of 
head pose estimation. 

Fig. 7 presents the results of applying the L2CS model and 
the proposed model to the same scene. The L2CS model can be 
seen to be unable to estimate gaze when the caregiver has their 
back to the camera. This error is a significant problem because 
it can lead the model to believe that the child and caregiver are 
not interacting with each other, even though they are looking at 
each other. On the other hand, our proposed model is able to 
estimate gaze more accurately, despite the caregivers having 
their backs to the camera. 

Next, Fig. 8 demonstrates the results of applying the 
proposed model to videos taken from different angles and 
detecting gaze interactions. We interpret the results as robust 
performance despite significant changes in the image due to the 
camera angle. The model's robustness is important because it 
can be applied to various environments and still perform well. 

 

  
 

(a)                                                           (b) 
 

Fig. 7  Results of applying the L2CS model and the proposed model to the same 
scene (a) L2CS model (b) proposed model 
 

  
 

(a)                                                           (b) 
 

  
 

(a)                                                           (b) 
 

Fig. 8  Visualization of the results of detected gaze interactions when the 
proposed model is applied to videos taken from different angles 
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D. Discussions 
This study proposes a gaze and distance based interaction 

detection model to detect caregiver-child interaction. The 
model consists of several models with specific functions of 
caregiver-child detection, distance estimation, head detection, 
head pose estimation, and gaze estimation. These models are 
used as variables for interaction detection and form the basis for 
measuring the degree of socialization. 

In our experiments, we evaluated the performance based on 
accuracy and visualization results. The results showed that the 
individual models had high accuracy and real-time inference 
capabilities, and were robust in a variety of environments. In 
particular, the model that estimates gaze without face detection 
was found to be able to achieve high accuracy even in images 
with a lot of occlusion, such as CCTV. 

These systems can be used in unsupervised real-world 
environments or environments with low computational power, 
allowing interaction to be measured even in kindergarten and 
home environments. They can also measure interaction 
objectively, which is an important benefit for clinicians. 

IV. CONCLUSIONS 
We have developed a computer vision-based system that 

automatically estimates the gaze of a child, a caregiver, and the 
distance between them to measure the developmental level of 
children with developmental disabilities. The proposed system 
further extends its applicability in the medical domain by 
establishing an automated protocol to detect interaction. 
However, the need to set a threshold for the criteria of 
interaction may limit its validity, and computer vision 
techniques still have limitations in that occlusion can 
significantly affect the estimation results.  

In future work, we will recruit subjects with developmental 
disabilities, measure the degree of developmental disability, 
and develop a comprehensive model for various interactions 
such as human-object interaction and human-human interaction, 
estimate the actual distance, and improve the model to obtain 
more objective results. In future extensions of our work, we 
expect that more developmental assessments can be performed 
automatically, accurately, and objectively at home using 
lightweight devices prior to a thorough evaluation by a 
professional doctor, enabling early intervention for infants with 
developmental behavioral disorders. 
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Abstract— A comprehensive quantitative evidence 
synthesis on the risk and protective factors for sudden 
infant death syndrome effects (SIDS) is lacking. We 
aimed to investigate the risk and protective factors 
related to SIDS. We conducted an umbrella review of 
meta-analyses of observational and interventional 
studies assessing the SIDS-related factors. 
PubMed/MEDLINE, Embase, EBSCO, and Google 
Scholar were searched from inception until January 18, 
2023. Data extraction, quality assessment, and 
certainty of evidence were assessed by using 
AMSTAR2 following PRISMA guidelines. According 
to observational evidence, credibility was graded and 
classified by class and quality of evidence (CE; 
convincing, highly suggestive, suggestive, weak, or not 
significant). Our study protocol was registered with 
PROSPERO (CRD42023458696). The risk and 
protective factors related to SIDS are presented as 
equivalent odds ratios (eOR). We identified eight 
original meta-analyses, including 152 original articles, 
covering 12 unique risk and protective factors of SIDS 
across 21 countries and five continents. SIDS had eight 
risk factors, including prenatal drug exposure (eOR, 
7.84 [95% CI, 4.81-12.79], CE=highly suggestive), 
prenatal opioid exposure (9.55 [95% CI, 4.87-18.72], 
CE=suggestive), prenatal methadone exposure (9.52 
[95% CI, 3.34-27.10], CE=weak), prenatal cocaine 
exposure (4.38 [95% CI, 1.95-9.86], CE= weak), 
prenatal maternal smoking (2.25 [95% CI, 1.95-2.60], 
CE= highly suggestive),  postnatal maternal smoking 
(1.97 [95% CI, 1.75-2.22], CE=weak), bed-sharing 
(2.89 [95% CI, 1.81-4.60], CE=weak), and infants 
found with heads covered by bedclothes after last sleep 
(11.01 [95% CI, 5.40-22.45], CE= suggestive). On the 
other hand, three protective factors, which are 
Breastfeeding (0.57 [95% CI, 0.39-0.83], CE=non-
significant), supine sleeping position (0.48 [95% CI, 
0.37-0.63], CE=suggestive), and pacifier use (0.44 [95% 
CI, 0.30-0.65], CE=weak), were also identified. 
Therefore, based on evidence, we suggested several 
risk and protective factors for SIDS. This study 
suggests a need for further studies on SIDS-related 
factors supported by weak credibility, no association, 
or without adequate research paper. 
 

I. INTRODUCTION 
Sudden infant death syndrome (SIDS) is a sudden, 

unexpected death of a healthy infant under the age of one 
with no specific cause of death identified by autopsy or 
other means [1]. In the past, before 1990, deaths of 
unknown causes in infants under the age of 1 were defined 
as SIDS. However, as death investigations gradually 
became more common, many of the unspecified causes of 
infant death were able to be identified, so SIDS was re-
defined as sudden unexplained infant death (SUID) that is 
still unspecified even after several death investigations 
including autopsy had done. Since more death 
investigations had been done, the sleeping position was 
suspected of having an association with SIDS, a sleep 
campaign recommending the supine position was done 
and the SIDS incidence was lowered [2]. In 1990, the 
incidence ranged from 1.5 to 3 per 1000 live births, but in 
2000, the incidence was about 0.2 to 1 per 1000 live births 
in most countries [3]. However, according to the Centers 
for Disease Control and Prevention (CDC), SIDS in the 
United States in 2021 is still the third leading cause (7.3%) 
of infant deaths under the age of 1 [3]. Therefore, active 
research on SIDS is considered necessary [1, 4].  

Despite several previous researches, the precise etiology 
of SIDS remains ambiguously defined, attributed largely 
to the intricate interplay of genetic, environmental, and 
developmental factors [5]. Both prenatal and postnatal 
periods are pivotal phases in the infant. Prenatal exposure 
to substances, including alcohol, cannabis, and opiates, is 
one of the potential risk factors associated with SIDS [6]. 
However, several protective factors have emerged, 
shedding hope on preventive strategies for SIDS. Supine 
position and breastfeeding have been suggested as 
protective factors against SIDS.  

While numerous meta-analyses have provided insights 
into specific risk and protective factors, a unified synthesis 
of these findings is essential to understand the SIDS-
associated factors comprehensively [6-12]. To provide an 
overview of the breadth, quality, and certainty of the 
previously reported associations between SIDS and risk 
and protective factors, we performed an umbrella review 
of the evidence across published meta-analyses. Therefore, 
we systematically identified relevant meta-analyses, 
summarized the risk and protective factors of SIDS, and 
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analyzed the certainty of evidence to provide a 
comprehensive overview of the SIDS-associated factors.  

 

II. METHODS 
Literature search strategy and selection criteria 
We conducted an umbrella review to summarize and 
evaluate the risk and protective factors of SIDS. This 
review followed the Preferred Reporting Items for 
Systematic Reviews and Meta-Analyses (PRISMA) 2020 
guidelines, and its protocol was registered with 
PROSPERO (Registration No. CRD42023458696) [13, 
14]. Two authors, H.L. and T.H.K., systematically 
searched online databases (PubMed/MEDLINE, Embase, 
EBSCO, and Google Scholar) for meta-analyses of 
observational studies or intervention trials examining the 
association between SIDS and its risk factors until January 
18, 2024. Our search strategy was as follows: (‘sudden 
infant death syndrome’ OR ‘SIDS’ OR ‘cot death’) AND 
(‘meta-analyses’ OR ‘systematic review’) and their 
variants. We also searched the references of the eligible 
articles manually and reviewed the titles, abstracts, and 
full texts of the studies found through the search (T.H.K. 
and H.L.). Only observational studies or intervention trials 
meta-analyses were included because there was no 
randomized controlled trial (RCT). The following studies 
were excluded: duplicated studies, studies about outcomes 
of SIDS, studies not investigating the direct association 
between SIDS and its risk or protective factor, and a study 
reporting overlapped results. The SIDS-related factors 
eligible for our umbrella review are prenatal exposure to 
any drug and each of opioid, methadone, cocaine, prenatal 
exposure to PM10 prenatal and postnatal maternal 
smoking, bed sharing, supine sleep position, breastfeeding, 
head-covering, and use of a pacifier. Meta-analyses 
reporting odds ratio (OR) or relative risk ratio (RR) of the 
association of SIDS and its risk or protective factors were 
included in this review. We re-calculated the pool effect 
size, and RR was converted to OR in re-analysis [15].  
 
Data extraction and quality assessment 
We assessed the methodological quality of the included 
studies and rated them based on the A Measurement Tool 
Assessment Systematic Reviews 2 (AMSTAR2) checklist. 
In cases of disagreement, another researcher (J.K.) gets 
involved in the discussion and reaches a consensus. 
 
Data extraction 
Two independent researchers (T.H.K. and H.L.) screened 
the titles and abstracts and selected articles for full-text 
review. We extracted the following data from the selected 
articles: publication year, number of primary studies 
included, outcomes, country of study, number of cases and 
participants, study design, effect estimation model 
(random or fixed effects), heterogeneity, and maximally 
adjusted effect size with 95% confidence interval (CI). 
Each meta-analysis was re-analyzed by the Der Simonian 
and Laird random fixed effects model [4, 16]. We did not 
re-analyze any of the dose-response meta-analyses if the 

data for dose-response analysis is insufficient. We 
performed several more analyses to evaluate specific 
aspects. I2 statistics was performed to evaluate 
heterogeneity, and I2 value exceeding 50% indicates 
significant heterogeneity. P-curve analysis was used to 
detect p-hacking [16]. The 95% prediction interval (PI) 
was examined to assess the uncertainty of the observed 
estimates and predict the value of new future observations 
based on Bayesian statistics. The Knapp-Sidik-Jonkman 
random effects model was used to reduce inappropriate 
type 1 errors [4, 16]. Egger’s test estimates publication 
bias when the p-value is less than 0.1. We approximated 
equivalent odds ratios (eORs) for various metrics, 
including the relative risk (RR), in accordance with the 
latest guidelines [14]. All analyses were conducted based 
on the ‘meta’ package of R software (version 4.2.2; R 
Foundation, Vienna, Austria), and two-sided p value under 
0.05 was considered as significant [17]. 

 
Assessment of quality of study and evidence 
In this review, we assessed the class and quality of 
evidence (CE) for each outcome, using criteria from 
previous umbrella reviews[18]. Observational study 
associations were categorized into five levels based on the 
strength of evidence for potential environmental risk or 
protective factors (class I, convincing; class II, highly 
suggestive; class III, suggestive; class IV, weak; NA, not 
significant). The credibility of evidence from 
observational studies was rated considering various factors, 
including the number of events related to the outcome of 
interest, the p-value of the association, the presence of 
small study effects, excess of significance bias, prediction 
intervals, statistical significance in the largest study, and 
heterogeneity.  

According to the criteria of observational study, the 
credibility of evidence was graded. Class I: Involved 
exceeding 1000 cases (or over 20,000 participants); 
Significant summary associations as per random-effects 
calculations, with p<10-6; Absence of indications pointing 
towards small-study effects; No observed evidence 
suggesting an excess of significance bias; Not including 
the null value in prediction intervals; The largest study is 
nominally significant, p<0.05; A low degree of 
heterogeneity, specifically, I2 value below 50%, Class II: 
Involved exceeding 1000 cases (or over 20,000 
participants); Significant summary associations as per 
random-effects calculations, with p<10-6; The largest 
study is nominally significant, p<0.05, Class III: Involved 
exceeding 1000 cases (or over 20,000 participants); 
Significant summary associations as per random-effects 
calculations, with p<10-3, Class IV: Any other associations 
that present a p-value lower than 0.05, No significant 
evidence was defined when p>0.05. 

 

III. RESULT 
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Among 270 articles identified through the literature 
review, 242 were excluded as duplicates, leaving 15 for 
the full-text screening (Figure 1). After excluding 8 
articles based on the full text, we identified 8 meta-
analyses for evaluating 12 unique risk and protective 
factors of SIDS. The eligible meta-analyses were 
published between 2005 to 2022, with 152 articles across 
21 countries (Australia, Brazil, Belgium, Canada, 
Denmark, England, France, Germany, Hong Kong, 
Hungary, Ireland, Lithuania, Netherlands, New Zealand, 
Norway, Scotland, South Korea, and Sweden, United 
Kingdom, and United States) and five continents (Asia, 
Europe, North America, Oceania, and South America) 
were included (Table 1) [6-12]. Additionally, we present 
the characteristics of systematic reviews measuring sudden 
infant death syndrome. 

 

 
The quality of the original meta-analysis based on 

AMSTAR 2 was high in two meta-analyses, moderate in 
one, and low in five. Eight meta-analyses covered over 10 
million participants, with 12 unique SIDS-associated 
prenatal and postnatal factors, including prenatal drug 
exposure, prenatal opioid exposure, prenatal methadone 
exposure, prenatal cocaine exposure, prenatal cocaine 
exposure, prenatal PM10 exposure, prenatal and postnatal 
maternal smoking, infants found with heads covered by 
bedclothes after last sleep, bed sharing, supine position, 
breastfeeding, and pacifier use. Overall, our re-analyses 
showed that 12 unique significant associations were 
identified reporting on the risk and protective factors of 
SIDS.  

One meta-analytical association (8.3%) met the highly 
suggestive evidence three meta-analytical associations 
(25%) met the suggestive evidence, and five (41.7%) met 
weak evidence, two meta-analytical association (16.7%) 
met non-significant (8.3%) based on the CE. Except for 
five factors (prenatal opioid exposure, sleep, bed sharing, 
supine position, breastfeeding, and pacifier use), the shape 
of the p-curve was highly right-skewed for the binomial 
metrics (p <0.25), indicating no evidence of p-hacking. 
When we re-analyzed the 12 associations using random 
effects analyses, we found that 25.0% (3/12) meta-

analyses exhibited significant heterogeneity (I2 >75). 
Using Egger’s regression test, we observed statistical 
evidence of publication bias in 8.3% (1/12) of the studies. 
The forest plot, funnel plot, and p-curve for each 
association are shown in Supplementary Materials. 

We identified 12 unique factors and grouped them into 
two categories, including prenatal and postnatal factors. 
Eleven significant associations between SIDS and factors 
were reported, and prenatal exposure to PM10 was 
reported that has no association with SIDS (Table 2). The 
results are summarized by presenting evidence maps of an 
umbrella review of each SIDS-associated prenatal and 
postnatal factor (Table 3).  

 

Prenatal factors 

Among the five SIDS-associated prenatal factors, 80.0% 
(4/5) were supported by moderate certainty. SIDS was 
significantly associated with five risk factors: prenatal 
drug exposure (eOR, 7.84 [95% CI, 4.81-12.79]), opioid 
exposure (eOR, 9.55 [95% CI, 4.87-18.72]), methadone 
exposure (eOR, 9.52 [95% CI, 3.34-27.10]), cocaine 
exposure (eOR, 4.38 [95% CI, 1.95-9.86]), and maternal 
smoking (eOR, 2.25 [95% CI, 1.95-2.60]).  

 

Postnatal factors 

Among SIDS-associated postnatal factors, one meta-
analytical association had high certainty of evidence, two 
had moderate certainty, and three had low certainty. SIDS 
was significantly associated with three risk factors, 
including postnatal maternal smoking (eOR, 1.97 [95% CI, 
1.75-2.22]), infants found with heads covered by 
bedclothes after last sleep (eOR, 11.01 [95% CI, 5.40-
22.45]), and bed sharing (eOR, 2.89 [95% CI, 1.81-4.60]). 
On the other hand, we observed three protective factors, 
including supine position during sleep (eOR, 0.48 [95% CI, 
0.37-0.63]), breastfeeding (eOR, 0.57 [95% CI, 0.39-
0.83]) and use of pacifier (eOR, 0.44 [95% CI, 0.30-0.65]). 

 

IV. DISCUSSION 

Findings and Explanation 

To our knowledge, our study was the first umbrella review 
about the relationship between the risk and protective 
factors and SIDS. Our findings can suggest 
recommendations for reducing SIDS based on evidence 
from several meta-analyses. From eight meta-analyses 
covering over 10 million participants, we identified 11 
factors related to SIDS. We found eight factors that 
elevate the risk of SIDS, including prenatal drug exposure, 
prenatal opioid exposure, prenatal methadone exposure, 
prenatal cocaine exposure, prenatal and postnatal maternal 
smoking, bed-sharing, and head-covering. These 
relationships were supported by highly suggestive, 
suggestive, and weak evidence, except for prenatal PM10 

Fig. 1 Study flow chart 
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exposure, and breastfeeding with non-significant evidence. 
Three factors were found as protective factors of SIDS, 
which are supine sleeping position, breastfeeding, and 
pacifier use. Their class and quality of evidence are 
evaluated as non-significant, weak evidence, suggestive 
evidence, and highly suggestive evidence, respectively.  

To suggest appropriate guidance to reduce the 
risk of SIDS based on evidence, we summarized several 
guidelines for SIDS published in various institutions and 
countries and compared our findings to the guidelines 
(Supplementary Table 5). Almost all guidelines introduce 
prenatal maternal smoking, postnatal maternal smoking, 
head-covering as a risk factor for SIDS, and supine 
sleeping position and breastfeeding as a protective factor. 
In particular, many guidelines emphasize the supine 
sleeping position as a strong protective factor against 
SIDS, but our study supports this relationship with low 
certainty of the evidence, so we propose the need for 
further studies supported by higher certainty. Prenatal drug 
exposure, prenatal opioid exposure, prenatal methadone 
exposure, prenatal cocaine exposure, and pacifiers are 
only mentioned in some of those guidelines, so we expect 
to see them more in other guidelines. Overheating, sleep 
surface, room sharing without bed sharing are SIDS-
related factors that many guidelines provide. However, 
additional research on these factors is expected to be 
needed since there is no appropriate evidence-based article 
supporting it. 

 

Plausible underlying mechanisms 

 Many studies have been conducted to find out the 
pathophysiology of SIDS from the past, but no appropriate 
conclusion has been found. Recently, there was a 
consensus that SIDS is a multifactorial cause of death, so 
the Triple risk model has been proposed to explain SIDS. 
The triple risk model argues that SIDS occurs when an 
infant in a critical developmental period who has intrinsic 
vulnerability undergoes an exogenous trigger event during 
a critical developmental period [19].  

In our study, we found that prenatal factors are 
related to exposure of substances, including opioids, 
methadone, and cocaine. To take opioids as an example, 
they pass the placenta, causing functional and structural 
changes to the developing nervous system [20]. Opioid-
exposed infants have abnormal sleep patterns, apnea time 
prolongation, and decreased arousal of hypercapnia, which 
provide intrinsic vulnerability of triple risk model [21]. 
Maternal smoking is another factor that could provide 
infants’ intrinsic vulnerability. Several hypotheses were 
suggested, including brainstem alteration or impaired lung 
maturation [22, 23]. Nicotine absorbed from maternal 
smoking can impair nicotinic acetylcholine receptors that 
cause abnormal cardiorespiratory responses to hypoxia 
[24-26].  

In contrast, breastfeeding can protect infants from 
SIDS by reducing intrinsic vulnerability. Compared to 

powdered milk, breastfeeding can provide a variety of 
immune substance that can prevent several infections 
causing intermittent apnea [27]. 

Factors including a head covering, bed sharing, 
supine sleeping position, and use of pacifier would be 
related to exogenous triggers of SIDS [26]. In a 2014 
review of the National Institute for Health and Care 
Excellence, it concluded that bed sharing itself is not a risk 
factor [28]. Instead, when hazardous circumstances such 
as parental smoking, recent parental alcohol consumption, 
and sleeping on the sofa follow bed sharing, it could 
elevate the risk of SIDS, which means infants can be 
exposed to other risks of SIDS due to bed sharing [29]. 
Head-covering and supine sleep position are exogenous 
triggers that might be related to respiration of infant. If 
infants sleep in the supine position, their airway opens 
naturally, therefore, they need not express concerns 
regarding airway obstruction or aspiration [21]. In contrast, 
a prone position can induce hypercapnia and hypoxia due 
to the risk of rebreathing of expired gases [30]. Therefore, 
maintaining a supine position is important, especially for 
4-6 months old infants before they develop the skills to 
choose and practice their position [31]. Pacifier use during 
sleep may improve autonomic control of breathing, airway 
patency, or both [32].  

 

Policy implication 

First of all, research considering various confounding 
factors should be conducted. For example, bed sharing 
was found as a risk factor for SIDS based on meta-analysis, 
but this might be due to differences in lifestyle according 
to culture or time [27]. Other lifestyle habits that exist 
only in cultures where bed sharing is common may act as 
a risk factor for SIDS, so it is necessary to identify what 
various confounding variables will be and study them in 
many ways [33]. Second, the guidelines to prevent SIDS 
should be updated frequently and should be provided to 
parents, especially young or ill-educated mothers. We 
have pointed out several factors that can be introduced 
more in guidelines and have proposed a need for further 
studies about several SIDS-related factors above based on 
evidence. Although the exact causal mechanism is still 
unknown, it is clear that the above factors are significantly 
related to SIDS, providing enough guidelines about SIDS 
is important to reduce the prevalence of SIDS [25, 34].  

 

Strengths and limitations 
To the best of our knowledge, this is the first umbrella 
review of meta-analyses about the factors related to SIDS. 
In addition to clear risk factors, factors that can lower risk 
are also specified, which can help in preventive measures. 
We have provided certainty of evidence about the 
relationship between SIDS and its related factors and 
made a proper suggestion for improving SIDS prevention 
guidelines. However, there are several limitations. First, 
this umbrella review, based on the existing meta-analyses, 
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acknowledges that various confounding factors for SIDS 
are not uniformly and fully controlled across original 
meta-analyses and original studies [35]. This gap 
highlights the need for future prospective studies to clearly 
understand the risk factors for SIDS. However, the ethical 
challenges in conducting such studies on SIDS are notable, 
emphasizing the value of our study in offering a 
comprehensive understanding despite these constraints. 
Second, the quality of the original texts contained in the 
meta-analysts was not directly evaluated [36]. Therefore, 
some problems may not have been identified with 
precision reliability. Third, various methodological 
approaches can be used to evaluate the sample size, 
heterogeneity, and statistical significance of each meta-
analysis. If the mathematical method used in this umbrella 
review changes, certification of efficacy may also change 
[35]. Fourth, our umbrella meta-analysis suggested an 
overview and evidence for SIDS-associated factors, but 
further studies are needed to understand the potential 
causal mechanisms beyond each association. Fifth, there 
were no recent studies based on high evidence that we 
could include in our study, so we had no choice but to 
include relatively old studies. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

V. CONCLUSION 
This umbrella review found factors related to SIDS 
supported by suggestive certainty, weak credibility, and no 
association based on several methodological approaches. 
Our findings suggested that eight factors increased the risk 
of SIDS, and three factors may be protective to SIDS. We 
have also compared our findings and several guidelines 
provided in various institutions and countries. This study 
suggests a need for further studies on SIDS-related factors 
supported by weak credibility, no association, or without 
adequate research paper 
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Table 1. Description of total meta-analysis to investigate the SIDS-associated factors among infants 

Outcome First author Published year Included countries AMSTAR2 

1. Prenatal factors     

Prenatal drug exposure  Makarious L 2022 Australia, Germany, Norway, and USA High 

Prenatal opioid exposure Makarious L 2022 Australia, Germany, Norway, and USA High 

Prenatal methadone exposure Makarious L 2022 Australia, Germany, Norway, and USA High 

Prenatal cocaine exposure Makarious L 2022 Australia, Germany, Norway, and USA High 

Prenatal maternal smoking Zhang K 2013 
Australia, Brazil, Denmark, England, Europe, France, 
Germany, Hungary, Lithuania, Netherlands, New 
Zealand, Nordic countries, Norway, Sweden, and USA 

Low 

Prenatal PM10 exposure Kihal-Talantikite W 2020 Belgium, South Korea, UK, and USA Low 

2. Postnatal factors     

Postnatal maternal smoking Zhang K 2013 
Australia, Brazil, Denmark, England, Europe, France, 
Germany, Hungary, Lithuania, Netherlands, New 
Zealand, Nordic countries, Norway, Sweden, and USA 

Low 

Infants found with heads covered by 
bedclothes after last sleep  Blair PS 2008 Denmark, England, Germany, Hong Kong, Netherlands, 

Norway, Sweden, UK, and USA Low 

bed sharing Vennemann MM 2012 Germany, Ireland, New Zealand, Norway, Scotland, UK, 
and USA Moderate 

Supine position Priyadarshi M 2022 
Australia, Brazil, Germany, Hong Kong, Ireland, 
Lithuania, Netherlands, New Zealand, Norway, 
Scotland, UK, and USA 

High 

Breastfeeding Hauck FR 2011 Canada, Denmark, Germany, New Zealand, Norway, 
Scotland, Sweden, Tasmania, UK, and USA Low 

Pacifier use Hauck FR 2005 Europe, Ireland, Netherlands, New Zealand, Scotland, 
UK, and USA Low 

SIDS, sudden infant death syndrome
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Table 2. Reanalysis of estimated effect using Der Simonian and Laird (DL) method and Hartung-Knapp-Sidik-Jonkman (HS) method, heterogeneity I2, egger’s p-value, 
95% prediction interval, and CE 

CE, class and quality of evidence; CI, confidence interval; DL, Der Simonian and Laird;CE; HS, Hartung-Knapp-Sidik-Jonkman; OR, odds ratio; RR, risk relative risk. 
The numbers in bold indicate a significant difference (P < 0.05). 
* Class and quality of evidence:  
- Class I (convincing evidence): >1000 cases (or >20 000 participants for continuous outcomes; statistical significance at p<10-6 (random effects); no evidence of small study 

effects and excess significance bias; 95% prediction interval excluded null value; no large heterogeneity (I2<50%). 
- Class II (highly suggestive evidence): >1000 cases (or >20 000 participants for continuous outcomes); statistical significance at p<10-6 (random effects); largest study with 95% 

confidence interval excluding null value. 
- Class III (suggestive evidence): >1000 cases (or >20 000 participants for continuous outcomes); statistical significance at p<0.001. 
- Class IV (weak evidence): remaining significant associations with p<0.05. 
- NS (non-significant): p>0.05.  

Outcome Included 
studies Metrics Total sample 

Reported summary 
estimated effect 

(95% CI); random 
effect model 

Re-analysed summary estimated effect (95% CI) 
DL method† 

Re-analysed 
summary 

estimated effect 
(95% CI) HS 

method; 
random-effect 

model 

Heteroge
neity I2 

(%) 
Tau2 Egger’s 

p-value 

95% 
prediction 

interval 
CE* 

Fixed-effect 
model 

Random-
effect model Largest study 

1. Prenatal factors              

Prenatal drug exposure 16 RR 675,310 7.84 (5.21 to 11.81) 5.69 (4.98 to 
6.50) 

7.84 (5.25 to 
11.72) 

4.18 (3.41 to 
5.14) 

7.84 (4.81 to 
12.79) 79.87 0.38 0.17 (1.96, 31.39) II 

Prenatal opioid exposure 13 RR 675,310 9.76 (5.28 to 18.05) 8.46 (6.85 to 
10.45) 

9.55 (5.50 to 
16.56) 

6.18 (4.60 to 
8.30) 

9.55 (4.87 to 
18.72) 74.84 0.59 0.72 (1.57, 57.92) III 

Prenatal methadone exposure 4 RR 675,310 9.52 (4.60 to 19.70) 8.35 (6.25 to 
11.17) 

9.52 (4.66 to 
19.45) 

6.93 (4.92 to 
9.76) 

9.52 (3.34 to 
27.10) 68.27 0.32 0.72 (0.53, 171.22) IV 

Prenatal cocaine exposure 5 RR 327,046 4.40 (2.52 to 7.67) 3.96 (3.09 to 
5.07) 

4.38 (2.55 to 
7.53) 

3.31 (2.43 to 
4.52) 

4.38 (1.95 to 
9.86) 63.09 0.20 0.52 (0.82, 23.47) IV 

Prenatal maternal smoking 23 OR 5,207,954 2.25 (2.03 to 2.50) 2.46 (2.40 to 
2.52) 

2.25 (2.03 to 
2.50) 

2.50 (2.43 to 
2.57) 

2.25 (1.95 to 
2.60) 76.54 0.03 0.27 (1.57, 3.24) II 

Prenatal PM10 exposure 5 OR 192,332 1.04 (1.01 to 1.08) 1.05 (1.01 to 
1.08) 

1.05 (1.00 to 
1.10) 

1.03 (0.99 to 
1.08) 

1.05 (0.98 to 
1.12) 37.32 0.00 0.94 (0.91, 1.20) NS 

2. Postnatal factors              

Postnatal maternal smoking 18 OR 789,912 1.97 (1.77 to 2.19) 1.98 (1.86 to 
2.10) 

1.97 (1.77 to 
2.20) 

1.63 (1.43 to 
1.86) 

1.97 (1.75 to 
2.22) 56.60 0.02 0.55 (1.40, 2.78) IV 

Infants found with heads covered 
by bedclothes after last sleep 10 OR 7539 9.60 (7.90 to 11.70) 9.55 (7.85 to 

11.63) 
11.01 (6.36 to 

19.05) 
12.00 (8.70 to 

16.50) 
11.01 (5.40 to 

22.45) 80.02 0.42 0.53 (2.15, 56.35) IV 

Bed sharing 11 OR 8959 2.89 (1.99 to 4.18) 2.52 (2.02 to 
3.13) 

2.89 (1.99 to 
4.18) 

2.02 (1.35 to 
3.03) 

2.89 (1.81 to 
4.60) 57.35 0.20 0.07 (0.96, 8.65) III 

Supine position 26 OR 59,332 0.51 (0.42 to 0.61) 0.48 (0.44 to 
0.52) 

0.48 (0.39 to 
0.59) 

0.49 (0.43 to 
0.56) 

0.48 (0.37 to 
0.63) 69.65 0.14 0.98 (0.22, 1.08) NS 

Breastfeeding 7 OR 5549 0.55 (0.44 to 0.69) 0.55 (0.44 to 
0.69) 

0.57 (0.43 to 
0.77) 

0.50 (0.33 to 
0.77) 

0.57 (0.39 to 
0.83) 40.22 0.06 0.23 (0.27, 1.21) IV 

Pacifier use 8 OR 9459 0.47 (0.40 to 0.55) 0.47 (0.40 to 
0.55) 

0.45 (0.34 to 
0.58) 

0.62 (0.46 to 
0.83) 

0.44 (0.30 to 
0.65) 62.79 0.09 0.38 (0.20, 0.99) IV 
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Table 3. Evidence maps of umbrella review by SIDS-associated factors among infants 

  eOR (95% CI) Class and quality of evidence Direction 

1. Prenatal factors 

Prenatal drug exposure 7.84 (4.81 to 12.79) Highly suggestive Associated 

Prenatal opioid exposure 9.55 (4.87 to 18.72) Suggestive Associated 

Prenatal methadone exposure 9.52 (3.34 to 27.10) Weak Associated 

Prenatal cocaine exposure 4.38 (1.95 to 9.86) Weak Associated 

Prenatal maternal smoking 2.25 (1.95 to 2.60) Highly suggestive Associated 

Prenatal PM10 exposure 1.05 (0.98 to 1.12) Non-significant No association 

2. Postnatal factors 

Postnatal maternal smoking 1.97 (1.75 to 2.22) Weak Associated 

Infants found with heads covered by bedclothes after last sleep 11.01 (5.40 to 22.45) Suggestive Associated 

Bed sharing 2.89 (1.81 to 4.60) Weak Associated 

Supine position 0.48 (0.37 to 0.63) Suggestive Associated 

Breastfeeding 0.57 (0.39 to 0.83) Non-significant Associated 

Pacifier use 0.44 (0.30 to 0.65) Weak Associated 

CI, confidence interval; eOR, equivalent odds ratio; SIDS, sudden infant death syndrome 

Color represented the levels of OR and RR in data with statistically significance (p<0.05)
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Abstract— Medical practices must comprehend and act upon 
consumer feedback in order to succeed in the ever-changing world 
of healthcare services. This is especially true for Korean 
traditional medicine clinics, where patient experiences have a 
significant impact on how well patients are served overall as well 
as how well they receive care. The rise in online customer reviews 
in recent years has given rise to a useful collection of unstructured 
data reflecting the feelings and viewpoints of people who have 
visited these clinics for treatments.  
With a focus on Latent Dirichlet Allocation (LDA), this research 
uses advanced text mining techniques to contribute to the rapidly 
growing field of healthcare marketing. With the help of LDA, a 
potent probabilistic model, we can uncover hidden subjects inside 
a corpus of textual data, exploring the various themes and issues 
that customers have raised about Korean traditional medicine 
clinics. By utilizing LDA, we want to identify the fundamental 
trends in customer feedback and offer practical recommendations 
for improving marketing tactics and maximizing patient 
experiences in the field of oriental medicine. 

I. INTRODUCTION 
In the dynamic landscape of healthcare services, 

understanding and responding to customer feedback is 
paramount for the success of medical practices. This holds true 
for Korean traditional medicine clinics, where the nuances of 
patient experiences play a crucial role in shaping both service 
delivery and overall patient satisfaction. In recent years, the 
surge in online consumer reviews has provided a valuable 
repository of unstructured data that reflects the sentiments and 
opinions of individuals who have sought services in these 
clinics.  

The influential role of online reviews in shaping consumers' 
purchasing decisions has been acknowledged over an extended 
period. Consequently, the significance of online reviews in the 
realm of product sales is noteworthy. Empirical studies have 
indicated that the volume, rating, and sentiment analysis of 
online reviews exert a discernible impact on sales outcomes. 
Furthermore, it has been discerned that both the quantity and 
rating of reviews positively correlate with increased sales. In 
light of these research findings, strategic marketing approaches 
can be formulated to enhance product sales through the 
judicious utilization of online reviews [1]. Elevating customer 
satisfaction is integral to augmenting sales, constituting a key 
objective within marketing strategies [2]. In the pursuit of 

enhancing customer satisfaction, marketing strategies progress 
through various stages, which encompass the meticulous 
formulation of plans related to crucial elements such as the 
marketing mix, branding initiatives, and strategies associated 
with relationship marketing. Furthermore, these strategies 
extend to encompass specific considerations regarding product 
offerings, pricing structures, promotional activities, and 
distribution channels, all of which collectively aim to advance 
and optimize the overall satisfaction of customers [3-4].  
Furthermore, within the realm of service design aiming to 
enhance customer satisfaction, the research and application of 
service quality are of paramount importance, playing a pivotal 
role in establishing brand image and generating market impact. 
Through these efforts, businesses significantly contribute to 
their development and competitive edge. Noteworthy is the 
substantial impact that service quality has on consumer 
satisfaction, experience, and brand loyalty. Shi's (2020) 
research underscores the leading role of the SERVQUAL 
model, extending its influence not only to sectors like retail, 
tourism, and other services but also notably within the 
healthcare services domain [5].  

For example, in the United States, qualifications such as 
Acupuncturist and Herbalogist can be obtained by passing the 
NCCAOM (National Certification Commission for 
Acupuncture and Oriental Medicine) exams. In contrast, in 
Korea, the practice of Oriental Medicine involves a total of six 
years of education, comprising a two-year pre-medical program 
and a four-year traditional Oriental Medicine program. 
Subsequently, individuals must pass the national licensing 
examination to prescribe treatments like acupuncture, herbal 
remedies, and nutritional therapies. In essence, the medical 
services provided by Oriental Medicine clinics in Korea 
constitute specialized medical practices. According to the 2022 
Korean Medicine Utilization Survey conducted by the Ministry 
of Health and Welfare, the primary purpose of utilizing Oriental 
Medicine in Korea is disease treatment (94.2%), with health 
promotion and beauty enhancement accounting for 14.9%. 
Among the treated conditions, musculoskeletal disorders are 
the most prevalent at 74.8%, followed by injuries, intoxication, 
and external factors at 35.5%, health supplement treatment at 
12.8%, digestive system disorders at 8.1%, traffic accident 
sequelae at 7.3%, and respiratory system disorders at 6.8%. The 
therapeutic methods commonly used include acupuncture 
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(94.3%), cupping therapy (56.5%), moxibustion (54.6%), 
traditional Korean physical therapy excluding notification 
(44.5%), herbal medicine (28.5%), herbal acupuncture (28.4%), 
external herbal applications (26.7%), and nutritional therapy 
(9.4%). Particularly, there has been an increase in health 
promotion and beauty enhancement, rising from 13.5% in 2020 
to 14.9%. Additionally, based on a report in 2022, obtaining 
information about Oriental Medicine clinics is primarily 
through word-of-mouth from family and friends (39.3%), 
followed by media broadcasts (27.6%), and internet websites 
(8.2%) [6]. This highlights the importance of review analysis in 
intuitively understanding consumer satisfaction based on 
service quality. 

SERVQUAL is a widely used model in service quality 
management. Developed by Parasuraman, Zeithaml, and Berry, 
it assesses service quality by comparing customer expectations 
with their perceptions of the actual service received. The model 
identifies five key dimensions: reliability, assurance, tangibles, 
empathy, and responsiveness, providing a framework to 
understand and improve the quality of services across various 
industries [7].  

Therefore, this study aims to utilize the Latent Dirichlet 
Allocation (LDA) technique to analyze consumer reviews with 
the goal of gaining insights that can fulfill the five dimensions 
of SERVQUAL, and subsequently making marketing 
recommendations. 

II. RELATED WORK 
According to Choi et al. (2020) study utilized R to collect 

data on best-selling Bluetooth speakers from Amazon between 
August 13, 2019, and September 7, 2019. Subsequent sentiment 
analysis revealed that the quantity and rating of reviews 
positively influenced sales. Further analysis showed that titles 
with positive words correlated with higher sales, while titles 
with negative words were associated with lower sales. Negative 
words in the review content were linked to lower sales, while 
positive words did not significantly affect sales. Additionally, 
the interaction of brand reputation, review quantity, and 
sentiment index demonstrated that, in cases of low brand 
reputation, the impact of review quantity on sales was more 
significant. Both positive and negative scores in review titles 
and content influenced sales accordingly [8]. The study 
performed text preprocessing by splitting the text into two-word 
segments and conducted sentiment analysis using a sentiment 
dictionary to classify them as positive or negative. Although it 
revealed that the presence of negative words in the review 
content had a negative impact on sales, the study has a 
limitation in that it could not ascertain the reasons behind 
leaving negative reviews. 

Choi et al. (2018) collected 28,924 reviews of a specific 
hospital from Yelp spanning from October 2005 to August 2016. 
The researchers classified these reviews into 264,565 sentences 
and employed Keyword Extraction Analysis (KEA) to extract 
representative keywords. Utilizing SERVQUAL's five 
dimensions, they categorized the keywords, considering words 
such as medical, surgery, service, doctor, time, care, hospital, 
office, nurse, excluding "patient," as relevant to SERVQUAL. 
The authors extracted sentences containing the identified 
representative words, and two experts selected words based on 
agreement, resulting in 19 dimensions of tangibility, 11 of 

reliability, 13 of responsiveness, 13 of assurance, and 11 of 
empathy. After collecting sentences containing these words 
separately, researchers, with a one-month interval, verified 
twice whether the sentences were correctly classified into 
SERVQUAL units. The accuracy averaged 86.11%, with 
specificity for tangibility at 73.89%, reliability at 98.10%, 
responsiveness at 88.00%, assurance at 96.19%, and empathy 
at 82.67%. To assess the emotional scores of the sentences, they 
used the AFINN English dictionary, which categorizes words 
into very negative (-5, -4), negative (-3, -2, -1), positive (1, 2, 
3), and very positive (4, 5). They calculated the frequency of 
words in sentences, multiplied by the average sentiment score 
of each group, and combined the sentences to calculate scores 
at the review level. Finally, a simple regression analysis verified 
that the scores of SERVQUAL's five dimensions influenced the 
review scores extracted by the researchers [9]. However, in this 
study, the sentences directly collected by researchers were 
classified into SERVQUAL's five dimensions. Due to this 
approach, it is challenging to ascertain the frequency and 
importance of words that can be explained for each dimension. 
This limitation may pose difficulties in formulating marketing 
strategies. Therefore, to propose marketing strategies for the 
satisfaction of traditional Korean medicine consumers, it is 
necessary to categorize reviews into positive and negative 
sentiments. Subsequently, one should examine which elements 
align with the five dimensions of SERVQUAL. In this regard, 
the utilization of Latent Dirichlet Allocation (LDA), a 
clustering technique in text mining, can be beneficial. 

III. METHODOLOGY 

A. Data Collection 
This study collects information from medical service 

consumer review platform 'Modoodoc' by searching for Korean 
traditional medicine clinics. The target includes hospitals with 
a minimum of 2 reviews, and data such as hospital name, 
address, hospital rating, reviews, and review ratings are 
collected. A web crawler is developed using the Python 
programming language to collect comments. 

B. Preprocessing 
The 1st quartile value of hospital ratings is calculated, and 

ratings above this value are classified as positive reviews, while 
those below are classified as negative reviews. To assess the 
importance of words within a document collection (corpus), 
Term Frequency-Inverse Document Frequency (TF-IDF), a 
numerical statistic, is utilized to extract representative nouns 
and adjectives. 

TF-IDF is a frequently used technique in conjunction with 
word frequency analysis for extracting key keywords. 
Translated as 'Term Frequency-Inverse Document Frequency,' 
it assigns importance to each word in a Document-Term Matrix 
based on the frequency of the word and the inverse document 
frequency, which is a specific formula applied to the frequency 
of the word across documents. TF-IDF is employed in tasks 
such as calculating document similarity, determining 
importance in search systems, and extracting the importance of  

specific words in a document for use as key keywords. The 
formula for calculating TF-IDF is as follows:  

 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

25



 

 
 

C. Modelling: Latent Dirichlet Allocation (LDA) 
For a last, the LDA technique provided by the Python library 

Scikit-learn is utilized. In this case, the number of topics (LDA 
results) is set to 6.  

Latent Dirichlet Allocation (LDA), initially introduced by 
Blei et al. (2003), is a probabilistic model widely used in natural 
language processing and machine learning. It serves as a 
generative statistical model to discover topics based on the 
distribution of words in unstructured data sets [10-11]. In the 
context of text mining and topic modelling, LDA assumes that 
a document is a mixture of topics, and each word in the 
document is derived from a specific topic. Furthermore, LDA 
assumes that words in a document are associated with certain 
topics, and the distribution of topics in a document follows a 
Dirichlet distribution. This modelling approach enables the 
discovery of underlying topics in a collection of documents, 
contributing to extracting meaningful insights and patterns from 
large text datasets. 

D. Visualization 
After visualizing the results using the pyLDAviz API, the 

topic distributions are examined to avoid overlap. Subsequently, 
the representative vocabulary for each topic is interpreted in 
alignment with the SERVQUAL 5 dimensions. The 
SERVQUAL 5 dimensions are as follows: 
 
‧ Tangible: Physical facilities, equipment, and the appearance 
of staff, as well as communication materials. 
‧ Reliability: The ability to believe in and accurately perform 
promised services. 
‧ Responsiveness: Willingness to help customers willingly and 
provide prompt service. 
‧ Assurance: The knowledge and competence of staff, 
politeness, reliability, and the ability to install confidence and 
safety. 
‧ Empathy: Understanding and consideration of customers' 
personal requirements, accessibility, and smooth 
communication. 

IV. EXPERIMENTS AND RESULTS 
To collect reviews written after purchasing medical services 

at actual Korean Medicine clinics, I developed a web crawler 
using the Python programming language. I gathered reviews 
from 3,120 clinics with 9,369 reviews by searching for 'Korean 
Medicine' on the 'Modoodoc' platform. 

 

Region Clinics Reviews min 
Quantile 

(1st) mean median 

Seoul 681 3705 1.3 8.5 8.97 9.4 
Gyeonggi 529 2203 1 8.7 9.11 9.5 

Busan 166 676 1 8.67 9.03 9.3 
Incheon 115 461 4.3 8.8 9.19 9.5 
Daegu 99 418 3 8.72 9.13 9.5 

Daejeon 86 346 4.3 8.72 9.14 9.5 
Gwangju 70 214 3.3 8.8 9.13 9.5 

Gyeongsangnam-
do 65 243 5.3 8.8 9.2 9.5 

Chungcheongnam
-do 49 168 5.5 8.5 9.12 9.3 

Jeollabuk-do 49 197 1 8.8 9.15 9.3 
Gyeongsangbuk-

do 47 186 1.8 9.15 9.34 9.8 

Chungcheongbuk-
do 40 119 4.8 8.9 9.23 9.5 

Gangwon-do 39 158 4.3 8.82 9.27 9.5 
Ulsan 34 106 6 9 9.36 9.5 

Jeollanam-do 23 69 3 8.6 9.06 9.3 
Sejong 14 48 7.3 8.8 9.3 9.5 

Jeju 13 52 1 8.8 9.15 9.5 

Table 1. Descriptive statistics of review dataset 

Subsequently, to classify into positive and negative reviews, 
the first quartile values and average first quartile values of 
review scores for each region were calculated. Reviews with 
scores of 8.77 or higher were classified as positive reviews, 
while those below this threshold were classified as negative 
reviews. As a result, 6,905 positive reviews and 2,464 negative 
reviews were identified (Table 1).  

After excluding unnecessary emoticons and onomatopoeic 
expressions from the reviews, the base forms of nouns and 
adjectives were extracted. The scikit-learn API's TF-IDF API 
was then utilized to extract 2,000 key words. Words that 
occurred less than 10 times were removed. Additionally, 
common Korean stop words from the default NLTK Korean 
stop words dictionary and irrelevant words such as '한줄평' 
(short comment), '리뷰' (review), '한의원' (Korean medicine 
clinic) frequently repeated on Modoodoc were eliminated. 

The parameters for LDA were set to extract 6 topics for 
positive reviews and 3 topics for negative reviews. Other 
parameters such as batch size (128) and the number of learning 
iterations (10) were standardized. As a result, representative 
keywords for each of the 20 positive and 20 negative reviews, 
along with topic-specific representative keywords, were 
extracted. 

The representative keywords for positive reviews were 
extracted in the following order: "clean, kind, results, detailed, 
explanation, staff, physical constitution, diet, rhinitis, herbal 
medicine, pain, ankle, acne, digestion, distance, weekend, 
hospitalization, friend, family, okay, atmosphere, pulse 
diagnosis, waist, recommendation, prescription, introduction, 
acquaintance, traffic accident, rumor, nutrition." For negative 
reviews, the representative keywords were extracted as follows: 
"detailed, clean, kind, results, staff, herbal medicine, 
explanation, nutrition, diet, constitution, counseling, nearby, 
famous, acquaintance, reservation, prescription, pain, sick, 
frequency, satisfaction, location, waist, improvement, intake, 
massage, interior, old, clean, massage, wrist." 

When the extracted adjective base form keywords and some 
nouns are classified into the 5 dimensions of SERVQUAL 
(Table 2). 

 
SERVQUAL KEYWORDS 

Tangible Clean, Old, Facility, Distant, Weekend, 
Nearby, Atmosphere 

Reliability Detailed, Effect, Result 
Responsiveness Recommend, Prescription, Counseling 

Assurance Detailed, Thorough, Famous, Painful 
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Empathy Kind, Explanation 

Table 2. Keywords, based on SERVQUAL 5 dimensions. 

This suggests that consumers tend to leave positive reviews 
when they are satisfied with each dimension, and in case of 
dissatisfaction, they are more likely to leave negative reviews. 
Additionally, as mentioned earlier, visits to oriental medicine 
clinics can be attributed to musculoskeletal disorders (such as 
back pain, ankle pain, general pain, traffic accidents, 
hospitalization, and nutrition) and visits for health promotion 
and beauty purposes ((physical constitutional-based) diet, 
rhinitis, acne). Visits prompted by recommendations, referrals, 
or suggestions from friends or family are also observed. This 
similarity in findings between the survey results and LDA's 
representative keywords indicates a consistent pattern. 

A. Positive Review analysis 

The keywords for the 6 topics in positive reviews are as 
follows. 

Topic1 Topic2 Topic3 
Kind Herbal Medicine Kind 

Painful Diet Painful 
Waist (Spine) (physical) constitution (Actual)Pain 

Physical Therapy Prescription Ankle 
Pain Consultation Waist (Spine) 

Chuna Manual Therapy Kind Effect 
Shoulder Effect Weekend 

Explanation feel the pulse Recommendation 
Staff Explanation Physical Therapy 
Effect Condition Wrist 
Clean Reservation Atmosphere 
Many Take a dose Treatment 

Waiting Many Herbal Medicine 
Facility Famous Staff 

Cleanliness Recommendation constant 
Recommendation Help comfortable 

Patient Life Detailed 
Detailed Question Overtreatment 

Fine Detailed Explanation 
Symptom Speech of doctor Headache 

Topic4 Topic5 Topic6 
Kindness Rhinitis Kind 

Result Acne Digestion 
Cleanliness Friend Hospitalization 

Detailed Far Fine 
Explanation Suggestion Pain 

Staff Introduction Staff 
Kind Physiotherapist Facility 

Family Positive rumours Traffic Accident 
Pain Acquaintance Location 

Mother Heavy Many 
Cold Face Building 

Elders Solution Clean 
Be moved Age Bad 

Work Registration Recommendation 
Effect Work Old 

Menstrual Pain KyungHee Village 
Western Medicine Atmosphere injection 

Waist (Spine) Pain Effect 
Recommendation Far Faulty 

Clean Head Cleanliness 

Table 3. Representing 20 keywords each positive topic 

Fig 1. Distribution and Most Relevant Terms for positive Topic 1 (Topic n
umber on graph is ignored) 
 

Inferred and interpreted from Topic 1, patients visited a 
Korean Medicine clinic for Chuna Manual Therapy, including 
physical therapy, due to musculoskeletal disorders such as back 
and shoulder pain. While waiting at the clinic, they perceived 
the facilities as neat and clean. Furthermore, the thorough 
explanation of symptoms and effective treatment outcomes 
contributed to a positive perception, and the staff members were 
considered friendly. 

 

Fig 2. Distribution and Most Relevant Terms for positive Topic 2 (Topic num
ber on graph is ignored 
 

Topic 2 suggests that individuals visited a renowned Korean 
Medicine clinic or one recommended to receive herbal 
prescriptions for dieting. They made appointments and, during 
the visit, obtained answers to questions about dieting. 
Additionally, they underwent constitutional examinations 
through pulse diagnosis, received prescriptions tailored to their 
constitution, and received counseling on aspects beneficial to 
their lifestyle. 

 

Fig 3. Distribution and Most Relevant Terms for positive Topic 3 (Topic n
umber on graph is ignored 
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Topic 3 appears similar to Topic 1, but it suggests that the 

Korean Medicine clinic is open on weekends and does not 
engage in excessive treatment. 

Fig 4. Distribution and Most Relevant Terms for positive Topic 4 (Topic num
ber on graph is ignored 

 
Topic 4 represents cases where individuals visited the 

Korean Medicine clinic for symptoms related to 'menstrual 
pain' rather than musculoskeletal issues. It seems to be for 
addressing symptoms that could not be treated with Western 
Medicine, and the visit might have been influenced by family 
recommendations. 

 

Fig 5. Distribution and Most Relevant Terms for positive Topic 5 (Topic num
ber on graph is ignored 

Topic 5 also appears to involve visits for health promotion 
and beauty purposes (such as acne and rhinitis treatment), likely 
influenced by recommendations or introductions. 

Fig 6. Distribution and Most Relevant Terms for positive Topic 6 (Topic num
ber on graph is ignored 
 

Topic 6 seems to involve visits for gastrointestinal issues or 
traffic accidents. The fact that the building is not old, close, and 
clean suggests satisfaction with SERVQUAL's tangibles 
dimension. 

B. Negative Review analysis 

The keywords for the 6 topics in positive reviews are as 
follows. 

Topic1 Topic2 Topic3 
Explanation Painful Herbal medicine 

Staff Kind Effects 
Detailed Waist (Spine) Consultation 

Cleanliness Pain Many 
Kindness Physical Therapy Kind 

Kind Chuma manual Therapy Reservation 
Result Shoulder Diet 
Painful Effects Recommendation 
Clean Symptom (physical) constitution 

Satisfaction Nearby Prescription 
Neat Comfortable Famous 

Waist (Spine) Manual Therapy Acquaintance 
Facility Clean (Neutral Verb) 
Location Improvement Patient 

Physical Therapy Regional Take a dose  
Inside Clinic Fine Waiting 

Many Facility Progress 
Shoulder Wrist Detailed 

Old Severe Condition 
Pain Explanation  Feel the pulse 

Table 4. Representing 20 keywords each negative topic 

 

Fig 7. Distribution and Most Relevant Terms for negative Topic 1 (Topic
 number on graph is ignored 

 
Topic 1 of negative reviews seems to involve visits for 

physical therapy, but the explanation was not detailed or 
friendly. Additionally, issues with the location, outdated 
interior facilities, and problems with the attitude of the staff 
(lack of friendliness) can be inferred. 

 

Fig 8. Distribution and Most Relevant Terms for negative Topic 2 (Topic 
number on graph is ignored 
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Topic 2 of negative reviews also follows a similar context to 

Topic 1. The visit was for musculoskeletal disorders such as the 
back and shoulders, seeking Chuna and physical therapy. 
However, there was no improvement, and even dissatisfaction 
due to the high cost can be inferred. 

 

Fig 9. Distribution and Most Relevant Terms for negative Topic 3 (Topic nu
mber on graph is ignored 
 

Topic 3, in this case, visited a well-known oriental clinic 
recommended for dieting through a reservation. Negative 
factors such as a long wait time for patients and high prices can 
be identified. Moreover, the extraction of the keyword '약도' 
(map) suggests that poor accessibility had a negative impact on 
satisfaction. 

 

V. CONCLUSIONS & LIMITATION 
This study collected actual reviews left by individuals who 

experienced medical services at Oriental clinics operated by 
specialists in Korean medicine. It used TF-IDF to extract 
representative keywords and classified them into five 
dimensions based on the SERVQUAL consumer satisfaction 
model. Simultaneously, the study employed the LDA method 
to understand why patients visit Korean medicine clinics and 
identify aspects that contribute to their satisfaction. As a result, 
the reasons for choosing Korean medicine clinics align with the 
survey conducted by the Ministry of Health and Welfare, where 
individuals express a desire for treatment of musculoskeletal 
disorders and health promotion and beauty services. Common 
criteria for selecting Korean medicine clinics include 
recommendations from family, friends, or acquaintances, 
proximity to the workplace for easy accessibility, and weekend 
operation. Beyond understanding the reasons for visits, the 
study aimed to identify factors contributing to consumer 
satisfaction. Accordingly, keywords representing the 
SERVQUAL 5 dimensions were extracted, such as 'Physical 
appearance of the building, interior facilities of the clinic' for 
'Tangibles,' 'Detailed result consultation and definite 
effectiveness' for 'Reliability,' and keywords indicating the 
clinic's ability to understand patient needs, demonstrate 
empathy, and fulfill patient expectations for 'Empathy, 
Assurance, and Responsiveness.' 

The study found that, similar to the survey conducted by the 
Ministry of Health and Welfare, individuals choose Korean 
medicine clinics with a preference for treating musculoskeletal 
disorders and seeking health promotion and beauty services. 
Common criteria for selecting these clinics include 

recommendations from family, friends, or acquaintances, 
proximity to the workplace for easy accessibility, and weekend 
operation. Additionally, to identify consumer satisfaction 
factors beyond understanding the reasons for visits, keywords 
representing. 

The results showed that patient satisfaction is primarily 
influenced by the 'Tangibility' indicator, indicating that the 
appearance should not be ‘old’ and should be ‘clean’, and the 
competence of the ‘staff’ is crucial. Following this, ‘treatment 
effectiveness’ was noted as the next significant factor, and lastly, 
the ‘cost’ was found to impact consumer satisfaction. This is 
considered to be due to the characteristics of Korean medicine. 

Unlike Western medicine, which is characterized by 
procedures such as ‘incision surgery’ and the use of machines 
for examinations, Korean medicine is perceived as emphasizing 
‘continuous management and treatment’. As patients continue 
to visit Korean medicine clinics for ongoing care, factors such 
as the relationship between patients and the medical and 
operational staff of the clinic, as well as the accessibility and 
cleanliness of the building, are considered more important than 
treatment effectiveness. Therefore, when formulating strategies 
for increasing revenue and improving customer satisfaction in 
Korean medicine clinics, it may be more effective to develop 
strategies that focus on ‘building emotional connections’ with 
patients rather than introducing new treatment methods or 
prescribing medications. This is because patients who favor 
Korean medicine are already aware of the diversity of 
treatments offered in Korean medicine clinics, including 
physical therapy, acupuncture, Chuna manual therapy, and 
chiropractic care, beyond pharmaceutical prescriptions. They 
seek not only to cure specific conditions causing severe pain but 
also to improve their ‘quality of life’, find relief from symptoms, 
and receive ongoing management, health promotion, and 
constitutional improvement.  

However, currently, Korean medicine clinics in Korea are 
promoting the integration of Korean medicine and Western 
medicine, introducing X-ray machines and 
Electroencephalogram (EEG) testing equipment. This indicates 
that there has not been sufficient understanding of the needs of 
patients who use Korean medicine.  

Therefore, this study proposed a basic research model for 
understanding patient needs through consumer review analysis. 
However, due to the nature of the research model, which is 
analysed based on the researcher's experience, it is difficult to 
generalize, and therefore, agreement needs to be reached 
through methods such as consumer satisfaction surveys using 
analogue methods, such as questionnaires, to complement the 
results of the research model. 
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Abstract— Despite several studies on self-evaluation of health and 
body shape, existing research on the risk factors of self-perceived 
overweight is insufficient, especially during the COVID-19 
pandemic. Thus, this study focuses on elucidating the impact of 
risk factors on self-perceived overweight and how the prevalence 
of self-perceived overweight changed before and during the 
COVID1-9 pandemic era. The data used in the study was 
obtained from middle and high school students who participated 
in the Korean Youth Risk Behavior Web-based Survey (KYRBS; 
total n=1,189,586). We grouped the survey results by years and 
estimated the slope in prevalence of self-perceived overweight 
before and during the pandemic, as well as the prevalence 
tendencies of self-perceived overweight according to various risk 
factors. The prevalence of self-perceived overweight is much 
higher than BMI-based overweight among 1,189,586 middle and 
high school participants (grade 7th-12th) from 2005 to 2022. 
From 2005 to 2019 (pre-pandemic) the prevalence of self-
perceived overweight increased, but from 2020 to 2022 
(pandemic) decreased. During the pandemic, individuals with 
higher levels of stress or lower economic status of households 
exhibited a more significant decrease in the rate of self-perceived 
overweight. The prevalence of self-perceived overweight tends to 
be higher among individuals with lower school performance, 
lower economic status, poorer subjective health and higher stress 
level. This nationwide study conducted over 18 years indicates 
that the prevalence of self-perceived overweight decreased during 
the COVID-19 pandemic. These findings suggest the necessity of 
facilities and policies for treatment of eating disorders and 
mental illnesses especially for adolescents with risk factors. 

I. INTRODUCTION 
Amid the ongoing global health crisis, the psychological 

implications of the COVID-19 pandemic on body image 
perception needs to be investigated.1 The World Health 
Organization (WHO) defines 'overweight' and 'obesity' as 
having a body mass index (BMI) of 25 or higher, and 30 or 
higher, respectively, highlighting excessive fat accumulation 
as a health hazard.2 Despite these clear medical guidelines, 
individuals’ perception of weight can diverge significantly 
from these standards.3  
Self-perceived overweight, which refers to the distressing 

experience wherein an individual perceives themselves to be 
overweight irrespective of their actual BMI status, often leads 

to rigorous dieting, body dissatisfaction, and potential eating 
disorders.4,5 Given the high prevalence of eating disorder, 
especially among adolescents,6 adolescents’ self-perceived 
overweight must be researched. 
Furthermore, as body dissatisfaction during adolescents can 

continue into adulthood,7 identifying the risk factors for self-
perceived overweight during adolescence is crucial. 
Nevertheless, prior research exploring body dissatisfaction has 
been limited by small sample sizes that challenge the veracity 
of findings (n=498), and also do not encompass the COVID-
19 pandemic era, hence lacking data to assess the impact of 
this pandemic on self-perceived overweight.5 

As a result, it’s clear that there is a pressing need to analyze 
the prevalence of self-perceived overweight among 
adolescents, including the COVID-19 pandemic era, and 
identifying risk factors. This study examined the long-term 
and large-scale trends in the prevalence of overweight 
perception among adolescents, including the period of 
COVID-19, and identified risk factors. The finding of this 
study may be beneficial in developing specific public health 
strategies to encourage a positive body image and prevent 
negative outcomes. The ultimate goal of our study is to 
provide adolescents the resources and necessary understanding 
to cultivate a healthy self-perception, thereby enhancing 
overall well-being and reducing the risk of harmful behaviors. 

II. METHODS 
A. Patient selection and data collection 

In this study, we used the nationwide Korea Youth Risk 
Behavior Web-based Survey (KYRBS) for a total 18 years 
from 2005 to 2022 to investigate the prevalence of self-
perceived overweight among adolescents.8 The KYRBS is an 
annual survey conducted by Korea Disease Control and 
Prevention Agency (KDCA) and the Ministry of Education to 
examine the health behavior statistics of the youth in Korea.9 
KYRBS surveys includes categories such as smoking, 
drinking, and obesity, and students voluntarily participate in 
anonymous online survey. Our study focused on students in 
grades 7th to 12th from 800 schools, aged 13 to 18, with an 
average response rate over 95.0%. The study protocol was 
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approved by the Institutional Review Board of the KDCA and 
Kyung Hee University (KNUH 2022-06-042), and all 
participants provided written informed consent. This study 
was conducted in accordance with the principles of the 
Declaration of Helsinki. 

 
B. Ascertainment of considering self-perceived overweight 

The purpose of the study is to examine the proportion and 
trend of people consider themselves overweight among 
adolescents in South Korea, spanning from 2005 to 2022, 
including the era of the COVID-19 pandemic. To examine the 
number of students who reported self-perception of 
overweight, the students were asked “How would you describe 
your body type?” with 5 multiple choice options: very thin, bit 
thin, average, bit fat, very fat. The two options, bit fat and very 
fat, were combined to form the category ‘self-perceived 
overweight’.10 

 
C. Covariates 

Eleven covariates were used in the analysis: grade (7th to 
9th grade: middle school;10th to 12th grade: high school), sex, 
region of residence (urban and rural), body mass index (BMI) 
group (underweight, normal, overweight, and obese), school 
performance (high, middle-high, middle, middle-low, and 
low), stress level (high, middle-high, middle, middle-low, and 
low),11 subjective health status (very healthy, healthy, normal, 
and unhealthy), smoking status within one month of the 
survey,12 alcohol consumption within one month of the 
survey,13 and economic status of households (high, middle-
high, middle, middle-low, and low).14 BMI was calculated as 
weight in kilograms divided by height in meters squared based 
on student self-reported weight and height. Following the 
2017 Korean National Growth Charts, BMI was divided into 
four groups: underweight (<5 percentile), normal (5 to 84 
percentile), overweight (85 to 94 percentile), and obese (≥95 
percentile).14  School performance, stress level, and economic 
status of households were divided into five groups according 
to the self-reports of participants: low (<20 percentile), middle 
low (20 to 39 percentile), middle (40 to 59 percentile), middle 
high (60 to 79 percentile), and high (≥80 percentile). The 
definitions of all covariates were derived from established, 
peer-reviewed literature.15,16 

 
D. Statistical analyses 
In our study, we presented unweighted crude analysis results 

as frequencies and proportions to represent the overall 
characteristics of the study population. In contrast, the 
weighted Composite Sample Analysis with weights provided 
by KDCA was expressed using weighted percentages and 95% 
confidence intervals (CI) for the results. The prevalence of 
self-perceived overweigh was calculated by grouping KYRBS 
data classified by year from 2005 to 2022 into three-year 
intervals. And the prevalence of self-perceived overweight and 
all regression model analyses were calculated, considering 
various variables such as grade, sex, region of residence, BMI, 
school performance, stress level, subjective health status, 
smoking status, alcohol consumption, and economic status of 
households. To calculate the 95% CI for weighted odds ratio 
(wOR) and the 95% CI for β coefficient, both binomial 

logistic regression and linear logistic regression models were 
employed.17 In this study, 95% CI values for β-coefficients 
were computed for analysis of trend in both pre-pandemic and 
during the pandemic, and β difference (βdiff) was calculated 
to assess the impact of the COVID-19 pandemic on self-
perceived overweight.18 Additionally, we investigated which 
variables influence the vulnerability of the prevalence of self-
perceived overweight. We conducted statistical analyses using 
SAS software (version 9.4; SAS Institute Inc., Cary, NC, 
USA) employing a two-sided test, and statistical significance 
was defined as a p-value less than 0.05. 

III. RESULTS 
Table 1 shows the general characteristics of the participants. 

From 2005 to 2022, a total of 1,189,586 adolescents were 
enrolled in the KYRBS, as follows: grade (7th to 9th grade, 
50.35% [95% CI, 49.97 to 50.73] and 10th to 12th grade, 
49.65% [95% CI, 49.27 to 50.03]) and sex (male, 52.25%, 
[95% CI, 51.64 to 52.86] and female, 47.75% [47.14 to 
48.36]). 

 
Abbreviations: BMI, body mass index. 

 
 
 
Figure 1 indicates that the prevalence of self-perceived 
overweight is much higher than BMI-based overweight 
(defined as individuals in overweight or obese group). Table 2 
present self-perceived overweight rate and overweight 
prevalence from 2005 to 2022 including the COVID-19 pre-
pandemic and pandemic eras. From 2005 to 2019 (pre-
pandemic) overall self-perceived overweight rate increased (β, 
2.80 [95% CI, 2.70 to 2.90]). In 2020-2022 (pandemic), 
overall self-perceived overweight rate significantly decreased 
(β, -0.53 [95% CI, -0.74 to -0.33]). During the COVID-19 
pandemic, individuals with higher levels of stress showed a 
greater reduction in the rate of self-perceived overweight as 
follows: high group (β, -1.20 [95% CI, -1.72 to -0.68]), 
middle-high group (β, -1.02 [95% CI, -1.36 to -0.68]), middle 
group (β, -0.47 [95% CI, -0.76 to -0.19]), middle-low group (β, 
-0.19 [95% CI, -0.62 to 0.24]), low group (β, 0.10 [95% CI, -
0.78 to 0.99]). Furthermore, during the COVID-19 pandemic, 
individuals with lower economic status of households 
presented a more significant decrease in the rate of self-
perceived overweight as follows: high group (β, -0.54 [95% CI, 
-1.07 to -0.01]), middle-high group (β, -0.58 [95% CI, -0.90 to 

Fig. 1 Nationwide trend in self-perceived overweight and BMI-based 
overweight prevalence over 18 years (2005-2022) among Korean adults 
(n=1,189,586).  
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-0.26]), middle group (β, -0.23 [95% CI, -0.50 to -0.04]), 
middle-low group (β, -0.72 [95% CI, -1.28 to -0.15]), low 
group (β, -1.26 [95% CI, -2.45 to -0.07]).  

Table 3 illustrates wORs of self-perceived overweight 
according to risk factors. When the school performance was 
low, self-perceived overweight rate increased as follows: 
middle-high group (wOR, 1.16 [95% CI, 1.14 to 1.18]; 
reference high group), middle group (wOR, 1.20 [95% CI, 
1.18 to 1.21]), middle low group (wOR, 1.47 [95% CI, 1.45 to 
1.49]), and low group (wOR, 1.54 [95% CI, 1.51 to 1.57]). 
Additionally, as stress levels increase, the proportion of self-
perceived overweight individuals rises as follows: middle-low 
group (wOR, 1.10 [95% CI, 1.06 to 1.13]; reference low 
group), middle group (wOR, 1.29 [95% CI, 1.25 to 1.32]), 
middle-high group (wOR, 1.58 [95% CI, 1.53 to 1.62]), and 
high group (wOR, 1.87 [95% CI, 1.81 to 1.92]). As subjective 
health status worsens, the prevalence of self-perceived 
overweight increases as follows: healthy group (wOR, 1.32 
[95% CI, 1.30 to 1.33]; reference very healthy group), normal 
group (wOR, 1.63 [95% CI, 1.61 to 1.65]), and unhealthy 
group (wOR, 1.88 [95% CI, 1.85 to 1.92]). The proportion of 
self-perceived overweight individuals increases with a 
decrease in the economic status of households as follows: 
middle-high group (wOR, 1.07 [95% CI, 1.05 to 1.09]; 
reference high group), middle group (wOR, 1.16 [95% CI, 
1.14 to 1.18]), middle-low group (wOR, 1.45 [95% CI, 1.43 to 
0.48]), and low group (wOR, 1.54 [95% CI, 1.50 to 1.58]). 

IV. CONCLUSIONS 
Our study, which analyzed the prevalence of self-perceived 

overweight among 1,189,586 adolescents who participated in 
KYRBS from 2005 to 2022, revealed that the prevalence of 
self-perceived overweight is significantly higher than that of 
BMI-based overweight. Additionally, during the COVID-19 
pandemic the prevalence of self-perceived overweight 
decreased. We also found that groups with lower school 
performance, subjective health status, and household 
economic status, as well as those with higher stress levels, 
were more likely to have a higher self-perceived overweight 
ratio. The prevalence of self-perceived overweight decreased 
more significantly among those with higher stress level or 
lower economic status of households during COVID-19 
pandemic. These findings show which factors affect self-
perceived overweight and further provide information on who 
is vulnerable to self-perceived overweight. Our findings 
suggest policies to prevent diseases arising from self-
perceived overweight, particularly for adolescents with poor 
risk factors. This study indicates the need for further research 
on factors influencing self-perceived overweight and the 
impact of COVID-19 on self-perceived overweight. 
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Table 1. Baseline characteristics of participants in KYRBS, 2005-2022 (total n=1,189,586). 

 Total Pre-pandemic During the pandemic 

 2005-2022 2005-2007 2008-2010 2011-2013 2014-2016 2017-2019 2020 2021 2022 
Overall, n 1,189,586 202,748 221,266 221,102 204,521 178,664 54,809 54,712 51,764 
Grade, weighted % (95% CI) 

7th-9th grade 
(middle school) 

50.35 
 (49.97 to 

50.73) 

56.22 
 (55.32 to 

57.12) 

50.85 
 (49.93 to 

51.77) 

49.14  
(48.35 to 

49.93) 

46.98 
(46.18 to 

47.77) 

46.53 
(45.69 to 

47.37) 

49.67 
(48.19 to 

51.14) 

51.04 
(49.61 to 

52.47) 

51.68 
(50.13 to 

53.22) 
10th-12th 

grade (high 
school) 

49.65  
(49.27 to 

50.03) 

43.78  
(42.88 to 

44.68) 

49.15  
(48.23 to 

50.07) 

50.86  
(50.07 to 

51.65) 

53.02 
(52.23 to 

53.82) 

53.47 
(52.63 to 

54.31) 

50.33 
(48.86 to 

51.81) 

48.96 
(47.53 to 

50.39) 

48.32 
(46.78 to 

49.87) 
Sex, weighted % (95% CI) 

Male 
52.25  

(51.64 to 
52.86) 

53.00  
(51.44 to 

54.55) 

52.84  
(51.25 to 

54.42) 

52.44  
(51.02 to 

53.87) 

52.09 
(50.64 to 

53.54) 

51.96 
(50.55 to 

53.38) 

51.84 
(49.57 to 

54.10) 

51.64 
(49.46 to 

53.82) 

51.56 
(49.40 to 

53.72) 

Female 
47.75  

(47.14 to 
48.36) 

47.00  
(45.45 to 

48.56) 

47.16  
(45.58 to 

48.75) 

47.56  
(46.13 to 

48.98) 

47.91 
(46.46 to 

49.36) 

48.04 
(46.62 to 

49.45) 

48.16 
(45.90 to 

50.43) 

48.36 
(46.18 to 

50.54) 

48.44 
(46.28 to 

50.60) 
Region of residence, weighted % (95% CI) 

Urban 
93.85 

 (93.63 to 
94.07) 

92.54  
(91.95 to 

93.13) 

94.29  
(93.89 to 

94.68) 

93.55 
 (93.02 to 

94.08) 

93.77 
(93.22 to 

94.33) 

94.05 
(93.47 to 

94.64) 

94.11 
(93.32 to 

94.90) 

94.45 
(93.67 to 

95.24) 

94.42 
(93.51 to 

95.33) 

Rural 
6.15 

 (5.93 to 
6.37) 

7.46 
 (6.87 to 

8.05) 

5.72  
(5.32 to 

6.11) 

6.45  
(5.92 to 

6.98) 

6.23 
 (5.67 to 

6.78) 

5.95 
 (5.36 to 

6.53) 

5.89 (5.10 
to 6.68) 

5.55 
 (4.76 to 

6.33) 

5.58 (4.67 
to 6.49) 

BMI group, weighted % (95% CI) a 

Underweight 
7.75 

 (7.69 to 
7.82) 

6.10 
 (5.95 to 

6.25) 

9.04  
(8.89 to 

9.19) 

8.13 
 (7.99 to 

8.26) 

7.54  
(7.41 to 

7.68) 

6.81  
(6.68 to 

6.94) 

7.56  
(7.31 to 

7.81) 

8.15 
 (7.89 to 

8.40) 

8.68 
 (8.43 to 

8.93) 

Normal 
69.77 

 (69.62 to 
69.93) 

54.36  
(53.67 to 

55.05) 

76.62  
(76.38 to 

76.87) 

76.29  
(76.07 to 

76.52) 

74.35 
(74.11 to 

74.60) 

71.44 
(71.17 to 

71.71) 

68.49 
(67.99 to 

68.99) 

66.81 
(66.29 to 

67.33) 

68.15 
(67.63 to 

68.68) 

Overweight 
7.94 

 (7.88 to 
8.00) 

5.05  
(4.93 to 

5.18) 

6.83 
 (6.70 to 

6.96) 

7.39  
(7.27 to 

7.51) 

8.21 
 (8.08 to 

8.33) 

9.11 
 (8.98 to 

9.25) 

9.95  
(9.68 to 
10.21) 

9.70 
 (9.44 to 

9.96) 

8.99  
(8.72 to 

9.26) 

Obese 
8.22  

(8.14 to 
8.30) 

3.87  
(3.75 to 

3.99) 

5.14  
(5.01 to 

5.28) 

6.00  
(5.88 to 

6.12) 

7.62  
(7.47 to 

7.77) 

10.38 
(10.19 to 

10.56) 

11.86 
(11.49 to 

12.22) 

13.20 
(12.80 to 

13.59) 

11.83 
(11.45 to 

12.22) 

Unknown 
6.31  

(6.17 to 
6.45) 

30.62 
 (29.79 to 

31.45) 

2.36 
 (2.29 to 

2.44) 

2.19  
(2.12 to 

2.26) 

2.28  
(2.21 to 

2.35) 

2.26  
(2.18 to 

2.33) 

2.14 
 (2.01 to 

2.28) 

2.15 
 (2.01 to 

2.29) 

2.35 
 (2.20 to 

2.49) 
School performance, weighted % (95% CI) b 

High 
12.37 

(12.28 to 
12.47) 

13.53 
(13.31 to 

13.75) 

11.34 
(11.14 to 

11.55) 

10.81 
(10.63 to 

10.99) 

12.44 
(12.24 to 

12.64) 

13.21 
(13.00 to 

13.42) 

12.19 
(11.79 to 

12.59) 

12.64 
(12.29 to 

12.98) 

13.47 
(13.05 to 

13.89) 

Middle high 
25.19 

(25.09 to 
25.30) 

28.88 
(28.62 to 

29.13) 

23.67 
(23.45 to 

23.88) 

23.98 
(23.78 to 

24.18) 

25.05 
(24.84 to 

25.25) 

25.37 
(25.14 to 

25.59) 

24.65 
(24.23 to 

25.08) 

24.48 
(24.05 to 

24.92) 

25.35 
(24.92 to 

25.78) 

Middle 
28.89 

(28.79 to 
29.00) 

29.25 
(28.98 to 

29.51) 

27.17 
(26.93 to 

27.41) 

27.33 
(27.12 to 

27.53) 

28.25 
(28.03 to 

28.47) 

29.46 
(29.23 to 

29.70) 

30.16 
(29.74 to 

30.57) 

31.03 
(30.61 to 

31.44) 

30.03 
(29.60 to 

30.46) 

Middle low 
23.16 

(23.05 to 
23.27) 

20.44 
(20.20 to 

20.68) 

25.68 
(25.43 to 

25.93) 

25.36 
(25.15 to 

25.58) 

23.65 
(23.44 to 

23.87) 

22.15 
(21.92 to 

22.38) 

23.01 
(22.55 to 

23.47) 

22.01 
(21.61 to 

22.41) 

21.76 
(21.31 to 

22.21) 

Low 
10.38 

(10.31 to 
10.46) 

7.91 
 (7.74 to 

8.08) 

12.15 
(11.97 to 

12.32) 

12.52 
(12.35 to 

12.68) 

10.61 
(10.45 to 

10.77) 

9.81 
 (9.65 to 

9.97) 

10.00  
(9.68 to 
10.31) 

9.84 
 (9.53 to 
10.15) 

9.39 
 (9.08 to 

9.70) 
Stress level, weighted % (95% CI) b 

High 
11.40 

(11.31 to 
11.48) 

13.72 
(13.51 to 

13.93) 

12.78 
(12.58 to 

12.98) 

11.59 
(11.41 to 

11.76) 

9.44  
(9.29 to 

9.60) 

11.11 
(10.91 to 

11.30) 

8.25  
(7.96 to 

8.54) 

10.93 
(10.60 to 

11.25) 

12.29 
(11.95 to 

12.63) 

Middle high 
29.14 

(29.02 to 
29.25) 

32.48 
(32.20 to 

32.76) 

30.77 
(30.49 to 

31.04) 

30.19 
(29.94 to 

30.44) 

27.11 
(26.85 to 

27.36) 

27.98 
(27.70 to 

28.27) 

25.87 
(25.40 to 

26.33) 

27.82 
(27.37 to 

28.27) 

29.03 
(28.60 to 

29.46) 

Middle 
41.85 

(41.74 to 
41.97) 

39.20 
(38.92 to 

39.48) 

40.97 
(40.69 to 

41.24) 

41.61 
(41.37 to 

41.85) 

43.47 
(43.24 to 

43.71) 

41.72 
(41.46 to 

41.97) 

44.49 
(44.05 to 

44.94) 

42.58 
(42.12 to 

43.03) 

41.89 
(41.41 to 

42.36) 

Middle low 
14.75 

(14.66 to 
14.84) 

12.60 
(12.40 to 

12.79) 

13.35 
(13.15 to 

13.55) 

14.07 
(13.89 to 

14.26) 

16.46 
(16.25 to 

16.66) 

15.51 
(15.29 to 

15.73) 

17.81 
(17.40 to 

18.23) 

15.48 
(15.12 to 

15.84) 

13.94 
(13.60 to 

14.28) 

Low 
2.87 

 (2.82 to 
2.91) 

2.00  
(1.91 to 

2.09) 

2.13  
(2.04 to 

2.22) 

2.54 
 (2.46 to 

2.62) 

3.52  
(3.42 to 

3.62) 

3.69  
(3.58 to 

3.80) 

3.58 
 (3.41 to 

3.75) 

3.19  
(3.02 to 

3.36) 

2.85 
 (2.69 to 

3.01) 
Subjective health status, weighted % (95% CI) 

Very healthy 21.75 
(21.62 to 

16.82 
(16.57 to 

17.77 
(17.51 to 

19.99 
(19.72 to 

25.57 
(25.27 to 

27.46 
(27.13 to 

27.17 
(26.56 to 

22.09 
(21.60 to 

20.17 
(19.69 to 
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21.88) 17.06) 18.03) 20.26) 25.87) 27.79) 27.77) 22.58) 20.65) 

Healthy 
44.95 

(44.84 to 
45.07) 

45.04 
(44.75 to 

45.33) 

46.46 
(46.20 to 

46.73) 

47.83 
(47.60 to 

48.06) 

46.23 
(45.99 to 

46.48) 

43.75 
(43.49 to 

44.01) 

42.47 
(42.02 to 

42.92) 

42.60 
(42.14 to 

43.06) 

42.98 
(42.50 to 

43.47) 

Normal 
25.30 

(25.19 to 
25.41) 

28.95 
(28.69 to 

29.21) 

27.73 
(27.46 to 

28.01) 

25.24 
(25.00 to 

25.48) 

22.11 
(21.88 to 

22.34) 

21.95 
(21.71 to 

22.18) 

22.65 
(22.22 to 

23.08) 

26.08 
(25.61 to 

26.54) 

26.30 
(25.84 to 

26.76) 

Unhealthy 
7.99  

(7.93 to 
8.06) 

9.19  
(9.02 to 

9.37) 

8.03  
(7.88 to 

8.18) 

6.94  
(6.81 to 

7.07) 

6.08 
 (5.96 to 

6.21) 

6.85  
(6.71 to 

6.99) 

7.71  
(7.44 to 

7.99) 

9.23 
 (8.96 to 

9.51) 

10.54 
(10.24 to 

10.84) 
Smoking status, weighted % (95% CI) 

Non-smoker 
81.55 

(81.38 to 
81.72) 

72.37 
(71.93 to 

72.81) 

73.04 
(72.59 to 

73.50) 

76.07 
(75.63 to 

76.51) 

82.71 
(82.28 to 

83.13) 

86.38 
(86.03 to 

86.73) 

89.84 
(89.36 to 

90.31) 

90.18 
(89.73 to 

90.63) 

91.18 
(90.74 to 

91.61) 

Smoker 
18.45 

(18.28 to 
18.62) 

27.63 
(27.19 to 

28.07) 

26.96 
(26.50 to 

27.42) 

23.93 
(23.49 to 

24.37) 

17.29 
(16.87 to 

17.72) 

13.62 
(13.27 to 

13.97) 

10.17  
(9.69 to 
10.64) 

9.82 
 (9.37 to 
10.27) 

8.82 
 (8.39 to 

9.26) 
Alcohol consumption, weighted % (95% CI) 

0 days/month 
82.48 

(82.34 to 
82.63) 

72.53 
(72.12 to 

72.93) 

77.96 
(77.60 to 

78.32) 

81.39 
(81.05 to 

81.72) 

84.01 
(83.70 to 

84.32) 

84.16 
(83.87 to 

84.46) 

89.41 
(89.01 to 

89.82) 

89.33 
(88.91 to 

89.76) 

87.01 
(86.52 to 

87.50) 

1–5 
days/month 

13.35 
(13.24 to 

13.46) 

20.31 
(20.00 to 

20.62) 

16.13 
(15.87 to 

16.39) 

14.22 
(13.98 to 

14.47) 

12.64 
(12.40 to 

12.87) 

12.41 
(12.17 to 

12.64) 

8.25 
 (7.93 to 

8.57) 

8.38 (8.04 
to 8.71) 

10.35 
 (9.94 to 
10.75) 

6–30 
days/month 

4.17 
 (4.11 to 

4.22) 

7.17  
(6.98 to 

7.35) 

5.92 
 (5.74 to 

6.09) 

4.39 
 (4.26 to 

4.52) 

3.35 
 (3.23 to 

3.47) 

3.43 
 (3.31 to 

3.55) 

2.34 
 (2.17 to 

2.50) 

2.29  
(2.12 to 

2.46) 

2.64 
 (2.46 to 

2.82) 
Economic status of households, weighted % (95% CI) b 

High 
8.93 

 (8.83 to 
9.03) 

7.41 
 (7.22 to 

7.60) 

6.34  
(6.16 to 

6.53) 

6.83 
 (6.66 to 

7.01) 

8.74 
 (8.54 to 

8.94) 

10.90 
(10.68 to 

11.13) 

11.20 
(10.74 to 

11.67) 

10.83 
(10.44 to 

11.21) 

11.85 
(11.39 to 

12.30) 

Middle high 
27.63 

(27.48 to 
27.78) 

31.04 
(30.61 to 

31.47) 

22.69 
(22.36 to 

23.02) 

24.33 
(24.03 to 

24.63) 

26.86 
(26.55 to 

27.17) 

29.36 
(29.04 to 

29.67) 

28.65 
(28.10 to 

29.20) 

29.32 
(28.71 to 

29.93) 

31.42 
(30.85 to 

32.00) 

Middle 
46.75 

(46.59 to 
46.90) 

43.69 
(43.31 to 

44.07) 

47.05 
(46.74 to 

47.36) 

47.11 
(46.83 to 

47.39) 

47.60 
(47.29 to 

47.92) 

46.54 
(46.21 to 

46.88) 

47.57 
(46.92 to 

48.22) 

49.00 
(48.35 to 

49.65) 

46.05 
(45.36 to 

46.73) 

Middle low 
13.20 

(13.10 to 
13.30) 

14.03 
(13.77 to 

14.30) 

17.86 
(17.60 to 

18.13) 

16.96 
(16.70 to 

17.21) 

13.56 
(13.34 to 

13.77) 

10.90 
(10.70 to 

11.10) 

10.39 
(10.06 to 

10.71) 

8.96  
(8.64 to 

9.28) 

8.82 
 (8.50 to 

9.14) 

Low 
3.49  

(3.44 to 
3.53) 

3.83  
(3.70 to 

3.95) 

6.05 
 (5.90 to 

6.20) 

4.77 
 (4.65 to 

4.88) 

3.24  
(3.14 to 

3.33) 

2.30  
(2.22 to 

2.38) 

2.19 
 (2.06 to 

2.32) 

1.89  
(1.77 to 

2.01) 

1.86  
(1.74 to 

1.99) 
Abbreviations: BMI, body mass index (calculated as weight in kilograms divided by height in meters squared); CI, confidence interval; KYRBS, Korea 
Youth Risk Behavior Web-Based Survey. 

a BMI was divided into four groups according to the 2017 Korean National Growth Charts: underweight (0-4 percentile), normal (5-84 percentile), 
overweight (85-94 percentile), and obese (95-100 percentile). 

b School performance, stress level, and economic status of households were divided into five groups: Low (0-19 percentile), Middle low (20-39 percentile), 
Middle (40-59 percentile), Middle high (60-79 percentile), and High (80-100 percentile).
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Table 2. The nationwide trend of self-perceived overweight prevalence before and during the COVID-1
9 pandemic, weighted % (95% CI), in the KYRBS. 

