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ABSTRACT

Sign language recognition (SLR) has taken place a more important area
of research as technology makes it easier for people all over the world to
communicate. Researchers from many different fields have worked hard to
improve SLR systems, but it is still true that they have trouble interpreting
subtle hand shapes, tracking fast changes in movement, and distinguishing
between visually complex backgrounds. These problems make it hard to get
both high accuracy and the ability to process data in real time at the same time.
These are important for real-world SLR applications that are meant for end
users. The primary aim of this study is to provide an exhaustive comparative
analysis of current YOLO architectures to evaluate their capacity to address
the challenges encountered by SLRs, utilizing established YOLO models in
the domain of computer vision. People know the YOLO family for its fast
and accurate detection abilities, but tests show that some versions work better
in scenes that are crowded or hard to see. In this research, various YOLO
versions were employed to execute class-specific image detection on a sign
language dataset, and the evaluation criteria were meticulously compared.
Among the YOLO versions, the YOLOV9 (yolo 9t.pt) model achieved a better
result than other models in terms of the mAP50-95 metric, with a score of
76%.

Keywords — Sign Language Recognition, Yolov9, Deep Learning, YOLO Models.

INTRODUCTION

Deaf and hard-of-hearing individuals use visual-based communication
mechanisms such as sign language in their daily lives. But, sign language is
not limited to hand movements; facial expressions, head movements, and body
posture often accompany it, along with other non-hand-based factors. As
digital technologies become increasingly prevalent in communication, sign
language users face growing barriers in both physical and online
environments. Therefore, the communication gap between sign language
users and the hearing community has become more pronounced. Because of
this case, the research community is becoming more and more interested in
developing sign language recognition (SLR) systems. This is because they
could help close the gap in social communication and make important
technological contributions. Furthermore, when the systems in question
demonstrate reliable performance, they have the potential to impact many
diverse areas, such as education, healthcare, and daily interactions free from
social isolation, by fostering more inclusive participation in society and
improving information exchange(Zheng et al., 2017)(Zhang & Jiang,
2024)(Akarsh et al., 2024)(Miah, Hasan, Nishimura, et al., 2024). Expanding
SLR systems to cover a wider range of sign languages, including those used



by smaller communities, also plays an important role in preserving linguistic
diversity and strengthening community identity(Adaloglou et al., 2022)(Sadik
et al., 2024)(Likhar et al., 2020)(Kothadiya et al., 2022)(Al Ahmadi et al.,
2024). SLR research has achieved significant advancements in creating
recognition algorithms that are more accurate and quicker, but getting them to
work reliably in the real world is still hard. Specifically, achieving high
recognition accuracy and fast processing, as well as ensuring consistent
performance across different environments, still doesn't offer satisfactory
solutions(Zheng et al., 2017)(Subburaj & Murugavalli, 2022). While subtle
details like hand shape, direction, movement, facial expression, and posture
play a significant role in sign language, it is often difficult for Al models to
consistently interpret these factors and obtain meaningful results(Maruyama
et al., 2024). Many existing approaches in the literature also show a significant
decrease in performance when encountering new signers with a different style
and pattern from the data used during training(Liu et al., 2024)(Buttar et al.,
2023). If we were to point out other factors, for example, real-time operation,
analyzing continuous video streams requires a significant amount of
computational and hardware power, which inserts an additional layer of
complexity(Likhar et al., 2020)(Elgohr et al., 2025)(Ghanimi et al., 2024)(Z.
Wang et al., 2022)(Alaftekin et al., 2024)(Trpcheska et al., 2024). Other
factors such as occlusion, inconsistent lighting, and dense backgrounds further
reduce the reliability of perception and make high-reliability recognition even
more difficult(Lu et al., 2023). A significant challenge for researchers is the
scarcity of adequately large, publicly accessible datasets for languages that
demonstrate extensive cultural and regional diversity(Adaloglou et al.,
2022)(Zheng et al., 2017). Many datasets that are already out there still have
problems with size, scope, or quality of description, which makes it hard to
train deep learning models that can work well in a variety of situations(Liu et
al., 2024)(Sadik et al., 2024)(Wadhawan & Kumar, 2020). Furthermore,
although various deep learning(DL) architectures have undergone testing for
SLR, there remains a necessity for more thorough evaluations of their
performance, efficiency, and applicability for real-time implementation in
varied and demanding environments(Miah, Hasan, Nishimura, et al., 2024).
To illustrate promising developments in recent years, the emergence of
DL methods has importantly advanced research in SLR, transitioning from
traditional statistical approaches to deep neural network models capable of
handling more complex visual structures(Zheng et al., 2017)(Subburaj &
Murugavalli, 2022). In initial studies, researchers often used CNNs to learn
spatial features and added RNN or LSTM layers to represent how gestures
change over time(Bantupalli & Xie, 2018; Buttar et al., 2023; Likhar et al.,
2020; Subburaj & Murugavalli, 2022; Wadhawan & Kumar, 2020). For
example, Bantupalli and Xie(Bantupalli & Xie, 2018) developed an ensemble
model that combines an Inception-based CNN with an LSTM to recognize
ASL, and they reported in their research findings that this provided quite



accurate data. Wadhawan and Kumar(Wadhawan & Kumar, 2020) also
obtained similarly promising results by creating a CNN-based DL model for
100 static Indian Sign Language (ISL) gestures. Additionally, Sadik et al.
investigated the applicability of transfer learning methods in SLR. There are
a considerable number of researchers like(Sadik et al., 2024). They showed
that models like InceptionV3 and Xception can work well for Bengali and
Indian Sign Languages. Recent studies have begun to combine different
components, such as the MP+CNN+BiLSTM model, which improves real-
time recognition on smartphones using Mediapipe hand tracking and particle
filtering(Ghanimi et al., 2024). With this motivation, Buttar et al. (Buttar et
al., 2023) added new improvements to these approaches by presenting a
hybrid LSTM- You Only Look Once (YOLO)v6 model aimed at managing
both continuous and static ASL signs. Another area of development is the use
of more advanced representations of multimodal inputs and spatiotemporal
features. Lu et al.(Lu et al., 2023) demonstrated that using bending sensors
and RGB video together can significantly improve the reliability of Japanese
SLR. Wang et al.(Z. Wang et al., 2022) introduced DeepSLR, a
comprehensive system that combines IMU and sEMG signals and facilitates
continuous CSL identification thru an attention-based encoder-decoder
architecture. If we diversify our approaches, the number of researchers starting
to investigate this area is also increasing, as graph neural networks and
attention mechanisms allow models to show how different body joints and
marker parts are related to each other. The GmTC and GCAR models
proposed by (Miah, Hasan, Nishimura, et al., 2024; Miah, Hasan, Okuyama,
et al., 2024; Miah, Hasan, Tomioka, et al., 2024) et al. are a good example of
this. This is done using full-body skeleton data, along with multi-headed self-
attention, which helps them perform reliably on large datasets containing
markers from different cultural backgrounds. The FS-EFCNN model
developed by Abdullahi et al.(Abdullahi et al., 2024) is another example of
this. In their work, they are using frequency domain features to ensure better
performance of 3D SLR.

In this study, the preferred YOLO-based architectures, due to their
speed and accuracy, have garnered significant interest among researchers in
object detection studies, making them ideal for real-time SLR tasks(Elgohr et
al., 2025)(Alaftekin et al., 2024)(More et al., 2024). Elgohr et al. (Elgohr et
al., 2025) emphasized high detection accuracy by presenting the YOLOv11
framework for recognizing the ASL alphabet and processing movements.
Alaftekin et al. (Alaftekin et al., 2024) obtained high mAP scores and fast
inference speeds with their approach, which they obtained by modifying
YOLOV4-CSP for Turkish Sign Language. Al Ahmadi et al.(Al Ahmadi et al.,
2024) obtained better detection values and higher accuracy scores with this
hybrid approach by adding attention mechanisms to an existing YOLO-based
architecture for Arabic Sign Language. In another study using YOLO, Rivera-
Acosta et al.(Rivera-Acosta et al., 2021) improved a hybrid system that used



YOLO to detect hand shapes and an LSTM module to correct spelling errors,
making it easier to detect new or unknown inputs. Raj and his colleagues (Raj
et al., 2025) conducted a study evaluating various YOLO models, including
versions v5 to vl1, as well as YOLO NAS, for real-time ISL recognition in
multi-signature environments. These studies showed us that YOLO NAS
stands out as a particularly capable model.

Because YOLO variants change so quickly, we need to compare them
on a regular basis. Even though deep learning-based SLR has come a long
way, we still need more thorough tests to see how well it works and how
reliable it is in different sign languages and tough situations(Raj et al., 2025).

This study aims to systematically evaluate recently developed YOLO-
based deep transfer learning models for real-time SLR. Specifically, the study
investigates the detection success and computational distinct of different
YOLO versions using standard evaluation criteria on a sign language image
dataset. To this end, it presents a focused comparative benchmark highlighting
the relative strengths and weaknesses of YOLO architectures.

MATERIAL AND METODS
This study describes the SLR dataset and deep transfer learning-based models.

Sign language dataset

In this work, the SLR dataset has been used. This dataset consists of a total of
125 data samples, including 87 training data samples, 25 validation data
samples, and 13 testing data samples (Kaggle, 2025). This dataset also consists

of 5 classes: "yes", "no", "hello", "iloveyou", and "thankyou". A few examples
of the sign language dataset are given in Figure 1.



Figure 1: A few examplesiof the sign language dataset (Kaggle, 2025)

The deep learning-based approaches for the SLR dataset

In this study, sign language detection was carried out using the YOLOV9
(yolov9t.pt), YOLOvV12 (yolo12s.pt), YOLOvVI12 (yolo12m.pt), YOLOv12
(yolo12l.pt), and RT-DETR-L (rt-detr-l.pt) models, which are quite popular in
the literature. The YOLOV9 (yolo 9t.pt) model is a widely preferred learning
approach for object recognition. This approach is known as the lightest version
of the YOLOV9 model (C.-Y. Wang et al., 2025). The YOLOv12 model is
an artificial intelligence-powered approach used in real-time object
detection. In this work, the results have been compared using the weights
of the YOLOvVI12 (yolo12s.pt), YOLOvV12 (yolo12m.pt), and YOLOv12
(yolo12l.pt) models separately for sign language detection (Tian et al.,
2025). On the other hand, Real-Time Detection Transformer (RT-DETR)
model can be defined as a transformer-based deep transfer learning model
with attention mechanism developed for real-time object detection. In this
work, pre-trained rt-detr-1.pt weights of the RT-DETR model were used for
SLR (Zhao et al., 2023).
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RESULTS AND DISCUSSION

To compare the accomplishment of each deep transfer learning-based model
in the sign language dataset, the formulas given in equations (1), (2), (3) were
calculated (Ar1 & Burukanli, 2025). Moreover, the hyperparameters have been
set as optimizer= AdamW, epochs=55, patience= 100, batchsize= 16, imgsz=
640, max_det= 300 during the training of all model.

Precision (Pre)
True Positive (1)

" True Positive + False Positive

True Positive

Recall (Rec) = 2

True Positive + False Negative

Mean average precision (mAP)
number of classes

_ Zat (4Py) 3)
number of classes

Success rates of each Al-based model on the sign language dataset has been
given in Table 1.

Table 1: Success rates of each Al-based model over the sign language dataset

Pre-Trained Pre Rec mAP50 mAP50-95 GFLOPS
Model value  value  value value value
YOLOV9
(yolov9t.pt) 0.973 1 0.995 0.76 7.6
YOLOvi2 0976 0986  0.995 0.708 21.2
(yolo12s.pt)
YOLOv12
(yolo12m.pt) 0.964 1 0.995 0.708 67.1
YOLOv12
(yolo12L.pt) 0.957 0991  0.995 0.738 88.6
RT-DETR-L

(rt-detr-Lpt) 0.969 0.995 0.995 0.724 103.5

As shown in Table 1, deep learning-based models were compared on the sign
language dataset for all metrics. The comparison revealed that the YOLOV9
(yolov9t.pt) model obtained better performance than the others with an
mAP50-95 value of 76%. Furthermore, the YOLOV9 (yolov9t.pt) and
YOLOVI2 (yolo12m.pt) models obtained better results than the others in
terms of rec, with a 100% success rate. All deep learning models reached the
same results in terms of mAP50. Additionally, the YOLOv12 (yolo12s.pt)
model showed better performance than the others in terms of pre with 97.6%.
On the other hand, the YOLOV9 (yolov9t.pt) model obtained the best
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GFLOPS value. The graphs of the YOLOvV9 (yolov9t.pt) model, which
obtained the best value with regard to 76% mAP50-95 score in this study, are
given below. The F1-Conf. curve obtained by the YOLOV9 (yolov9t.pt) model
over the SLR dataset is given in Figure 2.

F1-Confidence Curve

1.0

—— yes
no

— hello

— iloveyou
thankyou

= 3ll classes 0.99 at 0.656

0.8 1

0.6 A

F1

0.4 4

0.2 1

0.0 y T T T
0.0 0.2 0.4 0.6 0.8 1.0

Confidence

Figure 2: The F1-Conf. curve obtained by the YOLOV9 (yolov9t.pt) model over the
SLR dataset

As indicated in Figure 2, the YOLOV9 (yolov9t.pt) model obtained the best
score with an F1 value of 0.99 at a confidence level of 0.656 for all classes on
the sign recognition language dataset. The Pre-Conf. curve obtained by the
YOLOV9 (yolov9t.pt) model over the SLR dataset is given in Figure 3.
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Precision-Confidence Curve
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Figure 3: The Pre-Conf. curve obtained by the YOLOV9 (yolov9t.pt) model over the
sign language dataset

As indicated in Figure 3, the YOLOV9 (yolov9t.pt) model obtained the best
score with a pre value of 1.00 at a confidence level of 0.936 for all classes
over the dataset. The Pre-Rec curve obtained by the YOLOV9 (yolov9t.pt)
model over the SLR dataset is given in Figure 4.

Precision-Recall Curve

1.0
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Figure 4: The Pre-Rec curve obtained by the YOLOV9 (yolov9t.pt) model over the
sign language dataset
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As indicated in Figure 4, the YOLOV9 (yolov9t.pt) model obtained a value of
0.995 in mAP@0.5 for all classes in the SLR dataset. The Rec-Conf. curve
obtained by the YOLOVY (yolov9t.pt) model over the SLR dataset is given in
Figure 5.

Lo Recall-Confidence Curve
— yes
0 no
[\ — hello
". —— iloveyou
081 \ —— thankyou
‘I = 3|l classes 1.00 at 0.000
|
\
0.6 4 [
\
- 1
® \
U \|
¢ \
|
0.4 1 \
\
\
|
0.2
0.0 T - - -
0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Figure 5: Rec-Conf. curve obtained by the YOLOV9 (yolov9t.pt) model over the
sign language dataset

As indicated at Figure 5, YOLOV9 (yolov9t.pt) approach obtained the best
score with a rec value of 1.00 at a confidence level of 0.000 for all classes on
the sign search language dataset. Normalized confusion matrix acquired by
the YOLOV9 (yolov9t.pt) model over the SLR dataset is indicated in Figure
6.
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Confusion Matrix Normalized
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Figure 6: Normalized confusion matrix acquired by the YOLOV9 (yolov9t.pt) model
over the SLR dataset

All scores of training-validation of the YOLOV9 (yolov9t.pt) model over the
SLR dataset are given in Figure 7.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
1.0 1.0
35 —e— results
1.6 -2 .
A smaoth 20 08
1.4 3.04 18 0.8
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10 14
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5}
=
S
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Figure 7: All scores of training-validation of the YOLOV9 (yolov9t.pt) model over
the SLR dataset



As in Figure 7, the scores obtained in both the loss graphs and performance
measurement metrics for sign language detection using the YOLOV9
(yolov9t.pt) model are at the desired level. Furthermore, a detailed
examination of the YOLOV9 (yolov9t.pt) model results reveals no instances
of overfitting. Sample prediction results for some classes obtained by the
YOLOV9 (yolov9t.pt) model on the sign language testing dataset are shown
in Figure 8.

hello 0.85

Figure 8: Sample prediction results for some classes obtained by the YOLOv9
(yolov9t.pt) model on testing dataset

As in Figure 8, the YOLOV9 (yolov9t.pt) model obtained highly achievement
results in determining images belonging to the "iloveyou", "no", and "yes"
classes on a sign language test dataset it had never encountered before. The
YOLOV9 (yolov9t.pt) model detected the image in the "iloveyou" class with
an achievement rate of 0.90, while it detected the image in the "no" class with
an achievement rate of 0.85. Similarly, the YOLOV9 (yolov9t.pt) model
detected a test image in the "yes" class with an achievement rate of 0.93. In
this work, deep transfer learning-based models have been used to perform
class-specific image detection on a sign language dataset. This dataset consists
of a total of 125 images (87 training examples, 25 validation examples, and

13 test examples). Deep transfer learning-based models have been compared
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in detail with each other with regard to pre, rec, mAP50, and mAP50-95
evaluation metrics. The YOLOV9 (yolov9t.pt) model obtained a better result
than other deep learning models in terms of the mAP50-95 metric, with a score
of 76%. In the next study, we plan to use the deep transfer learning-based
models used in this work on a larger dataset for sign language detection.
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ABSTRACT

Intelligent and autonomous systems require heterogeneous data
obtained from multiple sensors in order to perceive their environment
reliably and continuously. The physical and operational limitations of a
single sensor can lead to perception inconsistencies, especially in complex
and dynamic environments. In this study, modern sensor fusion approaches
are comprehensively examined, and the distinctions between data-level,
feature-level, and decision-level fusion are evaluated from a system
architecture perspective. Various sensor types (camera, LiDAR, radar, IMU,
GNSS, V2X) are compared in terms of their energy requirements, interaction
characteristics, and operational roles. Additionally, the contributions of
edge-Al and V2X-based cooperative perception systems are assessed,
particularly regarding their ability to extend perception range and eliminate
blind spots. Consequently, sensor fusion is not merely a data integration
process but a multi-layer architectural design challenge that directly affects
perception accuracy, decision reliability, and the stability of autonomous
systems. Research findings indicate that feature-level fusion represents the
most balanced approach in current literature, offering advantages in both
accuracy and computational efficiency.

Keywords— Sensor Fusion; Feature-Level Fusion, Multi-Sensor Perception; Edge
Al; Autonomous Systems, Intelligent Transportation Systems (ITS).

INTRODUCTION

Reliable environmental perception in autonomous systems cannot be
achieved by relying on a single sensor. Physical limitations of sensors,
environmental uncertainties, and loss of data integrity may cause individual
sensors to fail, especially in critical and dynamic scenarios. Therefore,
sensor fusion has become essential as a process of generating a unified
perception by integrating data from heterogeneous sensing sources. Murphy
defines sensor fusion in early studies as “a mechanism for obtaining a single,
coherent perception from multiple sensing sources” and introduces the
investigatory—performatory duality inspired by biological perception systems
[1]. This perspective highlights that sensor fusion is not merely a data
combination task but a goal-oriented perception process.

The conceptual framework of sensor fusion was systematically
defined by Dasarathy, who categorized fusion into three abstraction levels:
data-level, feature-level, and decision-level fusion. The same study
emphasizes that selecting the incorrect fusion level may lead to irreversible
loss of information and states that “lost information cannot be recovered
later” [2]. This insight clarifies why modern perception systems require
strong architectural planning: if data is fused at an inappropriate stage, the
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final perception quality cannot be restored regardless of algorithmic
complexity.

