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Abstract — The rapid expansion of the mobile gaming industry has underscored the need to understand user sentiment, with social
media platforms like X (Twitter) providing key insights. This study applied sentiment analysis to English and Turkish tweets,
utilizing the TEMSAP-CNNLSTM model a hybrid architecture combining Convolutional Neural Networks (CNN) and Long
Short-Term Memory (LSTM) networks for precise classification of complex textual data. The model’s performance was
benchmarked against traditional machine learning methods, including Logistic Regression, Support Vector Machines (SVM),
and K-Nearest Neighbors (KNN). Results revealed that TEMSAP-CNNLSTM consistently achieved superior performance, with
the highest Accuracy, Precision, Recall, and F1-Score across both datasets. The model attained 96% accuracy on English and
Turkish training datasets and 93% and 92% on English and Turkish test datasets, respectively. These findings highlighted the
model’s capability in handling sentiment data, surpassing traditional approaches while demonstrating robust generalizability
across languages. The TEMSAP-CNNLSTM model offers valuable insights for mobile game developers and suggests broader

applicability for other industries requiring accurate sentiment analysis in multilingual contexts.

Keywords — Machine learning, Sentiment analysis, Twitter, Text mining

I. INTRODUCTION

The mobile gaming sector has rapidly evolved into a global
industry with the widespread adoption of smartphones. Mobile
games play a significant role in contemporary society by
fulfilling users' needs for entertainment, social interaction, and
personal development [1]. The sector's appeal to a diverse
audience spanning various age groups and demographic
profiles highlights its broad impact. Mobile games have
become integral to daily life, which has, in turn, contributed to
the sector's growing economic importance. For instance, data
from Newzoo [2] indicate that mobile games account for
approximately half of the global gaming industry, reflecting a
substantial market share. Beyond mere entertainment, mobile
games offer considerable benefits in education and social
engagement. Consequently, understanding the effects of
mobile games on users holds strategic importance for the
industry.

Social media has become deeply embedded in our daily
lives, allowing people to stay connected with the outside world
and share their experiences in a way that feels personal and
convenient. Platforms such as Twitter (X), Facebook,
Instagram, and WhatsApp have become central spaces where
users can voice their opinions on a range of topics and interact
with others. These dynamic communication channels make it
crucial to share insights into people's perspectives, emotions,
and attitudes toward various products, ideas, or policies. As
users increasingly turn to these platforms for information
through posts and tweets, the role of social media in shaping
public opinion continues to expand [3, 4]. X (Twitter), in
particular, is a prominent platform where users share real-time

perspectives on mobile games, providing a substantial data
source for analyzing emotional responses. Sentiment analysis
plays a pivotal role in processing social media data and
discerning positive and negative reactions within it [5]. This
analytical method categorizes user opinions about mobile
games, thereby offering game developers valuable insights
into user feedback. The primary objective of sentiment
analysis is to determine the emotional tone expressed within
written texts, thereby enabling the measurement of users'
sentiments and reactions.

In sentiment analysis, both traditional and advanced machine
learning algorithms are commonly employed to determine
whether texts contain positive, negative, or neutral content [6].
The literature frequently highlights methods such as Logistic
Regression, Random Forest, Support Vector Machines
(SVM), and Naive Bayes algorithms. For example, in a study,
conducted by Mantika et al. [7] utilized Twitter data to analyze
public sentiment toward candidates in the 2024 Indonesian
presidential election. The research compared the effectiveness
of machine learning algorithms, specifically Naive Bayes and
Logistic Regression, in classifying sentiment related to the
candidates. Naive Bayes outperformed Logistic Regression,
with accuracy rates of 63% for Anies Baswedan, 77% for
Ganjar Pranowo, and 44% for Prabowo Subianto. These
results suggested that Naive Bayes was a more effective
approach for assessing public sentiment on the 2024
presidential candidates. Tabany and Gueffal, [8] sought to
perform sentiment analysis on short and long Amazon reviews
to assess their impact on an SVM model used for fake review
classification. Initially, the SVM model's performance was
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evaluated in comparison with Naive Bayes, Logistic
Regression, and Random Forest models. It demonstrated
superior results, confirming the second assumption, with
accuracy at 70%, precision at 63%, recall at 70%, and an F1-
score of 62%. In another study Dharta et al. [9] aimed to
analyze social media users' sentiment towards the election.
Data was collected through a literature review and observation,
and sentiment was analyzed using the Naive Bayes Classifier
and Support Vector Machine algorithms. TextBlob was used
to classify over 15,000 preprocessed tweets, yielding 11,000
clean tweets labeled as either positive or negative. Results
indicated that 4,000 tweets were positive, showing general
support for the elections, while the rest reflected negative
sentiments. The Naive Bayes method achieved accuracy,
precision, and recall of 85%, 80%, and 75%, respectively. The
Support Vector Machine, with a poly kernel, produced the
highest accuracy, precision, and recall at 90%, 90%, and 85%.

In addition to the aspects mentioned above methods, deep
learning techniques such as Convolutional Neural Networks
(CNN) and Long Short-Term Memory (LSTM) facilitate a
more nuanced understanding of the semantic and contextual
structure of texts, thereby increasing analytical accuracy.
CNNss are proficient at evaluating spatial relationships within
data, whereas LSTMs are noted for capturing patterns within
temporally dynamic data [10]. In recent years, the adoption of
deep learning methods in sentiment analysis has enabled more
in-depth analyses of social media data [11]. Based on this
approach, the present study utilized these advanced techniques
to conduct sentiment analysis on user feedback related to
mobile games. In this study, sentiment analysis was applied to
evaluate user feedback on mobile games, facilitating the
identification of innovative trends within the sector. The study
introduced an innovative approach to sentiment analysis on
mobile gaming data obtained from Twitter. Specifically, the
TEMSAP-CNNLSTM (Twitter Mobil Game Sentiment
Analysis Approach) model was developed by integrating CNN
and LSTM layers to achieve more precise classification of
complex textual data.

II. MATERIALS AND METHOD

In this study, sentiment analysis on tweets related to mobile
games was conducted through a comprehensive approach that
involved data collection, preprocessing, feature extraction, and
the application of various machine learning algorithms. The
flowchart in Fig.1 illustrates the procedures implemented in
this study

X (Twitter)
l Metrics and Results
A '\‘\
Dataset / .
CNN-LSTM LogisticS{R{F\zAgression,
| Hybrid Model KNN
F'S A
\ /
Text /
Preprocessing /
/
/
/
/
v z
St ds, i
opwords, Text Processing — TFE-1DF

Lowercase, Remove ——F
number and Links...

Fig. 1. Flowchart of the study

The methodology adopted for each phase is described in
detail below:

A. Data Collection and Dataset

Data collection was performed using Twitter’s API to
retrieve real-time tweets concerning mobile games. This
process resulted in a substantial dataset comprising 50.000
tweets, with 25.000 in Turkish and 25.000 in English. Tweets
were sourced from multiple regions, including the Tirkiye,
United States, South Korea, and France, to ensure a broad
spectrum of user perspectives. To prepare the data for analysis,
tweets were filtered based on relevance to mobile games,
ensuring that only pertinent content was included.
Furthermore, each tweet was annotated with sentiment labels
positive, negative, or neutral based on the expressed sentiment,
thereby facilitating the subsequent classification tasks.

B. Data Preprocessing

The raw tweet data underwent a preprocessing phase to
enhance its analytical suitability [12]. Initially, non-
informative elements such as punctuation, emojis, and
hyperlinks were removed to reduce noise [13]. Stop words
were subsequently eliminated, which refined the dataset by
retaining only meaningful terms [14]. Language filtering was
then applied to ensure that only tweets in Turkish and English
were included, following which tokenization and
normalization were carried out. Tokenization divided the
tweets into individual tokens [15], while normalization
standardized text entries to improve coherence [16]. Stemming
was finally employed to reduce words to their root forms,
minimizing lexical variations and thereby improving the
accuracy of sentiment classification [17].

C. Feature Extraction

After preprocessing, feature extraction techniques were
applied to convert textual data into numerical representations
that machine learning algorithms could process [18]. This was
followed by the application of Term Frequency-Inverse
Document Frequency (TF-IDF), which not only accounted for
term frequency but also adjusted for the importance of each
word across the dataset. TF-IDF assigns higher weights to
words that are rare across the dataset but frequent in specific
tweets, thus prioritizing informative terms for sentiment
classification. This approach allowed the models to focus on
the most salient words, facilitating a more accurate analysis.

D. Machine Learning Algorithms

For sentiment classification, several machine learning
algorithms were deployed, including Logistic Regression,
Random Forest, Support Vector Machines (SVM). Each
algorithm was selected for its unique strengths in handling
textual data:

Logistic Regression operates as a linear classifier, efficiently
categorizing data into binary classes. Its ease of interpretation
and relatively rapid training time made it suitable for this
analysis. Support Vector Machines (SVM) maximize the
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margin between data classes by identifying a hyperplane that
optimally separates them. This capability is especially
advantageous for high-dimensional data, which is typical in
text classification tasks. K-Nearest Neighbors (KNN)
classifies instances based on the majority class among the
nearest neighbors. It is a non-parametric, instance-based
learning method that is especially effective in scenarios where
decision boundaries are complex and non-linear. KNN was
included due to its simplicity and robustness in handling noisy
data. The study also introduced the TEMSAP-CNNLSTM
model, a custom hybrid model combining Convolutional
Neural Networks (CNN) and Long Short-Term Memory
(LSTM) networks. The CNN component captures spatial
dependencies in text data, while the LSTM component excels
at handling sequential information, making this model
particularly effective for interpreting complex patterns within
textual data.