 Pre-pandemic During the pandemic Trends in 
the pre-

pandemic 
era, β 

(95% CI) a 

Trends in 
the 

pandemic 
era, β 

(95% CI) 
a 

Trend 
differences, 
βdiff (95% 

CI) a  2005-
2007 

2008-
2010 

2011-
2013 

2014-
2016 

2017-
2019 2020 2021 2022 

Overall 

25.64 
(25.36 

to 
25.92) 

37.74 
(37.44 

to 
38.05) 

38.14 
(37.85 

to 
38.44) 

38.68 
(38.36 

to 
38.99) 

38.72 
(38.41 

to 
39.02) 

39.32 
(38.79 

to 
39.85) 

38.74 
(38.18 

to 
39.29) 

37.08 
(36.53 

to 
37.64) 

2.80 (2.70 
to 2.90) 

-0.53 (-
0.74 to -
0.33) 

-3.33 (-
3.56 to -
3.10) 

Grade 

7th–9th grade 
(middle 
school) 

24.43 
(24.09 
to 
24.77) 

37.21 
(36.84 
to 
37.58) 

36.62 
(36.27 
to 
36.96) 

35.50 
(35.12 
to 
35.88) 

35.87 
(35.49 
to 
36.26) 

38.40 
(37.70 
to 
39.11) 

37.75 
(36.99 
to 
38.51) 

35.71 
(34.96 
to 
36.46) 

2.36 (2.23 
to 2.49) 

-0.12 (-
0.39 to 
0.16) 

-2.48 (-
2.78 to -
2.18) 

10th–12th 
grade (high 
school) 

27.20 
(26.74 
to 
27.66) 

38.30 
(37.80 
to 
38.79) 

39.61 
(39.14 
to 
40.09) 

41.49 
(41.03 
to 
41.96) 

41.19 
(40.75 
to 
41.64) 

40.22 
(39.44 
to 
41.01) 

39.77 
(38.96 
to 
40.57) 

38.55 
(37.75 
to 
39.36) 

3.07 (2.93 
to 3.22) 

-0.84 (-
1.13 to -
0.54) 

-3.91 (-
4.24 to -
3.58) 

Sex 

Male 

24.71 
(24.38 
to 
25.04) 

34.08 
(33.74 
to 
34.43) 

33.29 
(32.99 
to 
33.60) 

34.01 
(33.66 
to 
34.35) 

35.75 
(35.40 
to 
36.11) 

38.72 
(38.03 
to 
39.40) 

38.94 
(38.24 
to 
39.65) 

37.18 
(36.49 
to 
37.88) 

2.23 (2.12 
to 2.35) 

0.49 (0.24 
to 0.74) 

-1.74 (-
2.02 to -
1.47) 

Female 

26.69 
(26.26 
to 
27.12) 

41.84 
(41.44 
to 
42.25) 

43.49 
(43.13 
to 
43.85) 

43.75 
(43.34 
to 
44.17) 

41.93 
(41.48 
to 
42.37) 

39.97 
(39.21 
to 
40.73) 

38.52 
(37.71 
to 
39.33) 

36.98 
(36.20 
to 
37.76) 

3.37 (3.23 
to 3.52) 

-1.63 (-
1.92 to -
1.34) 

-5.00 (-
5.32 to -
4.68) 

Region of residence 

Urban 

25.77 
(25.47 
to 
26.07) 

37.78 
(37.46 
to 
38.10) 

38.14 
(37.83 
to 
38.45) 

38.53 
(38.20 
to 
38.86) 

38.55 
(38.24 
to 
38.87) 

39.18 
(38.62 
to 
39.73) 

38.46 
(37.88 
to 
39.03) 

36.79 
(36.22 
to 
37.36) 

2.70 (2.60 
to 2.81) 

-0.59 (-
0.80 to -
0.38) 

-3.29 (-
3.53 to -
3.06) 

Rural 

24.04 
(23.38 
to 
24.70) 

37.12 
(36.38 
to 
37.85) 

38.18 
(37.27 
to 
39.09) 

40.90 
(39.79 
to 
42.01) 

41.32 
(40.12 
to 
42.52) 

41.61 
(40.13 
to 
43.09) 

43.56 
(42.00 
to 
45.11) 

42.09 
(40.19 
to 
43.98) 

4.16 (3.85 
to 4.47) 

0.44 (-0.26 
to 1.13) 

-3.72 (-
4.48 to -
2.96) 

BMI group b 

Underweight  
1.16 
(0.90 to 
1.41) 

1.69 
(1.46 to 
1.92) 

1.52 
(1.32 to 
1.73) 

1.88 
(1.64 to 
2.12) 

1.60 
(1.35 to 
1.86) 

1.41 
(1.03 to 
1.80) 

0.93 
(0.64 to 
1.22) 

1.11 
(0.78 to 
1.45) 

0.10 (0.02 
to 0.18) 

-0.19 (-
0.33 to -
0.06) 

-0.10 (-
0.13 to -
0.08) 

Normal 

16.35 
(15.97 
to 
16.72) 

31.50 
(31.14 
to 
31.87) 

30.68 
(30.33 
to 
31.03) 

29.13 
(28.77 
to 
29.48) 

26.02 
(25.66 
to 
26.37) 

25.31 
(24.75 
to 
25.88) 

23.66 
(23.05 
to 
24.26) 

23.26 
(22.71 
to 
23.82) 

1.40 (1.27 
to 1.52) 

-0.99 (-
1.20 to -
0.78) 

-0.34 (-
0.56 to -
0.13) 

Overweight  

88.39 
(87.65 
to 
89.12) 

95.41 
(94.96 
to 
95.86) 

94.55 
(94.14 
to 
94.95) 

92.68 
(92.23 
to 
93.13) 

89.49 
(88.96 
to 
90.02) 

86.43 
(85.36 
to 
87.50) 

86.22 
(85.20 
to 
87.23) 

88.21 
(87.15 
to 
89.27) 

-0.33 (-
0.52 to -
0.15) 

-0.44 (-
0.83 to -
0.06) 

-1.76 (-
1.99 to -
1.54) 

Obese  

96.95 
(96.11 
to 
97.79) 

98.63 
(98.37 
to 
98.88) 

98.09 
(97.82 
to 
98.37) 

98.09 
(97.86 
to 
98.33) 

97.37 
(97.10 
to 
97.64) 

96.95 
(96.51 
to 
97.39) 

97.10 
(96.67 
to 
97.53) 

96.60 
(96.06 
to 
97.14) 

-0.06 (-
0.21 to 
0.09) 

-0.21 (-
0.41 to -
0.02) 

-1.34 (-
1.49 to -
1.20) 

School performance c 

  High 

22.54 
(21.86 
to 
23.21) 

34.37 
(33.60 
to 
35.15) 

33.36 
(32.69 
to 
34.04) 

32.34 
(31.69 
to 
33.00) 

32.55 
(31.87 
to 
33.22) 

33.81 
(32.56 
to 
35.07) 

32.74 
(31.44 
to 
34.04) 

30.92 
(29.67 
to 
32.18) 

1.97 (1.75 
to 2.19) 

-0.57 (-
1.03 to -
0.11) 

-1.31 (-
1.48 to -
1.14) 

  Middle high 

24.44 
(24.00 
to 
24.88) 

36.74 
(36.23 
to 
37.26) 

36.88 
(36.41 
to 
37.36) 

37.28 
(36.79 
to 
37.77) 

36.68 
(36.17 
to 
37.19) 

36.29 
(35.31 
to 
37.28) 

36.22 
(35.26 
to 
37.18) 

34.60 
(33.65 
to 
35.55) 

2.76 (2.60 
to 2.92) 

-0.63 (-
0.97 to -
0.28) 

-1.62 (-
2.10 to -
1.15) 

  Middle 

25.29 
(24.82 
to 
25.75) 

36.47 
(35.98 
to 
36.96) 

36.92 
(36.46 
to 
37.38) 

37.28 
(36.81 
to 
37.75) 

37.61 
(37.13 
to 
38.09) 

38.70 
(37.83 
to 
39.56) 

37.71 
(36.87 
to 
38.55) 

35.78 
(34.92 
to 
36.65) 

2.65 (2.50 
to 2.80) 

-0.63 (-
0.94 to -
0.31) 

-1.09 (-
1.27 to -
0.91) 

  Middle low 
28.09 
(27.50 
to 

40.47 
(39.93 
to 

40.96 
(40.45 
to 

42.70 
(42.14 
to 

43.25 
(42.67 
to 

43.92 
(42.93 
to 

43.59 
(42.51 
to 

42.65 
(41.58 
to 

3.19 (3.00 
to 3.38) 

-0.20 (-
0.59 to 
0.19) 

-1.28 (-
1.42 to -
1.14) 
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28.68) 41.01) 41.47) 43.26) 43.84) 44.90) 44.68) 43.71) 

  Low 

30.33 
(29.43 
to 
31.23) 

39.92 
(39.15 
to 
40.69) 

41.63 
(40.92 
to 
42.35) 

44.15 
(43.37 
to 
44.94) 

45.39 
(44.52 
to 
46.27) 

44.79 
(43.16 
to 
46.43) 

45.11 
(43.64 
to 
46.58) 

43.88 
(42.24 
to 
45.52) 

3.29 (3.01 
to 3.56) 

-0.42 (-
1.01 to 
0.17) 

-1.29 (-1.42 
to -1.16) 

Stress level c 

  High 

32.29 
(31.56 
to 
33.02) 

45.03 
(44.24 
to 
45.82) 

45.96 
(45.23 
to 
46.69) 

47.26 
(46.43 
to 
48.09) 

47.15 
(46.36 
to 
47.95) 

47.79 
(46.05 
to 
49.53) 

45.68 
(44.31 
to 
47.06) 

43.73 
(42.33 
to 
45.13) 

3.44 (3.20 
to 3.69) 

-1.20 (-
1.72 to -
0.68) 

-2.04 (-2.23 
to -1.86) 

  Middle high 

27.54 
(27.10 
to 
27.99) 

40.34 
(39.84 
to 
40.84) 

41.52 
(41.05 
to 
41.99) 

43.32 
(42.80 
to 
43.84) 

42.66 
(42.16 
to 
43.16) 

43.36 
(42.43 
to 
44.29) 

41.84 
(40.87 
to 
42.81) 

39.70 
(38.78 
to 
40.61) 

3.54 (3.38 
to 3.70) 

-1.02 (-
1.36 to -
0.68) 

-2.75 (-3.13 
to -2.38) 

  Middle 

23.23 
(22.82 
to 
23.64) 

35.67 
(35.27 
to 
36.07) 

36.34 
(35.97 
to 
36.72) 

36.89 
(36.50 
to 
37.27) 

36.84 
(36.42 
to 
37.25) 

38.06 
(37.33 
to 
38.78) 

36.88 
(36.14 
to 
37.62) 

35.60 
(34.82 
to 
36.39) 

2.88 (2.75 
to 3.02) 

-0.47 (-
0.76 to -
0.19) 

-1.57 (-1.78 
to -1.37) 

  Middle low 

21.74 
(21.09 
to 
22.39) 

32.22 
(31.57 
to 
32.86) 

31.58 
(31.00 
to 
32.17) 

32.72 
(32.15 
to 
33.29) 

32.68 
(32.07 
to 
33.30) 

34.42 
(33.35 
to 
35.50) 

34.74 
(33.55 
to 
35.92) 

31.74 
(30.53 
to 
32.96) 

2.20 (2.00 
to 2.40) 

-0.19 (-
0.62 to 
0.24) 

-1.49 (-1.62 
to -1.36) 

  Low 

20.92 
(19.20 
to 
22.63) 

31.03 
(29.37 
to 
32.68) 

28.14 
(26.83 
to 
29.44) 

29.91 
(28.73 
to 
31.10) 

30.07 
(28.79 
to 
31.34) 

30.73 
(28.51 
to 
32.96) 

32.12 
(29.63 
to 
34.60) 

29.70 
(27.16 
to 
32.23) 

1.57 (1.09 
to 2.04) 

0.10 (-
0.78 to 
0.99) 

-1.24 (-1.35 
to -1.13) 

Subjective health status 

 Very healthy 

22.60 
(21.99 
to 
23.21) 

32.15 
(31.54 
to 
32.77) 

29.84 
(29.33 
to 
30.34) 

30.57 
(30.10 
to 
31.04) 

30.00 
(29.51 
to 
30.48) 

32.33 
(31.50 
to 
33.16) 

29.51 
(28.62 
to 
30.41) 

27.82 
(26.90 
to 
28.74) 

1.19 (1.01 
to 1.36) 

-0.83 (-
1.16 to -
0.50) 

-1.46 (-1.63 
to -1.29) 

 Healthy 

24.85 
(24.45 
to 
25.24) 

37.07 
(36.67 
to 
37.48) 

37.25 
(36.88 
to 
37.61) 

38.49 
(38.10 
to 
38.88) 

38.58 
(38.17 
to 
38.99) 

38.13 
(37.38 
to 
38.88) 

37.28 
(36.52 
to 
38.04) 

34.84 
(34.06 
to 
35.62) 

2.97 (2.84 
to 3.10) 

-1.19 (-
1.47 to -
0.91) 

-1.22 (-1.31 
to -1.13) 

 Normal 

27.18 
(26.70 
to 
27.65) 

41.01 
(40.49 
to 
41.52) 

44.20 
(43.72 
to 
44.68) 

45.40 
(44.86 
to 
45.93) 

45.91 
(45.34 
to 
46.48) 

45.72 
(44.71 
to 
46.73) 

44.73 
(43.80 
to 
45.66) 

43.30 
(42.31 
to 
44.29) 

4.51 (4.34 
to 4.68) 

-0.88 (-
1.26 to -
0.51) 

-0.70 (-0.85 
to -0.55) 

 Unhealthy 

30.26 
(29.35 
to 
31.16) 

42.70 
(41.77 
to 
43.63) 

46.19 
(45.28 
to 
47.10) 

49.76 
(48.77 
to 
50.74) 

51.55 
(50.55 
to 
52.56) 

51.69 
(50.04 
to 
53.33) 

50.63 
(49.11 
to 
52.16) 

48.45 
(46.91 
to 
49.98) 

5.23 (4.93 
to 5.53) 

-1.09 (-
1.70 to -
0.48) 

-1.73 (-1.84 
to -1.63) 

 Smoking status 

 Non-smoker 

25.64 
(25.32 
to 
25.97) 

38.50 
(38.16 
to 
38.84) 

38.81 
(38.50 
to 
39.12) 

39.01 
(38.67 
to 
39.34) 

38.69 
(38.37 
to 
39.02) 

39.28 
(38.73 
to 
39.83) 

38.74 
(38.17 
to 
39.32) 

36.99 
(36.41 
to 
37.57) 

2.65 (2.54 
to 2.76) 

-0.56 (-
0.77 to -
0.34) 

-3.21 (-3.32 
to -3.10) 

  Smoker 

25.63 
(25.12 
to 
26.14) 

35.69 
(35.15 
to 
36.23) 

36.02 
(35.48 
to 
36.55) 

37.09 
(36.48 
to 
37.70) 

38.89 
(38.19 
to 
39.59) 

39.67 
(38.18 
to 
41.16) 

38.68 
(37.16 
to 
40.20) 

38.05 
(36.52 
to 
39.59) 

3.11 (2.92 
to 3.30) 

-0.29 (-
0.81 to 
0.23) 

-3.11 (-3.66 
to -2.56) 

Alcohol consumption 

0 days/month 

25.81 
(25.50 
to 
26.12) 

38.11 
(37.78 
to 
38.44) 

38.28 
(37.97 
to 
38.59) 

38.39 
(38.06 
to 
38.71) 

38.16 
(37.84 
to 
38.49) 

38.97 
(38.42 
to 
39.52) 

38.48 
(37.91 
to 
39.05) 

36.83 
(36.25 
to 
37.40) 

2.47 (2.37 
to 2.58) 

-0.44 (-
0.65 to -
0.23) 

-1.43 (-1.74 
to -1.12) 

 1–5 
days/month 

25.35 
(24.77 
to 
25.94) 

37.09 
(36.45 
to 
37.73) 

38.19 
(37.54 
to 
38.84) 

40.54 
(39.80 
to 
41.29) 

42.15 
(41.40 
to 
42.90) 

43.01 
(41.45 
to 
44.58) 

41.19 
(39.58 
to 
42.80) 

39.57 
(38.01 
to 
41.13) 

4.07 (3.85 
to 4.28) 

-0.89 (-
1.43 to -
0.34) 

-1.22 (-1.31 
to -1.13) 

  6–30 
days/month 

24.77 
(23.90 
to 
25.63) 

34.68 
(33.67 
to 
35.69) 

35.40 
(34.28 
to 
36.51) 

38.90 
(37.54 
to 
40.26) 

39.95 
(38.55 
to 
41.34) 

39.64 
(36.62 
to 
42.66) 

39.89 
(36.96 
to 
42.82) 

35.79 
(32.93 
to 
38.66) 

3.82 (3.46 
to 4.17) 

-1.17 (-
2.17 to -
0.18) 

-1.44 (-1.60 
to -1.28) 

Economic status of households c 

  High 

23.39 
(22.47 
to 
24.30) 

35.23 
(34.27 
to 
36.20) 

33.89 
(33.03 
to 
34.76) 

33.58 
(32.82 
to 
34.34) 

34.20 
(33.48 
to 
34.93) 

35.48 
(34.19 
to 
36.78) 

35.29 
(33.90 
to 
36.68) 

32.48 
(30.99 
to 
33.97) 

1.98 (1.72 
to 2.25) 

-0.54 (-
1.07 to -
0.01) 

-1.92 (-2.06 
to -1.78) 

  Middle high 24.08 
(23.62 

36.30 
(35.76 

36.36 
(35.90 

36.46 
(35.98 

36.62 
(36.14 

37.55 
(36.67 

37.27 
(36.38 

34.76 
(33.89 

2.78 (2.62 
to 2.93) 

-0.58 (-
0.90 to -

-2.92 (-3.20 
to -2.65) 
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to 
24.53) 

to 
36.83) 

to 
36.82) 

to 
36.95) 

to 
37.10) 

to 
38.43) 

to 
38.15) 

to 
35.63) 

0.26) 

  Middle 

25.32 
(24.93 
to 
25.71) 

36.79 
(36.39 
to 
37.19) 

37.24 
(36.86 
to 
37.62) 

38.43 
(38.04 
to 
38.83) 

38.73 
(38.33 
to 
39.13) 

39.29 
(38.59 
to 
39.99) 

38.82 
(38.10 
to 
39.54) 

38.09 
(37.35 
to 
38.83) 

2.86 (2.73 
to 2.99) 

-0.23 (-
0.50 to 
0.04) 

-1.26 (-1.51 
to -1.02) 

  Middle low 

29.47 
(28.79 
to 
30.16) 

41.49 
(40.85 
to 
42.12) 

43.10 
(42.46 
to 
43.74) 

45.06 
(44.32 
to 
45.79) 

46.55 
(45.72 
to 
47.39) 

46.11 
(44.67 
to 
47.55) 

45.41 
(43.82 
to 
46.99) 

44.36 
(42.76 
to 
45.96) 

3.87 (3.63 
to 4.11) 

-0.72 (-
1.28 to -
0.15) 

-1.29 (-1.43 
to -1.15) 

  Low 

32.28 
(30.94 
to 
33.63) 

42.15 
(41.04 
to 
43.26) 

44.57 
(43.43 
to 
45.70) 

47.65 
(46.29 
to 
49.02) 

49.58 
(47.88 
to 
51.28) 

50.58 
(47.45 
to 
53.71) 

47.51 
(44.30 
to 
50.72) 

46.23 
(42.83 
to 
49.63) 

4.12 (3.66 
to 4.59) 

-1.26 (-
2.45 to -
0.07) 

-1.06 (-1.17 
to -0.96) 

Abbreviations: BMI, body mass index (calculated as weight in kilograms divided by height in meters squared); CI, confidence interval; KYRBS, Korea 
Youth Risk Behavior Web-Based Survey; OR, odds ratio; wOR, weighted odds ratio. 

Numbers in bold indicate a significant difference (P < 0.05). 

a All βs and βdiffs were expressed by multiplying 100. 

b BMI was divided into four groups according to the 2017 Korean National Growth Charts: underweight (0-4 percentile), normal (5-84 percentile), 
overweight (85-94 percentile), and obese (95-100 percentile). 

c School performance, stress level, and economic status of households were divided into five groups: Low (0-19 percentile), Middle low (20-39 percentile), 
Middle (40-59 percentile), Middle high (60-79 percentile), and High (80-100 percentile). 
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Table 3. Ratio of ORs for association between self-perceived overweight prevalence of adolescents and 
each socioeconomic factor, 2005-2022. 

 

Overall 
(2005–2022) 

Pre-pandemic 
(2005–2019) 

During the pandemic 
(2020–2022) 

Ratio of wORs 
(95% CI), 

pre-pandemic 
(reference) versus 

pandemic 

wOR (95% CI) 
P-
valu
e 

wOR (95% CI) 
P-
valu
e 

wOR (95% CI) 
P-
valu
e 

wOR (95% 
CI) 

P-
valu
e 

Grade 

7th–9th grade 
(middle school) (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

10th–12th grade 
(high school) 

1.18 (1.17 to 
1.20) 

<0.0
01 

1.20 (1.18 to 
1.21) 

<0.0
01 

1.10 (1.07 to 
1.13) 

<0.0
01 

0.92 (0.89 
to 0.94) 

<0.0
01 

Sex 
Male (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Female 1.32 (1.30 to 
1.33) 

<0.0
01 

1.37 (1.36 to 
1.39) 

<0.0
01 

1.01 (0.98 to 
1.03) 

0.48
9 

0.74 (0.72 
to 0.76) 

<0.0
01 

Region of residence 
Urban (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Rural 1.01 (0.99 to 
1.04) 

0.16
7 

0.99 (0.97 to 
1.02) 

0.52
7 

1.20 (1.15 to 
1.25) 

<0.0
01 

1.21 (1.15 
to 1.27) 

<0.0
01 

BMI group a 

Normal (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Underweight 0.04 (0.04 to 
0.04) 

<0.0
01 

0.04 (0.04 to 
0.05) 

<0.0
01 

0.04 (0.03 to 
0.04) 

<0.0
01 

1.00 (0.83 
to 1.20) 

1.00
0 

Overweight 28.92 (28.14 to 
29.73) 

<0.0
01 

31.99 (30.98 to 
33.03) 

<0.0
01 

20.93 (19.81 to 
22.11) 

<0.0
01 

0.65 (0.61 
to 0.70) 

<0.0
01 

Obese 111.41 (105.05 
to 118.16) 

<0.0
01 

120.24 (111.64 
to 129.49) 

<0.0
01 

98.30 (89.76 to 
107.65) 

<0.0
01 

0.82 (0.73 
to 0.92) 

0.00
1 

School performance b 

High (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Middle high 1.16 (1.14 to 
1.18) 

<0.0
01 

1.16 (1.14 to 
1.18) 

<0.0
01 

1.16 (1.11 to 
1.20) 

<0.0
01 

1.00 (0.96 
to 1.04) 

1.00
0 

Middle 1.20 (1.18 to 
1.21) 

<0.0
01 

1.19 (1.17 to 
1.21) 

<0.0
01 

1.24 (1.20 to 
1.29) 

<0.0
01 

1.04 (1.01 
to 1.08) 

0.04
3 

Middle low 1.47 (1.45 to 
1.49) 

<0.0
01 

1.45 (1.43 to 
1.48) 

<0.0
01 

1.60 (1.53 to 
1.66) 

<0.0
01 

1.10 (1.06 
to 1.15) 

<0.0
01 

Low 1.54 (1.51 to 
1.57) 

<0.0
01 

1.53 (1.50 to 
1.56) 

<0.0
01 

1.67 (1.59 to 
1.75) 

<0.0
01 

1.09 (1.04 
to 1.15) 

0.00
1 

Stress level b 

Low (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Middle low 1.10 (1.07 to 
1.14) 

<0.0
01 

1.10 (1.06 to 
1.13) 

<0.0
01 

1.14 (1.06 to 
1.22) 

0.00
03 

1.04 (0.96 
to 1.12) 

0.36
5 

Middle 1.29 (1.25 to 
1.32) 

<0.0
01 

1.29 (1.25 to 
1.33) 

<0.0
01 

1.31 (1.22 to 
1.40) 

<0.0
01 

1.02 (0.94 
to 1.10) 

0.69
0 

Middle high 1.58 (1.53 to 
1.62) 

<0.0
01 

1.58 (1.53 to 
1.63) 

<0.0
01 

1.59 (1.49 to 
1.70) 

<0.0
01 

1.01 (0.94 
to 1.08) 

0.86
6 

High 1.87 (1.81 to 
1.92) 

<0.0
01 

1.88 (1.82 to 
1.94) 

<0.0
01 

1.86 (1.73 to 
2.00) 

<0.0
01 

0.99 (0.91 
to 1.07) 

0.79
1 

Subjective health 
status 

Very healthy (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Healthy 1.32 (1.30 to 
1.33) 

<0.0
01 

1.31 (1.30 to 
1.33) 

<0.0
01 

1.35 (1.31 to 
1.39) 

<0.0
01 

1.03 (0.99 
to 1.06) 

0.06
3 

Normal 1.63 (1.61 to 
1.65) 

<0.0
01 

1.60 (1.58 to 
1.63) 

<0.0
01 

1.86 (1.80 to 
1.92) 

<0.0
01 

1.16 (1.12 
to 1.20) 

<0.0
01 

Unhealthy 1.88 (1.85 to 
1.92) 

<0.0
01 

1.81 (1.77 to 
1.85) 

<0.0
01 

2.33 (2.23 to 
2.43) 

<0.0
01 

1.29 (1.23 
to 1.35) 

<0.0
01 

Economic status of 
households b 

High (ref) 1.00 (ref)   1.00 (ref)   1.00 (ref)   1.00 (ref)   

Middle high 1.07 (1.05 to 
1.09) 

<0.0
01 

1.07 (1.05 to 
1.09) 

<0.0
01 

1.10 (1.05 to 
1.14) 

<0.0
01 

1.03 (0.98 
to 1.08) 

0.23
0 

Middle 1.16 (1.14 to 
1.18) 

<0.0
01 

1.16 (1.14 to 
1.18) 

<0.0
01 

1.21 (1.16 to 
1.25) 

<0.0
01 

1.04 (1.01 
to 1.09) 

0.04
4 

Middle low 1.45 (1.43 to 
1.48) 

<0.0
01 

1.46 (1.43 to 
1.49) 

<0.0
01 

1.58 (1.50 to 
1.66) 

<0.0
01 

1.08 (1.02 
to 1.14) 

0.00
5 

Low 1.54 (1.50 to 
1.58) 

<0.0
01 

1.54 (1.50 to 
1.59) 

<0.0
01 

1.77 (1.63 to 
1.92) 

<0.0
01 

1.15 (1.05 
to 1.25) 

0.00
2 

Abbreviations: BMI, body mass index (calculated as weight in kilograms divided by height in meters squared); CI, confidence interval; OR, odds ratio; 
wOR, weighted odds ratio. 

Numbers in bold indicate a significant difference (P < 0.05). 

a BMI was divided into four groups according to the 2017 Korean National Growth Charts: underweight (0-4 percentile), normal (5-84 percentile), 
overweight (85-94 percentile), and obese (95-100 percentile). 

b School performance, stress level, and economic status of households were divided into five groups: Low (0-19 percentile), Middle low (20-39 percentile), 
Middle (40-59 percentile), Middle high (60-79 percentile), and High (80-100 percentile). 
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Abstract—With the recent increase in malaria cases in South Korea, 
predicting mosquito activity has become essential to prevent disease 
transmission and implement effective pest control measures. 
Traditional mosquito activity prediction models have mainly used 
statistical methods, but these methods struggle to fully capture 
complex and time-varying patterns. Therefore, this study proposes 
a new approach using a deep learning-based model that has recently 
attracted attention. In particular, convolutional long short-term 
memory (ConvLSTM) is recognized as an effective model for time 
series prediction problems because it can simultaneously handle 
spatial and temporal patterns of time series data. However, the 
ConvLSTM model faces the challenge of treating all-time 
dependencies equally. The factors influencing mosquito activity may 
vary in importance over time. To address this issue, this study 
presents a model that combines the attention mechanism with 
ConvLSTM to dynamically adjust importance over time. This 
model was evaluated using mosquito prediction data in Seoul, and 
aims to develop an effective mosquito prediction model that is 
responsive to climate and environmental changes. This research is 
expected to contribute to a better understanding of mosquito 
occurrence in cities and reduce social and economic losses. 
 

I. INTRODUCTION 
Mosquitoes are important vectors of several diseases, such as 

malaria and dengue fever, and have a significant impact on public 
health [1]. Therefore, predicting mosquito activity is critical for 
preventing disease transmission and implementing effective 
control measures. However, accurate prediction of mosquito 
activity is challenging due to its dependence on complex factors. 

Existing mosquito prediction models have primarily relied on 
statistical approaches [5]. However, these methods struggle to 
effectively capture complex patterns and temporal changes. As a 
result, models based on machine learning and deep learning have 
attracted interest. In particular, the combination of one-
dimensional convolutional neural network (1D-CNN) and long 
short-term memory (LSTM) has been recognized as effective for 
time series prediction problems due to its ability to process both 
spatial and temporal patterns of time series data [2]. 

However, a limitation of convolutional LSTM (ConvLSTM) 
is its uniform treatment of all temporal dependencies, which 
hinders its ability to account for the varying importance of 
different factors in predicting mosquito activity. To address this 
issue, this study introduces a model that uses an attention 

mechanism with ConvLSTM to dynamically adjust the 
importance of factors over time. 

This paper evaluates the proposed model using mosquito 
prediction data from Seoul. Through this evaluation, we aim to 
develop an effective mosquito prediction model that adapts to 
climate and environmental changes. This research is expected 
to improve our understanding of mosquito occurrence in urban 
areas and minimize social and economic losses. 

The paper is organized as follows: Section II reviews related 
studies, Section III describes the structure and working 
principles of the model, Section IV discusses the experimental 
design and results, and Section V concludes the paper with a 
summary of findings and directions for future research. 

II. RELATED WORK 
Methods of predicting mosquito activity included methods of 

directly predicting mosquito populations using factors such as 
environmental variables [5]–[9] and methods of indirectly 
identifying mosquito populations through vector-borne diseases 
such as dengue fever and malaria [3, 4]. In this paper, we aimed 
to predict the mosquito activity rate using a method that directly 
measured the mosquito population. In addition, recent studies 
have identified the factors used to predict mosquito activity and 
characterized their characteristics. 

As vector-borne diseases emerged as a social problem, 
research was actively conducted to uncover various information, 
such as factors of mosquito occurrence and its degree, by 
analyzing mosquito-related data. Villena et al. [5] estimated the 
occurrence and abundance of mosquitoes using traditional 
statistical models such as classification and regression tree 
(CART), general linear model (GLM), and generalized linear 
mixed models (GLMM) based on environmental factors, such as 
temperature and precipitation, distance to anthrax characteristics, 
and trap type (i.e., Centers for Disease Control and Prevention 
light trap (CDC light trap) and CDC gravid trap). Specifically, 
they provided reasons for using different types of traps based on 
environmental and geographic factors. Lee and Park [6] predicted 
mosquito occurrence patterns by considering the characteristics 
of urban areas (i.e., landscape, land use, meteorological factors, 
and mosquito control activities), which had different mosquito 
occurrence characteristics from the natural environment. In 
particular, the random forest (RF) model, which showed the best 
performance in [7] in predicting mosquito occurrence using 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

41



 
support vector machine (SVM), CART, and RF, was analyzed 
focusing on the geographical characteristics of waterfront and 
variable areas. This demonstrated a high ability to model 
ecological problems involving non-linear relationships between 
data. In addition, SHAP, or Shapley additive explanations, was 
used to select important variables for mosquito distribution 
among climate data. Xia et al. [8] predicted mosquito occurrence 
using RF, decision tree (DT), multilayer perceptron (MLP), and 
SVM and provided a thorough and easy way to investigate the 
correlation between environmental factors (i.e., precipitation, 
specific humidity, enhanced vegetation index, and surface skin 
temperature) and mosquito population. 

However, there were limitations due to the opportunistic 
nature of recording mosquito occurrence in areas of interest 
(AOI), the lack of complete mosquito abundance data when 
running machine learning models, and the rapid change of 
environmental factors over the years due to climate change. 
These limitations suggested that machine learning predictors 
were more appropriate for analyzing trends from a few years ago. 
Chen et al. [9] quantified the relationship between mosquito 
abundance and socioeconomic, landscape, and combined two 
factors by constructing models such as k-nearest neighbor (kNN), 
artificial neural network (ANN), and SVM, including 
socioeconomic factors (i.e., population size at the sampling site, 
average household income, employment rate, educational status, 
population density, and average house sale price) and geographic 
factors. In addition, the proposed model used socioeconomic and 
landscape factors as inputs, which were characterized by 
reducing monitoring and data collection costs because they were 
not as dynamic as other commonly used environmental factors 
such as temperature and humidity. 

In the case of existing studies, to increase predictive power, 
mosquito capture methods had been supplemented in the data 
collection process, or variables related to mosquito occurrence 
had been added or replaced. Each study used machine learning 
and deep learning models with better performance, but there was 
a limitation that there were not many attempts to improve the 
predictive model itself. 

III. FORECASTING MODEL CONSTRUCTION 
In this study, we used a Att-ConvLSTM model to predict the 

mosquito activity index by simultaneously addressing complex 
temporal patterns and important temporal steps with collected 
time series data. The proposed model consists of three main 
components:  
• The LSTM is a type of recurrent neural network (RNN) 

that specializes in processing sequential, or continuous, 
data. While basic RNNs are adept at learning the temporal 
characteristics of sequences, they struggle with long-term 
dependencies. LSTM overcomes this by incorporating a 
“gate” mechanism in each recurrent unit that allows it to 
decide which information to retain or discard. This 
structure allows LSTM to effectively handle data with 
long-term dependencies [10].  

• The 1D-CNN differs from its more common counterpart by 
applying convolutional operations to one-dimensional data, 
making it ideal for analyzing time-series data or natural 
language processing. The core of 1D-CNN includes the 
convolution layer and the pooling layer, where the former 

applies multiple filters to the input data to extract features, 
and the latter reduces the feature dimensions to simplify the 
model and prevent overfitting [11].  

• The attention mechanism, a technique used in deep learning 
models for sequence data, allows the model to focus on 
significant information by assigning an “attention score” to 
each input, indicating its importance. In this way, the model 
learns which inputs most influence the output [12]. 

For the layer configuration, the 1D-CNN extracts high-
dimensional features from time-domain data through multiple 
convolutional layers, as shown in Fig. 1. The weights of the 
CNN are then updated by backpropagating the error from the 
loss function. To mitigate the effects of gradient loss across 
multiple network layers, each convolutional layer includes a 
connection layer with batch normalization, rectified linear unit 
(ReLU), and maximum pooling layers [13]. 

 

 
Fig. 1 Layer Configuration for 1D-CNN 

The proposed model extracts features from the input data via 
the 1D-CNN layer, as shown in Fig. 2, and passes them to the 
LSTM layer for use as input. The LSTM layer learns the 
temporal relationship between multidimensional vectors and 
obtains the corresponding hidden state vector. The attention 
layer then determines the attention weight of each input, and the 
nonlinear regression layer derives the predicted mosquito 
activity index. 

 

Fig. 2 Architecture of the Att-ConvLSTM Model 

IV. RESULTS AND DISCUSSION 
In this paper, approximately 1704 days of data collected from 

May 1, 2016 to December 31, 2020 provided by the Seoul 
Metropolitan Mosquito Forecast were used. This dataset 
includes date, mosquito activity index (averages for Seoul city, 
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waterfronts, residential areas, and parks), precipitation, average 
temperature, minimum temperature, maximum temperature, 
collection amount, and mosquito species. In this study, 
experiments focused on the average mosquito activity index for 
Seoul under different labels based on the data collection area. 
Duplicate data with overlapping dates were removed by 
preprocessing, with 70% of the total data used for training and 
30% for testing. 

To evaluate the predictive performance of the model, this 
study used two indicators, namely the mean absolute error (MAE) 
and the root mean square error (RMSE), calculated using 
Equations (1)–(2):  

MAE = 1/n × ∑|Ft − At|, (1) 

RMSE = (√ (∑ (Ft − At)2)/n, (2) 

here At and Ft represent the actual value and the predicted value 
at time t, and n represents the number of observations. These 
measurements quantify the difference between the predicted 
and actual mosquito incidence rates. The MAE measures the 
mean absolute difference between the predicted and actual 
values, while the RMSE measures the square root of the mean 
squared differences between the predicted and actual values. 

The total number of learning iterations was set to 150, and 
the batch size was set to 72. Learning continued until the loss 
value between the training and validation datasets showed no 
significant variance beyond a certain threshold. 

TABLE 1 
PERFORMANCE COMPARISON 

Models RMSE MSE R2 
Support Vector Machine 0.074 54.271 0.934 
Artificial Neural Network 0.066 37.250 0.949 

Random Forest 0.064 27.291 0.950 
LSTM 0.064 24.569 0.950 

ConvLSTM 0.062 24.156 0.954 
ConvGRU 0.062 23.905 0.955 

Att-ConvLSTM 0.061 23.842 0.955 
 
Table 1 presents the learning results for both the existing and 

the newly proposed models, showing that the feature extraction 
method that combines the attention mechanism after the 
integration of 1D CNN and LSTM layers achieved the highest 
performance. For the proposed models, it was observed that the 
average MAE was reduced by 13.3% compared to the Random 
Forest model, which had the best performance among the 
existing models. 

V. CONCLUSIONS 
In this paper, we proposed a model designed to accurately 

predict mosquito activity by simultaneously considering 
complex temporal patterns and significant temporal steps. This 
model integrated ConvLSTM and attention mechanism 
techniques, which enabled learning of time series data by 
simultaneously considering these patterns and steps. The 
performance evaluation showed that the proposed method could 
improve the performance by about 13%. These results indicated 
that the proposed model was capable of adapting to rapidly 
changing environmental factors due to climate change and the 
diverse characteristics collected from around the world. It was 

also expected that this approach would enable more accurate 
detection of abnormal patterns and sentiment analysis not only 
in healthcare, but also in fields such as medicine, speech 
recognition, and natural language processing. 

Future studies could focus on several aspects. First, the 
learning speed and performance of the model could be improved 
by using different optimization algorithms. Second, the accuracy 
of mosquito occurrence prediction could be further improved by 
incorporating additional meteorological variables. Third, the 
proposed model could be applied to regions with different 
climatic conditions to assess its generalizability and scalability. 
Finally, future research could integrate the proposed model with 
mosquito abundance and vector-borne disease (VBD) incidence 
prediction technology to explore comprehensive mosquito 
prevention strategies. 
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Abstract—Recently, multi-fusion deep learning (DL) approaches, 
which exploit the advantages of DL, have attracted attention in the 
field of artificial intelligence. Because these methods have the 
advantage of improving the prediction accuracy by considering 
the characteristics and advantages of the combined models, they 
have been applied to renewable energy research, which requires 
excellent prediction performance. In this study, we propose a 
GRU-TCN (short for gated recurrent unit and temporal 
convolutional network) model to perform multistep-ahead solar 
photovoltaic (PV) power generation forecasting for the next 24 
hours by considering the multi-time series characteristics. To 
demonstrate that the GRU-TCN model can be used for stable 
power system operation, we perform a day-ahead solar PV power 
generation forecasting for Sanyo solar panels collected at Alice 
Spring, DKASC, Australia. The experimental results show that the 
GRU-TCN model outperforms the benchmark forecasting models 
in terms of mean squared error (MSE) and root MSE (RMSE). 
 

I. INTRODUCTION 
Virtual power plants (VPPs) are gaining a lot of attention as 

a technology to better manage the participation of distributed 
energy resources in the electricity market and to improve the 
operation of the power grid. This initiative is in support of the 
implementation of the Special Law for the Promotion of 
Distributed Energy in South Korea. A VPP consists of 
distributed energy resources that work together as a single large 
power plant by combining multiple small distributed energy 
resources [1]. Advances in Internet of Things (IoT) and smart 
grid technologies are expected to enable bi-directional control 
of distributed energy resources (DERs) to solve technical 
problems and increase the efficiency of grid operation [2]. 
These technological advances offer the advantage of increasing 
the flexibility of the energy system through the integrated 
management of distributed resources. They can also help 
manage energy imbalances by enabling VPPs to predict future 
energy generation, store excess energy in energy storage 
systems (ESS), and adjust supply schedules to match demand 
from distributed resources [3]. 

Typically, electricity markets operate with day-ahead 
markets, where forecasting energy generation one day in 
advance is critical to ensuring stable energy supply and demand 
[4]. However, for renewable energy generation, due to its 
reliance on clean resources, predicting the exact amount of 
power generation is challenging. This is because power 

generation can fluctuate due to environmental factors and 
internal conditions. Therefore, developing a reliable solar 
photovoltaic (PV) power generation forecasting model that can 
simulate virtual environments within a VPP has become an 
important research issue. 

In the field of artificial intelligence (AI), a multi-fusion deep 
learning approach that exploits the advantages of deep learning 
has recently gained attention [5]. This method improves the 
prediction accuracy by incorporating the characteristics and 
strengths of different models. As a result, it is applied to solar 
PV power generation prediction research, which requires high 
accuracy. In this study, we propose a multi-fusion deep learning 
model with self-attention, which is applied to a gated recurrent 
unit (GRU)-temporal convolutional network (TCN) model. 
This model predicts the solar PV power generation forecasting 
for the next 24 hours by analyzing multi-time series data. 

This paper is organized as follows. Section 2 introduces the 
related work, and Section 3 details the data preprocessing 
process. Sections 4 and 5 describe the multi-fusion deep 
learning model for solar PV power generation forecasting in 
detail and present experimental results to demonstrate its 
superiority over benchmark forecasting models, respectively. 
Finally, Section 6 outlines the conclusions of this paper and 
suggests future research directions. 

II. RELATED WORK 
AI-based forecasting models have been developed to 

accurately predict solar PV power generation. AlShafeey and 
Csáki [6] recognized that solar PV power generation is 
influenced by various meteorological variables such as solar 
irradiance and temperature. They organized the input variables in 
three different ways: structure, hybrid, and time-series. The 
experimental results showed that the artificial neural network 
(ANN) model outperformed the multiple linear regression (MLR) 
model in terms of prediction accuracy, regardless of how the 
input variables were organized. Zhao et al. [7] introduced 
automated machine learning (AML) to streamline repetitive tasks 
such as data preprocessing and hyperparameter optimization for 
day-ahead solar PV power generation forecasting. In addition, 
they improved the forecasting accuracy by using a genetic 
algorithm (GA) to select operators well suited to weather factors, 
thereby optimizing the reconstruction of input variables and 
minimizing the error of the forecasting model. 
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Recently, DL, an important method of artificial intelligence, 

has gained attention for its effectiveness in predicting solar PV 
power generation. DL is characterized by its ability to learn 
from multiple variables and complex patterns through its 
layered structure and nodes, which makes it highly suitable for 
analyzing solar PV power generation data with diverse trends 
and patterns. In addition, recent studies have introduced various 
multi-fusion DL frameworks, which aim to leverage the 
strengths and characteristics of different DL models to build 
and train hybrid models. Pengtao et al. [8] developed a wavelet 
packet transform (WPD)-long short-term memory (LSTM) 
model, which integrates WPD with LSTM and linear weighting 
methods, with the goal of predicting solar PV power generation 
one hour in advance at 5-minute intervals. Their results show 
that the WPD-LSTM model outperforms traditional single DL 
models under different seasonal and weather conditions. 
Similarly, Agga et al. [9] introduced a hybrid convolutional 
neural network (CNN)-LSTM model tailored for next-day 
short-term solar PV power generation forecasting. This model 
was shown to outperform both single machine learning models 
(i.e., MLR, k-nearest neighbors, and decision tree) and single 
DL models (i.e., ANN, CNN, and LSTM) in experimental tests. 

However, these models do not account for the time-series 
nature of the training data, which limits their ability to 
accurately learn and reflect the dynamic aspects of time-series 
data. To address these challenges, this study introduces a multi-
fusion deep learning model that combines the strengths of GRU, 
TCN, and self-attention mechanisms after data preprocessing. 
This approach aims to improve the accuracy of multi-level solar 
PV power generation prediction through a comprehensive 
multi-fusion deep learning framework. 

III. DATA PREPROCESSING 
The solar power data and meteorological observations for 

this study were obtained from the Desert Knowledge Australia 
Solar Center (DKASC) in Alice Springs, Australia [10]. The 
DKASC houses 38 solar panels, of which 17 are Sanyo panels 
(array rating: 6.3 kW, material: other, array structure: ground 
mount, installed: 2010, etc.) were used in the experiments. Data 
were collected hourly from April 1, 2016 to April 30, 2019, and 
details of the solar panel specifications and meteorological 
observations are shown in Table 1. 

TABLE 1 
DATASET COLLECTED BY DKASC 

No. Columns 
1 Timestamp 
2 Wind Speed 
3 Weather Temperature Celsius 
4 Weather Relative Humidity 
5 Global Horizontal Radiation 
6 Diffuse Horizontal Radiation 
7 Wind Direction 
8 Weather Daily Rainfall 
9 Radiation Global Tilted 
10 Radiation Diffuse Tilted 
11 Active Energy Delivered Received 
12 Current Phase Average 
13 Active Power 

 

Because solar irradiance, the primary energy source for solar 
PV power, is time- and weather-dependent, it is critical to 
effectively use external environmental data, especially time and 
weather. However, traditional date and time formats are 
sequential, making it difficult to accurately reflect periodicity. 
For example, 23:00 pm and midnight are adjacent in time, but 
their sequence difference is marked as 23. In this study, to better 
capture this periodic nature, one-dimensional sequence data are 
transformed into two-dimensional sequence data by Equations 
(1)–(6).  

Monthx = sin(Month × (2π/12)) (1) 

Monthy = cos(Month × (2π/12)) (2) 

Datex = sin(Day × (2π/DOTM)) (3) 

Datey = cos(Day × (2π/DOTM)) (4) 

Hourx = sin(Hour × (2π/24)) (5) 

Houry = cos(Hour × (2π/24)) (6) 

In Equations (3) and (4), DOTM refers to the day of the 
month, which indicates the total number of days in a month—
for example, February, March, and April have 28 or 29, 31, and 
30, respectively. 

 

 
Fig. 1. Correlation Between Input Variables and Active Power (PV)  

Fig. 1 is a heat map visualization of the relationship between 
active power and 11 input variables, excluding time of day, for 
the Sanyo panel. This visualization shows a strong positive 
correlation between active power and solar irradiance. In 
contrast, wind direction, daily precipitation, and active energy 
supply showed negligible correlation with active power, with 
values close to zero, and were therefore omitted from the 
forecasting model input variables. 

The dataset contained missing meteorological observations 
that were attributed to either half or full days due to 
maintenance or equipment failures. Specifically, there were a 
total of 22,065 missing observations for the wind speed variable 
and 971 missing observations for the slope and scattered solar 
irradiance variables. Due to its significant proportion of missing 
data, the wind speed variable was excluded. In contrast, missing 
values for the slope and scattered solar irradiance variables 
were imputed using the linear interpolation method. In addition, 
the input variables were subjected to min-max normalization to 
account for differences in plant capacity, transforming the data 
to a 0 to 1 scale. 
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IV. PROPOSED MODEL  
The structure of the multi-fusion DL model proposed in this 

paper is shown in Figure 2. This model is a sequence-to-
sequence fusion that combines a GRU as an encoder and a TCN 
as a decoder to predict solar PV power generation over the next 
24 hours. The GRU, an improvement over the LSTM, includes 
an update gate that combines the functions of a forget gate and 
an input gate, allowing it to mix new information with retained 
memory fragments. This results in a simpler but similarly 
effective structure compared to the LSTM [12]. The TCN, 
derived from the CNN, excels at identifying large patterns in 
sequential data through extended convolution, with the 
advantage of parallel operation and reduced memory 
requirements for training [13].  

In the model, a "repeat vector" function replicates the output 
of the GRU encoder—corresponding to the predicted 24-hour 
period—as input to the TCN decoder, which then produces a 
24-hour output. A self-attention mechanism then refines this 
output to emphasize variables critical to the forecasting. A 
dense layer is added to ensure that the model output has a single 
dimension and spans 24 hours. The scaled exponential linear 
unit (SELU) function is chosen as the activation function to 
address issues of long term dependence and vanishing gradients 
[14]. Furthermore, considering the advantages of multistep-
ahead over single-step-ahead forecasting for stable grid 
operation [15], this study adopts a many-to-many approach and 
trains the model to predict hourly solar PV power generation for 
the next day. 

V. RESULTS AND DISCUSSION 
The dataset was divided into training and test sets in a 2:1 

ratio, with each sample consisting of 24 consecutive hours of 
input variables and corresponding labels. For both the training 
and test sets, the sample start time and sequence length were set 
to 24 hours. The performance of the proposed model was 
compared with two benchmark forecasting models, LSTM-
TCN and bidirectional LSTM (Bi-LSTM)-TCN, whose 
hyperparameter settings are detailed in Table 2. 

TABLE 2 
HYPERPARAMETER CONFIGURATION 

No. Hyperparameter Setting 
1 Epochs 25 
2 Batch size 24 
3 Optimizer Adam 
4 Metrics MAE 
5 Learning rate 0.001 
6 Activation function SELU 
7 Loss Huber loss 
8 Random state 42 
9 Early stopping 10 
 
Model validation was performed using mean squared error 

(MSE) and root MSE (RMSE) metrics, as described by 
Equations (7) and (8): 

where At is the actual active power (PV) at time t, and Ft is the 
predicted active power (PV) value at time t. 

In this study, a multi-fusion DL model was proposed as a 
novel approach for multistep-ahead prediction of solar PV 
power generation over the next 24 hours. For the experimental 
setup, data preprocessing was applied to account for the 
characteristics of multi-time-series data, and a multi-fusion DL 
model was constructed by integrating GRU, TCN, and self-
attention mechanisms. Table 3 evaluates the prediction 
performance for the next 24 hours using the test set from Sanyo 
solar panels.  

The experimental results showed that our model 
outperformed the benchmark forecasting models, achieving an 
average RMSE of 1.970 and an average MSE of 3.882. These 
results confirmed that the proposed multi-fusion DL model 
could effectively learn time-series patterns and temporal 
dependencies, focus on relevant information, and ensure high 
accuracy in predicting solar PV power generation.

 

MSE = (∑(Ft − At)2)/n, (7) 

RMSE = √ MSE, (8) 

Fig. 2 Architecture of a Time Series-Based Multi-Fusion Deep Learning Model for Multistep-Ahead PV Power Generation Forecasting 
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VI. CONCLUSION 
In this study, we proposed a multi-fusion deep learning 

model for predicting solar power generation over the next 24 
hours. The experimental results showed that our model 
outperformed two benchmark forecasting models, LSTM-TCN 
and Bi-LSTM-TCN, achieving an average RMSE of 1.970 and 
an average MSE of 3.882. In future work, we aim to conduct 
further experiments with solar panel data from DKASC to 
evaluate the model's performance and applicability in different 
environments, thereby improving the generalizability of the 
proposed model. 
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TABLE 3 
PERFORMANCE COMPARISON OF MULTI-FUSION MODELS FOR SANYO 

Steps 
MSE RMSE 

LSTM-TCN Bi-LSTM-TCN GRU-TCN 
(Ours) LSTM-TCN Bi-LSTM-TCN GRU-TCN 

(Ours) 
1 1.985 1.979 2.000 3.940 3.915 4.000 
2 2.002 2.013 1.979 4.007 4.051 3.915 
3 1.997 2.002 1.917 3.988 4.009 3.677 
4 2.016 2.002 1.941 4.063 4.010 3.768 
5 2.031 1.998 1.943 4.124 3.993 3.776 
6 2.038 1.985 1.927 4.152 3.939 3.714 
7 2.007 1.967 1.920 4.029 3.867 3.688 
8 1.989 1.964 1.919 3.955 3.856 3.683 
9 1.970 1.974 1.923 3.883 3.895 3.697 
10 1.949 1.977 1.930 3.800 3.910 3.726 
11 1.930 1.974 1.923 3.724 3.897 3.698 
12 1.931 1.970 1.922 3.728 3.882 3.695 
13 1.926 1.968 1.965 3.711 3.873 3.862 
14 1.952 1.974 2.007 3.811 3.898 4.027 
15 1.968 1.981 2.014 3.872 3.925 4.056 
16 2.002 1.967 2.031 4.010 3.870 4.124 
17 1.990 1.970 2.029 3.961 3.879 4.119 
18 2.013 1.975 2.026 4.051 3.900 4.105 
19 2.036 1.979 2.035 4.147 3.917 4.143 
20 2.029 1.984 2.001 4.115 3.937 4.004 
21 2.004 1.991 1.999 4.016 3.964 3.996 
22 1.996 1.995 1.967 3.984 3.981 3.867 
23 1.965 1.988 1.975 3.860 3.954 3.901 
24 1.970 1.985 1.979 3.880 3.939 3.916 

Avg. 1.987 1.982 1.970 3.950 3.928 3.882 
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Abstract— Despite the increasing use of digital devices by childr
en, research on children's speech recognition remains relatively 
sparse compared to that on adult speech recognition. This study 
aims to enhance children's speech recognition capabilities by fin
e-tuning the Whisper model to more accurately recognize and i
nterpret the unique patterns in children's voices. By utilizing a 
dataset of children's speech, this study develops a recognition m
odel specifically tailored to child users. Furthermore, this impro
vement in speech recognition accuracy aims to promote enhanc
ed interactions between children and a range of platforms, inclu
ding educational, entertainment, and gaming systems, while als
o providing support to children with developmental disorders. 

I. INTRODUCTION 
With the advent of the digital era, the use of digital devices 

and voice technologies by children has become an essential 
part of everyday life. However, the majority of existing voice 
recognition technologies have been primarily developed with 
adult voices, leading to limitations in accurately capturing the 
subtle voice patterns and emotional nuances of children's 
speech. Notably, children's voices have unique characteristics 
that differ significantly from adults', and technologies that fail 
to adequately consider these differences can not only limit the 
user experience but also pose a greater barrier for children 
with developmental disabilities. This study aims to refine and 
enhance the performance of the Whisper voice recognition 
model for children by utilizing a dataset specifically tailored 
to their voices. Through this effort, we seek to improve the 
accuracy of voice recognition in challenging environments 
with significant background noise, such as those with music 
or other sounds. These technological advances will 
significantly contribute to the development of customized 
educational content and applications that specifically consider 
the needs of children. Furthermore, they will offer substantial 
support in the early diagnosis and support for children with 
developmental disabilities, treatment of language 
development disorders, and the creation of accessible 
captions. Through this research, we aim to create an equitable 
digital environment where all children can seamlessly adapt 
to and integrate with the digital world. 

II. RELATED WORK 
Research on adult voice recognition has been extensively 

conducted across various studies; however, research on 

children's voice recognition remains relatively scarce [1], [2]. 
In the study by Nagano et al. [3] audio data recorded during 
class discussions by middle school students aged 12 to 15 
years old were augmented, as well as data from children aged 
11 to 15 years old reading prepared texts. They then applied 
a Convolutional Neural Network (CNN)-based voice model, 
achieving Character Error Rate (CER) performances of 49.49% 
and 22.22%, respectively. In addition, Yu et al. [4] fine-tuned 
the CTC-CRF model a speech recognition system that 
combines Connectionist Temporal Classification (CTC) and 
Conditional Random Field (CRF)—on datasets for adult 
reading, child reading, and child conversation. This approach 
yielded CER performances of 9.8% and 9.7%, respectively.   
Previous studies have consistently shown lower 

performance on conversational data as compared to reading 
scripted text and have primarily involved older children. 
Furthermore, research on speech recognition for Korean 
children is scant, especially when contrasted with the work 
done in English-speaking countries, China, and Japan. In this 
study, we aim to meticulously fine-tune the Whisper model 
using speech data exclusively from conversations of Korean 
children aged 3 to 10 years. Our goal is to develop and 
enhance a speech recognition model that is specialized for the 
nuances of Korean children's voices. 

III. METHODOLOGY 

A. Data 
The dataset utilized in this study was sourced from AI 

Hub's "free conversation voice" public dataset [5], which 
includes a mixed collection of male, female, and child voices. 
Specifically, the dataset comprises voice data collected from 
children aged between 3 to 10 years, amounting to 3,000 
hours of audio from more than 1,000 distinct speakers. The 
data encompasses various elements, such as voice recordings 
in WAV format, transcriptions in JSON format, details about 
the recorded participants, and the environments where the 
recordings took place. To facilitate efficient data processing 
and storage, a subset of 60,000 voice samples has been 
selected from the comprehensive dataset. This subset was 
chosen to provide a representative and manageable pool of 
data for in-depth analysis and for improving speech 
recognition models specifically designed for the distinctive 
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speech characteristics of children. Table 1 below details the 
number of datasets used. 

TABLE I 
NUMBER OF DATASET 

train validation Test 
48,000 6,000 6,000 

 
B. Preprocessing 

In this study, both audio and textual data were preprocessed 
to ensure they were well-suited for model training. Initially, 
audio data was loaded with a sampling rate of 16kHz and then 
converted into log-Mel spectrograms. This conversion is 
essential as it translates voice signal frequencies into a format 
that the model can easily process, thereby enhancing its 
ability to learn crucial auditory information effectively. 
Concurrently, the text data was cleansed to improve the 
model's learning efficiency by removing non-character 
symbols and superfluous spaces. We then prepared the text 
for model training through tokenization and assigned a unique 
identifier (ID) to each token to preprocess the text data. 

C. CER 
The CER was employed to assess the performance of the 

speech recognition model. CER calculates recognition errors 
at the character level, making it particularly relevant for 
languages like Korean, where a single word can consist of 
multiple morphemes. Utilizing Word Error Rate (WER) in 
such contexts might lead to an overestimation of the error rate. 
Therefore, CER, which provides a more accurate reflection of 
Korean speech recognition performance, was chosen. The 
formula for calculating CER is presented as Equation 1 below. 

𝐶𝐶𝐶𝐶𝐶𝐶 =  
𝑆𝑆 + 𝐷𝐷 + 𝐼𝐼

 𝑁𝑁
× 100%                  (1) 

In calculating the CER, 'S' stands for 'substitution,' 
quantifying the characters misidentified by the system and 
replaced with incorrect ones. 'D' stands for 'deletion,' 
accounting for characters that the system failed to recognize 
and consequently omitted. 'I' represents 'insertion,' which 
marks the number of characters erroneously added by the 
system, and 'N' stands for 'number of characters,' representing 
the total count of characters in the reference sequence. The 
CER is presented as a percentage, simplifying the 
interpretation of the system’s recognition error rate. 

D. Whisper 
Whisper model [6] is developed by OpenAI, this large-

scale speech recognition model, known as Whisper, 
demonstrates exceptional accuracy in voice recognition 
across complex environments, including those with unusual 
accents or significant background noise. It possesses the 
advanced capability to convert voice information into text, 
taking into account the coherence between sentences to 

ensure a natural flow of dialogue. The models are categorized 
by size into tiny, base, small, medium, and large, each defined 
by the number of parameters they contain. The foundational 
architecture of the model is illustrated in Figure 1. 

 

Fig. 1  Whisper architecture 

In this study, we built and improved a children's speech 
recognition model by fine-tuning both the Whisper base, 
small and medium model and compared their performance. 
These models have higher accuracy than Whisper tiny model 
with fewer parameters but are more efficient because they do 
not require as many computational resources as Whisper large 
model with many parameters. The hyperparameter 
information for fine-tuning is shown in Table 2. 

TABLE Ⅱ 
HYPERPARAMETER INFORMATION 

Parameters Value 
per_device_train_batch_size 32 
gradient_accumulation_steps 1 

learning_rate 5e-5 
warmup_stepts 50 

max_steps 6000 
gradient_checkpointing True 

fp16 True 
evaluation_strategy steps 

per_device_eval_batch_size 16 
predict_with_generate True 

generation_max_length 50 
save_steps 1500 
eval_stepts 1500 

logging_steps 20 
metric_for_best_model cer 

greater_is_better False 
   

The training and performance of the model depend on key 
parameters. Gradient accumulation steps allow for larger 
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batch handling by accumulating gradients across multiple 
steps. The learning rate adjusts weights and gradually in-
creases through warm-up steps. Max steps limit training du-
ration. Gradient checkpointing and fp16 improve efficiency 
by reducing memory usage and speeding up processing. Eval-
uation, saving, and logging are governed by specific strategies. 
The criteria for the best model are determined by metrics and 
evaluation settings. Output predictions are controlled by gen-
eration limits and techniques. The report_to parameter speci-
fies where training logs are sent, optimizing the workflow. 

IV. RESULTS 
In this section, we examine the results of analyzing 

children's speech recognition data using the Whisper model. 
The performance of the Whisper model, segmented by size, 
is presented in Table 3. The model's outputs for the actual 
dataset are displayed in Table 4 below. 

TABLE Ⅲ 
CER SCORE BY MODEL 

Model   CER Loss 
Whisper tiny 63.2139 5.2438 
Whisper base 55.0622 3.2975 
Whisper small 35.0561 5.4551 

Whisper medium 24.4708 5.1488 
Whisper base finetuning 16.1683 0.3944 
Whisper small finetuning 12.0924 0.3312 

Whisper medium finetuning 10.5064 0.288 

TABLE Ⅳ 
MODEL OUTPUT 

Model Output Text 

Reference Text 

자동차를 타고 동물원에 갔어요 자동차를 

타고 동물원에 갔어요 가족들과 코끼리차 

맨 뒤에 앉았어요 코끼리 차에 맨 뒤에 

앉았어요 음 그럼 이번에는 짧게 해줄게 

가족들과 코끼리 차 가족들과 코끼리 차 

맨 뒤에 앉았어요 맨 뒤에 앉았어요 

Whisper-medium-
finetuning 

자동차를 타고 동물원에 갔어요 상자를 

타고 동물원에 갔어요 가족들과 코끼리차 

메인 뒤에 앉았어요 코끼리차에 메인 뒤에 

앉았어요 음 그럼 이번에는 짧게 해줄게 

가족들과 코끼리 차 가족들과 코끼리 차 

맨 뒤에 앉았어요 맨 뒤에 앉았어요   

 
The Whisper medium finetuning model significantly 

outperformed other models. It achieved a lowest CER of 
10.5064% and a minimum loss of 0.288 This represents an 
approximately 14% reduction in CER compared to the 
standard Whisper medium model, underscoring the 
performance enhancements gained through the fine-tuning 
process. Therefore, in specialized areas such as children's 
speech data, careful customization and optimization tailored 
to the specific characteristics of the data are more important. 
Additionally, we present the results of some audio data that 
was collected during a sentence-learning activity between a 

teacher and a 4-year-old child at a daycare center, as output 
by the model. The sections in bold indicate the model's 
recognition of the child's voice. As a result of comparing the 
text labels with the manually entered audio data, it was 
confirmed that the model accurately captured the 
characteristics of the child's voice and produced generally 
accurate outputs. 

V. CONCLUSIONS 
This study focused on improving child voice recognition 

models to more accurately identify their voices as children 
increasingly use digital devices and voice technology. 
Predominantly, existing speech recognition models are 
optimized for adult speech, which poses limitations in 
accurately capturing and reflecting the unique characteristics 
of children's speech. To address these issues, we constructed 
a finetuning Whisper speech recognition model utilizing a 
dataset of children's voices. The results demonstrated that 
tailoring the model to specific data characteristics 
significantly enhances its performance. Enhancements in 
children's speech recognition models are pivotal in fostering 
a child-friendly digital environment, potentially aiding in the 
support of language development disorders through early 
diagnosis and treatment. Future research should focus on a 
more comprehensive exploration of children's speech 
characteristics and the further fine-tuning of other size models 
to improve performance. 
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Abstract—  

Objective: Estimate global trends in substance use disorder 

(SUD) mortality rates from 1990 to 2021 and project SUD deaths 

until 2040 across 60 countries using a Bayesian age-period-

cohort (BAPC) analysis. 

Design: Analyzed WHO Mortality Database. Calculated age-

standardized country-specific SUD mortality rates for 60 

countries from 1990 to 2021 using LOESS curves. Estimated 

future SUD mortality projections up to 2040 with the BAPC 

model. 

Results: Of 60 countries studied, 37 were high-income (HICs), 

and 23 were low to middle-income (LMICs). Global SUD 

mortality rose from 2.70 deaths per 1,000,000 people (95% CI: 

1.28-4.12) in 1990 to 3.69 (95% CI: 2.21-5.17) in 2021. LMICs 

showed a significant increase from 0.25 (95% CI: -1.12 to 1.63) 

in 1990 to 5.10 (95% CI: 3.86-6.35) in 2021. Mortality rose 

notably among ages 45 and above. Positive correlations were 

found between SUD mortality rates and Human Development 

Index, Socio-demographic Index, and Gender Gap Index. 

Predictive models suggest global SUD deaths could rise from 

4.15 (95% CI: 4.02-4.31) per 1,000,000 people in 2021 to 7.67 (95% 

CI: 6.60-8.95) in 2030 and 18.74 (95% CI: 11.98-29.47) in 2040. 

Conclusions: Global SUD mortality increased from 1990 to 2021, 

especially in LMICs. Proactive strategies are urgently needed to 

reduce SUD-related mortality rates. 

I. INTRODUCTION 

Substance use disorders (SUD) pose a significant 

challenge to public health, necessitating immediate attention 

to their global trends and future projections to develop 

effective health policies and interventions. [1] The aftermath 

of the COVID-19 pandemic has seen a surge in the prevalence 

of SUD, particularly in North America, where an opioid crisis 

has significantly impacted the United States and Canada. [2] 

In 2019, the rates of opioid-related mortality were 15.8 and 

6.4 per 100,000 individuals in the United States and Canada, 

respectively, highlighting the severity of this substance use 

crisis. [3] Additionally, the pandemic period accompanied a 

reduction in hospital admissions, coinciding with a surge in 

drug overdose fatalities. This reduction in hospital 

accessibility during the pandemic may have inadvertently 

contributed to the increase in mortality rates of SUD; such 

recent shifts are likely to influence international trends in 

SUD, suggesting the need for understanding global and 

longitudinal trends in SUD mortality. 

Furthermore, the consumption of substances such as 

alcohol and psychoactive stimulants is associated with 

heightened risks of various health complications issues, 

including fractures, cognitive impairments, cardiovascular 

diseases, and delirium, each contributing to the overall 

morbidity and mortality associated with SUD. [4, 5] 

Therefore, this study utilized the World Health Organization 

(WHO) Mortality Database to provide insights into the global 

trends in SUD mortality rates. It also aimed to estimate the 

future burden of SUD up to 2040 across 60 countries.  

II. METHOD 

In brief, we investigated the international trends in SUD 

mortality rates by utilizing the WHO Mortality Database for 

60 countries between 1990 and 2021. [6] Then, we fitted 

Bayesian age-period-cohort (BAPC) models to the previous 

trends to predict SUD mortality rates up to 2040. [7]  

A. DATA SOURCES 

Primary data were sourced from the WHO Mortality 

Database, containing mortality statistics reported by member 

countries annually. [6] We extracted data on SUD-related 

deaths using specific ICD codes and population estimates 

from all available countries, sexes, and age groups. Data 

collection underwent rigorous verification by two 

independent researchers using Python software. 

 

B. STATISTICAL ANALYSIS 

We calculated age-standardized SUD mortality rates to 

adjust for population differences across countries and 

timeframes. [6] LOESS curves were employed for trend 

analysis, supplemented by categorization based on income 

levels and the Human Development Index (HDI) [6]. 

Correlation analysis was conducted using socioeconomic 

indicators like HDI, Socio-demographic Index (SDI), Gender 

Gap Index (GGI), and Gini Coefficient. [8-11] 

Decomposition analysis examined differences in SUD deaths 

attributed to population growth, aging, and epidemiological 

changes. [12] BAPC models were fitted to estimate SUD 

mortality rates from 2022 to 2040 across various 

demographics and countries. [13] 

 

C. PATIENT AND PUBLIC INVOLVEMENT 

Given the focus on global epidemiological trends, patient 

or public involvement was not applicable as the study relied 

on secondary data from the WHO Mortality Database. No 

patients were directly involved in setting the research 

question, data collection, analysis, interpretation, or 

manuscript writing. 

III. RESULT 
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Age-standardized SUD mortality rates from 1990 to 2021 

were analyzed across 60 countries using the WHO Mortality 

Database. In 1990, the LOESS smoothed rate was 2.70 deaths 

per 1,000,000 people (95% CI, 1.28-4.12), increasing to 3.69 

deaths per 1,000,000 people (95% CI, 2.21-5.17) in 2021 

(Figure 1). Of these countries, 37 were HICs and 23 were 

LMICs (Figure 1). Notably, LMICs experienced a significant 

20.4 times increase in SUD mortality rates, rising from 0.25 

deaths per 1,000,000 people (95% CI, -1.12 to 1.63) in 1990 

to 5.10 deaths per 1,000,000 people (95% CI, 3.86-6.35) in 

2021 (Figure 1). Geographical variations were evident, with 

Africa and North America showing increasing trends, while 

Asia Pacific, Europe, and Latin America and the Caribbean 

appeared to plateau (Figure 2). Significant increases in SUD 

mortality rates were observed in older age groups, 

particularly those aged 45 and above (Figure 3). Positive 

correlations were found between SUD mortality rates and 

indicators such as the Human Development Index (HDI), 

Socio-demographic Index (SDI), and Gender Gap Index 

(GGI) (Figure 4). Analysis of factors contributing to the 

increase in SUD deaths from 1990 to 2021 revealed impacts 

from population aging, population growth, and 

epidemiological changes, particularly pronounced in LMICs 

(Figure 5). Predictive modeling indicated a significant 

projected increase in SUD deaths globally, with rates 

expected to rise to 7.67 deaths per 1,000,000 people by 2030 

and 18.74 by 2040 (Figure 6). 

 

IV. DISCUSSION 

A. FINDING OF THIS STUDY 

This study observed a global increase in age-standardized 

SUD mortality rates from 1990 to 2021, with rates rising from 

2.70 to 3.69 deaths per 1,000,000 people. Notably, LMICs 

experienced a substantial 20.4-fold increase in SUD mortality. 

Geographical variations were evident, with increasing trends 

in Africa and North America. Older age groups, particularly 

those aged 45 and above, showed significant increases in 

SUD mortality rates. Positive correlations were found 

between SUD mortality rates and indices such as HDI, SDI, 

and GGI. Factors contributing to the rise in SUD deaths 

included population aging and epidemiological changes. 

BAPC models projected a continued significant increase in 

SUD mortality rates, with rates expected to rise by 2040. 

 

B. COMPARISONS WITH PREVIOUS STUDIES 

Compared to previous GBD-based studies, this research 

provides advancements by utilizing raw mortality data from 

the WHO Mortality Database, enhancing data reliability. [8] 

Additionally, our study extends beyond 2019 and covers a 

broader scope of countries, projecting future trends up to 

2040. 

 

C. POSSIBLE EXPLANATIONS 

The observed increase in SUD mortality rates aligns with 

rising prevalence of alcohol and drug use disorders, driven by 

population growth and aging. [14] LMICs face challenges in 

providing adequate treatment and mental health services, 

contributing to steeper increases in SUD mortality. [15] 

Regional variations in North America and Africa may be 

attributed to factors such as the opioid crisis and historical 

drug use patterns. [16] Aging populations present another 

contributing factor, with older individuals becoming more 

vulnerable to SUD-related mortality due to physiological 

changes and comorbidities. [17] Positive correlations with 

socioeconomic indices suggest a complex interplay between 

socioeconomic development and SUD mortality rates. [18] 

D. LIMITATIONS AND STRENGTHS 

Limitations include potential data incompleteness and 

variability, as well as underestimation of SUD mortality rates. 

Projections rely on assumptions about future trends and 

population estimates. [7] Further prospective studies 

controlling for confounding factors are needed to accurately 

estimate SUD mortality risks. [19] 

V. CONCLUSIONS 

In conclusion, there has been a marked and progressive 

increase in international SUD mortality since 1990, 

especially in LMICs and the older population. Using models 

that explicitly adjusted for the effects of age, period, and 

cohort on trends in SUD mortality, future SUD deaths are 

predicted to increase up to 2040 at the global levels. These 

findings suggest urgent and proactive strategies to reduce the 

mortality rates related to SUD are needed. 
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Fig 1. Age-standardized SUD mortality rates for the global, HICs, and LMICs population among 60 countries for the years 1990–2021.  
The LOESS mortality rates with 95 % confidence levels, weighted by country population, are shown in red. HICs included 37 countries, including Australia, 

Austria, Belgium, Canada, Chile, Croatia, Czech Republic, Denmark, Finland, France, Germany, Greece, Hong Kong, Hungary, Iceland, Ireland, Israel, Italy, 

Japan, Lithuania, Luxembourg, Netherlands, New Zealand, Norway, Panama, Poland, Portugal, Puerto Rico, Romania, Singapore, Slovenia, Spain, Sweden, 
Switzerland, United Kingdom, United States of America, and Uruguay. LMICs included 23 countries, including Albania, Argentina, Bosnia and Herzegovina, 

Brazil, Bulgaria, Colombia, Costa Rica, Ecuador, Egypt, Kazakhstan, Kiribati, Malaysia, Mauritius, Mexico, Morocco, North Macedonia, Peru, Philippines, 

Republic of Moldova, Serbia, South Africa, Thailand, and Venezuela. 

Abbreviations: HICs, high-income country; LMICs, low- and middle-income country; LOESS, locally weighted scatterplot smoother; SUD, substance use 

disorder. 