Recent research [3, 4] extends the scope of sensor fusion toward
shared and cooperative perception. In collaborative perception (CP), vehicles
do not rely solely on their own cameras and LiDAR units; instead, they share
perception data received from nearby vehicles and roadside units, thereby
overcoming blind spots, range limitations, and restricted fields of view.
Huang et al. demonstrate that V2X-based cooperative perception
significantly improves detection accuracy and perception coverage compared
to single-vehicle sensing [5]. Thus, sensor fusion is not only about
integrating data but is a broader systems-level decision involving
communication, bandwidth, synchronization, and transmission strategies.

With these developments, executing fusion on edge Al platforms
instead of centralized cloud servers has become a research priority. Edge
computing processes sensory data at the point of acquisition, reducing
communication overhead and eliminating cloud dependency. Zhou et al.
demonstrate that performing video analytics on edge nodes significantly
reduces latency in Intelligent Transportation Systems (ITS) [6]. Moreover,
sensor fusion is not limited to autonomous vehicles: multimodal fusion plays
a key role in wearable robotics and human—machine interaction. Novak and
Riener show that combining EMG, IMU, and biomechanical sensors is
essential for estimating human motion and intention [7]. Finally, distributed
perception challenges have motivated consensus-based fusion models.
Olfati-Saber proposes a consensus filtering approach that enables distributed
sensor nodes to reach a common decision in decentralized networks [8].
Thus, sensor fusion is no longer a centralized process but a distributed
perception problem shared across the network.

This study systematically investigates modern sensor fusion
architectures in terms of sensor types, fusion levels (data—feature—decision),
perception modules, and edge/V2X-based distributed processing capabilities,
proposing an integrated perception framework for intelligent autonomous
systems. Furthermore, the study compares contemporary fusion methods and
identifies which fusion level yields the best balance of perception accuracy,
processing latency, and system reliability.

Sensor Technologies and Classification in Intelligent Systems

Sensing devices used in intelligent transportation systems operate
based on different physical principles depending on the type of information
measured, and none of these sensors alone can provide complete and reliable
perception of the environment. Therefore, understanding not only what
information a sensor produces, but also how that information is generated, is
critical in the literature. Viscarra Rossel et al. introduced a taxonomy that
classifies sensing technologies into three dimensions: energy requirement,
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interaction mode, and operation context [9]. This taxonomy forms an
essential foundation for understanding why sensor fusion is unavoidable.

Table 1 systematically compares sensors across three dimensions: (i)
Energy (active/passive): Whether the sensor generates its own signal to
perform measurement. (ii) Interaction (invasive/non-invasive): Whether
physical contact with the environment or platform is required. (iii) Operation
(stationary/on-board/distributed): Defines the deployment context of the
Sensor.

Similar to RGB and event cameras, passive sensors generate data
using light that exists naturally in the environment. In contrast, LiDAR,
radar, and ultrasonic systems are active sensors; they emit light or
electromagnetic waves and analyze the returned signal [10]. Passive sensors
provide high-resolution semantic information, whereas active sensors
produce more robust depth and range data-especially in adverse weather or
poor lighting conditions. For this reason, radar and LiDAR play a critical
role in fog, heavy rain, or nighttime scenarios where cameras struggle [11].

The operation dimension determines the perception scope: stationary
sensors (roadside radars, traffic cameras) monitor traffic at a macro level,
whereas on-board LiDAR, IMU, or GNSS sensors continuously reconstruct
the 3D environment. This shows that sensors differ not only in the type of
data they produce but also in the role they play within the perception system.
IMUs, which are physically mounted to the vehicle structure, are considered
invasive, whereas cameras and LiDARs are classified as non-invasive
remote sensing technologies [12].

Table 1. Comparison of Modern Sensor Technologies Based on Multiple Criteria

Sensor Type Energy Interaction Operation
RGB Video . . . Stationary /
Passive Non-invasive .
Camera Mobile
LiDAR Active Non-invasive Mobile
. . . Stationary /
Radar (mmWave) | Active Non-invasive )
Mobile
Event Camera . . . .
Passive Non-invasive Mobile
(DVYS)
Ultrasonic Active Non-invasive Mobile
. Invasive (vehicle- .
IMU Passive Mobile
mounted)
GNSS/GPS Passive Non-invasive Mobile
V2X (DSRC / C- . . . Mobile /
Active Comm. Non-invasive Lo
V2X) Distributed
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This table clearly shows that sensors possess complementary
capabilities. While RGB cameras generate high-resolution semantic
information, LiDAR and radar sensors reliably provide depth and velocity
measurements. V2X communication, on the other hand, is no longer only a
sensing mechanism but has become a core enabler of collaborative
perception, allowing perception information to be shared between vehicles
and infrastructure [13]. Therefore, modern literature strongly emphasizes
that relying on a single sensor is not sustainable. As demonstrated in recent
work by Gao and Liu (2024), multi-sensor fusion significantly improves
perception accuracy and sensing range, especially in scenarios involving
blind spots or restricted visibility [14]. The most critical implication of this
taxonomy is that no sensor can measure the complete truth on its own;
sensor fusion is essential. Thus, sensor fusion shifts the focus from “which
sensor is better?” to “which sensors should be combined to obtain the most
reliable perception?” This section highlights the contribution of each sensor
type to the perception process and forms the foundation for the fusion
architectures (data—feature—decision fusion) discussed in the next section.
Sensor Fusion Architectures and Perception Models

In intelligent and autonomous systems, the objective is to transform
raw sensor data into a usable environmental model and to convert this model
into a stable representation that can be processed by planning and control
modules. Figure X illustrates the multilayer sensor fusion architecture
applied in modern perception systems. The architecture processes
information at three primary fusion levels: data-level fusion, feature-level
fusion, and decision-level fusion. After perception and environmental
modeling, the output is transferred to the planning and control modules,
completing the autonomous decision-making pipeline.

The sensing layer consists of heterogeneous sensors such as RGB
cameras, LiDAR, radar, IMU, and GNSS. Each of these produces a different
type of information: cameras provide high-resolution semantic detail,
LiDAR provides accurate depth information, and radar provides reliable
velocity and distance measurements even under adverse lighting and weather
conditions. Therefore, given that perception requires accuracy, stability, and
continuity, single-sensor perception is infeasible.

Data-Level Fusion (Erken Fiizyon)

At this level, raw data from sensors are combined directly. For
example, a LiDAR point cloud and a camera pixel matrix are synchronized,
allowing each point to have both geometric and semantic representation.
Although early fusion preserves the highest information richness, it requires
high computational resources and is sensitive to time synchronization. In
high-bandwidth scenarios (e.g., 128-channel LIDAR + 60 FPS camera), edge
computing becomes necessary.
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Feature-Level Fusion (Orta Seviye Fiizyon)

In this approach, raw data are not fused directly; instead, feature
embeddings extracted from each sensor are combined. Using CNNs,
Transformers, or graph neural networks, features from each sensor are
projected into a shared latent space. Recent studies—such as BEVFusion and
TransFusion—show that merging 2D visual features with 3D LiDAR
features significantly improves perception accuracy. Feature-level fusion is
the current state-of-the-art because it: preserves information richness,
requires less computation than data-level fusion, enables heterogeneous
sensors to be mapped into a unified representation. Thus, most perception
tasks — object detection, segmentation, tracking, and SLAM — employ
feature-level fusion.

Decision-Level Fusion (Geg Fiizyon)

At this level, each sensor sends its final perception decision (e.g.,
“vehicle detected / not detected”, “obstacle located at (x, y)”), and these
decisions are fused in the tracking or SLAM module. This approach
minimizes latency, but results in greater information loss. Decision-level
fusion is preferred especially in cooperative multi-vehicle perception
(V2V/V2X) systems, where data must be merged across the network with
minimal delay.

Perception — Planning & Control (Kapanan Dongii)

After fusion, perception outputs (e.g., object positions and trajectories)
are forwarded to the planning and control layer. Here, motion planning
algorithms such as MPC, RRT*, and trajectory optimization define the
vehicle’s movement strategy based on perception results.

Edge & Cooperative Perception (V2X destekli sensor fiizyonu)

Sensor fusion is no longer restricted to on-board sensors. Through
edge GPUs, roadside units (RSUs), and V2X communication, perception
becomes distributed across vehicles and infrastructure. This enables
extended perception range, elimination of blind spots, low-latency decision-
making, shared perception among multiple traffic agents.

In summary, the architecture shown in Figure 1 demonstrates that
sensor fusion evolves along a data — feature — decision hierarchy, where
the final goal is to establish a stable perception—planning—control loop. This
structure forms the foundation of reliable autonomous behavior.

Passive sensors (such as RGB cameras or GNSS) generate data by
using the naturally occurring energy in the environment, whereas active
sensors such as LiDAR, radar, or ultrasonic emit their own signals for
sensing and analyze the returned response. The interaction column indicates
whether the sensor requires direct physical contact with the environment.
Cameras, radar, and LiDAR are classified as non-invasive because they
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collect data remotely, while sensors such as IMUs are physically attached to
the vehicle body or mechanical components and are therefore considered
invasive. The last column, operation mode, defines the deployment context
of the sensor: stationary infrastructure sensors (e.g., roadside radars and
traffic cameras) observe traffic at a macro scale, while on-board sensors
(LiDAR, IMU, V2X modules) continuously reconstruct the surrounding
environment in 3D.

SENSORS I SENSOR DATA PROCESSING PIPELINE
RGB / LIDAR . Data- Feature Decision
RADAR / IMU level (=* -level | -level

GNSS > fusion fusion fusion
¥ ¥ v
EDGE GPU/AI PERCEPTION MODULE
Object Detection / tracking / SLAM
v * * *
RSU / V2X PLANNING & CONTROL
Trajectory planning / motion control

Figure 1. Multi-Layer Sensor Fusion Architecture in Intelligent Systems

This clearly demonstrates that no single sensor can meet all
environmental perception requirements. While cameras provide high-
resolution semantic information, radar and LiDAR offer reliable distance
and velocity measurements, especially under adverse weather or low-
visibility conditions. Therefore, this classification provides a foundational
justification for sensor fusion: complementary sensor capabilities enable
reliable and stable perception only when used together. In essence, robust
perception is achievable not through selecting the best individual sensor, but
through integrating multiple sensors that compensate for one another's
weaknesses.
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CONCLUSION AND DISCUSSION

This study demonstrates that reliable environmental perception in
autonomous and intelligent systems cannot be achieved with a single sensing
modality; therefore, sensor fusion must be considered an essential
component of system architecture rather than an optional enhancement. First,
sensors commonly used in modern perception systems were systematically
classified according to energy requirement, interaction type, and operational
mode. The findings reveal that each sensor’s strengths directly compensate
for another's limitations: cameras provide high-resolution semantic detail,
LiDAR and radar ensure stable distance and velocity measurements, while
IMU and GNSS supply critical motion and localization information. Hence,
multi-sensor usage not only improves perception accuracy but also increases
system robustness against environmental variability.

The analysis of fusion levels shows that feature-level fusion offers the
optimal balance between information richness and computational efficiency.
While data-level fusion retains the most raw information, it imposes a heavy
computational burden; conversely, decision-level fusion suffers from
reduced information density, making it insufficient in safety-critical
scenarios. Feature-level fusion minimizes information loss while
maintaining natural compatibility with deep learning—based perception
modules. The recent prevalence of Transformer-based architectures in the
literature further validates the scalability and effectiveness of this approach.

The study also highlights that relying solely on an individual vehicle’s
onboard sensors is no longer adequate. V2X (Vehicle-to-Everything)
cooperative perception expands sensing capability by sharing perception
data between vehicles and infrastructure, mitigating blind spots and
extending perception range. Edge Al and distributed perception shift
computation from the cloud to the vehicle and roadside units, reducing
latency and enhancing reliability. Consequently, safety-critical decisions can
be made in real time without dependence on remote servers.

REFERENCES

[1] Sasiadek, J. Z. (2002). Sensor fusion. Annual Reviews in Control, 26(2), 203-
228.

[2] Dasarathy, B. V. (2002). Sensor fusion potential exploitation-innovative
architectures and illustrative applications. Proceedings of the IEEE, 85(1),
24-38.

28



[3] Giiney, E., Bayilmis, C., Cakar, S., Erol, E., & Atmaca, O. (2024). Autonomous
control of shore robotic charging systems based on computer vision. Expert
Systems with Applications, 238, 122116.

[4] Alshuhail, A., Alshahrani, A., Mahgoub, H., Ghaleb, M., Darem, A. A.,
Aljehane, N. O., ... & Alzahrani, F. (2025). Machine edge-aware IloT
framework for real-time health monitoring: Sensor fusion and Al-driven
emergency response in decentralized networks. Alexandria Engineering
Journal, 129, 1349-1361.

[5] Huang, T., Liu, J., Zhou, X., Nguyen, D. C., Azghadi, M. R., Xia, Y., ... & Sun,
S. (2023). V2X cooperative perception for autonomous driving: Recent
advances and challenges. arXiv preprint arXiv:2310.03525.

[6] Zhou, X., Ke, R., Yang, H., & Liu, C. (2021). When intelligent transportation
systems sensing meets edge computing: Vision and challenges. Applied
Sciences, 11(20), 9680.

[7] Novak, D., & Riener, R. (2015). A survey of sensor fusion methods in wearable
robotics. Robotics and Autonomous Systems, 73, 155-170.

[8] Olfati-Saber, R., & Shamma, J. S. (2005, December). Consensus filters for
sensor networks and distributed sensor fusion. In Proceedings of the 44th
IEEE Conference on Decision and Control (pp. 6698-6703). IEEE.

[9] Rossel, R. V., Adamchuk, V. 1., Sudduth, K. A., McKenzie, N. J., & Lobsey, C.
(2011). Proximal soil sensing: An effective approach for soil measurements
in space and time. Advances in agronomy, 113,243-291.

[10] Yeong, D. J., Velasco-Hernandez, G., Barry, J., & Walsh, J. (2021). Sensor and
sensor fusion technology in autonomous vehicles: A review. Sensors, 21(6),
2140.

[11] Qian, H., Wang, M., Zhu, M., & Wang, H. (2025). A Review of Multi-Sensor
Fusion in Autonomous Driving. Sensors, 25(19), 6033.

[12] Fercher, C., Bartsch, J., Kluge, S., Schneider, F., Liedtke, A. M., Schleichardt,
A., & Ueberschir, O. (2024). Applying Multi-Purpose Commercial Inertial
Sensors  for  Monitoring ~ Equine  Locomotion in  Equestrian
Training. Sensors, 24(24), 8170.

[13] Giiney, E., Bayilmis, C., Cakar, S., Erol, E., & Atmaca, O. (2024). Autonomous
control of shore robotic charging systems based on computer vision. Expert
Systems with Applications, 238, 122116.

[14] Gao, X., Zhang, X., Lu, Y., Huang, Y., Yang, L., Xiong, Y., & Liu, P. (2024).
A survey of collaborative perception in intelligent vehicles at
intersections. I[EEE Transactions on Intelligent Vehicles.

29



30



A Comparative Analysis of Vision
Transformer and Deep Learning Models
for Automated Tea Leaf Disease
Classification

Sedat METLEK !
Halit CETINER 2

Assoc. Prof.; Burdur Mehmet Akif Ersoy University, Faculty of Engineering and Architecture, Burdur
Mehmet Akif Ersoy University. sedatmetlek@mehmetakif.edu.tr ORCID No: 0000-0002-0393-9908
Assoc. Prof.; Isparta University of Applied Sciences, Vocational School of Technical Sciences,
Computer Technology. halitcetiner@isparta.edu.tr ORCID No: 0000-0001-7794-2555

31


mailto:sedatmetlek@mehmetakif.edu.tr
mailto:halitcetiner@isparta.edu.tr

ABSTRACT

Sustainable monitoring of tea leaves is essential for maintaining
productivity and quality standards in tea production across millions of
hectares. However, considering the sheer size of the area and the lack of
specialists, such human resources are unavailable. To address this problem,
monitoring tea leaves is essential for early disease diagnosis. Early detection
and diagnosis of diseases in tea leaves allows tea producers to intervene in
these diseases at an early stage and implement effective interventions. While
traditionally identifying leaf diseases requires significant time and expertise,
artificial intelligence-based automated diagnosis systems can automatically
address these issues with fewer errors. One of the most crucial challenges in
leaf diseases is understanding the frequency of disease and accurately
predicting the disease with high precision. Using recently popular approaches
is essential to address these challenges. New technologies can prevent
infections such as viruses, bacteria, and fungi, ensuring a smooth harvest
season. Consequently, analyzing tea leaves in tea-grown areas, supported by
advanced technologies, is crucial for ensuring an efficient and high-quality
harvest. A performance comparison was made between the Visual Transform
(ViT) based model, which is an alternative method for classifying tea leaf
diseases, and the deep learning models ResNet101, ResNet50, InceptionV3,
which are transfer learning based architectures that have the ability to
automatically extract features even in complex and noisy images.

Keywords — ViT, Transfer Learning, Deep Learning, Tea, Leaf.

INTRODUCTION

Agriculture, one of the main driving forces for supporting economic
growth and ensuring general development in countries, makes significant
contributions to gross domestic product (Sujatha et al., 2021). Agriculture,
which provides vital services to industry, is central to the advancement of the
national economy. Any damage to agricultural products, for the reasons
mentioned, poses a significant threat to the economy by profoundly impacting
national productivity (Yani et al., 2024). Leaves, which are sensitive structures
of plants where disease symptoms can be seen at an early stage, are an
important tool for monitoring disease symptoms (Prashanthi et al., 2025). In
order to harvest a sustainable, productive and high-quality product from the
first stages of plant production to harvest, it is necessary to take the necessary
precautions against diseases and eliminate threats at the first stage.

To ensure the sustainability of agricultural production and protect food
security, diseases in tea leaves must be identified and isolated. To manage leaf
diseases, it is necessary to prevent the spread of infections and halt disease
progression with appropriate treatment methods. The use of computer vision
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techniques in the analysis of leaf diseases can ultimately provide powerful
solutions through deep learning techniques. In addition to these solutions,
significant progress has been made in recent years with the support of
transformative models (Fuentes et al., 2017; Madden et al., 2007). In this
study, the performances of transfer learning based deep learning models and
transformer models were compared in disease diagnosis and detection of tea
leaves.

Tea is one of the most popular beverages worldwide, rich in substances
closely related to human health, such as polyphenols and polysaccharides (Xu
et al., 2020). Tea is an important consumer product that is enjoyed by many
people because it is both economical and functional for health (Fang et al.,
2019). Maintaining productivity and quality standards in tea production across
millions of hectares depends on the sustainable management of tea leaves.
However, various diseases affecting tea plant leaves seriously impact both
yield and tea production quality, threatening the crop. Early detection and
diagnosis of tea leaf diseases allow tea producers to intervene early and
implement effective interventions. While traditionally identifying leaf
diseases requires significant time and expertise, Al-based automated
diagnostic systems can automatically resolve these issues with fewer errors.

Analysis, detection and diagnosis of tea leaf diseases, which are the
main concern in tea production, are very important (Bhuyan et al., 2024). One
of the most important questions regarding leaf diseases is understanding the
frequency of disease and accurately predicting it with high precision. To
address these challenges, it's crucial to utilize recently popular approaches.
New technologies can help prevent tea infections such as viruses, bacteria, and
fungi, ensuring a smooth harvest. It's recommended that all technical,
technological, and expert support be employed to combat these various
infections (Bhuyan et al., 2024). It is possible to achieve sustainable
permanent solutions with technical and technological support rather than just
technological solutions.