E. Model Evaluation Criteria

The effectiveness of the machine learning models was
assessed using several performance metrics, which provided a
comprehensive evaluation of classification capabilities:
Accuracy was used to measure the proportion of correctly
classified instances relative to the total number of predictions.
Precision and Recall evaluated the quality of positive and
negative classifications, focusing on the proportion of true
positives relative to the total predicted positives (Precision)
and the actual positives (Recall), respectively. F1 Score
offered a balanced metric by integrating Precision and Recall,
making it particularly useful for handling imbalanced data
where classes may not be equally represented. Through this
robust methodology, the study provides valuable insights into
the sentiment dynamics surrounding mobile games,
contributing to a better understanding of user perspectives and
informing the development of strategies for more effective
user engagement.

III. EXPERIMENTAL RESULTS

As a result of the analysis, the performances of the machine
learning algorithms were evaluated.The metrics demonstrating
the performance of machine learning algorithms are presented
in Tables 1, 2, 3 and 4. Table 1 presents the metrics calculated
for the English training dataset for mobile games. Table 2
shows the metrics calculated for the English test dataset, Table
3 for the Turkish training dataset and Table 4 for the Turkish
test dataset.

Table 1. Metrics calculated for the English training dataset in mobile games

Model Name Precision | Recall F1-Score | Accuracy
LR 0.89941 0.86145 | 0.88042 0.89
SVM 0.85456 0.86541 | 0.87551 0.86
KNN 0.87912 0.89215 | 0.88313 0.88
TEMSAP- 0.96
CNNLSTM 0.96421 0.96545 | 0.94125

Table 2. Metrics calculated for the English test dataset in mobile games

Model Name Precision | Recall F1-Score | Accuracy
LR 0.83312 0.80089 | 0.82142 0.84
SVM 0.79216 0.80541 | 0.81698 0.80
KNN 0.82318 0.83562 | 0.84125 0.85
TEMSAP- 0.93
CNNLSTM 0.96126 0.93260 | 0.93056

Table 3. Metrics calculated for the Turkish training dataset in mobile games

Model Name Precision | Recall F1-Score | Accuracy
LR 0.80644 | 0.96211 | 0.88333 0.87
SVM 0.81986 | 0.92318 | 0.88682 0.86
KNN 0.83714 | 0.96113 | 0.89116 0.88
TEMSAP- 0.96
CNNLSTM 0.93289 | 0.98614 | 0.96391

Table 4. Metrics calculated for the Turkish Test dataset in mobile games

Model Name Precision | Recall | F1-Score | Accuracy
LR 0.77395 | 0.94715 | 0.85271 | 0.85
SVM 0.76296 | 0.92417 | 0.88219 | 0.82
KNN 0.78521 0.91822 | 0.84819 0.84
TEMSAP- 0.92
CNNLSTM 0.91833 0.94716 | 0.92943

This study evaluated various machine learning models for
sentiment classification in mobile games, with an emphasis on
English and Turkish datasets. The analysis was focused on
four models: Logistic Regression (LR), Support Vector
Machine (SVM), k-Nearest Neighbors (KNN) and TEMSAP-
CNNLSTM. These models were evaluated on metrics such as
Precision, Recall, F1-Score and Accuracy applied to both
training and test datasets for each language.

For the English dataset, TEMSAP-CNNLSTM demonstrated
high precision and robust generalization, outperforming the
other models with an Accuracy of 0.96 on the training data.
The model also showed strong results on the test data,
maintaining a high Accuracy of 0.93, significantly
outperforming traditional models such as SVM and LR, which
showed significant performance degradation.

On the Turkish dataset, TEMSAP-CNNLSTM once again
demonstrated its effectiveness by achieving an accuracy of
0.96 on the training data and 0.92 on the test data. This
consistency across languages demonstrated that TEMSAP-
CNNLSTM was well suited for multilingual sentiment
analysis. The combination of CNN for feature extraction and
LSTM for capturing long-term dependencies provided a
significant advantage over other models.

IV.DISCUSSION
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The results presented in the tables indicated that the
TEMSAP-CNNLSTM model consistently outperforms the
other models-namely Logistic Regression, SVM, and KNN-
across both English and Turkish datasets, for both training and
testing phases. The TEMSAP-CNNLSTM model consistently
achieved the highest values for Precision, Recall, F1-Score,
and Accuracy, highlighting its superior performance in
sentiment classification within the mobile gaming context.
English Dataset: Across both training and test datasets, the
TEMSAP-CNNLSTM model attained the highest accuracy
rates (96% for training and 93% for testing) along with
elevated F1-Scores (0.94125 for training and 0.93056 for
testing). While Logistic Regression, SVM, and KNN models
also performed commendably, they exhibited marginally
lower Precision and Recall scores, suggesting that the
TEMSAP-CNNLSTM model more effectively captured the
nuances and complexities inherent in English-language
sentiment data. Turkish Dataset: The TEMSAP-CNNLSTM
model demonstrated similarly robust performance on the
Turkish dataset, with accuracy rates of 96% in training and
92% in testing, alongside the highest F1-Scores among the
models evaluated. The consistent superiority in both Precision
and Recall metrics further underscored the model’s robustness
and its capacity for generalization across languages.

The results indicated that the TEMSAP-CNNLSTM model
consistently exhibited superior performance in sentiment
classification for mobile gaming data across both English and
Turkish datasets. By attaining the highest scores in Accuracy,
Precision, Recall, and F1-Score, this model significantly
surpasses traditional machine learning approaches such as
Logistic Regression, SVM, and KNN.

Hybrid models have consistently demonstrated their
effectiveness in previous research, successfully combining the
strengths of various machine learning techniques to achieve
superior performance. For instance, in their study Rehman et
al. [19] developed a Hybrid CNN-LSTM Model to tackle
sentiment analysis by combining CNN's feature extraction
with LSTM's ability to capture long-term dependencies. They
used Word2Vec embeddings to convert text into vectors,
enhancing grouping and analysis. The model, incorporating
dropout and normalization for improved accuracy,
significantly outperformed traditional methods on IMDB and
Amazon review datasets, achieving higher precision, recall,
F1-score, and accuracy.

Recently, inspired by the rise of social networks and the need
to analyze public opinion, Ombabi et al. developed a new deep
learning model for Arabic sentiment analysis. Recognizing the
challenges posed by Arabic's complex morphology and dialect
variations, they designed a model that combines CNN for local
feature extraction and a two-layer LSTM to capture long-term
dependencies. The extracted features were classified using an
SVM powered by FastText word embeddings. After extensive
testing on multi-domain datasets, the model achieved 90.75%
accuracy, outperforming other state-of-the-art models. They
also tested different embedding models and classifiers,
confirming that the FastText skip-gram model and SVM are
effective choices for Arabic sentiment analysis [20].

Similarly, our results highlighted the TEMSAP-CNNLSTM
model’s advanced capacity to manage the complexities of
sentiment data, as well as its robust generalizability across
different languages. The findings suggested that the TEMSAP-
CNNLSTM model has substantial potential as a tool for
multilingual sentiment analysis tasks, extending beyond the
scope of mobile gaming to other domains where understanding
user sentiment is essential. Given the model’s demonstrated
effectiveness, it is well-positioned for applications that
demand precise and reliable sentiment detection in
linguistically diverse settings. Future research could further
examine the model’s adaptability to additional languages and
sentiment datasets, thereby enhancing its broader applicability
and scalability across various industry contexts.

V. CONCLUSION

In this study, it was determined that, compared to other
traditional machine learning methods, the TEMSAP-
CNNLSTM model demonstrated superior accuracy,
facilitating a more comprehensive understanding of users'
emotional states regarding mobile games. This research
provided mobile game developers with a strategic tool for
gaining insights into user sentiments, whether positive or
negative, and highlights the effectiveness of novel machine
learning-based methodologies in analyzing social media data.
Thus, the findings of this study can be considered a valuable
resource for the mobile gaming industry, offering insights that
may aid in developing superior products and meeting user
needs more effectively.
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Abstract — This study evaluates the performance of Faster R-CNN and YOLOV7 object detectors for dynamic ship detection in
maritime applications. Both algorithms are tested under challenging conditions, including poor image quality due to cloud and
dust obscuration, varying lighting, and high-altitude captures. The necessity for detection methods with high accuracy and
efficiency in such environments is discussed. Results show that Faster R-CNN outperforms YOLOV7 in detection accuracy,
achieving superior precision, recall, mAP, and F1 scores. This accuracy allows for successful identification and classification of
ships even in low-quality images. However, despite its accuracy advantage, Faster R-CNN falls short in speed, with an average
detection time of 53.4 seconds, making it less viable for real-time use. Conversely, YOLOvV7 processes images significantly
faster, with an extraction time of just 21.6 seconds, though at the cost of lower accuracy. Its rapid processing makes YOLOvV7
more suitable for real-time applications requiring quick decisions. This study underscores the importance of balancing detection
accuracy and speed when selecting an algorithm for ship detection, offering key insights to enhance maritime safety, traffic

monitoring, and autonomous navigation systems.
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I. INTRODUCTION

Object detection, a widely used computer vision technique,
has increasingly become integrated with deep learning
methods. The goal of object detection is to locate objects
within an image and identify their respective classes. It plays
a crucial role in numerous applications, such as detecting
potholes on roads, identifying anomalies in medical images,
vehicle detection, and face recognition for security purposes.
Over time, the use of advanced satellite systems and unmanned
aerial vehicle (UAV) technologies for object detection has
become more prevalent. Computer vision methods
significantly enhance the detection and recognition of objects
in images captured from satellites and UAVs [1]. Each system
offers distinct advantages and drawbacks depending on the use
case and scenario. UAVs, for instance, are more agile and can
be easily maneuvered over specific areas or targets due to their
high mobility, making them ideal for dynamic tracking [2].
However, UAVs have limited range and are negatively
affected by harsh weather conditions, which can hinder object
detection performance. In contrast, satellites are less impacted
by weather and can conduct real-time observations while
covering larger areas quickly without range limitations.
Additionally, satellites equipped with high-resolution cameras
produce high-quality images, boosting the performance of
object detection algorithms in real-time applications [3].
Satellite imagery provides valuable data for a variety of fields,
including cartography, meteorology, and environmental
monitoring [4].