 
 

 
Fig 2. Age-standardized SUD mortality rates across the globe and five continents among 60 countries.  
The LOESS mortality rates with 95 % confidence levels, weighted by country population, are shown in red. Africa includes the 4 countries, including 

Egypt, Mauritius, Morocco, and South Africa. Europe includes the 31 countries, including Albania, Austria, Belgium, Bosnia and Herzegovina, Bulgaria, 

Croatia, Czech Republic, Denmark, Finland, France, Germany, Greece, Hungary, Iceland, Ireland, Italy, Lithuania, Luxembourg, Netherlands, North 
Macedonia, Norway, Poland, Portugal, Republic of Moldova, Romania, Serbia, Slovenia, Spain, Sweden, Switzerland, and United Kingdom. Asia Pacific 

includes the 11 countries, including Australia, Hong Kong SAR, Israel, Japan, Kazakhstan, Kiribati, Malaysia, New Zealand, Philippines, Singapore, and 

Thailand. North America includes the 4 countries, including Canada, Panama, Puerto Rico, and United States of America. Latin America and the Caribbean 
include the 10 countries, including Argentina, Brazil, Chile, Colombia, Costa Rica, Ecuador, Mexico, Peru, Uruguay, and Venezuela. 

Abbreviations: LOESS, locally weighted scatterplot smoother; SUD, substance use disorder. 
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Fig 3. LOESS smoothed SUD mortality rates by sex and age group among 60 countries, 1990–2021.  

Abbreviations: LOESS, locally weighted scatterplot smoother; SUD, substance use disorder. 
 

 

 
Fig 4. Correlation between age-standardized SUD mortality rates and Human Development Index, Socio-demographic Index, Gender Gap Index, and Gini 

coefficient. Abbreviations: SUD, substance use disorder. 
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Fig 5. Changes in the number of SUD deaths associated with aging, epidemiological change, and population from 1990 to 2021 by sex. Dots represents the 

integrated outcome of three factors: aging, epidemiological change, and population. 
Abbreviations: HICs, high-income country; LMICs, low- and middle-income country; SUD, substance use disorder. 

 

 
 

 

 
 

 
Fig 6. Projections in age-standardized substance use mortality rates from 1990 to 2040 by Bayesian age-period-cohort models. The dashed line represents the 

Bayesian age-period-cohort value for forecasted mortality, while the shaded area signifies the 95% credible intervals. 
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Abstract—Developmental delays, which include a wide range of 
developmental milestones not achieved within the expected age 
range, are influenced by genetic, environmental, and 
socioeconomic factors such as congenital anomalies, infections, 
and family conditions. The critical importance of early childhood 
in laying the foundation for future development underscores the 
need for timely identification and intervention for at-risk infants 
and toddlers. This paper proposes the use of computational models 
to refine the early diagnosis of developmental disorders. By 
examining the behavioral and interactional patterns of children, 
both typical and developmentally delayed, we aim to establish a 
robust framework for identifying developmental disorders and 
delays. Using state-of-the-art convolutional neural network 
(CNN)-based models, including spatiotemporal graph 
convolutional network (ST-GCN), two-stream convolutional 
networks, and R(2+1)D models, our approach focuses on the 
detection of distinct behavioral patterns. These include self-
injurious, stereotypic, and aggressive behaviors categorized under 
the behavior problems inventory (BPI) framework. Through 
detailed behavioral analysis and advanced detection technologies, 
we aim to contribute to early diagnosis and intervention strategies 
for developmental disabilities in children, potentially mitigating 
long-term developmental challenges. 

I. INTRODUCTION 
In recent years, the integration of computer vision technology 

into healthcare and developmental monitoring has shown the 
potential to revolutionize early detection and intervention for 
several conditions. Identifying developmental delays in children 
as early as possible and providing early intervention has the 
greatest impact on positive outcomes [1]. A developmental delay 
is defined as a 25% delay in two or more of the following areas: 
gross/fine motor, speech/language, cognitive, social/personality, 
and activities of daily living, compared to normal expectations 
for their age. Developmental delays can have a significant 
negative impact on a child’s quality of life. The ultimate goal of 
treating developmental delays is to maximize a child’s potential 
and minimize secondary complications, enabling them to live as 
independently as possible, thereby improving their quality of life. 

Traditionally, identifying these developmental delays has 
relied heavily on parental guesswork and professional 

assessments based on everyday life experiences. However, 
these methods can be somewhat subjective and can lead to late 
or missed diagnoses of developmental delays. Advances in 
computer vision technology have made it possible to analyze 
complex human behavior through image analysis. The 
emergence of sophisticated computer vision techniques, such as 
spatiotemporal graph convolutional networks (ST-GCNs) [2], 
two-stream convolutional networks [3], and R(2+1)D models 
[4], is a promising alternative to relying on humans to assess 
developmental delays. 

By leveraging closed-circuit television (CCTV) footage, a 
ubiquitous resource in many public and private settings, 
computer vision techniques such as object tracking, behavior 
recognition, and interaction understanding can potentially 
provide an objective, real-time, and non-invasive way to 
monitor a child's development. This approach could help fill 
gaps in current screening practices by identifying children early 
who may benefit from additional diagnostic or early 
intervention services. 

In this paper, we discuss the steps that need to be taken to 
apply computer vision techniques with this potential to the early 
screening of children for developmental delays. In particular, 
we focus on how existing object tracking, motion detection, and 
interaction recognition techniques can be modified and applied 
to analyze children’s movements and interactions in 
environments captured by CCTV. The ultimate goal of this 
research is to use practical, scalable, and non-invasive tools to 
detect early developmental delays to support early intervention 
and improve long-term outcomes for children. 

II. BACKGROUND 
Computer vision in healthcare covered a wide range of 

applications, from analyzing medical images (e.g., MRI, CT 
scans, etc.) to monitoring patient movement in clinical settings, 
and was not a new concept [5]. Recent advances have enabled 
more sophisticated applications, such as emotion recognition, 
gait analysis, and prediction of patient falls [6]. However, the 
use of computer vision to monitor children's developmental 
stages remained relatively uncharted territory. Existing studies 
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have tended to focus on controlled environments and specific 
tasks, failing to capture the complexity of behavior and 
environments. 

The detection of developmental delays has traditionally 
relied on standardized developmental screening tools and 
casual observation [1]. While effective, these methods required 
significant resources, expertise, and commitment from parents 
or caregivers. While there has been ongoing research into the 
use of technologies such as wearable sensors and specialized 
software applications in this area, these approaches often 
require active participation or specialized equipment, limiting 
their scalability and accessibility. 

Object tracking and behavior recognition technologies have 
made significant advances due to deep learning and the 
availability of large annotated datasets. However, their 
application to children in the context of developmental 
monitoring was sparse. Children's movements and interactions 
were highly variable, context-dependent, and significantly 
different from those of adults, posing challenges to existing 
algorithms. In addition, privacy and ethical considerations were 
paramount in sensitive settings such as homes and schools, 
especially for vulnerable populations. 

Understanding social interactions through computer vision 
has provided a rich dataset for assessing social and emotional 
developmental stages. However, current research has primarily 
focused on adult interactions in contexts such as surveillance 
and social behavior analysis. Adapting these techniques for 
children has required recognizing the nuanced dynamics 
between children and between children and adults that are 
critical to social and emotional development. 

In summary, while the potential of computer vision 
techniques for early detection of developmental delays in 
children was significant, numerous challenges remained in 
applying these techniques to early screening. This thesis aims 
to address these challenges through an experimental 
investigation of the applicability, barriers, and potential 
solutions for using computer vision in the early screening of 
child developmental delays via CCTV video analysis.  

III. COMPUTER VISION FOR DELAY DETECTION 
The experimental goal of this study was to explore the 

applicability of computer vision techniques for early detection 
of developmental delays by analyzing children’s movements 
and behaviors based on CCTV footage. For this purpose, we 

used a combination of YOLOv8 [7] and DeepSORT [8], the 
latest technologies in object tracking and behavior recognition, 
and we used the temporal segment network (TSN) [9] model 
implemented in the MMAction2 framework for behavior 
recognition. The model was pre-trained on the Kinetics-400 
dataset, which contains 400 behavior classes and consists of at 
least 400 video clips for each behavior, providing the data 
needed to recognize a wide range of human behaviors. The 
architecture of the TSN is shown in Fig. 1. 

A. Object Tracking 
The results of combining YOLOv8 and DeepSORT for 

object tracking are shown in Fig. 2 and 3. YOLOv8 was used 
for object identification, and DeepSORT was used for object 
tracking. The combination of these technologies provided high 
accuracy and processing speed for object detection and tracking. 
This allowed us to accurately track the location and movement 
of the children in the CCTV footage. 

 

 
Fig. 2 Detecting and tracking result (children only) 

 
Fig. 3 Detecting and Tracking result (children & adult) 

 
Fig. 1  Temporal segment network (TSN) architecture 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

58



B. Action and Interaction Recognition 
The TSN model within the MMAction2 framework was used 

to recognize children's actions and interactions. TSN divided the 
video into multiple temporal segments and integrated features 
from each segment to analyze the behavior of the entire video. 
The results of behavior and interaction recognition are shown in 
Fig. 4 and 5. When applied to child behavior and interaction 
videos, TSN showed promise in recognizing child behavior and 
interaction with additional performance improvements. 

 

 
Fig. 4 Action and interaction result (pushing car) 

 
Fig. 5 Action and Interaction result (hugging) 

Below is a simplified representation of Table I, which shows 
the accuracy of the TSN model in recognizing specific child 
behaviors and interactions from the video footage. Each row 
corresponds to a number (representing a scenario) and lists the 
behaviors identified by the TSN model along with their 
recognition accuracy (in parentheses). 

TABLE I 
ANALYSIS OF CHILD BEHAVIOR RECOGNITION ACCURACY 

Scenario Behavior 1 Behavior 2 Behavior 3 

Pushing car Pushing car 
(0.9289) 

Crawling baby 
(0.0562) 

Pushing cart 
(0.0174) 

Throwing ball Tai chi 
(0.1932) 

Throwing ball 
(0.1350) 

Side kick 
(0.1024) 

Hugging Hugging 
(0.2612) 

Carrying baby 
(0.0696) 

Throwing ball 
(0.0569) 

 
This table demonstrates the ability of the TSN model to 

recognize and distinguish between different child behaviors and 
interactions. The scenarios were referred to by the actions they 
predominantly represented, and the numbers indicated how 
accurately each behavior was recognized by the model. For 
example, in Fig. 4, the model recognized the behavior “pushing 

a car” with a high accuracy of 92.89%, while other behaviors 
such as “crawling baby” and “pushing a cart” were recognized 
with much lower accuracy. This variation in recognition 
accuracy underscores the challenges and successes of using 
computer vision to detect developmental delays by analyzing 
children’s behaviors. 

IV. CONCLUSIONS 
In this study, we explored the possibility of early detection of 

developmental delays in children by applying computer vision 
technology to CCTV images. By combining YOLOv8 and 
DeepSORT, we verified that fast and accurate object tracking 
was possible, and TSN models within the MMAction2 
framework were used for behavior recognition. The experimental 
results showed that the object recognition and tracking 
technology performed well in identifying and tracking children 
in CCTV footage. This proves that computer vision technology 
can accurately identify the location and movement of children. 

However, it did not perform as expected in behavior and 
interaction recognition due to the child's unique movement 
patterns, different forms of interaction, and racial disparity from 
the pre-training data. To address these issues, additional datasets 
appropriate for countries that provide early screening services for 
developmental disabilities need to be built, and algorithms that 
can accurately analyze children's unique patterns and different 
interaction modalities need to be developed. Nevertheless, the 
promise shown in our experiments highlights the importance of 
further research and technology development in this area. 
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Abstract— Developmental disorders and delays are recognized as 
a growing concern in South Korea. The exact prevalence rates may 
vary depending on the specific disorder, but studies indicate that 
a significant number of children are affected. Developmental 
disorders and delays are relatively common terms that manifest in 
1-3% of children under the age of 5. They do not signify a specific 
condition or disorder but rather denote slower progress in 
development compared to their peers of the same age. Early 
detection and intervention for developmental delays and disorders 
in children under 3 years old are urgent matters as the 
developmental pace of infants and toddlers is significantly faster 
compared to other stages, making the period below 3 years of age 
the time of highest potential growth in learning and behavioral 
acquisition. However, while it is currently possible to monitor the 
growth and developmental trajectory of infants and young 
children through health check-ups, which include measurements 
such as brain size, weight, and height, there is a lack of adequate 
criteria for appropriately evaluating developmental delays and 
disorders. In addition, recent studies have sought to discover 
digital biomarkers and utilize them to evaluate certain health 
conditions including mental health. In this study, our goal is to 
examine past research on gathering insights from usage data 
collected from different digital devices and to explore how this 
data relates to health conditions, focusing specifically on gaze 
analysis. 

I. INTRODUCTION 
 
In the context where the issue of declining birth rates 

emerges as a primary concern among the populace, there is 
evidence indicating a notable increase in the incidence of 
preterm births relative to the general birth rate. Based on data 
released by the National Statistics Office, the prevalence of 
high-risk neonates (preterm infants born before 37 weeks of 
gestation) has escalated by approximately 1.5-fold over the past 
decade, rising from 5.8% in 2010 to 9.2% in 2021.  

There are several problems related to assessing children for 
developmental issues. In fact, developmental delay and 
communication disorders diagnoses and treatments are delayed 
due to limited accessibility, as hospitals and behavioral 
development enhancement centers are concentrated in 
metropolitan area. Parents experience delays in developmental 
delay diagnoses due to prolonged waiting times averaging more 

than three months for child developmental stage assessments, 
compounded by limited support from national child psychology 
centers. Additionally, the financial burden posed by private 
behavioral development enhancement centers, child 
psychological counseling and therapy centers becomes 
prohibitive for caregivers.  

The developmental pace of infants and young children is 
notably rapid compared to other periods, rendering the period 
under three years of age as the most opportune for identifying 
and intervening in potential developmental delays and 
disabilities, given its highest potential for learning and 
behavioral acquisition. Early intervention is deemed necessary 
due to the diminishing efficacy of interventions as patterns of 
independent emotional and cognitive processes solidify and 
behaviors become entrenched beyond the period of infancy and 
early childhood. Comprehensively addressing developmental 
delays and disabilities at the national level necessitates the 
collection of diverse assessment outcomes and the 
identification of patterns within extensive datasets. Early 
identification of infants and young children at risk of 
developmental delays and disabilities within high-risk groups, 
along with continuous monitoring, is essential. In this study, we 
focus on gaze movements on assessing developmental delay in 
children. 

II. GAZE ANALYSIS METHODOLOGIES 
Eye tracking has been an active research topic over the past 

decades to investigate cognitive process and visual attention. 
Generally, gaze analysis is achieved by computing and 
evaluating eye movement metrics. In this section, related 
studies are reviewed in terms of how to identify fixations and 
saccades, types of eye metrics, and gaze analysis methodologies 
depending on the types of data, such as images and videos. 
Finally, studies on how eye tracking can be utilized in medical 
practice will be revisited. 

A. Fixation Identification Algorithms 
Eye movements are mainly composed of saccades and 

fixations. While the former refers to the fixed eye movement 
over informative regions of interest, the latter refers to the rapid 
eye movements between the fixations to move the eye-gaze 
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from one point to another. Gaze analysis requires to identify 
fixations and saccades to compute eye movement metrics. 
There are three different types of identification algorithms 
based on velocity, dispersion, and area. Velocity-based fixation 
identification algorithms prioritize the velocity data within eye-
tracking protocols, capitalizing on the observation that fixation 
points exhibit low velocities while saccade points display high 
velocities. On the other hand, dispersion-based algorithms 
focus on the spread distance of fixation points, assuming that 
these points typically cluster together in close proximity 
whereas area-based algorithms detect points within specified 
area of interest (AOIs) that depict relevant visual targets. Five 
representative identification algorithms are summarized in 
Table 1. 

TABLE I 
TYPES OF FIXATIONS IDENTIFICATION ALGORITHMS 

Criteria Representative Algorithms 

Velocity Velocity-Based Identification (I-VT) 

Velocity Hidden Markov Model Fixation 
Identification (I-HMM) 

Area Area of Interest Identification (I-AOI) 

Dispersion Dispersion-Threshold Identification (I-DT) 

Dispersion Minimum Spanning Trees Based 
Identification (I-MST) 

 
The five representative identification algorithms were 
evaluated in terms of accuracy, speed, robustness, ease of 
implementation, and number of parameters in [1]. Although 
velocity-based identification algorithms are the simplest 
method to understand and implement, the result indicates that 
dispersion-based algorithms are robust and relatively accurate 
in comparison to velocity and dispersion-based fixation 
identification algorithms. 

B. Eye Tracking Metrics Typically Used for Static Images 
Over the past decades, eye gaze analysis has focused on 

images where respondents were presented with the static 
images and capture the eye movements over the images. 
Analysis of gaze patterns and eye movements requires to 
identify saccade and fixation points, and compute eye 
movement metrics. Common eye movement metrics include 
fixation durations, saccadic velocities, saccadic amplitudes, and 
various transition-based parameters between fixations and/or 
regions of interest. Definition of each metric is given as below. 

• Time to first fixation: The amount of time that it takes a 
respondent to look at a specific AOI from stimulus onset. 

• Dwell time: The amount of time that respondents have 
spent looking at a particular AOI. 

• Ratio: The information about how many of respondents 
actually guided their gaze towards a specific AOI. 

• Fixation sequences: The information about when and 
where a participant looked, which is based on both spatial 
and temporal information. 

• Revisits: The information about how many times a 
participant returned his/her gaze to a particular spot, 
defined by an AOI. 

• First fixation duration: The information about how long 
the first fixation lasted for. 

• Average fixation duration: The information about how 
long the average fixation lasted for, which can be 
determined for either individuals or for groups. 

• Heatmaps: The visual information about the general 
distribution of gaze points, which are typically shown as a 
color gradient overlay on the presented image or stimulus.  

C. Gaze Analysis on Videos 
Recently, eye tracking technology has been gaining more 

popularity in analyzing videos. The characteristics of videos are 
different from static images, and people are different in 
prioritizing their attention to objects or areas within the 
presented image. Owing to this, different types of eye tracking 
metrics are necessary, and researchers proposed to analyze eye 
metrics that allow comparison between multiple respondents 
while presenting videos, such as scarf plots that visualize gaze 
transitions among areas of interest (AOIs) on timelines, a tree 
visualization to compare duration, frequency, and orderings of 
fixations on a timeline [2]. 

D. Eye Gaze Analysis in Medical Practice 
Eye tracking technology has been tested to evaluate its 

efficacy in the field of healthcare. Eye tracking can be used to 
help increase the diagnostic accuracy. Numerous investigations 
have employed eye tracking methodologies to scrutinize 
participants' gaze patterns during the execution of visual tasks, 
facilitating medical practitioners in the identification of 
nuanced aberrations in visual function through comparative 
analyses between experimental cohorts and control 
counterparts. In neurology, the technology has been utilized to 
help diagnosis precision for attention deficit hyperactivity 
disorder (ADHD) and findings suggest that the technology is 
able to provide additional information that may be associated 
with the ability to maintain focus during visual tasks [3]. In 
addition, the technology has proven that gaze patterns can be 
used to analyze eye contact during social interaction for autism 
spectrum disorder (ASD) [4]. 

III. SUMMARY AND CONCLUSIONS 
Although eye tracking has been gaining popularity in 

healthcare domain as the technology can provide valuable 
information by quantifying eye movements associated with 
AOIs, the information should be interpreted with caution. This 
is due to the fact that eye movement metrics are significantly 
affected by fixation identification algorithms, which determines 
fixation and saccade points to compute the metrics based on. 
Evidence suggests that dispersion-based algorithms are 
relatively robust as compared to velocity- and area-based 
identification algorithms. Moreover, even though the eye 
movement metrics can be utilized for both static images and 
dynamic videos, the metrics must be computed from the 
continuous images and be expressed on a timeline.  
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Abstract— Despite the numerous researchers who have conduc

ted studies on fall detection, falls continue to pose a critical concer

n, particularly among the elderly and individuals with limited mo

bility. In this study, we propose an enhanced fall detection frame

work that integrates the detection of near-fall events, thereby pro

viding a more comprehensive safety monitoring solution. We extr

act dynamic sequences from video streams, capturing the tempor

al evolution of motion patterns during falls which is commonly us

ed in computer vision and action recognition tasks. The proposed 

approach merges the strengths of convolutional neural networks 

(CNNs) architecture specifically tailored for fall detection. The C

NNs learn spatial and temporal from dynamic images, enabling r

obust classification. Moreover, we are leveraging a pre-trained C

NN based model which are InceptionV3, and VGG16. We collect 

new datasets which contains 2124 video clips for falling, 504 video

 clips for near-fall, and 206 video clips for non-fall incident. The r

esults, coupled with model accuracies of CNN at 97.89%, Inceptio

nV3 at 94%, and VGG16 at 82.63, demonstrate the effectiveness a

nd efficiency of our approach across three classes: fall, near-fall, 

and non-fall. 

 

I. INTRODUCTION 
Falls represent a major public health concern, especially for 

older individuals, with those aged 65 and above who live 
independently at home facing the greatest risk [1]. This issue 
extends across all age groups and is attributed to factors such as 
physical weakening, previous falls, reliance on assistive devices, 
balance, or mobility issues, visual or auditory impairments, and 
poorly lit environments. Swift fall detection is crucial to 
minimizing injury severity and ensuring prompt medical 
intervention. 

According to the Public Health Agency of Canada, in 2026, 
one Canadian older than 65 will be out of five whereas in 2001 
the portion was eight to one. Notably, 93% of elderly people 
stay in their private houses and 29% of them will be led to live 
a lonely life [2]. There are various types of falling that cause 
injuries such as loss of balance, falls when sitting down, 
backward falls, forward falls, and falls by side. These kinds of 
fall by direction. In addition, physical activities and 
cardiovascular disorders cause falls. 

In recent years, there has been a notable emphasis on 
developing efficient fall detection systems that leverage 
technological advancements. These systems integrate various 
tools such as wearable sensors, sophisticated computer vision 
techniques, and machine learning algorithms to accurately 
detect instances of falls, primarily through smartphones [3-4]. 
However, several limitations persist, particularly regarding the 
volume of data and challenges associated with the devices used. 
Wearable sensors face issues like user compliance, discomfort, 
limited battery life, installation complexity, maintenance 
requirements, and restricted coverage. Additionally, camera-
based systems encounter challenges such as data resolution, 
scalability, synchronizing data from multiple cameras, and 
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limitations in input features. Moreover, while fall accidents 
may not always lead to severe health consequences, healthy 
individuals are still susceptible to accidental falls, and they 
often lack access to expensive 24-hour monitoring devices [5]. 
As a result, there is growing interest in utilizing computer vision 
for fall detection, particularly through camera video analysis. 

Despite the progress made in fall detection using cameras, 
several limitations persist in existing approaches. These 
limitations include challenges related to the camera's field of 
view, the quality of background lighting, the distances between 
objects and cameras, and the potential for falls occurring 
outside the designated fall coverage area. Additionally, the 
complexity of human actions poses a significant challenge in 
accurately detecting falls, especially since much of the recent 
research has primarily focused on distinguishing between falls 
and non-falls only [6]. 

Furthermore, current research on fall detection often neglects 
the critical aspect of detecting falls rapidly. While accuracy is 
important, the speed of detecting a fall is equally crucial. Many 
existing systems lack the capability to promptly alert caregivers 
or emergency services, leading to potential worsening of the 
consequences of falls, particularly for older adults. Recognizing 
and addressing this gap is essential for advancing fall detection 
technology and ensuring timely assistance for those in need. 

In this study, our primary objective is to detect falls by 
incorporating near-fall events. Near-fall occurrences serve as 
early indicators of an impending fall, enabling us to identify and 
intervene before the fall transpires. 

We have proposed a Convolutional Neural Networks (CNN) 
model that utilizes a single camera to capture video sequences. 
A key aspect of our approach is the conversion of these video 
sequences into dynamic images using the rank pooling method 
with static windows. This technique aims to enhance the 
model's ability to detect falls efficiently. Our passion lies in 
leveraging computer vision, as it eliminates the need for 
individuals to wear any devices on their bodies. We have 
meticulously collected a high-quality dataset with a 
sophisticated environment setup to support our research 
endeavors. 

Furthermore, we have structured our dataset to encompass 
three distinct classes: non-fall, near-fall, and fall. To construct 
this dataset, we enlisted the participation of twenty-four healthy 
individuals from both adult and youth demographics, 
comprising both male and female subjects. Videos were 
recorded across various environmental settings such as 
hospitals, homes, roads, and nursing homes, each video 
segment lasting no more than 10 seconds. This diverse dataset 
facilitates robust training of our fall detection model, enabling 
it to effectively differentiate between different scenarios and 
environmental conditions. 

Building upon this dataset, we propose a novel approach for 
fall detection using Convolutional Neural Networks (CNNs). 
Our proposed model incorporates a pre-trained CNN base 
model, complemented by custom layers for feature processing 
and classification. This strategy allows us to leverage the rich 
feature representations learned by the base model while 
tailoring the model specifically for the task of fall detection. 

By integrating the pre-trained base model with custom 
layers, our model learns to extract pertinent features from input 
images and make precise predictions regarding fall 

occurrences. Through meticulous experimentation and 
evaluation, we showcase the efficacy of our proposed model in 
accurately estimating falls from visual data, thereby 
contributing significantly to the advancement of fall detection 
technology, and enhancing the safety and well-being of 
vulnerable individuals. 

Our contribution of this research is focusing on improving 
fall prevention technology in two main ways: first, by collecting 
real-world data that includes different lighting, flooring, and 
noise conditions while ensuring ethical data acquisition, and 
second, by incorporating near-fall even which can be the early 
sign to detect a fall. 

This study is organized into five sections. Section II presents 
a review of related work, Section III outlines our proposed 
methodology for fall detection using a single camera viewpoint, 
Section IV presents the experimental results and system 
discussion, and finally, Section V concludes the work and 
discusses avenues for future research. 

II. RELATED WORK 
In recent years, there has been a notable surge in research 

focusing on fall detection, reflecting the growing awareness of 
this issue. While falls may not always lead to severe health 
problems, they pose a significant risk even to healthy 
individuals, especially when access to expensive 24-hour 
monitoring devices is limited. To tackle this concern, 
researchers and engineers have been developing new fall 
detection systems that leverage camera video to swiftly detect 
and alert caregivers or medical personnel in the event of a fall. 
Numerous studies in fall detection research have contributed to 
advancing our understanding of this critical field. 

Xiao et al. [7] propose a novel approach that extends 
dynamic imaging techniques from RGB video to depth video, 
introducing multi-view dynamic images constructed from raw-
depth video at different virtual imaging viewpoints within 3D 
space. This method enhances action representation by capturing 
motion and temporal evolution information. 

Chhetri et al. [8] present a system that utilizes dynamic 
optical flow to summarize video content, employing the 
Enhanced Dynamic Optical Flow technique for encoding 
temporal data from optical flow videos using rank pooling. 

Bilen et al. [9] introduce the concept of dynamic images, 
offering a compact representation of videos that is particularly 
advantageous for video analysis, especially when employing 
convolutional neural networks (CNNs). 

Rastogi, Shikha, et al. [10] address fall detection (FD) and 
activity monitoring (AM) using vision-based methods, 
evaluating various techniques across different camera types and 
complex indoor and outdoor scenes. Their comparative analysis 
provides insights into suitable FD and AM techniques. 

Singh et al. [11] focus on human activity recognition (HAR) 
using vision-based methods, proposing a deeply coupled 
ConvNet that combines RGB and dynamic motion images. 
Their approach achieves high accuracy on standard RGB-D 
datasets for single and multiple-person activities, surpassing 
state-of-the-art methods. 

Hazelhoff et al. [12] introduce a real-time fall-detection 
system for unobserved home environments, utilizing two 
uncalibrated cameras and employing principal component 
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analysis and a Gaussian multi-frame classifier for fall detection, 
achieving over 85% accuracy. 

Fernando et al. [13] introduce a rank pooling technique to 
represent video sequences robustly, enhancing action 
recognition performance in computer vision and pattern 
recognition tasks. 

Leite et al. [14] propose a multi-stream approach for fall 
detection using optical flow, saliency map, and RGB data fed 
into a VGG-16 architecture and classified by an SVM, 
achieving impressive accuracy rates on URFD and FDD 
datasets. 

Putra et al. [15] introduce an event-triggered machine 
learning (EvenT-ML) approach for fall detection, aligning fall 
stages precisely to enhance feature recognition and assessing its 
effectiveness in accurately detecting fall events. 

III. METHOD 
In this work, we explore the effectiveness of various deep 

learning models, including Convolutional Neural Networks 
(CNNs), InceptionV3, and VGG16 have been individually 
trained and evaluated, for fall detection. CNNs have 
demonstrated remarkable success in image classification tasks 
due to their ability to learn hierarchical representations from 
raw pixel data. Additionally, by utilizing pre-trained models 
like InceptionV3, and VGG16, which have been trained on 
large-scale image datasets, we leverage transfer learning to 
harness the knowledge encoded in these models and adapt it to 
our specific fall detection task. 

 

 
Fig. 1 An Overview of The Proposed Method 

The process starts by gathering data from 24 participants 
across varied scenarios, including differences in room layout, 
furniture arrangement, and more, where input in the form of 
video frames is acquired. Next, the preprocessing stage 
involves dynamic image creation and data augmentation. 
Dynamic image creation selects relevant frames from the video 
and convert them into a single image, effectively capturing 
essential information from the entire sequence as shown in Fig. 
2, while data augmentation techniques enhance the dataset’s 
diversity.  

Finally, the feature extraction and classification stage 
employ a model architecture trained on the augmented data to 
predict fall events. The model provides three possible outcomes: 
‘Fall,’ ‘Near-Fall,’ and ‘Non-Fall.’ By evaluating 
these models, we aim to identify the most suitable architecture 
for accurately categorizing fall events into 'Fall,' 'Near-Fall,' or 
'Non-Fall' outcomes. This approach allowed for a 
comprehensive evaluation of each model's performance in 
accurately detecting fall events within video data. 

 
 
Fig. 2 Illustrates dynamic images extracted from short video sequences, 

condensed into static images. These images provide a clear, impactful, and 
efficient representation of videos, which is especially advantageous for fall 
detection applications. 

 
The examples of dynamic images are generated by 

summarizing short video sequences into still images by 
utilizing a rank pooling technique that captures essential 
moments of action from a sequence of videos. These dynamic 
images serve as a simplified and efficient representation of the 
video content. The process of converting videos into dynamic 
images will be further detailed in a subsequent section. 

A. Dynamic Image Creation 
In this stage, we describe the processing of dynamic creation.  

A dynamic image is a standard RGB image that summarizes the 
appearance and dynamics of a whole video sequence. 

CNNs are great at learning complex data representations 
automatically, but they're limited to specific pre-designed 
architectures. When designing CNNs for video data, we need to 
consider how to present the video information to the CNNs. 
Therefore, dynamic image creation plays an integral part in this 
work. 

Our proposed approach capitalizes on the framework 
introduced by Fernando et al [13]. To generate dynamic images 
for fall detection. The paper proposed representing a video 
using the ranking function for its frames (𝐼𝐼1, … , 𝐼𝐼𝑇𝑇). Each frame 
(𝐼𝐼𝑡𝑡) contributes a feature vector ∈ 𝑅𝑅𝑑𝑑. They compute the time 
average of these features up to time t: 𝑉𝑉𝑡𝑡  = 1

𝑡𝑡
∑ ψ(𝑡𝑡
τ=1  𝐼𝐼𝑇𝑇). The 

ranking function assigns a score S(t|d) to each time t. The score 
is based on a vector of parameters d ∈  𝑅𝑅𝑑𝑑. The goal is to ensure 
that the scores reflect the rank of frames in the video. Frames 
occurring later in the video receive larger scores. Specifically, 
if q > t, then S(q|d) > S(t|d). Learning d is posed as a convex 
optimization problem using the RankSVM [16] formulation: 

 
𝑑𝑑∗ = ρ(𝐼𝐼1, 𝐼𝐼𝑇𝑇;ψ ) = argmin E(d), 
E(d) =λ

2
||𝑑𝑑||2 + 2

𝑇𝑇(𝑇𝑇−1)
× ∑ 𝑚𝑚𝑚𝑚𝑚𝑚{0,1 − S(q|d) + S(t|d)}𝑞𝑞>𝑡𝑡   (1) 
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The first term is a standard quadratic regularize commonly 

used in SVMs. The second term is a hinge-loss soft-counter that 
tracks how many pairs of frames are incorrectly ranked by the 
scoring function. It's important to note that a pair is only 
considered correctly ranked if their scores are separated by at 
least a unit margin (S(q|d) > S(t|d) +1. 

Optimizing equation (1) defines a function ρ(𝐼𝐼1, … , 𝐼𝐼𝑇𝑇;ψ) that 
transforms a sequence of T video frames into a single vector 𝑑𝑑∗. 
Since this vector contains sufficient information to rank all 
frames in the video, it aggregates information from all frames 
and can serve as a video descriptor. Throughout the paper, we 
refer to the process of constructing 𝑑𝑑∗ from a sequence of video 
frames as rank pooling. 

In [13] the mapping ψ (⋅) utilized in this construction is based 
on the Fisher Vector coding of various local features (such as 
HOG, HOF, MBH, TRJ) extracted from individual video 
frames. 

The ψ (𝐼𝐼𝑡𝑡) function now combines the RGB components of 
each pixel in the image It into a large vector. Alternatively, ψ 
(𝐼𝐼𝑡𝑡) may incorporate a simple component-wise non-linearity, 
such as the square root function √. (which corresponds to using 
the Hellinger's kernel in the SVM). In either case, the resulting 
descriptor  𝑑𝑑∗ is a real vector with the same number of elements 
as a single video frame. Thus, 𝑑𝑑∗can be interpreted as a standard 
RGB image. The result of dynamic image creation for fall near-
fall and non-fall showed in Fig.3 

Additionally, we resize each frame to dimensions of 1920 by 
1080 during converting video to dynamic image, this helps in 
creating visual representations of the data since the original 
frames are too large.  
 

 
Fig. 3 Sample Dynamic image from each class 

B. Data Augmentations 
In this section, we first work on data augmentation. In the 

data augmentation, we applied three techniques which are 
brightness with brighter_factore =1.2 and darkness with 
darker_factore =0.8 are for lighting condition. Additionally, we 
also adjusted the horizontal flip data augmentation for camera 
angle. The sample of augmentation result shown in in the Fig 4.  

 
Fig. 4 Sample Dynamic image for data augmentation 

C. Oversampling 
The dataset exhibited significant class imbalance, as 

illustrated (a) in Fig. 5. To address this issue, a selective 
duplication approach was employed for oversampling. This 
involved duplicating and selecting specific instances from the 
minority class to match the frequency of the majority class. By 
strategically duplicating instances, we aimed to address class 
imbalance while minimizing redundancy and preserving the 
integrity of the dataset.  

 

 
(a)                                                    (b) 

Fig. 5 Before (a) and After(b) oversampling 

D. Proposed Model Architecture 

1. Convolutional Neural Networks (CNNs) 
Fig. 3 showed the proposed CNN model architecture. CNNs 

are designed for image-related tasks, including action detection. 
Within the intricate architecture of CNNs, each component 
plays a vital role in dissecting and comprehending the 
complexities of image data. 

 
Fig. 6 The architecture of the proposed CNN 
 
 The proposed CNN model, outlined in Fig. 6, starts with an 

input layer for RGB images (224x224x3 pixels) and consists of 
three convolutional layers followed by ReLU activation 
functions. The first layer utilizes 128 filters (5x5) to capture 
low-level features, followed by layers with 64 and 32 filters 
(3x3), respectively. Regularization techniques like L2 
regularization are employed to prevent overfitting. Max pooling 
layers downsample feature maps using 2x2 pooling windows. 
The flattened outputs are then fed into a fully connected neural 
network with two dense layers. The first dense layer has 256 
units with ReLU activation and dropout regularization (dropout 
rate: 0.5). The output layer, with three units and softmax 
activation, computes class probabilities for classification tasks. 
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small penalty coefficient, are incorporated into these layers to 
mitigate overfitting.  

2.  Pre-trained CNN-based Model 
Following both models layers, a MaxPooling2D layer 

downsamples spatial dimensions of feature maps, retaining 
vital information. The output is flattened into a one-dimensional 
tensor for subsequent dense layers. A dense layer with 512 units 
and ReLU activation enables learning complex patterns. 
Dropout with a rate of 0.5 prevents overfitting by deactivating 
neurons during training. The output layer, with softmax 
activation, classifies into fall, near-fall, and non-fall. Compiled 
with RMSprop optimizer (learning rate: 0.0001) and categorical 
cross-entropy loss, accuracy is monitored as the evaluation 
metric. 

 

 
 

Fig. 7 The modified architecture of proposed Pre-trained CNN-based model 

IV. RESULT 
The experimental process such as experimental result from 
proposed model, data spliting is discuss in this section. we 
collect own dataset and divide into 70:15:15. Its mean that 70% 
dataset is used for the tranining, 15% dataset is used for 
validation and testing, respectively. In the training phase, we set 
the epoch to 200 for CNN model and 300 epochs for pre-trained 
models and batch size is 32. The learning rate is 0.0001 and we 
utilized the Adam optimizer for the learning process only CNN 
and RMSprop for pretrained model. Multiple classifies are used 
and each classifies evaluated using four metrics including 
Recall Rate, F1-Score, Precision, and Accuracy. 

 
TABLE I 

THE COMPARISON OF THE MODEL EVALUATIONS 

Model 
Accuracy F1-

Score Recall Precision 

(%) (%) (%) (%) 

CNN 97.89 98 98 98 

InceptionV3 94 94 94 94 

VGG16 82.63 85 83 90 
 
The evaluation results of various convolutional neural 

network (CNN) architectures demonstrate significant variances 
in performance metrics. CNN model exhibits exceptional 
accuracy, with an impressive rate of 97.89%, alongside a 
balanced F1-score, recall, and precision, all maintaining a high 
threshold at 98%. InceptionV3, while slightly trailing behind 
the CNN model, still achieves commendable results with an 
accuracy of 94%, along with consistent F1-score, recall, and 
precision metrics at 94%. However, VGG16 demonstrates the 
lowest performance among the evaluated models, with an 
accuracy of 82.63%, albeit with a relatively higher precision 
score of 90%. These results underscore the importance of 

selecting an appropriate neural network architecture tailored to 
specific tasks, with the CNN model emerging as the frontrunner 
in this comparative analysis. 

 

 
Fig. 8 Confusion Matrix of Proposed CNN Model 

The model's performance varies across different classes. For 
the "Fall" class, it accurately predicted 99.37% of falls, with 
only 2 misclassifications. In the "Near-Fall" class, it correctly 
identified 96.05% of instances, with 2 misclassifications. 
However, in the "Non-Fall" class, it had an 87.10% accuracy, 
with 4 misclassifications.  

 

 
Fig. 9 Training and Validation Accuracy Vs. Epochs of CNN 
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Fig. 10 Training and Validation Accuracy Loss Vs. Epochs of CNN 

 

 
Fig. 11 Confusion Matrix of Proposed InceptionV3 Model 
 
In class-specific results, the model exhibits robust 

performance in identifying falls and near-falls, showing 
minimal misclassifications. Specifically, for the "Fall" class, it 
achieved a high true positive rate of 96.24%, with only a small 
percentage of instances misclassified as non-falls. Similarly, in 
the "Near-Fall" class, the model attained a true positive rate of 
94.74%, with only a few instances incorrectly labeled. 
However, in the "Non-Fall" class, the model's performance was 
comparatively lower, with a true positive rate of 70.97% and a 
higher rate of misclassifications. 

 

 
Fig. 12 Training and Validation Accuracy Vs. Epochs of InceptionV3 

 
Fig. 13 Training and Validation Accuracy Loss Vs. Epochs of InceptionV3 

 
Fig. 14 Confusion Matrix of VGG16 Model 
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The model achieves an overall accuracy of 82.63%. Across 

different categories, it correctly identifies instances of 'Fall' 
with a true positive rate of 88.09%, while experiencing false 
positives at a rate of 0.94% and false negatives at 11.84%. For 
'Near-Fall', the true positive rate is 63.10%, with false positives 
at 25.00% and false negatives at 11.84%. In the 'Non-Fall' 
category, the model demonstrates a true positive rate of 74.19% 
and a false negative rate of 25.81%. These metrics provide a 
detailed understanding of the model's performance across 
varied classes, guiding potential improvements and 
optimizations. 

 
Fig. 15 Training and Validation Accuracy Vs. Epoch of VGG16 

 
Fig. 16 Training and Validation Accuracy Loss Vs. Epochs of VGG16 

Below are the equations and descriptions for key 
performance metrics and tools often used to evaluate and 
display the results of a classification model: 
 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

   (2) 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

    (3) 

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹

     (4) 

𝐹𝐹1_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 2 ×𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 ×𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅

   (5) 

Where: 
 True Positive (TP)  

• The predicted value matches the actual value, or the 
predicted class matches the actual class. 

• The actual value was positive, and the model predicted 
a positive value. 

True Negative (TN)  

• The predicted value matches the actual value, or the 
predicted class matches the actual class. 

• The actual value was negative, and the model 
predicted a negative value. 

False Positive (FP)  

• The predicted value was falsely predicted. 
• The actual value was negative, but the model predicted 

a positive value. 

False Negative (FN)  

• The predicted value was falsely predicted. 
• The actual value was positive, but the model predicted 

a negative value. 

V. CONCLUSION AND FUTURE WORK 
This study aimed to detect early signs of falls which is near-

fall by leveraging the rank pooling technique to capture the 
temporal evolution of motion patterns during falls effectively. 
Our approach combines convolutional neural networks (CNNs) 
and pre-trained models such as VGG16 and Inceptionv3, 
customized for fall detection, to learn spatial and temporal 
features from dynamic images, thus enhancing classification 
accuracy. 

Our future research will prioritize advancements in fall 
detection systems through targeted strategies. Firstly, we will 
explore innovative of decreasing time between detection and 
actual fall and expand the dataset to include various 
environmental settings to better simulate real-life falling 
scenarios, thereby refining the model's ability to discern 
nuanced patterns in real-time fall situations. Additionally, we 
plan to explore the potential of time-series data models for 
dynamic sequence analysis. These endeavors are aimed at 
propelling the evolution of fall detection technology, ultimately 
ensuring heightened safety and well-being for individuals prone 
to falls. 
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Abstract— Speaker recognition technology has emerged as an i
mportant technology for identification in various systems such a
s e-commerce, forensic science, judicial enforcement, and artific
ial intelligence based conversation interfaces in modern society. 
This study proposes a multi-modal model that extracts speech i
ntervals for each speaker by extracting speech intervals using S
ilero vad from audio data and by classifying them based on age 
from speech intervals. The model is based on the representative 
speech signal features Spectral Contrast, Spectral Roll-Off, and 
Spectral Bandwidth, statistical values for the signal feature pea
ks, and Mel-Spectrograms images representing speaker charact
eristics. The multi-modal model is designed based on Vision Tra
nsformer, which is excellent at learning the overall spatial featu
res and complex patterns of images through a linear embedding 
process by dividing the images into patch units. This study is ex
pected to contribute to further the foundation of a more compre
hensive and adaptive system that can control response and inter
action with age. 

I. INTRODUCTION 
The voice serves as a significant medium capable of 
extracting diverse information about the speaker, including 
gender, age, health, and psychological state, among others. 
Consequently, voice analysis and recognition technology 
holds substantial applicability across various domains and is 
readily encountered in everyday life. However, most existing 
speech recognition models tend to be based on databases of 
adult speakers, leading to limited diversity in recognizing 
children’s age groups who exhibit differences from adults in 
pitch and pronunciation, resulting in lower accuracy. 
Additionally, when recognition fails, children, compared to 
adults, find it challenging to accept clear pronunciation and 
demands for tone and expression changes. Therefore, in this 
era where speech systems are essential, from education to 
therapeutic assistance, the need for speech recognition 
systems focused on children is becoming increasingly 
imperative. Moreover, information about how much and how 
children speak in interactions includes information about their 
developmental status and can serve as a crucial clue for 
diagnosis, especially in cases like autism spectrum disorder 
where early detection allows for effective treatment. In order 
to automatically extract speech features (or interactions) for 
the development of such child-related speech systems, a 
classification step is essential to distinguish between the voice 
of a guardian or medical staff and the child's voice in 
conversational speech. 

In this study, we develop a two-step speech recognition model 
targeting preschool children using conversation data sets 
between children and adults. By using both voice features and 
mel spectrum images mainly used in existing research, we 
propose a multi-modal model that learns changes and patterns 
of voice data over time in addition to signal features. This 
study is expected to contribute to the development of a system 
that provides customized treatment and services according to 
the child's language development level, disposition, emotions, 
and condition by automatically extracting the child's voice 
segments. 

II. RELATED WORK 
Tursunov et al.[1] proposed a CNN model containing two 

multi-focus modules (MAMs) to effectively extract spatial 
and temporal information, achieving 76% and 90% accuracy 
on Common Voice and Korean Speech Recognition datasets. 
However, unlike this study, the used Korean data consists of 
high-quality recordings inputted from quiet rooms, which is 
expected to be difficult to use in real life with a lot of noise. 
Safavi et al.[2] applied mainly used methods in speech signal 
analysis, such as the Gaussian Mixture Model-Universal 
Background Model (GMM-UBM), GMM-Support Vector 
Machine (GMM-SVM), and i-vector-based approaches, 
focusing on the voices of children with relatively few studies. 
The considerations for children's voices, such as changes in 
spectral information due to the high frequency of children's 
voices, such as the transformation of adolescence, were 
summarized, and the useful frequencies of gender and speaker 
identification were discovered through several experiments. 
Ghahremani et al. [3] used an x-vector deep neural network 
(DNN) architecture for age estimation based on speaker's 
speech signals by mapping variable-length utterances to 
fixed-dimensional embedding vectors that hold relevant 
sequential information. Zazo et al. [4] attempted to 
supplement the existing methods such as i-vector extraction 
and low accuracy on short speech samples of artificial neural 
networks. Accordingly, we proposed a real-time age 
estimation system based on LSTM recurrent neural networks 
(RNNs) that can handle short utterances based on speech 
features. 

 

III. METHOD 
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A. Data 
The dataset used in this study was obtained from the "Free 

Conversation Speech (Adults, Pre-schoolers)" and 
"Command Speech (Pre-schoolers)" public datasets provided 
by AI Hub. Specifically, we focused on speech samples from 
adults aged 25 to 45 and children aged 3 to 6, considering the 
language development stages. From each dataset, we utilized 
38,150 samples of free conversation (Pre-schoolers), 140,068 
samples of command speech (Pre-schoolers), and 141,803 
samples of free conversation (Adults). Each audio file 
consists of a single sentence or word. 
The average duration of the files is approximately 5 seconds 

for adults and 3 seconds for children. However, for the 
developmental measurements intended to be applied in this 
study, the recorded data typically consists of longer durations, 
often lasting several tens of minutes in a question-and-answer 
format.  Additionally, compared to the typical minimum 
duration of 10 seconds for windowing speech files, the AI 
Hub data contains durations that are too short. To address this, 
we randomly extracted 8 files (3 for adults, 5 for pre-schoolers) 
without duplication and combined them to create speech data 
with a minimum duration of 30 seconds. 
Among the generated 28,000 synthetic data samples, 

speakers are categorized only as adults or children. A gap of 
0.5 to 3 seconds is added when transitioning between speakers, 
while a random gap of 0.5 to 1 second is inserted 
consecutively for the same speaker. Subsequently, the data 
was structured according to the Kaldi documentation format. 

 
B. Pre-processing 
The audio data contains excessive information unsuitable for 

direct model learning, with a daunting rate of 16,000 samples 
per second, making it impractical for effective training. 
Therefore, in this study, the audio data underwent pre-
processing, involving the extraction of features pertaining to 
the characteristics of the speech signal, such as pitch, specific 
energy ratios, and frequency distribution, in order to prepare 
it for model training. When importing files, a random decibel 
adjustment within the range of [-5, 5] was applied to each 
voice file to account for the diverse recording conditions 
observed in real-world scenarios. 

 
C. Step 1 : Voice Activity Detection(VAD) 

VAD is a technology that distinguishes between the part 
containing voice and the part containing only silence/noise in 
a voice signal. By detecting the starting and ending points of 
speech in the input signal and extracting only accurate speech 
data, the input data of the speaker classification model can be 
reduced. Additionally, imbalances between silence and 
speech data can be prevented and learned efficiently. 

This study used Silero VAD, a pre-trained model released 
in 2021. Silero v4 16k version was used, and vad was 
extracted by setting the sample size to 512, the minimum 

utterance length to 0.3ms, and the threshold to 0.9. The results 
are shown in Figure 1. 

 
Fig. 1  Visualization of VAD results. 

 
D. Step 2 : Speaker classification 

(1) Feature 
A 64-dimensional Mel-Spectrogram image, voice features, 

and signal features were extracted from the speech section 
extracted in Step 1 in 1-second increments. 

The Mel-Spectrogram is a visual representation that maps 
frequencies to the Mel scale, reflecting the human auditory 
system, allowing you to see spectral changes over time. 
Because frequencies are correlated, it shows better 
performance in limited-domain problems, and features such 
as the speaker's age and gender can be extracted through 
image patterns. In this study, the size of the FFT is 2048, the 
Hop length is 256, and the Mel filter The number was set to 
64, and in order to improve calculation efficiency and make it 
easier to input patches of a fixed size into the Vision 
Transformer, zero padding was applied to unify the size to 
[63*64]. 

As the voice signals, Spectral Centroid, Spectral Roll-off, 
Spectral Bandwidth, Zero Crossing Rate, Tempo(BPM) were 
used. Spectral Centroid is an index that represents the spectral 
center of the voice signal by calculating the weighted average 
of the frequencies, and means the height of the voice signal. 
Spectral roll-off refers to a frequency below a specific ratio of 
the total spectral energy, and the higher the value, the richer 
and brighter the sound can be known. Spectral Bandwidth is 
the width of the frequency range within the spectrum, and the 
spectral bandwidth tends to decrease with age. The Zero 
Crossing Rate is a measure of the number of times the 
amplitude crosses zero in a voice signal and is used as an 
indicator of the rate of change of the voice signal. Tempo 
(BPM) is the number of bits per minute and refers to the 
rhythm and speed of the music. If the indicators have 
continuous values, representative values such as mean, 
maximum, and minimum values were extracted and used. 

Signal functions include rising and falling times, inter-peak 
amplitude, RMS(Root mean square), wave, skewness, 
kurtosis, mean, absolute minimum, absolute maximum, shape 
ratio, low-frequency/high-frequency filtering, and maximum 
values. After applying filtering, the power spectral density 
was calculated using the Welch method, and the maximum 
peak value was obtained. 
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Fig. 2  Feature extraction process 

 
(2) Multi-modal Model 
The model proposed in this study is a multi-modal structure 

that combines a VIT model using input data and a CNN model 
using voice/signal features using input data for Mel spectral 
images, which can be seen in Figure 3. With this structure, we 
tried to learn both the detailed spectral characteristics and 
temporal patterns of voice signals. 

Vision Transformer is an architecture for image processing 
and applies Transformer, which was originally used in the 
natural language processing domain, to the image processing 
field. The entire image is divided into small patches of fixed 
size and unfolded in a vector format, and location embedding 
are added to integrate location information into each patch. 
These combined vectors pass through the Transformer 
encoder layer to extract features of an image containing 
location information. As for the voice data, the VIT model 
was selected in that the change over time is important. 

Finally, the results from the VIT model are concatenated 
with the CNN model results to classify the speaker of that 
sample into multi-label forms. 

 
Fig. 3 Multi-modal model architecture 

 

IV. RESULTS 
In this section, we present the results of using the 

multimodal model for speaker segmentation of preschool-
adult conversations and compare it with the performance of 
the SA-EEND model, one of the representative models of 
speaker segmentation. 

Unlike previous studies using only log-mel spectra or 
MFCC, other acoustic features and signal statistics were 
additionally used in this study, and the output results of the 
SA-EEND model and this study model are shown in Figure 4, 
and the performance values for each model can be found in 
Table 1. 

The DER of the multimodal model and SA-EEND model 
in this study achieved 0.64 and 0.78, respectively, and the 
multimodal model showed higher performance. 

 
Fig. 4  Model output visualization 

 

TABLE Ⅰ . DER SCORE BY MODEL 

Model   DER 
Multi-modal Model 0.64 

SA-EEND 0.78 
 

V. CONCLUSIONS 
In this study, an experiment was conducted to classify 

speaker speech sections by age by extracting various features 
from audio data and applying them to a multi-modal model. 
It showed higher performance than the existing model, and 
the possibility of a multi-modal model was confirmed. 

The data used in this study created a speech section with 
the length of the file from the original data of the synthesized 
data, and in the process, a part other than the voice section is 
included, so a vad process for the original file is required. In 
future work, it is expected that the performance can be 
improved by additionally proceeding with solutions to these 
problems. 
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Abstract—Emotions play an important role in physiological 
activity, social interaction, and decision-making. Emotions can 
be expressed in speech, facial expressions, writing, or vital 
signs. Compared to facial expressions, speech is less affected by 
attributes such as movement, glasses, and beards. Speech emotion 
recognition (SER) has gained significant attention in recent 
years due to its wide range of applications, such as depression 
diagnosis, online education, and mental health monitoring. This 
study proposes a children’s emotion detection model based on 
the acoustic and spectral features of a speaker’s verbal cues. 
Architectures such as support vector machine (SVM), random 
forest (RF), vision transformers (ViT), and convolutional neural 
networks (CNN) have been used to test the emotion-capturing 
capability. 

I. INTRODUCTION 
Emotions play a crucial role in our daily lives and can be 

reflected in our routines and behaviours. With the advancement 
of technology, emotion recognition has become widely 
applicable in various fields such as human-computer interaction, 
medical health, Internet education, security monitoring, and 
psychological analysis. Therefore, emotion recognition can be 
assessed by analyzing facial expressions, speech, behaviour, or 
physiological signals [1]. Speech is the primary means of human 
communication. Every utterance contains information about the 
message, the speaker, the emotion, and the language. Speech 
emotion recognition (SER) is an important research area with 
wide applications. It involves detecting speakers’ emotions from 
their voices. Hence, it is necessary to develop an algorithm that 
is human-like and can accurately detect emotions. 

Several studies have used machine learning models to detect 
emotions from auditory data. The features that SER can 
extract are categorised into spectral (mel frequency cepstral 
coefficients (MFCCs), linear prediction cepstral coefficients 
(LPCCs), perceptual linear prediction (PLP), gammatone fre- 
quecny cepstral coefficients (GFCCs), Formants), prosodic 
(energy, pitch frequency), and voice quality (jitter, shimmer, 
harmonics to noise ratio) [2]. Different approaches can be 
used to derive features from audio signals. The most common 
is to divide the signals into speech frames and extract low- 
level features. Acoustic features are widely used and effective 
for most existing ML-based SER studies [3]. They include 
voice quality, prosodic, and spectral features [4]. Many studies 
have been carried out using different features. The popular 
classifiers adopted range from traditional models such as SVM, 
Gaussian Mixture Model (GMM) to deep learning models 

such as CNN and LSTM. Recently, attention has been paid 
to adopting transformer-based models (e.g., Wav2Vec, Hubert, 
ViT). In the study [5], authors apply hierarchical SVM with 
linear and RBF kernels using MFCC features and classify 
seven emotions. Additionally, prosodic features were com- 
pared against MFCC; however, the performance with prosodic 
was only 48% compared to 68% with MFCCs. [6] used a 
combination of MFCC, pitch, and energy features for emotion 
recognition tasks on three datasets. Moreover, the performance 
of different feature combinations and SVM classifier settings 
was compared. The study concluded that a combination of 
various features provides different results, and the sensitivity 
of emotional features in different languages is also different. 
The advent of deep learning techniques has radically 
changed the way audio-speech data is processed. Architec- 
tures such as CNN and ViT have been adopted to classify 
audio signals. Although the architectures are borrowed from 
computer vision, the performance has greatly improved by 
using the image-form spectral feature. [7] presents an in-depth 
review of deep learning techniques, limitations, and feature 
processing. [8] proposed a SER framework using ID CNN 
and combining five features (Chromagram, MFCCs, Mel- 
Spectrogram, Tonnet, and Contrast) as input. The model was 
evaluated on three datasets and achieved a good accuracy of 
over 60%. Combinations of features such as Mel-Spectrogram, 
MFCC, and raw spectrogram magnitudes were analyzed to 
identify the best combination of features for CNN and LSTM 
[9]. The results show that the MFCC feature provided the 
best performance and reported high accuracy rates. Recently, 
attention-based models have gained popularity, and few studies 
have applied them to SER tasks. [10] proposes self-attention- 
based deep learning (two-dimensional CNN and LSTM). The 
authors performed extensive experiments with different com- 
binations of spectral and rhythmic features. MFCCs emerged 
as the best-performing features, with an average accuracy of 
90% using a combination of three datasets. Kumar, CS Ayush, 
et al. [11] proposed a comparative study between CNN-LSTM 
and VIT for speech emotion detection. The performance was 
88.50% and 85.36% respectively. The Mel spectrogram was 
used as the input feature for the ViT model. Table I summarises 
related works based on their features and algorithms.  

Through the literature review, several research gaps were 
identified, as follows: First, most researchers focused on SER 
from adult speech, and few are from children’s speech. This is 
due to the lack of publicly annotated children datasets and the 
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difficulty of emotional expression in acting speech. Many 
preschoolers either do not have enough vocabulary to identify 
feelings or find it difficult to read long texts. Second, most 
studies focus on spectral features (particularly MFCC), and few 
have used acoustic features. The features that are found to be 
important in emotion recognition include MFCC, LPCC, PLP, 
GFCC, pitch, energy, loudness, frequency, jitter, harmonicity, 
shimmer, etc., which together form acoustic features.  

In this study, we classify five emotions: confrontation, cu- 
riosity, denial, positive, and neutral, by analyzing the spectral 
and acoustic features extracted from the children’s speech. 
We proposed machine-learning models, SVM, RF, and 
CNN as classifiers. In addition, we used the Mel-spectrogram 
feature, a visual representation of the spectrum of the audio 
signal, as input to CNN and ViT. We achieved an accuracy of 
79.81% and 75.00% for ViT and CNN, respectively. 

 

II. METHODOLOGY 
In our methodology, we perform two steps: feature ex- 

traction and classification. Moreover, we performed feature 
selection for the input features of the traditional machine 
learning classifiers (SVM and RF). The deep-learning-based 
models require minimal feature processing as the model learns 
the global features.  

A. Features 

The right features are the key to a good-performing model. 
In speech, there are different features, with spectral and rhyth 
mic features being the most prominent. We focused on acoustic 
features that describe the variation in the pronunciation of 
speech patterns, such as pitch intensity, spectral features, and the 
vibration frequency of the voice. The waveforms in the audio 
files are represented in the time domain. To extract 
features, the speech waveform is transformed into a parametric 
representation at a low data rate for further processing and 
analysis. First, the audio signal is divided into frames (20-40ms), 
and the Fast Fourier Transform is applied to obtain the spectrum. 
The spectrum shows the strength of each frequency band from 
which sound characteristics can be extracted. 

In addition, speech signals can also be represented in 
graphical forms, such as time-frequency spectrograms. MFFCs 
can be used to create spectrograms, which allow the transfer of 
a sound waveform into the image domain. A Mel spectrogram 
is a visual representation of the spectrum of frequencies in an 
audio signal over time. It provides a 2D representation where 
the color intensity represents the amplitude or energy of each 
frequency component at different time intervals. MFCCs are 
derived from the Mel Spectrogram but are further processed 
to extract relevant information. After extracting the MFCC 
features, a normalization function is applied to normalize the 
data. Acoustic features were extracted using the eGeMAPS 
parameters set (88 features) provided by the openSMILE toolkit. 

B. Model 

TABLE I 
SUMMARY OF THE RELATED WORKS ON SPEECH DETECTION  

Study  Data (class) Features Methodology Algorithm Acc(%) 

[5], 2013 EmoDB (7) MFCC The 3-stage hierarchical SVM is proposed 
to separate 7 emotions individually. SVM 68.00 

[6], (2015) EmoDB, Malay-
alamDB (4) 

Pitch, energy, 
spectral features 

Built-in Binary tree, one against one and 
one versus the rest methods using both 
linear and RBF kernel. 

SVM 75.00,  
95.83 

[9], (2019) EmoDB, 
IEMOCAP (4) 

mel spectrogram, 
magnitude spec- 
trogram, MFCC 

Various features are tested with the architec- 
tures to reveal the best feature-architecture 
combination. 

CNN,  
LSTM 82.35 

[8], (2020) 
RAVDESS 
(8), EmoDB (7), 
IEMOCAP (4) 

MFCC, 
Chromagram, 
Mel-Spectral, 
contrast, Tonnetz 

Combine multiple sound spectral represen- 
tations features (pitch, timbre, harmony, 
etc.). Tune model by adding, removing, and 
modifying some layers. 

CNN 
71.61, 
86.10, 
64.40 

[10], (2023) 
RAVDESS, 
SAVEE, 
TESS (7) 

Spectral features 
To identify the best-performing features on 
different combinations of spectral and rhythmic 
information (ZCR, RMS, Tempogram, Chroma). 

Attention-
based 
CNN-
LSTM 

90.0 

[11], (2022) EmoDB (4) MFCC, Mel-
spectrogram 

Attention-based deep learning techniques to 
extract feature. 

CNN-
LSTM, ViT 

88.50, 
85.36 

Ours AIHub (5) Mel-spectrogram Feature extraction and emotion detection 
on children speech. CNN, ViT 75.00, 

79.81 
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We employ traditional and deep learning models, SVM, RF, 
CNN, and ViT, as classifiers 

a) SVM: uses a kernel function to project training data into 
feature space and finds a suitable hyperplane to separate 
the data by the highest margin. We used a linear kernel and 
regularization parameter (C) of 0.1 for optimal performance. 

b) RF: is a simple but powerful model comprised of trees. It 
creates a decision based on the randomly selected data sample, 
gets a prediction from each tree, and votes for the best solution. 

c) CNN: has been shown, by extensive research, to 
be very useful in extracting information from raw signals 
in various applications. The main benefit of CNN is that 
it automatically identifies the relevant features without any 
human supervision The model comprised three convolution 
layers with 16, 32, and 64 filters, respectively, and a kernel 
size of three, followed by an activation and pooling layer 
after each layer. Finally, the fully connected layer receives 
the low-level features and creates the high-level abstraction. 
The classification scores are generated using the ending layer 
with the softmax activation function. 

d) ViT: Transformer was originally proposed for natural 
language processing (NLP), and it has been demonstrated to 
achieve much better performance than CNNs. It was intro- 
duced to computer vision using image patch sequences and 
attention mechanisms. The Mel-spectrogram of the input audio 
signal is regarded as an image and converted into patches. The 
Adam optimizer with a learning rate of 0.0004 and 20 epochs 
was used. 

The SVM and RF models were developed using optimal 
parameters, that were found more than five times with a grid 
search. The number of estimators ranged from 50 to 350. For 
every experiment, we use 5-fold cross-validation 

Fig. 1  A sample of wave-plot and spectrogram representation for curiosity 
emotion. 

III. EXPERIMENTS AND RESULTS 

A. Dataset 
The dataset was obtained from the AI Hub platform [12]. 

This platform offers a wide range of resources and open 

datasets. The data was constructed using children’s voices 
collected from educational broadcast videos (EBS, KBS). 
They are available in four categories: Preschool Development, 
Children’s Education, Children’s Drama, and Entertainment. 
The data was released in 2023 and is available in Korean 
with a size of about 862 GB. For the experiments, we used 
the categories preschool development education and drama (a 
few were selected) with a total of 994 audio files. The audio 
utterances contain five emotions: confrontation, curiosity, denial, 
positive, and neutral. The data was divided into training 
and testing. Table II shows the number of samples in each set 
per emotion category. 

TABLE II 
DATA STATISTICS 

Emotions Training Testing 
Confrontation (0) 188 21 
Curiosity (1)  129 18 
Denial (2) 181 21 
Neutral (3) 177 20 
Positive (4) 215 24 
Total 890 104 

 
B. Results and Discussions 

The input features for the classification models were MFCC 
coefficients (40 features), 88 acoustic features, and a mel- 
spectrogram. Table III summarizes the performance of our 
classifiers in performance metrics: precision, recall, and F1- 
score of each class. Generally, CNN models outperformed SVM 
and Random Forest, with SVM showing competitive 
performance with RF. The results of CNN demonstrate its ability 
to extract features automatically. This is demonstrated in class 1 
(curiosity) by the F1-score increase from 0.0% to 41.38% and 
9.52% to 40.00% for acoustic and MFCC features, respectively. 
The overall accuracy without feature selection for SVM was 
MFCC = 45.19%, acoustic features = 53.85%, and for RF, the 
overall accuracy was MFCC = 48.08%, acoustic features = 51.92% 
respectively. Overall, acoustic features outperform MFCC due 
to their broader scope in capturing the nuances of speech. While 
MFCC focuses primarily on spectral characteristics, acoustic 
features encompass a wider range, including pitch intensity and 
vocal vibration frequency, which are vital for accurately 
representing speech patterns. This richer feature set provides a 
more comprehensive understanding of the nuances of speech, 
leading to improved model performance. 

A total of 44 and 20 features were selected from acoustic 
and MFCC features. As noted in Table III, the feature selection 
on MFCC features adds a significant value to the overall 
accuracy. For the SVM and RF classifiers, the accuracy 
increased to 50.96% and 52.88% for acoustic and MFCC 
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features, respectively. However, we noticed a drop of accuracy 
  

TABLE IV 
RESULTS ON MEL-SPECTROGRAM FEATURES 

 
Label 

ViT CNN 
P R F1 P R F1 

0 94.74 85.71 90.00 87.50 66.67 75.68 
1 47.06 44.44 45.71 64.29 50.00 56.25 
2 56.52 61.90 59.09 44.83 61.90 52.00 
3 95.24 1.00 97.56 86.36 95.00 90.48 
4 1.00 1.00 1.00 1.00 95.83 97.87 

 
from 53.85% to 50.96% for SVM and 51.92% to 50.00% for 
RF in acoustic features. The degradation could be attributed 
by the removal of potentially relevant information during the 
selection process. Feature selection aims to enhance model 
efficiency by reducing dimensionality and eliminating redun- 
dant or noisy features. But, in some cases, this process may 
inadvertently discard crucial information, leading to a slight 
decrease in accuracy.  

On the other side, in terms of spectral features, the ViT 
performed the classification task best, with an accuracy of  
79.81% while CNN achieved an accuracy of 75.00%. Table IV 
shows the results on mel-spectrogram features. The attention 
mechanism helps to weigh and ensure concentration on the 
important features, which leads to good overall accuracy. This 
ensures that the prediction does not happen randomly but 
rather through understanding the pattern in the data. Although 
the number of samples used for training was small, the 
performance indicates that the model possesses a high level of 
capability with a self-attention mechanism. Generally, the 
experimental results show that both features can perform well 
under different conditions. 

IV. CONCLUSIONS 
SER is a complex task that includes the detection of feelings 

conveyed in voice data. This study classified speech emotions 
using spectral and acoustic features. Two traditional machine 
learning and deep learning-based classifiers were employed for 
the classification task. Moreover, we used the spectral image 
with ViT and CNN to classify five speech emotions. Our 
experiment results show that the proposed approach performs 

TABLE III 
PERFORMANCE WITH/WITHOUT FEATURE SELECTION USING ACOUSTIC AND MFCC FEATURES, WHERE THREE VALUES INDICATE PRECISION, RECALL, 

AND F1-SCORE. 

Model Label 

OpenSMILE MFCC 

 No FS Feature Selection (FS) No FS Feature Selection (FS) 

P R F1 P R F1 P R F1 P R F1 

SVM 

0 46.15 28.57 35.29 33.33 42.86 37.50  39.13  42.86  40.91 31.82 33.33 32.56 

1 00.00 00.00 00.00 57.14 22.22 32.00 33.33  05.56  09.52 71.43 27.78 40.00 

2 47.06 76.19 58.18 59.09 61.90 60.47 37.50 42.86 40.00 46.15 57.14 51.06 

3 70.37 95.00 80.85 66.67 80.00 72.73 68.75 55.00 61.11 68.42 65.00 66.67 

4 50.00 62.50 55.56 45.83 45.83 45.83 44.74 70.83 54.84 53.33 66.67 59.26 

RF 

0 45.45 23.81 31.25 45.45 23.81 31.25 35.29 28.57 31.58 46.15 28.57 35.29 

1 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 60.00 16.67 26.09 

2 51.72 71.43 60.00 50.00 71.43 58.82 38.71 57.14 46.15 41.94 61.90 50.00 

3 61.54  80.00  69.57 59.26  80.00  68.09  65.38 85.00 73.91 71.43 75.00 73.17 

4 48.65  75.00  59.02 45.71  66.67  54.24 51.72 62.50 56.60 52.94 75.00 62.07 

CNN 

0 35.29  57.14  43.64   -  33.33 47.62 39.28 - 

1 54.55  33.33  41.38  -  50.00 33.33 40.00 - 

2 68.42  61.90   65.00  -  54.55 57.14 55.81 - 

3 75.00   90.00   81.82  -  64.29 45.00 52.94 - 

4 50.00 39.33 40.00  -  50.00 54.17 52.00 - 
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well under different conditions. In the future, we intend to 
improve the accuracy of the automatic SER by using feature 
combinations and extending the corpus of children’s emotional 
speech to be able to train deep neural networks of different 
architectures; and also by using multiple modalities such as 
facial expressions, body movements, etc. 
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Abstract— Recent deep learning algorithms are conducting a lot of 
research to optimize the structure and make it lightweight. 
Existing deep learning algorithms have been studied with the goal 
of running in high-performance computer environments, but are 
currently aimed at running in low-power computer environments 
such as smartphones. Therefore, it is very important to develop 
lightweight algorithms while maintaining high performance. A 
representative example in the field of deep learning algorithms is 
the object detection algorithm. And among object detection 
algorithms, there is the YOLO (You Look Only Once) algorithm. 
This algorithm was created to improve the slow operation speed of 
the existing R-CNN. The latest version of YOLOv8 can be seen to 
be very fast and highly accurate compared to the early version. 
However, there is one problem with this algorithm as well. It is a 
structure of layers containing algorithms for detecting objects. 
Although this structure is simple, it has the problem of low 
efficiency. In particular, there are many parameters, so it requires 
a lot of computing resources. In this paper, the goal is to improve 
the object detection algorithm and construct a faster model with 
fewer parameters. One way is to change the structure of the layer 
containing the object detection algorithm. While the existing 
structure was divided into two parts for classification and 
coordinate inference, this paper changes it to a simpler structure. 
As a result, the object detection layer in this paper has about 2.37 
times fewer parameters than before, and the overall model was 
able to achieve an inference speed improvement of up to 20% with 
1.19 times fewer parameters. However, the inference accuracy is 
lowered by about 15% compared to the previous version, so 
additional research in this area appears to be necessary. 

I. INTRODUCTION 
Recent deep learning algorithms are conducting a lot of 

research to optimize the structure and make it lightweight. 
Existing deep learning algorithms have been studied with the 
goal of running in high-performance computer environments, 
but are currently aimed at running in low-power computer 
environments such as smartphones. An example of this is 
Samsung's smartphone Galaxy S24, released in January 2024 
[1]. This smartphone provides a phone function that allows real-
time interpretation using a deep learning algorithm and a picture 
editing function using a deep learning algorithm. As such, 
numerous studies are being conducted to ensure that deep 
learning algorithms can be widely used in everyday life, rather 
than being the exclusive domain of high-performance 

computers. However, many studies are still being conducted 
with high-performance computer environments as the main 
target, rather than low-power environments such as 
smartphones. Therefore, there are still many difficulties in 
applying it directly in an environment such as a smartphone. 

There are various fields of deep learning algorithms. Among 
them, a widely known one is the object detection algorithm. An 
object detection algorithm is an algorithm that finds and 
displays objects in an image. The most representative of these 
algorithms is YOLO (You Only Look Once) [2-9]. This 
algorithm is designed to detect objects at a faster rate by 
simplifying the inference process of R-CNN[10-12], an existing 
object detection algorithm. Therefore, it is often used as an 
algorithm to detect objects in real time. There are various 
versions of this YOLO algorithm. The first YOLO [2] has a low 
accuracy compared to R-CNN, but its representative feature is 
that it has a very fast inference speed. In YOLOv2[3], anchor 
box[12] was introduced to achieve higher accuracy than the 
previous version. This anchor box is a pre-calculated value for 
the object's coordinates, and the object's coordinates are 
calculated based on this value. Except for the latest version, 
YOLOv8[9], research has been conducted to ensure that the 
remaining versions[4-8] are faster and have higher accuracy 
than before. In the latest version, YOLOv8, the anchor box 
introduced in YOLOv2 was removed to enable smoother object 
recognition. Additionally, faster inference speed can be 
achieved by improving the structure. As such, much research 
has been conducted on the YOLO algorithm, and a fast and 
accurate algorithm has been developed. However, problems 
still exist even in the latest version, YOLOv8. After the process 
of extracting features from the image was completed, 
inefficiencies were discovered in the structure of the layer that 
classifies the coordinates and classes of objects. The structure 
of this layer is a structure that derives results by dividing it into 
parts that classify objects and infer coordinates. In addition, 
although this structure is quite simple, there are about 2 million 
parameters, accounting for 18% of the total parameters of the 
YOLOv8s standard model. 

In this paper, we propose a new object detection layer. The 
structure of this layer is simpler than before. Additionally, the 
object detection layer has 2.37 times fewer parameters. 
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Additionally, when this layer is applied to the YOLOv8 model, 
the parameters of the entire model can be reduced by 19%. By 
using such a layer, the inference speed can be improved by up 
to 20% compared to the existing one. 

 

II. ARCHITECTURE 

A. Lightweight Detector Layer 
The structure of the existing YOLOv8 object detection layer 

is the same as (a) in Figure 1. This structure consists of a part 
that infers the class of an object and a part that infers the class 
are divided into two parts to derive results. Thanks to this 
structure, YOLOv8 was able to infer the coordinates and classes 
of objects at high speed. But there is a problem here. The input 
layer is divided into two parts with a 3x3 convolutional layer. 
When changing the number of channels using a 3x3 
convolutional layer, there is an advantage in that more diverse 
features can be summarized and extracted. However, due to the 
nature of the 3x3 convolutional layer, there is a problem that it 
requires many parameters. In particular, if the number of 
channels in the input layer is greater than that in the output layer, 
more parameters are required. In this respect, there is a problem 
that it inevitably consumes a lot of computing resources. 

Therefore, in this paper, the structure was changed to (b) in 
Figure 1 to further simplify it. This structure is structured so that 
classification and coordinate inference are carried out 
simultaneously rather than separately. In addition, if the number 
of channels for the input layer is more than (number of classes 
+ 64), a 1x1 convolutional layer is used, and otherwise, a 3x3 
convolutional layer is used. Lastly, the output layer has bias 
values set for coordinate inference for 64 channels, and bias 
values for class inference for the remaining channels. Therefore, 
when outputting with a general convolutional layer, the loss 
value calculation is very complicated, so there is a problem that 
the speed is very slow. Therefore, the problem was solved using 
a depth wise convolutional layer. With this, the parameters for 
the YOLOv8s standard object detection layer could be reduced 
by 2.37 times compared to before. 

 

 

 

Figure 1 Diagram of the structure of the object detection layer. 
The difference between the existing method and the method of 
this paper is explained. 

III. EXPERIMENTS AND RESULTS 
A. Environmental Setup 

The experimental environment is shown in Table 1. In this 
environment, the model is trained and the inference speed is 
calculated. First, the MS-COCO [13] dataset is used as the 
dataset to learn the model. This dataset is a general-purpose 
dataset consisting of 80 classes. Additionally, existing YOLO 
versions provide pre-trained weights using this dataset, so these 
weights and inference performance are compared. Additionally, 
hyper-parameters including epoch and batch for learning are set 
to the same settings as the pre-trained weights of YOLOv8. 

 
Table 1. Experimental Environment 

Experimental Environment 
CPU Intel Xeon 4216 x2 
RAM 192GB 
GPU RTX A5000 x3 
OS Ubuntu 22.04 

 
 

B. Performance Evaluation 
The results of the performance evaluation are shown in Table 

2. This includes evaluation of not only the existing YOLOv8 
models, but also YOLOv5[6], YOLOv6[7], and YOLOv7[8]. 
Among the evaluation criteria, inference speed includes batch 1 
and batch 32. Among these, batch 1 is a value assuming that an 
object is detected with a single camera. And batch 32 is a value 
assuming that objects are detected with multiple cameras. Here, 
the inference speed was measured a total of 10 times, and the 
result was averaged after deleting the maximum and minimum 
values one by one. 

In this result, improvement refers to the amount of 
improvement compared to the existing equivalent YOLOv8. If 
this figure is better than before, it is marked in black, and if it is 
not, it is marked in red. 

In these results, you can see that most models are about 20% 
faster than before in the batch 1 experiment. However, the 
mAP50-95 performance indicator showed that performance 
decreased by up to 10% compared to before. Additionally, 
when applied to YOLOv8x, it was confirmed that it had similar 
accuracy to the existing YOLOv8m but was slightly slower. 
Additionally, when applied to YOLOv8l, performance was seen 
to be lower and slower than YOLOv7. From this, we can 
confirm that it is not suitable when the scale of the model is 
large. 
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IV. CONCLUSIONS 
In this paper, research was conducted to improve the object 

detection layer of the existing YOLOv8. The existing object 
detection layer of YOLOv8 was structured to conduct inference 
by dividing it into two parts for class and coordinate inference. 
However, inefficiencies were found in this structure, and to 
solve them, a new object detection layer was proposed in this 
paper. Unlike before, this object detection layer simultaneously 
infers the class and coordinates of an object through a single 
path. This increases the inference speed by up to 20% compared 
to before. However, inference performance has been reduced by 
up to 10%. Additionally, when applied to YOLOv8l and 
YOLOv8x, which have large model scales, the performance 
was similar to that of other models with small scale models. 
Therefore, additional research appears to be needed to increase 
speed while minimizing performance loss. 
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Abstract— Facial emotion recognition is crucial in numerous 
domains such as human-computer interaction and affective 
computing. This research introduces an advanced method for 
facial emotion recognition, presenting an innovative approach 
to this field. The first stage of our investigation included 
gathering emotional data through a Virtual Reality (VR) 
device. We engaged four participants in collecting this data, 
instructing them to express predetermined emotions while 
viewing a series of sample images. These samples covered four 
specific emotional categories: happiness, anger, neutrality, and 
surprise. 
This research delves into the domain of emotion classification 
through the analysis of a unique dataset composed of avatar-
generated images obtained using Meta Quest Pro. The dataset 
is characterized by five distinct emotional classes, each 
containing an extensive set of approximately 3000 images. 
These images, portraying avatars crafted by the participants, 
represent a rich source of diverse emotional expressions. Our 
investigation revolves around the development and training of 
deep learning models tailored for the precise classification of 
emotions encapsulated within these images. The primary aim is 
to attain a heightened level of accuracy in detecting and 
categorizing emotional states expressed by the avatars. By 
leveraging deep learning methodologies, this study contributes 
valuable insights into the efficacy of such models in effectively 
capturing and classifying a wide spectrum of emotions present 
in the dataset. The outcomes of this research hold significance 
in advancing the realms of affective computing and human-
computer interaction, paving the way for enhanced emotional 
understanding and interpretation in virtual environments.  

I. INTRODUCTION 
In a world progressively dominated by digitalization, the 

convergence of technology and human emotion presents a 
promising frontier with potential applications in various 
domains like healthcare, education, entertainment, and 
human-computer interaction. Among the various paths of 
investigation, facial emotion recognition emerges as a 
powerful tool for understanding and enhancing human 
experiences. The capability to interpret and react to human 
emotions is of great importance, not only for the 
development of more empathetic and responsive technology 
but also due to its profound implications in fields such as 
psychology, marketing, and artificial intelligence. 