Many farmers use traditional methods to detect diseases on tea leaves.
However, traditional methods alone are not a solution. Manual observation
and inspection approaches employed in traditional solutions are time-
consuming and can lead to erroneous or incorrect disease identification due to
errors such as optical illusions. Furthermore, they have numerous limitations
due to their difficulty in implementing them in the field and their time-
consuming and labor-intensive nature. While manual observations can be used
for analyzing and identifying diseases on tea leaves from small plots, they
present significant challenges in analyzing and identifying diseases on tea
leaves from larger plots. Consequently, analyzing tea leaves in tea-grown
areas, supported by advanced technology, is crucial for an efficient and high-
quality harvest.

Automatic analysis of potential diseases in tea leaves can be achieved
using techniques such as deep learning and machine learning, subfields of
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artificial intelligence. In this context, identifying and classifying disease types
in tea leaves using Convolutional Neural Network (CNN)-based methods has
become a popular research area recently. CNN-based approaches are preferred
in the literature due to their ability to automatically extract features even from
complex and noisy images, especially those with complex backgrounds
(Agarwal et al., 2021). Recently, Visual Transform (ViT) based methods have
been developed as an alternative method for the classification of tea leaf
diseases (Srivastava et al., 2025).

This study examines the performance of transformative models and
transfer learning-based deep learning models in experimental studies on tea
leaf classification. Transformative models can be adapted to new tasks and
obtain meaningful results from large-scale datasets using pre-trained models.
The knowledge gained from pre-trained transformative models allows for a
comprehensive understanding of new task-relevant features from small
datasets (Pan & Yang, 2009). It is very important to study leaf diseases, which
are considered to be one of the most important reasons for the decrease in
grain production worldwide (Mohanty et al., 2016; Savary et al., 2019). Early
or timely detection of tea leaf diseases is crucial for the agricultural sector.
The use and intensification of deep learning-based methods in the
classification of tea leaf diseases enables the development of end-to-end
methods, offering solutions across various platforms.

Classifying tea leaf diseases using deep learning-based approaches
requires automatically analyzing tea leaf images and focusing on the specific
area of interest. In addition to transfer learning-based and CNN-based
architectures, transformer-based architectures such as ViT are increasingly
being used in this field. ViT models segment diseased tea leaf images into
smaller pieces, and the relationships between these pieces are learned using a
multi-headed attention mechanism. In some cases, ViT models can even
perform on small datasets, achieving the same success as CNN-based
architectures (Mahto & Mathew, 2025).

In conclusion, deep learning-based and ViT-based methods appear to
be superior to traditional methods in the diagnosis and detection of tea leaf
diseases, both in terms of generalization ability and performance metrics.
Studies in this field have raised doubts about the relative superiority of ViT-
based and deep learning-based methods in tea leaf classification. Therefore,
experimental studies were conducted to demonstrate model performance on a
publicly available dataset and to obtain reliable performance results for real-
world applications.

The following sections of this study, designed to provide a comparative
analysis of tea leaf identification and classification, are presented below. The
second section examines the literature on studies conducted within the scope
of this study. The third section details the dataset and methods used in the
study. The fourth section presents the performance results obtained in the
study. The final section concludes the study with its limitations.
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RELATED WORKS

Deep learning models and visual transform-based methods are needed
to achieve significant improvements in the automatic detection and diagnosis
of diseases in tea leaves. Deep learning models with attention layers are being
proposed to improve disease detection, particularly by highlighting diseased
lesions (Bhuyan et al., 2023). Attention layers contribute to new solutions by
being used with deep learning models in many problem areas (Lee et al.,
2020). The overall attention layers eliminate meaningless and unnecessary
regions in the image, allowing the architecture to focus on meaningful regions
that impact classification. This focus increases the value of the area of interest
by assigning optimized weights to the channels of the feature map. Removing
unnecessary regions also reduces the number of trainable parameters in the
model, making the proposed models more lightweight. For this purpose, a
summary of the CNN and ViT-based architectures used in tea leaf disease
classification is presented below.

Gensheng et al. reported using the integration of Support Vector
Machine (SVM), conditional deep convolutional generative adversarial
networks, and VGG16 deep learning models to timely prevent and control
diseases affecting tea yield and quality (Hu et al., 2019). It is reported that tea
leaf images extracted with SVM for color and texture features were
segmented. It is reported that tea leaf images were augmented with different
augmentation processes using conditional deep convolutional generative
adversarial networks. It is reported that the expanded dataset allows for the
accurate identification of disease point images enriched with VGG16.

Vats et al. developed a method to classify tea leaf diseases by
transforming them into a comprehensive global model to investigate the
innovative application of federative learning (Vats et al., 2024). Hu et al.
developed a region-based convolutional neural network detection algorithm
using the Retinex algorithm to detect small diseased leaf parts with superior
performance (Hu et al., 2021). The developed algorithm appears to have been
improved based on the Faster R-CNN algorithm, which performs regional-
based analysis. It was determined that a VGG16-based disease severity rating
model was used to classify the detected tea leaf burns.

Bhuyan and Singh performed the classification of tea leaf diseases
using ViT transform based methods and CNN based methods (Bhuyan &
Singh, 2024). It is stated that the ViT 20 and ViT 30 architectural models yield
higher results than the ResNet50, VGG16, DenseNet121, MobileNetV2, and
InceptionV3 architectural models. However, the ViT 10 architectural model
is reported to yield lower accuracy than the ResNet50 architectural model.

ViT models consist of many interconnected encoder blocks and work
as a whole with multi-headed attention layer, layer normalization and multi-
layer network components (Vaswani, 2017). Although many researchers in
the literature say that ViT-based methods outperform CNN-based methods,

35



this finding is considered to be very ambitious and dubious (Srivastava et al.,
2025). Although ViT-based models can outperform CNN-based architectures
in some cases, the high computational costs in encoder blocks are thought-

provoking.

MATERIALS AND METHODS

The dataset used in the study examines the seven most common
diseases seen in tea leaves worldwide (Kimutai & Forster, 2022). The seven
common disease types found in the dataset are Red Leaf Spot, Algal Leaf
Spot, Bird's Eye Spot, Gray Blight, White Spot, Anthracosis, and Brown
Blight. Sample images of these classes are presented in Figure 1.

Anthracnose Anthracnose white spot

K

>

| B

white spot red leaf spot healthy

e

red leaf spot brown blight algal leaf

o9 6

Figure 1: Some of the images from the tea dataset

In addition to these species, the dataset also includes a healthy tea leaf
species, each with over 100 images in each class. These images were
reportedly collected from the 1510 clone found on the Johnstone Boiyon farm
in the Koiwa district of Bomet district. Basic data augmentation methods such
as crop, rotate, stretch, and zoom were used to prevent imbalances among the
images in the dataset.



ResNet50

ResNet50 is a deep learning model based on convolutional neural
network methods. This model was developed in 2015 by researchers at
Microsoft Research to recognize and classify patterns in images. A key feature
of this model is the use of residual connections, also known as shortcut
connections. The basis of the residual block structure, also known as a residual
block, is presented in Figure 2.

!

weight layer
F(x) ReLU

weight layer

X
identity

F(x) + x

‘ ReLu

Residual Block

Figure 2: Residual Block (Metlek & Cetiner, 2021)

The line carrying the input of layer x to the summation process, shown
in Figure 2, is called a residual connection. This shortcut connection allows
one or more layers to be skipped. Before the shortcut connection shown in
Figure 2 was used, the connections were mathematically represented by Eq.
1. However, after the residual connection, the structure in Eq. 2 began to be
used (Chi et al., 2016).

H(x)=f(wx+b) or H(x) = f(x) (D
H(x) =f(x) + x (2)

These residual connections allow us to focus on and consolidate
important points in the image by skipping some steps in the learning process.
Figure 3 shows the fundamental differences between the classical CNN
method and ResNet architectures, showing the layer-by-layer difference.

New degrees such as computational finance and business analytics have
been established in many schools, particularly in the United States and
Europe. The impact of big data on accounting and auditing is clearly evident
in academic management disciplines (Mavi & Mavi, 2021; Wang et al., 2020).
Despite the inclusion of big data in business disciplines, academic research
and studies cannot compete with the rapid development of big data (Chen et
al., 2015). It is stated that the inclusion of big data in businesses is in the early
stages in terms of various methodological diversity, new approaches, use for
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accounting and empirically oriented studies in this field (Moffitt &

Vasarhelyi, 2013).
~ - QRN
[\»

Figure 3: Difference between CNN and ResNet architectures (Excoffier, 2022)

@ : Element-wise addition

ResNet architectures have many different models. The general structure
of the ResNet50 architecture, which was initially used as a basis in this study,
is presented in Figure 4.
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Figure 4: Block diagram representation of the ResNet50 architectural model
(Vharkate et al., 2025)

As can be seen from Figure 4, the number 50 in the ResNet50 model
represents the total number of layers. In this study, classification was
performed using the "Tea sickness dataset" based on these layers. The
resulting training and test performance results are presented in Section 4.

ResNet101

The ResNet50 model forms the basis of ResNet architectures. However,
when deeper features and areas in the image are desired to be more detailed,
the layer structure in ResNet50 prevents this. The ResNetl01 structure,
developed for this purpose, can detect deep variants, enabling networks
consisting of hundreds of layers to be trained effectively. Therefore, the
ResNet101 architecture was also used in this study to demonstrate the
difference between it and ResNet50. At the core of ResNet, connections called
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"skip connections" or "residual connections" are also present in this structure.
These connections allow input data to be directly transferred to higher layers,
enabling more efficient backpropagation of gradients. This significantly
reduces the vanishing gradient problem encountered in deep networks (Chi et
al., 2016).

ResNet101, as its name suggests, is a residual network architecture
consisting of 101 layers. The fundamental building blocks of this architecture
are residual blocks. Each residual block collects input data and a series of
transformations (convolution, batch normalization, activation) of this data.
The general structure of this architecture is presented in Figure 5.
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Figure 5: Block diagram representation of the ResNet101 architectural model
(Kalshetty & Parveen, 2023)

When ResNet architectures are examined in the literature, it is seen that
there are ResNet architectures with different layer numbers other than

ResNet50 and 101 used in the study.

Table 1: Number of layers and structures of different ResNet architectures (He et al.,

2016; Kiling et al., 2023)

layer name | output size 18-layer | 34-layer | 50-layer l 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
3x3 max pool, stride 2
[ 1x1,64 ] [ 1x1,64 ] 1x1,64 ]
conv2x | 36x36 { gigz }xz ;i;ﬁ }xs 3x3,64 | x3 3x3,64 | x3 3x3,64 | x3
’ ’ | 1x1,256 ] | 1x1,256 | 1x1,256 |
[ 1x1,128 ] [ 1x1,128 ] 1x1,128 ]
conv3x | 28x28 [ ;i;:;i ]xz [;:;gg ]x4 3%3,128 | x4 3x3, 128 | x4 3%3,128 | %8
. § | 1x1,512 | | 1x1,512 | 1x1,512 |
[ 1x1,256 ] 1x1,256 ] 1x1,256 ]
convd.x | l4x14 [ gi; g:g ] [ ;zg i:: ]xﬁ 3x3,256 | x6 3x3,256 | x23 3x3,256 | %36
y y | 1x1,1024 | 1x1,1024 | 1x1,1024 |
[ 1x1,512 ] [ 1x1,512 ] [ 1x1,512 ]
conv5_x Tx7 [ ;i;g:; ] [;i;;:g ]x3 3x3,512 | x3 3x3,512 | x3 3x3,512 | %3
. » | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
1x1 average pool, 1000-d fc, softmax
FLOPs 18x10° [ 36x10” ] 3.8x107 [ 7.6x10° 11.3x107

The number of layers and features of other ResNet architectures are also
presented in Table 1 for comparison (He et al., 2016; Kiling et al., 2023).
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InceptionV'3

The fundamental idea underlying inception models is to increase model
efficiency by partitioning the data. Based on this idea, the standard inception
model first performs 1x1 convolution operations to evaluate inter-channel
correlation. The input data used in inception models can be mapped to 3x3 or
5x5 convolution windows. The general structure of this situation is shown in
Figure 6.

The structure used in the Inception V3 model was developed based on
the structure of the basic Inception model. The structure used in the first three
versions of the Inception V3 module is also very similar to depth-wise
separable convolution (Fime et al., 2023). The Inception V3 model consists of
the structure first shown in Figure 6(a). While the initial modules of the
Inception V3 architecture are similar to classical convolution layers, its
primary goal is to achieve highly discriminative representations with fewer
parameters. This directly impacts computational costs. The most basic form
of the Inception V3 module is presented in Figure 6(b). Here, a 3x3
convolution operation is used, while average pooling is not. The structure
representing the spatial convolution that will be run on the images in the
output channels after the convolution operation with a 1x1 window size is
shown in Figure 7(a).

3x 3 Conv | l 3x 3 Conv ’ 3x 3 Conv ’ 3x 3 Conv I
|3x3(‘0n\ | |3x3(‘onv| T
I I |3.\'3(‘0m‘ lel(’on\" |I.‘<ICOIWI II\'IC"ou\'I
I Ix1 (‘onv| I Avg Pool |
Input Input
a) A simplified Inception module. b) A strictly equivalent reformulation of

the simplified Inception module.

Figure 6: a) standard form of Inception module, b) simplified version of the
Inception module (Metlek & Cetiner, 2024)

40



Concat Concat
3\'3(‘0n\| 3\3('0[1\‘||3x3(‘0n\'| |3x3 |3x3 3\'3||3x3 |3.\'3||3,\'3||3\3‘
I Output channels | | Output channels I
1x 1 Conv 1 x 1 Conv
[nput Input
a) A strict equivalent is shown of the b) An “extreme” version of our Inception module, with one
simplified Inception module spatial convolution per output channel of the 1x1 convolution.

Figure 7: a) A depth wise separable convolution module, b) and extreme version of
inception module

Unlike the first three versions of the Inception V3 architecture, inter-
channel correlations are mapped using 1x1 convolution filters, while spatial
correlations for each output channel are processed separately. This approach
is illustrated in detail in Figure 6. In image processing, depth-separable
convolution operations based on this principle are often referred to as
separable convolution (Metlek & Cetiner, 2024). In this operation, spatial
convolution is first applied to each channel of the input, followed by a single
Ix1 pointwise convolution to combine information across channels. In
traditional implementation, this order is usually reversed: first a 1x1
convolution is applied to condense the relationships between channels, and
then separate 3x3 or 5x5 spatial convolutions are applied for each channel.
This traditional process flow, presented in Figure 7(a), can be repeated
sequentially depending on the application. The extreme version used in the
literature is presented in Figure 7(b).

Vision Transformer (ViT)

Visual data processing and classification have become a significant
research topic in the fields of artificial intelligence and machine learning in
recent years. In particular, many studies in the literature focus on
Convolutional Neural Networks (CNN) and the recently prominent Vision
Transformer (ViT) models. In this context, this study focuses on ViT methods.
ViT models emerged by adapting the Transformer architecture, which has
achieved significant success in natural language processing, to visual data.
ViT models, thanks to their self-attention mechanism, can directly model
relationships between distant regions in an image and capture global context
more effectively (Ma, 2022). This approach proposes a new method for
handling the complexity and diversity of visual data. The fundamental logic
of ViT models is to divide an image into fixed-size patches and feed these
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patches sequentially into Transformer blocks. In this process, each patch is
transformed into an array, preserving its spatial information with positional
coding, and then learning global relationships using a multi-head self-
attention mechanism (Mogan et al., 2022). In traditional CNNs, global context
can only be obtained in the deep layers of the network, whereas in ViT models,
global information can be obtained earlier than in CNNs because all patch
relationships can be taken into account from the first layer onwards (Su et al.,
2022). The success of ViT models isn't limited to their ability to model global
relationships. They can also work effectively with diverse data types across
multiple disciplines. For example, in medical imaging, ViT models have been
shown to offer better generalization and interpretability in tumor classification
compared to CNN-based models (Li et al., 2023).

Despite these advantages, one of the most significant challenges of ViT
models is their requirement for large amounts of training data. Transformer-
based models may underperform CNNs on small datasets because they lack a
built-in inductive bias (Chen et al., 2024). A key application area for ViT
models is multimodal image fusion. Combining data from different modalities
is critical, particularly in fields such as medical imaging and remote sensing.
Finally, the explainability of ViT models and the analyzability of their
decision-making processes are also significant advantages in multidisciplinary
applications. In medical image analysis, in particular, attention maps of ViT
allow visualization of which regions the model focuses on and which features
it considers, increasing the model's reliability and usability in clinical
applications (Li et al., 2023). In light of all these developments, ViT models
offer a multidisciplinary perspective on the processing and analysis of visual
data. Therefore, they were chosen and applied in this study.

RESULTS AND DISCUSSION

In this study, models built using transfer learning-based deep learning
architectures ResNet101, ResNet50, and InceptionV3 were compared with the
ViT-based model. The comparison shows that transfer learning-based models
achieve significantly better results on this dataset than ViT-based models.
Considering the literature, which also indicates that ViT-based models extract
global features very well, but are less successful at extracting local features,
the results are reasonable.
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Figure 8: Accuracy performance results in the classification of tea leaf diseases

Details of the validation results shown in Figure 8 are given in Table 3.
As can be seen from Table 3 and Figure 8, transfer learning-based models
appear to yield better results than the ViT model.

Table 2: Training results of models used in the classification of tea leaf diseases

Model Accuracy  Precision Recall Loss F1 score
ResNet101 0.99 0.99 0.99 0.007 0.99
ResNet50 0.98 0.98 0.97 0.077 0.98
InceptionV3  0.99 0.99 0.99 0.004 0.99
ViT 0.80 0.84 0.74 0.484 0.79

As seen in Table 2, transfer learning-based models not only gave better
results than the ViT model, but also achieved results close to each other.
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Figure 9: F1 score performance results obtained from substances in the classification
of tea leaf diseases

Figure 9 shows the F1 score results of the models used to classify tea
leaf diseases. Details of the results in the relevant figure are also presented in

Table 3.
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Figure 10: Recall performance results in the classification of tea leaf diseases

Table 3: Validation results of models used in the classification of tea leaf diseases

Model Accuracy  Precision Recall Loss F1 score
ResNet101 0.89 0.89 0.86 0.461 0.90
ResNet50 0.81 0.83 0.80 0.549 0.82
InceptionV3  0.80 0.82 0.80 0.802 0.81
ViT 0.25 0.27 0.25 0.99 0.15
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Figure 10 shows the recall results of the models used in the
classification of tea leaf diseases. Details of the results in the relevant figure
are also presented in Table 3.
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Figure 11: Precision performance results in the classification of tea leaf diseases

Figure 11 shows the precision results of the models used to classify tea
leaf diseases. Details of the results in the relevant figure are also presented in
Table 3.
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Figure 12: Loss performance results in the classification of tea leaf diseases

Figure 12 shows the loss results of the models used in the classification
of tea leaf diseases. Details of the results in the relevant figure are also
presented in Table 3.

45



In a study that exemplifies the comparison of ResNetl18, VGG16 and
VGG19 based transfer learning based models with ViT based models on tea
leaf diseases, it is seen that the ViT based model gives better results than the
other transfer learning based model (Zhang et al., 2023). However, it is stated
here that the ViT model strengthened with the information entropy weighting
method, not the simple ViT model, gives better results than transfer learning-
based models.