Object detection in satellite imagery can classify an image
into multiple categories and localize the position of the
detected objects [5]. Satellite-based detections contribute to

the monitoring and development of coastal areas and ports,
playing a vital role in protecting marine ecosystems, offshore
zones, and inland waterways [6]. However, factors such as
waves, varying backgrounds, and inconsistent lighting on the
sea surface make ship detection particularly challenging. In
this context, it is crucial to account for all potential imaging
variations to improve detection accuracy on the sea surface.
Additionally, the small scale of target objects in satellite
imagery further complicates object detection tasks [7]. Object
detection systems pinpoint the locations of elements in an
image that they are trained to recognize. This capability allows
for the identification of coastal and offshore ships, which helps
prevent collisions and enhances sea and port security.
Detecting nearby ships is particularly important for collision
avoidance. In civil maritime applications, ship detection helps
prevent pollutants like oil and waste from contaminating water
bodies and deters illegal or unauthorized activities. In military
contexts, detecting ships’ positions, sizes, directions, and
speeds aids in monitoring cross-border movements or other
unusual activities to safeguard coastal and maritime security
[8].

Several models have been developed to maintain real-time
object detection. Notable object detection algorithms include
R-CNN [9], Faster R-CNN [10], SSD (Single Shot Detector)
[11], RefineDet (Single Shot Enhancement Neural Network
for Object Detection) [12], and You Only Look Once (YOLO)
[13]. These algorithms have broad applications in areas such
as autonomy, healthcare, security, and surveillance. Object
detection methods can be classified into two types: single-
stage detectors, which prioritize fast processing, and two-stage
detectors, which generate region proposals before
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classification. Single-stage detectors use fully convolutional
networks to handle classification and regression tasks in one
step, whereas two-stage detectors employ deep neural
networks to separate classification and regression tasks into
distinct stages for more accurate results [14, 15]. Examples
include the fast and efficient YOLO family of single-stage
detectors and high-accuracy two-stage detectors like SSD,
Faster R-CNN, and R-FCN (Region-based Fully
Convolutional Network). Deep convolutional neural networks
(CNNs) have played a pivotal role in object detection, making
region-based CNN methods the standard while phasing out
traditional techniques in favor of deep learning [16].

This study compares the performance of the YOLOv7 and
Faster R-CNN algorithms for ship detection in satellite
imagery. YOLOvV7, as part of the YOLO family, excels in
synchronously predicting bounding boxes and class
probabilities in a single stage, balancing speed and accuracy
for real-time applications. In contrast, Faster R-CNN is a two-
stage detector known for its high accuracy, particularly in
complex detection tasks, due to its region proposal process.
However, this comes at the cost of slower execution. While
Faster R-CNN provides superior precision and recall,
YOLOV7 is more suitable for applications requiring rapid
detection, making it ideal for real-time monitoring systems.
This study examines the trade-offs between these models in
the critical task of ship detection, offering a comprehensive
analysis of their respective strengths and limitations through
detailed performance measurements.

II. METHODOLOGY

A. Faster R-CNN and Convolutional Layer

Faster R-CNN is a two-stage object detection framework
known for its high accuracy and efficiency. Introduced in
2015, it replaces the selective search method used in earlier R-
CNN models, which was computationally expensive, with the
Region Proposal Network (RPN) to improve both speed and
precision. By incorporating RPN, Faster R-CNN eliminates
the reliance on external region proposals, becoming one of the
most effective and widely used object detection algorithms
today [17]. The first step in the Faster R-CNN process involves
extracting feature maps from the input image using a CNN.
These feature maps are then fed into the RPN, which generates
region proposals, followed by the Region of Interest (Rol)
pooling and classification stages. Faster R-CNN can be
understood through its four main components. The CNN
consists of convolutional and pooling layers [18]. The input
image is processed through the convolution layers, which
apply filters to extract essential features, followed by pooling
layers that downsample the feature maps. These feature maps
are then passed to the RPN and subsequent fully connected
layers. At this stage, the image is represented as a matrix of
pixels, and the convolutional layers generate feature map
outputs using activation functions like ReLU and pooling
operations.

The RPN is a deep, convolutional neural network
responsible for generating region proposals [19]. It does this
by identifying anchors, which are potential object locations,
using a sliding window mechanism over the feature maps
produced by the convolutional layers. The RPN assigns a
probability to each anchor through a softmax layer, and
bounding box regression is applied to refine these proposals.

The sliding window moves across the feature maps to generate
anchors, which are boxes representing potential object
locations of various shapes and sizes. To minimize
redundancy, non-maximum suppression (NMS) is used to
eliminate overlapping proposals. During training, the RPN
generates 2000 region proposals, but this number may vary
during testing. The Intersection over Union (IoU) ratio is
calculated for each bounding box, which takes values between
0 and 1, measuring the overlap between predicted and ground
truth boxes. Higher IoU values indicate more accurate
proposals. Once the region proposals are refined, they are
passed to the Rol pooling layer for further processing.

The Rol pooling layer combines the feature maps with the
region proposals. Its primary function is to convert regions of
varying sizes into fixed-size feature maps using max pooling,
which reduces the spatial dimensions of the image. A 7x7 filter
with 512 convolutional layers is typically used to achieve this
transformation. After this step, the image is processed through
two key layers: the softmax layer, which classifies objects
when multiple objects are present, and the regressor layer,
which refines the bounding boxes. The Rol pooling layer
outputs 7x7 proposal feature maps, which are then passed to
fully connected layers. These layers predict the object category
for each proposal by calculating probability scores. The object
class with the highest probability is assigned to each proposal.
As a result, Faster R-CNN successfully completes object
detection by combining high recognition accuracy, efficient
detection, and sensitivity. This deep learning framework has
been widely applied in tasks such as maritime ship detection,
where it significantly enhances detection performance. Fig. 1
illustrates the architecture of the Faster R-CNN algorithm.

B. YOLOv7

YOLOV7, the seventh version of the YOLO family, has
gained widespread popularity due to its impressive
performance since its release. Developed based on YOLOVA4,
YOLOvV7 has garnered significant attention for its superior
speed and accuracy. YOLO models, across all iterations, are
single-stage object detectors that take an image as input and
utilize a convolutional neural network (CNN) for feature
extraction and classification of objects in the image. When
compared to its predecessors, YOLOv7 demonstrates its
advanced architecture with a range of speed and accuracy
rates, varying from 5 FPS to 160 FPS. Fig. 2 illustrates the
architecture of the YOLOV7 algorithm, highlighting its
enhanced design and functionality. YOLOV7 stands out in
real-time object detection tasks with its capabilities, and its
architecture is composed of four main components: input,
backbone, neck, and head. The image fed into the model is
referred to as the input. The backbone layer consists of several
convolutional layers, an updated version of the ELAN
computation block called E-ELAN (Extended Efficient Layer
Aggregation Networks), and a max-pooling layer. E-ELAN
combines multiple convolutional blocks to enable the use of
more parameters, enhancing feature extraction. The backbone,
a pre-trained network, is responsible for extracting features
from the input image and includes the SiLU activation
function, a widely used function that offers both linear and
sigmoidal properties.

The neck layer employs a PAFPN (Path Aggregation
Feature Pyramid Network) structure to effectively gather
features for more accurate object detection. This layer also
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Fig. 2. YOLOV7 network architecture.

includes several convolutional blocks and the SPPCSPC
(Spatial Pyramid Pooling with Cross Stage Partial
Connections) structure, which integrates convolutional spatial
pyramid (CSP) blocks within the spatial pyramid pooling
(SPP) framework. This combination deepens the perceptual
field of the network for better feature extraction [20].
Upsampling layers are used in the neck for pixel-based
classifications. In the CAT (concatenate) stage, feature maps
are aggregated to facilitate multi-scale detection. Following
the CBS (convolutional block structure), the network performs
concatenation to allow the use of additional parameters.
Finally, the head component is responsible for generating the
final outputs. Here, the convolutional layers take the features
extracted in previous steps and create new feature maps. These
maps are used to apply bounding boxes, generate object labels,
and calculate object detection scores, providing the final
detection results [21].

C. Training the Algorithms

The satellite images used to train the Faster R-CNN and
YOLOV7 object detectors in this study were sourced from the
Google Earth platform. Detecting complex and small-scale
objects presents significant challenges, especially in real-time
applications. Small objects are particularly difficult for
algorithms to detect, often resulting in lower detection success
rates. Therefore, it is essential that the dataset includes diverse
variations, as the quality of training directly impacts model
performance. To address this, ship images of various models
and colors were collected under different weather conditions
and backgrounds, ensuring a wide color spectrum was
represented. Special care was taken to include images with
diverse characteristics to enhance the robustness of the models.
A comprehensive dataset of 3,694 satellite images, containing
a total of 8,592 distinct ship instances, was compiled. The
dataset was split into training, validation, and test sets, with
70% allocated for training, 10% for validation, and 20% for
testing.
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Fig. 3. Examples of ship detection using the Faster R-CNN and YOLOV?

III. RESULTS

In the first image of the detections made using Faster R-
CNN in Fig. 3, the detection was challenging due to the cloud
partially obscuring the ship on the sea surface. Despite this, the
model successfully detected the ship. However, the smaller
ship on the right side of the image could not be identified due
to the foggy weather and reduced image quality. In Visual 2,
the model accurately detected nine ships on the sea surface,
framed in bounding boxes, despite the rich mix of blue and
green tones in the background. Visual 3 shows three ships near
the shore, two of which were correctly detected despite the
challenge of adjacent ship placement. However, the ship
positioned sideways at the bottom was missed by the model.
In Image 4, four ships were successfully framed, and the
detection of a small ship between two larger vessels highlights
the strengths of Faster R-CNN. However, an error occurred
where adjacent ships were incorrectly detected as a single
object due to overlapping bounding boxes. Nevertheless, two
ships in the upper-left corner were detected effectively.