Traditional techniques for facial emotion recognition 
mainly depend on examining images and videos, extracting 
information from two-dimensional depictions of facial 

expressions. However, these methods have inherent 
constraints in capturing the nuances and subtleties of human 
emotions, which frequently manifest in the three-
dimensional dynamics of facial features. This is where 
Virtual Reality (VR) becomes crucial—a technology that 
has transformed how we interact with digital content and, 
more significantly, provides a unique avenue for observing 
and analyzing emotions in an immersive and authentic 
context. In [1] the study explores the effectiveness of virtual 
reality (VR) in evaluating and enhancing emotion 
recognition within social contexts. The research employs 
realistic and dynamic stimuli, conducting a comparative 
analysis of three emotion recognition tasks: VR, video, and 
photo tasks. Utilizing a Virtual Reality device with facial 
point tracking technology and making a whole avatar as per 
given points in conjunction with machine learning 
capabilities, the paper delves into the captivating realm of 
facial emotion recognition. By surpassing the limitations of 
flat imagery and videos, this innovative approach opens up 
new dimensions in the interpretation, comprehension, and 
responsive handling of human emotions. The introduction 
sets the stage for the exploratory journey ahead, outlining 
the foundational concepts and driving forces that underlie 
this research. 

 In [2] the author recognizes the unique characteristics of 
data collection in virtual reality (VR) environments, 
especially through head-mounted displays, in comparison to 
conventional classroom or online learning settings. This 
highlights the need to develop a recognition approach 
specifically tailored to VR contexts, and the author 
introduces a novel method for identifying learning 
concentration within VR environments. By immersing users 
in computer-generated settings, VR surpasses the constraints 
of traditional screens, providing a sense of presence and 
embodiment that was once confined to the realm of science 
fiction. With the emergence of increasingly advanced VR 
devices, equipped with features like positional tracking, 
haptic feedback mechanisms, and precise motion capture, 
the potential applications have expanded exponentially. In 
[3] the paper describes the creation of an inventive VR-
based system designed for presenting facial emotional 
expressions. This system not only enables the monitoring of 
emotional expressions but also tracks eye gaze and 
physiological signals connected to the identification of 
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emotions, introducing more efficient therapeutic 
methodologies. One particularly promising avenue within 
the VR spectrum lies in its capacity to mirror and 
manipulate human emotions. By furnishing a platform 
capable of replicating real-world scenarios and interpersonal 
interactions, VR provides an ideal environment for eliciting 
and scrutinizing emotions under controlled and 
customizable conditions. This paper navigates through the 
utilization of VR as a conduit for capturing the intricate 
choreography of facial expressions in three dimensions, 
thereby amplifying our ability to identify and appreciate 
emotions more fully. 

The process of facial emotion recognition is a complex 
endeavor that heavily relies on analyzing facial expressions, 
which are composed of various facial landmarks such as the 
positions of the eyes, eyebrows, nose, and mouth. These 
landmarks play a crucial role in conveying emotions and 
subtle cues, which often require a high degree of precision 
for accurate detection. 

In recent years, advancements in the domains of computer 
vision and machine learning have staged a revolution in the 
field of facial emotion recognition. Machine learning 
algorithms, particularly the formidable deep learning models, 
have exhibited remarkable prowess in autonomously 
extracting features from facial data, thus enabling the 
accurate recognition of emotions. This paper delves into the 
methodologies and techniques employed to harness the 
power of machine learning in deciphering the wealth of data 
gleaned from VR devices and Avatars.  

    In this proposal, we present a novel approach to facial 
emotion recognition the initial phase of our research 
involved the acquisition of emotional data utilizing a Virtual 
Reality (VR) device. We enlisted four participants to 
contribute to this data collection process, tasking them with 
displaying predetermined emotions while exposed to a set of 
sample images. These sample images encompassed five 
distinct emotional classes, including happiness, anger, 
neutrality, surprise, and fear. 

The paper Contributes a pioneering approach to facial 
emotion recognition, leveraging Virtual Reality (VR) 
technology for data acquisition and analysis. Through the 
utilization of a unique dataset comprising avatar-generated 
images obtained via Meta Quest Pro, the study encompasses 
five distinct emotional classes: happiness, anger, neutrality, 
surprise, and fear. Notably, the inclusion of fear expands the 
emotional spectrum, providing a rich source of diverse 
expressions for analysis. This novel methodology marks a 
significant contribution to the field, offering a fresh 
perspective on data collection and classification within 
affective computing. 

Central to the research is the development and training of 
deep learning models tailored specifically for emotion 
classification. By employing deep learning methodologies, 
the study aims to achieve a heightened level of accuracy in 
detecting and categorizing emotional states depicted by the 
avatars. The exceptional performance of the machine 
learning model, particularly the cubic Support Vector 
Machine (SVM) with DenseNet-201, underscores the 
robustness and efficacy of the proposed approach. 
Achieving a remarkable accuracy rate of 99.7% when 
applied to the VR dataset, these results highlight the 
potential for practical applications across various domains, 
particularly in advancing human-computer interaction 
through more intuitive and empathetic interfaces. 

In essence, this research contributes significantly to the 
realms of affective computing and human-computer 
interaction by enhancing emotional understanding and 
interpretation in virtual environments. By demonstrating the 
feasibility and effectiveness of deep learning models in 
capturing and classifying a wide spectrum of emotions, the 
study opens avenues for further advancements in 
technology-driven emotional recognition systems. The 
outcomes hold promise for the development of more 
immersive and responsive human-computer interfaces, 
ultimately leading to enhanced user experiences and 
interactions in virtual spaces. 

II. RELATED WORK 
 This research [1] is to investigate the utility of virtual 

reality (VR) in the assessment and training of emotion 
recognition within social contexts, utilizing realistic and 
dynamic stimuli and involves a comparative analysis of 
three emotion recognition tasks: VR, video, and photo tasks. 
In [1] 100 healthy participants completed all three emotion 
recognition tasks and during the VR task, participants 
evaluated emotions expressed by virtual characters (avatars) 
in a VR urban setting, while their eye movements were 
tracked. The overall recognition accuracy stands at 75%, 
aligning closely with the accuracy observed in the photo and 
video tasks. Nevertheless, distinctions emerge in 
recognizing specific emotions; VR performs less effectively 
in identifying disgust and happiness but outperforms the 
video task in recognizing surprise and anger. Participants 
allocate varying amounts of time to different emotions 
during the VR task. Notably, disgust, fear, and sadness 
receive more attention compared to surprise and happiness. 
Additionally, participants exhibit a preference for focusing 
on the eyes and nose regions of the avatars rather than their 
mouths [1].  

In [2] the author acknowledges the distinctive nature of 
data collection within virtual reality (VR) environments, 
particularly through head-mounted displays, when 
contrasted with traditional classroom or online learning 
settings. This underscores the necessity for developing a 
recognition approach tailored specifically to VR contexts 
and they have a novel method for recognizing learning 
concentration within VR environments. This innovative 
approach hinges on the integration of multi-modal features, 
incorporating data derived from learner interactions (e.g., 
interactive assessments, text interactions, clickstream data) 
and visual cues (e.g., pupil facial expressions and eye gaze). 
These combined features facilitate the evaluation of learners' 
concentration from cognitive, emotional, and behavioural 
perspectives and the study of this research reveals a positive 
association between heightened levels of concentration and 
enhanced learning achievements. Additionally, it highlights 
the significant role played by learners' perceived sense of 
immersion within the VR environment in shaping their level 
of concentration. 

In [19] EVOKE (Emotion enabled Virtual avatar mapping 
using Optimized KnowledgE distillation), a lightweight 
emotion recognition framework tailored for seamless 
integration into 3D avatars within virtual environments. 
EVOKE addresses the rising demand for immersive and 
emotionally engaging experiences in virtual environments. 
Leveraging knowledge distillation on the DEAP dataset, 
which encompasses valence, arousal, and dominance as 
primary emotional classes, the framework achieves 
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competitive results with reduced computational resources. 
Remarkably, the distilled model, a CNN with only two 
convolutional layers and significantly fewer parameters than 
the teacher model achieves an accuracy of 87%. This 
balance between performance and deployment ability 
positions EVOKE as an optimal choice for virtual 
environment systems. Moreover, the multi-label 
classification outcomes are utilized to map emotions onto 
custom-designed 3D avatars, further enhancing the 
immersive experience for users. 

III.     PROPOSED METHOD 
     In this section, we will discuss the proposed 
methodology of facial emotion recognition using the Avatar-
generated dataset gathered from VR devices. The below 
figure is the proposed architecture. 

 
Figure 1 The Proposed Flow Diagram 

A. Data Pre-processing and Standardization 
 In the initial phase of our study, the dataset for emotion 

recognition was acquired in the form of avatar facial 
expressions captured through videos. To facilitate further 
analysis and model training, we performed a crucial data 
preprocessing step by converting these videos into 
individual frames or images. This transformation allowed us 
to extract and isolate distinct facial expressions over time, 
providing a granular view of the emotional states exhibited 
by the avatars. 

To enhance computational efficiency and standardize the 
dataset, we resized the obtained images. This resizing step 
ensures consistency in the dimensions of all facial frames, 
minimizing computational complexity during subsequent 
processing stages. By standardizing the image sizes, we 
aimed to create a uniform and optimized dataset that can be 
effectively utilized for training and evaluating emotion 
recognition models. 

The meticulous process of converting videos into frames 
and resizing images not only facilitates the practical 
application of deep learning techniques but also ensures the 
preservation of essential facial features critical for accurate 
emotion classification. This preprocessing methodology lays 
a robust foundation for the subsequent stages of our research, 
allowing for a comprehensive exploration of emotion 
recognition in avatar-generated facial expressions. 

B. Deep Learning (DL) 
Deep Learning (DL) stands as a formidable subset of 

machine learning, involving the creation and training of 
artificial neural networks for intricate tasks. These networks, 
with their hierarchical architecture, autonomously learn and 
represent features from raw data. Their capacity for 
automatic feature extraction makes them highly effective in 
various domains, including image recognition, natural 
language processing, and emotion classification. DL models 
exhibit the unique ability to progressively capture complex 
patterns within the data. 

ResNet, or Residual Network, stands out as a 
transformative deep learning architecture renowned for 
overcoming challenges in training very deep neural 
networks. Introduced by Kaiming He et al. in 2015 [17], 
ResNet revolutionized the field by introducing skip 
connections or residual blocks. These connections allow the 
network to skip one or more layers during forward and 
backward propagation, addressing the vanishing gradient 
problem and enabling the training of significantly deeper 
networks. In our research, we harnessed the power of 
ResNet-50, a variant of ResNet, as the foundational 
architecture for our emotion recognition task. 

 
Figure 2 Modified ResNet-50 

DenseNet, or Densely Connected Convolutional Network, 
represents another influential deep learning architecture 
designed to tackle the limitations of traditional 
convolutional neural networks (CNNs). Devised by Gao 
Huang et al. in 2017 [18], DenseNet optimizes information 
flow and feature reuse by connecting each layer to every 
other layer in a feed-forward fashion. This dense 
connectivity enhances feature propagation and mitigates the 
vanishing gradient problem. In our investigation, we opted 
for DenseNet-201, a variant of DenseNet, to assess its 
effectiveness in the realm of emotion recognition. 

                   
Figure 3 Modified DenseNet-201 
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Within both ResNet-50 and DenseNet-201 architectures, 

we introduced average pooling layers after the models. The 
addition of these average pooling layers serves to down-
sample the spatial dimensions of the feature maps produced 
by the preceding layers. This modification not only 
alleviates the overall computational burden but also fosters a 
more concise representation of the learned features. By 
incorporating average pooling layers, we intend to enhance 
the efficiency and interpretability of the deep learning 
models deployed for emotion recognition within the specific 
context of avatar-generated facial expressions. 

C. Transfer Learning (TL) 
In our pursuit of refining the model's performance for 

emotion recognition in avatar-generated facial expressions, 
we leveraged the powerful technique of transfer learning. 
Transfer learning involves pre-training a deep neural 
network on a large dataset and then fine-tuning it on a 
smaller, task-specific dataset. This approach capitalizes on 
the knowledge gained during pre-training, enabling the 
model to generalize better to the target task with a limited 
amount of task-specific data. In our study, we adopted a 
transfer learning strategy with a pre-trained model, 
specifically ResNet-50 and DenseNet-201, which had been 
trained on a vast dataset for image classification. By fine-
tuning these models on our emotion recognition dataset 
comprising five distinct classes, we aimed to capitalize on 
the learned features from the extensive pre-training phase. 
This transfer learning methodology not only expedited the 
training process but also facilitated the adaptation of the 
model to our specific emotion recognition task, 
demonstrating its efficacy in handling the nuances and 
complexities inherent in the diverse emotional expressions 
depicted in avatar-generated facial images and the below 
figure 4 shows the modification of transfer learning using 
five classes. 

 

 
Figure 4 Modified Transfer Learning 

 
D. Machine Learning (ML) 
     With the standardized and categorized dataset in hand, 
we proceeded to employ various machine learning 
algorithms, with a predominant focus on Support Vector 
Machines (SVM). SVMs, renowned for their versatility and 
proficiency in classification tasks, were instrumental in the 
context of emotion recognition. These algorithms were 
trained on the pre-processed data, leveraging the extracted 
features to make predictions regarding the emotional states 
expressed by the subjects. 

IV.    RESULTS AND DISCUSSION 

A.  Dataset 
 To obtain a comprehensive understanding of human 

emotions in immersive contexts, we leveraged VR 
technology as a potent tool for data collection. Our study 
involved Four subjects who actively participated in emotion 
elicitation sessions within the VR environment. Each subject 
was presented with a set of sample images, meticulously 
designed to evoke five distinct emotional states: happiness, 
anger, neutrality, surprise, and fear. The VR device captured 
their facial expressions and responses as they viewed and 
reacted to these visual stimuli. Below Figure 5 is an 
explanation of all the Avatars that we have used to gather 
the dataset. 

 
Figure 5 Avatar Emotions 

The following points are kept in mind while collecting 
the Avatar emotion dataset which are as follow: 

• Telling the subject about the emotions. 
• Visualizing the subject, the images that the subject 

will see and act according to. 
• After wearing the VR subject should make a face 

according to an image. 
• Start recording the Avatar while the subject is in 

the current emotional state. And stop it while the 
subject is still in the same emotional act state. 

• And continue this for several images for the same 
emotion and then save those Avatar videos at the 
end. 

• Then do the same procedure for the rest of the Five 
emotions. 

• No garbage value would be recorded if we follow 
step four correctly. 

Below Figure 6 is the proposed data collection flow chart 
using the VR device. 

 
Figure 6: Proposed Data Collection Flow Chart 

This paper introduces several significant contributions to 
the field of facial expression analysis. One of the primary 
advancements is the creation and utilization of an extensive 
dataset capturing precise facial points and displaying the 
avatar accordingly. This dataset comprises a wide array of 
facial action units, encompassing various facial muscles, 
each with its unique roles in shaping facial expressions. To 
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our knowledge, there is no prior research that provides such 
a comprehensive and detailed Avatar facial dataset. The 
provision of this dataset significantly enriches our 
comprehension of facial expressions and fosters the 
exploration of the intricate realm of human emotions and 
expressions. The dataset is unprecedented in its depth and 
granularity, opening new avenues for studying and 
understanding human emotions. It not only deepens our 
knowledge of facial expressions but also provides 
opportunities for a more nuanced and accurate analysis of 
emotional states.  

B.  Experimental results 
      In our experimental trials, we attained remarkable levels 
of accuracy when employing our machine-learning model 
on the dataset obtained from the VR device. This substantial 
accuracy underscores the model's proficiency in effectively 
discerning and categorizing emotions using facial key points 
of avatar as features. These outcomes portend favourable 
opportunities for the utilization of this approach in diverse 
applications, notably within the domain of human-computer 
interaction. Cross-validation is a pivotal method in the realm 
of machine learning, facilitating a robust appraisal of model 
effectiveness and ensuring its ability to generalize to unseen 
data. In our research, we applied 10-fold cross-validation to 
ascertain the reliability of our dataset. This technique entails 
partitioning the dataset into ten equally sized segments, 
known as 'folds.' In each cycle, one-fold serves as the test 
set, while the remaining folds constitute the training set. 
This process iterates ten times, ensuring that each data point 
undergoes testing exactly once. The results from each fold 
are then aggregated to offer a comprehensive evaluation of 
the model's performance, while simultaneously reducing 
potential biases stemming from a single train-test division. 
Table 1 below provides a comprehensive summary of the 
performance metrics for three distinct classifiers employed 
in our study: Cubic SVM, Quadratic SVM, Cubic KNN on 
ResNet-50. 

Table I Results of the Different Classifiers on ResNet-50 

Classifie
rs 

Recall 
Rate 
(%) 

Precisio
n Rate 

(%) 

F1 
Score 
(%) 

AUC 
(%) Time 

(sec) 
Accurac

y (%) 

Cubic 
SVM 98.0% 98.02% 97.90

% 
0.996

% 
18.396

% 98.0% 

Quadrat
ic SVM 

98.56
% 98.58% 98.57

% 
0.996

% 
14.949

% 98.6% 

Cubic 
KNN 

92.58
% 94.58% 93.57

% 
0.992

% 
23.709

% 92.6% 

 
And Table 2 below provides a comprehensive summary 

of the performance metrics for three distinct classifiers 
employed in our study: Cubic SVM, Quadratic SVM, Cubic 
KNN on DenseNet-201. 

Table II Results of the Different Classifiers on DenseNet-201 

Classifie
rs 

Recall 
Rate 
(%) 

Precisio
n Rate 

(%) 

F1 
Score 
(%) 

AUC 
(%) Time 

(sec) 
Accurac

y (%) 

Cubic 
SVM 

99.72
% 99.72% 99.72

% 1% 15.085
% 99.7% 

Quadrat
ic SVM 

99.72
% 99.72% 99.72

% 1% 57.026
% 99.7% 

Cubic 
KNN 

92.58
% 94.58% 93.57

% 
0.996

% 
27.829

% 92.6% 

These models were rigorously evaluated across various 
metrics, including recall rate, precision rate, F1 score, 
processing time, and accuracy, to assess their efficacy in the 
context of emotion recognition based on Avatar.  

 
Figure 7 Cubic SVM Recall Rate for ResNet-50 

Notably, the cubic SVM classifier emerged as the top-
performing model, achieving the highest accuracy among 
the classifiers tested. 
 

 
Figure 8 Cubic SVM Recall Rate for DenseNet-201 

Furthermore, it is imperative to note that the success of the 
cubic SVM classifier extends beyond accuracy, as it 
consistently demonstrated superior performance in multiple 
metrics, including recall rate and F1 score, signifying its 
ability to effectively identify and classify emotions. The 
classifier's efficiency in processing time also underscores its 
real-world applicability for interactive systems. For a more 
detailed understanding of the classification performance, we 
provide the confusion matrix for the recall rate for ResNet-
50 in Figure 7 and for DenseNet-201 in Figure 8. 

 
Figure 9 Cubic SVM Precision Rate for ResNet-50 
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For the precision rate, we have provided in Figure 8 below 
for ResNet-50, and the precision rate for DenseNet-201 is 
provided in Figure 10. 

 
Figure 10 Cubic SVM Precision Rate for DenseNet-201 

The confusion matrix offers a comprehensive view of the 
classifier's true positive, true negative, false positive, and 
false negative predictions, allowing for a deeper insight into 
its precision and recall rates. These results collectively 
emphasize the cubic SVM classifier's suitability for 
applications necessitating accurate and efficient emotion 
recognition. 

Table III Comparative Analysis of Proposed and Previous Classification 
System 

Reference Model 
Technique F1 Score Accuracy 

EVOKE [19] CNN 0.88 87.62% 

Proposed 
Methodology 

Hybrid CNN-
SVM 

0.97 98.60% 

0.99 99.70% 

 
The comparison Table III illustrates the performance of two 
emotion recognition methodologies: EVOKE and the 
Proposed Methodology. EVOKE, employing a CNN model, 
achieves an F1 Score of 0.88 and an accuracy of 87.62%. In 
contrast, the Proposed Methodology combines a hybrid 
CNN-SVM approach, yielding significantly higher results. 
Initially, it achieves an impressive F1 Score of 0.97 with an 
accuracy of 98.60%, showcasing its robustness. Furthermore, 
the methodology undergoes refinement, resulting in an 
exceptional F1 Score of 0.99 and an accuracy of 99.70%. 
These results underscore the superiority of the Proposed 
Methodology over EVOKE in terms of accuracy and 
performance, positioning it as a more effective solution for 
emotion recognition tasks within virtual environments. 

V. CONCLUSION 

In this paper, Facial emotion recognition plays an essential 
role in human-computer interaction, affective computing, 
and various other domains. In this study, we propose a state-
of-the-art approach to facial emotion recognition the initial 
phase of our research involved the acquisition of emotional 
data utilizing a Virtual Reality (VR) device. We enlisted 
four participants to contribute to this data collection process, 

tasking them with displaying predetermined emotions while 
exposed to a set of sample images. These sample images 
encompassed five distinct emotional classes, including 
happiness, anger, neutrality, surprise, and fear. 

This research introduces several significant contributions to 
the field of facial expression analysis and delves into the 
domain of emotion classification through the analysis of a 
unique dataset composed of avatar-generated images 
obtained using Meta Quest Pro. The dataset is characterized 
by five distinct emotional classes, each containing an 
extensive set of approximately 3000 images. These images, 
portraying avatars crafted by the participants, represent a 
rich source of diverse emotional expressions. Our 
investigation revolves around the development and training 
of deep learning models tailored for the precise 
classification of emotions encapsulated within these images. 
The primary aim is to attain a heightened level of accuracy 
in detecting and categorizing emotional states expressed by 
the avatars. By leveraging deep learning methodologies, this 
study contributes valuable insights into the efficacy of such 
models in effectively capturing and classifying a wide 
spectrum of emotions present in the dataset. The outcomes 
of this research hold significance in advancing the realms of 
affective computing and human-computer interaction, 
paving the way for enhanced emotional understanding and 
interpretation in virtual environments. Our machine learning 
model, particularly the cubic Support Vector Machine 
(SVM) with DenseNet-201, demonstrated exceptional 
performance. We achieved a remarkable accuracy rate of 
99.7% when applying this model to the VR dataset for 
emotion recognition based on Avatar images. This 
extraordinary level of accuracy underscores the robustness 
and efficacy of our approach. Such outstanding results hold 
great promise for the application of our methodology across 
a broad spectrum of fields, with particular relevance to the 
advancement of human-computer interaction. Our research 
then proceeded to employ diverse machine learning 
algorithms, with a primary focus on Support Vector 
Machines (SVMs), for emotion recognition within this 
extensive dataset. 
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Abstract— the human fall detection system plays a crucial 
role in assistive technology, providing essential support 
for a substantial population. Its significance extends to 
monitoring and alerting seizures and sudden falls in 
individuals with epilepsy and related conditions. Our 
proposed methodology involves a systematic four-step 
process. Initial image extraction from videos is followed 
by data pre-processing, subsequent data labelling, and, 
in the fourth step, feature extraction utilizing deep 
learning models. The culmination of these steps involves 
classification through a machine learning model. Notably, 
our approach employs advanced transfer learning 
techniques to enhance the performance of ResNet-50 
pre-trained models. The dataset, sourced from 
Soonchunhyang University Cheonan Hospital, Asan, 
demonstrates a commendable average accuracy of 
97.9%. This research contributes to the advancement of 
fall detection technology, addressing critical needs in 
healthcare and assistive systems. 

I. INTRODUCTION 
The human fall detection system holds significant 

importance within assistive technology, addressing the 
essential need for living assistance for a considerable 
population. The elderly demographic in Bangladesh and 
Western countries has notably increased in recent years. 
Fall-related incidents have been identified as a leading cause 
of severe injuries and fatalities among individuals aged 79 
and above [1]. The National Institutes of Health in the 
United States reported approximately 1.6 million elderly 
individuals suffering from fall-related injuries annually [2]. 
China, experiencing the fastest aging population globally, is 
projected to reach around 35% by 2050 [2] from the base 
year 2020. A study highlights that 93% of elders, with 29% 
living alone, face the risk of falling [3]. Disturbingly, it was 
verified that around 50% of elderly individuals who remain 
on the floor due to fall events for over an hour may succumb 
within six months, even without apparent injuries [4]. 

According to data from the Public Health Agency of 
Canada [5], a significant demographic shift is anticipated by 
2026, with one in five Canadians aged 65 and older, 
compared to the ratio of eight to one in 2001. Notably, 93% 
of elderly individuals prefer to reside in their private homes, 
and among them, 29% lead solitary lives [5]. Moreover, 
almost 62% of injury-related hospitalizations for the elderly 
result from falls [6]. 

In recent years, various methods utilizing advanced 
devices such as wearable sensors, accelerometers, 
gyroscopes, magnetometers, etc., have been proposed to 
identify falls accurately. However, the impracticality of 
wearing such devices for extended periods renders this 
solution ineffective [7]. Recognizing the limitations of 
wearable devices, there is a pressing need for an in-depth 
surveillance system for senior individuals that can 
autonomously and promptly detect falls within a room, 
notifying caretakers instantly. Achieving this goal 
necessitates the implementation of a sensor-based alarm 
generation system in the living space. 

In recent years, among various types of deep learning 
models [8], the Convolutional Neural Network (CNN) has 
demonstrated remarkable success in diverse computational 
tasks such as image segmentation, object recognition, 
natural language processing, image understanding, and 
machine translation [9]. However, the efficacy of CNN in 
identifying different poses, as explored in [10], encounters 
challenges in varying illumination conditions. The 
background subtraction method used in this context tends to 
misclassify datasets due to shadows, leading to false 
predictions, especially in bending, crawling, and sitting 
positions. 

An alternative approach to human fall detection was 
introduced by Tamura et al. [11], utilizing a gyroscope and 
an accelerometer to trigger a wearable airbag upon detecting 
a fall. The system's design involved producing 16 subjects to 
simulate falls, and a thresholding technique was applied for 
fall detection. 

In the realm of real-life action recognition systems, a 
comprehensive overview is presented in [12], combining 
Deep Bidirectional LSTM (DB-LSTM) and CNN. While 
DB-LSTM recognizes hidden sequential patterns, CNN 
extracts data from video frames. However, limitations are 
observed in scenarios with identical backgrounds and 
occluded environments, leading to false projections. 

A. Major Challenges 

The main problems are as follows: Fall detection 
systems help prevent patient falls in hospitals and nursing 
homes, reducing injuries and complications. These systems 
ensure the safety of elderly individuals living independently 
by detecting and alerting to falls. Fall detection technology 
can monitor and alert to seizures and sudden falls in patients 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

90



 
with epilepsy and other seizure-related conditions. It aids in 
assessing changes in a patient's gait and mobility, useful for 
tracking physical function and detecting underlying medical 
issues. 

B. Major Contributions   
The aim of this study is to overcome the limitations of 

existing methods by presenting an innovative framework for 
accurate human fall direction image classification through a 
novel deep learning approach. The proposed framework 
encompasses the following sequential steps: 

• Extraction of images or frames from videos. 

• Modification of ResNet-50 pretrained deep 
learning models, incorporating an additional 
layer. Introduction of a new layer connecting 
the preceding layers using fully connected (FC) 
layers. 

• Utilization of the features extracted from the 
modified models for subsequent classification. 

II. METHODOLOGY 
      In the methodology section, we introduced a novel 
approach for classifying the direction of human falls, 
combining elements of deep learning and machine learning, 
illustrated in Figure 1. Our proposed methodology 
comprises four distinct steps. In the initial step, we extracted 
images from the videos, followed by data pre-processing in 
the second step. Subsequently, data labelling was conducted 
in the third step, and in the fourth step, features were 
extracted using deep learning models. Ultimately, 
classification was executed through a machine learning 
model. This approach leverages advanced techniques in 
transfer learning to improve the working performance of 
ResNet-50 pre-trained models specifically. Following the 
extraction of features from these modified model, utilizing 
fall direction dataset, the resultant feature vectors from the 
proposed dataset through the modified models were passed 
to the Cubic SVM machine learning classifiers for the 
conclusive classification. Our proposed classifiers for this 
task include Cubic SVM.  

 
Figure 1. Proposed diagram of human fall direction 
classification 

A. Data Collection 
The dataset utilized in our study encompasses two primary 
classes: Non-fall and Fall. For the Non-fall class, we 
collected data from 416 videos, each captured at a rate of 
59.94 frames per second (fps). The videos were recorded 
over a 10-second interval, with each frame featuring a size 
of 3840 by 2160 pixels. The Fall class, initially comprising a 
general classification, was further subdivided into three 
subclasses: forward fall, backward fall, and side fall. This 
refinement allows for a more nuanced analysis of fall 
patterns. The dataset was obtained from Soonchunhyang 
University Cheonan Hospital, Republic of Korea, ensuring a 
diverse and representative collection. For the Fall class, we 
gathered data from 1232 videos, also recorded at 59.94 fps 
and spanning a 10-second duration. Similar to the Non-fall 
class, the frame size for Fall class videos is 3840 by 2160 
pixels. This comprehensive table outlines the key details 
regarding the video count, frame rate, time interval, and 
frame size for both classes and their respective subclasses in 
our dataset, as presented in Table 1. 
 

Table 1. Detail description of proposed dataset. 

Class Video 
Number 

Video 
fps 

Time 
interval 

Frame 
Size 

Video 
Size 
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Non-
fall 416 59.94 10s 3840*

2160 
12.5M

B 

Fall 1232 59.94 10s 3840*
2160 

12.5M
B 

 

B. Modified Resnet50 
The ResNet architecture is highly esteemed for its 

remarkable ability to facilitate a more direct flow of 
information within the network, effectively resolving the 
challenge of disappearing gradients during backpropagation. 
Its efficiency in handling deep networks is well-
acknowledged, attributed to the incorporation of shortcut 
connections that address the vanishing gradient problem. In 
our Fall direction study, we harnessed the power of ResNet-
50, boasting 23 million parameters. To tailor it to our 
research needs, we made modifications by replacing the 
final classification layer and employing advanced transfer 
learning techniques for model fine-tuning. This tailored 
adaptation excels particularly in feature extraction, yielding 
feature vectors with dimensions N × 2048.  

III. RESULTS AND DISCUSSION 
This section details the exhaustive experimental 

procedures applied to evaluate the proposed framework. The 
outcomes are visually depicted through graphs, 
accompanied by meticulously defined performance metrics. 
Our investigation involved the segmentation of the HFD 
(Human Fall Direction) image dataset into training and 
testing sets at an 80:20 ratio, details are shown in Table 2. 
The training configuration specified 100 iterations, 100 
epochs, a minibatch size of 34, and a learning rate fixed at 
0.0001. We implemented a 5-fold cross-validation, 
systematically evaluating various classifiers across a 
spectrum of performance metrics, encompassing precision, 
rate, recall, and accuracy. MATLAB 2022a was employed 
for all simulations, executed on a system equipped with a 
Core i7 processor and 8 GB of RAM. 

Table 2. Splitting of training and testing images for 
evaluations. 

Classes Total 
Images 

Training 
Images 

Testing 
Images 

Non_Fall 600 480 120 

Side_Fall 600 480 120 

Forward_Fall 600 480 120 

Backword_Fall 600 480 120 

Total Images 2400 1920 480 

 

C. Experimental results for Fall and Non-fall dataset 

Table 3. Presents the outcomes of the human fall 
direction classification achieved through the ResNet50 
model. The test features for Fall and Non-fall extracted from 
ResNet50 underwent evaluation using two distinct machine 
learning classifiers. Remarkably, the CSVM classifier 

exhibited the highest accuracy, reaching an impressive 
97.9%. Notably, this model demonstrated commendable 
performance across various metrics, with computational 
time standing at 30 seconds, recall rate at 97.6, and precision 
rate at 95.8. Following closely, the LSVM classifier secured 
the second-highest accuracy at 96.4%, accompanied by 
corresponding values of 35.2 seconds for computational 
time, 96.2 for recall rate, and 96 for precision rate and AUC 
at last Wide neural network (WNN) got the accuracy of 
95.9%. Further insights into the classification performance 
can be gleaned from the confusion matrix, specifically for 
the ResNet-50 and CSVM model, as shown in Figure 3. 

Table 3. Proposed results of human Fall and Non-fall 
direction classification using ReNet-50 and CSVM. 

DL 
Models 

ML 
Classifiers Accuracy Time 

(sec) 
Precision 

Rate 
Recall 
Rate 

ResNet-
50 

1- CSVM 97.9% 30 95.8 97.6 

2- LSVM 96.4% 35.2 96 96.2 

 3- WNN 95.9% 30 95.9 96 

 
Figure 2. Confusion matrix of proposed results of human 
Fall and Non-fall direction classification using ReNet-50 
and CSVM. 

D. Performance Analysis across Four Classes of Fall 
Directions 

   Table 4 presents the outcomes of the human fall direction 
classification achieved through the ResNet50 model. The 
test features for Back-fall, Side-fall, Forward-fall and Non-
fall extracted from ResNet50 underwent evaluation using 
two distinct machine learning classifiers. Remarkably, the 
CSVM classifier exhibited the highest accuracy, reaching an 
impressive 97.9%. Notably, this model demonstrated 
commendable performance across various metrics, with 
computational time standing at 40.2 seconds, recall rate at 
97.6, and precision rate at 98. Following closely, the Wide 
neural network (WNN) classifier secured the second-highest 
accuracy at 96.3%, accompanied by corresponding values of 
25.2 seconds for computational time, 96.3 for recall rate, 
and 95.2 for precision rate and at last LSVM got the 
accuracy of 95.%. Further insights into the classification 
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performance can be gleaned from the confusion matrix, 
specifically for the ResNet-50 and CSVM model, as shown 
in Figure 4. The comparison with existing techniques is 
presented in Table 5. 

Table 4. Proposed results of human fall direction 
classification with four number of classes using ReNet-50 
and CSVM. 

DL 
Models 

ML 
Classifiers Accuracy Time 

(sec) 
Precision 

Rate 
Recall 
Rate 

ResNet
-50 

1- CSVM 97.9% 40.2 98 97.6 

2- WNN 96.3% 25.2 96.2 96.3 

 3- LSVM 95% 33.2 95.1 96.2 

 

 
Figure 3. Confusion matrix of human fall direction 
classification with four number of classes using ReNet-50 
and CSVM. 

Table 5. Comparison with existing techniques. 

Reference Method Accuracy Classes Year 
[12] DCNN 97.6% 2 

Fall/non-Fall 
2024 

[13] Open-pose 
+ LSTM  

92% 2 
Fall/non-Fall 

2020 

[14] 2D-pose 
estimation 

95% 2 
Fall/non-Fall 

2017 

Proposed TL based 
deep 
learning 
models  

97.9% 2 and 4 No of 
classes 

2024 

 

IV. CONCLUSIONS 
In this paper, we present a hybrid deep learning and 

machine learning model for fall direction classification. 
Utilizing data from Soonchunhyang University Cheonan 
Hospital, we apply transfer learning and ResNet-50 models, 
achieving an outstanding 97.9% accuracy. Our feature work 
involves incorporating an alarm system for timely action 
and optimizing computational efficiency by focusing on 
salient regions for feature extraction. This enhancement 
aims to improve responsiveness and streamline fall direction 
classification.  
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Abstract— A variety of information can be obtained through 
analysis of child behavior. In particular, children with 
developmental disabilities may display behavioral patterns that 
are different from typical children. In addition, rapid diagnosis 
and treatment of diseases such as these are important. For 
diseases like this, the guardian's observation and judgment are 
generally important. Additionally, since diagnosis at a hospital 
relies on the judgment of the guardian, an accurate diagnosis 
may be difficult. Therefore, direct observation by an expert can 
obtain very accurate results. However, there are great difficulties 
in having experts always visit the places where children are. Also, 
creating a space for child behavior analysis in a hospital may not 
be used as a rejection by children or parents. Therefore, in this 
paper, we implement a system that analyzes behavior after 
creating a space for children in a place other than a hospital. This 
space is in the form of a cafe for children, and four cameras on 
the ceiling observe without blind spots. And based on the images 
from these cameras, adults and children are classified using 
YOLO and their postures are also analyzed. At the current stage, 
it was possible to recognize the posture for each frame for one 
angle. Therefore, in the next step, the exact posture of the object 
will be recognized through the coordinate change amount, and 
the distance between objects will be calculated to analyze 
whether or not there is interaction. 

I. INTRODUCTION 
Recently, the problem of children with developmental 

disabilities has been intensifying in Korean society. In 
particular, the incidence of premature and low birth weight 
babies is increasing due to advanced pregnancy and childbirth. 
Therefore, the rates of developmental delays and 
communication disorders are increasing. Additionally, various 
activities of children have been restricted due to COVID-19. 
As a result, children's opportunities to develop large and small 
muscles are reduced, and the frequency of aggressive behavior 
is increasing due to increased stress. Lastly, there is a problem 
that children's language development is also delayed due to the 
use of masks. For developmental disorders such as these, rapid 
diagnosis and treatment are very important. However, the 
current diagnostic method has the problem of being somewhat 
inaccurate as it relies solely on parental observation and 
judgment. In particular, in the case of dual-income families, 
there is a problem in that as the time to care for children 
decreases, there are fewer opportunities to detect children's 

abnormal behavior. Therefore, current diagnostic methods are 
an obstacle to accurate diagnosis. The most accurate way to 
diagnose with current methods is for an expert to directly 
analyze the child's behavior. To diagnose using this method, 
an expert must visit the child in person. However, because 
there is a limit to the number of specialized personnel, this 
method has its limitations. Another way is to create a space in 
the hospital where children and parents can participate in 
activities together. This method has the advantage of solving 
the problem that experts have to travel directly and utilizing 
professional manpower more efficiently. This method also has 
limitations. In particular, parents feel reluctant about going to 
the hospital. In cases like these, quick diagnosis and treatment 
may not be possible. Therefore, in this paper, we implement a 
system to analyze behavior by creating a space outside the 
hospital where the behavior of children and parents can be 
analyzed. First, this space is equipped with toys and books for 
children to play with. Additionally, in this space, parents and 
children can act without resistance, as if using a kids cafe. 
Next, in this space, four cameras on the ceiling observe 
without blind spots. And based on the images from these 
cameras, adults and children are classified and their postures 
are recognized. There are a total of 5 recognized postures: 2 
for adults and 3 for children. Adult postures are divided into 
stand and sit, and children's postures are divided into stand, sit, 
and log (lying, rolling, or crawling postures). At the current 
stage, we have succeeded in recognizing posture for one 
channel. In the next step, we will analyze scores through 
interactions between children and parents and establish a 
diagnostic system for suspicious symptoms regarding toys 
handled by children. 

II. SYSTEM IMPLEMENTATION 
A. Room Setup 

A space was prepared to analyze children's behavior. This 
space is prepared separately from the hospital, so children and 
parents can visit without feeling uncomfortable. Additionally, 
this space has toys and books, similar to a kids cafe. This 
space is prepared so that parents and children can behave as 
usual. In this space, four cameras are installed on the ceiling, 
as shown in Figure 1. This camera observes all spaces in real 
time without blind spots. In addition, the sound is also 
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recorded so that the conversation between the child and the 
parent can be analyzed. This paper conducts experiments 
based on videos filmed in this space. 

 
Figure 1. Room setup. The red boxes mean cameras 
position. 

 
B. Dataset Preparation   
The dataset for the experiment is conducted using directly 
collected video data. This video data records children and 
adults appearing in the space for this experiment and behaving 
normally. A dataset was prepared based on this recorded video. 
This paper conducted an experiment as a preliminary 
verification for future experiments. Therefore, a dataset was 
prepared for one camera out of four cameras. First, the size of 
the recorded video data is UHD (3840x2160) and is recorded 
at 100fps. Nine of these video data were prepared, six were 
used for training and three were used for validation. This 
video data was used by extracting frame data at approximately 
16 frames per second. A dataset was prepared by labeling the 
extracted frame data as shown in Figure 2. 
 

 
Figure 2.  Example for labelling. 2 adults were labelled ‘adult 
stand,’ 1 adult was labelled ‘adult sit,’ and 1 child was labelled 
‘child stand.’ 
 
C. Train for obtaining weights 

Using the prepared dataset, we derive weights for posture 
recognition. Weights were trained using the x-large model, 
which has the highest accuracy among YOLOv8 [1]. The 
number of data used for learning is small. Therefore, in this 
paper, accuracy was secured through transfer learning. 
Transfer learning is a method used when there is little data and 
is a method of learning our dataset using existing weights 
learned from data similar to our dataset. The main feature of 
this method is that higher accuracy can be obtained compared 
to learning with Scratch. In this paper, transfer learning was 
performed using the weights provided by YOLOv8. This 
weight is learned with the MS-COCO [2] dataset. Since this 
weight also includes humans, high accuracy can be achieved. 
The hyper-parameters used for learning are as follows. First, 

the epoch was set to 50. Also, batch was set to 32. The 
remaining hyper-parameters used default values. In the case of 
batch, if the default value of 16 was used, there was a problem 
that a lot of noise occurred in recognition, so the higher value 
of 32 was used. 

III. EXPERIMENTAL RESULT 
A. Evaluation of weights 

First is the evaluation of weights. This weight was 
evaluated using the best weight after learning was completed. 
The evaluation dataset used here is three video data for 
validation. The model evaluation results are shown in Table 1. 
It can be seen that the accuracy based on mAP50 is over 80%. 
With this, the performance can be considered sufficiently high. 
However, with regard to the sitting posture of adults, the data 
included in the validation is very small, so the accuracy 
appears to be low. 

 
Table 1. Evaluation of weights 
Class Image Instance P R mAP50 
All 171 192 84.8% 74.8% 74.9% 

adult stand 171 142 96.8% 96.5% 91.8% 
adult sit 171 4 45.8% 25.0% 20.6% 

child stand 171 12 92.0% 96.3% 95.9% 
child sit 171 29 89.5% 96.6% 87.4% 
child log 171 5 100% 59.7% 78.7% 

 
B. Posture recognition 

Figure 3 shows the results of posture recognition on 
verification video data. As you can see from these results, you 
can see that all postures are recognized normally. 

 

 
(a) An adult stand 
 

 
(b) An adult sit, and a child stand 
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(c) An adult sit, and a child lie 
Figure 3. Examples of posture recognition 

 

IV. CONCLUSIONS 
In this paper, a system for analyzing children's behavior 

was prepared. A space was prepared to analyze the behavior of 
children and parents, and posture was recognized using one of 
four cameras installed in the space. Additionally, YOLOv8x 
was used for posture recognition. As a result, an accuracy of 
80% was achieved in the verification data set, and as a result 
of recognizing the posture with the verification data, it was 

confirmed that it was recognized without problems. Based on 
the results of this experiment, we will analyze the interaction 
between children and parents and implement a system that 
represents this as a score. In addition, we will implement a 
system that analyzes the interaction between children and toys 
to diagnose the expected type of child's developmental 
disability. 
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Abstract— This paper is concerned with the stability analysis and 
stabilization problem of a network-controlled drone system having 
asynchronous sampling times. Owing to the inevitable limitations 
in hardware resources and network bandwidths, choosing 
sampling times that can guarantee system stability has played an 
important role in controlling remote systems. Based on an input-
delay approach, a sampled-data system can be modeled into a 
linear system with a time-varying delay. Utilizing the input delay 
approaches, we derive stability criteria for the drone system with 
an asynchronous sampling time. Also, control gains are developed 
with the stability criteria. Numerical examples demonstrate the 
effectiveness of the proposed approaches. 

I. INTRODUCTION 
This paper is concerned with the stability analysis and 

stabilization problem of a network-controlled drone system 
having asynchronous sampling times. Between two successive 
sampling times, a sampled-data system is remotely controlled 
by previous sampled input and thus can be reformulated into a 
linear system with a saw-tooth delay. Naturally, system 
information at the sampling moment have played a key role in 
stability analysis and stabilization of the sampled-data systems. 
This paper utilizes the results of [2] for the stability analysis and 
stabilization of a network-controlled drone system with an 
asynchronous sampling times. Stability and stabilization 
conditions are obtained via linear matrix inequality (LMI) 
conditions. Numerical examples demonstrate the effectiveness 
of [2] in terms of allowable sampling intervals. 

II. MAIN RESULTS 
Consider the following sampled-data system of [1].  

𝑥̇𝑥(𝑡𝑡) = 𝐴𝐴𝐴𝐴(𝑡𝑡) + 𝐴𝐴𝑑𝑑𝑥𝑥(𝑡𝑡𝑘𝑘),∀𝑡𝑡 ∈ [𝑡𝑡𝑘𝑘 , 𝑡𝑡𝑘𝑘+1)             (1) 
where 𝑥𝑥(𝑡𝑡)  ∈  𝑅𝑅𝑛𝑛  is the system state, 𝐴𝐴,𝐴𝐴𝐴𝐴 ∈  𝑅𝑅𝑛𝑛×𝑛𝑛  are 
system matrices, and 𝑡𝑡𝑘𝑘 is the sampling instant such that ∪ 𝑘𝑘 ∈
𝑁𝑁[𝑡𝑡𝑘𝑘, 𝑡𝑡𝑘𝑘+1)  =  [0, +∞).  The sampling interval is defined as  

  𝑡𝑡𝑘𝑘+1 − 𝑡𝑡𝑘𝑘 = ℎ𝑘𝑘                               (2)       
Based on Theorem 2 of the paper [2], this paper discusses the 
Quanser AERO 2-DOF drone system [3] with a asynchronous 
sampling time. This helicopter system can be modelled as a free 
body diagram in Figure 1. This system consists of two identical 
rotors that produce the thrust forces 𝐹𝐹𝑝𝑝(𝑡𝑡) and 𝐹𝐹𝑦𝑦(𝑡𝑡) acting at 
two points with distances 𝑟𝑟𝑝𝑝 and 𝑟𝑟𝑦𝑦 from the z-axis along the x-
axis, respectively. Thus, a propeller generates a torque around 
the y-axis leading to a pitch motion, while the other handles a 
yaw motion. This system can be described as follows: 

 
where 𝐽𝐽𝑝𝑝  =  𝐽𝐽𝑦𝑦  =  0.0215 are moments of inertia about pitch 
axis and yaw axis, respectively. 𝐷𝐷𝑝𝑝  =  0.0071  and 𝐷𝐷𝑦𝑦  =
 0.0220 are viscous friction constants about pitch axis and yaw 
axis, respectively. 𝐾𝐾𝑠𝑠𝑠𝑠  =  0.0374 is the stiffness about the 
pitch axis. The torques 𝜏𝜏𝑝𝑝(𝑡𝑡) and 𝜏𝜏𝑦𝑦(𝑡𝑡) which respectively acts 
on the pitch and the yaw axes are assumed to be proportional to 
the input DC voltages Vp(t) and Vy(t) of the rotors such that: 

 
where 𝐾𝐾𝑝𝑝𝑝𝑝  =  0.0011  and 𝐾𝐾𝑝𝑝𝑝𝑝  =  0.0021  are thrust torque 
gain acting on pitch axis from pitch propeller and yaw propeller, 
respectively. Also ,𝐾𝐾𝑦𝑦𝑦𝑦  =  −0.0027  and 𝐾𝐾𝑦𝑦𝑦𝑦  =  0.0022  are 
thrust-torque gains acting on yaw axis from pitch propeller and 
yaw propeller, respectively. By utilizing the equations (4)-(6) 
and the state variable 𝑥𝑥(𝑡𝑡)  =  [𝜃𝜃(𝑡𝑡) 𝜑𝜑(𝑡𝑡) 𝜃̇𝜃(𝑡𝑡) 𝜑̇𝜑(𝑡𝑡)]𝑇𝑇  , this 
helicopter system can be represented as a sampled-data system 
(1) with the following matrices 
 

 

Fig 1 A free-body diagram of the 2-DOF drone system 
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Here, a matrix 𝐾𝐾  is a gain of a sampled-state feedback 
controller, and 𝐵𝐵 is a system matrix. In this example, i newly 
derive an analytic upper bound ℎ =  12.0942 of a periodic 
sampling interval. With a periodic sampling time, sampled-data 
system can be regarded as a linear discrete-time system. 
Integrating the differential equation (1) yields 

𝑥𝑥(𝑡𝑡) = Γ(𝑡𝑡 − 𝑡𝑡𝑘𝑘), 𝑡𝑡 ∈ [𝑡𝑡𝑘𝑘 , 𝑡𝑡𝑘𝑘+1], 
𝛤𝛤(𝜏𝜏) = 𝑒𝑒𝐴𝐴𝐴𝐴 + ∫ 𝑒𝑒𝐴𝐴(𝑡𝑡−𝜏𝜏)𝑑𝑑𝑑𝑑𝑑𝑑_𝑑𝑑𝜏𝜏

0 , 𝜏𝜏 ≥ 0. 
Under the periodic sampling ℎ = ℎ𝑘𝑘, the system dynamics in (1) 
becomes  

𝑥𝑥(𝑡𝑡𝑘𝑘+1) = 𝛤𝛤(ℎ)𝑥𝑥(𝑡𝑡𝑘𝑘)                             (10) 
This system is asymptotically stable if and only if Γ(ℎ) has all 
eigenvalues inside the unit circle. However, under 
asynchronous sampling, such method does not hold. Therefore, 
utilizing Theorem 2 of the paper [2], i verify that the system (1) 
with the matrices (7)-(9) is asymptotically stable under ℎ𝑘𝑘   ∈
 [10−5 , 9.5042]. In Figure 2, all state responses with an initial 
condition 𝑥𝑥(0)  =  [10 45 0 0]𝑇𝑇 converge. 

Further, the system (1) with a state feedback controller 𝑢𝑢(𝑡𝑡) =
𝐾𝐾𝐾𝐾(𝑡𝑡)  can be represented as follows. 

𝑥̇𝑥(𝑡𝑡) = 𝐴𝐴𝐴𝐴(𝑡𝑡) + 𝐵𝐵𝐵𝐵(𝑡𝑡)                              (11) 
Differently from the stability analysis problem, where the 
control gain 𝐾𝐾  (9) is given, stabilization of the system (11) 
considers a free variable 𝐾𝐾 in developing LMI conditions. This 
paper newly derives stabilization criteria and thus obtains 
following control gain, which guarantees that the system (1) 
with the matrices (7)-(8) is asymptotically stable under ℎ𝑘𝑘   ∈

 [10−5 , 9.5042].  In  Figure 3, all state responses with an initial 
condition 𝑥𝑥(0)  =  [10 45 0 0]𝑇𝑇 converge. 

 
 
 
 

III. CONCLUSIONS 
This paper has discussed stability analysis and stabilization  of 
the sampled-data controlled drone system with an asynchronous 
sampling time. In the future works, the derived results also can 
be applied to problems concerned with sampled-data 
synchronization of various systems including fuzzy systems, 
switched systems, and delayed chaotic Lur’e systems. 
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Fig 2 The state 𝒙𝒙(𝒕𝒕)  =  [𝜽𝜽(𝒕𝒕) 𝝋𝝋(𝒕𝒕) 𝜽̇𝜽(𝒕𝒕) 𝝋̇𝝋(𝒕𝒕)]𝑻𝑻 trajectories 
of the helicopter system with an asynchronous sampling 
interval 𝒉𝒉𝒌𝒌   ∈  [𝟏𝟏𝟏𝟏−𝟓𝟓 ,𝟗𝟗.𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓] 

(12) 

Fig 3 The state 𝒙𝒙(𝒕𝒕)  =  [𝜽𝜽(𝒕𝒕) 𝝋𝝋(𝒕𝒕) 𝜽̇𝜽(𝒕𝒕) 𝝋̇𝝋(𝒕𝒕)]𝑻𝑻 trajectories 
of the helicopter system with an asynchronous sampling 
interval 𝒉𝒉𝒌𝒌   ∈  [𝟏𝟏𝟏𝟏−𝟓𝟓 ,𝟗𝟗.𝟓𝟓𝟓𝟓𝟓𝟓𝟓𝟓] 
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Abstract— This paper proposes a novel adaptive sliding mode 
control (ASMC) algorithm based on quasi-convex functions for 
robot manipulators. The proposed ASMC utilizes quasi-convex 
functions to minimize overestimation of the control gain and aim 
to keep the sliding surface at arbitrarily small vicinity to zero. It 
also includes an algorithm to compensate for the time delay 
estimation (TDE) error induced by time delay control (TDC) 
method. This article applies the combination of TDC and a novel 
ASMC to guarantee asymptotic stability of a real robot 
manipulator with disturbance. The paper demonstrates the 
uniformly ultimately bounded (UUB) stability with arbitrarily 
small bound of sliding variable in the combined ASMC. The 
proposed ASMC is then applied to both simulation and real 
systems to compare the control performance with that of 
conventional ASMC methods. 

I. INTRODUCTION 
Robot manipulators are utilized for a range of tasks that 

require precision. In particular, it is widely used in factories [1] 
and medical facilities [2], [3]. Robot manipulators are being 
applied for work and to assist or replace humans in everyday 
life. In both situations, manipulators require a high degree of 
motion accuracy. However, motion control of robot 
manipulators is difficult due to nonlinearities, time-varying 
parameters, unknown disturbances, and modeling uncertainties. 
Such undesirable factor can hinder the manipulators control 
performance and cause instability [4]. Nonlinear robust control 
algorithm called sliding mode control (SMC) have been utilized 
to deal with the above factors. [5]. The SMC is robust to 
unknown dynamics, and robust stabilization is ideally achieved 
when the switching gain is greater than an uncertain upper 
bound. However, in practice, the upper bound is unknown [4]. 
Thus, the switching gain is selected to be sufficiently large than 
the uncertainty. This may cause chattering, which can be 
eliminated by setting the appropriate switching gain [5]. This 
creates the contradiction of knowing the uncertainty of the 
unknown. Therefore, SMC is difficult in real robot manipulator 
applications. To address these problems, adaptive sliding mode 
control (ASMC) [6], [7] was proposed as a combined adaptive 
gain. In fact, as stated in [8], the high gain of a monotonically 
increasing adaptive law can lead to overestimation and cause 
chattering [9]. This increases chattering and reduces control 
performance. 

To reduce overestimation, a function-based adaptive gain 
control, such as a barrier function adaptive sliding mode control 
(BFASMC) was proposed [10]. This approach ensures that the 
sliding surface converges to zero without significantly 
overestimating the gain. In a function-based adaptive gain, the 
function design significantly affects control performance. This 
paper proposes a new function-based adaptive sliding mode 
control with a quasi-convex function [11]. The quasi-convex 
adaptive sliding mode control (QCASMC) adjusts the adaptive 
gain according to the quasi-convex function when the sliding 
surface is near zero, which reduces overestimation. This paper 
compares the BFASMC and the QCASMC on a 2-DOF robot 
manipulator in simulation. 

The controller is an algorithm based on a model that requires 
knowledge of the nominal dynamics of the robot manipulator. 
However, the nominal part of the manipulator dynamics is 
challenging to know or measure. TDC is commonly used in 
mechanical systems due to its performance in dealing with 
model uncertainties and disturbances. TDC estimates the robot 
manipulator information using the previous angular 
acceleration and input torque. The estimation error depends on 
the sampling period, which is called the operating cycle. 
However, it is challenging to provide a fast operating cycle, 
which results in a TDE error. TDE errors are an additional 
disturbance to the robot manipulator that degrade control 
performance. To reduce uncertainties such as TDE errors, 
various TDC methods have been studied. In paper [12], TDC 
using the TDE error of the previous sampling time is proposed. 
ASMC works with SMC in addition to the TDC technique [13]-
[18]. This paper proposes a combined approach of QCASMC 
and TDC based on the previous discussion. Then, it can be 
applied to a real system to improve performance. The tracking 
error of the proposed ASMC is combined with the TDE 
technique to ensure the stability of the uniformly ultimately 
bounded (UUB) for sliding variables using the Lyapunov 
method. In Section II, TDC-based QCASMC for robot 
manipulators has been presented. In Section III, the simulation 
of the 2-Dof manipulator has been presented. In Section IV, the 
proposed ASMC with TDC is applied to a real robot 
manipulator. In Section V, we provide a brief conclusion of the 
paper. 
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II. PROPOSED ASMC COMBINED WITH TIME-DELAY CONTROL   

The Euler-Lagrange dynamic equation of an n-degree of 
freedom (DOF) robot manipulator can be consider as 

                        𝑀𝑀(𝑞𝑞𝑡𝑡)𝑞̈𝑞𝑡𝑡 + 𝐶𝐶(𝑞𝑞𝑡𝑡 , 𝑞̇𝑞𝑡𝑡)𝑞̇𝑞𝑡𝑡 + 𝐺𝐺(𝑞𝑞𝑡𝑡) + 𝐹𝐹(𝑞̇𝑞𝑡𝑡) =  𝜏𝜏𝑡𝑡 ,                (1) 
where system parameters 𝑞𝑞, 𝑞̇𝑞, 𝑞̈𝑞 ∈ ℝ𝑛𝑛 are the angular position, 
velocity, and acceleration vectors of each manipulator joint, 
respectively. 𝑀𝑀(𝑞𝑞𝑡𝑡) ∈ ℝ𝑛𝑛×𝑛𝑛  is the inertia matrix of the robot 
manipulator, 𝐶𝐶(𝑞𝑞𝑡𝑡 , 𝑞̇𝑞𝑡𝑡) ∈ ℝ𝑛𝑛×1  is the Coriolis matrix, 𝐺𝐺(𝑞𝑞𝑡𝑡) ∈
ℝ𝑛𝑛×1 is the gravity force vector, 𝐹𝐹(𝑞̇𝑞𝑡𝑡) ∈ ℝ𝑛𝑛×1 is the friction 
force vector. 𝜏𝜏𝑡𝑡 ∈ ℝ𝑛𝑛×1  is the control input torque of each 
manipulator joint.  
The dynamics (1) can be represented as follows: 
                                             𝑞̈𝑞𝑡𝑡 = 𝜎𝜎𝑡𝑡 + 𝑀𝑀−1𝜏𝜏𝑡𝑡  ,                              (2) 

where 𝜎𝜎𝑡𝑡 ≜ 𝑀𝑀�−1{[𝑀𝑀(𝑞𝑞𝑡𝑡)−𝑀𝑀�]𝑞̈𝑞𝑡𝑡 + 𝐶𝐶(𝑞𝑞𝑡𝑡 , 𝑞̇𝑞𝑡𝑡)𝑞̇𝑞𝑡𝑡 + 𝐺𝐺(𝑞𝑞𝑡𝑡) +
𝐹𝐹(𝑞̇𝑞𝑡𝑡)} , and 𝑀𝑀� = 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑{𝑚𝑚1,𝑚𝑚2,𝑚𝑚3 … ,𝑚𝑚𝑛𝑛}  is control gain 
matrix. Due to the time-varying and nonlinear nature of 𝜎𝜎𝑡𝑡, it is 
difficult to determine its exact value. As a digital controller with 
a sampling period is utilized to control the robot manipulator, 
the TDC is utilized by the controller to estimate 𝜎𝜎𝑡𝑡 from 𝜎𝜎�𝑡𝑡 =
𝜎𝜎𝑡𝑡−𝐿𝐿 due to its sampling period. where 𝐿𝐿 is the sampling period. 
From (2), we can get  𝜎𝜎�𝑡𝑡  
                                        𝜎𝜎�𝑡𝑡 = 𝑞̈𝑞𝑡𝑡−𝐿𝐿 −𝑀𝑀�−1𝜏𝜏𝑡𝑡−𝐿𝐿,                                  (3) 
                                        𝜏𝜏𝑡𝑡 +𝑀𝑀�𝜎𝜎�𝑡𝑡 = 𝑀𝑀�𝑞̈𝑞𝑡𝑡 .                                           (4) 
The TDE error is defined by 𝜇𝜇𝑡𝑡 = 𝜎𝜎𝑡𝑡 − 𝜎𝜎�𝑡𝑡  and, 𝐿𝐿  small and 
close to zero and is bounded. 

� 𝜇𝜇𝑡𝑡�∞ ≤ 𝜇𝜇∗,                                               (5) 
where 𝜇𝜇∗ is a positive value. The proof of (5) is taken from 
[12]. We define system error as 𝑒𝑒𝑡𝑡 = 𝑞𝑞𝑑𝑑𝑡𝑡 − 𝑞𝑞𝑡𝑡, where 𝑞𝑞𝑑𝑑𝑡𝑡 ∈
ℝ𝑛𝑛×1 is the desired angular position. The sliding surface is 
chosen as  
                                             𝑠𝑠𝑡𝑡 = 𝑒̇𝑒𝑡𝑡 +𝐾𝐾1𝑒𝑒𝑡𝑡,                                          (6) 
where 𝐾𝐾1 ∈ ℝ𝑛𝑛×𝑛𝑛 denotes the nonzero positive diagonal matrix. 
Construction of the controller [19] using the sliding variable 
defined in the expression (6). 

𝜏̂𝜏𝑡𝑡 = −𝑀𝑀�𝑞𝑞𝑡𝑡−𝐿𝐿 + 𝜏𝜏𝑡𝑡−𝐿𝐿 +𝑀𝑀��𝑞̈𝑞𝑑𝑑𝑡𝑡 +𝐾𝐾𝑑𝑑𝑒̇𝑒𝑡𝑡 +𝐾𝐾𝑝𝑝𝑒𝑒𝑡𝑡�.               (7) 
Substituting (3) with (7), we obtain 

𝜏̂𝜏𝑡𝑡 = −𝑀𝑀�𝜎𝜎�𝑡𝑡 + 𝑀𝑀��𝑞̈𝑞𝑑𝑑𝑡𝑡 +𝐾𝐾𝑑𝑑𝑒̇𝑒𝑡𝑡 + 𝐾𝐾𝑝𝑝𝑒𝑒𝑡𝑡�.                              (8) 
Substituting into (2) with 𝜏̂𝜏𝑡𝑡 = 𝜏𝜏𝑡𝑡 . Then rearrange the sliding 
constant 𝑠𝑠𝑡𝑡 . 

0 = 𝑒̈𝑒𝑡𝑡 + 𝐾𝐾𝑑𝑑𝑒̇𝑒𝑡𝑡 +𝐾𝐾𝑝𝑝𝑒𝑒𝑡𝑡 + 𝜎𝜎𝑡𝑡 − 𝜎𝜎�𝑡𝑡              
                              = 𝑠̇𝑠𝑡𝑡 + 𝐾𝐾2𝑠𝑠𝑡𝑡 = 𝑒̈𝑒𝑡𝑡 + (𝐾𝐾1 + 𝐾𝐾2)𝑒̇𝑒𝑡𝑡 +𝐾𝐾1𝐾𝐾2,           (9) 
where 𝐾𝐾𝑑𝑑 = 𝐾𝐾1 + 𝐾𝐾2  and 𝐾𝐾𝑝𝑝 = 𝐾𝐾1𝐾𝐾2  𝐾𝐾1,𝐾𝐾2 ∈ ℝ𝑛𝑛×𝑛𝑛 are 
positive diagonal gain matrices. Using TDC [12] to design the 
input torque. 
                                       𝜏𝜏𝑡𝑡𝑝𝑝 = 𝜏̂𝜏𝑡𝑡 − 𝛾𝛾𝑀𝑀�𝜇𝜇𝑡𝑡−𝐿𝐿,                                                       (10) 
where 𝛾𝛾 represents tunable parameter, while 𝜇𝜇𝑡𝑡−𝐿𝐿 denotes the 
previous TDE error. 
The equation (10) is represented as follows: 

𝜏𝜏𝑡𝑡𝑝𝑝 = −(𝛾𝛾 + 1)𝑀𝑀�𝑞̈𝑞𝑡𝑡−𝐿𝐿 + (𝛾𝛾 + 1)𝜏̂𝜏𝑡𝑡−𝐿𝐿 + 𝛾𝛾𝑀𝑀�𝑞̈𝑞𝑡𝑡−2𝐿𝐿 − 𝛾𝛾𝜏̂𝜏𝑡𝑡−2𝐿𝐿 
+𝑀𝑀�(𝑞̈𝑞𝑑𝑑𝑡𝑡 +𝐾𝐾1𝑒̇𝑒𝑡𝑡 +𝐾𝐾2𝑠𝑠𝑡𝑡) 

                = −𝑀𝑀�{𝜎𝜎�𝑡𝑡 + 𝛾𝛾𝜇𝜇𝑡𝑡−𝐿𝐿} +𝑀𝑀��𝑞̈𝑞𝑑𝑑𝑡𝑡 + 𝐾𝐾1𝑒̇𝑒𝑡𝑡 + 𝐾𝐾2𝑠𝑠𝑡𝑡�.                  (11) 
When an input torque (11) is applied, equation (2) follows 
desired dynamics. 
                           𝑒̈𝑒𝑡𝑡 + 𝐾𝐾𝑑𝑑𝑒̇𝑒𝑡𝑡 + 𝐾𝐾𝑝𝑝𝑒𝑒𝑡𝑡 + 𝜇𝜇 − 𝛾𝛾𝜇𝜇𝑡𝑡−𝐿𝐿 = 0.                      (12) 
We propose novel ASMC and insert it to the control (11) as 
follow: 
𝜏𝜏𝑡𝑡𝑝𝑝 = −𝑀𝑀�{𝜎𝜎� + 𝛾𝛾𝜇𝜇𝑡𝑡−𝐿𝐿} + 𝑀𝑀�(𝑞̈𝑞𝑑𝑑𝑡𝑡 +𝐾𝐾1𝑒̇𝑒𝑡𝑡 +𝐾𝐾2𝑠𝑠𝑡𝑡)+ 𝑀𝑀�𝐾𝐾�𝑠𝑠𝑠𝑠𝑠𝑠(𝑠𝑠𝑡𝑡).  (13) 
The switching gain 𝐾𝐾� is determined by a new adaptive law that 
contains a quasi-convex function, as follows: 

 
Fig. 2 Proposed ASMC diagram. 

                             𝐾𝐾𝑖𝑖,𝑡𝑡 = � 
𝐾𝐾𝑎̇𝑎 = 𝛼𝛼|𝑠𝑠𝑡𝑡|           , ‖𝑠𝑠𝑡𝑡‖∞ ≥ 𝜖𝜖
𝐾𝐾𝑏𝑏 = 1− 𝑒𝑒−𝛽𝛽𝑠𝑠𝑡𝑡2 , ‖𝑠𝑠𝑡𝑡‖∞ < 𝜖𝜖.

                 (14) 

ϵ is a small positive constant near zero, α is a tunable positive 
gain for adaption speed, and the β is a tunable gain of slope of 
the convex part of the quasi-convex function. The proposed new 
adaptive law reduces the adaptive gain 𝐾𝐾𝑖𝑖,𝑡𝑡 to zero when s is 
near zero. where the control gain 𝐾𝐾𝑖𝑖,𝑡𝑡 ∈ ℝ𝑛𝑛×𝑛𝑛  is a positive 
diagonal switching gain matrix. The 𝑠𝑠𝑠𝑠𝑠𝑠(𝑠𝑠𝑡𝑡) ∈ ℝ𝑛𝑛×1 is defined 
by 
                                    𝑠𝑠𝑠𝑠𝑠𝑠(𝑠𝑠𝑡𝑡) = � 1, 𝑠𝑠𝑡𝑡 ≥ 0

−1, 𝑠𝑠𝑡𝑡 < 0.                            (15) 

 
Thereom1. For a manipulator (1) controlled by (13) with 
adaptive gain (14), the sliding variable enters of the sliding 
manifold, ‖𝑠𝑠𝑡𝑡‖∞ < 𝜖𝜖, in a finite time 𝑡𝑡𝜖𝜖 > 0. 
After that, the sliding variable is guaranteed to be UUB for 
𝑡𝑡 ≥ 𝑡𝑡𝜖𝜖: 
                                 ‖𝑠𝑠𝑡𝑡‖∞ ≤ �𝑛𝑛𝜖𝜖2 + 𝐾̀𝐾∗,                             (16) 
where 𝐾̀𝐾∗ is the maximum value of ∑ 1

𝛼𝛼
(𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡)2𝑛𝑛

𝑖𝑖=1 . 
Proof: Let us define Lyapunov function as follows: 
 

                              𝑉𝑉𝑡𝑡 = 1
2
𝑠𝑠𝑡𝑡𝑇𝑇𝑠𝑠𝑡𝑡 + 1

2𝛼𝛼
∑ (𝜇𝜇�∗ −𝐾𝐾𝑖𝑖,𝑡𝑡)

2𝑛𝑛
𝑖𝑖=1 ,                (17) 

 

where 𝜇̅𝜇∗ is the upper bound of �𝜇𝜇 − 𝛼𝛼𝜇𝜇𝑡𝑡−𝐿𝐿�∞.  
Based on the (6) and (9), the time derivate of Lyapunov function 
is given as follows: 

𝑉̇𝑉𝑡𝑡 = 𝑠𝑠𝑡𝑡𝑇𝑇𝑠̇𝑠𝑡𝑡 −
𝐾̇𝐾𝑖𝑖,𝑡𝑡
𝛼𝛼 �(𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡)

𝑛𝑛

𝑖𝑖=1

 

     = 𝑠𝑠𝑡𝑡𝑇𝑇�𝑞̈𝑞𝑑𝑑𝑡𝑡 − 𝑞̈𝑞 +𝐾𝐾1𝑒̇𝑒𝑡𝑡� −
1
𝛼𝛼�(𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡)𝐾̇𝐾𝑖𝑖,𝑡𝑡

𝑛𝑛

𝑖𝑖=1

 

     = 𝑠𝑠𝑡𝑡𝑇𝑇�−𝜇𝜇 + 𝛾𝛾𝜇𝜇𝑡𝑡−𝐿𝐿 − 𝐾𝐾2𝑠𝑠𝑡𝑡 + 𝐾𝐾�𝑠𝑠𝑠𝑠𝑠𝑠(𝑠𝑠𝑡𝑡)� −
1
𝛼𝛼�(𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡)𝐾̇𝐾𝑖𝑖,𝑡𝑡

𝑛𝑛

𝑖𝑖=1

 

     ≤ −𝐾𝐾2𝑠𝑠𝑡𝑡𝑇𝑇𝑠𝑠𝑡𝑡 +���𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡��𝑠𝑠𝑖𝑖,𝑡𝑡� −
1
𝛼𝛼 �𝜇̅𝜇

∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡�𝐾̇𝐾𝑖𝑖,𝑡𝑡�
𝑛𝑛

𝑖𝑖=1

 
 

     = −𝐾𝐾2𝑠𝑠𝑡𝑡𝑇𝑇𝑠𝑠𝑡𝑡 +∑ �𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡� ��𝑠𝑠𝑖𝑖,𝑡𝑡� −
𝐾̇𝐾𝑖𝑖,𝑡𝑡
𝛼𝛼
�𝑛𝑛

𝑖𝑖=1 .                             (18) 
 

As there is a boundary in 𝜇𝜇𝑡𝑡 , 𝜇𝜇 − 𝛼𝛼𝜇𝜇𝑡𝑡−𝐿𝐿  is also bounded by 
�𝜇𝜇 − 𝛼𝛼𝜇𝜇𝑡𝑡−𝐿𝐿�∞ ≤ 𝜇𝜇�∗. There are two conditions for the proposed 
adaptive law (14). 
For the condition of ‖𝑠𝑠𝑡𝑡‖∞ ≥ 𝜖𝜖 , the negativeness of 𝑉̇𝑉𝑡𝑡  is 
guaranteed as follows: 
                                             𝑉̇𝑉𝑡𝑡 ≤ −𝐾𝐾2‖𝑠𝑠𝑡𝑡‖2

2,                               (19) 
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 ‖𝑠𝑠𝑡𝑡‖∞ < 𝜖𝜖 can reached by increasing the adaptive parameters 
𝐾𝐾�𝑖𝑖,𝑡𝑡 for 𝑖𝑖 = 1,2, …𝑛𝑛.  
For the condition of ‖𝑠𝑠𝑡𝑡‖∞ < 𝜖𝜖, the negativeness of 𝑉̇𝑉𝑡𝑡 is not 
guaranteed as follows: 

𝑉̇𝑉𝑡𝑡 ≤ −𝐾𝐾2‖𝑠𝑠𝑡𝑡‖2
2 +∑ �𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡� ��𝑠𝑠𝑖𝑖,𝑡𝑡� −

1−𝑒𝑒𝑡𝑡−𝛽𝛽𝑠𝑠𝑡𝑡
2

𝛼𝛼
�𝑛𝑛

𝑖𝑖=1 ,    (20) 

𝐾𝐾�𝑖𝑖,𝑡𝑡 is adaptive parameters for 𝑖𝑖 = 1,2, …𝑛𝑛.  
The upper bound of ‖𝑠𝑠𝑡𝑡‖2 is found for ‖𝑠𝑠𝑡𝑡‖∞ < 𝜖𝜖 based on 𝑉𝑉𝑡𝑡: 
 

                1
2
‖𝑠𝑠𝑡𝑡‖2

2 ≤ 𝑉𝑉𝑡𝑡 ≤
1
2
‖𝑠𝑠𝑡𝑡‖2

2 + ∑ 1
𝛼𝛼

(𝜇̅𝜇∗ − 𝐾𝐾𝑖𝑖,𝑡𝑡)2𝑛𝑛
𝑖𝑖=1 .            (21) 

If ‖𝑠𝑠𝑡𝑡‖∞ ≥ 𝜖𝜖,𝑉𝑉𝑡𝑡  decreases until ‖𝑠𝑠𝑡𝑡‖∞ ≤ 𝜖𝜖 . Therefore, for 
‖𝑠𝑠𝑡𝑡‖∞ ≤ 𝜖𝜖, 𝑉𝑉𝑡𝑡  has following upper bound: 
 

                          𝑉𝑉𝑡𝑡 ≤
1
2
∑ 𝜖𝜖2𝑛𝑛
𝑖𝑖=1 + 1

2
∑ 1

𝛼𝛼
(𝜇̅𝜇∗ − 𝐾𝐾�𝑖𝑖,𝑡𝑡)2𝑛𝑛

𝑖𝑖=1 .                 (22) 

There exists a maximum value 𝐾𝐾�∗ for ∑ 1
𝛼𝛼

(𝜇̅𝜇∗ − 𝐾𝐾�𝑖𝑖,𝑡𝑡)2𝑛𝑛
𝑖𝑖=1 such 

that: 
                                           𝑉𝑉𝑡𝑡 ≤ 0.5𝑛𝑛𝜖𝜖2 + 0.5𝐾𝐾�∗.                          (23) 
Obtain from (21) and (23) the upper bound of the sliding 
variable for ‖𝑠𝑠𝑡𝑡‖∞ ≤ 𝜖𝜖  
                                            𝑉𝑉𝑡𝑡 ≤ �𝑛𝑛𝜖𝜖2 + 𝐾𝐾�∗ .                                (24) 
In (24), the sliding variable of the robot manipulator (1) is UUB 
by the input torque. 
The proof is complete. 

III. SIMULATION 

A. Text Font of Entire Document 
In the simulation, we consider the 2-DOF robot manipulators 

as shown in [12]. 
𝑀𝑀(𝑞𝑞)  =  �𝑀𝑀11 𝑀𝑀12

𝑀𝑀21 𝑀𝑀22
� ,𝐶𝐶(𝑞𝑞, 𝑞̇𝑞)𝑞̇𝑞  =  �𝐶𝐶11𝐶𝐶21

�, 

                        𝐺𝐺(𝑞𝑞)   =  �𝐺𝐺11𝐺𝐺21
� ,𝐹𝐹(𝑞̇𝑞)  =  �𝐹𝐹12𝐹𝐹22

�                                  (25) 

with 
𝑀𝑀11 = 𝑙𝑙2

2𝑚𝑚2 + 2𝑙𝑙1𝑙𝑙2𝑚𝑚2 cos(𝑞𝑞2) + 𝑙𝑙1
2(𝑚𝑚1 +𝑚𝑚2), 

𝑀𝑀12 = 𝑙𝑙2
2𝑚𝑚2 + 𝑙𝑙1𝑙𝑙2𝑚𝑚2 cos(𝑞𝑞2) , 

 𝑀𝑀21 = 𝑀𝑀12 ,  𝑀𝑀22 = 𝑙𝑙2
2𝑚𝑚2, 

𝐶𝐶11 = −𝑙𝑙1𝑙𝑙2𝑚𝑚2 sin(𝑞𝑞2)𝑞𝑞2̇2 − 2𝑙𝑙1𝑙𝑙2𝑚𝑚2 sin(𝑞𝑞2)𝑞𝑞1̇2𝑞𝑞2̇2, 
𝐶𝐶21 = 𝑙𝑙1𝑙𝑙2𝑚𝑚2 sin(𝑞𝑞2)𝑞𝑞2̇2 , 
𝐺𝐺11 = 𝑚𝑚2𝑙𝑙2𝑔𝑔 cos(𝑞𝑞1 + 𝑞𝑞2) + �(𝑚𝑚1 + 𝑚𝑚2)𝑙𝑙1𝑔𝑔�cos(𝑞𝑞1) , 
𝐺𝐺22 = 𝑚𝑚2𝑙𝑙2𝑔𝑔 cos(𝑞𝑞1 + 𝑞𝑞2) , 
𝐹𝐹11 = 𝑓𝑓𝑣𝑣1𝑞𝑞1̇ + 𝑓𝑓𝑐𝑐1𝑠𝑠𝑠𝑠𝑠𝑠(𝑞𝑞1̇),𝐹𝐹21 = 𝑓𝑓𝑣𝑣2𝑞𝑞2̇ + 𝑓𝑓𝑐𝑐2𝑠𝑠𝑠𝑠𝑠𝑠(𝑞𝑞2̇), 

 
where 𝑞𝑞1 and 𝑞𝑞2are the angles of the robot manipulator joints 1 
and 2, respectively. The joint parameters are set 𝑚𝑚1 =
9[𝑘𝑘𝑘𝑘],𝑚𝑚2 = 6[𝑘𝑘𝑘𝑘], 𝑙𝑙1 = 0.4[𝑚𝑚], 𝑙𝑙2 = 0.2[𝑚𝑚],𝑔𝑔 = 9.8 �𝑚𝑚

𝑠𝑠2
�. 

The friction coefficients are 𝑓𝑓𝑣𝑣1 = 10[𝑁𝑁𝑁𝑁𝑁𝑁],𝑓𝑓𝑐𝑐1 = 10[𝑁𝑁𝑁𝑁],𝑓𝑓𝑣𝑣2 =
10[𝑁𝑁𝑁𝑁𝑁𝑁] 𝑎𝑎𝑎𝑎𝑎𝑎 𝑓𝑓𝑐𝑐2 = 10[𝑁𝑁𝑁𝑁]. For the simulation, we set desired 
angular position 𝑞𝑞𝑑𝑑 = [𝑞𝑞1𝑑𝑑 , 𝑞𝑞2𝑑𝑑]𝑇𝑇 , 𝑞𝑞1𝑑𝑑 = sin (0.5𝑡𝑡) and 𝑞𝑞2𝑑𝑑 =
0.6sin (𝑡𝑡) . The adjustable gains are set to ,𝑀𝑀� = {0.02,0.02},
𝐾𝐾1 = diag{10, 10}, 𝐾𝐾2 = diag{15, 15} , α = 10, 𝛽𝛽 = 200 and 𝜖𝜖 =
0.5. The disturbance is given by 
 

 
 
 
               (26) 

B. Title and Author Details 
The simulation result is shown by comparing the sliding surface 
of BFASMC and QCASMC in Fig. 1 and Fig. 2 also shows the  

        
(a)                                                           (b) 

Fig. 2 Sliding surface of BFASMC and QCASMC. (a) joint 1. (b) joint 2. 

        
(c)                                                              (d) 

Fig. 3 Tracking error of BFASMC and QCASMC. (c) joint 3. (d) joint 4. 

tracking errors of BFASMC and QCASMC. The QCASMC 
keep the sliding surface and tracking error arbitrarily small 
vicinity of the zero against the time-varying disturbances. The 
results of the simulation show that the QCASMC is more robust 
and stable than the BFASMC. 

IV. EXPERIMENT 
 

       
                              (a)                                           (b) 

Fig. 4 Experiment setup based on Franka Emika Research 3. (a) manipulator. 
(b) control box 

In this section, we present the experiment results of Franka 
Emika research 3, the 7-DOF robot manipulator in Fig. 3. The 
experiment utilized 4-DOF joints for position control. 
A. Experiment Setup 

The Reserch3 has following parameters: a mass of 17.8 kg, 
and a payload of 3 kg. The main frequency is 50~60Hz, and the 
sampling rate is 100Hz. Link-side torque sensors are present on 
the all 7 axes. For the experiments, we designed the following 

    
(a)                                                              (b) 

 

   
(c)                                                              (d) 

Fig. 5 Desired motion and trajectory of QCASMC with TDC. (a) joint 1. (b) 
joint 2. (c) joint 3. (d) joint 4. 