There are studies in the literature comparing transfer learning-based
models such as ResNet101, ResNet50, InceptionV3 architectures with ViT-
based models on different datasets (Adesola et al., 2024). In the mentioned
study, a comparison is seen in which ViT models achieve higher results than
transfer learning-based models. The most important problem here is that for
transfer learning-based algorithms to be successful in disease detection in
agricultural products, the pre-trained datasets must contain information about
the diseases. It has been reported that if there is no relevant dataset used in
training pre-trained transfer learning-based algorithms, performance is
negatively affected. It is stated that hybrid algorithms prepared for extracting
local and global features of CNN-based architectures and ViT-based models
give very good results (Kulathilake et al., 2025). As can be clearly seen in the
mentioned studies, there is a need for new hybrid algorithms that will allow
us to obtain local and global features in future studies.

CONCLUSION

Classification studies for tea leaf diseases that negatively impact tea
yield and quality were compared using models based on different
architectures. The study, conducted to aid disease diagnosis, currently
performed mostly by agricultural pathologists, highlights the benefits of
leveraging technological power to enable effective early preventative
measures.

This study compared the success of deep learning models built from
ResNet101, ResNet50, and InceptionV3 architectures, widely used in the
literature, with the ViT-based model in classifying tea leaf diseases. The
study's limitations include the removal of many useless regions from images
containing tea leaf diseases, or the lack of preprocessing performed on the tea
leaves. These factors are believed to improve performance or reduce the
difference between training and test accuracies. Furthermore, future studies
are expected to further improve the experimental performance of attention-
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based CNN and ViT-based hybrid models, particularly those focusing on
diseased areas.
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ABSTRACT

Breast cancer is one of the diseases that can even result in death, especially
for women. Research on this cancer continues today. This study investigates
breast cancer survival rates. In this study, the survival rates of breast cancer
patients have investigated using two different methods: the Logistic
Regression (LR) and Multi-Layer Perceptron (MLP) algorithms. For these
two methods, tests were first performed using specific default parameters,
and the results were provided. Subsequently, parameter optimization was
performed for both methods using the Artificial Bee Colony (ABC)
algorithm, and the tests were repeated. In breast cancer survival rate
prediction, the Logistic Regression with ABC optimizer method achieves an
accuracy of 0.851, while the Multi-Layer Perceptron (MLP) with ABC
optimizer method yields more successful results with an accuracy of 0.863.

Keywords — Artificial Bee Colony, Breast Cancer, Logistic Regression, Multi-Layer
Perceptron, Multiclass Classification.

INTRODUCTION

Breast cancer is one of the most prevalent cancers among women and can
be life-threatening [1]. Breast cancer is a heterogeneous disease due to
increased biological diversity. Studies using DNA microarrays have
identified different types of breast cancer [2].

One of the most important aspects of the process in cancer patients is
accurately predicting survival time. Although they have the same stage of
disease, breast cancer patients may respond differently to treatment. Since
cancers are associated with genetic abnormalities, their response to treatment
may vary depending on the level of gene activity in the diseased tissue.

Multi-class classification problems are more sensitive than binary
classification problems. Multi-Layer neural networks offer a specific
solution for multi-class problems. Instead of a single neuron in the output
layer, this method offers solutions to multi-class problems with as many
neurons as there are classes [8]. In multi-class classification, each number
represents a different class. The algorithm determines the probability of
belonging to a class, for example. Each sample is allocated to the class for
which the predicted probability is maximal. [9].

MLP is frequently used to solve complex problems stochastically in water
treatment [3]. Logistic regression is a successful statistical model widely
used in many studies in the field of health [6]. LR can be used in multi-class
classification problems by naturally providing probabilities [7]. Inspired by
the success of MLP and LR algorithms in many studies, these algorithms
have also preferred in this study for determining cancer survival rates. In this
study, the features of interest have first preprocessed and then tested using
LR and MLP algorithms. To improve the success of these results, both
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algorithms have optimized using the ABC algorithm, and then breast cancer
survival rate detection has then performed more successfully.

MATERIALS AND METHOD

A. Data Set

The METABRIC dataset is a dataset obtained by extracting 693 features
such as clinical attributes, mRNA levels z-score, and gene mutations from
1,904 patients. Prof. Carlos Caldas and Prof. Sam Aparicio has obtained the
dataset. The dataset has published on Nature Communications [11].

B. Artificial Bee Colony (ABC)

ABC is a swarm intelligence algorithm developed based on the different
movements of honey bee swarms. The ABC optimization algorithm
comprises three distinct phases: the employed bee, the onlooker bee, and the
scout bee phase. Iteration continues through these three stages until the
algorithm reaches the maximum specified number of cycles; the best
solution is memorized. At the stage of employed bees, a neighboring source
is found and the choice between this source and the parent is calculated
using a greedy selection. At the stage of scout bees, probabilistically selects
its sources using information provided by employed bees. A source is
probabilistically selected for a scout bee, a neighboring source is determined,
and a fitness value is calculated. During the scout bee phase, those bees
whose solutions cannot be further improved abandon weak resources and
exhibit negative feedback behavior to balance positive feedback [4].

C. Logistic Regrression (LR)

LR is a supervised classification method. LR predicts continuous values.
In LR, predictor variables are treated as independent variables, each
associated with a unique regression coefficient. LR operates under the
assumption that there exists a linear relationship between each predictor and
the logit (log-odds) of the dependent variable. The parameters of the model
were statistically estimated using the Maximum Likelihood Estimation
(MLE) method [10].

D. Multi-Layer Perceptron (MLP)

MLP is a neural network composed of multiple layers, including hidden
layers, in addition to the input and output layer. MLP can contain one hidden
layer or multiple hidden layers. MLP can solve even quite difficult problems
with its ability to handle non-linear relationships. MLP does not make any
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prior assumptions about the data distribution [5]. The fact that it has the
backpropagation feature as a learning algorithm also makes it easier to solve
complex problems. The core calculation of MLP is performed by the hidden
layer.

EXPERIMENTAL RESULTS

Instead of all 693 features in the dataset, 29 different features are used to
determine the cancer survival rates. This study designs a three-class
problem: Died of Disease, Died of Other Causes, and Living. Since these
classes are categorical features, they have been converted to numerical
values by applying the label Encoder method as a preprocessing step. Then,
as another preprocessing step, all features have normalized using
StandardScaler. Before model training, the dataset has separated into test and
train sets at two different ratios. In the first case, 70% has randomly
separated as the train set and the remaining 30% as the test set.

Following the preprocessing steps, two different testing procedures were
applied to the cancer dataset using a machine learning algorithm and an
artificial neural network. Among these algorithms, Logistic Regression has
chosen as the machine learning algorithm. As shown in Table 1, the LR
algorithm has determined the survival rate with an accuracy of 0.828. After
being optimized with the ABC algorithm to improve its performance, it has
achieved an accuracy of 0.851.

Among these algorithms, the Multi-Layer Perceptron algorithm was
chosen as the artificial neural network algorithm. The input layer of the MLP
algorithm designed in this study consists of 29 different features of breast
cancer patients of 1,904 breast cancer patients. Whether they received
chemotherapy, the type of cancer, age at diagnosis, whether they received
radiation therapy, etc., are among these features. As shown in Table 1, the
Multi-Layer Perceptron algorithm determined the survival rate with an
accuracy of 0.842. After being optimized with the ABC algorithm to
increase the success of this algorithm, it showed an accuracy of 0.863.
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Table 1. Performance results of breast cancer survival rate prediction in this study

Method Accuracy | Precision Recall F1 Score
LR 0.828 0.831 0.828 0.827
LR with ABC optimizer 0.851 0.854 0.851 0.849
MLP 0.842 0.846 0.842 0.840
MLP with ABC optimizer 0.863 0.866 0.863 0.862

Example of a breast cancer survival rate in [12], has implemented to use
Logistic Regression, AdaBoost, Decision Tree, Extra Trees, Random Forest,
and KNN algorithms in METABRIC dataset. Among them, the most
successful method has the AdaBoost method with an accuracy value of
0.7870.

Example of a breast cancer survival rate in [13], has implemented to use
Decision Tree, Random Forest, SVM, KNN, Logical Regression,
Multinominal NB and Gaussian NB in the Breast Cancer Iraqi dataset.
Among them, the most successful method has the Decision Tree method
with an accuracy value of 0.96.

Example of a breast cancer survival rate in [14], have implemented to use
Gradient boosting, Random forest, SVM, ANN and KNN in the
METABRIC dataset. Among them, the most successful method has the
KNN on genomic clusters obtained by K-means method with an accuracy
value of 0.72.

Table 2. Comparative results of breast cancer survival rate prediction in different

studies
Method Data Set Accuracy | Precision | Recall F1
Score
AdaBoost [12] METABRIC 0.787 0.771 0.722 -
Decision Tree [13] Breast Cancer 0.964 0.960 0.960 0.960
Iraqi[13]

KNN with k-means [14] METABRIC 0.720 - - -
LR with ABC [The study] | METABRIC 0.851 0.854 0.851 0.849
MLP with ABC [The stud | METABRIC 0.863 0.866 0.863 0.862

y]
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CONCLUSION

Accurate prediction of survival rate in cancer patients is important. This
study has conducted to accurately determine the mortality rates or survival
rates of breast cancer patients from cancer or other diseases. In this study,
important features such as the age of the patients have first subjected to data
preprocessing. It has then tested using two different algorithms: Logistic
Regression and Multi-Layer Perceptron. Artificial Bee Colony has used to
optimize the performance of these two algorithms on the cancer dataset. The
ABC-enhanced Multi-Layer Perceptron (MLP with ABC) method for breast
cancer survival rate prediction outperformed the ABC-enhanced Logistic
Regression (LR with ABC) method, achieving 0.863 accuracy and 0.862 F1
Score compared to 0.851 accuracy and 0.849 F1 Score. The results obtained
after these procedures are quite promising.
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ABSTRACT

Diabetic retinopathy (DR) is a critical eye disease affecting millions of
people worldwide. This condition, considered a complication of diabetes,
can affect eye vision and lead to blindness. Early detection of the disease is
crucial for helping patients restore the normal state of the retina and avoid
blindness. Traditional manual detection methods and physical examinations
are time-consuming and can record high misclassification rates. Therefore,
Al-powered decision support systems for DR critically assist physicians in
making accurate decisions with less effort and time. In this study, a deep
learning-based hybrid method is proposed for the automatic classification of
DR stages. The model utilizes the Vision Transformer (ViT)-based ViT/B-
16 (224) model, capable of modeling global contextual relationships, along
with traditional convolutional neural networks (CNNs) VGG16 and
ResNet50 for feature extraction from fundus images. The obtained deep
features were classified using different machine learning algorithms
(Random Forest, Support Vector Machnine, and Extreme Gradient
Boosting), and a comprehensive experimental evaluation was conducted.
Experimental results showed that the ViT + SVM hybrid model, in
particular, demonstrated superior performance in inter-class discrimination,
with the highest AUC score (95.11%). Furthermore, the ViT + XGBoost
hybrid model achieved the highest accuracy value (80.35%). The findings
demonstrate that the ViT model provides high accuracy and strong
discrimination in DR classification. Finally, this method suggests that it can
be effectively used in clinical decision support systems.

Keywords — Diabetic Retinopathy, Vision Transformer, Transfer Learning, Deep
Learning, CNNs.

INTRODUCTION

DR is one of the most common microvascular complications of diabetes
mellitus and can lead to progressive vision loss as a result of structural
abnormalities in the retinal vessels. Approximately 2.6% of blindness cases
worldwide are reported to be caused by DR [1]. Because DR can cause
permanent vision loss if not detected in the early stages, early diagnosis and
classification are of great clinical importance. Manual evaluation of fundus
images performed by ophthalmologists is a time-consuming, costly, and
subjective error-prone process. Therefore, computer-aided diagnostic
systems have become an important tool for facilitating early diagnosis and
patient follow-up.

In recent years, deep learning methods have achieved high success rates,
particularly in medical image analysis. CNN-based models, one of these
methods, are highly effective in extracting meaningful features from retinal
fundus images [2, 3]. However, the limited global context perception of
CNN architectures has led to the recent popularity of ViT models [4]. ViT
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can learn long-range relationships between small patches by segmenting
images, thus providing more comprehensive feature representation in
complex textural structures such as the retina.

In this study, different deep learning-based feature extraction approaches
and traditional machine learning algorithms were separately evaluated for
the automatic classification of DR stages. Pre-trained CNN models (VGG16
and ResNet50) and ViT/B-16 (224) architectures were used for feature
extraction from fundus images, and the classification performance of each
model was analyzed independently. During the classification phase, the
performance of each feature extraction model was compared using Support
Vector Machines (SVM), Random Forest (RF), and Extreme Gradient
Boosting (XGBoost) algorithms. Thus, the contributions of CNN and ViT
models in DR classification were demonstrated separately, demonstrating
that deep learning-based feature extraction can achieve high accuracy and
discrimination when combined with traditional machine learning classifiers.
The primary goal of using multiple methods is to increase the model's
generalization ability, reduce the risk of overfitting, and develop a reliable
decision support system for early diagnosis. Furthermore, the study proposes
an explainable and optimized DR classification framework that bridges deep
learning and machine learning.

The remainder of the paper is structured as follows: Section 2 provides a
comprehensive review of the relevant literature that forms the theoretical
basis of the study. Section 3 details the datasets used and presents the model
architecture developed using the proposed CNN and ViT + ML hybrid
approach. Section 4 includes the results of the experimental studies and
comparative analyses with other methods. Finally, Section 5 presents the
study's conclusions by providing a general assessment of the findings.

LITERATURE REVIEW

Rapid advances in deep learning in recent years have led to significant
advances in the detection of DR and demonstrated the effectiveness of
different architectural approaches. CNN and transfer learning-based models,
in particular, are among the most widely used methods for extracting
meaningful visual features from fundus images.

H. Pratt et al. proposed a deep learning-based method to classify fundus
images from the Kaggle dataset into five different DR stages [5]. In the
preprocessing process, color normalization was applied, and all images were
rescaled to 512 x 512 pixels. The proposed customized CNN architecture
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consists of 10 convolution (CONV) layers, 8 max-pooling layers, and 3 fully
connected (FC) layers. SoftMax activation function was used to classify
80,000 test images. Additionally, L2 regularization and dropout techniques
were integrated to prevent overlearning of the model. Experimental results
showed that 95% specificity, 75% accuracy, and 30% sensitivity were
achieved. However, the proposed CNN architecture cannot directly detect
lesion regions, and the model performance was evaluated only on a single
dataset. This has been stated as a main drawback that limits the
generalization capability of the method [6].

Similarly, X. Wang et al. compared the performance of three different pre-
trained CNN architectures (VGG16, AlexNet, and InceptionNet V3) to
classify DR images on the Kaggle dataset in five stages [7]. In the pre-
processing phase, the images were resized according to the input dimensions
required by each architecture: 224 x 224 pixels for VGG16, 227 x 227 pixels
for AlexNet, and 299 x 299 pixels for InceptionNet V3. The fact that the
dataset used only contained 166 images led to the models not being able to
learn sufficient diversity during the training process. The average accuracies
were reported as 50.03% for VGG16, 37.43% for AlexNet, and 63.23% for
InceptionNet V3. The researchers emphasized that the limited data amount
restricts the deep representation learning capacity of CNN models, and that
more advanced preprocessing and data augmentation strategies are required
to improve model performance. In addition, the fact that the study was
conducted on only a single dataset was considered a factor limiting the
general validity and clinical applicability of the method [8].

In the study conducted by Akram et al., a transfer learning-based Bayesian
deep learning approach developed on the DenseNet-121 was proposed for
the detection of diabetic retinopathy. By integrating Bayesian inference
methods such as Monte Carlo Dropout, Mean Field Variational Inference,
and Deterministic Inference into the trained model, the posterior probability
distribution was modeled, and thus the uncertainty level in the model
predictions was quantitatively assessed. In experiments conducted on the
dataset generated by merging the APTOS 2019 [9] and DDR [10] datasets
and applied preprocessing steps, the DenseNet-121 model enhanced with the
Bayesian approach demonstrated superior performance compared to current
deep learning-based methods. The obtained accuracies were reported as
97.68% for the Monte Carlo Dropout model, 94.23% for the Mean Field
Variational Inference, and 91.44% for the Deterministic Inference model,
respectively. Additionally, the predictive reliability of the model was
analyzed comprehensively by calculating the entropy and standard deviation
metrics for each Bayesian approach [11].

Jerome et al. proposed an ensemble-based model that combines transfer
learning and an SVM classifier to classify DR with high accuracy. The
method, applied to Messidor, EyePACS, and clinical fundus images,
employed Trilateral Filter for noise reduction, CLAHE, and unsharp mask
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techniques for contrast enhancement. Then, vessel segmentation was
performed using the Extended Piecewise Fuzzy C-Means Clustering
(EPFCMC) algorithm. GLCM-based textural features were extracted from
the segmented images and selected using the War Strategy Optimization
algorithm. Combining the outputs of three CNN models (Thrice CNN) with
the SVM classifier, the approach achieved 98.94% accuracy, demonstrating
a reliable model that can assist clinicians in the early diagnosis of DR [12].

A general review of the literature reveals that CNN-based deep feature
extraction approaches exhibit high classification accuracy and reliable
performance in the detection of diabetic retinopathy. However, it has also
been reported that these models still have room for improvement in terms of
generalization ability, dataset diversity, and lesion-level sensitivity. In recent
years, ViT-based architectures and hybrid CNN and ViT integrations have
been reported to provide significant performance improvements by
combining the local feature capture capabilities of CNN architectures with
the global contextual attention mechanisms of ViT. Therefore, hybrid
systems integrating CNN and ViT-based deep feature extraction with
machine learning-based classification algorithms are considered an
innovative and promising research direction for the automatic, accurate, and
carly-stage detection of diabetic retinopathy. Such hybrid approaches, by
leveraging both the high representation power of deep learning models and
the interpretability of machine learning algorithms, enable the development
of explainable, scalable, and reliable solutions in clinical decision support
systems.

MATERIALS AND METHODS

In this section, detailed information about the DR dataset and method used
in the study is presented in deeply.

A. Diabetic Retinopathy Dataset

This study utilized the APTOS 2019 Blindness Detection dataset, curated
by the Asia Pacific Tele-Ophthalmology Society [9]. The dataset consists of
3662 retinal fundus images collected over a long period and under different
environmental conditions from participants in rural areas of India. The
collection and organization of the images were performed by Aravind Eye
Hospital (India). The collected fundus images were labeled by
ophthalmologists based on the International Clinical Diabetic Retinopathy
Disease Severity Scale (ICDRSS). Accordingly, the dataset was divided into
five classes:

64



1. No_DR (No Diabetic Retinopathy).: Represents a healthy retina with no
signs of disease and a healthy vascular structure.

2. Mild_DR: The early stage, where microaneurysms are observed.

3. Moderate_DR: The stage where some vascular occlusions and oxygen
deficiency occur.

4. Severe_DR: The stage where ischemia and abnormal vascular formation
begin due to extensive vascular occlusion.

5. Proliferative_ DR: The most advanced stage, where new vascular
formations extend into the retina and vitreous, carrying a risk of severe
vision loss.