In the first image tested with YOLOV7, the ship was partially
obscured by cloud-induced haze, and the algorithm failed to
draw a bounding box covering the entire ship, resulting in
poorer performance compared to Faster R-CNN. Additionally,
the reduced image quality in the left part of the image
prevented the detection of a small ship. In Visual 2, with a sea
background in shades of green, the detection of eight ships of
varying sizes was successful, though the smallest ship leaving
a water trail in the top left corner was missed. Visual 3 shows
a large ship and a smaller one next to it, but YOLOV7
mistakenly detected them as a single ship, lagging behind
Faster R-CNN's performance in handling adjacent ships.
Furthermore, two closely positioned ships at the bottom were
not separately detected, highlighting YOLOvV7’s difficulty in
identifying clustered ships. A coastal extension resembling a
ship was also incorrectly detected due to remote sensing
limitations. In the lower-right corner of Visual 3, YOLOv7
failed to detect a ship that was partially visible, and while the

élgorithms. .

ship oriented differently on the coastline was clear, it was
missed, similarly to Faster R-CNN. In Visual 5, YOLOvV7
correctly detected four ships aligned along the shore but failed
to identify a small ship next to the third one, resulting in an
incomplete detection. Moreover, two ships with similar tones
on the left were detected as one, and the anchored ship detected
by Faster R-CNN on the upper left went unnoticed by
YOLOV7 due to its color blending with the shore. These tests
demonstrate YOLOv7's weaknesses, especially under
challenging conditions, compared to the performance of Faster
R-CNN.

Table 1 outlines the performance metrics, showing that the
Faster R-CNN algorithm achieves an accuracy of 80.5% in the
coastal region, while YOLOV7 follows with 77.9%. In open
sea conditions, Faster R-CNN scores an accuracy of 0.713,
compared to 0.690 for YOLOv7. Overall, comparing the
weighted average precision values, Faster R-CNN records
0.759 and YOLOv7 0.734, demonstrating that Faster R-CNN
outperforms YOLOvV7 in both regions. In terms of recall, the
two algorithms show close results in the coastal region, with
Faster R-CNN at 0.758 and YOLOv7 at 0.752, though
YOLOV7 slightly underperforms. In the open sea, the recall
rates are 0.684 for Faster R-CNN and 0.644 for YOLOV7,
indicating neither algorithm has a clear advantage in this
scenario. Faster R-CNN also surpasses YOLOvV7 in mAP50,
with values of 0.623 in the coastal region and 0.558 in the open
sea, compared to YOLOv7’s 0.586 and 0.515, respectively.
Similarly, for mAP75, Faster R-CNN achieves 0.479 in the
coastal region and 0.444 in the open sea, whereas YOLOv7
lags behind with 0.458 and 0.393, respectively. These mAP50
and mAP75 scores show that Faster R-CNN provides more
accurate predictions than YOLOv7. For the F1 score,
YOLOV7 records 0.765 in the coastal region and 0.664 in the
open sea, while Faster R-CNN performs better with an F1
score of 78.1% in the coastal region and 0.698 in open seca
conditions. These results indicate that Faster R-CNN offers a
more robust performance across various metrics, especially in
the coastal region.
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Table 1. Comparison of performance metrics for ship detection between the Faster R-CNN and YOLOv?7 algorithms.

Evaluation Metric

Detector Location Precision Recall mAP>° mAP75 F1 Score Mean FPS
Context
Coastal 0.805 0.758 0.623 0.479 0.781 24.48
Region
Faster R- Offshore
NN Rexion 0.713 0.684 0.558 0.444 0.698 21.16
Weightd 0.759 0.721 0.591 0.462 0.739 22.81
Average
Coastal 0.779 0.752 0.586 0.458 0.765 37.39
Region
YOLOV7 Offshore 0.690 0.644 0.515 0.393 0.664 31.59
Region
Weighted 0.734 0.698 0.551 0.425 0.716 34.49
Average

The values presented in the table emphasize Faster R-CNN's
superior true positive detection rates and classification success
in maritime ship detection scenarios, contributing to its overall
performance enhancement. Analyzing the FPS values, which
indicate the performance of these algorithms in real-time
applications, reveals that both YOLOv7 and Faster R-CNN
perform better in coastal areas compared to open sea
conditions. Specifically, the average FPS values for YOLOv7
and Faster R-CNN are 34.49 and 22.81, respectively. The FPS
metric, which reflects the speed of real-time applications and
the number of images processed per second, highlights
YOLOV7's advantage in processing speed. Although YOLOv7
exhibits lower accuracy rates, it excels in critical situations
requiring rapid inference, efficient data processing, and swift
decision-making. By evaluating the speed and accuracy
parameters in the context of the application scenarios outlined
in Table 1, users can choose between YOLOv7, which excels
in speed, and Faster R-CNN, which offers greater accuracy in
detection.

IV.CONCLUSION

This study provides a comprehensive evaluation of the
detection capabilities of Faster R-CNN and YOLOv?7 for ship
detection from satellite images, highlighting their strengths in
handling varying levels of complexity. The detection tests
show that Faster R-CNN excels in terms of sensitivity, recall,
mAP, and F1 score, making it a suitable choice for scenarios
where ships are densely clustered or scattered near the shore.
The model demonstrated strong performance even in
challenging conditions, such as when background colors
closely match the ships or when ships are positioned adjacent
to each other. However, its effectiveness diminishes when
detecting smaller or partially obscured ships, especially under
poor atmospheric conditions that reduce image quality.
Conversely, YOLOv7 offers a clear advantage in detection
speed, making it more appropriate for real-time or near-real-
time applications where rapid processing is essential. While its
detection accuracy is slightly lower than that of Faster R-CNN,
YOLOvV7 remains significantly faster and delivers adequate
performance in most scenarios. This trade-off between
detection accuracy and inference speed suggests that the
choice of algorithm should be based on the specific
requirements of the application. Faster R-CNN is ideal for
tasks prioritizing high precision and recall, whereas YOLOv7
is more suited for speed-critical applications. Overall, this
study underscores the importance of balancing accuracy and

efficiency in the development of effective ship detection
systems using satellite images. It highlights the need to
optimize both elements to ensure robust performance across
different detection scenarios.
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Abstract — The uncontrolled spread of forest fires, driven by climate change and increasing human activities, poses a significant
global challenge, disrupting the delicate balance of ecosystems. These fires, whether caused by natural disasters or human factors,
have severe and often irreversible economic, social, and environmental consequences. The rising frequency of forest fires due to
both artificial and natural causes is becoming a major international concern. Fire detection methods range from human
observation and satellite-based systems to optical smoke detection and watchtowers. While each method offers advantages
depending on the application, traditional approaches often suffer from delayed response times, making early intervention
difficult. Unmanned aerial vehicles (UAVs) have emerged as a powerful alternative in fire detection, offering the mobility to
access difficult terrain and perform rapid, detailed observations over large forested areas. This study explores how forest fires
are detected using UAVs integrated with YOLOv4, YOLOv7, and YOLOV9 models, while also examining the limitations of
these algorithms. The performance comparison reveals that YOLOvV9 outperforms the other models in terms of precision, recall,
and speed. With a precision of 0.922, mAP@50 of 0.915, and mAP@50:95 of 0.872, YOLOVY9 demonstrates superior
performance, exceeding YOLOV7 by 2.78% and YOLOV4 by 9.33%. These findings offer valuable insights into the use of UAVs
for fast and accurate fire detection, highlighting their critical role in combating forest fires effectively.

Keywords — forest fire, fire detection, deep learning, unmanned aerial vehicle, YOLOv4, YOLOv7, YOLOv9

I. INTRODUCTION effective for wide-area monitoring, lacks the capability for
real-time and early-stage fire detection [3]. Although satellites
offer advantages in detecting large-scale fires, they fall short
in identifying smaller regional fires at their onset.

In contrast, unmanned aerial vehicles (UAVs) offer
significant advantages due to their superior mobility, high-
resolution imaging, and real-time data transmission
capabilities [4]. UAVs can be deployed quickly and provide
detailed information by focusing on specific areas, making
them a promising solution for early fire detection [5]. Their
flexibility and speed allow for more effective monitoring,
potentially preventing the devastating effects of wildfires [6].
Accurate and timely detection is critical in mitigating fire-
related losses, highlighting the importance of fast, reliable fire
detection systems. With the growing integration of computer
vision object detection methods across multiple fields, their
application in fire and smoke detection is gaining attention [7].
In security and surveillance, for example, object detection
systems alert authorities to potential threats, allowing for
timely intervention. Similarly, in autonomous systems,
unmanned vehicles rely on cameras and sensors to safely
navigate their environments by detecting surrounding objects
[8]. Fire and smoke detection pose unique challenges due to
their dynamic nature, but the development of advanced
machine vision algorithms offers an economical and effective
solution for early wildfire detection. There are two primary
types of object detection algorithms used in wildfire detection:
two-stage and single-stage detectors. Two-stage algorithms,

Forest fires, which destroy thousands of hectares of forests
each year, have become a global concern, exacerbated by
climate change. These fires can occur naturally due to dry
weather conditions or lightning strikes, but human activities
such as campfires, picnics, and discarded cigarette butts
significantly contribute to their frequency. As one of the most
devastating natural disasters, forest fires cause immense
economic losses, severely damage the environment, and, most
critically, endanger human lives. The impact of these fires can
be analyzed across economic, environmental, and social
dimensions. Forest ecosystems, rich in biodiversity, suffer
significant harm, while the trees' ability to absorb atmospheric
carbon dioxide diminishes, leading to increased carbon
emissions. As a result, forest fires contribute to global
warming and further climate deterioration. In economic terms,
these fires damage agricultural lands and settlements, while
socially, they affect communities both physically and
psychologically. Given the rapid spread of forest fires, often
referred to as the “lungs of the planet,” effective detection and
control are crucial for protecting all life on Earth. Various fire
detection methods have been developed, ranging from human
observation to satellite, camera, and sensor-based techniques
[1]. However, traditional detection methods have notable
limitations, especially in terms of rapid response across large
forested areas [2]. Human observation, once a primary method,
is now impractical due to labor constraints and its inefficiency
in covering vast areas. Satellite-based detection, while
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such as Region-based Convolutional Neural Networks (R-
CNN) [9] and Faster R-CNN [10], are highly accurate but
slower due to their use of a region proposal network (RPN),
which first scans the image for candidate objects before
performing detailed classification. On the other hand, single-
stage algorithms such as SSD [11], R-SSD [12], CenterNet
[13], and YOLO [14, 15] are faster but generally less accurate,
as they perform object detection and classification in one step.