𝑑𝑑𝑡𝑡 = �
[0.1 cos(2𝑡𝑡) , 0.3 sin(2𝑡𝑡)]𝑇𝑇 , 𝑡𝑡 < 5
[0.2 cos(2𝑡𝑡) , 0.4 sin(3𝑡𝑡)]𝑇𝑇 , 𝑡𝑡 < 15
[0.4 cos(4𝑡𝑡) , 0.3 sin(2𝑡𝑡)]𝑇𝑇 , 𝑡𝑡 ≥ 15

. 
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Fig. 6 Sliding surface of QCASMC with TDC. each joint of 𝑞𝑞1,𝑞𝑞2, 𝑞𝑞3, 𝑞𝑞4. 

parameters to 𝑞𝑞𝑑𝑑 = [𝑞𝑞1𝑑𝑑 , 𝑞𝑞2𝑑𝑑 , 𝑞𝑞3𝑑𝑑 , 𝑞𝑞4𝑑𝑑]𝑇𝑇 ,  𝑞𝑞1𝑑𝑑 = 𝜋𝜋
8

sin(𝑡𝑡) ,  𝑞𝑞2𝑑𝑑 =
𝜋𝜋
8

sin(𝑡𝑡) , 𝑞𝑞3𝑑𝑑 = 𝜋𝜋
8

sin(𝑡𝑡) , 𝑞𝑞4𝑑𝑑 = 𝜋𝜋
8

sin(𝑡𝑡) , α = 3, 𝛽𝛽 = 20 and ,𝛾𝛾 =
0.3,𝜖𝜖 = 0.5, 𝐾𝐾1 = diag{1, 1, 1, 1},  𝐾𝐾2 = diag{0.03,0.03,0.03,0.03}, 
𝑀𝑀� = {0.02,0.02,0.02,0.02,0.02}. 
B. Experiment Results 
The experimental results in Figures 4 and 5 show the sliding 
surface and tracking error for each joint of the QCAMC with 
TDC. Both results show convergence close to zero, and the 
desired motion and trajectory results in Fig. 6 demonstrate the 
stability and robustness of the proposed adaptive law and 
algorithm. 

V. CONCLUSIONS 
This paper proposed a new ASMC and combines TDC 

techniques, applying them to a robot manipulator through 
simulation and experiment. The previous TDE error is used to 
compensate for the TDE error, and no modeling information is 
required. The proposed quasi-convex function-based ASMC 
reduces overestimation, and the sliding surface and tracking 
error converge to near zero, showing stability and robustness. 
For stability analysis, the tracking error of the proposed ASMC 
is combined with the TDE technique to ensure the stability of 
the UUB for sliding variables using the Lyapunov method. 
Simulations and experiments demonstrate that the proposed 
ASMC could be a viable alternative to traditional ASMC. In the 
future work, good estimation performance can be achieved by 
adjusting the 𝛽𝛽 parameter of the quasi-convex function, adding 

additional terms, and adjusting the parameters of the TDC 
algorithm. 
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Abstract— The next-generation mobile communication service, 5G 
New Radio (NR), imposes high-level requirements to achieve high 
reliability, ultra-low latency, and high connection density. 
Additionally, the 3rd Generation Partnership Project (3GPP) is 
engaged in various standardization efforts to enhance 5G services 
further. Channel estimation stands as a core technology for 
improving signal quality, with demodulation reference signal 
(DM-RS) based channel estimation being adopted as the standard 
technique. While this approach effectively adapts to the 
dynamically changing channel environment by sharing wireless 
resources with data information, it may incur losses in terms of 
data transmission rates due to resource occupancy. To address this 
issue, a channel estimation method based on the K-means 
clustering algorithm has been introduced. However, this method 
had limitations in wireless resource unit channel estimation by 
restricting the minimum target of channel estimation to resource 
blocks (RBs). This paper proposes a blind channel estimation 
method based on the K-means algorithm, which is effective even 
in large delay spread and Doppler affected environments, by 
setting the minimum target of clustering to a resource element. 

I. INTRODUCTION 
3GPP provides three services as use cases for the 5G new 

radio (NR) mobile communication service, 5G NR. First, 
enhanced mobile broadband (eMBB), massive machine-type 
communications (mMTC), and ultra-reliable and low latency 
communications (URLLC) [1]. These services have led to 
various standardization efforts due to the use of higher 
frequency bands compared to Long-Term Evolution (LTE), and 
currently, more enhanced 5G-Advanced (5G-A) 
standardization is underway. 

Channel estimation in wireless communication systems is a 
key technology for improving signal quality, and currently, 
channel estimation based on demodulation reference signal 
(DM-RS) is adopted as a standard technique. While DM-RS 
effectively adapts to real-time channel variations allocated in 
wireless resources along with data information in the physical 
layer, it may incur a loss in data transmission rate depending on 
the number of DM-RS symbols occupying wireless resources. 

To address the issue a blind channel estimation technique 
based on the K-means clustering algorithm has been proposed 
[2]. This method to perform channel estimation without 
occupying wireless resources with DM-RS and has the 
advantage of efficiently managing wireless resources. When 
performing channel estimation in [2], a single resource block 
(RB) is used as the minimum unit for clustering. However, this 
configuration has limitations in effectively addressing channel 

variations caused by high levels of delay spread (DS) and 
Doppler effects, resulting in performance degradation. 

This paper proposes a more effective optimal resource 
clustering based blind channel estimation algorithm that does 
not rely on DM-RS in wireless fading environments. The 
proposed method performs clustering with multiple orthogonal 
frequency division multiplexing (OFDM) symbols in the time 
domain and multiple subcarriers in the frequency domain as the 
minimum units. Each distinguished cluster undergoes channel 
estimation based on the K-means clustering algorithm, and the 
utility of the proposed method is examined through mean 
square error (MSE) performance analysis and data rate 
measurement. 

II. SYSTEM MODEL 
In the 5G NR physical layer, various physical channels and 

signals are defined for different transmissions. These physical 
channels and signals are utilized for uplink and downlink 
transmissions, conveying control information, data packets, 
channel state information, synchronization information, and 
more. The aforementioned physical channels and signals are 
processed based on scheduling information and allocated to the 
resource grid to pass through the wireless fading channel. When 
digital modulated signals are assigned to the resource grid, they 
can be composed of single or multiple slots in the time domain 
and single or multiple RBs in the frequency domain [3]. The 
received signal 𝑌𝑌𝑖𝑖 ,𝑗𝑗 passing through the wireless fading channel 
mentioned above can be represented as Yi,j = Hi,jXi,j + Ni,j , 
where Hi,j  is tapped-delay line (TDL)-A channel, Xi,j  is 
transmission signal, and Ni,j  is additive white gaussian noise 
(AWGN) with mean 0 and variance 1.  

III. PROPOSED METHOD 
The received signal 𝑌𝑌𝑖𝑖,𝑗𝑗  passing through the TDL-A channel 

undergoes OFDM demodulation, followed by clustering into 
multiple groups considering DS and user equipment (UE) 
velocity [4]. Each group consists of multiple resource elements 
(REs), composed of single or multiple OFDM symbols in the 
time domain and single or multiple subcarriers in the frequency 
domain. All clusters need to effectively adapt to channel 
variations due to DS and UE velocity-induced Doppler effects. 
To achieve this, each cluster determines its clustering groups by 
considering combinations of factors that are divisors of the 
number of OFDM symbols associated with the signal within 
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slots on the time domain and the number of subcarriers on the 
frequency domain. For example, assuming clustering for 1 slot 
in the time domain and 1 RB in the frequency domain, the 
candidate groups for clustering on the time domain 𝐶𝐶𝑡𝑡  =
 {1, 2, 7, 14} and on the frequency domain 𝐶𝐶𝑓𝑓  =  {1,2,3,4,6,12}. 
The K-means algorithm is applied to all combinations of 
candidates on the time and frequency domain. However, 
considering QPSK as the assumed digital modulation in this 
study, clustering groups of fewer than four are excluded from 
the combination of 𝐶𝐶𝑡𝑡 and 𝐶𝐶𝑓𝑓. The REs within each clustering 
group is distinguished as one of the four QPSK symbols, based 
on as 

Xi,j = 𝑒𝑒
𝑗𝑗(2𝑙𝑙−1)𝜋𝜋

4 ,  (1) 

where 𝑙𝑙 =  (1,⋯ ,4) is number of QPSK symbols. Based on (1), 
channel estimation is performed for each clustering, where the 
received signal 𝑌𝑌𝑖𝑖 ,𝑗𝑗  is QPSK modulated, resulting in four 
centroids for each cluster. Through this process, signals within 
each cluster are discriminated as centroids, which are QPSK 
symbols, effectively canceling out noise. The estimated channel 
𝐻𝐻�𝑖𝑖,𝑗𝑗  =  𝑌𝑌𝑖𝑖 ,𝑗𝑗  / 𝑋𝑋𝑖𝑖,𝑗𝑗  is computed for each centroid, allowing for 
four channel estimations for one centroid. Then, 𝑋𝑋�𝑖𝑖 ,𝑗𝑗  =
 𝑌𝑌𝑖𝑖 ,𝑗𝑗  / 𝐻𝐻�𝑖𝑖,𝑗𝑗  is derived for each of the 16 estimated channels, 
which is used to calculate the bit error rate (BER) by comparing 
it with the actual transmitted signal. The estimated channel 𝐻𝐻�𝑖𝑖,𝑗𝑗  
with the lowest BER in each cluster is considered as the 
estimated channel for that cluster. This process is repeated for 
all clusters, and the performance is analyzed using the MSE 
between 𝐻𝐻�𝑖𝑖,𝑗𝑗  and 𝐻𝐻𝑖𝑖,𝑗𝑗 . MSE is calculated as  

MSE =
1
𝑛𝑛
�(

1
𝑚𝑚

𝑛𝑛

𝑖𝑖=1

��𝐻𝐻𝑖𝑖,𝑗𝑗 − 𝐻𝐻�𝑖𝑖,𝑗𝑗�
2

),
𝑚𝑚

𝑗𝑗=1

 (2) 

where n is number of clustering groups and m is number of 
associations. 

IV. SIMULATION RESULTS 
In this chapter, we describe the MSE performance of the 

proposed method compared to the conventional method. It is 
assumed that the transmitted signal passed through a TDL-A 
channel, occupying 1 slot in the time domain and 10 RBs in the 
frequency domain. Fig. 2 illustrates the MSE performance of 
the conventional method represented by the red line and the 
proposed method represented by the blue line, with a DS of 50 
ns and a UE speed of 60 km/h. Both methods demonstrate a 
decrease in MSE with an increase in the signal-to-noise ratio 
(SNR), with the proposed method exhibiting superior 
performance over the entire SNR range compared to the 
conventional method. Fig. 3 depicts the MSE performance 
under conditions of a UE speed of 120 km/h and a DS of 300 
ns. In Fig. 3, significant channel variations can be observed in 
both the time and frequency domains compared to Fig. 2. The 
proposed method, by performing optimal resource clustering to 
overcome the limitations of the conventional method and 
conducting channel estimation at the RE level, demonstrates 
more effective performance in Fig. 3. 

 
Fig. 2 MSE performance according to SNR (DS=50ns, V=60km/h). 

 
Fig. 3 MSE performance according to SNR (DS=300ns, V=120km/h). 

V. CONCLUSION 
In this paper, we introduce a channel estimation method 

based on the K-means algorithm with optimal resource 
clustering to overcome the limitations of conventional methods. 
Through simulations, we confirm the effectiveness of the 
proposed method in performing channel estimation even in 
scenarios with significant channel variations due to high DS and 
Doppler effects. Additionally, the analysis of simulation results 
highlights the necessity of optimal cluster configuration 
according to channel characteristics. 
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Abstract— Human Interaction Recognition (HIR) is a field of 
study that involves the development of computer algorithms 
to detect and recognize human interactions in videos, images, 
or other multimedia content. The goal of HIR is to 
automatically identify and analyze the social interactions 
between people, their body language, and facial expressions. In 
this paper, we aim to address the problem of human 
interaction recognition in videos by exploring the long-term 
inter-related dynamics among multiple persons. Recently, Long 
Short-Term Memory (LSTM) has become a popular choice to 
model individual dynamic for single-person action recognition 
due to its ability of capturing the temporal motion information 
in a range. However, existing RNN models focus only on 
capturing the dynamics of human interaction by simply 
combining all dynamics of individuals or modeling them as a 
whole. Such models neglect the inter-related dynamics of how 
human interactions change over time. To this end, we propose 
a Long Short-Term Memory model to conducted the 
experiment with human interaction dataset. The aim is to 
recognize interactions between two individuals in a video 
using OpenPose framework to extract key points, and 
subsequently employ a LSTM model for interaction 
recognition. 

I. INTRODUCTION 
Computer vision is an area of artificial intelligence that 

focuses on enabling computers to interpret and understand 
visual data from the world around them. It has become 
increasingly important in recent years as the amount of visual 
data generated by digital devices continues to grow faster. 
(CV) has numerous application scenarios, from facial 
recognition [1-2] and object detection to medical image 
analysis [3-5] and autonomous vehicles [6], [9], and 
recommendation systems [7-8]. 

The goal of (CV) is to enable machines to extract 
meaningful information from visual data and use that 
information to make decisions or take actions. This is 
accomplished through the use of algorithms and machine 
learning techniques, which enable computers to recognize 
patterns and features within images or videos. Some of the key 
techniques used in computer vision include interaction 
recognition [10–12], video classification [13–16], human 
action classification [17–19], and object detection [20–23]. As 
the field of (CV) has advanced, it has become possible to 

develop more sophisticated and accurate algorithms for 
analyzing visual data. This has led to the development of 
human-to-human interaction, which is how humans perceive 
their environment through their five senses. Human-machine-
human (HMH) interaction is when humans interact with each 
other through machines, such as robots or passive sensorized 
devices [24, 25]. In particular, machine learning (ML) 
techniques have been used to develop human-human 
interaction (HHI) systems for identifying human behavior [26], 
which provide powerful effects in human interaction 
recognition (HIR) during routine daily life. 

Despite the advances in computer vision (CV), machine 
learning (ML), and deep learning (DL), there remain 
challenges in achieving high accuracy and reliability in the 
process of recognizing and classifying human actions or 
interactions with videos. These challenges include issues 
related to handling diverse datasets, refining interaction 
boundaries, and ensuring the robustness of classification 
models. One of the main challenges is the extraction of human 
key points within interaction videos, such as light-
conditioning videos and camera angles that can overlap people 
in indoor and outdoor environments. Accurate extraction of 
key points is really important for the feature. Achieving a 
generalized approach to interaction classification remains 
paramount. The quality of this classification directly 
influences subsequent tasks such as target identification, 
feature extraction, and pattern recognition. By ensuring the 
broader applicability of interaction classification methods, we 
empower the extraction of relevant features for object-person 
and boundary classification within real-time videos. Ongoing 
research and development efforts strive to enhance precision 
and adaptability, enabling robust performance across diverse 
contexts. 

II. RELATED WORK 
In recent years, significant advancements have been made 

in deep learning-based approaches for human interaction 
recognition. The study is to develop a multi-stream sequence 
learning framework for human interaction recognition that 
effectively combines skeleton key points and spatiotemporal 
visual representations to accurately classify various human 
interactions in surveillance videos. Utilizes two benchmark 
datasets, namely the UT-interaction (UT-I) dataset and the TV 
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human interaction (TV-HI) dataset, to evaluate the proposed 
multi-stream network. These datasets contain video samples of 
human interactions captured in different scenarios and 
environments. For method consists of a multi-stream network 
that includes two main blocks: a 1-D CNN with BD-LSTM 
and a 3-D CNN. The 1-D CNN and BD-LSTM stream learns 
human interactions based on key features extracted from pose 
estimation algorithms, while the 3-D CNN model captures 
temporal information. The outputs of these streams are 
concatenated to make the final prediction, enabling the model 
to effectively recognize interactions between multiple humans 
from video frames. The overall accuracy of the proposed 
model using the combined dataset was 96.0% [26], The 
research work namely Human Interaction Recognition Based 
on Deep Learning and HMM, objective of the paper is to 
improve human interaction recognition accuracy by 
combining deep learning with traditional HMM methods. 
Dataset used in the experiments is the UT-interaction dataset, 
which includes six types of double interaction behaviours such 
as handshake, hug, kick, provocation, shoving, and punching. 
The method involves using an optimized ALexNet 
convolutional neural network to extract behaviour features, 
training an LSTM network with Softmax method for feature 
extraction, and fusing classification results using the particle   
swarm optimization algorithm to establish a hybrid 
classification model. The results show that the hybrid model 
achieves higher recognition accuracy compared to other 
classical methods, with a recognition rate of 91.9% on the UT-
interaction dataset [27]. Separately, this research namely 
Human Interaction Classification in Sliding Video Windows 
Using Skeleton Data Tracking and Feature Extraction. This 
research presents an approach for classifying human 
interactions in video frames using skeleton data. By 
combining knowledge-aware feature extraction, multi-stream 
neural network models, and sliding window processing, the 
method achieves high accuracy in interaction recognition on 
the NTU RGB+D dataset. The study demonstrates the 
effectiveness of the approach through cross-validation on the 
UT-Interaction dataset, showcasing robust performance and 
generalizability. The models developed offer a practical trade-
off between accuracy and complexity, highlighting 
advancements in human interaction classification using deep 
learning techniques [28]. As for this last paper, the research 
introduces the task of Human-to-Human Interaction Detection 
(HID) in videos, aiming to detect subjects, recognize person-
wise actions, and group people based on their interactive 
relations. The study creates the AVA-Interaction (AVA-I) 
dataset, a large-scale benchmark for HID, and develops the 
SaMFormer model, a Transformer-based framework for one-
stage HID. SaMFormer achieves leading performance on 
existing benchmarks and the AVA-I dataset, demonstrating 
superior accuracy in detecting human interactions and 
interpreting scenes effectively [29]. 

 
 
 
 
 
 
 

 
 

III. PROPOSED METHOD 
    In this section, we delve into the intricacies of the proposed 
model employed for executing the interaction recognition task. 
 

 
Fig. 1 The proposed whole flowchart of human interaction recognition task 

A. Frame Extraction 
The initial steps involve the ingestion of video data 

followed by frame extraction, which serves as the foundational 
preprocessing phase. This process enables the isolation of 
individual frames from the video, effectively breaking down 
the visual input into discrete units for subsequent analysis. 

B. Key Points Feature Extraction 
In this section, our proposed technique, interaction, like 

other actions, is viewed as sequential data unfolding over time. 
Instead of analyzing all frames from the videos, we selected 
51 frames from each video. This approach aims to decrease 
computational load and processing time while still capturing 
the fundamental motion dynamics present in the video data. 
To further reduce computational demands during the pose 
estimation process, frames were resized to 800 pixels in width 
and 500 pixels in height. Pose estimation, executed using 
OpenPose, enabled the extraction of 2D joint locations of the 
skeleton. OpenPose identified 25 key points on the human 
body, each represented by 2D X and Y coordinates. Refer to 
Fig. 2 for an illustration of the 25 key points extracted by 
OpenPose from the human body. 

 

Fig. 2 Openpose detects human body 25 key points 

The output from Openpose is an array with a shape of 50x3 
for detected two objects in a frame; 50 represents the number 
of key points for detected two persons, and 3 represents the X-
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coordinate, Y-coordinate, and Z-confidence score. We do not 
utilize the Z-confidence score; it is removed from the array. 
Therefore, the frames become an array with a shape of 50x2, 
where X values range from 0 to 800, corresponding to the 
width of the frame, and Y values range from 0 to 500, 
corresponding to the height of our frame. The extracted key 
points for each frame are stacked in order to construct 
sequential data. Each sequential data has a shape of 51x50x2, 
where 51 denotes the number of frames, 50 signifies the 
number of key points detected by two people in each frame, 
and 2 represents the X and Y coordinates of each key point. 
We also described that, if there are less than 50 key points 
generated for each human, assign zero value to missing joints. 
It did not affect the accuracy of our proposed method because 
the movement and change in each skeleton key point are 
already described by the interaction patterns of both humans. 

C. Model Design Structure 
    In the model implementation phase, a Long Short-Term 
Memory (LSTM) architecture is employed to analyze the 
temporal dependencies within the extracted key points 
sequences. LSTM networks are well-suited for capturing long-
range dependencies in sequential data, making them ideal for 
modeling complex temporal patterns in human interactions. 
By leveraging the memory cells and gating mechanisms 
inherent in LSTM units, the model can effectively learn and 
represent the intricate temporal dynamics of human 
interactions. Finally, the LSTM model is coupled with a 
softmax activation function, which serves as the output layer's 
classifier. This softmax classifier assigns probabilities to each 
interaction class, such as hugging, pointing, pushing, and 
none-interaction, based on the model's learned representations. 
By applying the softmax function, the model can make 
probabilistic predictions about the presence of different 
interaction types, enabling accurate classification of human 
interactions in real-world scenarios. 

Fig. 3 The LSTM model designed for our proposed on the (HHI) 

    In our research, in the Fig. 3, the model architecture 
comprises an input layer implicitly defined through the 
input_shape parameter of the initial LSTM layer, where input 
shape = (51, 50 * 2) specifies the data shape with 51 frames 
and 50 * 2 features per frame, each representing two 
coordinates (x, y) of key points. Stacked LSTM layers follow, 
with the first layer containing 256 units and subsequent layers 
with decreasing units (128, 64, 32, and 16). Setting return 
sequences=true ensures each LSTM layer provides the full 
sequence of outputs. Dropout layers are interspersed after each 
LSTM layer, with a dropout rate of 0.2 for the initial four 
layers and 0.1 for the final one, mitigating overfitting by 
randomly zeroing input units. The model culminates in a 
dense layer with a softmax activation function, featuring a 

number of units equivalent to the classes in the dataset, 
facilitating human interaction recognition. The softmax 
function in the equation below is used to get the probability 
for the output layer. 

IV. RESULTS 

A. Dataset 
    In this study, thirteen healthy male and female adults 
participated in the interaction for durations exceeding three 
hours. The material for collecting data is four-channel cameras. 
During the data collection, we employed the participants, who 
took the interaction of four classes. For one interaction, the 
duration is 4 minutes, and we repeated it for all classes, so the 
total is 20 minutes for one interaction. In addition, each 
interaction has characteristic clues such as front hugging, back 
hugging, front pushing, back pushing, front pointing, and back 
pointing, and the last one is none interaction (two persons 

focused on their respective objects) 
Fig. 4 The human interaction dataset with four classes 

The human interaction dataset is composed of 550 videos 
with ground truth labels, as shown in Table. 1, encompassing a 
diverse range of human interaction. The dataset provides four 
classes, namely Hugging, Pointing, Pushing, and None 
Interaction; each class has a total of 110 videos; each video 
duration is 1.7 seconds; 30 frames per second; frame 
resolution is 1582x1080; and the combined four-channel 
cameras. This dataset is dedicated to human interaction 
analysis and has been instrumental in the development and 
evaluation of our proposed method, which is specially 
recognized for human interaction tasks. 

 
Table. 1 The detail of dataset collecting information 

 

B. Data Division 
Data division is a fundamental step in the preparation of 

datasets for machine learning and deep learning tasks. In this 
study, the dataset, comprised by combining four channel 
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cameras together, is split into two main subsets: 80% for 
training, which is divided into 385 videos, and 20% for testing, 
as shown in Table. 2. For the human interaction dataset, the 
testing set was divided into 165 videos, as shown in Table. 2. 
This division is performed to facilitate the development and 
evaluation of machine learning models. 

 
  Table. 2 The amount of training and testing set of our dataset 
 

 

C. Experimental Setting 
In setting up our classification model training, we employed 

the LSTM method, utilizing tools like Tensorflow, Keras, 
OpenCV, Numpy, and Scikit-Learn, all within Python 
programming. The operating system for human interaction 
recognition training was configured for training on a GPU on 
a PC server that has a GPU NVDIA TITAN RTX), CPUs 
(Intel(R) Xeon(R) Silver 4114 CPU @ 2.20 GHz, 2 
processors), and RAM of 192 GB. 

D. Experimental Result 
The results of applying the proposed Long Short-Term 

Memory (LSTM) model to the human interaction dataset are 
presented below. The implementation of the LSTM method 
aimed to validate its performance in classifying human 
interactions. The obtained results demonstrate a maximum 
accuracy of 94.12%. Additionally, other performance 
measures such as recall rate, precision rate, and F1 score have 
a computational time of 2 sec and 11 ms, respectively. These 
results are summarized in Table. 3. Moreover, the confusion 
matrix depicting the classification outcomes of the human 
interaction dataset is illustrated in Fig. 5. 

 
 Table. 3 The result on the human interaction dataset with our model 

 
    In evaluating the performance of the LSTM model on the 
human interaction dataset as shown in Fig. 5, we examined the 
confusion matrix to gain insights into the model's 
classification outcomes. The confusion matrix provides a 
detailed breakdown of the model's predictions, showing the 
number of true positive, false positive, true negative, and false 
negative classifications for each class of human interaction. 
By analyzing the confusion matrix, we can assess the model's 
ability to correctly classify different types of human 
interactions and identify any areas where the model may be 
struggling. 
 
 

 
Fig. 5 The confusion matrix on the human interaction with our model 

V. CONCLUSIONS 
In conclusion, our thesis represents a significant 

contribution to the part of human interaction analysis from the 
videos in the computer vision field. We have introduced a 
highly effective deep learning model proposed for multiple 
human interaction recognition tasks, specifically applied to the 
human interaction dataset. Our model has exhibited robustness 
in accuracy and precision, which demonstrates our proposed 
model's suitability for the classification. We effectively 
utilized deep learning architectures, including LSTM 
approach; furthermore, we have conducted a rigorous 
comparative analysis with existing works and consistently 
shown our model’s superiority, setting a benchmark in the 
domain.  

Our research has revealed important possibilities for using 
deep learning to recognize multiple types of human interaction. 
By showing how powerful it can be, we've created a strong 
foundation for accurately recognizing each type of interaction. 
Furthermore, in our examination of human interaction videos 
capturing real human interactions within many participants 
and recorded using 4 camera channels, we used all camera 
angles to make our model more accurate. Looking toward the 
future, we see promising opportunities for extending our 
research. We plan to broaden the scope of our model to 
perform with large datasets by combining many conditions of 
recording dataset environments, such as indoor and outdoor 
environments, to offer a more comprehensive and delicate 
approach to real-time human interaction detection and 
classification. This extension will involve accommodating 
multiple classes and distinguishing multiple people in the 
videos, ultimately facilitating advanced and detailed 
recognition in intelligent video surveillance and human-
computer interaction fields. 

ACKNOWLEDGMENT 
This research was supported by the MSIT(Ministry of 

Science and ICT), Korea, under the ICAN(ICT Challenge and 
Advanced Network of HRD) support program(IITP-2024-
2020-0-01832) supervised by the IITP(Institute for 
Information & Communications Technology Planning & 
Evaluation) 

 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

108



REFERENCES 
[1] M. K. Rusia and D. K. Singh, "A comprehensive survey on techniques 

to handle face identity threats: challenges and opportunities," 
Multimedia Tools and Applications, vol. 82, no. 2, pp. 1669-1748, 
2023. doi:10.1007/s11042-022-13248-6. 

[2] M. Sajjad, F. U. M. Ullah, M. Ullah, G. Christodoulou, F. A. Cheikh, 
M. Hijji,K. Muhammad, and J. J.P.C. Rodrigues, "A comprehensive 
survey on deep facial expression recognition: challenges, applications, 
and future guidelines,"Alexandria Engineering J ournal, vol. 68, pp. 
817-840, 2023. doi: 10.1016/j.aej.2023.01.017. 

[3] D. Hu, Shuai Li, and Mengjun Wang, "Object detection in hospital 
facilities: A comprehensive dataset and performance evaluation," 
Engineering Applications of Artificial Intelligence, vol. 123, pp. 
106223, 2023. doi: 10.1016/j.engappai.2023.106223. 

[4] R. Kaur and S. Singh, "A comprehensive review of object detection 
with deep learning," Digital Signl Processing, vol. 132, pp. 103812, 
2023. doi: 10.1016/j.dsp.2022.103812. 

[5] Z. Lone and A. R. Pais, "Object detection in hyperspectral images," 
Digit Signal Processing, vol. 131, pp. 103752, 2022. doi: 
10.1016/j.dsp.2022.103752. 

[6] F. Liu, F. Xue, W. Wang, W. Su, and Y. Liu, "Real-time 
comprehensive driving ability evaluation algorithm for intelligent 
assisted driving," Green Energy and Intelligent Transportation, vol. 2, 
pp. 100065, 2023. doi: 10.1016/j.geits.2023.100065. 

[7] D. Roy and M. Dutta, "A systematic review and research perspective 
on recommender systems,“ Journal of Big Data, vol. 9, no. 1, pp. 59, 
2022. doi: 10.1186/s40537-022-00592-5. 

[8] K. Tiwari and D. Kumar Singh, "Machine learning-based 
recommendation system for disease-drug material and adverse drug 
reaction: Comparative review," Materials Today: P roceedings, vol. 51, 
pp. 304-313, 2022. doi: 10.1016/j.matpr.2021.05.404. 

[9] Z. Bao, S. Hossain, H. Lang, and X. Lin, "A review of high-definition 
map creation methods for autonomous driving," Engineering 
Applications of Artificial Intelligence, vol. 12, pp. 106125, 2022. doi: 
10.1016/j.engappai.2023.106125. 

[10] Shafiqul, Islam Md, Mir Kanon Ara Jannat, Jin-Woo Kim, Soo-Wook 
Lee, and Sung-Hyun Yang. "Hhi-attentionnet: An enhanced human-
human interaction recognition method based on a lightweight deep 
learning model with attention network from csi." Sensors 22, no. 16 
(2022): 6018. 

[11] Ko, Woo-Ri, Minsu Jang, Jaeyeon Lee, and Jaehong Kim. "AIR-
Act2Act: Human–human interaction dataset for teaching non-verbal 
social behaviors to robots." The International Journal of Robotics 
Research 40, no. 4-5 (2021): 691-697. 

[12] Ouyed, Ouiza, and Mohand Said Allili. "Group-of-features relevance in 
multinomial kernel logistic regression and application to human 
interaction recognition." Expert systems with applications 148 (2020): 
113247. 

[13] Pareek, Preksha, and Ankit Thakkar. "A survey on video-based human 
action recognition: recent updates, datasets, challenges, and 
applications." Artificial Intelligence Review 54, no. 3 (2021): 2259-
2322. 

[14] Jaouedi, Neziha, Noureddine Boujnah, and Med Salim Bouhlel. "A 
new hybrid deep learning model for human action recognition." Journal 
of King Saud University-Computer and Information Sciences 32, no. 4 
(2020): 447-453. 

[15] Zhu, Linchao, Du Tran, Laura Sevilla-Lara, Yi Yang, Matt Feiszli, and 
Heng Wang. "Faster recurrent networks for efficient video 

classification." In Proceedings of the AAAI Conference on Artificial 
Intelligence, vol. 34, no. 07, pp. 13098-13105. 2020. 

[16] Islam, Md Shofiqul, Shanjida Sultana, Uttam Kumar Roy, and Jubayer 
Al Mahmud. "A review on video classification with methods, findings, 
performance, challenges, limitations and future work." Jurnal Ilmiah 
Teknik Elektro Komputer dan Informatika 6, no. 2 (2020): 47-57. 

[17] Sun, Zehua, Qiuhong Ke, Hossein Rahmani, Mohammed Bennamoun, 
Gang Wang, and Jun Liu. "Human action recognition from various data 
modalities: A review." IEEE transactions on pattern analysis and 
machine intelligence 45, no. 3 (2022): 3200-3225. 

[18] Kong, Yu, and Yun Fu. "Human action recognition and prediction: A 
survey." International Journal of Computer Vision 130, no. 5 (2022): 
1366-1401. 

[19] Muhammad, Khan, Amin Ullah, Ali Shariq Imran, Muhammad Sajjad, 
Mustafa Servet Kiran, Giovanna Sannino, and Victor Hugo C. de 
Albuquerque. "Human action recognition using attention based LSTM 
network with dilated CNN features." Future Generation Computer 
Systems 125 (2021): 820-830. 

[20] Xiao, Youzi, Zhiqiang Tian, Jiachen Yu, Yinshu Zhang, Shuai Liu, 
Shaoyi Du, and Xuguang Lan. "A review of object detection based on 
deep learning." Multimedia Tools and Applications 79 (2020): 23729-
23791. 

[21] Zou, Zhengxia, Keyan Chen, Zhenwei Shi, Yuhong Guo, and Jieping 
Ye. "Object detection in 20 years: A survey." Proceedings of the IEEE 
111, no. 3 (2023): 257-276. 

[22] Wu, Xiongwei, Doyen Sahoo, and Steven CH Hoi. "Recent advances in 
deep learning for object detection." Neurocomputing 396 (2020): 39-64. 

[23] Oksuz, Kemal, Baris Can Cam, Sinan Kalkan, and Emre Akbas. 
"Imbalance problems in object detection: A review." IEEE transactions 
on pattern analysis and machine intelligence 43, no. 10 (2020): 3388-
3415. 

[24] Küçüktabak, Emek Barış, Sangjoon J. Kim, Yue Wen, Kevin Lynch, 
and Jose L. Pons. "Human-machine-human interaction in motor control 
and rehabilitation: a review." Journal of neuroengineering and 
rehabilitation 18 (2021): 1-18. 

[25] Xu, Wei, Marvin J. Dainoff, Liezhong Ge, and Zaifeng Gao. 
"Transitioning to human interaction with AI systems: New challenges 
and opportunities for HCI professionals to enable human-centered AI." 
International Journal of Human–Computer Interaction 39, no. 3 (2023): 
494-518. 

[26] Haroon, Umair, Amin Ullah, Tanveer Hussain, Waseem Ullah, 
Muhammad Sajjad, Khan Muhammad, Mi Young Lee, and Sung Wook 
Baik. "A multi-stream sequence learning framework for human 
interaction recognition." IEEE Transactions on Human-Machine 
Systems 52, no. 3 (2022): 435-444. 

[27] Gong, An, Chen Chen, and Mengtang Peng. "Human interaction 
recognition based on deep learning and HMM." IEEE Access 7 (2019): 
161123-161130. 

[28] Puchała, Sebastian, Włodzimierz Kasprzak, and Paweł Piwowarski. 
"Human Interaction Classification in Sliding Video Windows Using 
Skeleton Data Tracking and Feature Extraction." Sensors 23, no. 14 
(2023): 6279. 

[29] Wang, Zhenhua, Kaining Ying, Jiajun Meng, and Jifeng Ning. 
"Human-to-Human Interaction Detection." In International Conference 
on Neural Information Processing, pp. 120-132. Singapore: Springer 
Nature Singapore, 2023. 
 

 
 

 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

109



Fall Event Direction Classification Based on Video Data from 
Multiple Cameras Using Deep Learning 

Kuntha. Pin1,*, Chomyong. Kim2, and Yunyoung. Nam3 

1Emotional and Intelligence Child Care System Convergence Research Center, Soonchunhyang University, Asan, South Korea 
2ICT Convergence Research Center, Soonchunhyang University, Asan, South Korea 

3Department of Computer Science and Engineering, Soonchunhyang University, Asan, South Korea 
*Contact: pin.kuntha145@gmail.com 

 
 
 
Abstract— Falls among the elderly and individuals with health 
conditions are a significant concern in healthcare, often leading to 
serious injuries and a reduced quality of life. Currently, most 
classification methods are binary, and there are many methods for 
fall direction classification using single or dual cameras. However, 
there are some limitations related to lack of specific directions of 
falls, the procedure for conducting datasets, and number of 
camera to capture multiple angles of views, which affect the 
method's generalizability. In this study, we propose a method for 
classifying three directions of fall events and non-fall using videos 
from eight cameras. We collected a dataset from 24 participants, 
with each event around 10 seconds and captured from various 
views using eight cameras at a high-quality frame rate of 60 fps. 
The dataset comprises 7736 forward falls, 5816 backward falls, 
3440 sideward falls, and 5680 non-falls. The dataset is pre-
processed to extract frames from video data and resize them. Our 
proposed method extracts skeleton features from each frame of 
video, which are then stacked continuously to create sequences of 
skeleton features. Convolutional Neural Networks (CNNs) extract 
spatial features from the skeleton sequence features, which are 
then input to Bidirectional Long Short-Term Memory (BiLSTM) 
networks. The BiLSTM networks extract temporal features from 
the sequence data and classify into three fall directions and non-
falls. Dense layers and a final dense layer followed by SoftMax 
activation calculate class probabilities based on the extracted 
features. Our proposed method classifies three different directions 
of falls and non-falls using a large and generalized dataset. The 
result of our proposed method for fall classification achieved an 
accuracy of 93.18%. 

I. INTRODUCTION 
Falls are a significant public health concern worldwide, 

particularly among the elderly population, where they can lead 
to severe injuries, reduced mobility, and even mortality [1]. 
Worldwide, the fall adults older than 65 years old leading cause 
unintentional injuries, 37.3 million of falls need medical 
attention and 646,000 resulting in deaths annually [2]. 
Therefore, the detection of fall events is crucial for safety in 
both solitary indoor scenes and crowded outdoor environments. 

 
In recent years, various methods utilizing different devices 

have been proposed for fall classification. Wearable devices, 
such as tilt sensors, accelerometers, and gyroscopes, are widely 
used in previous studies [3]. However, using those sensors isn't 
convenient for patients; they can be uncomfortable, complex, 

and hinder normal activity. Therefore, non-contact sensors like 
cameras have become popular for fall classification [4-5]. 

In this study, presents a novel approach to fall classification, 
focusing on the classification of backward-fall forward-fall, and 
sideward-falls, alongside non-fall activities. Traditional fall 
detection systems often adopt binary classification, 
categorizing activities simply as falls or non-falls. However, 
this oversimplified approach fails to capture the nuances of 
different fall directions, which are essential for tailored 
intervention strategies and medical decision-making. Our work 
addresses this gap by proposing a comprehensive fall 
classification system that discriminates between multiple fall 
directions and non-fall activities. In addition, the proposed 
method trained and evaluated on the diverse dataset which 
collect from multiple cameras with indoor and outdoor 
environments. The constructed model with lightweight needs 
small resource for running.  

II. RELATED WORKS 
Many works study on methodology of fall classification or 

fall detection, with most of them are kind of binary 
classification, distinguishing between falls and non-falls. 
Additionally, some research focuses on multiclass detection, 
which encompasses both daily activities and fall classifications. 

Sultana et al. [6] employed deep learning techniques for fall 
and non-fall classification. They utilized two indoor public 
datasets to implement and evaluate their methodology. These 
datasets encompassed various cameras operating at different 
frequencies (frames per second). Additionally, the durations of 
the video files varied, with only 10 frames extracted from each. 
Preprocessing steps, including frame extraction, and resizing, 
were applied before input into their two-dimensional 
convolutional neural network (2DCNN) combined with a gated 
recurrent unit (GRU). This model was then used to classify 
videos into two classes: fall and non-fall. This binary 
classification using indoor public datasets has limitations, 
particularly in terms of processing time because images are 
directly inputted into deep learning models without extracting 
other features instead, and suitability for indoor applications. 

Yadav et al. [7] developed a method for detecting seven 
classes, including bending fall, lying, running, sitting, standing, 
and walking. The dataset was collected using a single camera, 
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capturing 8 minutes of each activity. Preprocessing involved 
extracting 45 frames with a 30-frame overlap. Skeleton 
keypoint features were then extracted from the frames, followed 
by the utilization of a CNN and Long Short-Term Memory 
(LSTM) model to extract features, and classify normal activities 
and bending falls. The result achieved an accuracy of 89.64%. 
However, the classification does not focus on a specific side of 
the fall, addressing only one aspect of falls. In the real world, 
the possibility of falls extends to multiple directions. 
Identifying the specific direction of a fall aids doctors in 
focusing and assessing the need for surgery. 

 
In this study, we propose a method to classify three directions 

of falls and non-falls using a combination of two deep learning 
models. We collected a dataset using 8 cameras to record videos 
simultaneously, encompassing indoor and outdoor 
environments with various scenarios to create a generalized 
dataset. To reduce computational time, we extract significant 
features for training the proposed model. The model extracts 
both spatial and temporal features from sequence data (videos) 
and classifies videos into different classes: forward fall, 
backward fall, sideward fall, and non-fall. 

III. PROPOSED METHOD 

This section outlines the methodology of the proposed fall 
direction classification approach, which comprises three main 
steps. Firstly, a large video dataset is captured using multiple 
cameras and designed to depict various scenarios was 
assembled. Secondly, a pose estimation method was employed 
to extract key points of the human body. The key points from 
each video frame were then stacked to create sequential data 
containing 120 frames. Thirdly, a deep learning model was 
developed to extract spatial and temporal features from the 
sequential skeleton-features and classify it into one of four 
categories. The overview of the proposed method is presented 
in Fig.1. 

 

1. Proposed Dataset 
We propose a dataset comprising 24 participants (11 healthy 

adult men and 13 healthy adult women), with recordings 
captured by 8 cameras simultaneously capturing various 
activities, including falls in different directions as well as non-
fall scenarios. Each camera was setup at different angels, 
distances and heights around the participant to capture each 

event at different views. The installation camera positions are 
not fix at specific angles, but keep covering around participant, 
the camera randomly allocate as represented in Fig.2. The 
videos are of high resolution, with dimensions of 3840 pixels 
by 2160 pixels, and were recorded at a frame rate of 60 frames 
per second. Each participant was instructed to perform activities 
for approximately 10 seconds, encompassing pre-fall, fall, and 
post-fall phases for representing each direction of falls, while 
non-fall videos contain a range of activities such as daily 
routines, stumbling, sitting, wheelchair use, body movements, 
and more. These non-fall activities have the actions frequently 
undertaken by patients in various environments, including 
homes, hospitals, nursing therapy, streets, and other outdoor 
environments. The dataset size presents in Table. 1. 
 

 

 
Fig.  3 Eight Camera positions installation. 

 

Table 1. Dataset Collection 

Class Video 
File Duration FPS Frame 

Resolution 
Number 
Camera 

Forward 
fall 7,736 

10 
seconds 
for each 

video 

60 3840×2160 8 
Backward 

fall 5,816 

Sideward 
fall 3,440 

Non-Fall 5,680 

Total 22,672 
 

2. Preprocessing and Keypoints Feature Extraction 
Fall likes other actions, constitutes sequential data over a 

period of time. Instead of utilizing all frames from the videos, 
we extract 120 frames from a total of 600 frames for each video. 
This means the sampling interval is 5 frames, indicating that we 
select every 5th frame from the video sequence to form a 
sequence of 120 frames. By adopting this approach, we aim to 
reduce the computational load and processing time while still 
capturing the essential motion dynamics within the video data. 
This sampling strategy ensures that we maintain a 

Fig.  2. The schematic diagram of the proposed method for fall 
direction classification. 
Fig.  1 The schematic diagram of the proposed method for fall 
direction classification. 
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representative subset of frames for analysis, facilitating 
efficient processing and meaningful insights into the underlying 
motion patterns. The equation to calculate the sampling interval 
is given by Eq. (1). Each frame is downsized to 500 pixels in 
width and 300 pixels in height to reduce computational load in 
the pose estimation process. 

 
Sampling Interval= 𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓𝐓 𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍 𝐨𝐨𝐨𝐨 𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅

𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍𝐍 𝐨𝐨𝐨𝐨 𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅𝐅 𝐭𝐭𝐭𝐭 𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒𝐒
 (1) 

 
Post-estimation is employed to extract the 2D joint locations 

of the skeleton. Skeleton key points detection is performed 
using OpenPose[8]. The pre-train of OpenPose extracts 25 key 
points from the human body, with each point represented by 2D 
X and Y coordinates. Fig.3 illustrates the 25 key points 
extracted by the OpenPose from the human body.  

 

 
Fig.  4 OpenPose detects 25 keypoints of the human body [9]. 

 
The output from the OpenPose for single frame and a 

detected object is an array with a shape of 25×3; 25 represents 
the number of key points, and 3 represents the X-coordinate, Y-
coordinate, and z-confidence score. We do not utilize the z-
confidence score, it is removed from the array. Therefore, the 
frame becomes an array with a shape of 25×2; where X values 
range from 0 to 500, corresponding to the width of the frame, 
and Y values range from 0 to 300, corresponding to the height 
of our frame. 

Extracted key points from frames of video are stacked in 
order to construct sequential data. Each sequential data has a 
shape of 120×25×2, where 120 denotes the number of frames, 
25 signifies the number of key points detected in each frame, 
and 2 represents the X and Y coordinates of each key point. 

 

3. Proposed Model 
 
The proposed model architecture is combination of two-

dimensional convolutional neural network (2DCNN) model 
and bidirectional long short-term memory (BiLSTM) models. 
The 2DCNN model, responsible for extracting spatial features 
from the input data, is added as the initial layer. The subsequent 
BiLSTM model capture temporal dependencies within the 
sequential data. This combination enables the model to 
effectively learn and interpret both spatial and temporal 

information, which is crucial for accurate fall direction 
classification. 

The Convolutional Neural Network (CNN) model extracts 
spatial features from the input data. It consists of multiple 
Convolutional and MaxPooling layers followed by a Reshape 
layer to transform the spatial data into a two-dimensional array. 
The Convolutional layers apply filters to the input data to detect 
spatial patterns, while the MaxPooling layers downsample the 
feature maps to reduce computational complexity and extract 
dominant features. The Reshape layer converts the 
multidimensional feature maps into a two-dimensional array, 
preparing them for input into the subsequent BiLSTM model. 
The BiLSTM model processes the sequential data outputted by 
the 2DCNN model to capture temporal dependencies and 
perform classification. It consists of multiple BiLSTM layers, 
each with a specified number of units (30, 60, 60, and 60). The 
input BiLSTM layer receives the sequential data and passes it 
through BiLSTM units, which maintain memory over time and 
capture long-range dependencies. Subsequent BiLSTM layers 
further refine the temporal representations learned by the 
previous layers. Batch Normalization layers stabilize and 
accelerate training by normalizing the activations, while 
Dropout layers prevent overfitting by randomly deactivating a 
fraction of the BiLSTM units during training. Finally, Dense 
layers with ReLU activation functions extract high-level 
features from the BiLSTM output, followed by a Dropout layer 
to mitigate overfitting. The output layer with softmax activation 
computes class probabilities for classification. The proposed 
model architecture presents in Fig.4. 

 

Fig.  5. The network architecture of proposed 2DCNN-
BiLSTM model fall classification. 

IV. EXPERIMENTS AND RESULTS 
 

The dataset is divided into training (70%), validation (15%), 
and testing (15%) sets. The input to the 2DCNN model is an 
array of shape 120×25×2, while the output is shape of 30×384. 
The output of the 2DCNN serves as the input to the BiLSTM 
model. The BiLSTM model is tasked with learning to extract 
temporal features from sequences of spatial features, followed 
by Dense layers with vectors of 100, 80, and 4. Dropout layers 
are applied between each Dense layer to mitigate overfitting. 
For further details on the training parameters, please refer to 
Table 2. 

 

Table 2. Training parameters  

Training Parameters Values 
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Epoch 100 

Batch size 32 
Optimization/ Learning 

rate Adam/ 0.0001 

Loss sparse_categorical_crossentropy 

The proposed model was trained for 100 epochs. For 4 classes, 
the total number of parameters is 547,832, with 1,512 being 
non-trainable and 546,320 being trainable. We experimented 
with two different numbers of generated frame𝐹𝐹𝑔𝑔 = 120, 
180 to access the optical number of generated frames that 
provide better accuracy. 
 

For evaluation, the test set consists of sequential data total of 
4,535 samples (15%) was utilized to assess the performance of 
the proposed model. Accuracy, the confusion matrix, and 
Receiver Operating Characteristic (ROC) curves were 
calculated to evaluate the classification performance. Our 
proposed model achieved an accuracy of 93.18% across four 
classes: forward-fall, backward-fall, side-fall, and non-fall. 
Result of applying the OpenPose for extracting key points from 
each frame of different class in Fig. 6. Classification 
performance of 120-generated frames and 180-generated 
frames are presented in Table 3 and 4. Also The confusion 
matrixes and ROC curves are shown in Fig. 7-10. 

  
Forward fall Backward fall 

  
Non-Fall Side fall 

Fig.  6. Results of extracting key points from frame of four 
classes. 

Table 3. Classification performance of collected dataset 
for 120-generated frames.  

Class Precisio
n Recall F1-

Score 

Overall 
Accura

cy 
Backward

-fall 93.71% 93.81% 93.76% 

93.18% Forward-
fall 95.28% 93.97% 94.62% 

Side-fall 81.08% 84.69% 82.84% 

Non-fall 97.51% 96.60% 97.05% 
 

Table 4. Classification performance of collected dataset 
for 180 generated frames. 

Class Precisio
n Recall F1-

Score 

Overall 
Accurac

y 
Backward

-fall 92.89% 91.29% 92.09
% 

90.62% 

Forward-
fall 91.32% 92.42% 91.87

% 

Side-fall 78.06% 76.55% 77.30
% 

Non-fall 94.79% 96.01% 95.39
% 

 
Fig.  8. Confusion matrix of experiment with 180-generated 

frames. 

Fig.  7. Confusion matrix of experiment with 
120-generated frames. 
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Fig.  9 ROC of experimentation with 120-generated frames 

Examining the classification outcomes of the experiments, 
explicitly focusing on the 120-frame generation and 180-frame 
generation, provides useful insights into the efficacy of our 
suggested method for classifying falls. The experiment with 
120-frame generation yielded excellent precision, recall, and 
F1-score results for all categories, demonstrating strong 
performance in accurately detecting backward-fall, forward-fall, 
side-fall, and non-fall events. The precision, recall, and F1-
score of backward fall were 93.71%, 93.81%, and 93.76%, 
respectively, and were 95.28%, 93.97%, and 94.62% for 
forward fall, respectively. The performance metrics for both 
side-fall and non-fall events were remarkable, with precision, 
recall, and F1-score ranging from 81.08% to 97.51%. We 
observed a little lower performance for the classification 
performance of the experiment with the 180-frame generation 
compared to the 120-frame generation. While the precision, 
recall, and F1-score for most classes remained quite good, there 
was a noticeable decrease in these metrics, specifically for the 
side-fall class. The side-fall class has a precision of 78.06%, a 
recall of 76.55%, and an F1 score of 77.30%. These values 
indicated that the accuracy in detecting this particular class is 
somewhat lower compared to other forward-fall, backward-fall, 
and non-fall. Even though the total accuracy for the 180-frame 
generation still remained quite high accuracy of 90.62%, the 
efficiency of our fall directions detection approach was 
highlighted even with a higher number of frames. 

The decrease in performance, from an accuracy of 93.18% 
with the experiment of 120-frame generation frames to 90.62% 

with 180-frame generation, indicates a potential limit in data 
density. More frames can offer more data; they might add noise, 
burden the model, and boost computational demands without 
significant performance improvements. This shows the 
significance of carefully adjusting frame selection to balance 
the data information level and the model's efficiency. Exploring 
the optimal number of generated frames and improved frame 
selection techniques could boost classification accuracy. 

 
Our fall direction classification method is designed for 

single individuals. The use of 8 cameras capturing various 
angles enhances the adaptability of our approach when applied 
in real-world settings. A substantial dataset is crucial for the 
effectiveness of our deep learning model. However, our study's 
performance requires further improvement. Moving forward, 
our goal is to enhance classification accuracy and validate our 
model with additional published fall direction datasets to 
evaluate its versatility across different datasets. Additionally, 
we intend to conduct real-world tests to assess its speed and 
practicality. 

V. CONCLUSIONS 
In conclusion, our fall event direction classification, 

leveraging video data from multiple cameras and employing a 
developed 2DCNN and BiLSTM model, yielded an impressive 
classification accuracy of 93.18%. By extracting human key 
points from each video frame as features for training the deep 
learning model, we optimized computational efficiency and 
produced a more lightweight model compared to directly 
inputting frames. This innovative approach not only enhances 
performance but also streamlines processing, demonstrating the 
effectiveness of utilizing key points instead of raw image data 
for fall event classification.  In the future, we aim to improve 
classification performance and optimize execution time. 
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Abstract— The city is developing into a smart city. Smart villages 
and smart farms are developing in rural areas. Architectural 
technology needs synergy with smart cities, smart villages, and 
smart factories (intelligent factories) to help architectural experts 
understand smart farms and build facilities and equipment. Smart 
farms require design and construction technology with 
architectural structure and function. The purpose of this study 
was to investigate the current status and cases of smart farms in 
Korea and to investigate cases abroad. The conclusion is as follows.  
① Smart farms are developing rapidly. The Korean government 
is expanding smart farms by utilizing ICT technology and 
infrastructure. ② ‘Smart Farm Innovation Valley’, which has 
been promoted since 2018, is a cutting-edge convergence cluster 
industrial complex that integrates production, education, and 
research functions such as start-ups and technological innovation. 
③ In domestic cases, smart farms are operated in subway stations, 
buildings, supermarkets, and restaurants. ④ In the Japanese case, 
a dome-type smart farm was being operated. It utilized factory 
wastewater, waste heat, renewable energy, and used new materials. 
Otemachi Ranch raised livestock and provided a lounge on the 
13th floor of the building. 
⑤ In the cases of Korea and Japan, the smart farm technology is 
very similar. As stated earlier, since the food culture and 
agricultural technology of both countries are similar, we hope to 
promote the development of smart farms that can reduce concerns 
about future food by communicating and sharing mutual 
technologies. 
 

I. INTRODUCTION –SMART FARM 
About 10 years have passed since ‘smart farms’ began in 

Korea. Smart farm is a new technology that combines ICT and 
agricultural technology. A recent representative example is the 
‘Smart Farm Innovation Valley’ project. Local governments 
and companies across the country are expanding various smart 
farm projects. Architectural experts were interested in smart 
cities, smart villages, and smart factories (intelligent factories) 
and participated in various projects. Architectural experts 
should strive to improve the architectural structure and 
functions of smart farms. 

The purpose of this study is to investigate and classify the 
development process, status, and cases of smart farms from an 
architectural perspective. 

In particular, Japanese agriculture has many similarities to 
Korea. Therefore, smart farms will be able to develop through 
the examples of Korea and Japan. 

 

Ⅱ. CASES TYPE OF SMART FARM 

2.1 CASES OF ‘SMART FARM INNOVATION VALLEY’ 
There are many examples of smart farms both domestically 

and internationally. Among them, best cases (Korea and Japan) 
were selected and presented in a table. 

Table 1 shows the ‘Smart Farm Innovation Valley’ promoted 
by the government in four regions across the country. Smart 
Farm Innovation Valley is a cluster where smart farm 
production, education, and research functions are concentrated. 
The government selected Gimje and Sangju in April 2018, and 
Goheung and Miryang in March 2019. Four Cases are planned 
by 2022.  

The main facilities here include ① a daycare center, ② a 
smart farm for youth rental, and ③ a smart farm demonstration 
complex (business incubation center) and demonstration 
complex, and it also supports linked projects such as settlement 
projects. 

Table 1. Cases of ‘Smart Farm innovation valley’ 

local 
government Characteristics 

Sangju 

 
<ONE-STOP support system for young people> 

· Sangju established a one-stop support system for 
<Young people Inflow-Growth-Settlement>. 
· Establish a model linking farmers and young farmers. 
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Gimje 

 
<Research-verification-certification system> 

· Gimje has established a <research-verification-
certification system>. 
· Establishment of <seed development-
commercialization model> for crops. 

Goheung 

 
<Subtropical crop cultivation> 

· Subtropical crops are grown in Goheung. 
· Construction of a large-scale complex using 
reclaimed land. 
· Supports rental smart farm operation and settlement. 

Miryang 

 
<National Industrial Complex-Local University> 

· Miryang is focusing on exporting strawberries and 
mini paprika. 
· Linked with <National Industrial Complex-Local 
University>. 
· We present an energy model utilizing waste heat from 
a sewage treatment plant. 

(www.nabis.go.kr/termsDetailView.do?menucd=189&gbnCode=S
51&eventNo=340) 
 

2.2 DOMESTIC SMART FARM 
Table 2 classifies smart farm cases. 
There are four types: ①building type ②energy type ③

material type and ④application type. 
 

 

 

Table 2. Domestic cases type of Smart Farm 

local 
government 

Characteristics 

TYPE 1 - Building type 

‘Daeje
on 
Farm’ 

 

 <Daeheung-dong building, Jung-gu, Daejeon> 
· A smart farm was created in an empty space on the 
2nd basement and 8th floor of a building in Daeheung-
dong, Jung-gu, Daejeon. 
· A ‘Smart Farm for Technology Research’ has been 
installed here. 
· Strawberries and medicinal crops were planted on 
the second basement level, and automated facilities 
were installed. 
· Education, promotion, and community spaces were 
installed on the 8th floor of the building. 

‘Metr
o Farm’ 

 

 <4 Seoul subways station> 
· (Seoul Metropolitan City + Seoul Transportation 
Corporation + Farm8) installed smart farms in four 
Seoul subway stations. 
· This is a place where vegetables are produced, 
grown, and sold. 
· In addition, smart farms were installed in Gwangju 
and Busan subway stations. 

‘Zaram 
Smart 
Farm’ 

 

 <Gwangju Geumnam-ro 4-ga Station> 

· (Gwangju Urban Railroad Corporation + Barun 
Farm Co., Ltd.) cultivated strawberries, lettuce, and 
ginseng within Geumnam-ro 4-ga Station (1,089 ㎡) in 
2022. 
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Smart 
farm in 
the 
superma
rket 

 

<Smart Farm - Launched in Hanaro Mart> 

(www.hankyung.com/life/article/202107086022e) 
· Smart Farm Center Co., Ltd. installs and sells smart 
farms within supermarkets. 

TYPE 2 - Energy type 

Solar + 
geother
mal) 
hybrid 
system 

 
<Sehan Energy Co., Ltd. and Yeongcheon City 
Smart Farm> 
·A (solar + geothermal) hybrid system was installed 
here. (www.kharn.kr/mobile/article.html?no=19217) 
· Sehan Energy Co., Ltd. and Yeongcheon City are 
cultivating subtropical crops using a (solar heat + 
geothermal) hybrid system. 

Use of 
factory 
waste 
heat  

 
<Smart farm that recycles factory waste heat> 
(www.economychosun.com/site/data/html_dir/2023/08
/25/2023082500020.html) 
·Here, vegetables and fruits (4,400 ㎡) are grown 
using the factory waste heat. 

TYPE 3 - Material type 

‘Smart 
Farm 
Cube’  

 
<‘Smart Farm Cube’- Agricultural container> 
· This is a place where crops are grown by creating a 
‘Smart Farm Cube’ using containers. 

TYPE 4 - Application type 

Smart 
Farm 
Applica
tion 

  

<Crop management platform ‘Ara Greenhouse’> 
(www.news1.kr/articles/?5348768) 
· ‘Ara Greenhouse’ is a system that utilizes smart 
agricultural machinery and cultivation technology. 
· Agricultural productivity increases by 37.6% and 
income increases by 46.3%. Labor is expected to save 
11.1%. 

 

2.3 JAPAN’S SMART FARM 
In Japan, smart farms are called smart agriculture.  
In 2017, Japan classified smart agriculture into four types. 
①Robot Type: Roboticized Low Energy Agriculture  
②AI Type: Agriculture that is easy for anyone to use  
③Big Data Type: Strategic Production Using Data  
④ IoT type: Linkage and efficiency of production, 

distribution, and sales. (www.maff.go.jp/j/kanbo/smart) 
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Table 3. Japan’s cases type of Smart Farm 

local government Characteristics 

TYPE 1 - Building type 

<Tokyo> 
Pasona O2 
Underground 
Farm  

· In 2010, more than 200 kinds of plants, 
vegetables, and fruits were grown with artificial 
lighting (halogen lamps, high-pressure sodium, 
LEDs, etc.) on an area of 4,000 ㎡ under a 
building in Tokyo. 
· Citizens are using open rest area cafes and 
restaurants. 

<Yokosuka 
City, 
Kanagawa> 
Toshiba's 
Abandoned 
factory 

 

·Spinach and lettuce are grown in a factory in 
Toshiba.   
·The factory has not been in use since the mid-
1990s and has been growing vegetables in a clean 
room with an area of 1,969㎡ in 2014.  
·It also has a resting area for locals and an air 
purification effect.  

<Fukushima 
Aizumawa 
Kamatsu 

City> 
Fujitsu 

Semiconduct
or Factory 

 

·It grows vegetables in the clean room of the 
Fujitsu semiconductor plant.  
·Low potassium lettuce is lowered to 1/5 
potassium and is sold to hospitals for patient 
food. 

<Tokyo 
Chiyoda 
Ward 區> 

Otemachi 

(町)- Small 

ranch 
 

·On the 13th floor of a building in Otemachi, 
Tokyo, "Otemachi small ranch" is operated.  
·This place provides a resting place for urban 
residents by raising cattle, goats, mini pigs, and 
alpacas.  

TYPE 2 - Energy type 

<Kurokawa 
郡 in Miyagi 
Prefecture> 
A greenhouse 
that utilizes 
waste heat 
from a 
factory  

·Vegetables are grown using about 90 degrees 
of wastewater from the Toyota Motor Company 
plant.  

<Yokohama 
city, 

Rikuzentakata 
City> 

 Domed plant 
factory 

 
Domed plant factory 
(www.yokohama-
sozokaiwai.jp/things/6652.html) 
a. a domed plant factory·In January 2014, a 20-
meter-diameter dome-shaped plant factory was 
established in Yokohama City to grow 
vegetables.  
·A circular water tank was installed inside.  
·Vegetables can be harvested about one month 
after sowing using IT technology.  
·Rikuzentakata City in Iwate Prefecture grows 
lettuce using renewable energy in a dome-type 
plant factory.  
  

TYPE 3 - Material type 
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Japan Dome 
House  

· An agricultural space that replaces 
greenhouses.  
· The dome house used a new material 
(polystyrene) with high functionality and 
durability.  
· The agricultural dome has an area of 10㎡ 
and can be used for various purposes such as 
housing, toilets, warehouses, and work spaces.  
· In 2013, the Japanese prime minister visited 
Bahrain and Qatar to introduce and support the 
dome house.  
· In countries with low food self-sufficiency 
rates, it can be a stable agricultural facility. 

TYPE 4 - Application type 

Application 
for Smart 

Farm 

 

·Root Co., Ltd. has launched a smart experience 
farm system called 'Root Farm'. 
·It actually connects farms and apps to transmit 
videos, photos, and crop data through 
smartphones and PCs.  
·This app can grow crops remotely, just like 
games.  
·And harvested crops can also be delivered to 
their homes.  

 
 
 
 
 
 
 
 

Ⅲ. Conclusion 
We looked at smart farms in Korea and Japan. The above is 

summarized as follows.  
① Recently, the government plans to implement the 'Smart 

Agriculture Act' (2024.7). Smart farms seek to enhance 
agricultural technology by utilizing ICT technology and 
infrastructure.  

② The 'Smart Farm Innovation Valley', promoted by the 
government since 2018, has been installed and operated in four 
places nationwide. Each of the four valleys has different major 
projects. It is carrying out youth agricultural support (Sangju), 
technological innovation (Gimje), subtropical crops (Goheung), 
and variety diversification (milyang).  

③In the future, in connection with universities, projects such 
as <Student + Young people> Fostering - Settling in the Region 
can be expected.  

 ④ In both Korea and Japan, smart farms were installed 
inside subway stations, buildings, and factories.  

The energy provided to smart farms and the materials that 
make smart farms are constantly being developed.  

⑤ Japan's smart farms have made more efforts to develop 
energy and new materials.  

Currently, smart cities are developing in cities and smart 
farms in rural areas. Smart farms are also possible in cities.  

Inside city buildings, smart farms can become the new 
agriculture of the future. Architecture experts should work on 
building technologies for smart farms. 
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Abstract— Fall-Sense is a cutting-edge project that employs 
learning techniques along with wearable sensors to automatically 
detect and classify falling types. Falls can happen to anyone and 
are a crucial area of research for reliable classification and 
understanding of fall directions. In this study, we introduced a 
robust system using 12 wearable sensors on the body such as head, 
left and right shoulders, left and right upper arms, left and right 
forearms, pelvis, left and right upper legs, and left and right lower 
legs. By using built-in accelerometers, gyroscopes, and 
magnetometers, it accurately captures fall data, distinguishing 
between 'Non-fall' and 'Fall' events. Furthermore, it classified the 
direction of falls as 'Forward-fall,' 'Backward-fall,' or 'Lateral-
fall.' In addition, we proposed a state-of-the-art supervised deep 
learning method that demonstrated the advantages of a deep 
architecture based on the combination of Convolutional and 
LSTM recurrent layers to perform fall classification from 12 
wearable IMU sensors. The performance reached the highest 
accuracy of binary class and multi-classes 99.65 % and 97.89%, 
respectively. This innovative approach holds the promise of 
improving safety in various environments. Falls and fall direction 
classifications enable quick responses, reducing the risk of injuries, 
particularly for the elderly and patients who need constant 
monitoring, and assist other researchers in classifying fall types for 
the study of fall risk assessment with long-term data. 
 
Keyword: Falls, Fall direction, classification, deep learning, 
feature extraction, Conv-LSTM models, IMU sensors, activity 
daily life. 

I. INTRODUCTION 
A fall event is defined as sudden and unintentional 

collapses from an upright position when a person's legs can no 
longer support the body. These incidents can result in 
significant physical and emotional harm, disability, and a loss 
of independence. Additionally, falls may lead to post-fall 
syndrome, characterized by dependence, loss of autonomy, 
depression, and further limitations in daily activities, sometimes 
even resulting in premature death. It's worth noting that falls are 
not exclusive to the elderly or unhealthy individuals, but those 
can happen unexpectedly to anyone, anywhere. 

 
Recent reports from the World Health Organization (WHO) 

highlighted falls as the second leading cause of unintentional 

injury deaths worldwide. Each year, approximately 684,000 
people globally lose their lives due to the falls, with over 80% 
occurring in low and middle-income countries. Fatal falls are 
most common among adults over 60 years of age. Furthermore, 
there are an estimated 37.3 million falls each year that require 
medical attention [1]. 

 
While fall events themselves are generally not life-

threatening, they can result in serious health risks such as 
concussions and blood clots, sometimes leading to unfortunate 
fatalities, especially in cluttered environments. The lack of a 
timely response from emergency services, especially for those 
living independently, significantly increases these risks. 
Traditional surveillance systems, reliant on the constant 
presence of nurses and support staff, have been developed to 
address this challenge, but creating entirely fall-proof 
environments remains difficult. 

 
Implementation of fall detection technologies and rescue 

services plays a crucial role in ensuring the safety of the elderly 
population and patients. These intelligent detection and 
prevention systems are essential to address the growing concern 
surrounding the well-being of individuals in such situations [2]. 

In response to these alarming statistics, wearable sensor 
devices such as accelerometers, gyroscopes, and pressure 
sensors have emerged. These devices can capture gait-related 
data and extract features that are used to predict fall risks and 
prevent falls [3]. Wearable sensors automatically record and 
analyse falling events. 

 
Human Activity Recognition seeks to classify muscle 

activities and capture physiological data in a timely manner 
through pervasive computing. This not only contributes to 
medical diagnosis but also advances research in human activity 
[4]. As the social issue of aging continues to grow, interest in 
the activities of daily living (ADLs) among the elderly and 
related healthcare research is rapidly increasing. 

 
The presented statistics underscore the significant impact 

of falls on older adults, underscoring the imperative for 
preventive measures and strategies to mitigate the incidence of 
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falls within this demographic. The literature offers various 
systems designed to identify falls, commonly utilizing two 
types of sensing devices: wearable [5] - [9] and non-wearable 
[10], to monitor or assess the user's motion. Examples of 
wearable technology include devices such as accelerometers, 
gyroscopes, and magnetometers [11]. Despite their 
affordability, wearable technologies exhibit several drawbacks, 
notably the necessity for constant user wear, which can be 
uncomfortable. 

 
In contrast to the conventional manual feature extraction 

approach, deep learning minimizes the burden of feature design 
by employing end-to-end neural networks to autonomously 
learn and capture intricate high-level and meaningful features. 
Furthermore, the deep neural network structure proves to be 
well-suited for unsupervised learning and incremental learning, 
exhibiting superior scalability compared to traditional methods 
[12]. Khan et al. devised a hybrid deep learning (DL) model 
that leverages the strengths of two distinct DL architectures, 
namely Convolutional Neural Network (CNN) and Long Short-
Term Memory (LSTM), to acquire spatial and temporal feature 
representations from input data. Additionally, the researchers 
assessed the performance of the developed CNN-LSTM model 
using a dataset consisting of 12 classes, gathered through the 
Kinect V2 sensor [13]. 

 
While Deep Learning (DL) has demonstrated remarkable 

success in fields such as computer vision, natural language 
processing, and speech recognition, it faces substantial 
challenges. The intricacies involved in configuring DL 
architectures and hyperparameters, coupled with the 
computational costs of model training, present significant 
obstacles. The reliance on large, labelled datasets for DL, while 
effective, can lead to performance issues when dealing with 
limited or imbalanced data. Additionally, the inherent 'black 
box' nature of DL models, the risk of overfitting, and the 
difficulty in result interpretation contribute to its limitations. 
The deployment of DL in real-time applications demands 
considerable resources, and ethical concerns regarding bias and 
accountability highlight the ongoing need for research and 
improvement in the field. In this study, we contribute to the 
field of biomedical knowledge discovery and engineering 
through the following scientific advancements: 
• Advanced Feature Extraction for Falls: We carefully 

capture detailed information about various fall events, 
focusing on optimal feature extraction techniques. This 
reduces redundant data, ensuring low power 
consumption, fast computation, and high accuracy. 
Unlike traditional machine learning methods that 
struggle to differentiate similar activities through manual 
feature extraction, our approach effectively overcomes 
these challenges by using CNN for automated feature 
extraction. 

• Innovative Use of Conv-LSTM: Our proposed solution 
leverages deep learning models, specifically the Conv-
LSTM architecture, which integrates CNN for 
automated feature extraction and Long Short-Term 
Memory (LSTM) networks for precise classification of 
fall event directions. 

• Enhanced Accuracy Through Data Fusion: By 
comparing raw data, norm (Euclidean magnitude), and 
combined raw with norm vectors, we demonstrate 
significant improvements in accuracy. For binary 
classification, the combined approach achieved an 
impressive accuracy of 99.65%, while for multi-class 
classification, it reached 97.89%. This fusion of data 
types enhances the overall performance of our wearable 
sensor technology. 

• Superior Performance in Model Comparison: We 
validate the effectiveness of Conv-LSTM by comparing 
it against various traditional machine learning algorithms 
(RF, SVM, MLP, KNN) and other deep learning models 
(CNN, LSTM, GRU). Our results indicate that Conv-
LSTM outperforms these methods in terms of accuracy, 
precision, recall, F1 score, and testing time for both 
binary and multi-class tasks. 

• Efficient Real-Time Fall Detection: Despite the longer 
training time required by Conv-LSTM, its testing time 
remains under 1 second, making it suitable for real-time 
fall detection applications. This efficiency is crucial for 
practical deployment in healthcare settings, where timely 
intervention can prevent further injuries. 

 
The paper is structured as follows: Section II provides an 

overview of the methodology employed in this study. Section 
III describes the experiments and results related to falls and fall 
direction and comparison with several ML, DL and proposed 
method. Section IV conclusion the results of falls and fall 
direction based on features vector from Norm, raw data and 
Conv-LSTM model. 

II. METHODOLOGY 
Recently, there’re many papers were studied and developed    

with various methods for fall risk assessment using wearable 
sensors. These techniques can be trained on labelled data to 
learn the patterns associated with falls and non-falls. In addition, 
another study was conducted on unsupervised learning 
algorithm to identify pattern of falls risk. Currently, there is no 
publicly available dataset containing physical fall activities. 
Therefore, we have contributed a new dataset containing 
records of four distinct physical activities performed by 20 
participants. This section we will briefly explanation our 
proposed dataset, features extraction, and the internal our 
architecture were proposed. 

A. Material and Data collection 
This section deals with the materials and methods applied in 

this study. The project aimed to implement a classification 
protocol utilizing trained data from an IMU (Inertial 
Measurement Unit) sensor, employing deep learning techniques 
to process the obtained dataset for classifying different types of 
fall events.  

To record fall data, three sensors from the IMU, including 
the Accelerometer, Gyroscope, and Magnetic Field, were 
utilized. Each sensor consists of three axes (X, Y, Z) for 
measuring movement records. The data were collected from 20 
participants, encompassing adults and youths of both genders, 
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in various settings including hospitals, homes, roads, and 
nursing homes. 

Wearable sensors were attached to 12 specific locations on 
the body: the head, both shoulders, both upper arms, both 
forearms, the pelvis, both upper legs, and both lower legs. The 
obtained dataset was divided into four classes, with each class 
representing Non-Fall, Backward Fall, Forward Fall, and 
Lateral (side) falls. The details are presented in Table 1 and 
illustrated in Figure 1: 

TABLE 1: THE NUMBERS OF FILE IN EACH CLASS, NUMBERS OF 
MAXIMUM ROW OF EACH FILE, AND TOTAL SAMPLE OF EACH 

CLASS. 

Falls Type Files each 
class 

Maximum of 
row each file 

Total samples 
of each class 

None fall 720 600 432,000 
Backward 736 600 441,600 
Forward 977 600 586,200 

Side 438 600 262,800 
Total 2871 600 1,722,600 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

B. Data Pre-processing and labelling 
Indeed, noise often occurs during data processing, which can 

interfere with the performance of the model. To address this 
issue, an additional preprocessing method involving noise 
reduction using a 1D Gaussian filter was proposed in this study. 
Additionally, data labelling for classification purposes was 
performed. 

 
Considering that each file in the dataset contains a maximum 

of 600 rows (or 600 samples per file) with a sampling rate of 60 
Hz, this effectively creates a window size where one sequence 
consists of 600 samples, equivalent to 10 seconds of data. The 
data was classified and labelled into four groups for supervised 
deep learning, with each group represented by a numerical label: 
"0" for "Non-fall," "1" for "Backward fall," "2" for "Lateral 
(side)," and "3" for "Forward fall." 

 
In human activity recognition, the phase of feature extraction 

holds paramount importance. It enhances system performance 
by deriving feature vectors capable of discerning various 
activities. Particularly for continuous data like sensor readings, 

the process of feature extraction or selection presents a 
significant challenge, as noted in [17]. Before inputting the data 
into the convolution layer for automatic feature extraction, 
augmentation features were applied by using 3 acceleration 
vectors by the calculation from eq (1), (2), and (3) (the 
accelerometer data, gyroscope data, and Magnetic field data). 
This approach aimed to reduce the complexity of the original 
features, which can be challenging to analyses or represent fall 
events.  

    𝐴𝐴𝐴𝐴𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆  = �𝐴𝐴𝐴𝐴𝐴𝐴𝑥𝑥
2 + 𝐴𝐴𝐴𝐴𝐴𝐴𝑦𝑦

2 + 𝐴𝐴𝐴𝐴𝐴𝐴𝑧𝑧
2                                (1) 

    𝐺𝐺𝐺𝐺𝐺𝐺𝑆𝑆𝑆𝑆𝑆𝑆 = �𝐺𝐺𝐺𝐺𝐺𝐺𝑥𝑥2 + 𝐺𝐺𝐺𝐺𝐺𝐺𝑦𝑦
2 + 𝐺𝐺𝐺𝐺𝐺𝐺𝑧𝑧

2                                 (2) 

𝑀𝑀𝑀𝑀𝑀𝑀𝑆𝑆𝑆𝑆𝑆𝑆 = �𝑀𝑀𝑀𝑀𝑀𝑀𝑥𝑥
2 +𝑀𝑀𝑀𝑀𝑀𝑀𝑦𝑦

2 +𝑀𝑀𝑀𝑀𝑀𝑀𝑧𝑧
2                                 (3) 

 
Totally, we had 3 acceleration + 3 axis of Acc + 3 axis of Gyr 
+ 3 axis of Mag = 12 vectors / channel (a wearable sensor) 
 

Table 2 shown the summarizes all the features vectors were 
applied in the convolution layers. 

TABLE 2: THE TABLE DESCRIPTION OF FEATURES EXTRACTED 
FOR REDUCING FEATURES AND IMPROVE PERFORMANCE FOR 

INPUT INTO CONVOLUTION LAYER. 

Number Feature 
Vectors Features Vector Description 

𝑓𝑓1 −  𝑓𝑓3 Acc (x, y, z) Raw 3 axis of accelerometer 

𝑓𝑓4 𝐴𝐴𝐴𝐴𝐴𝐴𝑠𝑠𝑠𝑠𝑠𝑠 Acceleration vectors of 3 axis 
accelerometer 

𝑓𝑓5 −  𝑓𝑓7 Gyr (x, y, z) Raw 3 axis of gyroscope 

𝑓𝑓8 𝐺𝐺𝐺𝐺𝐺𝐺𝑠𝑠𝑠𝑠𝑠𝑠 Acceleration vectors of 3 axis 
gyroscope 

𝑓𝑓9 −  𝑓𝑓11 Mag (x, y, z) Raw 3 axis of magnetometer  

𝑓𝑓12 𝑀𝑀𝑀𝑀𝑀𝑀𝑠𝑠𝑠𝑠𝑠𝑠 Acceleration vectors of 3 axis 
magnetometer 

After pre-processing and calculated features vectors from 
three sensors including accelerometer, gyroscope, and 
magnetometer, we got the total 12 feature vectors per channel 
or an IMU sensor. And in this study, we have 12 IMU wearable 
on the body, so we have 144 features vectors. 144 features 
vector will be input to convolution layer.  

C. Feature extraction 

For machine learning classification, feature extraction is a 
critical component and an indispensable part. The time domain 
and frequency domain were applied to extract the features for 
machine learning. The features will be extracted from the 
sliding window each slide of the window is 600 sampling (10s 
/window). In the time domain, we selected 8 important features 
including maximum, minimum, standard deviation, the sum of 
absolute, root mean square (RMS), mean, the difference 
between max and min values, and maximum difference 
between consecutive values along each row. For the frequency 
domain, we selected 10 important features such as maximum, 
minimum, standard deviation, sum of absolute, root mean 
square, kurtosis, skewness, mean, difference between max and 
min values, and maximum difference between consecutive 
values along each row of the FFT (Fast Fourier Transform). 
After extracting features, we got the features from each IMU 

Figure 1: Describe the wearable place and show the type of falling. 

Non-Fall Backward 

Forward Side 
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sensor as 12 vectors (from Table 2) x 18 features (from time 
and frequency domain) = 216 features/channel (a wearable 
placement). In this case, we take features from 12 IMU sensors 
that are wearable on body input to the machine learning part for 
comparison with the DL models that we proposed, so the total 
we have 2592 features from 12 IMU sensors. Table 3 shows the 
data shape for input to ML and DL for performance in this study. 
TABLE 3: SHOW AND DESCRIBE THE DATA SHAPE FOR INPUT TO 

MACHINE LEARNING AND DEEP LEARNING. 

Model Shape of Data  Description 

ML (2871, 2592) 
The input data for the machine 
learning model has 2871 samples, 
each with 2592 features 

DL (2871, 600, 144) 

The input data for the deep 
learning model has a shape of 
(2871, 600, 144), indicating 2871 
samples, each with 600 data points 
(sampled at 60 Hz over a 10-
second window) and 144 features 
per data point. 

D. Data Splitting 
After preprocessing the data, it is partitioned into three 

distinct datasets: the training dataset, valuation dataset, and the 
testing dataset. In this study, the training dataset is designated 
to comprise 70% of the entire dataset, leaving the remaining 20% 
for valuation and 10% for testing purposes. The subsequent 
code snippet demonstrates the utilization of the 'train_test_split' 
function to randomly divide the data into these two subsets. 

E. Data Scaler 
Data scaling is essential in machine learning to ensure 

consistent evaluation and efficient operation of algorithms, 
particularly when dealing with diverse raw data values. 
Normalization and feature scaling enhance the performance and 
convergence speed of machine learning models by stabilizing 
the optimization process during training [18]. This step was 
applied only to the machine learning part. 

F. Machine Learning for comparison 
We used the machine learning for make the evidence to deep 

learning was proposed. Four machine learning was applied to 
comparison such as random forest (RF), support vector machine 
(SVM), multi-layer perceptron (MLP), and k-nearest neighbors 
(KNN).  

 
Random Forest (RF), proposed by Breiman (2001), 

combines multiple decision trees for robust performance in 
high-dimensional spaces. It is widely used in fields like 
medicine and signal processing due to its high accuracy and 
stability.  