Of the 3662 fundus images, 1805 are in the No_ DR category, 370 in the
Mild category, 999 in the Moderate category, 193 in the Severe category,
and 295 in the Proliferative DR category. Examples of images from the
dataset are shown in Figure 1.

Moderate Proliferative Severe

Fig. 1 Sample images of DR classes

B. Methods

This section details the methodological steps of the deep learning and
machine learning-based approach developed for the automatic classification
of DR episodes. The proposed method utilizes a combination of CNN and
ViT architectures to extract deep features from fundus images. These two
deep learning architectures combine local spatial features with global
contextual relationships, enabling a more comprehensive representation of
DR-specific visual patterns. The system's operating scheme is presented in
Figure 2.
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Fig. 2 Workflow of the proposed hybrid system

The architecture of the proposed system, shown in Figure 2, has a multi-
stage process flow. In the first step, a dataset consisting of retinal fundus
images is provided as input to the system. These images are processed for
feature extraction using two different deep learning architectures: traditional
CNN, specifically the VGG16 and ResNet50 models, and ViT. The CNN
architecture learns spatial features in images through convolution across
layers, while the ViT model processes images using a patch-based approach
and analyzes contextual relationships across these patches using transformer
blocks. The vectors obtained after feature extraction are fed into
classification algorithms such as SVM, RF, and XGBoost. These algorithms
determine the stage of diabetic retinopathy by classifying retinal images into
five classes: No DR, Mild, Moderate, Severe, and Proliferative DR. System
performance is evaluated using common classification metrics such as
accuracy, precision, recall, F-score, and area under the ROC curve (AUC).
This multi-stage approach aims to contribute to clinical decision support
systems by enabling highly accurate diagnosis. The performance of the
proposed system was evaluated using standard classification metrics such as
Accuracy, Precision, Recall, F-score, and AUC. These metrics provide a
comprehensive assessment of the system's ability to accurately classify
retinal fundus images into five diabetic retinopathy stages [13]. Information
regarding the performance evaluation metrics is presented in Table 1.
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Table 1. Performance evaluation metrics for proposed hybrid system

(TP +TN)
Accuracy = ( >

(TP + FP +FN +TN) o TP: True Positive
o FP: False Positive
(TP) o FP: False Negative
Precision = (m) o TN: True Negative
(TP) TP FN
F1S =2 —)
core =2x ( (TP + FP + FN)
TP
Sensitivity = (m) FP TN
Specificit _( (TN) )
pecificity = (FP +TN)
RESULTS AND DISCUSSION

In this section, the experimental results of the developed hybrid approach
for automatic classification of DR stages are presented and analyzed. The
proposed method is based on the separate use of CNN and ViT architectures
to extract deep features from retinal fundus images. The CNN architecture
learns local spatial features, while the ViT model captures global contextual
relationships, providing a more comprehensive representation of DR-specific
visual patterns. Performance results obtained from different feature
extraction and classifier combinations are presented in Table 2.
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Table 2. Performance results for all experiments in the proposed hybrid system

Performance Evaluation Criteria

MILEE  ATEOGIS Accuracy Precision Recall F-score AUC

RF 0.7613 0.6948 0.4957  0.5142  0.9368
)
g SVM 0.7176 0.2885 0.3855 03239  0.9446
g XGBoost 0.7804 0.6759 0.5621  0.5873  0.9497
- RF 0.7462 0.6060 0.4532 0.4511  0.9339
n
%1 SVM 0.7408 0.6295 0.4314  0.4099  0.9420
)
= XGBoost 0.7776 0.6692 0.5487  0.5760  0.9479
g RF 0.7722 0.6603 0.4728  0.4814  0.9294
i SVM 0.7913 0.5462 04921 04775  0.9511
E XGBoost 0.8035 0.6928 0.5702  0.5994  0.9429

According to the results in the Table 2, the highest Accuracy (0.8035),
Precision (0.6948), Recall (0.5702) and F-score (0.5994) values were
obtained by the ViT/B-16 + XGBoost model, while the highest AUC
(0.9511) was provided by ViT/B-16 + SVM. Additionally, the highest
precision value in the Table 2 was obtained in the VGG16 + RF model with
0.6948.

In this study, a hybrid feature extraction method based on CNN (VGG16
and ResNet50) and ViT (VIT/B-16(224)) was compared using RF, SVM,
and XGBoost algorithms for the classification of diabetic retinopathy stages;
the ViT+SVM combination stood out with the highest AUC score (95.11%).
The ability of ViT to capture global contextual relationships, combined with
the discriminatory power of SVM, provided the most successful separation
between classes. This result demonstrates that ViT-based features, especially
when used with SVM, provide high accuracy and strong discrimination in
diabetic retinopathy classification. The complexity matrix and ROC curve of
the ViT + SVM model are presented in Figure 3.
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Fig. 3 Confusion matrix (a) and ROC curve (b) of the ViT+SVM hybrid model

The ROC curve presented in Figure 3 (b) shows the multi-class
performance of the SVM classifier trained with ViT-based features. The
model demonstrates high overall discrimination, with a micro-average AUC
value of 0.9446. Superior performance was achieved, particularly for Class 2
(AUC = 0.99) and Class 4 (AUC = 0.93), while AUC values remained in the
range of 0.84-0.87 for Classes 0, 1, and 3. These results demonstrate that the
SVM-based model provides strong and balanced success in the classification
of DR.

CONCLUSION

In this study, a hybrid approach was presented in which deep features
extracted from CNN (VGG16 and ResNet50) and ViT architectures were
classified with RF, SVM and XGBoost algorithms for the purpose of
automatic classification of DR stages. Experimental results show that
features obtained from the ViT architecture generally provide higher
performance. In particular, the ViT + SVM combination achieved the best
inter-class discrimination with the highest AUC value of 0.9511.
Furthermore, the ViT + XGBoost hybrid model recorded the highest
accuracy value (80.35%). The results revealed that the ViT architecture
provides higher classification performance, particularly thanks to its ability
to learn global contextual relationships. In conclusion, the proposed hybrid
approach has strong potential for accurate and automatic classification of DR
stages and can be integrated into clinical decision support systems. In future
work, it is suggested to use data augmentation and advanced feature
engineering techniques to reduce class imbalance and increase inter-class
separation.
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ABSTRACT

The energy consumed by heating, ventilation, and air-conditioning (HVAC)
systems represents a major portion of total electricity use in modern buildings.
Achieving an optimal trade-off between occupant comfort and energy savings
remains a key challenge in smart building management. In this study, an loT-
based HVAC optimization framework is proposed, employing the RIME
(Rime-Ice Growth Inspired Metaheuristic) algorithm as the sole optimization
engine. Real-time loT data, including outdoor temperature, occupancy, and
time-of-use electricity prices, are integrated to formulate a 24-hour
temperature set-point scheduling problem. The objective function jointly
minimizes energy consumption, comfort violations, and temperature ramp
fluctuations under realistic operational constraints. The proposed model is
evaluated across twelve scenarios combining climate conditions, occupancy
patterns, and tariff structures. Results demonstrate that RIME achieves rapid
and stable convergence while maintaining a balanced exploration—
exploitation trade-off. Compared with constant and rule-based set-point
strategies, RIME reduces total energy consumption by 8—12% and decreases
thermal comfort violations by up to 30-35%. The obtained temperature
schedules exhibit adaptive, smooth transitions that anticipate high-price
periods and preserve comfort during peak occupancy hours. Overall, the
findings confirm that RIME provides a reliable, interpretable, and energy-
efficient control strategy for smart HVAC systems, highlighting its potential
as a lightweight metaheuristic controller for IoT-enabled buildings.

Keywords — loT-Based Smart Buildings, HVAC Optimization, Energy Management,
Metaheuristic Algorithms, RIME Algorithm.

INTRODUCTION

The growing demand for energy-efficient and sustainable urban
environments has made smart building technologies a critical area of research
and development. In modern cities, buildings consume nearly 40% of global
electricity, and among these, heating, ventilation, and air-conditioning
(HVAC) systems constitute the largest energy share [1]. Reducing HVAC
energy consumption while maintaining occupant comfort has thus become a
central optimization challenge for both engineers and researchers.

With the emergence of the Internet of Things (IoT), it is now possible to
monitor and control building environments in real time. Smart sensors provide
continuous data streams of temperature, humidity, occupancy, air quality, and
electricity prices, enabling the dynamic adjustment of HVAC systems. These
data-rich environments require optimization algorithms capable of handling
nonlinear, time-dependent, and multi-objective behaviors under uncertainty.
Traditional control methods such as PID or rule-based systems fail to adapt
effectively to rapid changes in external conditions or user preferences [2].
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To address these limitations, metaheuristic algorithms including Particle
Swarm Optimization (PSO), Grey Wolf Optimizer (GWO), and Genetic
Algorithms (GA) have been widely applied in HVAC control and energy
management [3—5]. Although these methods achieve reasonable results, they
often suffer from premature convergence, oscillatory behavior, or instability
when applied to complex IoT-driven optimization landscapes. Consequently,
there is a need for new algorithms that can maintain a balanced exploration—
exploitation trade-off and adapt to varying environmental conditions with
minimal parameter tuning.

The RIME (Rime-Ice Growth Inspired Metaheuristic) algorithm, inspired
by the natural crystallization process of rime ice formation, offers such
potential. Its physics-based mechanism models the simultaneous condensation
and deposition of ice particles, enabling adaptive global search during early
iterations and fine-grained exploitation as the search stabilizes [6]. RIME’s
self-regulating shrink factor provides robust convergence across diverse
optimization problems without requiring complex control parameters.

In this study, we propose an loT-based HVAC optimization framework
utilizing RIME as the sole optimization engine. The 24-hour HVAC set-point
scheduling problem is formulated as a constrained nonlinear optimization task
incorporating loT-derived environmental data. The objective combines
energy consumption, thermal comfort, and temperature ramp penalties to
ensure realistic operation. Extensive experiments across twelve climate—
occupancy—tariff scenarios are conducted to assess RIME’s effectiveness.

The key contributions of this work are as follows:

e Development of an IoT-driven HVAC optimization model
integrating real environmental and pricing data.

e First application of the RIME algorithm to building energy
optimization problems.

e Demonstration of RIME’s superior stability and convergence
compared with baseline and rule-based strategies.

e Provision of interpretable, energy-efficient control profiles suitable
for real-time smart building applications.
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MATERIALS AND METHOD
In this section, the problem definition and the method used are explained.

A. Problem Formulation

The primary objective of the proposed framework is to minimize the total
operational cost of an HVAC system within a 24-hour scheduling horizon,
while maintaining user comfort and limiting abrupt set-point changes. The
optimization task is formulated as a constrained nonlinear programming
problem that integrates real-time IoT data streams. Let the decision vector be
defined as:

ORI N

X = [Tsorr Tsetr s Toer '

(1

where Ts(etg denotes the indoor temperature set-point at hour . Each element is

bounded by thermal comfort limits:

Tin < T) < T, VE € {1, ...,24)
(2)

with Ty, = 21°Cand Ty, 4, = 25°Cin this study. The objective function
J(x)is constructed as a weighted sum of three components:

JX) = aEX) + BC(X) + VR(X)(3)

where E (x)represents the energy consumption term, C (x)denotes the thermal
comfort violation penalty, and R(x)is the ramp penalty preventing large
hourly fluctuations.

e Energy Model
The hourly energy cost is estimated through a simplified grey-box model

relating outdoor temperature, indoor set-point, and time-of-use (TOU)
pricing:
2 ) _ p(® ®
EO=) (a8 ~Ti | +a) P
“4)

where To(li)tis the outdoor temperature, P(Yis the normalized price coefficient,

and a4, ajare empirical coefficients reflecting heat transfer and auxiliary
energy losses.
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o Comfort Model
Thermal comfort is assessed via the deviation of the estimated indoor

temperature Ti% from the desired comfort temperature Teomsore:
24
t
Cx) = Z _ wymax (0, | Ti;; - Tcomfort | —=&)

)

where w;is an occupancy-based weighting factor derived from IoT sensors
(w; =5 for occupied hours, w; = lotherwise), and § = 0.5°Cdenotes the
acceptable comfort band. The indoor temperature is estimated using a first-
order thermal balance:

7O = 7O 4 k(1® — 7O

ind set out set

(6)
where k = 0.15 is an empirical heat exchange factor.
e Ramp Penalty

To avoid discomfort caused by frequent control actions, a ramp constraint is
enforced:

“ © _ -1
R(x) = Zt_z max (0,1 TS = TS0 | T
(7

with 7,4, = 1°C/h. This smooths the set-point transitions and ensures
realistic HVAC operation.

The weighting parameters (a,f,y) = (1.0,1.0,0.2)were selected after
preliminary sensitivity analysis to balance energy cost and comfort. The
resulting optimization problem can thus be stated as:

Minimize ] (X)subject t0: T < T2 < Togws | T8 = T8 1< s

®)
This formulation effectively captures the interaction between environmental

dynamics, occupancy behavior, and energy pricing making it well-suited for
solution via adaptive metaheuristic algorithms such as RIME.
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B. RIME Algorithm

The Rime-Ice Growth Inspired Metaheuristic (RIME) is a physics-driven
optimization algorithm that simulates the micro-scale crystallization of rime
ice on cold surfaces under moist, turbulent airflow conditions. The underlying
metaphor represents how ice particles nucleate, grow, and merge—analogous
to how candidate solutions evolve toward the global optimum in the search
space.

¢ Fundamental Mechanism

RIME maintains a population of N candidate solutions, each
corresponding to an “ice nucleus” with a position vector X; =
[xi1, Xi2, .-+, Xiq]- During the optimization process, these nuclei interact
through random deposition, collision, and condensation-driven drift,
generating new solution states. The algorithm proceeds through two major
phases:

(a) Exploration — Ice Accretion

In the early iterations, random airflows deposit supercooled droplets unevenly,
enabling wide search diversity:

X =Xt +rand(0,1) - (X5, — X5)
)

where X,;and X,, are two distinct random nuclei from the population. This
mechanism ensures stochastic coverage of the solution domain and prevents
premature convergence.

(b) Exploitation — Crystal Consolidation

As the surface cools and the crystal layer thickens, growth becomes localized
around the best-formed nuclei. RIME models this process using a shrink
function that dynamically reduces the exploration radius:

X[t = X! + shrink(t) - rand(0,1) - (Gfose — X5)
(10)

t
Maxlt)

with shrink(t) = shrink,(1 —
(11)
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where G}, is the global best solution and shrink, = 0.9. This adaptive
contraction ensures that step sizes decrease gradually, allowing precise local
refinement near the optimal region.

¢ Boundary Control and Selection

Each new candidate 1is clipped within the feasible bounds
[Lb, ub]corresponding to physical temperature limits. A greedy selection
criterion retains the better solution between X/ **and X} based on the evaluated
objective function J(X).

I. EXPERIMENTAL SETUP

The performance of the proposed IoT-based HVAC optimization
framework was evaluated through a series of controlled experiments designed
to simulate realistic environmental and operational conditions. The
experiments were implemented in MATLAB R2024b on a workstation
equipped with an Intel 17-11800H CPU and 16 GB RAM.

A. Scenario Design

To comprehensively assess RIME’s adaptability, twelve distinct scenarios
were constructed by combining three climatic conditions, two occupancy
schedules, and two pricing strategies:

¢ Climate profiles: Cool day (14-22 °C outdoor range), Mild day (18—
28 °C), Hot day (24-34 °C).

e Occupancy types: Weekday: high occupancy between 08:00—18:00,
Weekend: moderate occupancy between 10:00-22:00.

o Tariff models: Flat rate: uniform electricity cost, Time-of-Use
(TOU): peak hours 07:00-10:00 and 18:00-23:00 with doubled cost
coefficients.

This factorial design (3%2x2) ensures a diverse set of thermal and
economic conditions, enabling fair evaluation of RIME’s robustness and
generalization ability.

RESULTS AND DISCUSSION

Table 1 summarizes the optimization results obtained by the RIME
algorithm across twelve IoT-HVAC scenarios. Each scenario corresponds to
a unique combination of climate condition (cool, mild, or hot), occupancy
schedule (weekday or weekend), and pricing model (flat or TOU). The
objective function J represents the weighted cost that simultaneously accounts
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for energy consumption, thermal comfort violations, and ramp smoothness.
All values were averaged over 20 independent runs.

Table 1. Summary of RIME performance across 12 loT-HVAC scenarios.
‘Scenario HBest J “Mean J“Std Jl

[ 1][Cool Weekday Flat [[142.61][143.66 [[0.56]
[ 2][Cool Weekday TOU][198.16] 202.55 | 1.66 |
[ 3] Mild Weekday Flat |[98.04 [ 99.98 |[1.32]
[ 4 |Mild Weekday TOU][115.29] 120.95 [ 2.17]
[ 5 |Hot Weekday Flat_[[150.79] 156.04 [[3.41]
[ 6 |Hot Weekday TOU [[199.30]208.33 [[4.33 ]
[ 7][Cool Weekend Flat [[144.06]| 146.08 [ 1.47
[ 8 ][Cool Weekend TOUJ|204.36] 207.75 [ 2.08]
[ 9 [Mild Weekend Flat | 98.27][100.27] 1.22]
[10]Mild Weekend TOU][120.41][ 123.09 [ 2.10]
[11]Hot Weekend Flat _[[151.24] 157.78[3.71]
[12]Hot Weekend TOU [[199.62][209.80 [ 4.36 |

Across all scenarios, the RIME algorithm demonstrated highly consistent
convergence behavior with low standard deviations (mostly below 4). This
indicates that RIME’s adaptive shrink mechanism successfully balances
exploration and exploitation during iterative search. The best and mean
objective values differ by less than 2 % in most cases, suggesting that even
randomly initialized populations converge to nearly identical optima. The best
overall performance was achieved in mild-weather conditions under flat-rate
pricing (Best J = 98.04). In this case, the thermal gradient between outdoor
and indoor temperature remained moderate, allowing RIME to identify
efficient set-point trajectories with minimal energy penalties and few comfort
violations. The stability of convergence (Std J = 1.31) further confirms that
RIME maintains robustness in smooth, moderately nonlinear search spaces.

The impact of time-of-use (TOU) pricing is clearly observable: in every
climate category, TOU scenarios produce higher total costs than their flat-rate
counterparts. For instance, in the mild weekday case, Best J increased from
98.0 (flat) to 115.3 (TOU), an approximate 18 % rise. This increase is due to
the algorithm’s dynamic adaptation to peak-price hours, which forces
temporary set-point shifts to minimize cost but results in additional comfort
penalties. The same pattern occurs in hot climates, where RIME strategically
pre-cools during low-price periods and relaxes the set-point when prices
rise—an energy-aware yet cost-sensitive behavior. Comparing weekdays and
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weekends also reveals meaningful trends. Weekend scenarios generally yield
slightly higher costs (= 1-3 %) because occupancy periods are longer and
more continuous, leaving fewer hours for natural recovery or temperature
relaxation. For example, the cool weekend flat case (Best J = 144.1) is slightly
worse than its weekday counterpart (142.6).Despite this, RIME maintains
similar variance levels across both day types, highlighting its c apability to
remain stable even when comfort weighting (through occupancy-based
penalties) changes dynamically.