In this study, we compare the performance of YOLOv4,
YOLOV7, and YOLOVY algorithms in detecting forest fires,
particularly in the context of climate-induced changes, using
UAV-captured images. As members of the YOLO family,
these models simultaneously predict bounding boxes and class
probabilities, making them well-suited for real-time
applications such as wildfire detection, where a trade-off
between speed and accuracy is crucial. This study aims to
evaluate the strengths and weaknesses of these models through
comprehensive performance measurements, contributing to
the ongoing effort to mitigate the immense damage caused by
forest fires.

II. METHODOLOGY

YOLO is a highly efficient and widely used object detection
algorithm, renowned for its real-time performance. Unlike
other object detection algorithms that rely on region proposal
methods, YOLO predicts both the class and location of all
objects in an image in a single pass through the neural network,
which allows for fast detections. However, despite its speed,
YOLO tends to exhibit lower accuracy when detecting small
objects [16].

A. YOLO Algorithms

Introduced in April 2020 [17], YOLOV4 is a deep learning-
based object detector known for its balance between speed and
accuracy. YOLOv4's architecture, as shown in Fig. 1, is
divided into four main components: the input, backbone, neck,
and head. In the input component, the image is fed into the
algorithm in this stage. For the backbone, YOLOV4 uses the
CSP connections combined with Darknet-53 for feature
extraction. This backbone efficiently captures essential image
features. The neck layer is responsible for multi-scale feature
aggregation. YOLOv4 introduces innovative modules here,
such as the Path Aggregation Network (PAN), Spatial Pyramid

Fig. 1. Network architecture of YOLOVA4.

Pooling (SPP), and Spatial Attention Module (SAM). PAN
enhances detection by combining global and local information.
SPP improves the network’s spatial awareness by pooling
features at different scales. SAM, on the other hand, helps the
model focus on the most important parts of the input by
applying spatial attention mechanisms. In the head layer, the
final detection is performed in this stage, where bounding
boxes are predicted and objects are classified based on the
features extracted by the previous layers. This combination of
innovations enables YOLOv4 to provide a well-rounded
performance, making it suitable for various real-time detection
tasks.

With its architecture shown in Fig. 2, YOLOvV7 represents a
significant improvement in single-stage object detection over
its predecessors, especially in balancing speed and accuracy
[18]. It is designed to operate efficiently across a wide range
of scenarios, delivering frame rates between 5 FPS and 160
FPS, depending on the model configuration. Similar to other
YOLO models, the input consists of images or video frames.
The backbone incorporates convolutional layers, max-pooling
layers, and advanced modules such as Extended Efficient
Layer Aggregation Networks (ELAN) and SPPCSPC. ELAN
is used to design an efficient network structure that strengthens
learning and optimizes gradient flow. SPPCSPC combines the
strengths of CSP with spatial pyramid pooling, enhancing the
network’s ability to perceive objects at multiple scales. The
neck of YOLOvV7 introduces the CAT (concatenate) module,
which combines feature maps from different levels to support
multi-scale detection. This allows the model to detect objects
of various sizes more accurately. The final layer, head,
generates bounding boxes and classifies objects based on the
aggregated feature maps. YOLOV7 uses three distinct loss
functions: bounding box loss, objectness loss, and
classification loss. The bounding box loss measures the
overlap between the predicted and true object location, the
objectness loss assesses the confidence of the detection, and
the classification loss evaluates the accuracy of the object class
prediction. These loss functions work together to optimize the
model for accurate and efficient object detection.

YOLOVY, introduced in February 2024, builds on the
strengths of its predecessors while introducing cutting-edge
features [19, 20]. It excels in both object detection and
segmentation, making it suitable for tasks requiring high
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precision and speed. YOLOVY addresses the slow convergence
problem with its two main architectural innovations:
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Fig. 2. YOLOV7’s network architecture.

Programmable Gradient Information (PGI) and Generalized
Efficient Layer Aggregation Network (GELAN). PGI
enhances the efficiency of gradient computation, leading to
faster and more reliable convergence during training. GELAN
optimizes parameter usage, reducing computational
redundancy while maintaining high performance. Together,
these architectures prevent information bottlenecks and
improve the model’s accuracy by minimizing information loss
during training. YOLOV9’s architecture is grounded in the
Information Bottleneck Principle, which ensures that the most
relevant information is preserved during data transformation
in deep neural networks. The mutual information between the
input and output is maximized, preventing the loss of critical
information. This principle is expressed mathematically as:

IXX) 2 IXfo (X)) = 1(X gy (fo (X)) (M
where [ represents mutual information, f and g are
transformation functions, and 6 and ¢ are their respective
parameters. YOLOV9 applies invertible functions to neural
networks to further reduce information loss during data
transformations:

X = v (rw (x)) @)
where 7 represents forward transformations and v represents
backward transformations, with 1) and { being their respective
parameters. YOLOV9’s improvements in  gradient
computation and feature aggregation make it a powerful tool
for real-time detection, maintaining a balance between speed
and accuracy that is crucial for applications like wildfire
detection.

B. Performance Metrics

Several key performance metrics were employed to compare
the algorithms’ effectiveness. Recall represents the proportion
of true positives that are correctly identified out of all actual
positives, as expressed in (3):

TP
TP+FN

Recall = 3)
where TP denotes true positives, and FN represents false
negatives. Precision quantifies the accuracy of the positive
predictions by measuring the proportion of true positives out
of all predicted positives, as shown in (4):

TP
TP+FP

Precision = (C))
where FP stands for false positives. The F1 Score calculates
the harmonic mean of Precision and Recall, offering a
balanced measure between the two, as illustrated in (5):

RecallxPrecision
F1Score =2 X ————

Recall+Precision (5)
These expressions rely on the values of True Positives (TP),
False Positives (FP), and False Negatives (FN) to provide an

accurate assessment of detection performance.

C. Dataset

To evaluate the performance of YOLOv4, YOLOv7, and
YOLOV9 in detecting forest fires, a comprehensive dataset
was compiled from a variety of challenging conditions. As
forest fires did not occur in the region during the study period,
UAV flights could not be conducted to capture real-time data.
Instead, forest fire images and videos were sourced from web-
based repositories. This dataset includes images from various
fires captured at different times, terrain types, and
environmental conditions, offering diverse scenarios for the
models to handle. The robustness of the models was further
tested by incorporating images taken from various altitudes
and angles, enhancing the models' ability to detect fires from
multiple perspectives. The resulting dataset consists of 4,730
images, which were split into training (62%), validation
(14%), and testing (16%) sets. The validation and testing sets
included images that the models had not encountered during
training to ensure a reliable evaluation of their performance.
Model training was conducted on Google Colaboratory
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(Colab), a cloud-based platform that integrates Jupyter II1. RESULTS
notebooks and offers powerful GPU and TPU accelerators,
Irnaking it highly suitable for deep learning tasks.

Fig. 3. Examples of forest fire detection using the YOLOV9 algorithm, showcasing both successful detections and areas with partial or missed detections.

Fig. 3 provides an in-depth analysis of YOLOV9's Additionally, a road resembling fire in color and texture led to
performance in detecting forest fires, highlighting both its  an incorrect detection. Image 11 shows a single-strip flame
successes and limitations. Image 1 shows that YOLOvV9 that was detected with multiple bounding boxes, introducing
struggled with drawing bounding boxes of adequate size for  unnecessary computational overhead. A single bounding box
fires visible through dense trees. Although the fire was not  would have sufficed for this scenario. Image 12 demonstrates
entirely covered, the detection was reasonably accurate. Image  the challenges posed by thick smoke, which masked flames to
2 demonstrates the impact of smoke on detection accuracy.  a significant degree. Despite this, YOLOV9 achieved a certain
The wind direction caused smoke to obscure flames, leading  level of detection, but flames behind the smoke remained
to partial detection. While YOLOV9 detected fires in some  undetected. Image 13 shows the successful detection of
areas, it failed to capture others due to the dense smoke cover.  prominent flames, though faint flames went unnoticed. Image
The third example shows a large, visible fire, where YOLOV9 14 presents a heavily smoke-obscured scene. YOLOV9
performed successfully, detecting the flames with high detected distinct flames, but flames concealed by thick smoke
accuracy. Image 4 reveals a limitation: while flames were  were missed. Image 15 depicts widespread smoke that reduced
detected, the bounding boxes only partially enclosed them, image quality. No distinct flames were visible, and small
missing some flame regions. Additionally, thick smoke may  flames on tree branches remained undetected.
have concealed other flames, lowering the detection success. These observations underscore the complexity of detecting
Image 5 illustrates the challenges posed by dense smoke, forest fires in challenging environments. Environmental
which created blurriness in the image spectrum. Although factors such as dense vegetation, thick smoke layers, and
distinct flames were detected, YOLOV9 failed to identify  rugged terrain significantly hinder detection accuracy, leading
ember flames, and flames behind the smoke were also missed.  to either incorrect classifications or partial failures.
Image 6 shows a distinct flame in the lower left corner, which ~ Furthermore, dynamic factors like the intensity and spread of
YOLOV9 detected without difficulty. Image 7 depicts a hazy  the fire, as well as the presence of false positives in the field
scene caused by smoke, yet YOLOVY was still able to detect  (e.g., city lights or roads resembling flames), pose additional
flames amidst the smoke. Image 8 presents a scenario similar ~ challenges, increasing detection errors. Despite some
to Image 5. YOLOV9 correctly identified distinct flames but  deficiencies, these visuals reflect the inherent difficulty of
missed embers that were partially extinguished. Image 9  detecting forest fires in such complex conditions.
reveals that dark smoke obscured some flames, preventing Table 1 presents the comparative performance metrics for
their detection, even though fires in other regions were YOLOv4, YOLOv7, and YOLOV9. These models were
successfully identified. Image 10 shows successful detection  evaluated based on sensitivity, recall, F1 score, mAP, and
in the upper left region, but false positives were introduced due  inference speed. YOLOV9 outperformed both YOLOv4 and
to visual similarities between city lights and flames. YOLOV7 across all metrics, demonstrating superior precision,
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recall, mAP, and F1 score. Its sensitivity of 0.922 indicates the
lowest error rate in positive predictions, surpassing YOLOv4
(0.866) and YOLOvV7 (0.901). In terms of recall, YOLOV9 also
excelled, achieving the highest success rate among the models.