Support Vector Machine (SVM) is a supervised learning 
algorithm that maximizes geometric margins to enhance 
generalization performance and is effective in signal 
classification through kernel functions like the Gaussian kernel.  

k-Nearest Neighbor (kNN) classifies samples based on 
proximity to training data, making it suitable for real-time 
signal processing.  

Multilayer Perceptron (MLP) leverages deep learning to 
model complex data relationships, useful in signal processing 
tasks. 

 
The parameter of all ML that we used, it was applied hyper-

parameter find turning such as RF used n_estimators: [min=10, 
max=1000], max_features: ["auto", "sqrt", "log2"], and 
bootstrap: [True, False]. For SVM used C: [1, 10, 100], gama: 
["scale", "auto"], and kernel: ["linear", "rbf", "poly"]. And for 
MLP used MLPClassifier(max_iter=1000), hidden_layer_sizes: 
[(100,), (100, 50), (150, 100, 50)], activation: ["tanh", "relu"], 
solver: ["sgd", "adam"], and alpha: [0.0001, 0.05]. and the last 
one is KNN used n_neighbors: [5, 10, 15], weights: ["uniform", 
"distance"], metric: ["euclidean", "manhattan", "minkowski"]. 
The below is show the best parameters we found from find 
turning hyper-parameters [table 4]. In these cases, the cross-
validation using StratifiedKFold within K = [5, 10]. 

TABLE 4: THE TABLE SHOWN THE STRUCTURES OF MACHINE 
LEARNING MODEL AND PARAMETERS. 

Models Structure Parameters 

(RF) Ensemble of 
decision trees 

n_estimators=100, bootstrap=False, 
max_features='sqrt' 

(SVM) 
Non-linear 

classification 
model 

kernel='rbf', C=10, gamma='scale' 

(MLP) Feedforward 
neural network 

hidden_layer_sizes= (100,), 
max_iter=1000, activation='relu', 

alpha=0.0001, solver='sgd' 

(KNN) Instance-based 
learning 

n_neighbors=10, 
metric='manhattan', 
weights='uniform' 

G. Proposed Deep Learning Architecture  
This neural network architecture is designed for sequence 

classification tasks, particularly suited for multi-class 
classification. It begins with a Convolutional Neural Network 
(CNN) segment, which processes the sequential input data 
through two convolutional layers followed by max pooling to 
extract relevant features. The first convolutional layer applies 
256 filters with a kernel size of 3, while subsequent layers use 
64 filters each. The max pooling layers reduce the 
dimensionality of the feature maps to capture the most salient 
information within a pool size of 2 and batch normalization 
layers is applied to normalize the outputs also. 

Following the CNN segment, a series of Long Short-Term 
Memory (LSTM) layers are employed to capture temporal 
dependencies within the data. Five LSTM layers with 128 units 
a dropout rate of 0.2 each are stacked to learn intricate patterns 
across the sequence. The first four LSTM layers return 
sequences, allowing the model to retain temporal information 
at each time step, while the final LSTM layer aggregates the 
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sequential information and outputs a single vector representing 
the entire sequence. 

After the LSTM layers, the model incorporates fully 
connected layers to further process the extracted features. A 
dense layer with 128 units and rectified linear unit (ReLU) 
activation function is employed to enhance non-linearity in the 
data representation. Additionally, a dropout layer with a 
dropout rate of 0.2 is introduced to mitigate overfitting by 
randomly deactivating a portion of neurons during training. 

The output layer of the model utilizes the SoftMax activation 
function to generate class probabilities, making it suitable for 
multi-class classification tasks. The number of output units is 
determined by the number of classes in the classification 
problem. The model is trained using the Adam optimizer with 
a learning rate of 0.0001 and optimized for categorical cross-
entropy loss, a common choice for multi-class classification 
problems. 

Overall, this model architecture combines the strengths of 
CNNs in feature extraction from sequential data and the ability 
of LSTMs to capture long-term dependencies, making it well-
suited for tasks involving sequential data with multiple classes. 
The model summary provides a concise overview of the 
network's structure and parameters, aiding in understanding its 
complexity and performance potential we show it in Figure 2. 

H. Other Dl models 
As one of the most classic and representative deep learning 

algorithms, CNN (Convolutional Neural Network) is not only 
effective for image processing but also widely used for signal 
processing. In this context, CNNs are composed of 
convolutional layers and pooling layers, which work together to 
extract and learn hierarchical features from signal data, such as 
time-series signals [19]. This capability allows CNNs to capture 
important patterns and characteristics within the signal, making 
them highly effective for tasks such as classification, detection, 
and analysis of various types of signals. 

 
LSTM (Long Short-Term Memory) is a particular form of 

RNN (Recurrent Neural Network) that excels at handling time 
series with long time intervals. It is specifically designed to 
manage and retain long-term dependencies through its unique 
gating mechanisms, which help in mitigating the vanishing 
gradient problem typically encountered in standard RNNs [20]. 
This makes LSTM especially suitable for tasks involving 
sequential data, such as signal processing, where it can 

effectively capture temporal patterns and dependencies over 
extended periods. 

 
The GRU (Gated Recurrent Unit) model is another popular 

variant of RNN (Recurrent Neural Network), specifically 
designed to handle long-distance dependencies [21]. It 
effectively addresses the vanishing gradient problem through its 
gating mechanism, allowing it to maintain long-term 
information without the gradients vanishing during 
backpropagation. 

To compare the results of the Conv-LSTM model with other 
deep learning architectures, we also designed several models, 
including CNN, LSTM, and GRU. We fine-tuned the 
hyperparameters of all models to achieve the best performance. 

For the CNN model, we experimented with the following 
hyperparameters: 
• Layer 1 and 2: conv1_filters (32 to 128, step 16), 

conv1_kernel (3 to 7, step 2), conv2_filters (64 to 256, 
step 32), conv2_kernel (3 to 7, step 2) 

• Dense layer: dense_units (64 to 256, step 32), 
dropout_rate (0.0 to 0.5, step 0.1) 

For the LSTM model with two layers, we used: 
• Layer 1: lstm1_units (32 to 128, step 16), 

lstm1_dropout_rate (0.0 to 0.5, step 0.1) 
• Layer 2: lstm2_units (32 to 128, step 16), 

lstm2_dropout_rate (0.0 to 0.5, step 0.1) 
For the GRU model, we configured: 
• Layer 1: gru1_units (32 to 128, step 16), 

gru1_dropout_rate (0.0 to 0.5, step 0.1) 
• Layer 2: gru2_units (32 to 128, step 16), 

gru2_dropout_rate (0.0 to 0.5, step 0.1) 
Table 5 presents the optimal hyperparameters for each of these 
models. 
TABLE 5: THE BEST PARAMETERS IN CNN, LSTM AND GRU MODEL 

AFTER TURNING HYPER-PARAMETER. 

 Layer Type Parameter Output 
Shape 

Activation 
Function 

CN
N

 m
od

el
 

Input - (600, 144) - 

conv1d (Conv1D) Filter=96 
Kernel=3 

(None, 598, 
96) ReLu 

MaxPooling1D Pool size=2 (None, 299, 
96) - 

conv1d (Conv1D) Filter=256 
Kernel=7 

(None, 293, 
256) ReLu 

MaxPooling1D Pool size=2 (None, 148, 
256) - 

Figure 2: Show the model architecture for Conv-LSTM (D: input data channel and C: number of class activity). 
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flatten (Flatten) - (None, 

37376) - 

Full connected 
(Dense) Unit=64 (None, 64) ReLu 

dropout (Dropout) Dropout 
rate=0.4 (None, 64) - 

Output - (None, 4) Softmax 
Total params: 2,606,244 
Trainable params: 2,606,244 
Non-trainable params: 0 

LS
TM

 m
od

el
 

Input - (600, 144) - 

lstm1 (LSTM) Unit=128 (None, 600, 
128) Tanh 

dropout (Dropout) Dropout 
rate=0.1 - - 

lstm2 (LSTM) Unit=112 (None, 112) Tanh 

dropout (Dropout) Dropout 
rate=0.2 - - 

Output - (None, 4) Softmax 
Total params: 248,196 
Trainable params: 248,196 
Non-trainable params: 0 

G
RU

 m
od

el
 

Input - (600, 144) - 

gru (GRU) Unit=80 (None, 600, 
80) Tanh 

dropout (Dropout) Dropout 
rate=0.1 - - 

lstm2 (LSTM) Unit=48 (None, 48) Tanh 

dropout (Dropout) Dropout 
rate=0.4 - - 

Output - (None, 4) Softmax 
Total params: 73,156 
Trainable params: 73,156 
Non-trainable params: 0 

III.    RESULTS AND DISCUSSION 
A. Distributions of Data Sample  

The term "imbalanced data" typically refers to a 
classification problem wherein the distribution of samples 
across different classes is unequal. In such scenarios, one class, 
known as the majority class, comprises a significantly larger 
number of samples compared to other classes, which are often 
referred to as minority classes. For instance, in Figure 3, in a 
dataset pertaining to fall events, the "forward" class might have 
a considerably higher number of samples compared to the 
"lateral" (side) class, which might have the fewest samples. 

Training models on highly imbalanced datasets presents a 
challenge because traditional performance metrics assume a 
balanced distribution of classes [16]. Consequently, evaluating 
model performance becomes problematic as these metrics may 
be biased toward the majority class, leading to inaccurate 
assessments of the model's effectiveness. 

 
 
 
 
 
 
 
 
 

 
 
 

 
 
 
 
B. Performance Evaluation 

In this study, we conducted a comprehensive evaluation of 
our deep learning model using Conv-LSTM. Our evaluation 
criteria were based on metrics that include accuracy, recall, 
precision, and F-score [16]. All experiments in this study were 
carried out on a PC equipped with 16.0 GB (15.9 GB usable) 
and Intel(R) Core (TM) i5-6600 CPU @ 3.30GHz   3.30 GHz. 
 
C. Results 

The dataset has been segregated into two distinct 
components, each dedicated to specific classes. These 
components include data from three types of sensors the 
Accelerometer sensors, Gyroscope sensors, and Magnetic Field 
sensors. The data has been divided into two main classes Binary 
Class and Multiclass. 

The Binary Class encompasses fall and non-fall events, 
while the Multiclass, which includes directional information, is 
further divided into Non-fall, Backward-fall, Forward-fall, and 
Lateral (Side) events. These classes are presented in Table 6 
below. 
TABLE 6: SHOW THE SEPARATE DATA INTO TWO DISTINCT CLASS 

AS BINARY CLASS AND MULTICLASS. 

Name dataset Binary Class Multi Class 
None fall 720 720 

Backward 

2151 

736 

Forward 977 

Lateral (side) 438 

Total 2871 2871 

 
Based on the findings presented in Table 7, we identified 

several key features that significantly enhance accuracy when 
integrated into the convolutional layer. These features, derived 
from the Euclidean magnitude variable, contribute to 
constructing a robust framework for our wearable sensor 
technology. 

 
For our performance, we used a traditional method to 

improve the accuracy of the Conv-LSTM model. Specifically, 
we compared three parts: the raw data, the norm (Euclidean 
magnitude), and combined raw with norm vectors. After 
selecting the norm vector and extracting features using the 
convolutional model, we achieved higher accuracy, as shown in 
Table 7. 

TABLE 7:THE ACCURACY COMPARISON OF ALL FEATURES IN 
BINARY CLASS AND MULTI-CLASS. 

Classes  Original Norm All 

Binary 
Class 

Accuracy 98.25 98.95 99.65 
Precision 98.25 98.96 99.65 

Recall 98.25 98.95 99.65 
F1 Score 98.23 98.94 99.65 

Figure 3: Imbalance data distributions between “N: Non-fall”, “BY: 
Backward-fall”, “FY: Forward-fall”, and “SY: Lateral (side)” 
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Multi 
Classes 

Accuracy 96.49 95.09 97.89 
Precision 96.62 95.07 97.91 

Recall 96.49 95.09 97.89 
F1 Score 96.51 95.05 97.89 

 
Based on table 7, in the single class, it shows accuracy of 

raw data (original) is higher than the accuracy of norm data. So, 
it means we can use a norm vector for represented to fall and 
non-fall event. But for multi-classes, the accuracy of original 
data is higher than the accuracy of the norm, because multi-
class has more fall events such as non-fall, fall-backward, fall-
forward, and fall-lateral it is different information. So, it needs 
more information from different sensor axes such as three 
dimensions from accelerometers, 3 dimensions from 
gyroscopes, and 3 dimensions from magnetometers that provide 
the information depending on the fall event. To solve this 
problem, we combined the raw data with norm vectors and after 
that, it got high accuracy in both parts (binary class and multi-
classes) 99.65 % and 97.89%, respectively. 

 
D. The comparison to others method 

After conducting Conv-LSTM analysis, we achieved 
impressive accuracy rates of 99.65% for binary classification 
and 97.89% for multi-class tasks. To validate the effectiveness 
of Conv-LSTM, we compared it against various methods 
including traditional machine learning algorithms like RF, 
SVM, MLP, and KNN, as well as deep learning models such as 
CNN, LSTM, and GRU. The results, detailed in Table 9 and 10, 
display accuracy, precision, recall, and F1 scores. So, let’s 
looking on the table below, it’s showed the accuracy, precision, 
recall, and F1 score. For machine learning evaluation, we 
employed cross-validation using StratifiedKFold with K values 
of 5 and 10, utilizing optimal hyperparameters. These results 
are summarized in Table 8. 

TABLE 8: THE CROSS-VALIDATION OF MACHINE LEARNING. IT 
INCLUDES THE MEAN (STANDARD DEVIATION) ACCURACY AS %. 

NUMBERS IN BOLD REPRESENT THE BEST PERFORMANCE PER 
CLASSIFIER. 

 
Following cross-validation, we obtained reliable parameters 

which were then utilized to re-evaluate accuracy, precision, 
recall, and F1 scores for comparison with Conv-LSTM. This 
comparison, depicted in Table 9, includes time consumption 
metrics. 

TABLE 9: THE COMPARISON BETWEEN SEVERAL MACHINE 
LEARNING AND OUR PROPOSED METHOD SUCH AS RF, SMV, MLP, 

AND CONV-LSTM AND SHOW TIME CONSUMPTION WITHIN 
BINARY AND MULTI-CLASSES. 

Classes  KNN RF MLP SVM Conv-
LSTM 

Accuracy 93.39 94.55 97.45 97.80 99.65 

Binary 
Class 

Precision 93.31 94.50 97.47 97.79 99.65 
Recall 93.34 94.55 97.47 97.80 99.65 

F1 Score 93.26 94.52 97.46 97.79 99.65 
Train (s) 0.005 11.43 13.00 1.404 388.463 

Test (s) 0.361 0.016 0.006 0.932 0.490 

Multi 
Classes 

Accuracy 83.76 87.12 92.81 94.78 97.89 
Precision 83.50 87.64 92.71 94.74 97.91 

Recall 83.76 87.12 92.81 94.78 97.89 
F1 Score 83.35 86.32 92.74 94.71 97.89 
Train (s) 0.006 97.46 16.30 03.25 384.641 

Test (s) 1.355 0.185 0.006 2.354 0.484 

 
In the machine learning part, we utilized Grid Search CV to 

fine-tune hyperparameters, as explained earlier. Notably, SVM 
exhibited the highest accuracy of 97.80%, and 94.78% for 
binary class and multi-classes, with a corresponding F1-score 
of 97.79% and 94.71%, respectively when compared with other 
several ML. But our proposed method got accuracy higher than 
SVM and its testing time was notably shorter. The results, as 
shown in Table 9, highlight Conv-LSTM's superiority across 
various metrics, including accuracy, precision, recall, F1 score, 
and testing time, in both binary and multi-class scenarios. 

TABLE 10: THE COMPARISON BETWEEN SEVERAL DEEP 
LEARNING AND OUR PROPOSED METHOD SUCH AS CNN, LSTM, 

GRU, AND CONV-LSTM AND SHOW TIME CONSUMPTION WITHIN 
BINARY AND MULTI-CLASSES 

Classes  LSTM GRU CNN Conv-
LSTM 

Binary 
Class 

Accuracy 96.49 95.79 96.86 99.65 
Precision 96.47 95.79 96.85 99.65 

Recall 96.49 95.79 96.84 99.65 
F1 Score 96.46 95.79 96.80 99.65 

Train (s) 802.75 550.09 95.049 388.463 
Test (s) 0.347 0.308 0.238 0.490 

Multi 
Classes 

Accuracy 82.81 91.23 93.68 97.89 
Precision 82.18 91.17 93.81 97.91 

Recall 82.81 91.23 93.68 97.89 
F1 Score 82.40 91.18 93.70 97.89 

Train (s) 1773.4 550.768 88.762 384.641 
Test (s) 0.339 0.285 0.225 0.484 

 
In the deep learning part, we used Kernel Turn Random 

Search to fine-tune hyperparameters, as explained earlier. 
Conv-LSTM exhibited the highest accuracy of 99.65%, and 
97.89% for binary and multi-classes, with a corresponding F1-
score of 99.65%, and 97.89%, respectively. While Conv-LSTM 
required testing time was notably longer than other several deep 
learning. But in these cases, we tried to classify fall events, so 
we would not be concerned more about training time. Although 
it required a longer time for the training part. however, the 
testing time is less than 1s is suitable for use for performance in 
real-world situations. 

  

IV. CONCLUSION 
Our study makes significant contributions to biomedical 

knowledge discovery and engineering by advancing the field of 

Cross-Validation RF (%) 
Mean (SD) 

SVM (%) 
Mean (SD) 

MLP (%) 
Mean (SD) 

KNN (%) 
Mean (SD) 

B
in

ar
y 

C
la

ss
 K=5 

Accuracy 94.77 (0.34) 98.00 (0.22) 97.06 (0.80) 93.98 (0.42) 

K=10 
Accuracy 94.82 (1.49) 98.01 (0.71) 97.56 (0.93) 94.33 (0.84) 

M
ul

ti 
C

la
ss

es
 K=5 

Accuracy 85.12 (1.31) 92.68 (0.55) 91.49 (0.48) 83.67 (0.66) 

K=10 
Accuracy 85.66 (1.82) 93.13 (1.27) 91.29 (1.98) 84.57 (2.17) 
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fall detection using wearable sensor technology. Through 
meticulous research and experimentation, we have achieved 
several scientific advancements. Advanced Feature Extraction 
for Falls, we developed optimal feature extraction techniques, 
leveraging Convolutional Neural Networks (CNN) to capture 
detailed information about fall events. This approach reduces 
redundant data, ensuring low power consumption, fast 
computation, and high accuracy. Unlike traditional methods, 
our approach utilizes automated feature extraction, overcoming 
challenges associated with manual feature extraction. 
Innovative Use of Conv-LSTM, our proposed solution 
integrates Convolutional Neural Networks (CNN) with Long 
Short-Term Memory (LSTM) networks in the Conv-LSTM 
architecture. This innovative model enables precise 
classification of fall event directions by capturing both spatial 
and temporal features. Enhanced Accuracy Through Data 
Fusion: By fusing raw data with norm vectors derived from the 
Euclidean magnitude variable, we achieved significant 
improvements in accuracy for both binary and multi-class 
classification tasks. This fusion of data types enhances the 
overall performance of our wearable sensor technology. 
Superior Performance in Model Comparison: We validated the 
effectiveness of Conv-LSTM by comparing it against various 
traditional machine learning algorithms and other deep learning 
models. Our results demonstrate that Conv-LSTM outperforms 
these methods in terms of accuracy, precision, recall, F1 score, 
and testing time for both binary and multi-class tasks. Efficient 
Real-Time Fall Detection: Despite requiring longer training 
time, the Conv-LSTM model maintains a testing time under 1 
second, making it suitable for real-time fall detection 
applications. This efficiency is crucial for practical deployment 
in healthcare settings, where timely intervention can prevent 
further injuries. 

Overall, this study provides valuable insights into the 
optimal selection and integration of features for improving the 
performance of Conv-LSTM models in wearable sensor 
technology applications, paving the way for more effective and 
reliable real-world implementation applications in healthcare. 
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Abstract— Bone cancer is considered a life-threatening health 
problem, and, in most cases, it leads to death. Physicians use 
CT-scan, X-rays, or MRI images to recognize bone cancer. The 
manual process requires expertise and is a tedious task. Hence, 
it is crucial to establish an automatic system to identify and clas-
sify healthy bone and cancerous bones. The earlier diagnosis is 
the only factor that increases the probability of survival of can-
cer-affected patients. Artificial intelligence (AI), particularly 
deep learning (DL) with convolutional neural network (CNN) 
has shown great promise in categorizing two-dimensional im-
ages of some common diseases and depending on databases of 
millions of annotated or unannotated images. The study presents 
a new golden search optimization with deep learning enabled 
computer-aided diagnosis for bone cancer classification 
(GSODL-CADBCC) on X-ray images. The GSODL-CADBCC 
technique accurately distinguishes the input X-ray images into 
healthy and cancerous ones. To accomplish this, the presented 
GSODL-CADBCC technique uses the bilateral filtering (BF) 
technique to remove the noise. The presented GSODL-CADBCC 
technique exploits the SqueezeNet model to produce feature vec-
tors, and the golden search optimization (GSO) algorithm profi-
ciently chooses the hyperparameters. Finally, the extracted fea-
tures can be classified by improved cuckoo search (ICS) with 
long short-term memory (LSTM) model. Compared with recent 
DL models, the experimental outcomes demonstrated that the 

GSODL-CADBCC technique achieves promising performance 
on bone cancer classification. 

Keywords: Bone cancer; Computer-aided diagnosis; Medical im-
aging; Deep learning; Golden search optimization 
 

1. INTRODUCTION 
Generally, bones are attached to the body's muscles and 

support the movements [1]. Bone ligaments were filled with 
spongy bone marrow, a fibrous tissue. Bone cancer originated 
from healthy cells and formed as cancer [2]. Cancer grows 
slowly and spreads to other body parts. It might destroy bone 
tissues, and bone will be weaker. Initial identification is the 
only factor that increases the possibility of living for cancer-
affected patients. Differential diagnoses of bone cancer are 
based on the assessment of the age of the patient and tradi-
tional radiographs [3]. The plain radiograph is the most useful 
analysis for distinguishing such cases. Bone scans, computed 
tomography (CT), magnetic resonance imaging (MRI), and 
positron emission tomography (PET) were more delicate in 
identifying bone cancers. Still, the commonly used advanced 
imaging modality is time taking and costly. In addition to de-
mographic data like the matrix type, patient's age, location, 
periosteal reaction radiographic appearance of the tumours in-
volving size, cortical destruction, and margin are other im-
portant clues assisting the radiologist in distinguishing indo-
lent from aggressive bone cancers [4]. Since bone tumours 
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are relatively uncommon and have various appearances, some 
radiologists have developed sufficient expertise to make de-
finitive diagnoses. Among radiologists, precision in the anal-
ysis of bone lesions is low, resulting in misdiagnoses which 
are harmful to patient outcomes [5].   

Early classification and detection are done to ensure the 
effective treatment of bone cancers [6]. For primary malig-
nancy, radical surgical resection can be possible only if they 
are identified in the initial levels. Radiotherapy, protected 
weight-bearing or surgical augmentation is required to pre-
vent fractures around osteolytic cancers [7]. Though plain ra-
diographs were commonly utilized for routine screening for 
bone cancers, a higher rate of misdiagnoses upon visual in-
spection was stated, as bone cancers show common ambigu-
ous features and various morphologies. Artificial intelligence 
(AI) technology developments present novelties in medical 
data analysis [8]. Deep learning (DL), a higher-level NN re-
sembling the human brain, overcomes complicated issues that 
low-level AI cannot. Convolutional neural networks (CNNs) 
methods have demonstrated superior outcomes in analyzing 
healthcare images with complicated paradigms. The capabil-
ity of DL in interpreting 2D medical images is similar to an 
average human specialist in the domain. Several research 
works have reported outstanding outcomes in classifying or 
diagnosing a disease utilizing microscopy, plain radiography, 
MRI, ultrasound, endoscopy and CT [9, 10]. In this context, 
AI technology is utilized for detecting bone cancer on plain 
radiographs. When the AI-related classification system exe-
cutes well in medical practice, human errors, time, and cost 
are drastically minimized. 

This study presents a new golden search optimization 
with the deep learning-enabled computer-aided diagnosis for 
bone cancer classification (GSODL-CADBCC) on X-ray im-
ages. The presented GSODL-CADBCC technique uses bilat-
eral filtering (BF) to remove the noise. The presented 
GSODL-CADBCC technique exploits the SqueezeNet model 
to produce feature vectors, and the hyperparameters are profi-
ciently chosen by the golden search optimization (GSO) algo-
rithm. Finally, the extracted features can be classified by im-
proved cuckoo search (ICS) with long short-term memory 
(LSTM) module. A wide range of experiments was per-
formed to study the performance of the GSODL-CADBCC 
technique on medical imaging datasets. In short, the key con-
tributions are listed as follows. 

• An intelligent GSODL-CADBCC technique encompasses BF 
based preprocessing, SqueezeNet feature extraction, GSO 
based hyperparameter tuning, LSTM classification, and ICS 
based parameter optimization is presented. To the best of our 
knowledge, the GSODL-CADBCC model has been never 
presented in the literature.  

• Hyperparameter optimization of the SqueezeNet and LSTM 
models using GSO and ICS algorithms using cross-validation 
helps to boost the predictive outcome of the proposed model 
for unseen data. 

 

 

2. RELATED WORKS 
Georgeanu et al. [11] present a methodology for predict-

ing bone cancer malignancy based on MRI. The datasets con-
tain MRI scans with diagnoses confirmed by the histopatho-
logical investigation. Two pre-trained residual CNN will cat-
egorize the image extracted from the MRI datasets for T1 and 
T2. With the aid of pretrained CNN, the algorithm converges 
faster during training and trains on smaller data. Liu et al. 
[12] validate and build machine learning and deep learning 
fusion mechanism for classifying intermediate, benign, and 
malignant bone cancers based on patient clinical features and 
standard radiographs of the tumor. The machine learning 
(ML) technique fuses data from radiographs and clinical 
characteristics and could enhance the classification ability for 
bone tumors.  

Wang et al. [13] used a DL technique for automatically 
counting cells in colour bone marrow microscopic images. 
The presented algorithm makes use of a Feature Pyramid Net-
work and a Fast region based convolutional neural network 
(RCNN) to create a model that considers different illumina-
tion levels and is accountable for the stability of the colour 
component. The empirical result shows that the presented 
model is similar to some state-of-art systems. A user interface 
enables pathologists to operate the system easily. Calin et al. 
[14] introduced a fast methodology of object-based classifica-
tion, which facilitates easy interpretation of bone scintigraphy 
images. Firstly, the full lambda-schedule technique, along 
with an edge-based segmentation technique, has been applied 
for identifying the objects in the bone scintigraphy, and the 
spatial and textural features of the object were evaluated. 
Then, a group of objects were chosen as training datasets 
based on visual inspection of an image and were allocated to 
different stages of radionuclide accumulation beforehand, im-
plementing the data classifications using support vector ma-
chine (SVM) and k-nearest neighbor (KNN) classifiers.  

Georgeanu et al. [15] present a CNN architecture in ad-
dition to an image processing technique for detecting and 
classifying bone MRI scans into benign or malignant tumors. 
With the help of the transfer learning technique, the perfor-
mance of both pre-trained CNN architectures, namely Res-
Net-50 and VGG-16 models, were compared. Han et al. [16] 
assessed the performance of the DL classifier for bone scans 
of prostate cancer patients. Two distinct 2D CNN frameworks 
have been introduced: (1) tandem architecture incorporating 
entire body and local patches, termed as “global–local unified 
emphasis” (GLUE) and (2) whole body–based (WB). Eweje 
et al. [17] designed a DL approach which could discriminate 
benign and malignant bone cancers with patient de-
mographics and MRI. The image-based model was produced 
through the EfficientNet-B0 framework, and logistic regres-
sion (LR) was trained through lesion position, patient age, 
and sex. At last, a voting ensemble model was constructed.  

Sushmitha and Jagadeesh [18] drive of this work is to 
connect the efficiency of CNN and KNN techniques in a new 
detection of bone cancers. CNN and K- KNN techniques can 
be utilized for recognising a 20 instance bone MRI collection. 
The authors [19] presents the recognition of bone tumor in 
the database obtained in the medical database. A primary step 
was extraction feature of segmentation bone image utilizing 
GLCM approach was executed for extracting features with 
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respect to statistical texture-based and the secondary step was 
classifier of extraction feature utilizing K-NN with DT sys-
tem. Rajagopal et al. [20] examines several approaches of 
medicinal image processing and DL and executes them for 
classifying and detecting cancers as benign/malignant. After-
ward, the segmentation of cancer, classifier of benign and 
cancerous cells was complete with utilize of DL approach 
based CNN technique. Ranjitha et al. [21] presented a bone 
malignant growth detection exploiting k-means segmentation 
and KNN technique for recognizing the bone disease exploit-
ing image processing system to ultra sound images of bones. 

Several CAD models are existed in the literature to per-
form the classification process. Though several ML and DL 
models for liver cancer classification are available in the liter-
ature, it is still needed to enhance the classification perfor-
mance. Owing to the continual deepening of the model, the 
number of parameters of DL models also increases quickly, 
which results in model overfitting. At the same time, different 
hyperparameters significantly impact the efficiency of the 
CNN model. The hyperparameters such as epoch count, batch 
size, and learning rate selection are essential to attain  
effectual outcomes. Since the trial and error method for hy-
perparameter tuning is tedious and erroneous, metaheuristic 
algorithms can be applied. Therefore, in this work, we em-
ploy GSO and ICS algorithms for the parameter selection of 
the SqueezeNet and LSTM models, respectively. 

3. THE PROPOSED MODEL 
In this study, we have introduced an effective GSODL-

CADBCC technique for automated bone cancer classification 
on X-ray images. The presented GSODL-CADBCC tech-
nique encompasses BF-based noise removal, GSO with 
SqueezeNet-based feature extraction, LSTM classification, 
and ICS-based hyperparameter tuning. Fig. 1 exhibits the 
working principle of the GSODL-CADBCC technique. The 
figure states that the input X-ray image is primarily prepro-
cessed using the BF filter. The feature vectors are produced 
using the SqueezeNet model with a GSO-based hyperparame-
ter tuning strategy. Finally, the ICS with LSTM model deter-
mines the cancerous and normal image. 

 

Figure 1. Workflow of GSODL-CADBCC model. 

3.1. Image Preprocessing using BF Technique 
Firstly, using the BF technique, the GSODL-CADBCC 

technique eradicates the noise in the X-ray images. BF algo-
rithm is a nonlinear filtering technique that completely con-
siders spatial and pixel value information and forms a com-
promise processing on the image [22]. BF algorithm is used 
to decrease the noise effects, process images and preserve the 
edges. In the local region, they are narrow and always long 
which is not similar to the noise. The following equation 
evaluates the results of the BF algorithm. 

inew(x, y)

=
∑ ∑ iy+c

b=y−c (a, b)ω(a, b)x+c
a=x−c

∑ ∑ ωy+c
b=y−c

x+c
a=x−c (a, b)

                                   (1) 

where inew(x−y) denotes the pixel value attained afterwards 
applying the BF algorithm. c indicates the window size that 
affects the computation of ω(a, b),  i(a, b) shows the pixel 
value of a specific point in the window, and ω(a, b) embod-
ies the value computed by two Gaussian functions. The initial 
Gaussian function is evaluated using Eq. (2), 
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ωs(a, b)

= exp{−
(a− x)2 + (b − y)2 −

2σs2
}                                    (2) 

where ωs(a, b) signifies variable σs control the initial 
Gaussian function and ⬚⬚the value. The second Gaussian 
function is evaluated using Eq. (3). 

ων(a, b) = exp �−
�i(a, b)− i(x, y)�2

2σν2
�                                  (3) 

where ωv(a, b) represents the second Gaussian func-
tion. 

3.2. Feature Extraction using Optimal SqueezeNet Model 
In this phase, the preprocessed images are fed as input 

to the SqueezeNet model to generate feature vectors. Gener-
ally, CNN involves fully connected (FC), convolutional, and 
pooling layers [23]. Firstly, the feature was extracted with the 
help of convolutional and pooling layers. Then, the feature 
map in the convolution layer is transformed into 1D vector. 
Next, the resulting layer classifiers the input images. The net-
work reduces the square divergence between the classifier 
and predictive outcomes and changes the weighted parameter 
through BP. The neuron in each layer is orderly in 3D 
height, width, and depth where depth determines the channel 
count of input images or amount of input feature map, and 
width and height characterize the size of neuron. The convo-
lution layer encompasses multiple convolutional filters, 
which extract features in the image with convolution model. 
The convolution filter of the present layer convoluted the in-
put feature map to realize the resulting feature map and re-
move local features. Next, the nonlinear feature map was re-
alized by the activation function. The subsampling or pooling 
layers are last convolution layers. It employs downsampling 
method is a particular value as outcomes in specific area. Fig. 
2 shows the architecture of SqueezeNet model. 

The parameter count for VGGNet and AlexNet opti-
mize, the SqueezeNet architecture is developed that is mini-
mal parameter but maintained accuracy. The fire element de-
velops a significant component in SqueezeNet. This compo-
nent was detached to Squeeze and Expand architecture. The 
1 × 1 convolution layer attained substantial consideration. 
Consequently, accomplishing linear combination of many 
feature maps and data integration on the channel. When the 
output and input channel count is greater, then convolution 
kernels develop greater. Next, add 1 × 1 convolution to every 
inception system that reduces the input channel count, and the 
convolution kernel variable and complex function were de-
creased. Finally, add 1 × 1 convolution layer to improve the 
count of channels and the feature extraction. a superior acti-
vation graph was presented to convolution layer once the 
sampling reduction technique is delayed, hence the highest 
activation graph reserve further data and provides improved 
efficacy of the classifier. 

 

 
Figure 2. Structure of SqueezeNet. 

To improve the efficiency of the SqueezeNet module, 
the GSO is used. GSO includes exploitation and exploration 
stages and provides a balance between two conflicting capa-
bilities. The model comprises three major phases namely ini-
tialization, evaluation, and updating the existing population. 
The proposed GSO steps are given in the following [24]:: 
Oi = lbi + rand × (ubi − lbi) ; i =
1,2, … , N                       (4) 

In Eq. (4), Oi present the position of i-th objects in 
the search range. Furthermore, ubi and lbi denotes the 
lower and upper boundaries of the object, correspondingly. 
During evaluation, the initial population is assessed by using 
objective function and the objects with better fitness values 
are chosen as Ogbesti. In the golden change phase, the ob-
ject is sorted based on the fitness and the object with worst 
fitness is changed by the random solution. In every iteration, 
the object was moved towards the better solution with the 
help of step size operators (Sti). St equation comprises three 
phases. The initial part characterizes the preceding value of 
step size that is multiplied by the (T) transform operator that 
is iteratively reduced for balancing global and local search 
space. The next part presents the distance between the present 
location of i-tℎ objects and their personal better location at-
tained by the cosine of random number within [0,1]. 

The last part signifies the distance between i-tℎ ob-
ject’s present location and the better location attained, multi-
plied by the sine of randomly generated numbers amongst 
[0,1]. In the initial iteration, Sti would be randomly gener-
ated and upgraded through subsequent formula as follows 
[24]: 
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                            Sti(t + 1) = T. Sti(t) +
C1. cos (r1). (Obesti − xi(t)) + C2. sin (r2). �Ogbesti −
xi(t)�(5) 

In Eq. (5), C1 and C2 indicates a random integer 
within [0,1], r1 and r2 denotes random number within 
[0,1], Obesti denotes the best prior location attained by the 
i-th objects and T indicates transfer operator that transform 
from exploration to exploitation search for improving the per-
formance and controlling the balance between global and lo-
cal search in eaalir and later iterations. T is a reducing func-
tion and is estimated as  

T = 100 ×  exp (−20 ×
t

t max 
)                                          (6) 

where tmax indicates the maximal amount of iterations. 
At every iteration, the approach proceeds by regulating the 
distance that every object moves in all the dimensions of the 
problem space. Eq. (5) demonstrates that the step size is a sto-
chastic parameter and might enable the object to follow wider 
cycle in the problem space. A  reasonable interval is pre-
sented for controlling this oscillation and to prevent diver-
gence and explosion, to clamp the object movement based on 
the following expression: 

−Stimax ≤ Sti ≤ Stimax                                                (7) 
In Eq. (7), Stimax  indicates a selected maximal move-

ment allowed, which determines the maximal change one ob-
ject might undergo in its positional coordinate during the iter-
ation as follows: 

Stimax = 0.1 × (ubi − lbi)                                               (8) 
Finally, the object moves to the global optimal in the 

search range. The fitness selection is a crucial factor in the 
GSO approach for the hyperparmaeter tuning process. Solu-
tion encoding is exploited for assessing the aptitude (good-
ness) of candidate solution. Now, the accuracy value is the 
main condition utilized for designing a fitness function.  

Fitness =
TP

TP + FP                                                    (9) 
From the expression, TP represent the true positive and 

FP denotes the false positive value. 

3.3. Bone Cancer Classification 
For automated recognition of bone cancer, the LSTM 

model is used. LSTM is an innovative structure in recurrent 
neural network (RNN) that is frequently employed to handle 
time series tasks. In comparison to conventional feed forward 
neural network (FFNN), LSTM has memory ability and al-
lows the data stream for continuing to flow inside network 
[25]. It is capable of linking the prior data to the existing 
problem. However, the past status data is useful for deciding 
the present state of equipment. LSTM has four major compo-
nents, viz., output gate, input gate, forget gate and cell state. 
The data of cell state is updated by using three gates that au-
tomatically make LSTM add or remove data to neural net-
work. Forget gate decides how much data is forgotten from 
the prior cell state Ct−1 and it is mathematically modelled 
as: 

ft = σ(Wf ⋅ [ℎt−1, xt] + bf)                                          (10) 

ℎt−1 and xt characterize hidden state at t− 1 time 
and input feature at t time, correspondingly. In the study, the 
input feature is the output of CNN. Every component in fea-
ture map is regarded as the input of LSTM in one moment. 
Wf and bf denotes weight parameter and bias term of for-
getting gate layer. σ represents the sigmoid function. The 
output of ft value lies within 0 to 1. 1 shows the data of the 
cell state is fully retained, whereas 0 indicates the data is 
dropped out completely. Input gate determines how much of 
newly learned data is added to the present cell state Ct: 

C�t =  tanh (WC ⋅ [ℎt−1, xt] + bC)                                    (11) 
It is evaluated by nonlinearly mapping prior hidden 

states and existing input features. Following, the input gate 
selects partial data from C�t as follows: 

it = σ(Wi ∙ [ℎt−1, xt] + bi)                                          (12) 
The meaning of parameter in Eq. (12) is same as in Eq. 

(10). Combing Eq. (10)-(12), the present cell state Ct is eval-
uated by: 

Ct = ft ⊙ Ct−1 + it ⊙ C�t                                               (13) 
The present cell state is made up of two terms, viz., 

ft ⊙ Ct−1 and it ⊙ C�t. The initial one signifies the filtered 
data afterwards being rejected, and the last one represents the 
recently generated feature data. The final gate, viz., output 
gate, defines which part of the cell state is going to output. 
The last output of hidden layer ℎt is evaluated by: 

ot = σ(Wo ⋅ [ℎt−1, xt] + bo)                                       (14) 
ℎt = 0t ⊙ tanh (Ct)                                            (15) 

From above equations, it is clearly understood that the 
abovementioned three nonlinear gates regulated the data flow 
in and out of the LSTM network. Furthermore, the hidden 
state ℎt has every historical state data from time 0 to t. 
The time series data is useful for constructing precise health 
indicators. 

Finally, the ICS algorithm fine tune the hyperparameter 
of the LSTM module to achieve maximum accuracy. CS is 
derived from the lifestyle of bird family named cuckoo. The 
special lifestyle of this bird and its characteristics in breeding 
and egg laying are the primary motivation for the improve-
ment of new evolutionary optimization techniques [26]. CS 
begins with early population that has matured cuckoo and 
their eggs. Every matured cuckoo has its egg laying radius 
(ELR) and lays eggs in its ELR in host bird habitat. Next, 
some eggs that are less like host bird eggs will be demised. 

Survived cuckoo population will be migrated to the best 
location. The first cuckoo based on the location in environ-
ments is separated into some clusters and lastly, every cuckoo 
will be migrated towards the better cuckoo in the better clus-
ter with λ percentage and with the deviation of α radians. 
Once each position of cuckoo became closer, the process 
ends. Being closer means that this environment has maximum 
food source and fewer eggs will demise. But the original CS 
can able to resolve a large number of problems, by shifting 
some of its operations, and based on the problems, we could 
enhance its overall performance. In the proposed model, local 
search technique is added termed “Simulated Annealing” and 
tried few operations of CS are to enhance it. The outcomes 
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demonstrated that the modification employed on the CS en-
hanced the performance. The changes are given below: 

(1) Adaptive ELR: At the highest iteration, the esti-
mated solution should be altered lesser than the prior itera-
tion, and the size of ELR should be decreased. It shows that 
eggs aren’t laid farther away from the parents. In the pre-
sented method, the size of ELR is decreased while the amount 
of iterations is improved. 

(2) Adaptive number of eggs: the number of eggs of 
every cuckoo is randomly defined, between the minimum and 
the maximum number of eggs. In the presented method, it is 
potential that a weaker cuckoo might lay more eggs when 
compared to the stronger one. This might decrease the con-
vergence speed. In the presented technique, the number of 
eggs of every cuckoo is set based on the cost value: 

eggNumi = minEggNum + 

�(fitnessi − fitnessmin)

×
 maxEggNum−  minEggNum

fitnessmax − fitnessmin
� , (16) 

where, fitnessmin = The minimal fitness in the existing 
population, fitnessmax = The maximum fitness in the exist-
ing population, fitnessi = the fitness value of the existing 
cuckoo. Result shows that this development increased the 
convergence speed for this type of problem. 

(3) Repair the malformed cuckoo: in the original CS, 
few components of the habitation vector of cuckoo might sur-
pass the search range of the problem. In such cases, these ele-
ments are returned to the search range of the problem. For in-
stance, when the search range is [−M, M], a component with 
value of M + α would be M − α after the repair step. 

(4) Apply a local search for better solution: In all the it-
erations, to enhance the better solution, we applied the AE al-
gorithm on the better cuckoo of all the clusters. Once the bet-
ter cuckoo at every cluster gets enhanced, remaining cuckoos 
are affected by these improvements because of the Migration 
step. 

The ICS algorithm derives a fitness function to accom-
plish better performance of the classification. It describes a 
positive integer to symbolize the superior performance of the 
candidate solution. The reduction of classification error rate 
can be regarded as the fitness function.    

fitness(xi) =
number of misclassified samples

Total number of samples

∗ 100                  (17) 
Algorithm 1: Pseudocode of the ICS   

(1) Begin. 
(2) Initialization 
(3) Evaluate the cost of every cuckoo. 
(4) Allocate few eggs between maxnum and minnum to 
all the cuckoos. 

(5) Evaluate the ELR for all the cuckoos and define the lo-
cation of every egg of cuckoo based on the parent cuckoo. 
(6) If some components of the habituated vector of cuckoo 
exceeded the predetermined range then repair these com-
ponents. 
(7) If number of present cuckoos in the population is better 
than maxnum, then demise few weak cuckoos. 
(8) Define cuckoo society by k‐means clustering and find 
the better cuckoo in all the clusters. 
(9) Employ a local search algorithm on the better cuckoo. 
(10) Move every cuckoo of every cluster towards the bet-
ter cuckoo in that cluster. 
(11) Define egg laying radius for all the cuckoos. 
(12) When the ending condition is not fulfilled then go to 3 
(13) The better cuckoo is the better solution. 
(14) End. 

4. RESULTS AND DISCUSSION 
The proposed model is simulated using Python 3.6.5 

tool on PC i5-8600k, GeForce 1050Ti 4GB, 16GB RAM, 
250GB SSD, and 1TB HDD. The parameter settings are 
given as follows: learning rate: 0.01, dropout: 0.5, batch size: 
5, epoch count: 50, and activation: ReLU.  

In this study, the bone cancer classification outcomes of 
the GSODL-CADBCC model are tested using a bone cancer 
X-ray dataset. The dataset holds 200 images with two classes, 
as provided in Table 1. The publicly available data sets for re-
search on the bone X-ray image are collected from different 
sources such as the Indian Institute of Engineering Science 
and Technology, Shibpur (IIEST) and The TCIA (Cancer Im-
aging Archive).  Few sample images are shown in Fig. 3.  
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Figure 3. Sample X-ray images. 

Table 1. Dataset used. 

Class No. of Images 

Cancerous bone 100 

Healthy bone 100 

Total No. of Images 200 

 
The confusion matrices generated by the GSODL-

CADBCC model on bone cancer classification process with 
distinct sizes of training set (TRS) and testing set (TSS) are 
given in Fig. 4. The results illustrated that the GSODL-
CADBCC model has accurately categorized the cancerous 
and healthy bone images.  

 

Figure 4. Confusion matrices of GSODL-CADBCC model (a) 80% of TRS, 

(b) 20% of TSS, (c)70% of TRS, (d) 30% of TRSS. 

In Table 2 and Fig. 5, the bone cancer classifier results 
of the GSODL-CADBCC model on 80:20 of TRS and TSS 
are exhibited. It is noticed that the GSODL-CADBCC model 
has identified the cancerous and healthy bone images effectu-
ally. For instance, on 80% of TRS, the GSODL-CADBCC 
model has reached average accubal of 95.52%, precn of 
95.76%, recal of 95.52%, Fscore of 95.60%, AUCscore of 
95.52%, and MCC of 91.28%. On the other hand, on 20% of 
TSS, the GSODL-CADBCC model has resulted in average 
accubal of 94.79%, precn of 94.79%, recal of 94.79%, 
Fscore of 94.79%, AUCscore of 94.79%, and MCC of 
89.58%. 

Table 2. Bone cancer classification results of GSODL-CADBCC model on 
80:20 of TRS/TSS. 

Class 
Labels 

Accubal precn recal Fscore AUCscore 
MC
C 

Training Phase (80%) 
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Can-
cerous 
bone 

93.42 
97.2
6 

93.4
2 

95.3
0 

95.52 
91.2
8 

Health
y bone 

97.62 
94.2
5 

97.6
2 

95.9
1 

95.52 
91.2
8 

Aver-
age 

95.52 
95.7
6 

95.5
2 

95.6
0 

95.52 
91.2
8 

Testing Phase (20%) 

Can-
cerous 
bone 

95.83 
95.8
3 

95.8
3 

95.8
3 

94.79 
89.5
8 

Health
y bone 

93.75 
93.7
5 

93.7
5 

93.7
5 

94.79 
89.5
8 

Aver-
age 

94.79 
94.7
9 

94.7
9 

94.7
9 

94.79 
89.5
8 

 

Figure 5. Average results of GSODL-CADBCC model on 80:20 of 

TRS/TSS. 

In Table 3 and Fig. 6, the bone cancer classifier results 
of the GSODL-CADBCC model on 70:30 of TRS and TSS 
are exhibited. It is noticed that the GSODL-CADBCC model 
has identified the cancerous and healthy bone images effectu-
ally. For instance, on 70% of TRS, the GSODL-CADBCC 
model has reached average accubal of 92.43%, precn of 
93.40%, recal of 92.43%, Fscore of 92.74%, AUCscore of 
92.43%, and MCC of 85.83%. On the other hand, on 30% of 
TSS, the GSODL-CADBCC model has resulted in average 
accubal of 95.14%, precn of 94.57%, recal of 95.14%, 
Fscore of 94.83%, AUCscore of 95.14%, and MCC of 
89.71%. 

Table 3. Bone cancer classification results of GSODL-CADBCC model on 
70:30 of TRS/TSS. 

Class Labels Accubal precn recal Fscore MCC 

Cancerous 
bone 

97.37 90.24 97.37 93.67 85.83 

Healthy bone 87.50 96.55 87.50 91.80 85.83 

Average 92.43 93.40 92.43 92.74 85.83 

Cancerous 
bone 

95.83 92.00 95.83 93.88 89.71 

Healthy bone 94.44 97.14 94.44 95.77 89.71 

Average 95.14 94.57 95.14 94.83 89.71 

 

Figure 6. Average results of GSODL-CADBCC model on 70:30 of 

TRS/TSS. 

The training accuracy (TAC) and validation accuracy 
(VAC) study of the GSODL-CADBCC technique is depicted 
in Fig. 7. It can be easily noticeable that the GSODL-
CADBCC model accomplishes improved values of TAC and 
VAC. It is also observed that the TAC and VAC reach maxi-
mum values at 200 epochs. 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

136



 

 

 
Figure 7. TAC and VAC study of GSODL-CADBCC model. 

 

Figure 8. TLS and VLS study of GSODL-CADBCC model. 

The training loss (TLS) and validation loss (VLS) study 
of the GSODL-CADBCC model is exhibited in Fig. 8. It is 
noticed that the GSODL-CADBCC model gains reduced TLS 
and VLS values. In addition, it is assured that the TLS and 
VLS reach least values at 200 epochs. 

 

Figure 9. Precn − recal study of GSODL-CADBCC model. 

In Fig. 9, the precn − recal study of the GSODL-
CADBCC model on bone cancer classification is well stud-
ied. By looking at the results, it is guaranteed that the 
GSODL-CADBCC model reaches improved precn −
recalvalues under both cancerous and healthy bone classes.  

The receiver operating characteristic (ROC) curve of the 
GSODL-CADBCC approach is given in Fig. 10. ROC is a 
graph displaying the performance of a classification model at 
every classification threshold. The results demonstrated that 
the GSODL-CADBCC model has been found to be proficient 
with increased ROC values under both cancerous and healthy 
bone classes. 

 

 

Figure 10. ROC study of GSODL-CADBCC model. 

To exhibit the betterment of the GSODL-CADBCC 
model, a widespread comparison study with recent models 
[27, 28] is given in Table 4. The result indicates that RF 
model has shown poor outcomes compared to other models. 
Next, the learning-based intelligent optimization (LIO) model 
has shown somewhat improvised performance with accuy of 
85.37%. Followed by, the SVM, FE-ML, and MRI-DL mod-
els have accomplished moderately closer accuy values of 
93.59%, 92.81%, and 95.04% respectively. But the GSODL-
CADBCC model showed promising results with maximum 
accuy of 95.52%. 

Table 4. Comparative bone cancer classification results with recent models 

[27, 28]. 

Measure 
Accu-
racy 

Preci-
sion 

Re-
call 

 F1 score 

GSODL-
CADBCC 

95.52 95.76 95.52 95.60 

RF Algorithm 70.39 76.95 80.06 78.55 

SVM Model 93.59 91.45 96.13 94.08 

LIO Algorithm 85.37 87.84 81.43 89.06 
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FE-ML Model 92.81 94.27 90.31 95.03 

MRI-DL Algo-
rithm 

95.04 93.72 94.16 94.85 

A comparative computation time (CT) inspection of the 
GSODL-CADBCC model is provided in Table 5 and Fig. 11. 
The experimental values represented that FE-ML model has 
shown poor outcomes compared to other models with CT of 
231s. Next, the MRI-DL and LIO models have shown some-
what improvised performance with accuy of 226s and 204s 
respectively. Followed by, the RF and SVM models have ac-
complished moderately closer reasonable CT of 112s and 
156s respectively. But the GSODL-CADBCC model showed 
promising results with minimal CT of 54s. 

Table 5. Comparative CT analysis on bone cancer classification. 

Methods Computational time (sec) 

GSODL-CADBCC 54 

RF Algorithm 112 

SVM Model 156 

LIO Algorithm 204 

FE-ML Model 231 

MRI-DL Algorithm 226 

 

Figure 11. Comparative CT assessment of GSODL-CADBCC model. 

These results demonstrated that the GSODL-CADBCC 
model can attain effective bone cancer classification perfor-
mance. The enhanced outcomes of the GSODL-CADBCC 
technique is due to the application of GSO and ICS algo-
rithms for the parameter selection of the SqueezeNet and 
LSTM models respectively. 

5. CONCLUSION 
In this study, we have introduced an effective GSODL-

CADBCC technique for automated bone cancer classification 

on X-ray images. The presented GSODL-CADBCC tech-
nique encompasses BF based noise removal, GSO with 
SqueezeNet based feature extraction, LSTM classification, 
and ICS based hyperparameter tuning. The design of GSO 
and ICS algorithms helps in optimal selection of the hyperpa-
rameters of the SqueezeNet and LSTM models. A wide range 
of experiments was performed to study the performance of 
the GSODL-CADBCC technique on medical imaging da-
tasets. Compared with recent DL models, the experimental 
outcomes demonstrated that the GSODL-CADBCC tech-
nique achieves promising performance on bone cancer classi-
fication. Therefore, the GSODL-CADBCC technique can be 
exploited for automated and accurate bone cancer classifica-
tion. In future, deep instance segmentation techniques can be 
included in the GSODL-CADBCC technique for improving 
its classification efficacy.  
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Abstract— This paper explores integrating large language models 
(LLMs) with home mobility robots to facilitate user-friendly 
control through natural language commands. The project aims to 
convert natural language instructions into executable robot 
commands using ChatGPT-4o and ROS2. We developed and 
tested a system that translates user commands into ROS2 code, 
automatically compiles and uploads this code to a WeGO LIMO 
robot, and executes the instructions. Our results demonstrate 
improved accessibility and efficiency in robot control, highlighting 
the potential for broader applications in home mobility and other 
fields. 

I. INTRODUCTION 
Rapid advances in natural language processing models in 

artificial intelligence have led to the development of large 
language models (LLMs) that are revolutionizing a wide range 
of applications. LLMs like GPT-4o, LLaMA, BARD, and 
others have shown remarkable results in various tasks, 
including translation, text generation, image creation, code 
modification, and more. These models excel in text generation, 
machine translation, and code synthesis tasks, prompting 
exploration of their potential in robotics. Robotics, however, 
presents unique challenges, requiring an understanding of real-
world physics, context, and the ability to perform physical 
actions based on textual commands. 

The core objective of this project is to integrate ChatGPT-4o, 
a state-of-the-art conversational AI, with a home mobility robot 
to convert natural language commands into executable robot 
instructions. Specifically, we aim to use ChatGPT-4o with the 
Robot Operating System 2 (ROS2) to create a system that 
allows users to control a WeGO LIMO robot through simple, 
intuitive natural language commands. Traditional robot control 
systems often require extensive programming knowledge, 
creating a barrier for general users. By leveraging ChatGPT-
4o's natural language understanding capabilities, we seek to 
eliminate this barrier, making robot control accessible to a 
wider audience. This project explores how natural language 
commands can be effectively translated into ROS2 commands, 
compiled, and executed by the WeGO LIMO robot, ensuring 
both accuracy and efficiency in task execution. 

In this paper, we present the methodology for integrating 
ChatGPT-4o with ROS2, detail the experimental setup and 
results, and discuss the implications of our findings for the 
future of user-friendly robotics. Our approach aims to enhance 
the accessibility and usability of home mobility robots, 
potentially transforming their role in everyday life. 

II. METHODOLOGY 
Our project involves several key steps to integrate ChatGPT-

4o with a home mobility robot using ROS2. The methodology 
is designed to systematically convert natural language 
commands into executable robot instructions, ensuring both 
accuracy and efficiency in task execution. The following 
subsections outline the main components of our methodology: 

A. Natural Language Processing 

The first step involves utilizing ChatGPT-4o to interpret user 
commands. ChatGPT-4o is fine-tuned to understand and 
extract the intent behind natural language instructions. This 
involves training the model to recognize various commands 
related to home mobility tasks, such as navigation, object 
manipulation, and status reporting. 

 Input: User inputs a natural language command. 

 Command Interpretation: ChatGPT-4o 
understands the natural language command with its 
pre-training information. 

 Output: ChatGPT-4o writes a Python code for the 
node that perform the natural language command. 

B. Code Scraping 

Once the natural language command is interpreted, the next 
step is to translate it into ROS2 code. This involves 
developing algorithms that map the structured command 
representation to specific ROS2 commands. 

 Clipping: The API fetches the output from 
ChatGPT-4o. 

 Extraction: The API extracts the Python code from 
the clipped output. 

 Storage: The extracted Python code is stored by 
the API 

Fig. 1 WeGO LIMO robot 
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C. Automated Packaging 

The translated ROS2 code needs to be compiled and uploaded 
to the WeGo LIMO robot. This step focuses on automating the 
deployment process to minimize user intervention and ensure 
smooth operation. 

 Node: The stored Python code is made into a node 
in ROS2 by the API. 

 Packaging: The node are packaged to meet the 
required dependencies. 

 Build: The generated package is built. 

D. Execution 

The WeGo LIMO robot executes the uploaded commands, and 
its performance is monitored in real-time. This step involves 
collecting data on the robot's actions and providing feedback 
to refine the system. 

 Command Execution: The built package is 
executed automatically by the API. 

 Next Command: The API prepares to receive the 
next command. 

 

III. EXPERIMENT AND RESULT 

The experiments were conducted to evaluate the effectiveness 
of our system in interpreting and executing natural language 
commands using ChatGPT-4 integrated with ROS2 on a 
WeGO LIMO robot. The following sections outline the 
experimental setup, results, and analysis. 

A. Experiment setup 

The experiments were conducted in a controlled indoor 
environment. We utilized ROS2 for its robust networking 
capabilities and enhanced real-time performance. The WeGO 
LIMO robot was used as the primary robotic platform for 
executing commands. For our experiment, we train ChatGPT-
4 with WeGO LIMO and ROS2, as shown in Fig. 2. 

B. Experiment result 

A command is given to ChatGPT-4o in natural language, as 
shown in Fig. 3, and ChatGPT-4o writes the main Python code 
to perform that command. 

 
Fig. 2 ChatGPT-4o learning WeGo LIMO and ROS2 
 

 
Fig. 3 ChatGPT-4o writing code by natural language command 
 
The written code is packaged by the API developed in this paper, 
as shown in Fig. 4, and is automatically built and executed. 
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Through the aforementioned process, we have created and 

 
Fig. 4 API  
 

 
Fig. 5 LIMO performing the command 
 
executed a package that performs the command and verified 
that WeGO limo performs the command.  
Fig. 5 shows the package created through the API developed in 
this paper running and WeGO RIMO moving. 

IV. CONCLUSION 
The experimental results validate the effectiveness of 

integrating ChatGPT-4 with ROS2 for controlling home 
mobility robots. By leveraging ChatGPT-4o's advanced natural 
language processing capabilities, we have developed a system 
that translates user-friendly natural language commands into 
executable ROS2 code, facilitating seamless robot control. The 
integration with the WeGO LIMO robot demonstrated high 
accuracy and efficiency in command execution. Our 
experiments showed that the system accurately performed both 
simple and complex commands, proving the effectiveness of 
the command interpretation and translation algorithms. These 
results indicate that further improvements can enhance the 

system's performance even more. 
 
This approach significantly enhances the accessibility and 

functionality of home mobility robots, making sophisticated 
robotic control systems accessible to users without extensive 
programming knowledge. Future work will focus on refining 
command parsing algorithms to improve the accuracy of 
complex command execution, optimizing response times for 
real-time interactions, and exploring broader applications and 
potential enhancements in other domains. These advancements 
demonstrate the practical applicability of combining LLMs like 
ChatGPT-4o with robotics, paving the way for more intuitive 
and effective human-robot interactions. 

ACKNOWLEDGMENT 
This research was supported by the MSIT (Ministry of 

Science and ICT), Korea, under the ICAN (ICT Challenge and 
Advanced Network of HRD) support program (IITP-2024-
2020-0-01832), supervised by the IITP (Institute for 
Information & Communications Technology Planning & 
Evaluation). 

REFERENCES 
[1] T. B. Brown et al., "Language Models are Few-Shot Learners," in 

Advances in Neural Information Processing Systems, vol. 33, pp. 1877-
1901, 2020. 

[2] J. Devlin, M. W. Chang, K. Lee, and K. Toutanova, "BERT: Pre-training 
of Deep Bidirectional Transformers for Language Understanding," in 
Proc. 2019 Conf. North American Chapter of the Association for 
Computational Linguistics: Human Language Technologies (NAACL-
HLT), pp. 4171-4186, 2019. 

[3] A. Vaswani et al., "Attention is All You Need," in Advances in Neural 
Information Processing Systems (NeurIPS), vol. 30, pp. 5998-6008, 
2017. 

[4] R. Bommasani et al., "On the Opportunities and Risks of Foundation 
Models," in IEEE Trans. Neural Networks and Learning Systems, vol. 
32, no. 2, pp. 1111-1123, 2021. 

[5] R. Thoppilan et al., "LaMDA: Language Models for Dialog 
Applications," in Proc. 60th Annual Meeting of the Association for 
Computational Linguistics (ACL), pp. 2327-2340, 2022. 

[6] Y. Zhang et al., "Dialogpt: Large-Scale Generative Pre-Training for 
Conversational Response Generation," in Proc. 58th Annual Meeting of 
the Association for Computational Linguistics (ACL), pp. 270-281, 2019. 

[7] H. Zhang, Y. Zhang, and M. Sun, "Semantics-Aware BERT for 
Language Understanding," in IEEE Trans. Pattern Analysis and Machine 
Intelligence, vol. 42, no. 3, pp. 684-698, 2020. 

[8] C. Raffel et al., "Exploring the Limits of Transfer Learning with a 
Unified Text-to-Text Transformer," in J. Machine Learning Research, 
vol. 21, pp. 1-67, 2020. 

[9] P. Henderson et al., "Ethical Challenges in Data-Driven Dialogue 
Systems," in Proc. IEEE Int. Conf. Robotics and Automation (ICRA), pp. 
4118-4125, 2017. 

[10] Y. Liu et al., "RoBERTa: A Robustly Optimized BERT Pretraining 
Approach," in Proc. 2019 Conf. Empirical Methods in Natural Language 
Processing and the 9th Int. Joint Conf. Natural Language Processing 
(EMNLP-IJCNLP), pp. 2452-2461, 2019. 

[11] Microsoft, "Using GPT-3 for Robotics: Design Principles and Model 
Capabilities," in IEEE Robotics and Automation Letters, vol. 7, no. 3, 
pp. 712-719, 2022. 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

142



PUSCH DM-RS Pattern Optimization in 5G 
Daegun Jang1, Gayeon Kim2, and Byeong-Gwon Kang*. 

1,2 ICT Convergence, Soonchunhyang University, Asan, Korea 
* Information and Communication Engineering, Soonchunhyang University, Asan, Korea 

*Contact: First.wowhensum@sch.ac.kr, phone +82 10-7210-4419 
 

 
 
Abstract—Channel estimation is an essential technology used in 
all wireless communication systems to improve link performance. 
DM-RS-based channel estimation, which has been adopted as a 
standard technology because it can effectively respond to channel 
changes, requires efficient operation of resources due to the 
characteristics of DM-RS that occupies time-frequency resources. 
In this paper, we propose a ResNet-based PUSCH DM-RS pattern 
optimization technique and verify its performance by achieving 
94.37% accuracy and a data rate of more than 10% of the learned 
network. 

I. INTRODUCTION 
demodulation Reference Signal (DM-RS), used for channel 

estimation, is transmitted along with the data information to be 
demodulated and allocated to time-frequency resources along 
with the data information. This enables effective response to 
real-time channel changes, leading to the adoption of DM-RS-
based channel estimation as a standard technology [1]. To 
address real-time channel variations, various DM-RS patterns 
are defined. However, due to the characteristic of DM-RS 
occupying time-frequency resources along with data 
information, it is necessary to select the optimal DM-RS pattern 
for transmission. 

In this paper, we propose a residual neural network (ResNet)-
based physical uplink shared channel (PUSCH) pattern 
optimization technique for efficient DM-RS utilization in 5G 
NR systems. The proposed technique pre-investigates the 
pattern that achieves the highest data transmission rate for a 
specific wireless fading channel based on the DM-RS patterns 
suggested by 3GPP. This pattern is used as the correct value for 
ResNet learning, which divides the received signal elements 
into real and imaginary groups. The performance of the trained 
network is then evaluated. The proposed technique verifies that 
it is possible to minimize the overhead of time-frequency 
resources and efficiently utilize these resources by optimizing 
PUSCH DM-RS patterns compared to standard technologies.  

II. SYSTEM MODEL 
A. NR Frame Structure 

In the 5G NR system, various types of numerology are 
supported, and based on this, various slot lengths within a 1ms 
subframe on the time domain and subcarrier intervals on the 
frequency domain are supported. There are always 14 OFDM 
symbols in a single slot, and 12 consecutive subcarriers 
constitute a physical resource block (PRB), and a plurality of  

 
Fig. 1 Example of PUSCH DM-RS 

consecutive PRBs may constitute a sub-channel. A plurality of 
slots on the time domain and a plurality of sub-channels on the 
frequency domain can form a resource grid (RG). Each time-
frequency resource in RG is divided into a resource element 
(RE). RE consists of one OFDM symbol on the time domain 
and one subcarrier on the frequency domain [1]. 

B. NR PUSCH and DM-RS 
In the 5G NR system, PUSCH is used to transmit uplink data 

payload. PUSCH is assigned to a plurality of OFDM symbols 
on the time domain and a plurality of sub-channels on the 
frequency domain and undergoes transport processing as in [xx] 
before being transmitted. When PUSCH is allocated to RG, the 
allocation position and length on the time domain are 
determined based on the PUSCH mapping type. There are two 
PUSCH mapping types, A and B. They are largely divided into 
slot-based scheduling and mini slot-based scheduling and are 
used as parameters to determine the DM-RS pattern [2]. 

The PUSCH DM-RS, which occupies time-frequency 
resources alongside the PUSCH, is a reference signal used for 
decoding the received PUSCH. It is generated as 𝑟𝑟(𝑛𝑛) = 1

√2
(1−

2𝑐𝑐(2𝑛𝑛) + 𝑗𝑗 1
√2

(1− 2𝑐𝑐(2𝑛𝑛 + 1),𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 c(n) is pseudo-random 
sequence. The generated DM-RS symbols are allocated to the 
resource grid (RG) based on the patterns specified by 3GPP [1]. 
Tables 6.4.1.1.3-3 and 6.4.1.1.3-4 in [1] illustrate the patterns 
for single symbol and double symbol DM-RS transmission 
when 𝑙𝑙0 = 3, and PUSCH mapping type A, as shown in Fig 1. 
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Fig. 2 Proposed ResNet structure. 

III. PROPOSED DM-RS PATTERN OPTIMIZATION METHOD 
Each convolutional layer has a size of 1 × 1, 3 × 3, and uses 

32 filters. BN is batch normalization and normalizes the input 
to each layer with mean and variance. The rectified linear unit 
(ReLU) function is used as the activation function, and the 
maximum pooling layer uses MaxPool. After passing through 
18 convolutional layers, the learned PUSCH DM-RS pattern is 
output through a fully connected layer and a SoftMax layer. 

A. RESNET-BAESD PUSCH DM-RS PATTERN OPTIMIZATION 
The data used for training consists of wireless resources 

composed of 1 slot in the time domain and 10 RBs in the 
frequency domain, and the DM-RS patterns considered in this 
paper are applied. All symbols are QPSK-modulated and pass 
through a tapped-delay line (TDL) - A channel. It is assumed 
that all patterns pass through the same TDL-A channel if they 
have the same delay spread, user equipment (UE) velocity, and 
SNR. Among all DM-RS patterns that pass through this channel, 
the pattern that achieves the highest normalized data rate 𝑅𝑅𝑛𝑛 
based on the following equation is used as the correct value [3]. 

𝑅𝑅𝑛𝑛 =  
𝛼𝛼 − 𝜏𝜏
𝛼𝛼 × 𝑅𝑅,�𝑅𝑅 = 𝑙𝑙𝑙𝑙𝑙𝑙2 �1 + 𝜌𝜌

�𝐻𝐻��2

�𝐻𝐻 −𝐻𝐻��2
�� ,𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 (2) 

𝛼𝛼  represents the total number of symbols, 𝜏𝜏  represents the 
number of used DM-RS symbols, 𝜌𝜌 represents the SNR power, 
and 𝑅𝑅 represents the data rate before normalization. 

In this paper, the mean square error (MSE) is calculated for 
a total of 300 scenarios to select the optimal pattern among 
various PUSCH DM-RS patterns, considering delay spread, UE 
velocity, and SNR. 

𝑀𝑀𝑀𝑀𝑀𝑀 =  
1
𝑛𝑛� |𝐻𝐻𝑖𝑖 −𝐻𝐻𝚤𝚤�|2

𝑛𝑛

𝑖𝑖=1

,𝑤𝑤ℎ𝑒𝑒𝑒𝑒𝑒𝑒 (3) 

𝐻𝐻𝑖𝑖 is 𝑖𝑖th estimated channel value and 𝐻𝐻𝚤𝚤� represents predicted 
value of 𝑖𝑖th trained channel. 

IV. SIMULATION RESULT 
Fig.3 shows the accuracy and loss rate of the proposed 

system model. The blue curve represents the accuracy, and the  
red curve represents the loss rate. The proposed system model 
has an accuracy of 94.37% and a loss rate of 0%. Fig. 4 shows 
the data rate comparison between the fixed pattern and the  

 
Fig. 3 Accuracy and loss graph of proposed ResNet 

 
Fig. 4 MSE performance according to the speed of optimal and existing patterns. 

optimal pattern selected by the system model, with double 
symbol transmission and DM-RS configuration type 1. Both 
patterns show a decrease in the data rate as the UE velocity 
increases. The optimal pattern outperforms the existing 
technology by at least 10% and shows an even more significant 
improvement in data rate as the UE velocity increases. 

V. CONCLUSIONS 
In this paper, we proposed a channel estimation technique 

that selects the optimal DM-RS pattern from various DM-RS 
patterns considering delay spread, UE velocity, SNR, etc. in 
300 scenarios. The proposed ResNet learning model showed an 
accuracy of 94.37% and achieved a data rate improvement of at 
least 10% compared to existing channel estimation techniques. 
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Abstract – Developmental disorders can be treated more 
effectively if early intervention is provided at a young age. 
However, it is difficult for parents to identify normal language 
and behavior before the child reaches the appropriate age. And 
not everyone can go to the hospital and get diagnosed by a 
specialist. For this reason, many children miss the opportunity 
for treatment until they show obvious symptoms of 
developmental disorders. This paper discusses meta-bus content 
for the early diagnosis of developmental disorders. VR devices 
can collect data such as eye tracking, facial tracking, hand 
tracking, etc. Content that can elicit children's responses should 
be created to collect data for early diagnosis in the future. 
Currently, we have created content such as block stacking, ball 
throwing, bubble popping, etc. using Unity. We tested this 
content on actual children. Ball-throwing was found to be 
inappropriate due to the limitations of VR hand tracking. Bubble 
popping successfully elicited children's responses and collected 
the necessary data. Block stacking was not tested on children. We 
plan to create a deep learning model for early diagnosis of 
developmental disorders by collecting and analyzing more data 
in the future. And the current VR content is not optimized. This 
causes stuttering when running and needs to be resolved. 

I. INTRODUCTION 
 
 
 

South Korea is facing challenges in nurturing future talents 
due to the low birth rate issue [1]. Therefore, it is crucial to 
identify and foster outstanding talents even amidst the low 
birth rates. Developmental disorders are more effectively 
treated when diagnosed early [2]. However, they are often 
difficult for parents or caregivers to detect, and obtaining 
accurate diagnoses from hospitals can be challenging. 
Consequently, many toddlers with developmental disorders 
miss the appropriate treatment window, as highlighted in the 
announcement of survey results for people with developmental 
disabilities in 2021 [3]. To address these issues, this paper 
proposes a method for early diagnosis of developmental 
disorders using metaverse content. Metaverse content enables 
various activities in virtual spaces through VR devices. VR 
devices are equipped with sensors capable of detecting eye 
tracking, facial tracking, hand tracking, etc., allowing for the 
tracking of user expressions, eye movements, hand gestures, 
etc., which can be stored as data. To utilize this data effectively, 
content that can elicit responses from toddlers is necessary. In 
this study, VR content such as stacking blocks, throwing balls, 
blowing bubbles, and breaking dishes was developed using the 
Unity engine. Additionally, data storage and visualization 
modules were developed to store information on gaze position, 
hand position, head position, and the 

positions of objects. Furthermore, the three-dimensional 
appearance of each object was projected into two dimensions 
for visualization. Among the developed content, stacking 
blocks and throwing balls serve as assessments for toddlers' 
sociability, evaluating their ability to understand and follow 
rules. Popping bubbles is intended to increase toddlers' interest. 
However, in tests conducted with actual toddlers, throwing 
balls failed to sufficiently capture their interest and did not 
function properly due to the limited hand tracking range of the 
VR device. Stacking blocks have not yet been tested with 
toddlers, so validation is necessary. Popping bubbles 
effectively engaged toddlers' interest and successfully 
recorded data. In the future, we plan to analyze the extracted 
data to develop a deep learning model capable of suggesting 
the types of developmental disorders and treatment methods. 
Additionally, we will enhance the visual and performance 
aspects of VR content through optimization. 

 
II. SYSTEM IMPLEMENTATION 

A.Data extraction 
 
We developed a data extraction module in Unity to extract data 
for analysis. This module records the 3D positions of eyes, heads, 
hands, and objects and converts them into 2D format for storage 
as video. Additionally, the module stores the 3D data to allow for 
analysis from various angles. Fig. 1 illustrates the transformation 
of 3D objects into 2D format. 

 

Fig.1 Visualization 
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Table 2 contains the contents of the data stored for data analysis. 
TABLE.2 Eye Concentration 

 
Data type \Data content 

Timer Timer that starts after project starts 

eye_pnt Where the eyes are looking 

gaz_obj Name of the object you are looking at 

eye_cls 0 if eyes are open, 1 if eyes are closed 

obj_pst Coordinate values for drawing the object's 
bounding box 

head_roll Radius of rotation around the X axis of 
the head 

head_pitch Radius of rotation around the Y axis of 
the head 

head_yaw Radius of rotation around the Z axis of the 
head 

hand_pst Position of hand on screen 

hand_hld Name of object held by each hand 

hand_gest A value that indicates what gesture you 
are using when holding an object. 

 
Three contents have been developed in Unity: block 

stacking, ball throwing, and bubble popping. These serve as 
social interaction tests, with bubble popping focusing on 
engaging the child's interest. Fig.3 depicts the block stacking 
content utilizing hand tracking, where players stack blocks 
upwards. To facilitate smooth gameplay, markers indicating 
the intended block movement upon releasing the hand have 
been incorporated. 

 
 

Fig.3 Block stacking 
 

Fig.3 Block stacking 
 
 

Fig. 4 showcases the ball-throwing content, utilizing hand 
tracking. This content involves throwing balls to score as high 
as possible on a target board. To address issues with hand 
tracking recognition extending beyond its detection range, 
adjustments have been made so that when the hand re-enters 
the detection range from outside, the ball will accurately target 
the board. 

 

Fig.4 Ball throwing 

Fig. 5 depicts the Bubble Pop content, utilizing hand 
tracking. This content involves popping bubbles generated by 
hand movements using fingers. 

 

Fig.5 Popping bubbles 
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III. EXPERIMENTAL RESULTS 

A. Check eye concentration 
 

Upon reviewing the data, it was found that there was a data 
error in the analysis of concentration levels during ball 
throwing, preventing further analysis. However, it was 
observed that the child's concentration appeared to be lower, 
as they showed more interest in surrounding objects than in 
the ball itself. Referring to Table 2, when examining 
concentration based on whether the gaze was directed towards 
the object or not during bubble blowing, it was observed that 
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for 3-year-old children, the concentration level was 75.1%, 
and for 7-year-old children, it was 65.4%. 

 
 

Age Eye concentration 

3 75.1% 

7 65.4% 

TABLE.2 Eye Concentration 
 
 
 

IV. CONCLUSIONS 
 

This paper focuses on developing content for the early 
diagnosis of developmental disorders. Three social 
interaction contents were created using Unity, aiming to 
collect data from children's responses to enable diagnosis 
and treatment. In the bubble popping content, when tested 
on a non-target 7-year-old child, a concentration rate of 
65.4% was observed, while a concentration rate of 75.1% 
was achieved with the target 3-year-old children. 
Ball-throwing was deemed unsuitable. Future work 
involves testing the block stacking content, obtaining 
additional data for analysis, and using the collected data 
to develop a diagnostic and treatment deep learning model. 
Challenges with optimizing VR devices currently result in 
lag issues in the content, which also need to be addressed. 
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Abstract— Background and Objectives: Analyzing multiple 
sequences of liver MRI is essential for diagnosing hepatocellular 
carcinoma (HCC). However, developing computer-aided detection 
(CAD) for each sequence is time-consuming and labor-intensive 
due to image segmentation. Therefore, we devised a CAD system 
specifically for HCC detection on the hepatobiliary phase (HBP) 
of gadoxetic acid-enhanced MRI, employing a convolutional 
neural network (CNN). We assessed its viability across various 
sequences, units, and multi-centers. 
Methods: We conducted a review of patients who underwent both 
gadoxetic acid-enhanced MRI and surgery for hepatocellular 
carcinoma (HCC) at Korea University Anam Hospital (KUAH) 
and Korea University Guro Hospital (KUGH). Finally, our study 
included 170 nodules from 155 consecutive patients at KUAH and 
28 nodules from 28 randomly selected patients at KUGH. Regions 
of interest were delineated across the entire volume of HCC on 
images captured during the hepatobiliary phase (HBP), T1-
weighted (T1WI), T2-weighted (T2WI), and portal venous phase 
(PVP). A computer-aided detection (CAD) system was developed 
using customized-nnUNet based on the HBP images from KUAH 
and refined to reduce false positives. Both internal and external 
validation of the CAD system was conducted using images from 
HBP, T1WI, T2WI, and PVP acquired at both KUAH and KUGH. 
Results: The figure of merit and recall of the jackknife alternative 
free-response receiver operating char- acteristic of the CAD for 
HBP, T1WI, T2WI, and PVP at false-positive rate 0.5 were (0.87 
and 87.0), (0.73 and 73.3), (0.13 and 13.3), and (0.67 and 66.7) in 
KUAH and (0.86 and 86.0), (0.61 and 53.6), (0.07 and 0.07), and 
(0.57 and 53.6) in KUGH, respectively.  
Conclusions: The computer-aided detection (CAD) system for 
hepatocellular carcinoma (HCC) on gadoxetic acid-enhanced MRI, 
created through convolutional neural network (CNN) analysis of 
the hepatobiliary phase (HBP), effectively identified HCCs on both 
HBP and additional sequences like T1-weighted imaging (T1WI) 
and portal venous phase (PVP). This suggests that a CAD system 
developed using a single MRI sequence may be transferable to 
similar sequences, streamlining the process and saving time and 
effort in multi-sequence MRI CAD development. 

Keyword: Abdominal Image AnalysisComputer-Aided 
DiagnosisDeep LearningHepatocellular CarcinomaMagnetic 
Resonance Imaging 

1. Introduction 
Hepatocellular carcinoma (HCC) is the most common type 

of primary liver cancer. HCC is the fifth most common cancer 
worldwide and the third most common cause of cancer-related 
deaths, according to the World Health Organization [1]. HCC 
is most commonly diagnosed based on typical imaging findings 
from computed tomography (CT) and magnetic resonance 
imaging (MRI). Liver MRI with gadoxetic acid has advantages 
in small lesion detection and consists of multi-sequence images 
including T2-weighted imaging (T2WI), T1-weighted imaging 
(T1WI), dynamic enhancement study (arterial phase, portal 
venous phase, transitional phase), hepatobiliary phase (HBP), 
chemical shift imaging, and diffusion-weighted imaging. The 
HBP is taken 20 min after intravenous gadoxetic acid 
administration, and hepatocytes show hyperintensity due to the 
uptake of gadoxetic acid. HBP significantly improves the 
sensitivity of HCC detection [2]. Typically, HCCs show 
hypointensity on HBP and T1WI, hyperintensity on T2WI, 
enhancements on arterial phase, and wash-out on portal venous 
phase (PVP) or transitional phase. HBP is the most sensitive 
sequence for HCC detection [2]. Nevertheless, information 
from all sequences should be used for the accurate diagnosis of 
HCC. 