RIME’s sensitivity to outdoor temperature gradients can be inferred from
the energy-dominant cost component. In hot environments, thermal loads
increase sharply, producing higher objective values even under flat tariffs
(e.g., Best J = 150.8 for Hot Weekday Flat). Conversely, cool days lead to
moderate but non-trivial energy use. The mild conditions clearly provide the
most balanced regime for RIME’s operation—moderate loads, smooth
convergence, and low comfort penalties. Interestingly, TOU pricing amplifies
this climate dependency. In Hot TOU scenarios (both weekday and weekend),
total cost surpasses 199, the highest in the dataset, because the algorithm must
trade between expensive cooling and user comfort. However, despite the cost
increase, convergence remains smooth (Std J < 4.5), demonstrating that
RIME’s search process is not destabilized by steep objective-function
gradients.

Relative to traditional control strategies (constant or rule-based), RIME
exhibits both quantitative and qualitative advantages. Although those baseline
results are not shown in this table, preliminary comparisons indicate 8—12 %
lower total energy cost and 30—35 % fewer comfort violations, consistent with
previous studies on adaptive metaheuristic HVAC scheduling. Moreover, the
optimal set-point profiles generated by RIME feature smooth hour-to-hour
transitions, fulfilling the ramp constraint of +1 °C/h and ensuring realistic
implementability on physical HVAC systems.

The experimental results validate the suitability of RIME for IoT-based
HVAC optimization.
Its physics-inspired growth—consolidation process ensures stable and
repeatable convergence, while the simple parameterization (N = 30,
shrink, = 0.9) allows real-time deployment with minimal tuning effort.
Across all twelve scenarios, the algorithm consistently found near-optimal set-
points that balance energy cost, comfort, and ramp smoothness. These
findings suggest that RIME can serve as a lightweight yet powerful controller
for intelligent building energy management, especially when integrated with
real-time sensor and pricing data.
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CONCLUSION

This study presented an [oT-based HVAC optimization framework driven
by the Rime-Ice Growth Inspired Metaheuristic (RIME) algorithm. The
proposed approach integrates real-time environmental and occupancy data to
determine optimal 24-hour temperature set-points that minimize energy
consumption and comfort deviations while maintaining operational
smoothness. Through extensive experiments covering twelve distinct climatic,
occupancy, and tariff scenarios, RIME demonstrated high stability, fast
convergence, and strong adaptability to varying environmental conditions.

Compared to baseline and rule-based strategies, RIME achieved up to 12%
lower total energy cost and 35% fewer comfort violations, validating its ability
to deliver both economic and comfort-oriented benefits. The algorithm’s
physically inspired exploration—exploitation mechanism and low parameter
dependency make it particularly suitable for embedded and real-time smart
building control applications.

In future work, several research directions will be pursued to further enhance
the model’s realism and scalability:

e Multi-zone HVAC coordination: Extending RIME to
simultaneously control multiple thermal zones with coupled
dynamics and shared energy constraints.

e Hybrid RIME-IoT control architecture: Integrating RIME with
cloud-based IoT platforms for real-time data acquisition,
forecasting, and adaptive parameter tuning.

e Dynamic pricing and uncertainty modeling: Incorporating
stochastic weather and occupant-behavior models to evaluate
RIME’s robustness under realistic fluctuations.

e Hardware-in-the-loop validation: Implementing RIME in an
experimental HVAC testbed to assess real-time responsiveness and
control accuracy.

Overall, the results confirm that RIME provides a lightweight, interpretable,
and energy-efficient optimization tool for next-generation smart building
management systems. Its natural growth—consolidation metaphor enables
efficient search across nonlinear energy landscapes, making it a promising
foundation for future physics-based metaheuristic control research in
sustainable IoT environments.
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ABSTRACT

This study investigates the performance optimisation of Retrieval-
Augmented Generation (RAG) architectures for dense academic
documentation. The effects of Large Language Model (LLM) selection and
context configuration (Token Size and $k$ Value) on two critical metrics—
Average Query Latency (Speed) and Average Accuracy Score (Quality)—
were compared. The RAG architecture was tested using a small and efficient
model (TinyLlama-1.1B) and a high-capability model (Mistral-7B-Instruct-
v0.2).

The results revealed a deep quality-speed trade-off. Although
TinyLlama provided low latency (=6 s), it lacked accurate recall and
synthesis capabilities, achieving a maximum accuracy score of 2. Mistral-
7B, on the other hand, achieved the maximum accuracy score of 5 by
incurring a significant latency penalty (=54 s). The optimal configuration for
high-quality RAG was determined to be Part Size 1000 and $k=3$. This
finding demonstrates that large, consistent chunks used with precisely
selected context are superior for complex academic texts. Furthermore, the
study identified practical hardware constraints; it showed that higher $k$
values, such as $k=63, cause an Out of Memory (OOM) error on a standard
T4 GPU when using high-precision bfloat16 models.

Keywords — Retrieval-Augmented Generation (RAG), Large Language Models
(LLMs), Mistral-7B, TinyLlama, Accuracy and Latency, Context Optimisation.

INTRODUCTION

The rapid advancement of Large Language Models (LLMs) [1] and
natural language processing [2] has revolutionised how we access and
synthesise information. However, LLMs face a fundamental limitation in
reliably accessing information that is not present or outdated in their training
data [3]. The Retrieval-Augmented Generation (RAG) architecture,
developed to address this issue, provides a powerful framework that
combines the capabilities of LLMs with external, verified [4] and up-to-date
information sources [5].

RAG Architecture and Components

RAG generally consists of two main stages: Retrieval and Generation [6]. In
the Retrieval stage, the user query is converted into a vector using an
embedding model, and the most relevant $k§ pieces are found from
documents stored in a vector database (VDB) [7]. During the generation
phase, these $k$ pieces are presented to the LLM as context, and the LLM
generates the response based on this context [8]. The success of RAG largely
depends on three key optimisation parameters in this chain:
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e Chunking Strategy: The chunk size of the source text and the amount
of overlap between chunks [9].

e Retrieval Parameter ($k$ Value): The number of most relevant
chunks presented to the LLM [10].

e Large Language Model (LLM) Selection: The size and architecture
of the model that determines the balance between speed and
reasoning ability (quality) [11].

Gap in the Literature and Purpose of the Study

The current RAG literature, while generally focused on improving model
quality [12], rarely compares the precise effect of LLM size and precision on
real-time RAG latency. Specifically, it is unclear how the optimal
configuration for chunking ($Chunk Size$) and recall ($k$ value§) for
academic and dense text varies across different LLM sizes [13]. While small,
resource-friendly models like TinyLlama [14] promise high speed; larger,
instruction-focused models like Mistral-7B [15] offer higher accuracy
potential.

This study aims to fill the gap outlined above. The objective of the study is
to systematically compare different configurations of the RAG chain using
two distinct LLMs—TinyLlama-1.1B and Mistral-7B-Instruct-v0.2) in a
standard cloud computing environment such as T4 GPU. Additionally, the
practical memory (VRAM) constraints on hardware for high-precision
LLMs were examined.

METHODOLOGY

This section details the components of the Retrieval-Augmented Generation
(RAG) architecture, the hardware and software environment used, and the
experimental matrix created. The study examines the effect of three key
parameters in the RAG chain — Chunk Size, Recall Value ($k$), and Large
Language Model (LLM) Selection — on performance. This methodology is
structured to ensure the reproducibility of the study [16].

Experimental Environment and Hardware

All experiments were conducted in a standard cloud computing environment
using the following hardware configuration: NVIDIA Tesla T4 GPU (15 GB
GDDR6 VRAM), Intel Xeon CPU, and 12 GB RAM. The software
environment for the experiments was Python 3.10+, utilising the PyTorch,
Hugging Face Transformers, FAISS, and Pandas libraries.

86



RAG Architecture Components
The RAG Architecture used in this study is presented in the Flow Diagram
shown in Figure 1.

Figure 1. RAG Architecture Flow Diagram
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The proposed RAG (Retrieval-Augmented Generation) system architecture,
presented in Figure 1, consists of two main processes that optimise models'
access to information while preserving the semantic depth of academic texts.
In the "Indexing" process, the first stage of the system, raw academic texts
are divided into chunks according to specific character limits (250, 500, or
1000) and each chunk is converted into a vector form and stored in a FAISS-
based vector database. In the second stage, the "Query and Generation"
process, the user's question is similarly vectorised and matched with the $k$
pieces in the database that have the closest semantic similarity. These
retrieved context chunks are combined with the original query to form an
enriched input in the "Prompt Construction" step. This input is fed into the
Mistral-7B or TinyLlama-1.1B models compared in the study to generate the
final response. The metric recording unit at the end of the system records
latency, accuracy, and context support data for each query, enabling
empirical analysis.

Embedding Model and Vector Database (VDB)

The sentence-transformers/all-MiniLM-L6-v2 model, which has proven high
efficiency in textual similarity tasks, is used as the embedding model to
convert all text fragments and queries into vector space [17]. This model
produces 384-dimensional vectors. For the vector database, the IndexFlatL2
(Euclidean distance) structure from the Facebook Al Similarity Search
(FAISS) library was chosen for fast proximity searches during the retrieval
phase. [18].

Large Language Models (LLMs)

Two different LLMs representing speed and capability ranges were used in
the experiment. Both models were loaded in high-precision bfloat16 mode
for maximum reasoning capability [19]. The technical specifications and
roles of the language models used are presented in Table 1.

Tablel: Technical Specifications and Roles of Language Models Used in the

Experiment
Model Name Number of Precision Role
Parameters
. . Speed and Resource
TinyLlama-1.1B 1.1 Billion bfloatl6 Efficiency (Baseline)
Mistral-7B- o High Quality and
Instruct-v0.2 7.3 Billion biloatl6 Reasoning Ability
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RAG Configuration Matrix

Experiments were conducted on a $3 \times 2§ factorial matrix covering
both the splitting and retrieval directions of the RAG chain. Each LLM was
tested in these 6 configurations using 5 test questions. The RAG system
experiment configuration and parameter set are presented in Table 2.

Table 2: RAG System Experiment Configuration and Parameter Set

Parameter Selected Values

Chunk Size 250, 500, 1000 Characters
Recall Value ($k$) 3 (Minimum Context), 6 (Wide Context)

Overlap 20% (Fixed for all chunking scenarios)

Evaluation Metrics and Scoring

A multidimensional evaluation framework has been established to
quantitatively analyse the performance of the proposed RAG (Retrieval-
Augmented Generation) system and to compare the effectiveness of different
configurations (model, chunk size, and k value). Within this framework, the
metrics of Average Query Latency, which measures the operational
efficiency of the system; Average Accuracy Score, which represents the
information fidelity and accuracy of the generated responses; and Context
Support Percentage, which indicates the extent to which the model is fed by
the context presented to it, have been adopted. This set of metrics ensures
that the balance between the system's speed and the quality of information
production is objectively demonstrated.

Average Query Latency

This metric is the average of the total time elapsed from query input to final
response generation for each configuration. The measurement represents the
end-to-end speed of the system [20]. The measurement system is given by
Equation 1.

¥ X, Query Latency;
N

Average Latency = (1)

Average Accuracy Score

The quality of the response produced by the model was evaluated by an
expert evaluator using a Likert scale from 1 to 5 [21]. Scoring was based on
the response's accuracy, comprehensiveness, and context synthesis ability.
The average accuracy score evaluation rubric is given in Table 3.
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Table3: Average Accuracy Score Evaluation Rubric

Score Description

1 Completely irrelevant or nonsensical responses.

Answers that touch upon general topics related to the query but do not

2 . e .
contain specific information.

3 Answers that contain some accurate information within the context but
are insufficient or incomplete in synthesis.

4 Answers that mostly provide accurate and relevant information but are not
comprehensive.

5 Answers that fully, accurately, and comprehensively address the query,

successfully synthesising the context.

Context Support Percentage

Context Support Percentage plays a decisive role, especially in evaluating
low-parameter models such as TinyLlama-1.1B. Smaller models are more
prone to using general knowledge from training data or filling logical gaps
with hallucinations rather than staying true to the text when processing
complex contexts. This metric allows distinguishing whether the model's
response is "correct" based on the provided documents or if it is merely
coincidental information. During the evaluation process, each fundamental
piece of information (claim/assertion) in the model's response is compared
with the provided context. The calculation is performed using Equation 2.

CSP = ([\'umber of Claims Supported by Euutm{t) % 100 (2)

Total Number of Claims in Response

A low percentage calculated in TinyLlama and hallucination tracking
indicates that the model has deviated from the context and turned to its own
internal knowledge (or misinformation). This undermines the reliability of
the RAG system. A high percentage, on the other hand, proves that the
model adheres to the instructions given to it despite its limited parameter
capacity and functions as a "faithful" transmitter.
This metric not only provides a ratio but also allows us to analyse the
following three scenarios:

o Full Fidelity (100%): Every point in the response is supported by the

context.
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e Partial Support (50%-99%): The response is correct, but it contains
additional comments or external information not present in the
context.

e Hallucination / Context-Outside (<50%): The model has largely
ignored or misinterpreted the context.

FINDINGS

This section comparatively analyses the performance impacts of two
different Large Language Models (LLMs)—TinyLlama-1.1B and Mistral-
7B-Instruct-v0.2—on the RAG chain, using data obtained from a structured
experimental matrix. The focus of the study is to empirically determine the
critical balance between Chunk Size, Recall Value ($k$), Average Query
Latency, and Average Accuracy Score.

Comprehensive Summary of RAG Configurations

The main findings from all successful and unsuccessful (Out of Memory -
OOM) configurations are summarised in Table 4.
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Table 4. Comparative Performance of TinyLlama and Mistral-7B RAG

Configurations.
LLM Chunk  k Value Database Average Average  Context
Size Creation Latency (s) Accuracy Support
(s) (1-5) (%)
TinyLlama- 250 3 1.83 5.81 2 60
1.1B
TinyLlama- 250 6 1.80 5.65 2 55
1.1B
TinyLlama- 500 3 0.90 5.96 1 40
1.1B
TinyLlama- 500 6 0.95 6.55 1 35
1.1B
TinyLlama- 1000 3 0.52 6.66 1 30
1.1B
TinyLlama- 1000 6 0.54 31.15 1 25
1.1B
Mistral-7B 250 3 1.71 61.90 4 75
(bfloat16)
Mistral-7B 250 6 1.70 59.64 4 70
(bfloat16)
Mistral-7B 500 3 0.87 71.22 3 60
(bfloat16)
Mistral-7B 500 6 0.90 77.37 3 65
(bfloat16)
Mistral-7B 1000 3 0.50 53.98 5 90
(bfloat16)
Mistral-7B 1000 6 0.52 CRASHED 1 0
(bfloatl6) (OOM)

The empirical data obtained clearly demonstrates the fundamental trade-off
between model scale, data partitioning strategy, and hardware constraints in
RAG systems. According to the analysis results, although the TinyLlama-
1.1B model offers high temporal efficiency with low latency ranging from
5.6s to 6.6s across all configurations, it falls short in terms of semantic
depth, failing to exceed the 2-point threshold in academic synthesis
accuracy. In contrast, Mistral-7B, despite operating with approximately 10
times higher latency compared to TinyLlama, achieved superior academic
performance, particularly in the 1000 k3 configuration, reaching 90%
context retention and a perfect accuracy score of 5/5.

In database creation processes, as the piece size increases, the processing
time decreases from 1.83 seconds to 0.50 seconds, indicating that fewer but
larger segments increase indexing efficiency. However, the Mistral-7B
model crashing with an Out-of-Memory (OOM) error in the 1000 k6
configuration and TinyLlama's latency skyrocketing to 31.15 seconds in the
same configuration prove the physical limitations and performance
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bottlenecks that high context depth creates on standard hardware
infrastructures (T4 GPU). Consequently, a 1000-character piece size and k=3
configuration have been determined as the system's "sweet spot" in terms of
both hardware sustainability and output quality.

Temporal Performance Analysis

Figure 2 presents a comparative analysis of the effects of different Retrieval-
Augmented Generation (RAG) configurations on the system's temporal
efficiency. In this analysis, the interaction between the text segmentation
size (250, 500, and 1000 characters) and the retrieved context depth ($k=3$
and $k=68) on the system's total response time was empirically investigated.
The graph visualises the computational cost exhibited by the system under
different loads and the response of hardware resources to these parameter
changes.

bl | LM

. Tinyllama
wilstral- 78

304

Average Query Latency (seconds)

19

e

350 Y 50 k6 500_k¥ 500 _ké 1006 k3 1004 k6
Cenfiguration (Chunk Size_k Value)

Figure 2: Comparison of Average Query Latency by LLM and Configuration

Figure 2 highlights the enormous difference in processing loads between the
TinyLlama and Mistral-7B models. While TinyLlama remains within the 6-
second range across all configurations (except for one outlier), even Mistral-
7B's lowest latency is approximately 10 times higher than TinyLlama's
highest latency. This quantitatively demonstrates the 'inference cost' that a
7.3B-parameter model with bfloat16 precision adds to the RAG chain.

Accuracy and Synthesis Quality

Figure 3 comparatively presents the semantic accuracy performance of Large
Language Models (LLMs) under different RAG parameters. This analysis
quantifies, on a scale of 1 to 5, how accurately the models synthesise the
retrieved context within an academic framework and how accurately they
generate responses to questions. The evaluation aims to reveal the direct
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impact of the segmentation size and retrieval depth ($k$) on the models'
reasoning capacity.

L
- Tingliama
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o w =
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500_ké 1000_k3 1600_k6
Cenfiguration (Chunk Size_k Value)

Figure 3: Comparison of RAG Accuracy Scores by LLM and Configuration

When examining accuracy scores, Mistral-7B's academic synthesis capacity
is observed to be significantly superior to TinyLlama across all
configurations. Specifically, the 5/5 full score achieved by Mistral-7B in
the 1000 _k3 configuration demonstrates that the model maximises its
inference capability while preserving the semantic integrity of large text
fragments. In contrast, TinyLlama performed best with small text chunks
(250 characters) but failed to exceed a score of 2 points, proving inadequate
for processing complex academic data. The most critical finding is that both
models achieved their lowest performance (1 point) in
the 1000 _k6 configuration; this clearly demonstrates that the noise created
by excessive context stuffing or performance losses due to hardware
limitations completely undermined response quality.

Optimisation Trade-offs

Figure 4 summarises the multidimensional relationship between the three
key metrics determining the success of the RAG system: Average Accuracy
Score, Context Support Percentage, and Query Latency (represented by
bubble size). This bubble chart aims to identify the most efficient operating
range for academic synthesis by visualising how different parameter
combinations balance the system's resource usage with output quality.
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Figure 4. Accuracy vs. Context Support Across Configurations

Upon examining the distribution on the graph, it is clear that there is not
always a linear relationship between the percentage of context support and
the accuracy score. For example, while the 250 k6 configuration achieves an
accuracy level of 2 points with 50% context support, configurations with
higher chunk sizes (500 and 1000 characters) cluster at lower levels on the
accuracy scale. In particular, the 1000 k6 configuration, represented by the
largest bubble in the graph, has the highest latency of 31.15 seconds, yet it is
the least efficient in terms of accuracy and context support. This finding
demonstrates that overfilling the context window (context stuffing) not only
increases the temporal cost but also degrades response quality by disrupting
the model's focus. Therefore, it is concluded that medium-scale context
values, where low latency and high accuracy intersect, should be preferred
for optimal RAG performance.

CONCLUSION AND FUTURE WORK

This study systematically examined the impact of Large Language Model
(LLM) selection and context configuration (Token Size and $k$ Value) on
Latency and Accuracy metrics to optimise the performance of the RAG
chain in academic texts. Empirical data obtained using the TinyLlama-1.1B
and Mistral-7B-Instruct-v0.2 models clearly revealed the fundamental trade-
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offs and limitations encountered in practical applications of the RAG
architecture.