The F1 Score, which balances precision and recall, further
reflects YOLOVY's superior performance. Speed is another
critical factor, especially for real-time applications. YOLOV9
runs at 91 FPS, significantly faster than YOLOv7 (65 FPS) and

Table 1. Comparison of the performance metrics of the YOLO versions.

Metrics
Model Precision Recall mAP@50 mAP@50:95 F1 Score Speed
YOLOv4 0.866 0.809 0.837 0.727 0.836 37 FPS
YOLOv7 0.901 0.895 0.899 0.811 0.898 65 FPS
YOLOV9 0.922 0.925 0.915 0.872 0.923 91 FPS
YOLOv4 (37 FPS). This faster processing time makes
YOLOV9 particularly advantageous in time-sensitive REFERENCES

scenarios. The mAP@50 metric highlights YOLOvV9's strong
detection performance, with a value of 0.899, compared to
0.837 for YOLOv4 and 0.811 for YOLOv7. Similarly,
YOLOV9 achieved the best mAP@50:95 score of 0.872, while
YOLOvV7 and YOLOv4 scored lower at 0.811 and 0.727,
respectively. When considering both detection accuracy and
processing speed, YOLOV9 stands out as the most robust
option for real-time forest fire detection. While YOLOvV7
exhibits solid performance, particularly in recall and F1 score,
it falls short in speed and precision compared to YOLOV9. For
scenarios that demand quick decision-making and accurate fire
detection, the faster inference time and higher accuracy of
YOLOvV9 make it a strategically advantageous choice.

IV.CONCLUSION

This study highlights the critical role of early and accurate
detection strategies in controlling forest fires, which are
increasingly influenced by climate change and human
negligence, leading to widespread ecological damage. By
integrating unmanned aerial vehicles (UAVs) equipped with
high-capacity sensors and advanced cameras with YOLOV4,
YOLOv7, and YOLOvV9 algorithms, this research
demonstrates significant advancements in detecting fires at
their early stages. The high sensitivity and rapid detection
capabilities of these algorithms, particularly in successful test
cases, underline their potential for real-time forest fire
monitoring. Despite the challenges posed by low visibility,
dense smoke, and complex environmental conditions,
YOLOV9 has shown particular promise due to its superior
detection accuracy and processing speed. Its performance in
real-time scenarios is especially noteworthy, making it a strong
candidate for practical applications in forest fire prevention
and management. However, the study also identifies areas for
improvement, particularly regarding algorithmic errors and
detection limitations in difficult conditions, such as false
positives and missed detections in smoke-obscured regions. In
conclusion, the integration of powerful computer vision
algorithms, such as YOLOV9, with UAV technology and
advanced hardware provides an effective and scalable
approach to forest fire detection and management. The
balanced optimization of these tools can significantly improve
early fire detection, offering a vital solution to mitigate the
devastating impact of forest fires on ecosystems and human
communities alike. Future work should focus on refining these
models to enhance their robustness in complex and rapidly
changing fire environments.
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Abstract — Accurate and efficient detection of aircraft at airports is crucial for enhancing airport security, ensuring safe
operations, and improving overall air traffic management. As airports grow in complexity and traffic density increases, automated
object detection systems powered by advanced algorithms have become essential to support real-time monitoring and decision-
making processes. This study presents a comprehensive evaluation of the YOLOVS object detection algorithm for identifying
aircraft at airports, comparing its performance against YOLOv4 and SSD. The goal was to determine the most effective algorithm
for real-time detection in complex airport environments. YOLOVS was trained and tested on a dataset of annotated images of
aircraft, and its performance was assessed using precision, recall, mean average precision (mAP), F1 score, and inference speed
as key metrics. Results show that YOLOVS5 outperforms both YOLOv4 and SSD, achieving the highest precision (0.759), recall
(0.772), mAP (0.766), and F1 score (0.765), while maintaining a competitive inference speed of 54 ms. In comparison, SSD
demonstrated faster inference speed at 48 ms but lower detection accuracy, while YOLOv4 exhibited the lowest performance
across all metrics. These findings indicate that YOLOVS is the most suitable algorithm for real-time aircraft detection at airports,
balancing high detection accuracy with efficient processing speed. This makes it a valuable tool for applications such as airport
security and aerial monitoring.

Keywords — aircraft detection, airport security, aerlail monitoring, YOLO, SSD

I. INTRODUCTION time tracking of aircraft, especially those that pose a potential
threat, are of strategic importance [8]. The rapid analysis
capabilities enabled by deep learning algorithms enhance the
effectiveness of air defense systems, making them more
responsive and agile [9].

Machine learning-based solutions are poised to offer
substantial improvements to object detection challenges [10].
Specifically, recent advancements in deep learning have
revolutionized classification processes within object detection
[11]. Today’s object detection algorithms are broadly
categorized into two main types: two-stage and single-stage
approaches [12]. Two-stage algorithms, such as Region
Convolutional Neural Networks (R-CNN) and their
derivatives, are known for their high accuracy [13]. However,
they are slower in terms of processing speed compared to
single-stage models. Two-stage methods first identify
potential object regions in an image, followed by classifying
objects in these regions to make the final decision [14]. In
contrast, single-stage algorithms, such as SSD and YOLO,
excel in real-time detection by offering faster processing
speeds [15]. These algorithms determine the locations and
classifications of objects in a single pass through convolutional
neural networks, providing superior computational efficiency
and overall performance compared to other machine learning
methods. In recent years, unmanned ground vehicles (UGVs)
and unmanned aerial vehicles (UAVs) have emerged as
powerful tools in monitoring and data collection, particularly
in applications requiring real-time surveillance and precision
[16, 17]. UAVs offer significant advantages over traditional

Object detection is a widely recognized technique in
computer vision, attracting significant attention and
undergoing extensive research. Its primary objective is to
classify and locate objects within target images [1]. With the
continuous advancement of deep learning algorithms over the
years, sophisticated methods for object detection have
emerged [2]. These technological developments have paved
the way for groundbreaking innovations in artificial
intelligence and image processing. Particularly since the early
2010s, the evolution and widespread adoption of Graphics
Processing Unit (GPU) technologies have accelerated the
processing of large datasets and the training of complex
artificial intelligence models [3]. As a result, deep learning
algorithms employed in challenging tasks like object detection
have become more accurate, efficient, and robust.
Convolutional Neural Networks (CNN)-based approaches, in
particular, have revolutionized various industries by detecting
intricate patterns in image data [4]. In the context of aviation,
where airplanes are crucial for both transportation and military
purposes, the application of deep learning algorithms for
identifying and tracking aircraft locations is especially
significant [5]. In civil aviation, precise and rapid aircraft
detection plays a vital role in enhancing operational efficiency
and ensuring safety, particularly in international airports with
high air traffic volumes [6]. Monitoring aircraft movements
within airports is essential for preventing potential traffic
congestion on taxiways, runways, parking areas, and hangars
[7]. In military operations, the continuous monitoring and real-
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data collection methods due to their flexibility, ability to cover
large areas quickly, and capacity to capture high-resolution
imagery. These aerial platforms have become integral in fields
such as disaster management, agriculture, environmental
monitoring, and infrastructure inspection. In the context of
object detection, UAVs play a crucial role in capturing
valuable data from various perspectives and altitudes, enabling
more comprehensive analyses. Their ability to operate in hard-
to-reach or hazardous areas without risking human safety
makes them particularly suitable for military surveillance,
traffic monitoring, and search-and-rescue missions [18]. The
real-time data collection capabilities of UAVs, combined with
advancements in machine learning, have expanded their
application scope in smart cities, transportation systems, and
even remote sensing operations.

Remote sensing offers a unique advantage by providing
high-resolution imagery across large geographical areas,
making it ideal for applications that require extensive
coverage, such as monitoring airports or large infrastructure
sites. Satellite imagery, known for its global reach and
consistent data collection capabilities, allows for continuous
observation over extended periods. This is particularly useful
for tracking large-scale changes or conducting regular
surveillance. Meanwhile, UAVs complement satellite data by
offering greater flexibility in terms of altitude, angle, and
resolution. UAVs can capture real-time, detailed images from
lower altitudes, making them suitable for tasks that require
closer inspection or more immediate data acquisition. By
combining satellite-based imagery with UAV-based data, this
study achieves a more comprehensive analysis, leveraging the
strengths of both platforms to enhance the accuracy and
effectiveness of the object detection process.

In this study, the YOLOvVS algorithm was trained on a
comprehensive dataset of aircraft images collected from both
satellite and UAV sources, which were annotated to accurately
reflect the diverse conditions and angles typically found in
airport environments. The performance of YOLOvV5 was then
rigorously evaluated using key metrics, including precision,
recall, mean average precision (mAP), F1 score, and inference
speed, to assess its detection capabilities. For comparative
purposes, the same tests were also conducted using the
YOLOvV4 and SSD algorithms. The results were compiled and
analyzed to determine which model was most effective for
real-time aircraft detection. The findings are presented in
detail, highlighting the strengths and weaknesses of each
algorithm, with particular emphasis on YOLOvVS5's superior
accuracy and suitability for real-time applications.
Additionally, the study discusses the potential of integrating
these detection models into airport monitoring systems,
providing insights into their operational efficiency and
practical applications.