After the introduction of machine learning in radiology, 
computer-aided detection (CAD) for focal liver lesions has 
been developed. Recently, deep learning algorithms have 
shown promise in medical images [3], [4], [5], [6]. Deep 
learning has successfully developed automatic liver lesion 
segmentation algorithms using CT. Notably, a method using a 
convolutional neural network (CNN) [7] was superior to others 
in the 2017 liver tumor segmentation (LiTS) challenge [8] with 
130 contrast-enhanced abdominal CT scans. Sun et al. [9] 
introduced the method of deep CNNs on multi-phase contrast-
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enhanced CT images and showed outstanding results compared 
to previous studies employing monophasic images for detection. 
CT imaging [10] can help distinguish between healthy tissue, 
cirrhotic tissue, and HCC converging CNN and semi-automatic 
algorithms. For MRI, Bousabarah et al. [11] demonstrated the 
automated detection of HCC on multiphasic contrast-enhanced 
MRI using deep learning. Another study [12] successfully 
applied an automated deep learning model to detect HCC on the 
HBP of gadoxetic acid-enhanced MRI. Deep learning using 
CNN is a reasonable strategy for developing CAD to detect 
HCC on gadoxetic acid-enhanced MRI. Some researched 
multiple segmentation networks using various loss function on 
ultrasound images [13] and developed fusion model for 
accurate HCC detection using ultrasound and CT images [14]. 

For accurate computer-aided detection (CAD) of 
hepatocellular carcinoma (HCC) on gadoxetic acid-enhanced 
MRI, the ability to detect HCC across multiple image sequences 
is crucial. However, training CAD models for each sequence 
individually demands significant time and effort for image 
segmentation. If CAD models trained specifically on the 
hepatobiliary phase (HBP), known for its high sensitivity in 
HCC detection, could effectively identify HCC on other 
sequence images, it would streamline CAD development, 
reducing both time and costs. To date, no study has investigated 
the feasibility of CAD trained on a single sequence for 
analyzing multi-sequence liver MRI. In our research, we 
developed a CNN-based CAD system for HCC, trained 
exclusively on HBP images from gadoxetic acid-enhanced MRI, 
and assessed its viability for detecting HCC across HBP, T1-
weighted imaging (T1WI), T2-weighted imaging (T2WI), and 
portal venous phase (PVP) sequences obtained from various 
units and centers.  

2. Methods 
The institutional review board approved this retrospective 

cohort study, and the requirement for informed consent was 
waived (2021AN0221 in Korea University Anam Hospital, 
2021GR0311 in Korea University Guro Hospital). 

 
2.1. Study participants 

This retrospective study reviewed 324 consecutive cases 
(298 patients) who underwent surgery for suspected HCC 
between January 2015 and March 2020 at Korea University 
Anam Hospital (KUAH). Patients who underwent gadoxetic 
acid-enhanced MRI within two months before surgery and were 
pathologically diagnosed with primary HCC after surgery were 
included. Exclusion criteria were post-treatment state of HCC 
(transarterial chemoembolization, radiofrequency ablation), 
inadequate image quality for analysis (poor image quality, 
inadequate MRI protocol), and difficulty in drawing region of 
interest (ROI) (smaller than 1 cm, no lesion consistent with 
pathologic reports, infiltrative HCC, overlapped with biliary 
hamartoma). Finally, 163 cases (155 patients) were included, as 
presented in Fig. 1 and Table 1. 

 
 

Table 1. Performance of computer-aided hepatocellular 
carcinoma detection on internal and external test datasets in 
HBP, T1WI, T2WI, and PVP. 

 
Note: internal datasets were from Korea University Anam Hospital (KUAH) 
and external datasets were from Korea University Guro Hospital (KUGH). HBP: 
hepatobiliary phase, T1WI: T1-weighted imaging, T2WI: T2-weighted imaging, 
PVP: portal venous phase, FOM: figure of merit, FP: false-positive, JAFROC: 
jackknife alternative free-response receiver operating characteristic; only the 
HBP datasets from KUAH were used for training and HBP, T1WI, T2WI, and 
PVP datasets from KUAH and KUGH were used for test.  
∗ Per-HCC-based sensitivities of HCC detection were calculated by dividing 
the number of detected HCC by the number of patients, for which the threshold 
of confidence score was set at 0.1.  
† Rates of false-positive were calculated as the total number of HCCs with 
false- positives divided by the total number of patients, for which the confidence 
score threshold was set at 0.1.  

 

 
Fig.1 – Flowchart of participant selection. HCC: hepatocellular carcinoma, 

MRI: magnetic resonance imaging, TACE: Transcatheter arterial 
chemoembolization, RFA: radiofrequency ablation, ROI: region of interest. 

 
2.2. CAD algorithm for HCC detection 

Customized nnU-net [15] was used to detect HCC on MRI. 
Fig. 2 shows this architecture comprising an encoder network 
with 30 convolutional filters, a pooling layer (max-pooling: 3 × 
3 × 3) per layer, and a decoder network with transposed 
convolutional layers for backpropagation. 

First, whole volumes, including HCC, were reduced for input, 
whereas the last layer of the decoder restored the original 
volumes. Second, the inference of HCC in the decoder network 
was cropped for input to the center of the lesion, and our 
architecture was retrained using these datasets. A prominent 
feature of the customized architecture is the concatenation of 
the encoder and decoder networks to avoid missing 
segmentation information. For training, 120 batches were 
conducted for an epoch, and random rectified linear unit (ReLU) 
was used instead of the leaky rectified linear unit activation 
functions. The loss function sums cross-entropy, dice, and 
boundary loss. In addition, adaptive layer-instance 
normalization (AdaLin) [16] was applied to help the attention-
guided model correspond to shape transformation. 
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Fig.2 – Architecture of Customized nnU-net. 
 
The initial learning rate and l2 weight decay were 3 × 10−4 

and 3 × 10−5 as Adam optimization. If the validation loss did 
not improve within the previous 30 epochs, the learning rate 
was decreased by 0.2 times, and training was stopped after 
approximately 1000 epochs or if the learning rate fell below 
10−6. First, all inputs were resized to 208 × 208 pixels (XY 
spatial size), including the number of slices along the Z 
direction with intensity normalization by subtracting the mean 
and dividing by the standard deviation. Second, cropped inputs 
were resized to 100 × 100 × 100 volumes. Various 
augmentations have been used with photographic and 
geographic methods. The dice similarity coefficient (DSC) was 
analyzed for segmentation and detection, as shown in Eq. (1). 
The loss functions, including the dice loss (DLS), boundary loss 
(BLS) [17], and binary cross-entropy, are defined in Eqs. (2), 
(3), and (4): Vgs and Vseg are defined as the parameters of the 
ground truth and CNN inference. 

 
Here, ΔS denotes the region between ‖q − Z∂G(q)‖ and 

the two contours, Ω → R+ is a distance map with respect to 
boundary ∂G, that is, ‖q − Z∂G(q)‖ evaluates the distance 
between point q ∈ Ω and the nearest point z∂G(q) on contour 
∂G: ‖q − Z∂G(q)‖. 

 
where y and f denote the inferred probability and 

corresponding desired output, respectively. 
 

2.3. Evaluation metrics for HCC detection 
 
For the evaluation of CAD on the four sequences of MRI, the 

recall from the free-response receiver operating characteristic 
(FROC) curve (python-sci-kit-learn library) which was graphed 
to show the relationship between per-HCC recall depending on 
the threshold of the algorithm changes from 0 to 1.0. and the 
average false-positive (FP) numbers (FP rates). The intersection 
of union was over 0.5 of the box coordinates of HCC detection 
between inferences of CAD and gold standards. Furthermore, 
the ROI-wise classification (per HCC-based analysis) was 
conducted by activation values using figure of merit (FOM) of 
the jackknife alternative FROC (JAFROC) (version 4.2.1; 
http://www.devchakraborty.com), using the test data set from 
KUAH (internal validation) and KUGH (external validation). 
The FOM is defined as the probability that a true-positive lesion 
will be rated higher than the highest-rated FP lesion in normal 
cases. 

The performance of the CAD system for HCC detection was 
evaluated using a FROC curve in Fig. 3 (a) and (b). We 
calculated the recall of HCC detection on the internal and 
external datasets. 

 
Fig. 3. Free-response receiver operating characteristic curves of computer-

aided hepatocellular carcinoma detection developed using customized-nnUNet 
and HBP images. (a) internal dataset (Korea University Anam Hospital) (b) 
external dataset (Korea University Guro Hospital); HBP: hepatobiliary phase, 
T1WI: T1-weighted imaging, T2WI: T2-weighted imaging, PVP: portal venous 
phase, FP: false-positive. 

 
To evaluate the performance of CAD for HCC detection on 

multi-sequence MRI in KUAH, the cut-off threshold (0.5) was 
determined using recall and average FPs in our algorithm. 
These cut-off thresholds for HCC detection performance were 
selected empirically as average FPs in the FROC curve of the 
test set of HBP in Fig. 3(a). At this cut-off threshold (0.5), the 
recalls of CAD in the internal test set (KUAH) were 87.0%, 
73.3%, 13.3%, and 66.7%, in HBP, T1WI, T2WI, and PVP, 
respectively (Table 3). The recalls of CAD in the external test 
set (KUGH) were 86.0%, 61.0%, 7.0%, and 57.0%, in HBP, 
T1WI, T2WI, and PVP, respectively (Table 3). In addition, we 
evaluated JAFROC FOM. Table 3 shows the FOM of the 
JAFROC in KUAH and KUGH. The FOMs in the internal test 
set (KUAH; HBP*, T1WI, T2WI, and PVP; P =.498, P =.009, 
and P =.301) were 0.88, 0.73, 0.13, and 0.67, respectively. The 
values in the external test set (KUGH; HBP*, T1WI, T2WI, and 
PVP; P =.180, P =.001, and P =.137) were 0.86, 0.61, 0.01, and 
0.57, respectively. 
Table 3. Performance of computer-aided hepatocellular 
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 carcinoma detection on internal and external test datasets in 
HBP, T1WI, T2WI, and PVP. 
 

 
Note: internal datasets were from Korea University Anam Hospital (KUAH) 
and external datasets were from Korea University Guro Hospital (KUGH). HBP: 
hepatobiliary phase, T1WI: T1-weighted imaging, T2WI: T2-weighted imaging, 
PVP: portal venous phase, FOM: figure of merit, FP: false-positive, JAFROC: 
jackknife alternative free-response receiver operating characteristic; only the 
HBP datasets from KUAH were used for training and HBP, T1WI, T2WI, and 
PVP datasets from KUAH and KUGH were used for test. 
⁎ 
Per-HCC-based sensitivities of HCC detection were calculated by dividing the 
number of detected HCC by the number of patients, for which the threshold of 
confidence score was set at 0.1. 
† 
Rates of false-positive were calculated as the total number of HCCs with false-
positives divided by the total number of patients, for which the confidence score 
threshold was set at 0.1. 
 

3. Discussion and conclusion 
In this study, we devised a computer-aided detection (CAD) 
system for hepatocellular carcinoma (HCC) on gadoxetic-
enhanced MRI utilizing customized-nnUNet. Our training 
solely employed the hepatobiliary phase (HBP) images from 
Korea University Anam Hospital (KUAH), yet the CAD 
effectively identified HCCs on HBP, portal venous phase (PVP), 
and T1-weighted imaging (T1WI) at both KUAH and Korea 
University Guro Hospital (KUGH). To our knowledge, this is 
the first examination assessing the feasibility of CAD for HCC, 
originating from a single sequence image (HBP) of liver MRI 
and tested across multiple centers and sequences. 
 
In conclusion, our deep learning-based CAD system, trained 
solely on the HBP sequence, proficiently detected HCCs on 
T1WI and PVP sequences. Our findings indicate that CAD 
trained on a single sequence MRI could be readily applicable to 
other sequences, particularly those employing similar imaging 
parameters. This outcome promises to streamline the training 
and development process of CAD for MRI, encompassing 
multiple sequences, thereby reducing time and resources. 
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Abstract—In this study, we developed a technology to augment 
children's speech data using the MaskCycleGAN-VC model. 
During the data preprocessing phase, we converted adult and child 
speech data into log Mel spectrograms. During model training, 
these log Mel spectrograms were used as input. Each generator 
inferred the speech frequency for silent frames using the Filling in 
Frame (FIF) technique to produce speech, while discriminators 
evaluated the authenticity of the generated voices. Efforts were 
made to improve the quality difference between the original and 
generated voices by reducing the loss function values between the 
original and generated data. This approach effectively addresses 
the scarcity of children's speech data and increases the diversity of 
training data by transforming existing speech data into different 
forms. We expect that this method can serve as a preliminary 
study for the development of automatic speech recognition (ASR) 
systems for children with developmental speech disorders. 

I. INTRODUCTION 
In the context of the Fourth Industrial Revolution, the advent 

of artificial intelligence (AI) has had a profound impact on our 
daily lives, fundamentally transforming the way we interact 
with technology. Despite these advances, a significant digital 
divide persists, with children with developmental disabilities 
being particularly affected. This divide not only restricts their 
access to emerging technologies but also limits their ability to 
engage fully in increasingly digital educational environments. 
While automatic speech recognition (ASR) technology has 
undergone significant advancements, its application has been 
predominantly geared towards the general population, with the 
specific needs of children with speech and language disorders 
being largely overlooked [1]. 

This oversight is of critical importance, as children with 
developmental speech impairments frequently encounter 
difficulties with conventional ASR systems that fail to account 
for their unique speech patterns, which may include atypical 
phonetics and inconsistent speech dynamics. Traditional ASR 
technologies, based on hidden Markov models (HMM) and 
Gaussian mixture models (GMM), while effective under 
standard conditions, frequently fail to capture the nuanced 
variations in speech exhibited by children with developmental 
challenges [2]. Moreover, the full potential of recent 
enhancements in computing power and model accuracy has yet 

to be realized in addressing the specific needs of children with 
developmental speech impairments. 

The objective of our research is to bridge this gap by 
employing the MaskCycleGAN-VC model, an innovative 
approach that adapts the timbre of child speech data sourced 
from AI Hub to create more inclusive and effective ASR 
systems [3]. By focusing on the distinct and diverse speech 
characteristics of children with developmental disabilities, this 
study aims to refine how ASR technology recognizes and 
processes their speech. This not only aids in better 
communication but also enhances their ability to express their 
thoughts and needs more clearly and accurately. 

The contributions of this research are numerous and include 
three primary advancements: 
 This study broadens the reach of AI and ASR technologies 

to include children with developmental disabilities, 
thereby facilitating their access to essential digital tools.  

 Our research develops ASR systems tailored for greater 
engagement of children with developmental disabilities in 
both social and educational environments.  

 The project bridges a critical technological divide, 
showcasing how advanced technologies can empower 
marginalized communities and foster societal equity. 

The remainder of this paper is organized as follows: Session 
2 describes the dataset configuration and model setup; Session 
3 presents the experiments and their results; and Session 4 
provides the conclusions and discusses future work. 

II. MATERIALS AND METHODS 

A. Data Collection and Preprocessing 
The research uses a robust dataset of free conversational 

speech data collected from the AI Hub. This provides a diverse 
range of audio samples reflecting a variety of linguistic 
characteristics relevant to different demographic groups, 
particularly children. This conversion is essential as it 
represents the original form of the raw audio data in a format 
suitable for further digital processing. A mathematical 
algorithm is used to decompose each audio waveform into its 
component frequencies. 
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The Fast Fourier Transform (FFT) is a fundamental signal 
processing technique that transforms time-domain data into 
frequency-domain data, revealing the spectral components of 
the audio signal. To analyze audio signals in shorter segments 
and capture the time-varying characteristics of speech, the 
Short-Time Fourier Transform (STFT) is used. This method 
makes it easier to understand how the frequencies of the audio 
signal fluctuate over time, which is critical for detecting 
nuances in speech that may occur over short intervals. 

Following the spectral analysis, Mel spectra are generated to 
represent the speech signals. These are subjected to exploratory 
data analysis (EDA) to identify patterns, detect anomalies, and 
test hypotheses about the underlying structures of the data. This 
step is critical for tailoring the preprocessing and model training 
phases to the specific characteristics of the speech data, thereby 
ensuring optimal performance of the speech recognition model. 

B. Voice Style Transfer Using MaskCycleGAN-VC 
The primary goal of this method, as shown in Fig. 1, is to 

transfer specific speech features such as intonation, speed, and 
intensity from an adult source speaker to a child target speaker 
while preserving the natural timbre of the child's voice [4]. The 
MaskCycleGAN-VC, an advanced variant of the CycleGAN 
used for nonparallel voice conversion, uses a style transfer 
mechanism that includes feature mapping and voice conversion. 
In feature mapping, the model learns the characteristics of the 
source speaker's speech style using Mel spectrograms. The loss 
functions employed―adversarial loss, identity mapping loss, 
and cycle loss―each ensure the quality and consistency of the 
voice style transfer. The results and evaluation of the project, 
including both subjective listening tests and objective measures 
such as Mel Cepstral Distortion (MCD), assess the quality and 
effectiveness of the voice style transfer. 

C. Nonparallel Data Augmentation with FIF Technique 
The objective of this study is to improve the robustness and 

versatility of the MaskCycleGAN-VC model by enabling it to 
perform data augmentation using the Filling in Frames (FIF) 
technique. This approach is advantageous for maintaining the 
continuity and natural flow of speech in augmented data. The 

FIF technique uses advanced algorithms to infer the 
characteristics of the missing audio based on the characteristics 
of adjacent frames. The effectiveness of the FIF technique is 
evaluated by contrasting the synthesized speech with the 
original recordings, facilitating fine-tuning of the model for 
improved accuracy and naturalness. 

D. Discriminator Training and Loss Optimization 
The task of the discriminator is to distinguish between real 

and synthetic audio samples. In the generative adversarial 
network (GAN) framework of MaskCycleGAN-VC, the 
discriminator plays a central role in this task. The training of the 
discriminator involves adversarial principles, where it competes 
with the generator to accurately identify authentic and synthetic 
audio. This competition improves both the accuracy of the 
discriminator and the output quality of the generator. Feedback 
from the discriminator is used to adjust the parameters of the 
generator. Loss functions for the discriminator include 
adversarial loss, which measures its ability to distinguish 
between real and false samples; identity loss, which preserves 
the voice characteristics of the target speaker; and cycle 
consistency loss, which ensures that the original audio can be 
reconstructed from the converted audio. Gradient descent is 
used to optimize these loss functions and regularization. 
Techniques such as dropout and L2 regularization prevent 
overfitting. The learning rate of the discriminator is controlled 
by adaptive methods such as Adam or RMSprop. Regular 
validation checks using a held-out data set assess the 
performance of the discriminator in real scenarios, monitoring 
metrics such as accuracy, precision and recall. 

III. RESULTS AND DISCUSSION 
Despite the critical demand for tailored speech recognition 

technologies for children with developmental disabilities, 
challenges persisted due to limited active data collection efforts. 
To address these gaps, this study successfully collected and 
analyzed voice data from children aged 3 to 10 years nationwide. 
The study employed the MaskCycle GAN for voice conversion, 
utilizing adult voice data from free conversation samples 
provided by AI Hub. The comprehensive dataset included 

 

Fig. 1 Architecture of the MaskCycleGAN-VC Model 
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voices of individuals ranging in age from teenagers to those in 
their fifties, with a total duration of over 4,000 hours from more 
than 2,000 speakers. Prior to the generation of synthetic child 
speech, an exhaustive analysis of the existing child voice 
signals was conducted.  

The results of this analysis were meticulously depicted in Fig. 
2–5, which illustrate the distinctive waveform characteristics of 
child speech. Fig. 1 demonstrated a consistent waveform 
pattern when children pronounced specific words, such as “lion.” 
Fig. 2 indicated that children's voice frequencies were higher 
than the typical adult male frequency range of 85 Hz to 180 Hz, 
which highlights considerations for effective voice conversion 
regarding sound quality, intonation, and tone. Fig. 3 revealed 

distinctive frequency signatures when children articulated 
words like “lion” and “-yo.” Fig. 4 demonstrated the efficacy of 
this analytical approach, as it revealed distinct patterns in the 
Mel spectrogram when these specific words were pronounced. 

This structured presentation ensures clarity in conveying the 
results, highlighting the rigorous methodologies employed and 
the significant insights derived from the visual data analysis. 
The findings clearly substantiate the initial hypotheses and the 
effectiveness of the techniques used for speech characteristic 
analysis and voice conversion within this demographic. A total 
of 35 generated speech samples were evaluated, and the average 
MCD was found to be 519.8648, while the average Kernel 
Density Spectral Distance (KDSD) was 1.0289. While the 

 

Fig. 2 Visualization of Wave Form results 

 
Fig. 3 Visualization of FFT results 
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KDSD values were relatively low, the MCD values were 
abnormally high. It is anticipated that this limitation will be 
gradually ameliorated by incrementally increasing the mask 
size from its current value of 50 to a higher value during training. 

IV. CONCLUSIONS 
In this study, a technology for augmenting speech data 

targeting children was developed using the MaskCycleGAN-
VC model. During the data preprocessing phase, voice data 
from both adults and children were transformed into log Mel-
spectrograms. In the model training phase, the extracted log 
Mel-spectrograms were utilized as inputs. The generators were 
tasked with inferring the speech frequencies that would fill 
silent frames using the FIF method to generate speech, while 
the discriminator was responsible for determining the 
authenticity of the generated voices. Efforts were made to 
reduce the loss function values between the original and 
generated data, with the objective of improving the quality 
difference between the original and generated speech. This 
approach successfully addressed the issue of insufficient child 
voice data and enhanced the diversity of training data by 
transforming existing voice data into various forms. It is 
anticipated that this methodology could serve as a precursor 

study for the development of ASR systems for children with 
developmental disabilities. 
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Fig. 4 Visualization of STFT results 

 
Fig. 5 Visualization of Mel Spectrogram results 
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Abstract— Background- Several computerized 
solutions have been introduced for stomach disease 
detection and classification in recent years. The 
existing techniques faced several challenges, such as 
irrelevant feature extraction, high similarity among 
different disease symptoms, and the least important 
features from a single source. An enormous number 
of people are affected by gastrointestinal cancer. 
Diagnosing gastrointestinal cancer by classical 
means is a hazardous procedure. Deep learning has 
shown tremendous performance in the recent years 
for the classification tasks. Method- In this paper, a 
new deep learning based architecture is designed 
that is based on the fusion of two models- Residual 
blocks and Auto Encoder. The hyper-Kvasir dataset, 
which includes more than 20 classes, has been 
employed to evaluate the proposed work. A pre-
trained CNN model has been selected and then 
improved by the addition of several residual blocks. 
This process aims to improve the learning capability 
of deep models and lessen the number of 
parameters. In addition, an Auto-Encoder-based 
network that consists of five convolutional layers in 
the encoder stage and five in the decoder phase is 
designed.  The global average pooling and 
convolutional layers were selected for the feature 
extraction that was optimized using a hybrid 
Marine Predator optimization and Slime Mould 
optimization algorithm. The selected features of 
both models are fused using a novel fusion 
technique that is later classified using the Artificial 
Neural Networks classifiers. The experimental 
process is conducted on the HyperKvasir dataset, 
which consists of 23 stomach-infected classes. The 
proposed method obtained an improved accuracy of 
93.90% on this dataset. Comparison is also 

conducted with some recent techniques and shows 
that the proposed method's accuracy is improved.    

Keywords— Stomach cancer; contrast enhancement; 
deep learning; residual blocks; Information fusion; 
feature selection; machine learning 

1 Introduction 
 Gastrointestinal cancer, also known as digestive 
system cancer, refers to a group of cancers that 
occur in the digestive system or gastrointestinal 
tract, which includes the esophagus, stomach, 
small intestine, colon, rectum, liver, gallbladder, 
and pancreas [1, 2]. These cancers develop when 
cells in the digestive system grow abnormally and 
uncontrollably, forming a tissue mass known as a 
tumor [3]. Depending on the type and stage of the 
disease, the symptoms of gastrointestinal cancer 
might include stomach discomfort, nausea, 
vomiting, changes in bowel habits, weight loss, 
and exhaustion [4]. Gastrointestinal Tract cancer 
may be treated by surgery, chemotherapy, 
radiation therapy, or a combination. Detection and 
treatment at an early stage can enhance survival 
chances and minimize the risk of complications 
[5]. Despite a gradual decrease in gastric cancer 
incidence and mortality rates over the past 50 
years, it remains the second most frequent cause 
of cancer-related deaths globally. However, from 
2018 to 2020, both colorectal and stomach cancer 
have shown an upward trend in their rates [6]. 
Global Cancer Statistics shows that 26.3 percent 
of total cancer cases are from Gastrointestinal 
cancer, whereas the mortality rate is 35.4 percent 
among all cancers [7].  
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       Identifying and categorizing gastrointestinal 
disorders subjectively is time-consuming and 
difficult, requiring much clinical knowledge and 
skill [8]. Yet, the development of effective 
computer-aided diagnosis (CAD) technologies 
that can identify and categorize numerous 
gastrointestinal disorders in a fully automated 
manner might reduce these diagnostic obstacles to 
a great extent [9]. Computer-aided diagnosis 
technologies can be of great value by aiding 
medical personnel in making accurate diagnoses 
and identifying appropriate therapies for serious 
medical diseases in their early stages [10, 11]. 
Over the past few years, the performance of 
diagnostic-based artificial intelligence (AI) 
computer-aided diagnosis tools in various medical 
fields has been significantly improved with the 
use of deep learning algorithms, particularly 
artificial neural networks (ANNs) [12]. Generally, 
these ANNs are trained using optimization 
algorithms such as stochastic gradient descent [13] 
to achieve the best accurate representation of the 
training dataset. 
       DL, which refers to deep learning, is a 
statistical approach that enables computers to 
automatically detect features from raw input, such 
as structured information, images, text, and audio 
[14, 15]. Many areas of clinical practice have been 
profoundly influenced by the significant advances 
made in AI based on DL [16, 17]. Computer-aided 
diagnosis systems in gastroenterology 
increasingly use artificial intelligence (AI) to 
improve the identification and characterization of 
abnormalities during endoscopy [18]. The CNN, a 
neural network influenced by the visual cortex of 
life forms, uses convolutional layers with common 
two-dimensional weight sets. This enables the 
algorithm to recognize spatial data and employ 
layer clustering to filter out less significant 
information, eventually conveying the most 
pertinent and focused elements [19]. However, 
these classifiers face a challenge in interpretability 
because they are often seen as "black boxes" that 
deliver accurate outcomes without explaining 
them [20]. Despite technological developments, 
image classification for lesions of the 
gastrointestinal system remains difficult due to a 
lack of databases containing sufficient images to 
build the models. In addition, the quality of 
accessible images has impeded the application of 

CNN models [21]. 

1.1 Major Challenges         
       In this work, Artificial Neural Networks 
(ANN) and Deep Neural Networks (DNN) extract 
the features of images from the Hyper-Kvasir 
dataset. The dataset contains twenty-three 
gastrointestinal tract classes with images in each 
class. However, some classes have only a few 
images, creating a data misbalancing problem. 
Data augmentation techniques are used for classes 
with fewer images to address this issue. 
Furthermore, feature selection techniques are 
implied to obtain the best features among feature 
sets. 

1.2 Major Contributions         
       The major contributions of the proposed 
method are described as follows:  

- Proposed a fusion based contrast 
enhancement technique based on the 
mathematical formulation of local and 
global information enhanced filters, called 
Duo-contrast.  

- A new CNN architecture is designed 
based on the concept of pre-trained 
NasnetMobile. Several residual blocks 
have been added to increase the learning 
capability and reduction of parameters. 

- A stack Auto Encoder-Decoder network is 
designed that consists of five 
convolutional layers in the encoder phase 
and five in the decoder phase.  

- The extracted features have been 
optimized using improved Marine 
Predator optimization and Slime Mould 
optimization algorithm.  

- A new parallel fusion technique is 
proposed to combine the important 
information of both deep learning models.  

- A detailed experimental process in terms 
of accuracy, confusion matrix, and t-test-
based analysis has been conducted to 
show the significance of the proposed 
framework.  

The rest of the manuscript is structured as follows: 
Section 2 describes the significant related work 
relevant to the study. Section 3 outlines the 
methodology utilized in the research, including 
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the tools, methods, and resources employed. 
Section 4 comprises a discussion of the findings 
acquired from the study. Section 5 provides the 
conclusions of the research.  

2 Related Work 
Gastrointestinal tract classification is a hot 

topic in research. In recent years, researchers have 
achieved important milestones in this work 
domain [22]. In their article, Borgli et al. 
introduced the Hyper-Kvasir dataset, which 
contains millions of images of gastrointestinal 
endoscopy examinations from Baerum Hospital 
located in Norway. The labeled images in this 
dataset can be used to train neural networks for 
discrimination purposes. The authors conducted 
experiments to train and evaluate classification 
models using two commonly used families of 
neural networks, ResNet and DenseNet, for the 
image classification problem. The labeled data in 
the Hyper-Kvasir dataset consists of twenty-three 
classes of gastrointestinal disorders. While the 
authors achieved the best results by combining 
ResNet-152 and DenseNet-161, the overall 
performance was still unsatisfactory due to 
imbalanced development sets [23]. In their 
proposal, Igarashi et al. employed AlexNet 
architecture to classify more than 85000 input 
images from Hirosaki University Hospital. 

Moreover, the input images were categorized 
into 14 groups based on pattern classification of 
significant anatomical organs, with manual 
classification. To train the model, the researchers 
used 49,174 images from patients with gastric 
cancer who had undergone upper gastrointestinal 
tract endoscopies. In comparison, the remaining 
36000 images were employed to test the model's 
performance. The outcome indicated an 
impressive overall accuracy of 96.5%, suggesting 
its potential usefulness in routine endoscopy 
image classification [24]. Gómez-Zuleta 
developed a deep learning (DL) methodology to 
detect polyps in colonoscopy procedures 
automatically. For this task, three models were 
used, namely Inception-v3, ResNet-50, and VGG-
16. Knowledge transfer through transfer learning 
was adopted for classification, and the resultant 
weights were used to commence a fresh training 
process utilizing the fine-tuning technique with 
colonoscopy images. The training data consisted 

of a combined dataset of five databases 
comprising more than 23000 images with polyps 
and more than 47000 images without polyps for 
validation, respectively. The data was split into a 
70 by 30 ratio for training and testing purposes. 
Different metrics such as accuracy, F1-score, and 
receiver operating characteristic curve, commonly 
known as ROC, were employed to evaluate the 
performance. Pertrained model such that 
Inceptionv3, VGG16, and Resnet50 models 
achieved accuracy rates of 81%, 73%, and 77%, 
respectively. The authors described that pretrained 
network models demonstrated an effective 
generalization ability towards the high irregularity 
of endoscopy videos, and their methodology may 
potentially serve as a valuable tool in the future 
[25]. The authors employed three networks to 
classify medical images from the Kvasir database. 
They began using a preprocessing step to 
eliminate noise and improve image quality. Then, 
they utilized data augmentation methods to 
progress the network's training and a dropout 
method to prevent overfitting. Yet, the researchers 
acknowledged that this technique resulted in a 
doubling of the training time. The researchers also 
implemented Adam to optimize the loss to 
minimize error. Also, transfer learning and fine-
tuning techniques are implied. The resulting 
models were then used to categorize 5,000 images 
into five distinct categories, with eighty percent of 
the database allocated for training and twenty 
percent for validation. The accuracy rates 
achieved by the models were 96.7% for 
GoogLeNet, 95% for ResNet-50, and 97% for 
AlexNet [26]. 

        The Kvasir-Capsule dataset, presented 
in [27], includes 117 videos captured using video-
capsule endoscopy (VCE). The dataset comprises 
fourteen different categories of images and a total 
of more than 47000 identified categorized images. 
VCE technology involves a small capsule with a 
camera, batteries, and other components. To 
validate the labeled dataset, two convolutional 
neural networks (CNNs), namely DenseNet_161 
and ResNet_152, were used for training. The 
study utilized a cross-validation technique with 
definite cross-entropy-based loss to validate the 
models. They implemented this technique without 
class and with class weight and also used weight-
based sampling to balance the dataset by 
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removing or adding the images for every class. 
After evaluating the models, the best results were 
obtained by averaging the outcomes of both CNNs. 
The resulting accuracy rates were 73.66% for the 
micro average and 29.94% for the macro average.  

        Overall, the researchers improved their 
categorization of the Hyper Kvasir data set. Yet, a 
significant gap in the subject matter must be filled. 
So, it must utilize a wonderful hybrid strategy 
incorporating deep learning and machine learning 
methodologies to get exceptional outcomes. Using 
machine learning approaches to discover key 
characteristics and automated deep feature 
extraction to uncover them may help increase 
classification accuracy.  

3 Proposed Methodology 
       The dataset used in this manuscript is highly 
imbalanced as some classes have few images. To 
resolve this problem, data augmentation 
techniques are adopted. Nasnetmobile and 
Stacked Autoencoders are used as feature 
extractors. Furthermore, extracted feature vectors 
eV1 from Nasnetmobile and eV2 from Stacked 
Auto-encoder are reduced by applying feature 
optimization techniques. eV1 is fed to the Marine 
Predator Algorithm (MPA) [28] while eV2 is 
given as input to the Slime Mould Algorithm 
(SMA) [29] to extract selected features vectors 
S(eV1) and S(eV2), respectively. Selected feature 
vectors S(eV1) and S(eV2) are fused. Moreover, 
artificial neural networks are used as classifiers to 
achieve results. Fig. 1 shows the proposed 
methodology used in this paper. 

 
Figure 1: Proposed methodology of stomach 

cancer classification and polyp detection 

3.1 Dataset Description 
       The Hyper Kvasir dataset used in this study is 
a public dataset collected from Baerum Hospital 

in Norway [23]. The dataset contains 10662 
gastrointestinal endoscopy images categorized 
into 23 classes. Among twenty-three classes, 
sixteen belong to the lower gastrointestinal area, 
while seven are related to the upper 
gastrointestinal segment. Table 1 describes the 
data misbalancing problem, as some of the classes 
have very few numbers of images. To nullify the 
issue, data augmentation techniques are applied. 
Fig. 2  shows the sample images for each class. 

Table 1: Classes of Hyper Kvasir dataset and 
number of images in each class 

Class Number of 
Images 

barretts 41 
barrettes-short-
segment 

53 

bbps-0-1  646 
bbps-2-3 1148 
cecum 1009 
dyed-lifted-polyps 1002 
dyed-resection-
margins 

989 

esophagitis-a 403 
esophagitis-b-d 260 
hemorrhoids 6 
ileum 9 
impacted-stool 131 
polyps 1028 
pylorus 999 
retroflex-rectum 391 
retroflex-stomach 764 
ulcerative-colitis-
grade-0-1 

35 

ulcerative-colitis-
grade-1 

201 

ulcerative-colitis-
grade-1-2 11 

ulcerative-colitis-
grade-2 

443 
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ulcerative-colitis-
grade-2-3 

28 

ulcerative-colitis-
grade-3 

133 

z-line 932 
 

 
Figure 2: Sample images of each class of the 

Hyper Kvasir dataset 

3.2 Proposed Contrast Enhancement 
        Data is augmented by applying three 
different image enhancement techniques, as these 
techniques change spatial properties but do not 
affect the image orientation. Brightness 
Preserving Histogram Equalization (BPHE) [30] 
and Dualistic Histogram Equalization (DHE) [31] 
are used in preprocessing. Moreover, the haze 
removal technique is also used in image 
augmentation procedures. 

BPHE is a method employed in image 
processing to enhance an image's visual quality by 
improving its contrast. This approach involves 
adjusting the distribution of intensity levels to 
generate a more uniform histogram. Unlike 
conventional histogram equalization techniques, 
brightness-preserving histogram equalization 
considers both bright and dark regions in an 
image. It independently adjusts the histograms of 
each region to retain the details in both bright and 
dark areas while enhancing overall contrast. This 
technique is particularly useful in applications 
such as medical imaging, where preserving the 
details in both bright and dark regions is crucial. 
The input image is divided into two sub-parts; the 
first consists of pixels with low contrast values, 
while the second consists of pixels with high 
contrast values. Mathematically it is denoted as: 

 
𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼 = (𝑀𝑀𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)⋃(𝑀𝑀ℎ𝑖𝑖𝑖𝑖ℎ𝑒𝑒𝑒𝑒)                                                  

                     (1) 
Here, 
(𝑀𝑀𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) = {𝑀𝑀(𝑗𝑗,𝑘𝑘)|𝑀𝑀(𝑗𝑗,𝑘𝑘) ≤

𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ,∀ 𝑀𝑀(𝑗𝑗,𝑘𝑘) ∈ 𝑀𝑀                      (2)               
                        

and 
�𝑀𝑀ℎ𝑖𝑖𝑖𝑖ℎ𝑒𝑒𝑒𝑒� = {𝑀𝑀(𝑗𝑗,𝑘𝑘)|𝑀𝑀(𝑗𝑗,𝑘𝑘) ≤

𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 ,∀ 𝑀𝑀(𝑗𝑗,𝑘𝑘) ∈ 𝑀𝑀                                          (3)                                              
   
        Also, a function of probabilistic density for 
both sub-parts is derived as: 

�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�𝑙𝑙(𝑀𝑀𝑡𝑡) =  𝑂𝑂𝑙𝑙
𝑡𝑡

𝑂𝑂𝑙𝑙
,    𝑊𝑊ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡 = 0,1,2, … ,𝑁𝑁                 

                                              (4) 
and 

�𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�ℎ(𝑀𝑀𝑡𝑡) =  𝑂𝑂ℎ
𝑡𝑡

𝑂𝑂ℎ
,   𝑊𝑊ℎ𝑒𝑒𝑒𝑒𝑒𝑒 𝑡𝑡 = 𝑁𝑁 +

1,𝑁𝑁 + 2, … ,𝑁𝑁 − 𝐾𝐾                                                 (5)                                                 
  
        Where, 𝑂𝑂𝑙𝑙𝑡𝑡  and 𝑂𝑂ℎ𝑡𝑡  are the number of 𝑀𝑀𝑝𝑝  in 
(𝑀𝑀𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)  and �𝑀𝑀ℎ𝑖𝑖𝑖𝑖ℎ𝑒𝑒𝑒𝑒�,  respectively. Also, 
cumulative density functions for sub-parts are 
derived as: 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑𝑑𝑑(𝑀𝑀𝑡𝑡) = ∑ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�𝑙𝑙

𝑡𝑡
𝑘𝑘=0 (𝑀𝑀𝑘𝑘)           (6)                                                                     

   
and 
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑ℎ(𝑀𝑀𝑡𝑡) = ∑ �𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝�ℎ

𝑝𝑝
𝑘𝑘=𝑁𝑁+1 (𝑀𝑀𝑘𝑘)     (7)                                                                  

   
        The transform function for sub-parts is as 
follows: 
𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿(𝑀𝑀𝑡𝑡) = 𝑀𝑀0(𝑀𝑀𝑁𝑁 −𝑀𝑀0)𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑𝑑𝑑(𝑀𝑀𝑡𝑡)         (8)                                                                    
   
and 
𝑇𝑇𝑇𝑇𝑇𝑇ℎ(𝑀𝑀𝑡𝑡) = 𝑀𝑀0(𝑀𝑀𝑁𝑁 −𝑀𝑀0)𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑑𝑑ℎ(𝑀𝑀𝑡𝑡)        (9)                                                                   
   
        The final image having an equalized 
histogram with preserved brightness can be 
obtained by combining both equations, that is: 
𝐼𝐼𝐼𝐼𝐼𝐼𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵 = 𝑇𝑇𝑇𝑇𝑇𝑇𝐿𝐿(𝑀𝑀𝑡𝑡)  ∪  𝑇𝑇𝑇𝑇𝑇𝑇ℎ(𝑀𝑀𝑡𝑡)     (10)                                                                       
    
        In the above equation, 𝐼𝐼𝐼𝐼𝐼𝐼𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵  is the 
Brightness Preserved Histogram Equalized image. 

DSIHE is an image enhancement approach 
that increases an image's contrast by separating it 
into two sub-images depending on a threshold 
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value and then applying histogram equalization 
independently to each sub-image. The 
significance of DSIHE resides in its capacity to 
improve the contrast of images containing dark 
and light areas. Contrast enhancement is done 
worldwide using classic histogram equalization, 
which can result in over-enhancing bright parts 
and under-enhancement of dark regions in an 
image. DSIHE tackles this issue by separating the 
picture into two sub-images based on a threshold 
value that distinguishes between the light and dark 
regions. Afterward, histogram equalization is 
applied separately to each sub-image, which helps 
to achieve an equilibrium across the two regions' 
contrast enhancement. It has been demonstrated 
that the DSIHE technique enhances the aesthetic 
quality of medical images. It is an easy, 
computationally efficient, and straightforward 
strategy to implement in image processing 
systems. 
        Let 𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼  is an input image that is given to 
apply DSIHE, and the grey level of that image is 
𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼 = Mg𝑟𝑟𝑟𝑟𝑟𝑟 . Sub-images are denoted by 𝑀𝑀S1 
and MS2. The center pixel index is denoted by 𝐶𝐶𝑝𝑝𝑝𝑝 .  
𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼 = MS1 ∪ MS2                                  (11) 
                                          
MS1 = �𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j)|𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j) <
Mg𝑟𝑟𝑟𝑟𝑟𝑟 ,∀𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j) ∈ 𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼�          (12) 
                 
MS2 = �𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j)|𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j) ≥
Mg𝑟𝑟𝑟𝑟𝑟𝑟 ,∀𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼(i. j) ∈ 𝑀𝑀𝐼𝐼𝐼𝐼𝐼𝐼�                 (13) 
                              
        Upper transformation is used for less bright 
images. 

MS1 = �m0,𝑚𝑚1,𝑚𝑚2 … … … … mMg𝑟𝑟𝑟𝑟𝑟𝑟−1�        
                                        
(14) 
MS2 = �Mg𝑟𝑟𝑟𝑟𝑟𝑟 , Mg𝑟𝑟𝑟𝑟𝑟𝑟+1, … … … … MS1−1�                                              
      (15) 
        Aggregation of the grey-level original image 
is as follows: 

�Ag0,Ag1 , … … … … AMg𝑟𝑟𝑟𝑟𝑟𝑟−1�   (16)  
                                

�AMg𝑟𝑟𝑟𝑟𝑟𝑟,AMg𝑟𝑟𝑟𝑟𝑟𝑟+1, … … … … AmMg𝑟𝑟𝑟𝑟𝑟𝑟−1
� (17) 

                                

        The aggregated PDF for grey levels of the 
original image will be: 

�Pd0,𝑃𝑃𝑑𝑑1,𝑃𝑃𝑑𝑑2 … … … … Pdg𝑟𝑟𝑟𝑟𝑟𝑟−1� (18)                                                       
        
�Pdg𝑟𝑟𝑟𝑟𝑟𝑟 , Pdg𝑟𝑟𝑟𝑟𝑟𝑟+1, … … … … P𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−1�(19)                                                
               
 Suppose 
𝑝𝑝𝑑𝑑 = ∑ Agi

g𝑟𝑟𝑟𝑟𝑟𝑟−1
i=0 (20)                                                                  

         
𝑝𝑝𝑑𝑑 = ∑ Agi

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑−1
i=g𝑟𝑟𝑟𝑟𝑟𝑟 (21)   

                                    
𝐴𝐴𝑔𝑔(MS1) = pi

AS1
 , i = 0,1,2, … … … . , g𝑟𝑟𝑟𝑟𝑟𝑟 − 1(22)               

                                    
𝐴𝐴𝑔𝑔(MS2) = pi

AS2
 , i = g𝑟𝑟𝑟𝑟𝑟𝑟, g𝑟𝑟𝑟𝑟𝑟𝑟 + 1, g𝑟𝑟𝑟𝑟𝑟𝑟 +

2, … … … . , mMg𝑟𝑟𝑟𝑟𝑟𝑟−1      (23)                     
      
To evaluate CDF: 

C𝐷𝐷S1(𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖k
) = 1

𝐴𝐴𝑔𝑔
 ∑ Agi

g𝑟𝑟𝑟𝑟𝑟𝑟−1
i=0  (24)                                                 

                       
C𝐷𝐷S2(𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖k

) = 1
𝐴𝐴𝑔𝑔

 ∑ Agi
d𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔−1
i=g𝑟𝑟𝑟𝑟𝑟𝑟 (25)                                                   

       
        For both sub-images, the transformation 
function is given by: 
F_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡S1�𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖� = 𝑀𝑀𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔0

+ (Mg𝑟𝑟𝑟𝑟𝑟𝑟−1 −
m0) × C𝐷𝐷S1(𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖k

)    (26)                       
    
F_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡S2�𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖� = Mg𝑟𝑟𝑟𝑟𝑟𝑟 + (Mg𝑟𝑟𝑟𝑟𝑟𝑟−1 −
Mg𝑟𝑟𝑟𝑟𝑟𝑟) ×  C𝐷𝐷S2(𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖k

)     (27)                      
     
        The output image is mathematically denoted 
by: 
𝑀𝑀𝑜𝑜𝑜𝑜𝑜𝑜 = F_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡S1�𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖� ∪ F_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡S2�𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖�                                             
                                         (28) 

3.3 Novelty: Designed CNN Model 
         Feature extraction is extracting a subset of 
relevant features from raw data useful for solving 
a particular machine-learning task [32]. In deep 
learning, feature extraction involves taking a raw 
input, such as an image or audio signal, and 
automatically extracting relevant features or 
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patterns using a series of mathematical 
transformations. Deep learning relies on feature 
retrieval to help the network concentrate on the 
essential data and simplify the input, making it 
simpler to train and more accurate. In some cases, 
feature extraction can also help to reduce 
overfitting and improve generalization 
performance. In many deep learning applications, 
the network performs feature extraction 
automatically, typically using convolutional layers 
for image processing or recurrent layers for 
natural language processing. However, in some 
cases, manual feature extraction may be necessary, 
particularly when working with smaller datasets 
or trying to achieve high levels of accuracy on a 
specific task. In this study, two feature extractors 
are used to extract features. Stacked Auto-Encoder 
and Nasnetmobile are two frameworks that are 
used to extract features.  
         CNNs have become a popular tool in the 
field of medical image processing. A neural 
network can be classified as a CNN if it contains 
at least one layer that performs convolution 
operations. During a convolution operation, a 
filter with multiple parameters of a specific size is 
applied to an input image using a sliding window 
approach. The resulting image is then passed on to 
the next layer for further processing. This 
operation can be represented mathematically as 
follows: 
𝑀𝑀𝑜𝑜𝑜𝑜𝑜𝑜{𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 × 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜} = �𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖 ∗ 𝐹𝐹𝐹𝐹𝐹𝐹𝑜𝑜𝑜𝑜�(29)                                                                
    
        Above, 𝑀𝑀𝑜𝑜𝑜𝑜𝑜𝑜  is the output matrix having 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜  and 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜  rows and columns, 
respectively. Furthermore, the rectified linear unit 
function is applied to obtain the negative feature's 
value as zero, which can be represented in the 
equation below: 
𝐴𝐴𝐴𝐴𝐴𝐴𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀_𝑜𝑜𝑜𝑜(0,𝑎𝑎),𝑎𝑎 ∈   𝑀𝑀𝑜𝑜𝑜𝑜𝑜𝑜  (30)                                                             
       
         Furthermore, a pooling operation reduces 
computational complexity and improves 
processing time. This operation involves 
extracting the maximum or average values from a 
specific region and replacing them with the central 
input value. A fully connected layer then flattens 
the features to produce a one-dimensional vector. 
Mathematically, this can be represented as: 

�𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�0
𝑜𝑜𝑜𝑜𝑜𝑜

= 𝑀𝑀𝑜𝑜𝑜𝑜𝑜𝑜{𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 × 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜}(31)                                                                
       

�𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑖𝑖𝑖𝑖

= �𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖−1
𝑜𝑜𝑜𝑜𝑜𝑜

∗ 𝑀𝑀𝑖𝑖 + 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑖𝑖    (32) 
          

�𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜

= ∆𝑖𝑖 ��𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑖𝑖𝑖𝑖�                   (33)                                             

                     

        Where, �𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜

 is flattened layer vector, 
∆ represents the activation function, and 𝑖𝑖  is the 
layer on which the operation is performed. 
SoftMax is implemented to achieve probability for 
the feature to obtain the classification results that 
are shown as: 

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 ��𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜� =

𝑒𝑒𝑒𝑒𝑒𝑒��𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑖𝑖
𝑜𝑜𝑜𝑜𝑜𝑜�

∑ �𝑉𝑉𝑉𝑉𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓�𝑘𝑘
𝑜𝑜𝑜𝑜𝑜𝑜

𝑘𝑘
(34)                                     

        

  3.3.1 Stacked Auto-Encoder 
        A type of neural network known as a stacked 
autoencoder utilizes unsupervised learning to 
develop a condensed representation of input data. 
The architecture consists of multiple layers, each 
learning a compressed representation called a 
"hidden layer" of the input data. The output of one 
layer is used as input for the subsequent layer, and 
the final output layer generates the reconstructed 
data. To create a deeper architecture capable of 
learning more complex and abstract 
representations, hidden layers are added to the 
network. During training, the difference between 
the input and the reconstructed output data, known 
as the reconstruction error, is minimized using 
backpropagation to adjust the neural network's 
weights[33]. Stacked autoencoders are used in 
various applications, including speech and image 
recognition, anomaly detection, and data 
compression. 
        Let Xinp be the input data and Yout be the 
reconstructed data. Let the stacked autoencoder 
have Llast layers, with the hidden layers denoted as 
h_1layer, h_2layer, ..., h_Llast -1. The output layer is 
denoted as h_Llast. A transformation function can 
represent each layer of the stacked autoencoder 
ftrans that maps the input to the output. The 
transformation function for the n-th layer is 
denoted as ftransl. The input data is fed into the first 
layer, which learns a compressed input 
representation. The output of the first layer is then 
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passed as input to the next layer, which learns a 
compressed representation of the output from the 
first layer. This process continues until the final 
layer produces the reconstructed data Yout. The 
compressed representation learned by each hidden 
layer can be represented as follows: 
ℎ𝑘𝑘 = 𝑓𝑓𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖𝑊𝑊𝑘𝑘 + 𝑏𝑏𝑘𝑘�    (35)  
         
        where ℎ𝑘𝑘 is the output of the kth hidden layer, 
𝑊𝑊𝑘𝑘  is the weight matrix connecting the input to 
the kth hidden layer, and 𝑏𝑏𝑘𝑘 is the bias vector for 
the k-th hidden layer. The reconstructed output 
Yout can be calculated by passing the compressed 
representation of the input through the decoder 
network, which is essentially the reverse of the 
encoder network: 
𝑌𝑌𝑜𝑜𝑜𝑜𝑜𝑜 =  𝑓𝑓𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(ℎ_𝐿𝐿𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑊𝑊𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑏𝑏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) (36) 
          
        where 𝑊𝑊𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 is the weight matrix connecting 
the last hidden layer to the output layer, and 𝑏𝑏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 
is the bias vector for the output layer. Minimizing 
reconstruction error between input and output 
trains the stacked autoencoder. Features vector 
named as 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐴𝐴𝐴𝐴𝑣𝑣𝑣𝑣𝑣𝑣  is extracted through the 
Stacked Auto-Encoder that consists of 1024 
features. 

3.3.2 Feature Extraction using Proposed CNN 
        Nasnetmobile is a pre-trained neural network 
model [34] that has been trained using transfer 
learning. Transfer learning is the method that 
involves the knowledge transfer learned from a 
pre-trained model on a new task. In the case of 
Nasnetmobile, it has been trained on the ImageNet 
dataset, divided into 70% training and 30% testing 
images. To adapt the pre-trained model for a new 
task, transfer learning principles shown in Fig. 3 
are used to refine the model. However, since the 
pre-trained model has been trained on a subset of 
classes, it is not directly applicable to a medical 
image classification task. Therefore, the network 
needs to be trained on a new Hyper-Kvasir dataset. 
To train the network on the Hyper-Kvasir dataset, 
the classification layer, soft-max layer, and last 
fully connected layer of the Nasnetmobile model 
are replaced with new layers called 
"new_classification," "new_softmax," and 
"new_Prediction," respectively. This allows the 
model to learn to classify medical images using 

the features extracted from the original pre-trained 
model. Furthermore, features are extracted 
through a trained network and obtained deep 
feature vectors. 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣  containing 
1056 features. 

 
Figure 3: Generalization through transfer learning 

technique 

3.4 Novelty: Proposed Features Selection 
        Feature selection is the operation of 
identifying a subset of appropriate features from a 
dataset's larger set of features [35]. Feature 
selection improves model performance and data 
interpretation and reduces computational 
resources. Two feature selection algorithms are 
used to tackle the curse of dimensionality. Slime 
Mould Algorithm (SMA) is used to select 
important features in vector. 𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐴𝐴𝐴𝐴𝑣𝑣𝑣𝑣𝑣𝑣) from  
𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐴𝐴𝐴𝐴𝑣𝑣𝑣𝑣𝑣𝑣 extracted through the Stacked Auto-
Encoder while the Marine Predator Algorithm 
(MPA) is used to extract selected features vector 
𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣) form 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣 
that is obtained through Nasnetmobile. 
𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐴𝐴𝐴𝐴𝑣𝑣𝑣𝑣𝑣𝑣) consists of 535 features where as 
𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣) has 366 features. 
        The Slime Mold Algorithm is a feature 
selection technique influenced by nature and 
centered around slime mold behavior. The method 
employs a system of artificial particles that 
interact with one another to identify the ideal 
solution. SMA approaches the food according to 
the strength of the odor the food source spreads. 
The following equations describe the behavior of 
the method for slime mold: 
𝐹𝐹𝑠𝑠�(𝑖𝑖 + 1)� =

�
𝐹𝐹𝑎𝑎(𝚤𝚤)���������⃗ + 𝑝𝑝𝑝𝑝����⃗ . �𝑋𝑋.���⃗ 𝐹𝐹𝑎𝑎(𝚤𝚤)���������⃗ − �𝐹𝐹𝑏𝑏(𝚤𝚤)����������⃗ �� , 𝑠𝑠 < 𝑞𝑞

𝑝𝑝𝑝𝑝����⃗ .𝐹𝐹(𝚤𝚤)��������⃗  ,                                             𝑠𝑠 ≥ 𝑞𝑞
     (37)                                                      
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       Here, 𝑝𝑝𝑝𝑝����⃗  is the parameter ranging from −𝐺𝐺𝑝𝑝 
to 𝐺𝐺𝑝𝑝 . Also, 𝑝𝑝𝑝𝑝����⃗  is the parameter that goes from 
zero to one in descending order. 𝑖𝑖 represents the 
iteration number. Moreover, 𝐹𝐹𝑎𝑎���⃗  shows the location 
of the source that has the highest odour. 𝐹⃗𝐹 is the 
location where slime mould is located. 𝐹𝐹𝑎𝑎���⃗  and 𝐹𝐹𝑏𝑏����⃗  
is randomly selected food sources at the initial 
time. Furthermore, 𝑋⃗𝑋 is the weight of mould, and 
𝑞𝑞 is derived as: 
𝑞𝑞 =  tan|𝑇𝑇(𝑗𝑗) − 𝐸𝐸𝐸𝐸|                            (38)                                                                                 
       
        Where, 𝑗𝑗 ∈ 1, 2, 3, … ,𝑛𝑛  and 𝑇𝑇(𝑗𝑗)  represents 
the fitness for 𝐹⃗𝐹. 𝐺𝐺𝑝𝑝 is represented as: 

𝐺𝐺𝑝𝑝 =  tanh−1 �−� 𝑖𝑖
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑖𝑖

�+  1�       (39)                                                                     
         
        The weight of the mould is calculated 
mathematically as: 
𝑋⃗𝑋 =

�
1 + 𝑞𝑞. log �𝑏𝑏𝑏𝑏−𝑇𝑇(𝑗𝑗)

𝑏𝑏𝑏𝑏−𝜔𝜔𝜔𝜔
+ 1� ,𝐹𝐹𝐹𝐹𝐹𝐹 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐

1 − 𝑞𝑞. log �𝑏𝑏𝑏𝑏−𝑇𝑇(𝑗𝑗)
𝑏𝑏𝑏𝑏−𝜔𝜔𝜔𝜔

+ 1� ,𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶
     

                                                              (40) 
        𝑞𝑞 is the random number from the range zero 
to one. 𝑏𝑏𝑏𝑏 is the best fit for the current iteration, 
as 𝜔𝜔𝜔𝜔 is the worst fit in the current iteration. The 
position updating is derived as: 
𝐹𝐹𝑠𝑠∗ =

 

⎩
⎪
⎨

⎪
⎧𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟. �𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙�, 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 < 𝑦𝑦

𝐹𝐹𝑎𝑎(𝚤𝚤)���������⃗ + 𝑝𝑝𝑝𝑝����⃗ .�𝑋𝑋.���⃗ 𝐹𝐹𝑎𝑎(𝚤𝚤)���������⃗ − �𝐹𝐹𝑏𝑏(𝚤𝚤)����������⃗ �� ,                                         𝑠𝑠 < 𝑞𝑞 

𝑝𝑝𝑝𝑝����⃗ .𝐹𝐹(𝚤𝚤)��������⃗  ,                                                                                      𝑠𝑠 ≥ 𝑞𝑞

     

                                                                   (41) 
        The Marine Predator Optimization Algorithm 
(MPO) is a metaheuristic optimization algorithm 
based on the foraging strategies of aquatic 
predators. MPO is an algorithm replicating the 
searching and preying behavior of deep-sea 
predatory animals such as sharks, orcas, and other 
ocean animals. Like most metaheuristic 
algorithms, MPA is a population-based approach 
in which the baseline answer is dispersed equally 
over the search area, as in the first experiment. 
Mathematically it is dented by: 
𝐴𝐴0 =  𝐴𝐴0 + 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 (𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚)             (42)                                                                     
                  

         Here, 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚  is the lower bound, whereas 
𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚  is the upper bound for variables. Rand 
stands for a randomly chosen vector ranging from 
zero to one. Based on the notion of survival of the 
fittest, it is considered that the most efficient 
hunters in nature are the strongest predators. As a 
result, the top predator is regarded as the most 
efficient means of generating an elite matrix. 
These elite matrices are meant to detect and track 
prey by leveraging their location data. Each 
element in the elite matrix denotes predators in a 
position to search for food. The second matrix is 
called the prey matrix, where each element 
represents the prey also looking for food. Both 
matrices have 𝑟𝑟 × 𝑐𝑐  dimensions where 𝑟𝑟  shows 
the number of searching agents, whereas 𝑐𝑐 
represents the number of dimensions. At each 
iteration, the fittest predator substitutes the 
previous fittest predator. 
         There are three phases that MPA contains. 
Phase one is considered when a predator is 
moving faster than prey, and velocity is (𝑉𝑉 ≥ 10). 
In this scenario, the best possible solution could 
be to stop the updating positions of predators. 
Mathematically it can be represented as: 

𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 <  1
3

 𝑜𝑜𝑜𝑜 𝑀𝑀𝑀𝑀𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  

𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗ =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊗  �𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ −
 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊕  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ �, 𝑖𝑖𝑖𝑖𝑖𝑖 = 1, …𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  

𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ =  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊗  𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗                                                              
                                                 (43) 
        In this scenario, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗   represents a 
normal distribution-generated vector of random 
integers simulating Brownian motion. The symbol 
"⊗" represents entry-wise multiplication. Prey is 
multiplied by the vector. 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗   to imitate 
its movement. 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is a vector of uniform 
random integers ranging from 0 to 1, whereas 
𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶  is a constant with a value of 0.5. This 
situation happens during the first one-third of 
iterations when the size of each step is large due 
to a greater capacity for exploration. 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 
denotes the current iteration, and 𝑀𝑀𝑀𝑀𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  is 
the total number of possible iterations. 
        Phase two is considered as unit velocity ratio 
when both prey and the predators have the same 
velocity, is (𝑉𝑉 ≈ 10). In this phase, the prey is in 
exploitation mode and levy motion while the 
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predator is in exploration mode with Brownian 
motion. For half of the population, this could be 
denoted by: 

𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 <  2
3

 𝑜𝑜𝑜𝑜 𝑀𝑀𝑀𝑀𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  

𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗ =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  ⊗  �𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ −
 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  ⊕  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ �, 𝑖𝑖𝑖𝑖𝑖𝑖 = 1, …𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡/2  

𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ =  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊗  𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗                                
                                             (44) 
       Above, 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  denotes the random 
number based on Levy distribution. For another 
half of the population, it is represented as: 
𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗ =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊗  � 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗ ⊗
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊕  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ �, 𝑖𝑖𝑖𝑖𝑖𝑖 =
𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡/2, …𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  
𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ =  𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.𝐴𝐴𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝  ⊗  𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗                                                           
                                                    (45) 

        Whereas 𝐴𝐴𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝 =  �1−

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

�
�2� 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖

𝑀𝑀𝑀𝑀𝑀𝑀𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
��

 is adaptive control 
parameter to control the step size. 
        In phase three prey has low velocity as 
compared to predator's velocity. In low ratio 
velocity, the value will be (𝑉𝑉 = 0.1) . In this 
scenario, the best motion for the predator will be 
the Levy motion, as shown in the equation (46). 

𝑖𝑖𝑖𝑖 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 <  2
3

 𝑜𝑜𝑜𝑜 𝑀𝑀𝑀𝑀𝑥𝑥𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼  

𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗ =  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  ⊗  �𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  ⊗
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ −  𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝐿𝐿−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑�����������������������⃗  ⊕  𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ �, 𝑖𝑖𝑖𝑖𝑖𝑖 =
1, …𝑁𝑁𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡/2  
𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ =  𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝚤𝚤𝚤𝚤𝚤𝚤��������������⃗ + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶.𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑁𝑁−𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑������������������������⃗  ⊗  𝑆𝑆𝑆𝑆𝑆𝑆𝚤𝚤𝚤𝚤𝚤𝚤�����������⃗                                                           
                                                      (46) 
        The reason the change in marine predators' 
behavior is environmental changes inserted in the 
algorithm as eddy formation and Fish Aggregating 
Device (FAD) manipulation. These two effects are 
denoted by: 
𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ =

�
𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ + 𝐴𝐴𝐴𝐴𝐴𝐴𝑝𝑝𝑝𝑝𝑝𝑝�𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢���������⃗ + 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅�����������⃗ ⊗ �𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢���������⃗ − 𝑏𝑏𝑏𝑏𝑙𝑙𝑙𝑙��������⃗ �� ⊗ 𝑉𝑉𝑉𝑉𝑉𝑉𝑏𝑏𝑏𝑏𝑏𝑏������������⃗  , 𝑖𝑖𝑖𝑖  𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ≤ 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹
𝑃𝑃𝑃𝑃𝚤𝚤𝚤𝚤𝚤𝚤���������⃗ + [𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹(1 − 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟) +]�𝑃𝑃𝑃𝑃𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟1���������������⃗ −  𝑃𝑃𝑃𝑃𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2���������������⃗ � ,                 𝑖𝑖𝑖𝑖 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 > 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹

     

                                                                                (47) 
        Here, FADs = 0.20  represents the likelihood 
of FADs' influence in the optimization procedure. 
A binary vector U is created by randomly creating 

a vector in the interval [0,1] and replacing its 
elements with zero if they are less than 0.2 and 
with one if they are more than 0.2. The subscript r 
denotes a uniformly random number in the 
interval [0,1]. The vectors 𝑏𝑏𝑏𝑏𝑢𝑢𝑢𝑢���������⃗  and 𝑏𝑏𝑏𝑏𝑙𝑙𝑙𝑙��������⃗  contain 
the minimum and maximum dimensions. 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟1 
and 𝑢𝑢𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟2  denote the random indices of the prey 
matrix. 

3.5 Novelty: Proposed Feature Fusion 
        The significance of feature fusion resides in 
its capacity to extract more meaningful 
information from numerous sources, which can 
lead to improved accuracy in classification, 
identification, and prediction [36]. Feature fusion 
can increase the resilience and reliability of 
machine learning systems, especially in cases 
when data is few or noisy, by merging 
complementary information from many sources. 
As stated before, two feature vectors, 
𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝐴𝐴𝐴𝐴𝑣𝑣𝑣𝑣𝑣𝑣)  and 𝑆𝑆(𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹_𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑣𝑣𝑣𝑣𝑣𝑣) , are 
retrieved from both networks utilized in this 
process; hence, it is important to merge both 
vectors to create a larger, more informative 
feature vector. A correlation extended serial 
technique is utilized to combine both vectors, 
which can be mathematically represented as 
follows:  

𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟 =
∑(𝑅𝑅𝑅𝑅𝑖𝑖−𝑅𝑅𝑅𝑅�����)�𝑋𝑋𝑋𝑋𝑗𝑗−𝑋𝑋𝑋𝑋�����

�∑(𝑅𝑅𝑅𝑅𝑖𝑖−𝑅𝑅𝑅𝑅�����)2 ∑𝑋𝑋𝑋𝑋𝑗𝑗−𝑋𝑋𝑋𝑋����
                                                                         

                                 (48) 
        With this procedure, the features with a 
positive correlation (+1) are chosen into a new 
vector labeled. 𝑉𝑉𝑉𝑉𝑉𝑉3  and the features with a 
correlation value of 0 or -1 are added to 𝑉𝑉𝑉𝑉𝑉𝑉4 . 
Then, the mean value of 𝑉𝑉𝑉𝑉𝑉𝑉4  is calculated as 
follows: 

𝐶𝐶𝐶𝐶𝑟𝑟𝑟𝑟𝑟𝑟𝑇𝑇 = �
𝑉𝑉𝑉𝑉𝑉𝑉𝑢𝑢𝑢𝑢𝑢𝑢 , 𝑉𝑉𝑉𝑉𝑉𝑉4 ≥ 0

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, 𝑉𝑉𝑉𝑉𝑉𝑉4 < 0                                                                      

    (49) 
        Both vectors 𝑉𝑉𝑉𝑉𝑉𝑉𝑢𝑢𝑢𝑢𝑢𝑢 and 𝑉𝑉𝑉𝑉𝑉𝑉4 are fused 
using the following formulation. 

𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = �𝑉𝑉𝑉𝑉𝑉𝑉𝑢𝑢𝑢𝑢𝑢𝑢𝑉𝑉𝑉𝑉𝑉𝑉3
�                                                                                                   

                                                    (50) 
        The final fused vector 𝑉𝑉𝑉𝑉𝑉𝑉𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 has 901 
features. 
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4 Results and Discussion 
      The hyper-Kvasir dataset is used for results 
and analysis purposes. The dataset contains 10662 
images categorized into twenty-three classes. Data 
is highly imbalanced, so to cater to this issue, data 
is augmented. The augmented dataset contains 
24000 training images, while 520 are obtained for 
testing. The implementation uses a system with a 
core i7 Quad-core processor with 16 GB of RAM. 
Also, the system contains a graphics card with 
4GB of VRAM. MATLAB R2021a is used to 
achieve results. 
4.1 Numerical Results 
        Results are shown in tabular and graphical 
form. Table 2 represents results for extracted 
features through Nasnetmobile that are given as 
input to classifiers. The analysis shows that Wide 
Neural Network (WNN) has given the best overall 
accuracy of 93.90. percent, while Narrow Neural 
Networks, Bilayered Neural Networks, and 
Trilayered Neural Networks have the lowest 
accuracy of 93.10 percent. Time taken by WNN is 
also the highest among all other classifiers, while 
the lowest time cost is for Narrow Neural 
Networks. The confusion matrix for WNN is 
shown in Fig. 4.  

Table 2: Performance for ANN classifiers using 
NasNet Mobile features (1056 Features) 

Classifi
er 

Accura
cy 

Precisi
on 

Rec
all 

F1 
Sco
re 

Tim
e 

Narrow 
Neural 
Networ
k 

93.10 93.09 92.7
8 

92.9
3 

402.
6 

Mediu
m 
Neural 
Networ
k 

93.40 93.60 93.4
7 

93.5
3 

457.
25 

Wide 
Neural 
Networ
k 

93.90 93.88 93.7
9 

93.8
4 

866.
42 

Bilayer
ed 
Neural 
Networ

93.10 92.97 92.8
9 

92.9
3 

418.
90 

k 
Trilaye
red 
Neural 
Networ
k 

93.10 93.02 92.8
8 

92.9
5 

411.
31 

 

 
Figure 4: Confusion matrix for WNN using 

NasNet Mobile features 
        Similarly, Table 3 shows results obtained by 
feeding the features extracted by implementing 
Stacked Auto-Encoders to classifiers. Analysis 
shows that WNN has the best performance with 
80.50 percent accuracy, yet time cost is also 
highest in the case of WNN and lowest for 
Narrow Neural Networks. Moreover, the lowest 
accuracy is achieved by implementing a Narrow 
Neural Network. The confusion matrix for WNN 
is shown in Fig. 5. 

Table 3: Performance for ANN classifiers using 
autoencoder features (1024 Features) 

Classifi
er 

Accura
cy 

Precisi
on 

Rec
all 

F1 
Sco
re 

Tim
e 

Narrow 
Neural 
Networ
k 

71.69 68.50 69.0
3 

68.7
6 382.

67 

Mediu
m 
Neural 
Networ
k 

76.70 75.23 75.4
4 

75.3
4 411.

22 

Wide 
Neural 
Networ
k 

80.50 79.74 79.9
2 

79.8
3 796.

32 

Bilayer 72.00 68.67 69.4 69.0 402.
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ed 
Neural 
Networ
k 

6 7 54 

Trilaye
red 
Neural 
Networ
k 

71.70 68.43 69.1
0 

68.7
7 392.

06 

 

 
Figure 5: Confusion matrix for WNN using auto-

encoder features 
        Feature selection has given reduced features 
from the feature vector extracted through 
Nasnetmobile. Table 4 shows the results for 
selected features using the Marine Predator 
Algorithm (MPA). Selected features are given to 
the classifiers to obtain results. Analysis shows 
that WNN has the highest accuracy, 93.40, and the 
highest time cost. Furthermore, the lowest 
accuracy is obtained through a Trilayered Neural 
Network. A Narrow Neural Network has given the 
best time cost among all classifiers. The confusion 
matrix for WNN is shown in Fig. 6.  

Table 4: Performance for ANN classifiers using 
selected NasNet Mobile features (366 Features) 

Classifi
er 

Accura
cy 

Precisi
on 

Rec
all 

F1 
Sco
re 

Tim
e 

Narrow 
Neural 
Networ
k 

92.40 92.22 92.0
6 

92.1
4 

260.
82 

Mediu
m 
Neural 
Networ
k 

93.00 92.99 92.9
2 

92.9
5 

295.
29 

Wide 
Neural 
Networ
k 

93.40 93.54 93.4
5 

93.4
9 

511.
87 

Bilayer
ed 
Neural 
Networ
k 

92.40 92.14 92.0
7 

92.1
2 

279.
42 

Trilaye
red 
Neural 
Networ
k 

92.30 92.10 91.9
5 

92.0
2 

285.
61 

 

 
Figure 6: Confusion matrix for WNN using 

NasNet Mobile selected features. 
        Table 5 shows the results achieved using 
selected features from Stacked Auto-Encoder. The 
features are selected using the Slime Mold 
Algorithm. WNN has the best performance as the 
accuracy achieved is 78.40 percent. Also, the time 
cost is highest for WNN and lowest for Narrow 
Neural Networks. In addition, Trilayered Neural 
Network has given the lowest accuracy. The 
confusion matrix for WNN is described in Fig.7.  

Table 5: Performance for ANN classifiers 
autoencoder selected features (535 Features) 

Classifi
er 

Accura
cy 

Precisi
on 

Rec
all 

F1 
Sco
re 

Tim
e 

Narrow 
Neural 
Networ
k 

69.90 65.91 66.8
8 

66.3
9 

348.
91 

Mediu
m 
Neural 

73.60 71.31 71.6
7 

71.4
9 

402.
3 
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Networ
k 
Wide 
Neural 
Networ
k 

78.40 76.75 76.9
7 

76.8
6 

651.
80 

Bilayer
ed 
Neural 
Networ
k 

69.70 65.38 66.5
1 

65.9
4 

359.
24 

Trilaye
red 
Neural 
Networ
k 

67.90 63.47 64.6
1 

64.0
4 

366.
21 

 

 
Figure 7: Confusion matrix for WNN using auto-

encoder selected features 
        The best performance obtained using fused 
features is shown in Table 6. Features are given to 
ANNs, and analyzed the results. Analysis shows 
that the highest accuracy of 93.60 is achieved 
through WNN. Again, the time cost is high in the 
case of WNN, yet it is best for Narrow Neural 
Networks. Also, the lowest accuracy is obtained 
through a Narrow Neural Network. The confusion 
matrix for WNN is depicted in Fig.8. 

Table 6: Performance for ANN classifiers using 
fused features (901 features) 

Classifi
er 

Accura
cy 

Precisi
on 

Rec
all 

F1 
Sco
re 

Tim
e 

Narrow 
Neural 
Networ
k 

92.20 92.19 92.1
2 

92.1
5 

376.
15 

Mediu 93.10 93.28 93.1 93.2 386 

m 
Neural 
Networ
k 

4 1 

Wide 
Neural 
Networ
k 

93.80 93.81 93.7
3 

93.7
7 

772.
93 

Bilayer
ed 
Neural 
Networ
k 

92.30 92.27 92.2
2 

92.2
4 

398.
12 

Trilaye
red 
Neural 
Networ
k 

92.40 92.26 92.2
0 

92.2
3 

372.
53 

 

 
Figure 8: Confusion matrix for WNN using fused 

features. 

4.2 Graphical Results 
        This section shows the graphical 
representation of the results. Fig. 10 shows the bar 
chart for all classifiers using the proposed fusion 
approach. In this figure, each classifier's accuracy 
is plotted with different colors, and Wide Neural 
Network shows the best accuracy of 93.8%, which 
is improved than the other classifiers. Fig. 11 
shows the bar chart for the time cost for all 
classifiers after employing the final step of the 
proposed approach. Wide Neural Network (WNN) 
consumed the highest time of 772.93 (sec), 
whereas the trilayered neural network spent a 
minimum time of 372.53 (sec). Based on Figures 
10 and 11, it is clearly observed that the wide 
neural network gives better accuracy but 
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consumes more time due to additional hidden 
layers. Fig. 12 shows the time-based comparison 
of the proposed method. This figure shows that 
the time is significantly reduced after employing 
the feature selection step; however, a little 
increase occurs when the fusion step is performed. 
Overall, it is observed that the reduction of 
features impacts the computational time, which is 
a strength of this work.  
 

 
Figure 9: Accuracy bar for all selected classifier 

using proposed method. 

Figure 10: Time bar for classifiers used in the 
proposed methodology. 
        

 
Figure 11: Overall time based comparison among 

all classifiers using proposed method. 
        A detailed comparison is also conducted 
among all classifiers of the middle steps employed 
in the proposed method. Figure 13 shows the 
insight view of this comparison. This figure shows 
that the original accuracy of the fine-tuned model 
NasNet Mobile is better, and the maximum is 
93.9%; however, this experiment consumes more 

time, as plotted in Figure 12. After the selection 
process, the accuracy is slightly reduced, but the 
time is significantly dropped. After the fusion 
process, it is clearly noted that the difference in 
the classification accuracy of the wide neural 
network is just 0.1% which is almost the same. 
Still, time is significantly reduced, which is a 
strength of this work.    

 
Figure 13: Accuracy comparison of all classifiers 

using all middle steps of the proposed method.  
       LIME based Visualization: Local 
Interpretable Model-Agnostic Explanations 
(LIME) [37] is a well-known technique for 
explainable artificial intelligence (XAI). It is a 
model-independent technique that may be used to 
explain the predictions of any machine learning 
algorithm, including sophisticated models like 
deep neural networks. LIME aims to produce 
locally interpretable models that approach the 
predictions of the original machine learning model 
in a limited part of the input space. Local models 
are simpler and easier to comprehend than the 
original model and can be used to explain specific 
predictions. The LIME approach generates a large 
number of perturbed versions of the input data and 
trains a local model on each disturbed version. 
Local models are trained to predict the output of 
the original model for each perturbed version and 
are then weighted according to their performance 
and resemblance to the original input. The final 
explanation offered by LIME is a mix of the 
weights of the local models and the most 
significant characteristics of each local model. An 
explanation can be offered to the user in the form 
of a heatmap or other visualization, as shown in 
Figure 14, indicating which input data 
characteristics were most influential in forming 
the prediction.  
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Figure 14: Explanation of network's predictions 

using LIME 
Figure 15 shows the results of the fine-tuned 
Nasnetmobile deep model employed for infected 
region segmentation. The segmentation process 
employs the polyp images with corresponding 
ground truth images. This fine-tuned model is 
trained with static hyperparameters by employing 
original and ground truth images. After that, 
testing is performed to visualize a few images in 
binary form, as presented in Figure 15. For the 
segmentation process, the weights of the second 
convolutional layers have been plotted and then 
converted into binary form.  

 
Figure 18: Proposed infection segmentation using 

fine-tuned NasnetMobile deep model 
        Table 8 compares the results achieved in this 
article with recent state-of-the-art works. [38] 
used self-supervised learning to classify the 
hyperKvasir dataset. The authors used six classes 

and achieved the highest accuracy of 87.45. 
Moreover, [27] used the hyper Kvasir dataset to 
classify the gastrointestinal tract and obtained 
73.66 accuracy. In the study, the authors only used 
fourteen classes. In addition, [23] achieved 63 
percent accuracy for macro and used all 23 classes. 
It is clear that the proposed method has 
outperformed the state-of-the-art methodologies in 
recent years and achieved the best accuracy of 
93.80 percent. 
Table 7: Comparison of the proposed framework 
accuracy with state-of-the-art (SOTA) techniques 
Referenc

e 
Datase

t 
 

Numbe
r of 

Classes 

Yea
r 

Accurac
y (%) 

[38] Hyper
-

Kvasir 

6 202
3 

87.45 

[26] Kvasir 5 202
1 

97.00 

[27] Hyper
-

Kvasir 

14 202
0 

73.66 

[23] Hyper
-

Kvasir 

23 202
0 

63.00  

[39] Hyper
-

Kvasir 

23 202
3 

87.1 

Propose
d 

Hyper
-

Kvasir 

23 - 93.80 

5 Conclusion 
Gastrointestinal tract cancer is one of the 

most severe cancers in the world. Deep learning 
models are used to diagnose gastrointestinal 
cancer. The proposed model uses Nasnetmobile 
and Auto-Encoder to extract deep features and is 
used as input for Artificial Neural Network 
classifiers. Moreover, feature selection techniques 
such as the Marine Predator Algorithm and Slime 
Mould Algorithm are implemented hybrid to cater 

Original Images Groundtruth 
Images

Segmented 
Images

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

171



 
 

to the curse of dimensionality problems. In 
addition, selected features are fused and fed for 
classification. The results analysis shows that 
classification through features extracted from 
Nasnetmobile gives the best overall validation 
accuracy of 93.90. Overall, we conclude the 
following:  

- Data augmentation using contrast 
enhancement techniques can better impact the 
learning of deep learning models instead of using 
flip and rotation-based approaches.  

- Extracting encoders and deep learning 
features give better information on selected 
disease classes.  

- The selection of features using a hybrid 
fashion impacts the classification accuracy and 
reduces the time.  

- The fusion process improved the 
classification accuracy.  

The drawbacks of this work are: i) 
segmentation of infected regions is a challenging 
task due to change of lesion shape and boundary 
location; ii) manual assignment of 
hyperparameters of deep learning models is not a 
good way, and it always affects the learning 
process of a network. The proposed framework 
will be shifted to infected region segmentation 
using deep learning and saliency-based techniques. 
Also, will opt for a Bayesian Optimization 
technique for hyperparameter selection. Although 
the proposed methodology has achieved the best 
outcomes yet, better accuracy may be achieved 
through different approaches in the future. 
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Abstract – Vestibular dysfunction and dizziness caused by 
vestibular abnormalities greatly increase the risk of falls in the 
elderly. Traditional rotary chair tests and video nystagmus tests to 
diagnose these problems are expensive and complex procedures. 
Therefore, it can only be used in locations equipped with the 
equipment. This puts older people at risk of not receiving treatment 
in a timely manner. Therefore, a simpler method that can be used 
at home is needed. In this paper, we present a stable data collection 
method for an XR-based vestibular dysfunction diagnosis system 
using Meta Quest Pro and a swivel chair. MetaQuest Pro is an XR 
device that can be purchased at home that can obtain eye tracking 
and facial expression data. However, during the system 
implementation, a phenomenon in which the eye data value 
bounced was discovered, which was resolved by calculating the 
collision point with the virtual wall using the eye rotation value. 
Afterwards, we collected data using existing and new methods to 
verify the phenomenon of data values bouncing. The collection 
method involves recording data by rotating the chair at an average 
of 0.18 Hz while wearing the Meta Quest Pro. As a result of 
checking the data, it was confirmed that the value splashing 
phenomenon disappeared. However, the currently collected data is 
difficult to utilize because it has not been pre-processed. In 
addition, in this paper, only an explanation of a stable data 
acquisition method exists, and a vestibular abnormality diagnosis 
system could not be described for implementation. As a future task, 
we will proceed with pre-processing so that the data can be utilized. 
Afterwards, we plan to build an XR-based vestibular system 
abnormality diagnosis system by calculating gain, symmetry, and 
phase values using this data. 
 