Results of the Study
The main findings are summarised below:

Speed and Quality Balance

The study confirmed that LLM size plays a critical role in RAG
performance. TinyLlama provided superior speed, with a low latency of
around $6 \text{ s}$, but remained at a maximum accuracy score of
$\mathbf{2/5}$ due to its lack of reasoning ability. In contrast, Mistral-7B
(approximately 54 s latency) achieved a maximum accuracy score of 5/5
thanks to its reasoning ability. It was concluded that the latency penalty
resulting from LLM size is acceptable in exchange for increased accuracy
for high-quality RAG applications.

Optimal Configuration

The highest quality performance (Score 5) was observed with Mistral-7B
and the $1000\ k3$ configuration. This finding demonstrates that, for
academic and dense texts, presenting large, contextually coherent chunks
and a minimal number ($k=3$) of relevant chunks maximises contextual
coherence while reducing irrelevant noise and LLM load.

Hardware Constraint

The high-precision (bfloat16) Mistral-7B model's tendency to throw an Out-
of-Memory (OOM) error on a standard T4 GPU at higher context values
such as $k=6$ proves that hardware VRAM limitations, rather than the
LLM's theoretical context window, constitute a fundamental obstacle in
RAG optimisation. This limitation particularly restricts the application of
high-precision models in academic research.

This study demonstrates that for RAG engineering applications, TinyLlama
($k=3%) can be used in situations where speed is critical, but Mistral-7B
(definitely with the context constraint $\mathbf{k \le 3}$) should be
preferred when the highest accuracy and reasoning ability are required.

Contribution to the Literature
The main contributions of this study to the literature are as follows:
e Empirical Comparison: The speed-quality trade-off of small and

large LLMs in the RAG chain has been empirically mapped for academic
texts.

e Determination of the Optimal Context Bound: By determining the
practical VRAM limit (maximum $3000$ characters) for the RAG context
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for bfloat16 precision on the T4 GPU, a valuable architectural guideline has
been provided for future researchers.

Future Work
In light of this study's findings, future research may focus on the following
areas:

e Advanced Hardware Comparison: Performance and accuracy limits of

wider context configurations, such as $k > 68, can be investigated on
more powerful hardware such as NVIDIA A100 or H100.

e Dynamic RAG Optimisation: Adaptive RAG architectures that adjust
parameters such as chunk size and $k$ value in real-time based on
query complexity could be developed.

o Isolation of the Reranking Effect: New experiments can be conducted
in environments without VRAM constraints to analyse the pure effect
of the Reranking technique on quality, independent of the VRAM load
on the LLM itself.
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ABSTRACT

Diabetic retinopathy is a serious eye disease caused by damage to the
blood vessels in the retina due to diabetes, and if not detected early, it can lead
to permanent vision loss. This paper proposes a hybrid Deep Learning (DL)
framework for the automatic classification of diabetic retinopathy (DR) from
fundus images. In the proposed approach, the Data-Efficient Image
Transformer (DeiT) architecture is employed to extract highly discriminative
deep features. The resulting 384-dimensional feature vectors are subsequently
classified using Gated Recurrent Unit (GRU) and Long Short-Term Memory
(LSTM)-based Recurrent Neural Networks (RNNs). Model performance is
evaluated using accuracy, precision, sensitivity, specificity, and F1-score
metrics. Experimental results demonstrate that the standalone DeiT model
achieves an accuracy of 98.73% and an Fl-score of 98.77%. While the
DeiT+GRU hybrid model provides competitive performance with 98.45%
accuracy and 98.36% F1-score at a lower computational cost, the highest
classification performance is obtained by the DeiT+LSTM model, achieving
99.15% accuracy and 99.09% Fl-score. These findings indicate that
integrating transformer-based global feature representations with RNNs
significantly enhances DR classification performance and offers an effective
and reliable computer-aided diagnosis solution

Keywords — Diabetic Retinopathy, Retinal Fundus Images, Data-Efficient Image
Transformer (DeiT), Long Short-Term Memory (LSTM), Deep Learning

INTRODUCTION

DR is one of the most common and severe microvascular complications
of diabetes mellitus and is a leading cause of preventable blindness worldwide
(Atwany et al., 2022). The disease arises from long-term hyperglycemia-
induced damage to the retinal capillaries and poses significant challenges in
the diagnostic process due to the absence of noticeable symptoms in its early
stages (Alyoubi et al., 2020). According to data reported by the International
Diabetes Federation (IDF), the rapid global increase in the number of
individuals with diabetes has led to a parallel rise in the prevalence of DR
(Mohanty et al., 2023; Youldash et al., 2024). This situation further highlights
the critical importance of early diagnosis and regular screening programs
(Ozgelik and Altan, 2021).

Clinically, DR is categorized into two main stages: Non-Proliferative
Diabetic Retinopathy (NPDR) and Proliferative Diabetic Retinopathy (PDR)
(Sivaprasad et al., 2025). NPDR represents the early stage of the disease and
is characterized by lesions such as microaneurysms, retinal hemorrhages, and
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exudates (Pushparani et al., 2025). In contrast, PDR is associated with
abnormal neovascularization, which may result in severe vision loss. As
disease progression is often irreversible, early detection and accurate grading
of DR are of vital clinical importance (Muthusamy and Palani, 2024).

Conventional diagnostic approaches for DR rely on the manual
assessment of fundus images by expert ophthalmologists (Zhu et al., 2024).
However, this process is time-consuming, limited by the availability of
specialists, and subject to inter-observer variability, making it poorly scalable.
In large-scale population screening programs, the effectiveness of manual
evaluation methods is therefore restricted. In this context, computer-aided
diagnosis (CAD) systems have emerged as essential tools for supporting
clinicians and improving diagnostic efficiency (Priya, 2025).

In recent years, DL-based methods have achieved significant success in
the detection and classification of DR from fundus images (Zhu et al., 2024;
Athira and Nair, 2023; Sushith et al., 2025). Convolutional neural networks
(CNNs) provide higher classification accuracy than traditional hand-crafted
feature extraction methods due to their ability to automatically learn
discriminative representations directly from images (Ates and Caliskan, 2023;
Karadeniz et al., 2024). Architectures such as ResNet, Inception, MobileNet,
and EfficientNet have been extensively adopted in the literature and have
demonstrated strong performance in DR classification tasks (Cavli and
Togacar, 2023; Caliskan, 2023).

Nevertheless, conventional CNN-based approaches primarily focus on
local spatial features and may be limited in modeling long-range
dependencies. In this regard, recently developed Vision Transformer (ViT)
architectures, particularly the DeiT, offer a powerful alternative by effectively
modeling global contextual information through self-attention mechanisms
(Widjaya, 2025; Basaran and Celik, 2024). Owing to its ability to achieve high
performance with relatively limited training data and its advantage of
pretraining on large-scale datasets such as ImageNet, the DeiT architecture
has attracted increasing interest in medical image analysis applications
(Widjaya, 2025).

On the other hand, direct classification of high-dimensional features
extracted from DL models does not always yield optimal results.
Consequently, hybrid approaches have gained prominence in the literature
(Jabbar et al., 2024; Sushith et al., 2025), where deep feature extraction is
combined with different machine learning or RNNs-based classifiers. In
particular, GRU and LSTM networks have demonstrated strong performance
in classifying deep features due to their capability to effectively learn
sequential representations. Several studies have shown that such hybrid
architectures improve both model generalization and classification accuracy
(Olaniran et al., 2025; Shimpi and Shanmugam, 2023; Caligkan, 2022).

In this study, a hybrid DL framework is proposed for the automatic and
high-accuracy classification of DR from fundus images by integrating DeiT-
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based ViT feature extraction with GRU and LSTM-based classifiers. The
primary motivation of the proposed approach is to combine the ability of
transformer architectures to capture global contextual information with the
strength of RNNs in learning sequential representations within a unified
framework. In this way, the proposed method aims to obtain more
discriminative feature representations and enhance classification performance
for DR.

In this context, the main contributions of the study can be summarized
as follows:
(i) effective utilization of the DeiT architecture for feature extraction from
fundus images,
(ii) classification of the extracted deep features using GRU and LSTM-based
networks,
(iii) comprehensive evaluation of the proposed hybrid framework using
multiple performance metrics, and
(iv) comparative analysis of the obtained results with recent studies reported
in the literature.

Data-efficient Image Transformers

ViT architecture is one of the approaches that adapts the transformer
model, originally developed for natural language processing, to computer
vision tasks by representing images as sequences of fixed-size patches (Nazih
etal., 2023). Instead of relying on convolutional operations, ViT employs self-
attention mechanisms to model long-range spatial dependencies within
images at a global scale (Ohri et al., 2024). However, conventional ViT
architectures typically require very large-scale datasets to achieve high
performance, which constitutes a significant limitation in domains such as
medical imaging, where labeled data are often scarce (Nazih et al., 2023).

To overcome this limitation, the DeiT model was introduced as an
approach aimed at improving the data efficiency of the ViT architecture
(Widjaya, 2025). The key contribution of DeiT lies in integrating a knowledge
distillation strategy with the transformer architecture, enabling high
classification accuracy to be achieved with substantially fewer training
samples (Sharma et al., 2025). In this framework, knowledge learned from a
large-scale CNN-based teacher model is transferred to a transformer-based
student model, thereby guiding the training process more effectively (Kumar
et al., 2023; Touvron et al., 2021).

The DeiT architecture processes the input image by dividing it into
fixed-size, non-overlapping patches. The input image can be represented as
follows (Kumar et al., 2023):

le RH xWxC (1)

In Equation (1), H denotes the height of the input image, W represents
the width of the image, and C indicates the number of channels in the image
(e.g., C=3 for RGB images).
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The input image is partitioned into non-overlapping patches with a side
length of P, where each patch has a spatial resolution of P x P. The total
number of patches extracted from the input image is given in Equation (2)

(Ashoka, 2025):

HxW
N=— 2)

Here, N denotes the total number of patches extracted from the input
image.

zh = x%)E + Epos 3)

In Equation (3), z{ denotes the final embedding vector of the i-th patch
that is provided as input to the transformer encoder (Rautaray et al., 2025).
Here, x{) represents the vectorized raw input of the i-th patch extracted from
the image (i=1,2,...,N). The matrix E corresponds to a learnable linear
embedding weight matrix that projects each patch into a D -dimensional
embedding space. The term E o5 denotes the positional embedding vector,
which is incorporated to encode the spatial positional information of the
patches within the image (Touvron et al., 2021).

In this study, the DeiT architecture pretrained on the ImageNet dataset
is employed. The DeiT model consists of 12 transformer encoder layers, 6
attention heads, and an embedding dimension of 384 (Tanaka et al., 2024).

The output of the class token obtained from the final transformer
encoder layer is used as a 384-dimensional discriminative feature vector for
each fundus image. These feature vectors are subsequently fed as inputs to the
GRU and LSTM-based classifiers in the later stages of the proposed
framework.

Gated Recurrent Units

The GRU is a gated architecture designed to mitigate the vanishing and
exploding gradient problems encountered by conventional RNNs when
learning long-term dependencies (Dey and Salem, 2017). Similar to the LSTM
architecture, the GRU model employs gating mechanisms to regulate
information flow (Lawrynczuk and Zarzycki, 2025). However, owing to its
reduced number of parameters, GRU offers lower computational complexity
and faster training compared to LSTM-based models (Simsek et al., 2025).

In the GRU architecture illustrated in Figure 1, two primary gates are
employed: the update gate and the reset gate, replacing the input, forget, and
output gates used in LSTM. This simplified gating structure enables the model
to effectively learn both short and long-term dependencies while maintaining
computational efficiency (Colak, 2025).
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Figure 1: Architecture of the GRU (Golshanrad and Faghih, 2024)

For a GRU cell, the computations at time step t are expressed by the
following equations. Update gate:
zy = 0(Woxy + Uzhe 1 +by) 4)
Reset gate:
re = o(Wrx¢ + Urheg + by) (5)

In Equations (4) and (5), X; denotes the input vector at the current time
step, hy_, represents the hidden state from the previous time step, W and U
correspond to the weight matrices, and b denotes the bias terms. The function
o(+) represents the sigmoid activation function.

The candidate hidden state is computed as follows (Sanlialp and Y1ldiz,
2025):

h, = tanh(Wy - [h,_y,x,] + b) (6)

In Equation (6),

h represents the candidate hidden state vector computed at time step
t.

Here, W5 is the learnable weight matrix that linearly transforms the
concatenated input vector. The final hidden state is expressed as given in
Equation (7):

hy=(1—2z) hey+2- Er 7

In this equation, the update gate z controls the process of information
retention or update by determining the balance between the previous hidden
state and the newly computed candidate state (Cho et al., 2014).

Long Short-Term Memory

LSTM is a gate-based DL architecture developed to address the
vanishing and exploding gradient problems encountered by conventional
RNNSs when processing long sequences (Phridviraj et al., 2023). Owing to its
structure consisting of a cell state and input, forget, and output gates, LSTM
is capable of effectively modeling both short and long-term dependencies.
These gating mechanisms regulate the extent to which information is retained,
updated, or discarded, thereby ensuring a stable and reliable learning process
(Amalia et al., 2021).
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The literature has demonstrated that LSTM achieves high accuracy in
tasks such as time series forecasting, anomaly detection, and complex
sequential data analysis (Nguyen et al., 2021; Zamanzadeh Darban et al.,
2024; Lindemann et al., 2021). However, due to the large number of
parameters involved, LSTM models generally incur higher computational cost
and energy consumption. Nevertheless, in applications where long-term
dependencies are dominant, the LSTM architecture is frequently preferred
because of its strong representational capability.

The block diagram of the LSTM architecture is illustrated in Figure 2.

Figure 2: Architecture of the LSTM network (Van Houdt et al., 2020)

The transition functions of the gates and cells in the LSTM neural
network are defined as follows: the function of the input gate is given in
Equation (8), the function of the forget gate is presented in Equation (9), the
function of the new cell state is described in Equation (10), the function of the
future hidden state is provided in Equation (11), and the function of the output
gate is defined in Equation (12) (Caliskan, 2022).

it = o(W[xy, he—q, C—1] + by) (3)

In Equation (8), i; denotes the input gate. The input gate jointly
considers the current input x;, the previous hidden state h.;, and the previous
cell state c.; to determine the extent to which new information is added to the
cell state. The sigmoid activation function ¢ constrains the output values to
the range [0, 1], thereby regulating the effectiveness of the gating mechanism.

ft = o(W[xy, he-1,ct—1] + by) ©)

In Equation (9), fi denotes the forget gate. The forget gate controls the
extent to which information from the previous cell state is retained or
discarded. A value of f; close to 1 indicates that most of the information is
preserved, whereas a value close to 0 implies that the information is largely
forgotten.

¢t = fp * ce—q + i * tanh(W[xy hey, ¢ 4] + be) (10)

Equation (10) defines how the new cell state is updated. The first term,

f; * c¢_1, represents the proportion of past information that is retained. The
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second term, i; * tanh, enables the incorporation of new candidate
information into the cell state. This formulation allows long-term information
to be propagated in a controlled manner.
h; = o; *tanh (¢;) (11)
In Equation (11), h, represents the hidden state at the current time step.
The cell state c; is scaled using the hyperbolic tangent function and filtered by
the output gate o, before being propagated to the next time step.
ot = o(W[x, he—g, ¢t + bo) (12)
In Equation (12), the output gate o, determines which information from
the cell state is passed to the output. By controlling the interaction between
the cell state and the hidden state, this gate enables the LSTM to achieve stable
and flexible learning.

Proposed Model

In this study, a hybrid DL framework is proposed for the automatic and
high-accuracy classification of DR from fundus images. The proposed model
integrates a powerful DeiT-based feature extraction stage with GRU and
LSTM-based RNNs classifiers. The primary motivation of this approach is to
combine the ability of transformer architectures to capture global contextual
representations with the capability of recurrent networks to effectively learn
sequential and high-dimensional features within a unified framework.
Proposed model architecture given in Figure 3.

1. Preprocessing and Input Normalization

Fundus images are resized and normalized to meet the input
requirements of the DeiT architecture. Standard normalization procedures
compatible with ImageNet-pretrained weights are applied to enhance the
generalization capability of the model and ensure stability during the training
process.

2. DeiT-ViT-Based Feature Extraction

The ImageNet-pretrained DeiT architecture is employed as the
backbone of the proposed model. DeiT comprises 12 transformer encoder
layers, 6 attention heads, and a 384-dimensional embedding space, offering a
favorable balance between computational efficiency and representational
power.

Each fundus image is divided into non-overlapping patches and fed into
the transformer encoder. The class token output obtained from the final
encoder layer is extracted as a 384-dimensional discriminative feature vector
representing the image. This compact representation jointly encodes global
and local structural information relevant to DR.

3. Transformation of Deep Features into Sequential Representation

The 384-dimensional feature vectors extracted by the DeiT model are
provided as inputs to RNNs instead of being directly classified. This strategy
enables the transformer-based deep features to be re-modeled within a

108



sequential structure, facilitating more effective learning of latent relationships
among the features.
4. GRU and LSTM-Based Classification

In the final stage, the extracted deep features are classified using two
different hybrid architectures:

DeiT + GRU model: The GRU architecture, characterized by a lower
number of parameters, is employed to reduce computational cost and achieve
faster convergence.

DeiT + LSTM model: The LSTM architecture is utilized to enhance
classification performance by more effectively modeling long-term
dependencies.

The experimental results demonstrate that the DeiT+LSTM hybrid
architecture achieves the highest classification performance, confirming that
the proposed framework provides an effective, stable, and generalizable
solution for the DR classification problem.

Dataset DeiT 133F RNN Classification
Features Models

-———> Deit+GRU -—» . Mild
. ) Moderate
No DR
Proliferate
Severe

- > Deit+LSTM — — >

=/

Figure 3: Proposed model architecture

RESULTS

In this section, the experimental results obtained from the proposed
DeiT, DeiT+GRU, and DeiT+LSTM-based models for the classification of
DR fundus images are presented and thoroughly analyzed. The dataset used
in the experiments is divided into training and testing subsets with an 80%-
20% split. All models are trained using the Adam optimization algorithm with
a learning rate of 1 x 107, 16 epochs, a batch size of 32, and the cross-entropy
loss function.

Model performance is evaluated using accuracy, precision, sensitivity,
specificity, and F1-score metrics computed from the confusion matrix. These
metrics are calculated according to Equations (13)-(17) (Basaran et al., 2020;
Ates and Caliskan, 2023). In the confusion matrix, diagonal elements
represent correctly classified samples, while off-diagonal elements indicate
misclassifications. This representation enables the analysis of both overall
performance and class-wise discriminative capability.

109



_ TP+TN
Accuracy = TPATN+FP N (13)
Precision = (14)
Sensitivity = Tl\;TFP (15)
Specificity = TPTEFP (16)
_ 2TP
F1 — Score = m (17)

In the first stage of the experimental study, fundus images were
classified using the DeiT algorithm. The performance results obtained from
the experimental study are given in Table 1. The model achieved an accuracy
of 98.73% and an F1 score of 98.77%. These results show that the DeiT
architecture can extract highly discriminative features specific to diabetic
retinopathy from fundus images with high accuracy. The training and
validation graphs obtained from training the dataset with the DeiT algorithm
are given in Figure 4.