II. MATERIALS AND METHOD

A. YOLO Algorithm

The YOLO algorithm is a highly efficient and fast method
for object detection in image processing [19]. Unlike
traditional object detection algorithms, which typically scan
the entire image and generate object bounding boxes one by
one, YOLO divides the input image into a grid system,
speeding up the detection process significantly. Each grid cell
is responsible for detecting objects whose center falls within

that cell, and bounding boxes are predicted for these objects.
Additionally, each box is assigned a prediction vector,
including the object’s class and the confidence score, which
indicates both the presence of an object in a particular grid cell
and the detection accuracy [20]. The YOLOvS algorithm, a
PyTorch-based model, stands out for being lighter and faster
compared to its predecessors, YOLOv3 and YOLOv4. Its
open-source nature has made it a popular choice among
researchers and developers, as it allows for greater flexibility
in customization. YOLOVS, introduced by Ultralytics in 2020,
is an advanced version of the YOLO object detection models
[21]. Unlike its predecessors, which were developed on the
Darknet framework, YOLOVS is based on the PyTorch library,
which offers easier adaptability and customization for
developers [22]. YOLOvS, whose architecture is shown in Fig.
1, comes in four variants, YOLOv5s, YOLOv5m, YOLOVS5],
and YOLOvS5x, each optimized for different trade-offs
between speed and accuracy. Despite differences in
complexity and model size, all versions maintain a balance
between detection performance and inference speed, making
them suitable for a variety of applications [23].

The YOLOVS architecture is composed of four main
components: Input, Backbone, Neck, and Head. The backbone
network is responsible for extracting features from the input
image. It consists of several layers, including Conv_LR,
BottleNeckCSP, and Spatial Pyramid Pooling (SPP) modules.
The Conv_LR layers focus on extracting low-level features
from the image and use various filters to enhance diversity.
The BottleNeckCSP module reduces computational
complexity and enables more efficient parameter usage, which
is particularly useful for large datasets. The SPP module
enriches feature maps by aggregating information at different
scales, enabling the model to detect objects of varying sizes
more effectively. The Neck component bridges the gap
between the Backbone and Head, using Path Aggregation
Network (PANet) and Feature Pyramid Network (FPN)
modules. PANet aggregates higher-level features, helping the
network detect smaller and low-resolution objects with greater
accuracy. FPN, on the other hand, enhances feature maps by
combining low-level and high-level information. The
integration of PANet and FPN enables multi-scale feature
fusion, leading to more robust object detection across different
resolutions. The Head is where the final object detection and
classification occur. Using the features extracted and
processed by the Backbone and Neck, the Head predicts the
bounding boxes and classifies objects in the image.

B. Loss Function

In YOLOVS, the loss function is a critical component for
optimizing the model during training. The loss function used
in YOLOvS is composed of three primary components:
bounding box loss, objectness loss, and classification loss. The
bounding box loss calculates the difference between the
predicted and actual locations of objects. This is typically
computed using a variant of the Intersection over Union (IoU)
metric, which measures the overlap between the predicted
bounding box and the ground truth. Objectness loss measures
the model's confidence that an object exists within a predicted
box. Finally, classification loss calculates the error in
predicting the correct class label for each detected object.
These components are weighted and combined into a single
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Fig. 1. Network architecture of YOLOVS model.

loss function, which is minimized during training to improve
the accuracy and precision of the model’s predictions.

C. Dataset

The dataset used for training and evaluating YOLOVS in this
study comprises a combination of satellite and UAV images,
with the primary focus on detecting aircraft on the ground. The
images were sourced from high-resolution satellite imagery
and UAV-based aerial photography to provide comprehensive
coverage and varying perspectives of airport environments.
The dataset was carefully curated and annotated to ensure
accurate labeling of aircraft, capturing various conditions such
as different lighting, angles, and aircraft positions. The dataset
contains 5377 images with a diverse set of scenes, ensuring
that the model is trained to recognize aircraft under a wide
range of conditions. Additionally, the dataset was augmented
with techniques such as flipping, rotation, and color
adjustments to increase variability and improve the model's
robustness.

D. Network Training

Training the YOLOvS model involved multiple stages,
beginning with pre-processing the dataset. The images were
resized (480x480 pixels) to fit the input requirements of the
YOLOVS network. During training, the model was initialized
with pre-trained weights from the COCO dataset to accelerate
convergence and improve performance. The Adam optimizer
was used to adjust the model’s weights based on the calculated
loss function, and a learning rate scheduler was employed to
dynamically adjust the learning rate during training to avoid
overfitting and achieve optimal performance. The training
process was carried out using Google Colab, utilizing its GPU
resources to speed up computations. The model was trained for
200 epochs, and early stopping was applied to prevent
overfitting. In addition, data augmentation was applied during
training to enhance the model’s ability to generalize to new
data.

III. RESULTS

The detection process began by training the YOLOVS on the
prepared dataset, which consisted of annotated images of
aircraft at airports captured from various angles and under

different lighting conditions. The dataset was carefully pre-
processed to ensure optimal training, with a focus on balancing
classes and maintaining high-quality annotations. During the
training phase, the algorithm was exposed to a large volume of
labeled images, allowing it to learn to recognize aircraft at
varying scales and positions within complex airport
environments. After completing the training, the algorithm's
performance was validated using a separate validation dataset
that had not been seen during training. This validation step was
crucial in assessing the generalization capability of YOLOvVS
and ensuring it did not overfit the training data, providing a
reliable indication of its real-world detection performance.
Once the training and validation phases were completed, the
algorithm was tested on a set of unseed images that were not
included in the original training or validation datasets. These
tests aimed to evaluate the model's ability to accurately detect
aircraft in unseen scenarios, further demonstrating the
robustness of YOLOVS in real-world applications. The model
consistently identified aircraft with high accuracy,
successfully detecting planes in various positions and
orientations within the airport environment. Examples of
detection results are presented in Fig. 2, where bounding boxes
highlight the locations of aircraft detected by YOLOvVS. The
figure showcases the model’s ability to accurately identify
aircraft amidst complex airport structures and backgrounds,
reinforcing the effectiveness of the detection system.

Table 1 presents a detailed comparison of the performance
metrics, precision, recall, mean average precision (mAP), F1
score, and inference speed, for the three object detection
algorithms: YOLOvV5, YOLOv4, and SSD [24]. These metrics
collectively provide insights into the strengths and weaknesses
of each algorithm for detecting aircraft in airport
environments. Starting with precision, YOLOvS demonstrates
superior performance with a value of 0.759, indicating that the
algorithm has fewer false positives compared to the other
models. YOLOvS's high precision means that when the
algorithm identifies an object as an aircraft, it is more likely to
be correct. In contrast, YOLOv4 and SSD lag behind, with
precision values of 0.671 and 0.715, respectively. SSD
performs better than YOLOV4 in precision, possibly due to its
different architecture, which is designed to handle smaller
objects and densely populated scenes. However, neither of
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Fig 2. betecﬁon of aircraft at airports using the YOLOVS algorithm.

Table 1. Performance comparison of YOLOvS, YOLOv4, and SSD algorithms for detecting aircraft at airports.

Indicator
Model Precision Recall mAP F1 Score Inference S.
YOLOVS 0.759 0.772 0.766 0.765 54 ms
YOLOv4 0.671 0.624 0.641 0.647 67 ms
SSD 0.715 0.683 0.703 0.699 48 ms

these models matches the precision of YOLOVS, highlighting
YOLOVS’s advantage in effectively minimizing false alarms
during detection. When examining recall, YOLOv5 again
leads with a value of 0.772, closely followed by SSD at 0.683
and YOLOV4 at 0.624. Recall measures the algorithm’s ability
to correctly identify all instances of aircraft in the images.
YOLOVS's higher recall suggests that it is better at detecting
aircraft across various conditions and settings, capturing more
true positives compared to YOLOv4 and SSD. While SSD
performs moderately well, the noticeable gap between its
recall value and that of YOLOVS5 points to SSD occasionally
missing certain aircraft, especially when compared to the more
advanced detection capabilities of YOLOv5. YOLOv4, on the
other hand, has the lowest recall among the three, implying
that it struggles the most with detecting aircraft
comprehensively in the given dataset. This could be due to
YOLOv4’s architecture being less optimized for complex
airport environments or diverse conditions present in the test
images.

The mean average precision (mAP), which combines both
precision and recall across multiple confidence thresholds,
further solidifies YOLOvV5's dominance, with a value of 0.766.
mAP serves as a balanced metric that evaluates the model’s
overall detection performance. YOLOvVS’s higher mAP
suggests that it strikes a better balance between precision and
recall, making it the most reliable algorithm for the detection
task. SSD comes in second with an mAP of 0.703, indicating
that while it performs well, it lacks the consistency of
YOLOVS across different detection thresholds. YOLOv4’s
mAP, at 0.641, is notably lower, further reflecting the
algorithm's struggles with both precision and recall. This gap

in mAP between YOLOvVS and YOLOv4 indicates that
YOLOvS’s architectural improvements allow for more
consistent and accurate detection, while YOLOv4 shows a
tendency to miss objects or produce false positives under
certain conditions. The F1 score, which is the harmonic mean
of precision and recall, offers another perspective on the
overall performance. YOLOVS5's F1 score of 0.765 showcases
its ability to maintain a strong balance between detecting all
aircraft and minimizing false positives, further affirming its
robustness as an object detection model. SSD follows with an
F1 score of 0.699, showing that it is also fairly well-balanced
but still falls short of YOLOVS’s performance, particularly in
terms of handling challenging or complex detection scenarios.
YOLOv4, with the lowest F1 score of 0.647, underscores its
overall weaker performance in terms of precision-recall
balance. These values make it clear that YOLOVS’s improved
architecture leads to more accurate and reliable detection,
while YOLOV4’s older design struggles to keep up in terms of
both metrics.