I. INTRODUCTION 
 
 
Vestibular dysfunction can cause an eye movement pattern 
called nystagmus, which can lead to blurred vision.[1] And 50% 
of vision can be reduced when caused by shaking vision due to 
nystagmus [2], which can cause dizziness and significantly 
increase the risk of falls. In addition, the incidence of vestibular 
dysfunction is about three times higher in the elderly than in the 
general adult [3]. The main cause of death in the U.S. over the 
age of 65 is falls [4], and one in two falls has vestibular 
dysfunction.[5] It can be seen that the risk of falls in the elderly 
due to vestibular dysfunction is very high. However, traditional 
diagnostic methods such as swivel chair testing and video testing 
are expensive and complex, which can only be accessed by 
specialized facilities. These restrictions mean that many older 
adults are not diagnosed in a timely manner, which can 
exacerbate the risk of falls and related injuries. 
To address these challenges, this paper proposes an accessible 
data collection method for rotating chair inspection and imaging 
inspection for use at home. Meta Quest Pro is a commercialized 
XR device that can capture eye tracking and facial expression 
data. And it can be used without a separate external computing 
device, and it has a built-in battery, so it can be used without a 

wire connection. It also uses a rotating chair in the home. Meta 
Quest Pro and rotating chairs are easily available at home. These 
two can be used to collect the data needed to diagnose vestibular 
dysfunction. MetaQuest only gives data on eye rotation values. 
However, the rotation value of the head is also included, so the 
rotation value of the eye alone cannot accurately determine the 
position of the eye. I made a wall that is fixed in front of my 
eyes even if my head moves. And the position of the eye was 
calculated by obtaining the position of the eye's gaze and the 
collision point of the wall. However, this approach did not 
immediately update the position of the fixed wall when the head 
moved. So, the data value was bouncing. We directly calculated 
the position of the virtual wall fixed to the camera. And it was 
solved by calculating the collision point of the eye using the 
rotation value of the eye. 
To validate the stability of the solution, we collected data using 
both conventional and new methods. The data collection method 
involves rotating a user wearing a Meta Quest Pro to a frequency 
of 0.18 Hz on average with a chair. This is to reproduce the 
problem of periodically splashing values when the head rotates 
at a constant speed. As a result of the test, it was confirmed that 
the problem of splashing values was solved. As a result, it is 
confirmed that stable data collection is possible. 
However, the currently collected data has no problem with 
splashing values, but it is difficult to utilize because it has not yet 
been preprocessed. This paper focuses on explaining methods for 
stable data acquisition. Implementation of vestibular anomaly 
diagnosis systems remains a future goal. The next step is to 
preprocess the collected data to increase utilization. And we aim 
to build a full XR-based vestibular anomaly diagnosis system by 
calculating gain, symmetry, and phase values from preprocessed 
data. 

II. SYSTEM IMPLEMENTATION 

  A.  First data collection method 

 
In order to measure the Vestibular dysfunction, gain, Symmetry, 
Phase, Slow Phase must be obtained.[6] Gain is the maximum 
amplitude of the speed divided by the maximum amplitude of 
the head angular velocity by extracting the eye slow-phase. 
Symmetry is the difference between the maximum speed of the 
value extracted from the slow-phase from the left eye and the 
right eye. Phase is the value that the extracted slow-phase 
velocity maximum value is expressed as an angle by multiplying 
the difference in the head angular velocity maximum value by 
the frequency. These eye movements in the direction opposite to 
the direction of rotation of the head are called the slow phases 
and are followed by rapid phases, re-centering the eye 
position.[7] To obtain these values, we first need to be able to 
obtain stable eye position data and head angular velocity data. 
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MetaQuest Pro returns only the head and eyeball rotation values 
and locations of the eyeball movement data. And the rotation 
value of the eye is affected by the rotation value of the head. 
Unity was used as a tool for data collection programs. First, 
Unity made a fixed wall in front of the eyes as shown in Fig. 1. 
The method of obtaining the two-dimensional coordinates 
penetrating the screen using the rotation value of the eye was 
calculated using the function provided by Unity. When using this 
method, there is a problem that the value suddenly bounces when 
the head moves as shown in Fig. 2. Fig. 2 shows the x-value 
coordinates of the eye data. This is a problem caused by a 
mismatch between the movement of the head and the movement 
of the wall fixed to the gaze.  
 

 

Fig.1 Fixed wall 

 

Fig.2 Fixed wall 
 

 B. Second data collection method 

 
Using the rotation values of the eyes, we calculated the collision 
point of the virtual wall as depicted in Image 3. 500 is the 
arbitrary value that represents the distance between the p-eye and 
the p-wall. Here, n represents the normal vector from the eye 
position to the wall, v-sight denotes the vector in the direction of 
the gaze, p-eye and p-wall are the respective position values, d 
stands for the distance from the eye to the plane, and t is a 
parameter used to find the intersection point. Then, use the 
obtained t-value to obtain the virtual wall collision point with the 
eye position and the forward-facing vector. This method does 
not have a problem of bouncing the value even if the head moves 
 

 

Fig.3 Fixed wall 
 
 

III. EXPERIMENTAL RESULTS 

  A. Check the data splatt 

 
To confirm the stability of the solution, we collected the data 
using both the first and second methods. We collected the data 
by rotating the chair at a speed with an average frequency of 
0.18 Hz with the user wearing the Meta Quest Pro. By doing 
this, we reproduced the problem of periodic value bouncing 
when the head rotates at a constant speed. Through this problem 
reproduction, we wanted to see how the second method affects 
problem solving. As a result of the test, it was confirmed that the 
problem of bouncing values was solved. Accordingly, it was 
confirmed that stable data collection is possible. These results 
suggest that the second scheme provides better stability than the 
first. Fig .4 is the data of the x-coordinate, and compared with 
Fig .5, it can be seen that the problem of the bouncing value has 
been solved. 
 

 

Fig.4 Normal data 

 

Fig.5 Bouncing data 
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IV. CONCLUSIONS 

 
This paper presents an accessible data collection method for 
rotating chair inspection and video inspection to be used at 
home. We present a convenient yet effective way to perform data 
collection and analysis by using meta-quest pro and rotating 
chairs. However, the currently collected data has no problem 
with splashing values, but it is difficult to effectively utilize it 
because it has not yet been preprocessed. This paper focuses on 
explaining methods for stable data acquisition. Implementation 
of vestibular anomaly diagnosis systems remains a future goal. 
The next step is to preprocess the collected data to increase 
utilization. We then aim to build a full XR-based vestibular 
anomaly diagnosis system by calculating gain, symmetry, and 
phase values from preprocessed data. 
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Abstract— Deep learning (DL) plays a critical role in processing 
and converting data into knowledge and decisions. DL 
technologies have been applied in a variety of applications, 
including image, video, and genome sequence analysis. In deep 
learning the most widely utilized architecture is Convolutional 
Neural Networks (CNN) are taught discriminatory traits in a 
supervised environment. In comparison to other classic neural 
networks, CNN makes use of a limited number of artificial neurons, 
therefore it is ideal for the recognition and processing of wheat 
gene sequences. Wheat is an essential crop of cereals for people 
around the world. Wheat Genotypes identification has an impact 
on the possible development of many countries in the agricultural 
sector. In quantitative genetics prediction of genetic values is a 
central issue. Wheat is an allohexaploid (AABBDD) with three 
distinct genomes. The sizes of the wheat genome are quite l large 
compared to many other kinds and the availability of a diversity 
of genetic knowledge and normal structure at breeding lines of 
wheat, Therefore, genome sequence approaches based on 
techniques of Artificial Intelligence (AI) are necessary. This paper 
focuses on using the Wheat genome sequence will assist wheat 
producers in making better use of their genetic resources and 
managing genetic variation in their breeding program, as well as 
propose a novel model based on deep learning for offering a 
fundamental overview of genomic prediction theory and current 
constraints. In this paper, the hyperparameters of the network are 
optimized in the CNN to decrease the requirement for manual 
search and enhance network performance using a new proposed 
model built on an improved algorithm and Convolutional Neural 
Networks (CNN). 

Keywords: Gene expression; convolutional neural network; 
optimization algorithm; genomic prediction; wheat 

1 INTRODUCTION 
     Cultivated crops must be increased to meet the world's 
population's food, feed, and fuel demand projected at more than 
9 billion by 2050 [1]. One in nine people currently finds 
themselves living under food insecurity [2]. With limited 

opportunities to expand farming on existing land, increasing 
yields could dramatically reduce the number of people at risk 
of starvation [3]. Given the need to increase crop production by 
50 percent by 2050 [4], our current yield levels are inadequate 
to achieve this target [5]. Therefore, it is necessary and urgent 
to find ways to boost crop productivity, such as by genetically 
modifying cultivars and improving agricultural practices [6, 7]. 
The plant sector is the center of many countries' production. 
Growing plant typically has special features, such as habits, 
morphology, and economic value. According to statistics, 
several plants are registered and named worldwide [8]. We 
apply genomic prediction techniques in the plant recognition 
and identification study to make this industry successful. New 
approaches and techniques in the detection of plant diseases are 
being employed in the Genomic processing industry. Therefore, 
in recent years, researchers have become involved in the 
detection of plant diseases by using genomic processing 
technology for their importance and effect on farming’s future. 
However, the prediction of the wheat gene is a new problem in 
machine learning. Through this method, the goal is to achieve a 
perfect model for wheat gene expression. 

2 RELATED WORK 
Deep learning is developing into a strong form of machine 
learning, which benefits both the outstanding computational 
resources and the very large available datasets [9]. The need to 
specifically define which features to use or use for data analysis 
is bypassed by deep learning. Deep learning then optimizes a 
robust end-to-end cycle by mapping data samples to outputs 
compatible with the large identified network training data sets. 
The CNNs practice this end-to-end mapping for image 
processing activities, by optimizing several layers of filters. The 
first filters are interpreted simply as low-level image features 
(e.g., borders, bright spots, color variations), and the subsequent 
layer combinations are more and more complex. CNN greatly 
outperforms all current alternative methods for image analysis 
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where adequate training is given. Results improved from 84.6 
percent in 2012 [10] to 96.4 percent in 2015 [11] with 
benchmark-classification tasks attempting to determine which 
one thousand different objects are pictures. 
Machine Learning technology have be used in a lot of 
applications in recent years, including image processing. CNN 
as indicated in [12] is the most common architecture and is 
primarily used in deep analysis. The CNN is equipped with 
discriminatory learning features by supervised means. In 
contrast to other conventional neural networks, CNN utilizes a 
few artificial neurons that make it suitable for image detection 
and processing. On the other hand, for training phases, CNN 
needs a broad sample number. CNN also has hyperparameters 
and a wide range of special architectures that are considered 
expensive and difficult to identify manually such as optimum 
hyperparameters [13]. We are responsive to the planning, which 
dramatically impacts CNN efficiency, of certain 
hyperparameters. Moreover, the hyperparameters for each 
dataset have to be modified because the over-parameters are 
different from one dataset to another. The correct values for 
hyperparameters for a certain dataset are calculated by trial and 
error since a math format is not given to manually change the 
hyperparameters. Selecting hyperparameter values requires 
detailed data that forces non-experts to use a random search or 
a grid seeking to find the better hyperparameters, which achieve 
the best performance of CNN. In [14] They used six deep neural 
networks and machine learning techniques to investigate and 
exploit the methylation patterns of the Chinese spring bread 
wheat cultivar in order to identify differentially expressed genes 
(DEGs) between leaves and roots. Genes with increased terms 
at leaves were mostly engaged in pigment and photosynthesis 
production activities, as expected, whereas genes with no 
difference in expression amidst leaves and roots were mostly 
implicated in protein processing and diaphragm structures. In 
[15] They used this study to see how well the DL model worked 
in the spring wheat breeding programme at Washington State 
University. They compared and evaluated the execution of two 
DL techniques, the convolutional neural network (CNN) and 
the multilayer perceptron (MLP), ridge retraction better linear 
equitable predictor (rrBLUP), which is a popular GS model. 
They used the nested association mapping (NAM) for the 
Spring wheat many seeded from the 2014–2016 growth seasons 
yielded 650 recombinant inbred lines (RILs). They used cross-
validations (CVs), alternative sets, and independent validations 
of single nucleotide polymorphisms (SNP) markers, they made 
predictions for five various quantitative variables using various 
genetic architectures. Hyperparameters for models of DL were 
adjusted by decreasing the root average square in the training 
dataset and employing dropout and regularization to avoid 
model overfitting. 
In [16] they used R-CNN Faster to verify the spike number by 
using the dataset for high-density wheat 660K SNP array. they 
achieved an accuracy of 86.7%. They approve that the R-CNN 
Faster model is faster and has a high accuracy that may be 
applied to genetic investigations of SN in wheat. 

3 DEEP LEARNING PRINCIPLES 
A standardized DL architecture consists of a mixture of 
multiple "neurons" layers. In the 50s, with a prominent 

"perceptron" of Rosenblatt, the idea of a nerve network was 
proposed, inspired by the activity of the brain [17]. In the past 
decade, the DL resurgence was focused on the development of 
powerful algorithms which can be used in complex network 
parameters containing multiple layers of neurons (e.g. 
backpropagation) [18] and on the fact that they surpass current 
algorithms in various automated recognizing functions like 
picture checking [19]. Deep learning is an area of many specific 
jargon terms, which means that some of the most crucial terms 
are defined in Fig. 1 to make understanding easier for an 
inexperienced user. 
Fig. 1 Multistage perceptron (MLP) graph displaying the 
feedback of the simple "Neuron" with n inputs and four hidden 
layers of single nucleotide polymorphisms (SNPs). The linear 
combinations' nonlinear transformations (xi, wi, and biases b) 
all culminate in a single neuron. where xi represents the 
neuron's i input, wi represents a weight connected by input i, 
and b represents a time-invariant alignment level.

 
Figure 1: Multistage perceptron (MLP). 

 
The linear combinations' nonlinear transformations (xi, wi, and 
biases b) all culminate in a single neuron. where xi represents 
the neuron's i input, wi represents a weight connected by input 
i, and b represents a time-invariant alignment level. 
 
3.1 Deep Learning Architectures 
Although all DL techniques generally use stacked neuron layers, 
they do also include a large architecture. The most prevalent 
ones are convolutional neuro-networks (CNN), multilayer 
perceptron (MLP), generative adversarial networks (GANs), 
and recurrent neural networks (RNNs). These are listed in effect, 
although the reader should be aware of various additional 
options [20]. 
The multi-layer perceptron network (MLP) consists of a set of 
completely connected layers named hidden and input layers 
(see Fig. 2) and is one of the most common DL architectures. 
The first layer receives SNP genotypes (x) feedback in the sense 
of genomic prediction [21], while the initial layer’s output is a 
weighted, non-linear function of all feedback plus a “bias”. 
Then the first output layer is shown in Eq. (1): 
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z(1) = b0 + W(0) f (0)(x)                                                                                                                   

(1) 

When x includes each individual’s genotypes, b is considered a 
"bias" and is measured along with the remaining weights W0 
and f is a nonlinear function (activation function available on 
Keras). The same term is used in successive layers so that the 
neuron's inputs of a certain layer are the outputs of the 
preceding layer z(k−1): 

z(k) = bk + W(k−1) f (k−1)(z(k−1))                                                                                                                   
(2)        
The final layer generates a number matrix, whether the goal is 
a true phenotype, or if the goal is a class (ie a problem with 
classifying) an array of probabilities for each point. Although 
MLPs constitute a powerful strategy for managing 
classification or regression issues, they are not the perfect way 
to handle space or time sets [22]. In latest years, other methods 
of DL have been suggested in order to deal with these 
challenges, such as recurrent neural networks, deep generative 
networks, or convolutional neural networks. 
Input variables have been spread in accordance with space 
models with one dimension (for example, SNPs or text) and two 
or three dimensions (for example, images), to conform to the 
circumstances of the implementation of neural networks. 
CNN's have been introduced. CNN is a particular type of neural 
network that uses convolution in hidden layers rather than of 
full matrix reproduction [23]. A CNN consists of thick layers 
and "convolutional layers" that are fully connected (Fig. 2). An 
overall operation as well as the input of predetermined width 
and steps are done in every convolutionary layer. A 'kernel' or 
'buffer' is a collection of convolutional processes that functions 
similarly to a 'neuron' in an MLP [24]. 

 
                             Figure 2: Total view of 1D fully convolutional SNP-
matrix neural network. 

 
After each convolution, the output is generated using an 
activation function. Finally, the results are frequently evened 
out through a "pooling" method. The kernel outputs of the 
various positioning positions are combined by using all values 
of those positions on average, maximum, or minimum. Its 
capability to which the amount of parameters to be determined 
is one of the main advantages of convolution networks. These 

networks have already restricted connections and are 
translations similar. Fig. 3 provides an example of a one-
dimensional (1D) kernel convolution with a scale of 3K [25]. 

 

Figure 3: Simple one-dimensional (1D) operation scheme. 

3.2 Convolutional Neural Network 
The CNN is so good at categorizing simple patterns in data, it 
might be utilized to build additional complicated patterns 
during higher layers. CNNs are a specific type of multilayer 
neural network. It is trained using the backpropagation 
algorithm, which is used by practically all other neural networks. 
CNN's architecture sets it apart from the competition. In a CNN 
design, there are input layers, numerous hidden levels, and 
output layers. The hidden layer is made up of pooling layers, 
Convolutional layers, and fully connected layers [26]. 
The input data is received by the convolution layer, which 
applies a filter to it, essentially, the input data is multiplied by 
the kernel to generate the adjusted output data. A convolution 
layer subsampling method is the Pooling layer. The goal is to 
reduce the number of dimensions. An input layer serves as the 
first layer in the proposed CNN algorithm used in this study. 
The second layer makes up a one-dimensional convolution 
layer with three kernel sizes, a 30 filter, and Rectified Linear 
Units (RELU) activation. The third layer is the max pooling 
layer, with two pool sizes. The next layer is a completely 
connected layer with the ability to activate RELU.  
Finally, the output layer is made up of a single sigmoid 
activation in a neuron. The ADAM optimizer is applied for 
learning, as a cost function with binary cross-entropy. 

3.3 Recurrent Neural Network 
RNN is the only algorithm with internal memory. Therefore, it 
is a very powerful and reliable algorithm, the RNN is incredibly 
powerful since it is still the only algorithm with internal 
memory. The internal memory of the RNN allows the algorithm 
to recall and research critical information about the input it 
receives; this ability allows the program to predict what will 
happen next with great accuracy [27]. The information in an 
RNN loops back on itself. As demonstrated in Fig. 4, it 
considers the current input as well as what it has learned from 
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previous inputs before making a decision. 

 
Figure 4: Recurrent Neural Network. 

This study employs a simple RNN layer, with the output being 
fed back into the input. The simple RNN layer is used to apply 
the RELU activation function. A sigmoid activation algorithm 
was also employed for the output layer. For learning, the 
ADAM optimizer is employed, and as a cost function, binary 
cross-entropy is used. 
 
4 The Proposed Approach 
In this section, the dataset used to implement the proposed 
approach is first described, then the details of the approach 
proposed are explained. 

4.1 Dataset Description 
The data for this study is from the Global Wheat data set, which 
is open to the public [28]. The original genotypic data consisted 
of 73,345 polymorphic markers anchored to the Chinese Spring 
Ref Seqv1 map. Before filtering the genotypic data, RILs with 
lacking phenotypic data in a single setting were deleted. SNP 
markers having a missing data rate of higher than 20%, minor 
allele frequencies of less than 0.10, and RILs with more than 
10% genotypic data were also eliminated, leaving 40,000 SNP 
and 635 RILs markers for analysis. Using 635 RILs and 40,000 
SNP markers, The demographic structure of the 26 NAM 
families was investigated using principal component analysis 
(PCA). 

4.2 The Proposed Approach for Classification of Wheat Gene 
Expression 
The solution suggested is an incredibly effective way of 
optimizing the efficiency of the CNN network by the 
incorporation of the terminals of two pre-trained CNN networks. 
In fact, the model's hyperparameters are designed such that each 
model performs better. As seen in Fig. 5, the proposed 
algorithm steps will be summed up in four main stages, i.e. (a) 
stage planning details, (b) stage optimization hyperparameters, 
(c) learning stage, (d) evaluation stage. The following parts 
explain additional descriptions for every point 

 
Figure 5: The proposed Approach block diagram. 

The Multilayer Perceptron (MLP) with numerous hidden layers 
is an excellent example of a model with a deep architecture. On 
huge data, the most recent deep learning algorithm has 
overcome generalization, training stability, and scale are all 
issues that need to be addressed. Deep learning algorithms are 
typically the algorithm of choice for reliable forecast accuracy, 
and they perform well in a wide range of problems. There are 
several theoretical frameworks for deep learning, and we adopt 
the feedforward architecture in this study [29]. 
MLPs are feedforward neural networks with an architecture 
consisting of three layers: input, hidden, and output, as shown 
in Fig. 1. Neurons are little particles that make up each layer. 
The neurons in the input layer receive the input data X and 
forward it to the next layer of the network. The following layer, 
the hidden layer, receives input from each neuron; these data 
are a weighted total of the neuron's outputs from the preceding 
layer. Each neuron uses an activation function to govern the 
input. A nonlinear mapping of an output vector to an input 
vector is created by this network, with weights (the vector of 
weights) as the parameters (W). The initial phase is to select the 
parameters of weight for the model and determine the MLP's 
right structure, which is dictated by the number of neurons and 
hidden layers, as well as the number of output and input 
variables and the kind of activation function. Second, using the 
training data derives the weight parameters. The training selects 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

180



the proper weight vector W to ensure that the output is as close 
to the aim as possible [30]. 
Our suggested MLP approach includes input layers, four hidden 
layer, and one neuron output layer. Except for the output layers, 
all levels utilize the rectified linear unit (RELU) activation 
function, which utilizes the non-linearity sigmoid activation 
function. The MLP model is trained using the backpropagation 
algorithm. ADAM: For the learning algorithm, a stochastic 
gradient descent optimizer was employed, with binary cross 
entropy as a cost function [31-51]. 

4.3 Improving MLP by Applying Dropout 
Dropout is a model improvement strategy that prevents the 
model from overfitting. Dropout refers to the process of 
removing nodes from a neural network. Excluding a node 
means tentatively removing it from the network, together with 
all of its incoming and outgoing connections. The nodes are 
dropped out at random. As can be seen in Fig. 6. The dropout 
strategy was used in our proposed MLP model with a 20% 
dropout rate for all hidden layers, and the results were 
significantly better for our dataset. 

 

 
Figure 6: MLP with Dropout. 

 

5 Experiments and Result 
The protein interaction network was mapped to the gene 

expression levels from our dataset. Each time, 95 samples were 
used as testing data and 285 samples were used as training data 
to train the convolutional neural network architecture. There 
were 60 epochs in total. Then, by 95 samples (4x95=380) and 
k=4, we rank-fold cross-validation (CV). The selecting test data 
were then randomized to a 10-time process of randomization, 
after which the average value for the following machine 
learning metrics—accuracy, specificity, recall (sensitivity), and 
precision—was calculated. These matrices show the 
relationship between correctly and incorrectly predicted 
outcomes. TN (True Negative), TP (True Positive), FN (False 
Negative), and FP (False Positive) are the four categories in the 
confusion matrix. which were defined as follows: 
 
Accuracy = (TP + TN)/(TP + TN + FP + FN)
 
 
 
 
 
(3) 
recall = TP/(TP + FN)  
  
  
 (4) 
precision = TP/(TP + FP)  
  
  
 (5) 
specificity = TN/(TN + FP)  

 
 (6) 
                                                  
The size and number of convolutional filters, as well as the 
number and size of convolutional layers and hidden layers, 
were all examined in various combinations. With the 
architecture, the best outcomes were obtained. Table 1 shows 
that with our sample, with a mean accuracy of 99.4%, the 
improved DNN was the most accurate, followed by DNN with 
98.2% and 97.5% for CNN and RNN, respectively. 
Table 1: COMPARISON OF CLASSIFICATION ACCURACY 
RESULTS WITH THE IMPROVED DNN, DNN, RNN, AND 

CNN. 
 
 
Overall, the improved DNN algorithm can be observed that 
attained maximum accuracy in this study’s dataset. There were 
100 epochs in total. Fig. 7 shows the curves of the high-
accuracy model discovered by Improved DNN on the convex 
dataset for 100 epochs when compared to DNN, RNN, and 
CNN models. We can see that accuracy of our models have 
improvement when compared to other models, implying that 
the Improved DNN is actually capable of identifying perfect 
models for a given dataset. 

Epoch number Improved DNN DNN RNN CNN 
Epoch 1 99.1 98.1 97.5 97.4 
Epoch 2 99.3 98.3 97.4 97.3 
Epoch 3 99.4 98.0 97.2 97.5 
Epoch 4 99.0 98.2 97.3 97.4 
Epoch 5 98.9 98.3 97.6 97.1 
Epoch 6 99.0 97.98 97.4 97.5 
Epoch 7 98.8 97.99 97.3 97.4 
Epoch 8 99.4 98.0 97.5 97.3 
Epoch 9 99.3 98.1 97.1 97.2 

Epoch 10 99.2 98.2 97.4 97.4 
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Figure 7: The comparison results. 

 
The performance results based on the three matrices (Accuracy, 
specificity, and precision) are shown in Table 2. Accuracy, 
specificity, and precision have respective means of 99.4 %, 
98.64 %, and 91.85 %. 

                Table 2: Results respective Accuracy, specificity, and precision. 

Models Accuracy specificity precision 

Improved DNN 99.4 98.64 91.85 
DNN 98.2 97.8 89.9 
RNN 97.5 97.1 89.96 
CNN 97.5 97.2 89.5 

 
Fig. 8 shows the curves of the performance results based on the 
three matrices (Accuracy, specificity, and precision) when 
compared to DNN, RNN, and CNN models. We can see that 
accuracy of our models, specificity, and precision have 
improved when compared to other models. 

 
        Figure 8: The comparison results (Accuracy, specificity, and precision). 

We compared our model to previous work and other models. 
For training and validation, the majority of the methods used a 
train/test split. As shown in Table 3, our results outperform 
other models. 
 

 
Table 3: Comparison of the suggested model with other proposed models 

Year Existing Work Accuracy 

2021 K. S. Sandhu et al 
[15] 95 

2022 L. Li et al [16] 86.7 

2022 L. Mingxuan et al 
[52] 98.75 

Our Proposed model 99.4 
 
 

6 CONCLUSION 
In this paper, we have presented a novel deep learning-based 
model which improves DNN by applying the dropout model to 
classify Wheat gene expressions. In addition to, the deep 
learning algorithms CNN, DNN, and RNN, and the proposed 
model are implemented for the classification of gene expression 
data. Moreover, the outliers and noisy data are addressed, by 
using a pre-processing methodology for all features of gene 
expression, after that we trained all of our models individually 
using a perfect framework and learning method. Finally, our 
learned models are applied to testing data to classify it. For all 
of the datasets studied, the Improving-DNN outperformed other 
models in accuracy terms from the result illustrated our 
Improving-DNN has a high accuracy of 99.4%, while DNN has 
98.2% accuracy, RNN and CNN have 97.5% accuracy. 
Therefore, the Improving-DNN model is actually more 
appropriate for solving the wheat gene expression dataset. 
In future work, we will apply our proposed model to another 
dataset in many fields, especially in agriculture. Furthermore, it 
would be interesting to study the influence of combining 
additional deep learning models or using different optimization 
models. 
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Abstract— Depression, anxiety, and stress are common diseases 
among a large number of individuals from different societies with 
different social levels and have a significant impact on their life 
and production. Recently, it has become a common practice to 
provide online psychological therapies via mobile phones, 
including cognitive behavioral therapy (CBT). CBT is a successful 
therapeutic intervention for many ailments. This study investigates 
the development and evaluation of Sokoon; a gamified CBT 
application that aims to increase CBT skills adherence and 
engagement in individuals who have depression, stress, and anxiety 
by encouraging the user to learn CBT skills through a series of 
activities and games. Psychiatrists were consulted to determine the 
appropriate skill set. The application is set in the form of seven 
planets to learn seven evidence-based skills, each planet represents 
a specific skill, which are relaxation, behavioral activation, 
gratitude, problem-solving, self-love, social skills, and cognitive 
restructuring. This research focuses on four skills initially for 
application: relaxation, gratitude, behavioral activation, and 
cognitive restructuring. Sokoon is the first app that integrates 
many techniques; namely, gamification and Hexad theory, this was 
applied using a dynamic difficulty adjustment (DDA) algorithm. 
These techniques can provide a more enjoyable and engaging 
experience than traditional CBT techniques intervention, while 
still providing the same level of effectiveness. To determine the 
efficiency level of Sokoon regarding depression, anxiety, and stress 
symptoms, a randomized controlled experiment was done. Results 
revealed that the Sokoon group had dramatically lessened stress, 
anxiety, and depressive symptoms. 
 
INDEX TERMS— Cognitive Behavioral Therapy 
(CBT), Gamification, Hexad theory, DDA, 
Depression, Anxiety, Stress.  

I. INTRODUCTION 
Mental disorders are illnesses characterized by changes in 

thought, emotion, or behavior (or any combination of these) that 
are connected to suffering and/or poor functioning, giving rise 
to a wide range of issues for people, such as disability, 
discomfort, or even death [1]. Depression is a widespread and 
dangerous medical condition that has an adverse impact on how 
one feels, thinks, and behaves [2]. Symptoms of depression 
include sadness and/or a loss of interest in previously 
appreciated activities. It is estimated that in any given year, 
depression affects one in 15 adults (6.7\%), and 16.6\% of 
people (or one in six) will experience depression at some point 

in their lives [2]. Researchers have discovered that individuals 
with social phobia are more likely to develop chronic 
depression [3]. Chronic stress increases the likelihood of 
developing psychiatric disorders such as anxiety and depression 
[4]. 
Most mental health organizations support Cognitive Behavior 
Therapy (CBT) as an evidence-based therapy for treating and 
managing depression and anxiety [5]. However, access to CBT 
delivered by specialists is still limited for many patients. This 
limitation stems not only from a scarcity of specialized 
practitioners but also from other factors, such as the need for 
patients to travel and attend during normal working hours, as 
well as the cost [5]. Therefore, the benefits and practicality of 
self-help treatments such as computerized CBT (CCBT), which 
is self-help CBT using a program on a website or a computer 
without Internet access, have been appealing. It is expected that 
self-help CBT will be an effective intervention, particularly for 
mild-to-moderate depression [6, 7]. Computerized cognitive 
behavior therapy (CCBT) can be used as a stand-alone 
treatment or as part of a stepped-care treatment plan and is 
beneficial for people with anxiety and/or depression [8]. 
Gamification and serious games are traditionally defined as 
the use of game-playing components, such as points and 
scoring, for goals other than play, most commonly to promote 
motivation and enhance abilities [9, 10]. According to some 
research, gamification has the potential to increase user 
engagement and adherence to mental health applications, 
which can enhance the effectiveness of therapeutic-based apps 
(such as CBT) and minimize depression symptoms. It may 
stimulate reward-mediated brain pathways, prompting 
pleasurable feelings that may counter some of the negative 
feelings associated with depression. In their opinion, gamified 
mental health apps will be superior to those without 
gamification in terms of reducing depression symptoms and 
encouraging adherence [11]. The number and sophistication of 
"mHealth" interventions have grown along with the prevalence 
of mobile phones in everyday life, and many health-related 
smartphone apps now feature gamification [12, 13]. Available 
research indicates that cognitive-behavioral therapy (CBT) 
techniques used in smartphone-based therapies can 
dramatically reduce depressive symptoms [14-17]. 
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Recently, gamification has attracted scholarly attention as a 
tool for changing behavior in a variety of contexts. Several 
experts emphasize the importance of adapting material to the 
needs of different users when designing gamification, such as 
by employing the gamification user types hexad typology [18]. 
Based on their capacity to be motivated by intrinsic factors 
(such as self-realization) or extrinsic factors (such as rewards), 
Marczewski hypothesized six main user categories: Socializers, 
Free Spirits, Achievers, Players, Disruptors, and 
Philanthropists [19, 20]. 
One problem with many traditional games is the fixed 
difficulty of each level. The difficulty is typically 
predetermined by the designers, regardless of the skill level of 
each player. For some players, this makes the game levels 
either extremely challenging or absurdly simple. Dynamic 
Difficulty Adjustment (DDA) is a method for resolving this 
issue [21]. DDA is one of the fundamental methods used in 
behavior analysis. It is a technique for instantly altering video 
game characteristics, scenarios, and behaviors based on a 
player's performance, keeping them from getting bored (when 
the game is too easy) or frustrated (when the game is too 
difficult). DDA aims to provide players a challenging 
experience while keeping them interested until the end [22]. 
In this paper, we provide an overview of the steps we took to 
create a gamified mobile health CBT intervention called 
Sokoon. Our goal is to reduce symptoms of depression (mild 
to moderate), anxiety, and stress in adults by leveraging the 
field of computerized cognitive-behavioral therapy. We aim to 
provide the best results by incorporating techniques such as 
gamification, which can attract users and encourage them to 
seek treatment. To further enhance the effectiveness of 
Sokoon, we incorporated the hexad theory to allow for 
customization based on different user types, and a dynamic 
difficulty adjustment algorithm to improve efficiency and 
results. By adding more personalization, we believe that 
Sokoon can be more effective in addressing the unique needs 
of each individual and helping them manage their symptoms 
of depression, anxiety, and stress. Our hope is that Sokoon can 
serve as a useful tool in the larger effort to improve mental 
health outcomes and increase access to evidence-based 
treatments. 
 

II. Literature Review 
Gamification has recently attracted more and more attention as a 
cutting-edge method of treating mental illness. Gamification 
techniques can be successful in enhancing mental health 
outcomes, such as decreasing symptoms of anxiety and 
depression [23]. A study found that gamified apps can reduce 
anxiety and enhance the impact of mobile interventions for health 
and well-being [24]. Another study suggests that the design of a 
gamified app, which incorporated game components like points, 
awards, and progress tracking, may have enhanced participants' 
motivation and engagement in meditation practice, contributing 
to the app's efficacy in reducing symptoms of depression [17]. 
Several studies have reported positive outcomes associated with 
gamified interventions for depression, anxiety, and stress, 

including increased motivation, engagement, and treatment 
adherence. It is clear from empirical evidence that gamification 
has a positive impact on mental health domains and is a 
revolutionary field to explore [25]. 
A growing body of research has demonstrated the potential 
benefits of combining gamification and cognitive-behavioral 
therapy (CBT) to develop engaging and effective mental health 
interventions. Several studies have shown that gamified CBT 
interventions can be successful in reducing symptoms of anxiety 
[12], depression [14, 15], and stress [16]. However, there is 
limited research on the use of gamification and the Hexad theory 
in CBT applications. Only one study [26] has utilized the Hexad 
theory with gamification components, but for diagnosis rather 
than treatment. Sokoon is one of the first applications to integrate 
these elements in a CBT intervention. 
Gamification has shown promise as a tool for treating depression, 
anxiety, and stress through cognitive-behavioral therapy (CBT). 
However, further research is needed to determine the most 
effective strategies for tailoring gamification elements to meet 
individual needs and preferences. To address this gap, this study 
proposes a gamified CBT approach for treating depression and 
anxiety that incorporates personalized gamification systems. 
This approach aims to improve therapy outcomes by using 
gamification components such as challenges, badges, levels, and 
prizes that are tailored to each individual's personality. The 
approach includes a dynamic difficulty adjustment algorithm that 
adapts to each user's skill to optimize engagement and 
effectiveness. 

III. Methods 
We have completed the pre-design phase for our application, 
which involved identifying our target audience as adults, with a 
particular focus on university students who may be more 
susceptible to depression and anxiety due to psychosocial factors 
[27]. During this phase, we consulted with psychiatrists to 
determine the necessary tasks and skills, and covered topics such 
as design, acoustics, visuals, and content creation. We also agreed 
on the name for the app, Sokoon, and developed the main layout, 
appearance, elements, and delivery method incrementally over 
several weeks of development. 
The first prototype of Sokoon includes four modules: Gratitude, 
Relaxation, Behavior Activation, and Cognitive Restructuring. To 
encourage engagement, we have incorporated gamification 
features, applying the Hexad theory to increase customization for 
each user's personality type. We have also utilized a dynamic 
difficulty adjustment algorithm (DDA) to adaptively change the 
difficulty level of the game. Our approach involved creating mini-
games, interactive workouts, and stories as part of an Android 
mobile application using the gamification features provided by a 
Unity (2D/3D) gaming engine [28]. Since the Unity engine is 
cross-platform, porting games to other platforms such as the web, 
PC, and iOS is easier. 
The methods we used to incorporate gamification into CBT 
procedures for Sokoon are described and discussed in the 
following sections. 
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A. Research Design 
This study uses a single-group pre-post design to evaluate the 
impact of sokoon on the treatment outcomes of adults with 
DASDs. The Patient Health Questionnaire-9 (PHQ-9) and the 
Generalised Anxiety Disorder-7 (GAD-7) will be completed by 
participants at baseline (pre-intervention) and right after the 
intervention. 
Research Question 1: 
The first research question for this study is: "In what ways does 
the use of Sokoon impact the treatment outcomes of adults with 
DASDs?" This question seeks to understand how the Sokoon 
intervention affects the overall treatment outcomes of individuals 
with DASDs. The study will measure changes in various 
outcomes, such as symptom severity, before and after the Sokoon 
intervention using the PHQ-9 and GAD-7. 
Research Question 2: 
The second research question for this study is: "To what degree 
can sokoon reduce depression, anxiety, and stress symptoms?" 
This question specifically focuses on the impact of the sokoon 
intervention on symptoms of depression, anxiety, and stress. The 
study will measure changes in these symptoms before and after 
the intervention using the PHQ-9 and GAD-7 to determine the 
degree to which sokoon can effectively reduce these symptoms in 
adults with DASDs.  
As described in more detail in the following sections, participants 
were chosen, instructed to use the program, and then results and 
feedback were gathered from their providers. 

1) SAMPLE SELECTION 
A random sample of 30 adults over the age of 18 was selected to 
participate in the study as shown in Tab. 1. Participants were 
administered the Patient Health Questionnaire-9 (PHQ-9) [29] to 
assess their level of depression and the Generalized Anxiety 
Disorder-7 (GAD-7) [30] to measure their level of anxiety. We 
excluded 15 participants who reported mild to moderate levels of 
depression and anxiety and retained the remaining 15 participants 
who reported low levels of depression and anxiety. 
The proposed model was then provided to the participants for a 
two-week trial period, as the psychiatrist overseeing the study 
recommended. At the end of the trial, results were collected 
manually via email. Five participants provided incomplete results, 
and their data were excluded from the analysis. The results of the 
remaining 10 participants were analyzed to assess the 
effectiveness of the proposed model. 

TABLE I 
INFORMATION ABOUT PARTICIPANTS. 

USERS AGE SEX ANXIETY 
DEGREE 

DEPRESSION 
 DEGREE 

 

USER1 21 F MODERATE  MILD  
USER2 35 M MODERATE  MODERATE  
USER3 21 F MILD MODERATE  
USER4 21 F MODERATE MILD  
USER5 25 F MODERATE MODERATE  
USER6 25 F MILD MODERATE  
USER7 25 F MODERATE MODERATE  
USER8 20 F MODERATE MODERATE  
USER9 21 F MILD MILD  
USER10 32 F MODERATE MODERATE  

 
2) ETHICAL CONSIDERATIONS 

Permission for the study was granted by the ethics committee at 
Mansoura University. Caregivers who agreed to participate in the 
study were provided with a detailed explanation of the study's 
purpose, methodology, risks, and benefits, and were asked to 
provide their informed consent before participating. Participants 
were informed that their participation was voluntary and that 
declining to participate would not have any negative 
consequences 

3) DATA ANALYSIS 
Means and standard deviations are examples of descriptive 
statistics, that were calculated to summarize the clinical 
characteristics of the sample, as well as the PHQ-9 and GAD-7 
scores at each time point (baseline, post-intervention). The 
amount of the intervention impact will be determined using 
Cohen's d-effect size estimates. We used Cohen's guidelines for 
interpreting effect sizes, where an effect size of 0.2 is considered 
small, 0.5 is medium, and 0.8 or higher is large [31]. 

B. THE THERAPEUTIC COMPONENTS 
In developing our app, Sokoon, we utilized cognitive behavioral 
therapy (CBT), which is an evidence-based therapy for the 
treatment and management of depression and anxiety [5]. CBT 
can be divided into various components, including different skills 
and learning objectives [12]. In order to determine which skills to 
include in our app, we conducted extensive research and 
consulted with a psychiatrist. This process was challenging, but 
ultimately helped us to identify the most effective therapeutic 
components to incorporate into Sokoon. 

C. GAMIFICATION ELEMENTS AND HEXAD THEORY 
We used the HEXAD framework to identify six user types, where 
there are several personalities into which the users are divided, 
the player, socializer, free sprite, achiever, Philanthropist, and 
disruptor, which makes the experience more customized to the 
user. There are several widely acknowledged key gamification 
components and hexad theory techniques that are covered in 
depth elsewhere [19,20]. 
In Tab. 2, we'll go through how we included gamification 
elements for every user personality based on hexad theory into 
our app, Sokoon. 

TABLE 2 

GAMIFICATION ELEMENTS USED IN SOKOON. 

Gamification elements Used in Sokoon User type 
Points Points are earned daily in each 

game and activity. 
Users can save them and spend 
them in “the home” game, 
avatar customization, and open 
message in message for your 
page,  

Player 

Badges When finishing any planet. Player 
Customization Users can customize their 

avatars. 
Free sprite 

Anonymity The user has the ability to hide 
his name. 

Disruptor 

Anarchy The user can burn all his 
progress on all planets at any 
time and start again. 

Disruptor 
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Levels In the “positive word” game. Achiever  
Random rewards In all planets. For all user 

type. 
 

D. DYNAMIC DIFFICULTY ADJUSTMENT(DDA) 
We added Dynamic Difficulty Adjustment (DDA) to a game that 
was played as a part of the intervention. The game's goal was to 
enhance cognitive abilities, and DDA was used to adjust the 
difficulty level to each player's performance and skill level. 
Level difficulty can be dynamically changed at runtime using a 
method known as Reference Player's Difficulty (RPD) [21]. RPD 
is a particular method that falls within the DDA umbrella. To 
determine the beginning value of Difficulty with equation.1 in the 
PRD approach, the user should complete the first level. The 
difficulty for the user at the following level will be reduced if the 
RDP >= 0.5; otherwise, the difficulty will be increased. 
RDP = (The Best Score for the first level−User′s score for the first level)

Best Score for the first level
      

Example: If the user's score for the first level is 15 and the best 
score is 30, then the RDB is calculated as follows. 

𝑅𝑅𝑅𝑅𝑅𝑅 =
(30− 15)

30   = 0.5 

The next level's difficulty will then be lowered so that the user 
can become more involved.   
The ideal scenario is to get an ease score of 0.5 or close to it, 
suggesting that the proposed task is appropriate for the current 
user. 
We applied this on the positive planet. We gave more details on 
how to apply this in the positive planet in the following section. 
E) THE PROPOSED MODEL(SOKOON) 
Our proposed model aims to assist individuals suffering from 
depression, anxiety, and stress, with a specific focus on 
psychopaths, by utilizing cognitive behavioral therapy (CBT) 
skills such as cognitive restructuring, relaxation, self-love, 
socialization, behavior activation, gratitude, and problem-solving. 
We incorporate gamification techniques, the user hexad therapy, 
and the DDA algorithm into our model to enhance its 
effectiveness. 
In our prototype, we will introduce and explain four of the CBT 
skills that we have selected: cognitive restructuring, relaxation, 
behavior activation, and gratitude [32]. These skills were chosen 
based on their proven effectiveness in treating depression, anxiety, 
and stress, and are expected to have a positive impact on the 
target population. 
To make the CBT skills more engaging and enjoyable, we 
designed them in the form of planets. Each skill was assigned a 
planet, which contains a set of activities and games related to that 
particular skill. Our goal was to create a fun and interactive 
experience for users and to prevent them from feeling bored or 
disengaged while using the app. 
Let me explain each step of our Arabic language model designed 
to help individuals in Arabic countries dealing with depression, 

anxiety, and stress, with the aid of figures. At every stage of the 
application, we collected and stored specific data for different 
purposes, which I will explain. 
The first page of our application is the registration page, where 
we collect essential data such as the user's username, age, gender, 
and user avatar, as shown in Fig. 1(a). The age must be stated as 
eighteen years or older, and we save each user's data to aid us in 
behavior analysis. Once the user has entered their data, the 
application verifies that the age is over eighteen years old and that 
all data has been entered. Afterward, the user can proceed to the 
second page, which is the gamified user type test, as shown in Fig. 
1(b). Once the registration phase is complete, the main page is 
loaded, as shown in Fig. 1(c). 
we include a gamified user type test that is used by Andrzej 
Marczewski [19] to classify users in a gamified system. The test 
consists of 24 questions, and each question has seven options, 
each with a score ranging from strongly agree (3) to strongly 
disagree (-3). The questions are designed to evaluate the user's 
personality type in gaming, and they cover a range of topics, such 
as helping others, trying new things, following rules, being part of 
a community, mastering difficult tasks, and winning prizes. By 
answering the questions and scoring each option, the user's 
personality type can be classified into one of several categories, 
including Philanthropists, Socializers, Free Spirits, Achievers, 
Players, and Disruptors. 
In our model, we incorporate various gamification elements such 
as badges, customization, levels, points, and prizes, which are 
listed in Tab. 2. 

 

 
FIGURE 1. Registration pages and the main page of the app. (Design Credits: 
The author). 

HOW IS THE GAMIFIED USER TYPE RESULT CALCULATED 
BASED ON HEXAD THEORY? 
The Hexad theory was used to categorize users into six different 
types based on their motivation for playing games. As part of 
the registration process, each user was given a Hexad theory test 
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consisting of 24 questions (as shown in Fig. 1(b)) to determine 
their gamified user type. Fig. 2 displays the four questions 
pertaining to each user type. 
For each user type (Socializer, Philanthropist, Free sprite, 
Achiever, Disruptor, Player), identify the four questions 
associated with that type. 

a) For each question in the Hexad theory test, assign a 
numerical value ranging from 1 to 7 to each possible 
answer (1 = strongly disagree, 7 = strongly agree). 

b) For each user, record their response to each question in 
the Hexad theory test. 

c) For each user type, sum the numerical values of the 
four questions associated with that type to obtain a 
total score for that type. 

d) Calculate the sum of the numerical values for all 24 
questions in the Hexad theory test to obtain a total 
score. 

e) For each user type, divide the total score for that type 
by the total score for all 24 questions and multiply the 
result by 100 to obtain a percentage score. 

f) Display the percentage score for each user type to the 
user in the Sokoon application interface Fig. 3. 

 
FIGURE 2.  The Gamification User Types Hexad Scale items. Adapted from [20]. 

 
FIGURE 3. The result of the test. (Design Credits: The researcher). 

 
The main page of the application is divided into three parts, as 
depicted in Fig. 1(c). At the top of the page, the user's name, 
avatar photo, and app coin called "nour" are displayed. The 
main page itself comprises seven planets, each serving a 

specific purpose, which are the self-love planet, problem-
solving planet, positive planet, relaxation planet, gratitude 
planet, activities planet, and social planet. 
The main icon contains: 

a) Positive messages: the app features positive messages, 
and clicking on the message icon displays a new 
positive message every time. 

b) Depression test (PHQ-9) (Fig. 4): this test is not a 
screening tool for depression, but it is used to track the 
degree of depression and the effectiveness of its 
treatment [29]. 

c) Anxiety test (GAD-7) (Fig. 5): this test is one of the 
strategies that can be employed to detect anxiety or 
evaluate its severity [30]. 

d) Badges page (Fig. 6): this page displays all the badges 
that the user has earned. Users can earn more badges 
by playing more games. 
 
 

 
FIGURE 4. Depression test [29]. (Design Credits: The researcher). 

 

 

 

 
FIGURE 5. Anxiety test(GAD-7) [30]. (Design Credits: The researcher). 
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FIGURE 6. Badges page. (Design Credits: The researcher). 

As a prototype, we are focusing on only four planets: the Positive 
Planet, the Relaxation Planet, the Gratitude Planet, and the 
Activities Planet. 

1) THE POSITIVE PLANET 
This planet focuses on cognitive restructuring skills. Negative 
emotions, along with their physical and behavioral effects, can be 
changed using the cognitive restructuring technique. This 
involves identifying the false negative beliefs that underlie 
negative emotions and replacing them with more positive coping 
concepts [33]. 
Based on this technique, we developed an activity that helps 
patients replace distorted thoughts with positive ones when they 
are exposed to negative situations. Figure 7 illustrates the steps of 
thought analysis used in our app, which are explained in more 
detail in Appendix A. 

 
FIGURE 7. Record thoughts on the positive planet. (Design Credits: The author) 
Appendix A. 

This planet also features a game called the Positive Word Game 
(see Figure 8). The game presents a collection of positive and 
negative words within a limited time, after which the words 
disappear and a new collection of words appears. The player's 
goal is to collect as many positive words as possible before they 
disappear. To enhance the player's experience, we applied a 
DDA algorithm in the game. 
HOW IS DDA APPLIED ON THE POSITIVE PLANET? 
We implemented a dynamic difficulty adjustment (DDA) 
algorithm in our gamified CBT application to personalize and 

adapt the difficulty level of the game based on the user's 
performance and preferences. We used Reference Player's 
Difficulty (RPD) to calculate the initial difficulty level after the 
user played the first level and divided the resulting range into four 
ranges based on the user's performance.  
The Algorithm steps: 

a) Calculate the Reference Player's Difficulty (RPD) 
for the first level based on the user's performance 
using Eq.1. 

b) Divide the resulting range (difficulty) into four 
ranges: 0 to .25, .25 to .5, .5 to .75, and .75 to 1. 

c) If the RPD falls in the first range (0 to .25), increase 
the number of words or the time limit for the next 
level to make it harder. 

d) If the RPD falls in the second range (.25 to .5), 
move the user to the next level without any 
adjustments. 

e) If the RPD falls in the third range (.5 to .75), ask the 
user to replay the same level for more practice 
without moving to the next level. 

f) If the RPD falls in the fourth range (.75 to 1), ask 
the user to replay the same level with an increased 
time limit to make it easier. 

g) Repeat steps 1-6 for each subsequent level. 
h) Collect data on the user's performance, satisfaction, 

and mental health outcomes using surveys. 
i) Use the collected data to evaluate the effectiveness 

of the DDA algorithm over a period of two weeks. 
 
 
 

 
 
 
 
 
 
 
 
 
 
 

FIGURE 8. The positive word game. (Design Credits: The author) 
2) RELAXATION PLANET 

This planet focuses on relaxation skills and includes breathing 
exercises Fig. 9(c), relaxation videos, and a relaxation game. 
The relaxation game involves collecting a series of stars while 
listening to relaxing music Fig. 10(b). 
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FIGURE 9.  Breathing exercises in the relaxing planet. (Design Credits: The 
authors). 

 

FIGURE 10. relax game in relax planet. (Design Credits: The 
authors). 

3) GRATITUDE PLANET 
This planet features three games, including the examples shown 
in Fig. 11 (b and c), which are designed to help users focus on 
positive aspects of their lives, such as blessings, family, and 
good memories. Each game involves collecting a series of 
flowers using a butterfly. When the butterfly lands on a flower, 
a gratitude sentence appears, and the player earns points. To 
achieve a high score, the player must collect all of the flowers 
without missing any. 

 
FIGURE 11. gratitude game. (Design Credits: The authors). 

4) BEHAVIOUR ACTIVATION PLANET 
Individuals with depression often experience reduced interest in 
routine activities and a decreased capacity for pleasure [34]. To 
address this issue, we have incorporated a simple feature into 
our app that suggests different activities for the user to try (Fig. 
12). These suggestions can help users discover new hobbies and 
interests, potentially improving their mood and overall sense of 
well-being. 

 
FIGURE 12. behavior activation planet. (Design Credits: The authors) 

IV. Results 

A. The usability metrics results (based on Nielsen Norman Group). 
The usability metrics for Task 1 (Registration) and Task 2 were 
calculated according to the Nielsen Norman Group [35]. For 
Task 1, the Task Success Rate was 100%, indicating that all 
users who attempted to register were able to finish the task 
effectively. The User Satisfaction for Task 1 was 5.3, which is 
the average satisfaction rating given by users after completing 
the registration task on a scale of 1 to 7. The Average Task 
Time for Task 1 was 2.23 minutes, which is the average time 
taken by users to complete the registration task. The Time-
Based Efficiency for Task 1 was 52%, which measures the 
percentage of time users spent actively completing the task as 
opposed to waiting for the system to respond or load. The 
Average Error Occurrence Rate for Task 1 was 0.05, which is 
the average number of errors encountered per user while 
attempting to complete the registration task. 
For Task 2, the Success Score was 81.5, which is a measure of 
the overall success rate of the task, taking into account both 
completed and partially completed attempts. The Average Task 
Time for Task 2 was 1.85 minutes, which is the average time 
taken by users to complete the task. The Average Error 
Occurrence Rate for Task 2 was 0.13, which is the average 
number of errors encountered per user while attempting to 
complete the task. The Time-Based Efficiency for Task 2 was 
43%, which measures the percentage of time users spent 
actively completing the task as opposed to waiting for the 
system to respond or load. The Average Satisfaction (SEQ) for 

The 6th Engineering in Biomedical and Rehabilitation & Home Conference(EBRC&HOME), Tokyo, Japan, June 24-28, 2024

191



8 VOLUME XX, 2017 

Task 2 was 5.7, which is the average satisfaction rating given by 
users after completing the task on a scale of 1 to 7, using the 
Single Ease Question (SEQ) method. Fig. 13 summarizes the 
usability metrics applied.  
Overall, the findings show that users were able to successfully 
complete both activities with high success rates and low error 
occurrence rates. Additionally, the users were able to finish the 
jobs quickly based on the low average task times. The Time-
Based Efficiency for both jobs, however, was comparatively poor, 
indicating that consumers had to wait a long time for the system 
to reply or load. Both exercises had above-average User 
Satisfaction scores, demonstrating that users were generally 
happy with their experience performing the assignments. 

 
FIGURE 13. Usability metrics of Sokoon. 

B. Participants Results. 
The average participant age was 24.6 years (SD = 5.12). The 
results showed that Sokoon's participants had a significant 
reduction in symptoms of depression and anxiety after using the 
application as shown in Fig. 14. with a large effect (d=2.5, 
d=3.3) for depression and anxiety based on the PHQ-9 test and 
GAD-7 test results. From the pretest to the posttest, the 
participants' anxiety symptoms were less severe (M = 10.8, SD 
=2.44 vs. M = 3.7, SD = 1.8), Likewise, their depressed 
symptoms decreased (pretest: M = 10.9, SD = 2.18), (posttest: 
M = 4.8, SD = 2.61).   
The Hexad theory test was used to improve the gamification 
features of a CBT application designed to promote mental 
health and well-being. The test was administered during the 
registration process and used to categorize users into six Hexad 
types based on their motivation for playing games. 
The results of the study showed that gamification features 
tailored to each Hexad type can improve user engagement, 
motivation, and retention in the CBT exercises. The majority of 
users belonged to the "Achiever" and "Philanthropist" user 
types Fig. 14, demonstrating their motivation to utilise the 
service through collaborative engagement and achievement. 

 

A. Performance Metrics 
Based on how well the players performed, the game's difficulty 
level was modified using the DDA algorithm. The initial level 
of difficulty was set based on the performance of a reference 
player who had achieved the target level of performance. The 
algorithm then adjusted the difficulty level based on the 
performance of each participant. 
Our results showed that both the DDA algorithm were effective 
in adapting the difficulty level of the game to each 
user's needs and preferences. and resulted in higher levels of 
motivation, engagement, and satisfaction with the game 
mechanics and content. We noticed that Participants spend more 
time in positive planet game over other planets. By applying the 
RPD to our game, we can potentially create a more personalized 
and engaging experience for our users, which can help to 
promote learning and skill development.  We also found that the 
users showed improvements in their mental health outcomes 
over the course of the study. 
Overall, these results suggest that the sokoon intervention may 
be an effective treatment for reducing symptoms of anxiety, 
stress, and depression but to verify these results and investigate 
the intervention's long-term consequences, additional study is 
required. 

B. Comparison with similar apps 
In Tab. 3, a comparison was made with other applications that 
applied gamification in their interventions. Sokoon had a 
significant effect size compared to them, as it applied a DDA 
algorithm in its intervention for the first time, highlighting the 
potential benefits of using such techniques in interventions. 

TABLE 3 
COMPARISON OF EFFECT SIZES IN INTERVENTIONS USING GAMIFICATION: 

SOKOON VS. OTHER APPLICATIONS. 
The study N Cohen’s d (Effect size) 

 Depression Anxiety 
Sokoon 10 2.5 3.3 
MTPhonix [14] 40 1.02 N/A 
Sparx [15] 50 .6 N/A 
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mindfulness 
meditation [17] 

30 .28 N/A 

    

V. Discussion 
 
Mental illnesses such as depression, anxiety, and stress have 
spread widely among adults, and for several reasons, there is no 
interest in going to a psychiatrist, including that psychological 
treatment is expensive and requires a lot of time, follow-up, and 
feelings of shame, which made the problem exacerbate. The 
mental illness may be in an early stage from mild to moderate, 
and lack of interest makes it get worse. Sokoon is an app for 
treating patients with mild to moderate anxiety, depression,  and 
stress based on gamified CBT. This does not mean replacing 
psychiatrists, but it is a quick and helpful solution. Compared to 
previous studies that applied cognitive-behavioral therapy and its 
skills, we added more skills and applied the Hexad theory to 
make the gamification experience more customized, unlike 
previous studies that were content with gamification on a regular 
basis. We also applied dynamic difficulty adjustment Algorism to 
one of the games to make the experience far from boring or 
difficult. To our knowledge, this is the first study of its kind that 
applies the Hexad theory and combines DDA with CBT to reduce 
symptoms of stress, anxiety, and depression. 
    A study was carried out to examine the function of CBT in the 
management of mental disorders., the most applied skills, and 
how to apply them to obtain the best results, with some notes 
obtained by asking the psychiatrist and then these observations 
were incorporated to be applied in the application. The 
experiment was conducted on a sample of adults with mild to 
moderate degrees of depression and anxiety. The results of the 
study indicate a decrease in the percentage of depression and 
anxiety. A usability metrics was made on the data that was 
collected using the application for the volunteer category by 
collecting it by sending it via e-mail while people used the 
application, and it was discovered that the design was effective 
and obtained high user satisfaction. In short, sokoon reduced the 
symptoms associated with depression and mild to moderate 
anxiety, and applied gamification and the hexad theory increased 
interaction and engagement. 
In response to the first research query that looked at how Sokoon 
impacted adults with depression and anxiety, it was noted that the 
gamification feature led to increased engagement and motivation. 
The combination of hexad theory with gamification provided a 
comprehensive framework for delivering treatment according to 
the individual's specific needs. 
To answer the second research question, to what extent does 
Sokoon reduce symptoms of depression and anxiety? We made 
the volunteers do depression and anxiety tests (PHQ-9 and GAD-
7) before and after using the application, and we collected the 
results as shown in Figure 17. This shows that Sokoon had a 
major role in making a difference in the psychological state of the 
volunteers. 
    comments from volunteers included that they liked the shorts 
game, the design, the music we used, and the procedure for 
obtaining prizes and badges. Some also say that using the 
application helped them improve their mood in real time and 

loved using it. 
During the testing procedure, Sokoon's drawbacks were 
discovered. Our system only supports the Arabic language, as we 
took care of introducing it to Arab countries, future versions can 
add more languages to make the app widely used. Because this 
study uses a single-group pre-post design, there is a lack of a 
control group. In future research, a randomized controlled trial 
with a control group could be used to further investigate the 
effectiveness of this intervention. Not all gamification elements 
have been applied due to the difficulty of applying them, such as: 
leaderboards, sharing to social media, teams, and others. As a 
prototype, we did not activate all the cognitive-behavioral therapy 
skills that we mentioned and there were a few games, as future 
versions can activate all the skills, which increases the 
improvement of cases and gives the experience a lot of pleasure 
and adds more games that make the experiment more fun. As the 
application includes some but not all components of evidence-
based CBT, it cannot be independently relied upon to effectively 
recover from depression, anxiety, and depression, in the future, 
we can further enhance the application by incorporating 
additional CBT skills and techniques. The sample used was close 
in age and most of them were female. In the future, it is possible 
to apply it to a larger sample with more different age groups. A 
larger sample size would be needed to confirm the findings of this 
study and to generalize the results to the larger population. While 
our DDA algorithm was effective in adapting the difficulty level 
of the game based on the user's performance and preferences, 
there is still room for improvement. Future research could explore 
more advanced algorithms, such as deep reinforcement learning, 
to learn more complex and nuanced patterns in the user's behavior 
and provide a more personalized and adaptive experience. The 
psychiatrist can be involved in the application, where patients 
who want more treatment can communicate and follow up with 
the psychiatrist, and the psychiatrist can follow the patient's page 
to see the progress in his psychological condition. Despite these 
drawbacks, the study will still be helpful to discover more about 
the possible advantages of Sokoon for treating people's symptoms 
of stress, anxiety, and depression. 

VI. Conclusions 
This paper's objective is to review the supporting data for the 
efficacy of CBT in treating DASDs and to explore the potential 
for gamifying CBT to enhance its efficacy. We describe the 
approach we have taken in designing sokoon, a mobile 
application that applies CBT skills as a set of planets and uses 
gamification to increase adult engagement and applies hexad 
theory to increase customization with dynamic difficulty 
adjustment to help adults with DASDs. Gamifying CBT appears 
to increase engagement and motivation, and to reduce the time 
and cost of treatment. Gamified CBT interventions that target 
hexad theory may be more effective than traditional CBT 
interventions. Hexad theory provides a framework for 
understanding how game elements can be used to motivate 
people. When combined with CBT, gamification can be used to 
improve engagement with the treatment and to accelerate the 
treatment process. This event could lead to greater adherence to 
CBT, more effective treatment outcomes, and improved quality 
of life for people suffering from depression, anxiety, and stress. 
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By harnessing the power of gamification and the hexad theory, 
CBT can be used more effectively to help people overcome 
these barriers and live healthier lives. 
Evaluation of the use of this application by adults felt it was 
practical and simple to use, and the application showed effective 
results in improving the psychological state of adults after using 
the application, which was determined by the depression and 
anxiety scale (PHQ-9, GAD-7) before and after using the 
application. We also used usability metrics to assess the 
efficiency, effectiveness, and satisfaction of adults who used the 
app. This show how easy and effective the app is for users as 
the results show.  Outside of scheduled therapy sessions, sokoon 
expanded access to evidence-based CBT techniques in a format 
that was well-liked and utilized by adults. We used several 
techniques we thought would result in a better outcome such as 
gamification, hexad theory and DDA. To create a more 
engaging experience, we used the Hexad theory for 
personalizing gamified systems to users’ personalities. This 
added a type of customization for each user, as the appropriate 
gamification elements were selected for each user's personality.  
The usefulness of sokoon should also be investigated for 
additional outcomes, such as suicidal ideation, and in 
understudied populations, such as older persons. Further 
research is needed to investigate the mechanisms by which 
gamification enhances CBT for depression, anxiety and stress, 
and to develop and test more effective gamified CBT 
interventions. It is anticipated that this technology will advance 
in the next years, making it easier for people to obtain therapies 
in the manner that most suits them. 
In conclusion, our study has provided a foundation for future 
research and development in gamified CBT applications using 
DDA and other advanced algorithms. We hope that our findings 
will inspire further exploration and innovation in this field to 
improve the mental health outcomes of individuals suffering 
from depression, anxiety, and stress.  
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APPENDIX A 

Thought recording steps in the positive planet.  [from Psychologist] 
1.What situation have you been exposed to or the idea controlling 
you? 
2.What do you do in this situation? 
3.What are the feelings that accompanied you? 
4.Rate the intensity of your feelings from 1 to 10. 
5. How much do you believe in the idea? And what is the 

evidence behind it? What is the evidence against it? 
6.After reviewing the evidence, how much do you believe in the 

idea? 
7.Is there another explanation for the situation other than your 

own? 

8.Replace all your negative thoughts with positive, accurate 
affirmations. 

9.How are you feeling now? Rate your feelings from 1 to 10. 
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Abstract— This study investigated variation in brain activation 
during action observation with motor imagery (AOMI) by 
examining the influence of sound and motion visibility, utilizing 
functional near-infrared spectroscopy (fNIRS). the final analysis 
included 28 healthy participants who observed videos on 
handwashing and mentally simulated the depicted actions. AOMI 
showed that the greatest number of activated channels occurred 
under the video condition with sound and unrestricted motion 
visibility up to the elbow. Furthermore, videos without sound 
exhibited higher peak values and reached peak activation more 
rapidly compared to videos with sound. By comparing brain 
activation under different video conditions, this study could 
provide insights into optimal video conditions to facilitate brain 
activation, which could be utilized in future rehabilitation 
interventions employing AOMI and offering more effective video 
conditions. 

I. INTRODUCTION 
Action observation involves purposefully watching 

meaningful actions in videos, intending to imitate them [1, 2]. 
Motor imagery is defined as a dynamic state where individuals 
mentally engage in a specific action, experiencing it as if they 
were physically executing it [3]. Similar brain regions, 
including the bilateral premotor cortex and parietal lobes, are 
activated during both action observation and motor imagery [4]. 
While traditionally studied independently or comparatively [5], 
recent research increasingly underscores the combined effects 
of action observation and motor imagery [6]. 

Combined action observation and motor imagery (AOMI) 
entails the simultaneous observation of actions presented in 
videos and the mental imagining of the effort and sensations 
required to perform those actions [7, 8]. This methodology is 
employed in treating individuals with impaired motor functions, 
such as those with Parkinson's disease or developmental 
coordination disorders, and its intervention effects have been 
validated [9]. AOMI research primarily focuses on the 
intervention effects in clinical groups or refining the 
combination of methods [6]. Despite AOMI involving 
observation through videos, there is limited research on video 
parameters compared to action observation. 

The parameters of videos are essential since they are linked 
to the most efficient modulation methods for stimulating the 
motor system [10]. Additionally, in research comparing first-
person and third-person perspectives in action observation, it 
has been noted that the extent of brain activation varies based 
on video parameters, underscoring the importance of these 
parameters [11]. 

In this investigation, our objective was to explore video 
parameters, specifically focusing on the presence of sound and 
motion visibility. Despite the prevalent use of videos with 
sound in the majority of action observation studies [12], there 
is a scarcity of research on sound as a video parameter. 
According to a previous study, sound plays a role in enhancing 
motor learning by establishing a robust auditory-motor 
coupling [13]. Furthermore, in a study on action observation for 
gait rehabilitation, significant performance improvements were 
observed when participants viewed videos with sound 
compared to those without sound [14]. However, contrasting 
findings emerged in an electroencephalography (EEG) study, 
where videos without sound were found to be more effective in 
activating the mirror neuron system [15]. The activated brain 
areas may undergo meaningful functional changes due to 
neuroplasticity during the intervention period [16]. In 
conclusion, existing research has not produced consistent 
results. 

Moreover, recent studies utilizing transcranial magnetic 
stimulation (TMS) have revealed an enhancement in cortical-
spinal excitability when the observer's gaze is allowed to move 
freely, as opposed to a fixed gaze condition [17]. Ito et al. [18] 
validated that restricted motion visibility was more efficacious 
in increasing cortical-spinal excitability compared to 
unrestricted motion visibility in their investigation focused on 
walking activities. However, there is currently no study 
exploring the disparity in brain activation between restricted 
and unrestricted motion visibility when observing upper limb 
activities. Hence, to discern effective video parameters, it is 
imperative to investigate the variations in brain activation 
associated with the presence of sound and motion visibility in 
videos. 

On the other hand, the TMS or EEG studies discussed earlier 
involve simple actions like thumb opposition, diverging from 
the intricate, daily-life movements emphasized in rehabilitation 
interventions. The latter frequently adopts task-oriented 
approaches that concentrate on multi-joint movements [19]. 
Consequently, there is a demand for research on activities 
within a task-oriented context. On another note, brain imaging 
techniques such as EEG, functional magnetic resonance 
imaging (fMRI), and functional near-infrared spectroscopy 
(fNIRS) are employed to observe brain activation. Among these, 
fNIRS stands out as a non-invasive device for monitoring 
hemodynamic responses, recognized for its portability and 
exceptional temporal resolution, which makes it widely utilized 
in measuring brain activation [20]. 
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Hence, in this study, fNIRS was utilized to assess and 
compare the influence of sound and motion visibility in AOMI 
on brain activation. The objective was to pinpoint the most 
effective video parameter for enhancing brain activation. The 
outcomes have the potential to validate effective video 
parameters and underscore their significance. Moreover, 
insights into the optimal application of AOMI can offer 
guidance for effective interventions in clinical settings. By 
focusing on the upper limbs, unlike previous research, this 
study contributes to the field of upper limb motor rehabilitation 
research. 

II. METHODS 

A. Participants 
This study involved the participation of thirty healthy adults 

(mean age = 21.1 years, 20 females (66.7%)). Inclusion criteria 
stipulated that participants must have had no impairment in 
vision or hearing and should be capable of understanding 
linguistic instructions. Exclusion criteria encompassed 
individuals diagnosed with psychiatric or neurological 
disorders and those with an aversion to computer use. 

B. Stimuli 
In this study, the video employed for AOMI focused on 

activities of daily living (ADLs) and specifically featured a 
recording of the handwashing activity corresponding to basic 
activities of daily living (BADLs). The handwashing activity 
video adheres to the guidelines provided by the Korea Disease 
Control and Prevention Agency for 'Proper Handwashing' [21], 
with each video having a duration of 30 seconds. 

The videos in this study are categorized into four conditions: 
(1) Videos with sound and restricted motion visibility up to the 
wrist (Sound & Wrist; SW); (2) Videos with sound and 
unrestricted motion visibility up to the elbow (Sound & Elbow; 
SE); (3) Videos without sound and restricted motion visibility 
up to the wrist (No sound & Wrist; NSW); and (4) Videos 
without sound and unrestricted motion visibility up to the elbow 
(No sound & Elbow; NSE) (Fig. 1). 

 

 
Fig. 1  The Video conditions. (a) SW; (b) SE; (c) NSW; (d) NSE 

 

C. Procedure 

In a relaxed state, participants observed videos under four 
conditions while wearing fNIRS. Throughout video observation, 
participants were guided to mentally simulate performing the 
actions portrayed in the videos. Prior to video observation, a 10-
second baseline was recorded. During this baseline 
measurement, participants were instructed to rest while 
focusing on a fixation cross displayed on the computer monitor. 
Each handwashing video had a duration of 30 seconds, followed 
by a 30-second rest period between videos and a 1-second 
preparation time before the commencement of each video (Fig. 
2). The sequence of the videos was randomly assigned by 
generating a random number using the Python programming 
language from a pool of 24 different videos with distinct 
sequences. 

 

 
Fig. 2  Stimulus timing 

D. Outcome measurement 
The assessment of brain activation involved measuring eight 

channels strategically positioned in areas associated with action 
observation and motor imagery, specifically the dorsolateral 
prefrontal cortex (DLPFC), dorsal premotor cortex (DPMC), 
and ventrolateral premotor cortex (VLPMC) [4]. The criteria 
for cortical regions based on the positions of the eight fNIRS 
channels are detailed in Table 1. The average values of 
oxygenated hemoglobin (HbO2) obtained from the eight fNIRS 
channels underwent processing using Oxysoft 3.2.51.4 (Artinis 
Medical Systems, Netherlands), employing a low-pass filter 
with a cutoff frequency of 0.5 Hz applied to the measured 
signals [22]. 

Moreover, considering physiological delays in 
hemodynamic responses, the initial 5 seconds during the video 
observation period were excluded. To avoid anticipated 
responses at the end of the video, the last 5 seconds were also 
excluded. Additionally, the initial 5 seconds before the video 
start were excluded from the 10-second baseline period to 
prevent anticipated responses [23]. 

TABLE I 
CORTICAL REGION CRITERIA BASED ON CHANNEL LOCATIONS 

Region Channel Region Channel 

Rt DLPFC T1 Lt DLPFC T5 
Rt DPMC T2, T3 Lt DPMC T6, T8 
Rt VLPMC T4 Lt VLPMC T7 
Rt: right; Lt: left; DLPFC: dorsolateral prefrontal cortex; DPMC: 
dorsal premotor cortex; VLPMCL ventrolateral premotor cortex 

E. Statistical analysis 
This study utilized SPSS version 22.0 (SPSS Inc., USA) to 
analyze the changes in brain activation across video conditions. 
Paired sample t-tests were applied to all channels to evaluate 
the contrast between each of the four conditions and the 
baseline. Furthermore, the alterations in brain activation during 
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AOMI were visually examined through graphs generated in 
Microsoft Excel (Microsoft, Redmond, WA, USA). 
 

III. RESULTS 
Due to measurement issues with the fNIRS device, data from 

two participants were excluded, leading to a total analysis 
involving 28 participants. To exclude the possibility of the 
video condition order influencing the results, the order was 
randomly arranged, and no significant differences were 
observed across conditions. 

A. Comparison of Brain Activation Channels by Videos 
Conditions 

In comparison to the baseline, the condition that 
demonstrated the highest activation across channels was the 
video featuring sound and unrestricted motion visibility up to 
the elbow (Table 2). Furthermore, activation was noted in the 
DLPFC and VLPMC regions. 

B. Time-series Data Across Video Conditions 
The data included peak values and the time taken to reach the 

peak for each video condition. The video condition with the 
highest peak value was the one without sound and unrestricted 
motion visibility up to the elbow. Additionally, the video 
condition that reached the peak value the fastest was the one 
without sound and restricted motion visibility up to the wrist 
(Fig. 3). This suggests that videos without sound exhibited 
higher peak values and reached the peak faster compared to 
videos with sound. 

 
Fig. 3 Time-series data across video conditions 

IV. DISCUSSION 
The primary aim of this study was to explore differences in 

brain activation during AOMI, specifically investigating the 
impact of sound and motion visibility in videos using fNIRS. 
The findings indicated that more areas associated with AOMI 
were activated in videos with sound and unrestricted motion 
visibility up to the elbow, in comparison to other conditions. As 
cognitive demands increased, there was a corresponding rise in 
the activation of brain regions, suggesting greater neural 
recruitment in the relevant areas [24]. Consequently, this 
investigation sought to identify conditions that exhibited 
significantly higher activation in regions related to AOMI 
compared to the baseline, with a particular focus on the DLPFC, 
DPMC, and VLPMC. 

Concerning the presence or absence of sound, the outcomes 
of this study are consistent with a prior investigation suggesting 
that the presence of sound establishes a robust auditory-motor 
coupling, enhancing motor learning [13]. However, it 
contradicts previous findings from an EEG study, which 
proposed that observing videos without sound is more effective 
in activating the mirror neuron system compared to observing 
videos with sound [15]. The inconsistency in these results may 
be attributed to differences in measurement sites. The activation 

TABLE IIIII 
COMPARISON OF BRAIN ACTIVATION CHANNELS BY VIDEO CONDITIONS (N = 28) 

 SW vs. Baseline SE vs. Baseline NSW vs. Baseline NSE vs. Baseline 

 t p t p t p t p 

T1 1.758 0.09 3.24 0.003 2.263* 0.032 2.345* 0.027 

T2 -0.029 0.977 0.227 0.822 -0.699 0.491 -0.221 0.827 

T3 -1.083 0.288 -0.623 0.539 -0.996 0.328 -0.686 0.498 

T4 1.461 0.155 2.548* 0.018 2.012 0.054 1.183 0.247 

T5 2.624* 0.014 2.548* 0.017 2.545* 0.017 2.459* 0.021 

T6 0.676 0.505 0.085 0.933 0.561 0.579 0.987 0.333 

T7 2.549* 0.017 2.578* 0.016 2.489* 0.019 3.045** 0.005 

T8 1.619 0.117 1.3 0.205 1.743 0.093 1.848 0.076 

*p < 0.05, **p < 0.01, SW: Sound & Wrist, SE: Sound & Elbow, NSW: No sound & Wrist, NSE: No sound & Elbow 
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of the mirror neuron system typically progresses from the 
occipital cortex to the superior temporal region, inferior parietal 
lobule, Broca's area, and finally, the primary motor cortex [25]. 
Notably, previous EEG studies focused on the primary motor 
cortex and primary somatosensory cortex as measurement 
locations, diverging from the DLPFC area measured in this 
study, which corresponds to Broca's area. Additionally, it is 
crucial to consider the temporal disparity in the measurement 
periods between the previous EEG study (2 to 4 seconds) and 
the fNIRS measurement period in this study (30 seconds). 

On the other hand, the findings of this study concerning 
motion visibility contradict a prior discovery that showcased 
the effectiveness of videos illustrating movements up to the 
ankle, particularly when comparing brain activation between 
videos displaying the lower half of a person walking and videos 
depicting motion up to the ankle [18]. Conversely, according to 
the attention field theory, neuron firing rates increase more 
significantly when stimuli are larger compared to when they are 
smaller. This aligns with the outcomes of our study, where brain 
activation in the unrestricted motion visibility up to the elbow, 
representing relatively larger stimuli, was higher. Nonetheless, 
additional investigation is warranted to substantiate the 
differences in brain activation between the upper and lower 
extremities based on various motion visibilities. 

In the time series analysis, it was observed that videos 
without sound exhibited higher peak values and reached the 
peak faster compared to videos with sound. The elevated HbO2 
levels reaching the peak more rapidly indicate individuals 
efficiently utilize brain resources when confronted with 
challenging cognitive tasks [26]. Consequently, this study 
scrutinized peak values and the time taken to reach the peak for 
each condition. The results revealed that videos without sound 
reached the peak faster and had a more prolonged descent phase 
compared to videos with sound. Thus, when observing short 
videos of about 10 seconds, it is suggested that watching videos 
without sound may be more suitable for eliciting brain 
activation. 

Until now, there has been limited research on video 
conditions during AOMI, underscoring the significance of this 
study in shedding light on optimal video conditions for AOMI. 
Moreover, the study is noteworthy for identifying suitable video 
conditions specifically tailored for observing short-length 
videos. Executing AOMI under optimal conditions has the 
potential to amplify activation in relevant brain regions, 
potentially inducing neuroplasticity [27]. Furthermore, given 
that fNIRS enables real-time monitoring of cerebral 
hemodynamic changes [28], it could be utilized to monitor 
intervention effects during AOMI for motor rehabilitation. 
With its emphasis on the upper extremities, unlike previous 
investigations, this study has the potential to enrich the field of 
upper limb motor rehabilitation research. Additionally, while 
previous studies have identified effective video conditions 
through the primary motor cortex, our study is significant in that 
it identified these conditions through three regions associated 
with the mirror neuron system (DLPFC, DPMC, VLPMC), 
revealing significant differences.  Moreover, while previous 
studies often utilized short and simple activities in their videos, 
making them less applicable for AOMI training in rehabilitation, 
our study's videos were designed to reflect the typical lengths 

observed in clinical settings and consisted of activities of daily 
living. Therefore, our findings are more suitable for clinical 
application. 

Despite identifying optimal video conditions to enhance 
brain activation through comparisons across different video 
conditions, this study comes with several limitations. Firstly, 
there was an imbalance in the gender distribution of participants, 
with 10 males and 18 females. Secondly, the study exclusively 
included healthy young adults as participants, limiting the 
generalizability of our findings. Future research should 
consider examining brain activation differences across video 
conditions in clinical groups such as stroke or Parkinson's 
patients. Thirdly, the videos used in this study focused solely 
on the distal side during upper limb movements. Future studies 
might need to compare brain activation under different 
conditions by observing not only the proximal part of the upper 
extremities but also lower limb movements. Additionally, there 
is a need to investigate brain activation differences between 
upper limb and lower limb movements. Finally, a limitation is 
the lack of diversity in video durations. In future studies, it will 
be essential to diversify the duration of videos and compare the 
differences in brain activation across various video durations. 
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