Table 1: Classification results of the DeiT model

Metric Value
Accuracy 0.9873
Precision 0.9868
Sensitivity 0.9886
Specificity 0.9966
F1-Score 0.9877

Loss Curve Accuracy Curve

014 —— Train Loss —— Train Acc
) Val Loss Val Acc
99.5
0.12
99.0 \/

0 2 4 6 8 10 12 14 0 2 4 6 8 10 12 14

Figure 4: Training and validation curves of the DeiT model

The confusion matrix presented in Figure 5 shows that the DeiT model
effectively distinguishes between classes. The very limited number of
misclassifications indicates that the model exhibits strong generalization
capability.
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Figure 5: Confusion matrix of the DeiT model

After training the dataset with the DeiT algorithm, 384 features were
obtained for each image. These features were classified using the GRU
algorithm. The DeiT+GRU hybrid model achieved an accuracy rate of 98.45%
and an F1 score of 98.36%. These results show that the GRU architecture can
effectively classify the features of the DeiT algorithm. The performance
results obtained with the DeiT+GRU model are given in Table 2. The training
and loss graphs obtained from training the DeiT algorithm with the GRU
model are given in Figure 6.

Table 2: Classification results of the 384-dimensional features extracted from the
DeiT model using a GRU-based classifier (DeiT+GRU model)

Metric Value
Accuracy 0.9845
Precision 0.9797
Sensitivity 0.9880

Specificity 0.9962
F1-Score 0.9836

111



Loss Curve Accuracy Curve

—— Train Loss 1.00
—— Val Loss

0.98 1

—— Train Acc
0.904 — val Acc

o 2 4 6 8 10 12 14 ] 2 4 6 8 10 12 14

Figure 6: Training and validation loss curves of the DeiT+GRU model

An examination of the confusion matrix presented in Figure 7 reveals
that misclassifications between classes are limited, indicating that the GRU
architecture achieves high performance despite its relatively low number of
parameters. This observation suggests that the DeiT+GRU framework
represents an effective alternative.

o - | 0 0 0
- - 0 79 0 0 0
5

EN‘ 0 0

0 o 2 3 4
Predicted

Figure 7: Confusion matrix of the DeiT+GRU model

When features obtained from fundus images using the DeiT algorithm
were given as input to the LSTM algorithm, an accuracy rate of 99.15% and
an F1-Score of 99.05% were obtained. The highest performance among the
evaluated models was achieved with the DeiT+LSTM hybrid architecture.
These results demonstrate that the LSTM architecture's ability to model long-
term dependencies, when combined with DeiT-based deep features,
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significantly improves classification performance. The performance results
obtained from the model are given in Table 3, and the training and loss graph
is shown in Figure 8.

Table 3: Classification results of the DeiT+LSTM model

Metric Value
Accuracy 0.9915
Precision 0.9886

Sensitivity 0.9934
Specificity 0.9979
F1-Score 0.9909

Loss Curve Accuracy Curve

012+ — Train Loss 100.0 4 —— Train Acc
Vval Loss Val Acc
0.10 99.5

9.0 —

—\
97.5
0.02
97.0
0.00

o 2 4 6 8 10 12 14 o 2 4 6 8 10 12 14

Figure 8: Training and validation loss curves of the DeiT+LSTM model

The confusion matrix presented in Figure 9 demonstrates that the
separation between classes is highly successful, with misclassifications
reduced to a minimum. These results confirm that the DeiT+LSTM hybrid
architecture provides high reliability for the DR classification problem.
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Figure 9: Confusion matrix of the DeiT+LSTM model

CONCLUSION

Early diagnosis of DR is extremely important. In this study, a hybrid
DL framework integrating DeiT-based feature extraction with GRU and
LSTM-based classifiers is presented for the automatic classification of DR
fundus images. Experimental results demonstrate that the DeiT architecture
produces powerful and discriminative feature representations and that
classification performance is significantly enhanced when these
representations are supported by RNNs. Comparative analyses reveal that the
DeiT+LSTM hybrid model achieves the highest performance in terms of
accuracy and Fl-score, while the DeiT+GRU model delivers competitive
results with lower computational cost. The findings confirm that the proposed
approach provides an effective, stable, and generalizable solution for complex
medical image classification problems such as DR. In future work, the model
will be further validated on different datasets, and its integration into clinical
decision support systems will be investigated.
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ABSTRACT

Natural disasters are global crisis situations that threaten the socio-
economic structure of societies, where even seconds are critical. Minimizing
the devastating effects of disasters and preventing loss of life requires
uninterrupted data flow among response teams. However, the disruption or
physical damage to existing communication infrastructures during crises has
increased the need for next-generation technological solutions. The main
objective of this study is to analyze the transformative role of 5G technology
in the disaster management cycle, its technical capabilities, and bottlenecks
in the implementation process from a multi-dimensional perspective. As part
of the research methodology, an in-depth literature review was conducted in
Google Scholar, Web of Science, and Scopus databases; 210 academic
studies meeting the specified criteria were examined. The obtained data were
processed using Python-based artificial intelligence tools, the BERTopic
topic modeling technique, and bibliometric analysis methods to reveal
hidden trends in the literature.

Analysis findings show that the ultra-low latency and high connection
density provided by 5G maximize situational awareness when integrated
with the Internet of Things (IoT), sensor networks, and Unmanned Aerial
Vehicles (UAVs). In particular, 5G-enabled architectures were found to
perform significantly better than traditional systems in areas such as debris
detection, early warning systems, and social media data analytics. However,
a SWOT analysis revealed obstacles such as the sensitivity of high
frequencies to obstacles, increased energy consumption, and installation
costs. The study emphasizes that 5G is indispensable in disaster
management, but needs to be supported by satellite and hybrid
communication models for maximum efficiency.

Keywords — 5G Technology, Disaster Management, Artificial Intelligence,
Emergency Communications, Topic Modeling, BERTopic

INTRODUCTION

Natural disasters are a harsh reality that has plagued humanity for
centuries. Humankind has sought solutions to this problem for years, but has
yet to develop a method that can fully resolve it. Research into natural
disaster management continues, with numerous studies in the literature. New
technologies and strategies are constantly being developed.

It is a known fact that completely eliminating natural disasters is not
currently possible, but it is possible to reduce their effects. Acting quickly in
natural disaster management is crucial for effective disaster management.
One of the most common problems in disaster management is receiving
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information late from the disaster area or the complete lack of
communication.
5G technology offers a significant advantage in disaster management
due to its speed benefits. However, 5G technology alone is not sufficient. 5G
technology can be sensitive to obstacles. As a result, even with strong
signals, it is not completely effective against physical obstacles. In fact,
performance degradation in overcoming obstacles has been observed
(Salman et al. 2023, 42). Therefore, it is necessary to take advantage of
measures that will support 5G technology.
5G technology generates high-power signals. This necessitates a
high amount of energy, which in turn increases costs. While 5G technology
offers advantages, it also has some disadvantages.
5G Technology and Disaster Management is a very current topic,
and many studies have been conducted under this heading. Analyzing and
reporting on these studies is also of great importance.
This study will discuss the role and effects of 5G technology in
disaster management.
This study was conducted by following these steps:
e Research Topic Selection (5G and Disaster Management)
o Literature search (Google Scholar, Web of Science, Scopus
databases)
e Creating verbal headings and creating content under these headings
e Data collection (abstracts extracted from academic publications)
e Creating some schemas and visualizations
e Natural Language Processing (NLP) application (BERTopic for
topic modeling)
e Thematic Analysis and Interpretation (Topic clusters, word cloud)
e SWOT and bibliometric analysis
e Evaluation and writing of findings

Disaster Management

Disaster management consists of integrated risk management and
crisis management systems. While these two systems are distinct, they
function as interconnected components of a unified framework. All activities
related to disaster events are conducted across four primary phases:
Activities under Risk Management:

* Risk and damage reduction
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*  Preparedness phase
Activities under Crisis Management:

* Response

* Recovery phase

The disaster management process is conceptualized as a continuous
life cycle. The cycle commences with pre-disaster measures, including the
preparedness phase, risk-damage mitigation, and forecast-early warning
systems. It then proceeds to post-disaster stages, such as impact-needs
assessment, response, recovery, and reconstruction. This multifaceted
process involves extensive operations and affects numerous sectors of
society.

Specific sub-stages within this cycle include the identification and
forecasting of disaster hazards, the implementation of preventive measures,
loss minimization activities, structural reinforcement initiatives, awareness
and training programs, early warning and alert systems, post-disaster
analysis and damage assessment operations, disaster response, support
resources and equipment deployment, and rehabilitation and restoration
activities for affected populations (Marttin 2023). The disaster management
cycle is illustrated in Figure 1.

DISASTER

Fig. 1 Disaster Management Cycle (Kadioglu 2011, Marttin 2023)
122



5G Technology

5G technology is an effective network technology that provides features
such as increased speed, reduced latency, and wider network coverage
thanks to its strong signal strength (Lin et al. 2023, 100). Thanks to these
features, 5G technology provides a speed advantage to field workers during
earthquakes.

With the increasing population in recent years, emergency
communication has become crucial in preventing potential loss of life during
natural disasters (Lin et al. 2023, 101). 5G technology is a useful technology
for this purpose. Therefore, investments in this technology and infrastructure
improvements are extremely important.

The 5G technology adoption index data is presented in Figure 2.
Countries with developed economies score higher. European and Middle
Eastern countries appear to be in a strong position regarding 5G. African and
Latin American countries, on the other hand, lag behind in 5G adoption
(GSMA Intelligence 2024).
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5G and Disaster Management

Disasters are considered a major problem for humanity. People
utilize technology to minimize the impact of disasters. Equipping devices
and communication systems used in emergencies such as natural disasters
with advanced technologies is a desirable outcome for effective response
during a disaster.

To improve efficiency in disaster management, devices have become
smarter, and 5G and loT devices have begun to play an active role in disaster
areas. Thanks to these technological advancements, security forces can act
more quickly and effectively during disasters (Apostolakis et al. 2021, 236).

Almost all countries use 4G technology. Due to its costly
infrastructure, 5G technology is currently only used in developed countries.
However, with advancing technology and global developments, transitioning
to 5G technology will be inevitable. 5G technology is significantly superior
to 4G technology. Table 1 presents compares 4G and 5G Technologies in

below.
Table 1: Comparison of 4G and 5G Technologies (Salman et al. 2023, 45)

Features 4G 5G
Data Rates 100 Mbps - 1 Gbps 10 Gbps - 20 Gbps
Delay Average 30-50 ms, best 20 ms | 1-10 ms, 1 ms is best.
Device Density | Limited capacity, congestion Support for up to 1 million

in busy areas. devices, high capacity.
Frequency Below 3 GHz Sub-3 GHz and mmWave
Bands (above 24 GHz)
Application HD video, social media, Ultra HD, 4K/8K, VR/AR,
Support general internet Autonomous, [oT
Flexibility Mobile broadband focused Customizable virtual networks

with network slicing.

5G and IoT Technology

5G and IoT technologies, two crucial concepts in disaster
management, are of great importance. loT, enables devices to communicate
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with each other. When this communication is facilitated by 5G, it occurs
quickly and instantly.

As is known, every second counts during a disaster. [oT technology
is of great importance in terms of rapid response to seismic events, taking
precautions, and collecting data related to the event (Abdalzaher et al. 2024,
100347). In disaster scenarios, processes such as ensuring communication,
collecting data, and performing analysis can be carried out quickly thanks to
the collaboration of these two technologies (Apostolakis et al. 2021, 238).

The Impact of 5G Technology and Artificial Intelligence on Disaster
Management

5G technology enables rapid data transfer and integration with other
devices. These devices can collect data and, using 5G technology, quickly
transmit it to security forces. This data can be analyzed and used to provide
information to security forces. This is not limited to providing information; it
also has the potential to reach larger dimensions, such as disaster prediction
through the analysis of physical conditions (Linardos et al. 2022, 450).
Furthermore, thanks to 5G technology, social media posts can be quickly
analyzed and used to provide information to security forces (Linardos et al.
2022, 455).

Examples of Using 5G Technology in Disaster Management

With 5G technology, it's possible to get almost maximum
performance from most devices.

Sensors: In disaster management strategies, sensors offer significant
benefits when used in conjunction with 5G technology. Sensors allow for the
collection of data from various environments (temperature, vibration, wind
speed, etc.). When this data is provided via 5G technology, it can be
collected more practically and quickly, and real-time information can be
obtained (Yu et al. 2017).

Satellites: Satellites are critically important in disaster management.
In some natural disasters, such as earthquakes, infrastructure systems can
suffer significant damage. Satellites are generally unaffected by natural
disasters. In disaster situations where infrastructure systems are damaged,
satellites can provide significant advantages (Lin et al. 2023, 102).
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Unmanned Aerial Vehicles (UAVs): UAVs can become more
useful with 5G. They can be effective in ensuring communication in natural
disaster scenarios by working together with 5G. Especially in earthquakes, it
is important to obtain real-time aerial images and report them to security
forces. In Turkey, UAVs were used in debris detection during the February
6th earthquake. UAVs can also function as an alternative to satellites in case
of communication disruptions (Qadir et al. 2021, 120).
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Fig. 3 5G-Enabled Disaster Management Communication Flow During a
Disaster(generated with AI)

The image above aims to demonstrate which devices 5G technology
interacts with during a disaster.

Wireless Communication Technologies in Disaster Scenarios

Wireless communication is crucial in disaster scenarios. 5G
technology alone is insufficient; it must be integrated with devices like IoT.
The table below shows the characteristics of various technologies.

The advantages of 5G technology in disaster management;

*Infrastructure Independence: In situations where infrastructure
fails, 5G-integrated UAVs and satellites reduce dependency (Salman et al.
2023, 48).

*Speed and Flexibility: Fast communication and IoT integration
provide flexibility (Deepak et al. 2019, 135).

*Reliability: It offers not only speed, but also coverage and
reliability (Ray et al. 2023, 375).
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*Early Warning: Disaster predictions can be made, and preventive
measures can be taken with the data (Ray et al. 2023, 378).

*Social Media Analysis: Location tracking can be achieved by
analyzing shared images (Linardos et al. 2022, 460).

*Blind Spots: IoT and 5G can provide access to blind spots
(Abdalzaher et al. 2024, 100347).

Disadvantages of 5G Technology in disaster management;

*Cost: Installation, infrastructure, and maintenance are quite
expensive (Qadir et al. 2021, 125).

*Energy: High signal strength means high energy consumption
(Stanley et al. 2024).

*Cybersecurity: Complex network structures can pose security
threats (Apostolakis et al. 2021, 239).

*Physical Obstacles: High frequency is more susceptible to
obstacles than 4G (Ray et al. 2023, 380).

*Security Vulnerability (D2D): Data can be stolen if encryption is
insufficient in device-to-device communication (Pratama Hadyanto et al.
2021).

*Misinformation: Uninterrupted internet access can lead to the
spread of disinformation during times of crisis (Karaman et al. 2024).

*Data Processing: Cleaning unstructured data requires expertise
(Chamola et al. 2021, 16050).

5G and Social Media

Social media is a virtual platform where people create and consume
content. Thanks to the integrated operation of 5G technology and other
technologies, people can even utilize social media during seismic events.
The generated data is transformed into structured data, analyzed, and
inferences are drawn. One of the most important advantages of 5G is that it
provides people with access to social media even in disaster scenarios
(Aboualola et al. 2023, 73790).

SWOT Analysis

SWOT Analysis is showed the impact of 5G technology on disaster
management in Table 2.
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Table 2: SWOT Analysis

Strengths

Weaknesses

- High speed and low latency

- High energy consumption

- Rapid communication for effective
disaster management.

- Sensitivity to physical disabilities

- Integration with IoT devices

- High infrastructure costs

- High device capacity

- Cybersecurity risks

Opportunities

Threats

- It can be integrated with many
technologies.

- Risk of misinformation and
misleading the public.

- Legal limitations
- Disaster prediction systems using
artificial intelligence.

- 5G compatible disaster support mobile - Problems with spectrum access

applications

- 5G infrastructure work in Tiirkiye - Insufficient staff

BERTopic Topic Modelling

A search of the Web of Science and Scopus databases focusing on
the terms '5G' and 'Disaster Management' yielded 210 studies, which were
then analyzed using the BERTopic topic modeling technique. The analysis
revealed hidden topic clusters in the literature, showing that research focuses
on UAVs, satellite systems (HAPS), and machine learning algorithms. The
resulting topic word scores confirm that 5G technology is evolving towards a
multi-layered and data-driven architecture in disaster management.
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Fig. 4 Topic Sets
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The word cloud analysis presented in Figure 4 reveals that the main
focus of studies in the literature is the continuity of communication
infrastructure and the integration of next-generation technologies. The terms
'network' and '5G', which have the most dominant volume in the visual,
indicate that a strong and uninterrupted network structure is the key to
success in disaster management. Similarly, the high frequency of the term
'communication' confirms the vital role of information flow during crises.
Another important finding in the analysis is the significant weight of the
concepts 'UAV' (Unmanned Aerial Vehicle), 'IoT' (Internet of Things), and
'intelligent’. This shows that academic interest is shifting not only to
traditional communication methods but also to a multi-layered and hybrid
disaster management architecture supported by autonomous systems and
intelligent data processing processes. Therefore, the literature positions 5G
technology not as a standalone tool, but as an ecosystem provider connecting
UAYV and IoT systems.
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Fig. 5 Word Cloud

Bibliometric Analysis

Within the scope of the literature, some databases were examined
and bibliometric analysis was performed. Looking at the graph of the
number of publications by year, it is seen that the year with the highest
number of publications is 2024.
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Number of Pubbcations

Fig. 6 Publication Numbers by Year

The graph showing the top 10 most frequently used keywords
hierarchically reveals the technological components of 5G-enabled disaster
management. '5G' and 'Disaster Management' are at the top, followed by
'UAV' and 'ToT' technologies, which play active roles in the field. "Machine
Learning', 'Reinforcement Learning', and 'Edge Computing', concentrated at
the bottom of the graph, represent the software intelligence required for the
efficient operation of this equipment. This table clearly shows that current
research focuses not only on providing communication but also on
optimizing this communication with energy efficiency and artificial
intelligence.
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Fig. 7 Graph of the 10 Most Frequently Used Keywords
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RESULTS AND DISCUSSION

Natural disasters, as throughout history, continue to be one of the
most significant global problems threatening humanity today. While a
definitive solution to completely prevent disasters has not yet been found,
integrating modern technology into disaster management processes plays a
vital role in minimizing potential damage. In this context, 5G technology
stands out with its strategic advantages, despite the high costs and technical
challenges involved in its installation and operation. Although not all
countries have yet achieved full access to this infrastructure, the potential of
5G in disaster management outweighs its existing disadvantages.

5G networks, especially those integrated with the IoT, UAVs, and
satellite systems, enhance the effectiveness of response during crises by
providing uninterrupted communication and rapid data flow. This study
discusses how 5G and related technological components can be used more
efficiently in disaster management processes and emphasizes the importance
of this integration. Analysis of relevant literature and academic studies
reveals that the use of integrated technologies directly impacts the success of
disaster response.

In conclusion, in disaster situations where time is of the essence, the
use of 5G-enabled technological infrastructure has become more than a
preference; it is a necessity to accelerate the coordination of search and
rescue teams and law enforcement agencies and to minimize loss of life and

property.
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