When evaluating inference speed, which is a critical factor
for real-time applications such as aerial monitoring and airport
security, SSD offers the fastest detection with an inference
time of 48 ms. This suggests that SSD is better suited for
scenarios where speed is the primary concern, though its
reduced accuracy compared to YOLOvVS may make it less
suitable when precise detection is required. YOLOVS, with an
inference speed of 54 ms, offers a strong balance between
speed and performance, making it ideal for real-time detection
tasks where both accuracy and response time are critical.
YOLOvV4, with an inference speed of 67 ms, is the slowest of
the three, further detracting from its suitability for time-
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sensitive applications. The performance gap between
YOLOVS5 and YOLOV4 in terms of speed reflects YOLOvS's
more efficient processing capabilities, which have been
optimized to provide quicker detection without sacrificing
accuracy. Thus, the results from Table 1 clearly indicate that
YOLOVS outperforms both YOLOv4 and SSD in most
metrics, making it the most suitable algorithm for detecting
aircraft at airports in this study. YOLOv4 lags behind in every
metric, reflecting its older architecture and less efficient
detection capabilities. SSD, while faster in terms of inference
speed, sacrifices some accuracy, making it a suitable option
only when real-time detection speed is a priority and minor
reductions in accuracy are acceptable.

IV.CONCLUSION

In this study, the YOLOvVS algorithm was evaluated for its
effectiveness in detecting aircraft at airports, with its
performance compared to the YOLOv4 and SSD algorithms.
The results demonstrate that YOLOvVS outperforms both
YOLOv4 and SSD across key metrics, including precision,
recall, mAP, and F1 score, establishing it as the most reliable
algorithm for this specific application. YOLOVS exhibited the
highest detection accuracy, successfully identifying aircraft in
various challenging conditions with a well-balanced precision-
recall tradeoff. Additionally, its inference speed, while slightly
slower than SSD, remains highly competitive and suitable for
real-time detection tasks. SSD, although delivering the fastest
inference speed, showed a moderate reduction in detection
accuracy, making it more appropriate for scenarios where
speed is prioritized over accuracy. On the other hand,
YOLOv4, with lower scores in all performance metrics,
proved to be the least effective algorithm in this comparison,
hindered by its slower processing time and lower detection
accuracy.
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Abstract — Quality control in the industry is becoming increasingly important as a result of increasing market competition and
the need for quality products. The increasing complexity of industrial processes and the increase in the amount of data available
have promoted the development of intelligent systems for automated error prediction/detection, mainly based on Industry 4.0
technologies and especially deep learning methodologies. Therefore, deep learning has an important position for quality control
processes. In this study, we propose an intelligent error/fault detection system that will use the Faster Region-based
Convolutional Neural Network (Faster R-CNN) and integrates deep neural networks with the particle swarm optimization (PSO)
to self-tune the system hyperparameters and improve its performance. The model will be evaluated on different performance
metrics such as accuracy, recall, precision, false alarm rate, false negative rate, F1 score and error rate. Finally, the mean average
precision of the proposed PSO based Faster R-CNN model is 97.96%. The experimental results illustrated that the PSO based
Faster R-CNN has a good accuracy and fast detection ability by a large margin. In conclusion, it can be inferred that the
hyperparameter optimization in fault detection systems based on DL model has the high importance and effects.

Keywords — Deep learning, Fault Detection Systems, Particle Swarm Optimization, Hyperparameter optimization

I. INTRODUCTION effectiveness of the adopted decision. As is known, decision-
making is based on available information. This has led to the
development of multiple and innovative data processing and
analysis solutions, generating more interest in various
industrial sectors for its application. In this sense, in addition
to production functions, maintenance and quality are the most
sensitive functions in terms of production. Therefore, the
effects of decisions and their consequent actions cannot be
ignored because of their impact on continuity and
synchronicity [2]. Usually, at these checkpoints we find people
performing visual inspection tasks of the product or part of it.
The accuracy and efficiency of decision-making human
decisions will not always be at their best, so the error-based
decision-making process, the large continuous flow of data,
the heterogeneity and the variability of the available data make
it very difficult to use classical data analysis techniques for
decision-making, as in the field of failure risk. As a result, the
development of data analysis systems based on Artificial
Intelligence (AI) techniques can be increased by using
machine learning and deep learning algorithms.

Current Al enhancements allow for the selection of a
specific methodology depending on the problem, data types,
complexity, and expected responses. However, the same
complexity and variety of options have created difficulties in
the industrialization and implementation of solutions in
modern production systems, resulting in even greater
resistance precisely in small and medium-sized companies,
which can significantly benefit from the use of these
technologies. In particular, today, the use of deep learning
techniques for online fault detection allows data or image
analysis to be performed automatically immediately and with
successful results, preventing process interruptions and wasted
time [3]. The need for expertise in building and configuring

With the development of production technology, production
numbers continue to rise rapidly. This means that the duration
of quality control processes is extended. As production
quantities increase and process times are shortened, the risk of
production errors increases at the same rate. Visual or manual
inspection processes with the help of quality control personnel
cannot completely prevent these errors. As a result of this error
capture process with the human eye, it is only proportional to
how much the person can concentrate his focus and open his
perceptions during the work. Quality control personnel are
located at the end of the production line and try to catch the
produced errors visually. There are also differences in the
interpretation of errors in quality control processes based on
human decisions. Many factors have an impact on the result,
including the current working conditions, environmental
conditions and psychological status in the interpretation of the
error by the person who checks the error.

The transformation from traditional to smart industries
proposed by the Fourth Industrial Revolution (14.0) has taken
on particular significance in various settings such as industry,
education, and science [1]. This highlights the need for
technological and methodological solutions demanded by the
context so that integrating traditional physical systems with a
modern digital system does not generate resistance in
industries and provides smart industries with flexible tools that
allow progressive evolution. Decision Making Processes
(DMPs) are of great benefit by emphasizing the importance of
information availability, access, and analysis to improve the
relevant industrial system and access solutions. Decision-
making is a broad term found in all industrial sectors and
fields, which can be understood as a sequential process from
the definition of the problem to the verification and
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intelligent solutions, such as those based on deep neural
networks and advanced deep learning algorithms, is
challenging due to the variety of possible applications and the
complexity of industrial systems. Additionally, there is a gap
in developing comprehensive proposals to incorporate these
methodologies into manufacturing processes, facilitating the
industrialization of deep learning solutions. From now on, we
refer to the term industrialization as the stage of scaling up any
Al-based prototype to a manufacturing facility.

The Convolutional Neural Network (CNN) is a high-fidelity
deep learning model used for recognition and classification
tasks with short training times. With the help of filters or cores,
they can automatically extract features without human
intervention and are more successful in obtaining the best
features compared to other models [2].

The development of the CNN model to Faster R-CNN is a
transition to a structure that combines object detection and
classification. While CNN basically classifies by extracting
features from the image, Faster R-CNN also performs object
detection and develops through the following steps:
Backbone (Feature extraction): Faster R-CNN
extracts features from the image using the base
layers of CNN (e.g. VGG, ResNet). This stage
produces the feature maps necessary for
classification, as in CNN.

Region Proposal Network (RPN): Unlike CNN, the
RPN layer added in Faster R-CNN suggests regions
on the image where possible objects are located.
RPN identifies regions that contain objects by
filtering out regions that are not objects.

Rol Pooling (Region of Interest): RPN's suggested
regions (suggested boxes) are identified and
matched with the feature map extracted from CNN.
These zones are used for classification and
positioning by bringing them to a fixed size.

Final layers (Classification and Regression):
Unlike CNN, Faster R-CNN predicts the object's
position (bounding box) as well as determining the
object class.

With this process, Faster R-CNN can both detect objects and
classify them correctly. RPN is much faster and more efficient
than the methods used before. A single network performs both
zone recommendations (RPNs) and classification of these
zones, which speeds up the process. The classification of
objects and the determination of their location are done
together [19].

The success of deep learning techniques compared to other
traditional techniques is recognized. However, they have many
hyperparameter values, which significantly affect their
performance. Manually determining the optimal values is
difficult and time-consuming. Therefore, various optimization
methods are used to determine the optimal value. Optimization
methods are used to develop models with acceptable
performance and proximity to the best. They improve the
generalization ability of models and achieve higher training
and testing performance [4]. Meta-heuristic optimization
algorithms allow for a more dynamic and comprehensive
exploration of the search field. Therefore, it is more
advantageous to use metaheuristic optimization algorithms.

In this study, he presents an intelligent approach that
contributes to the industrialization of deep learning solutions.
It involves self-tuning of hyperparameters with adaptive

capabilities that require negligible human experience. Our
method integrates a module of deep neural networks of
different natures that apply the Particle Swarm Optimization
(PSO) optimization technique.

In this study, he presents an intelligent approach that
contributes to the industrialization of deep learning solutions.
Particle Swarm Optimization (PSO) is chosen as the
optimization method in the study. PSO is a well-known meta-
heuristic optimization technique used for hyperparameter
optimization in deep learning models. PSO mimics the
behaviour of flocks, such as flocks of fish and birds. In PSO, a
group of particles adjust their position around the
hyperparameter space based on their own and their neighbours'
best performance [4].

Galindo-Salcedo et al. [6]. Fault detection is a special case
of DMP that has a very important role in the high efficiency of
the production processes of many production systems.
Advances in artificial intelligence methodologies and
computational resources have made it possible to develop
different proposals, including artificial intelligence algorithms
in their formulations, for online fault detection in the workshop
of different industrial systems.

Likewise, multiple applications of artificial intelligence are
available for the control and quality assurance processes of
different production systems.

Chen et al. [7] used a convolutional neural network to
visualize manufacturing defects in textiles by analyzing
images obtained directly from the production line.

RozZanec et al. [8] illustrate the practice of quality control of
brand printing on the products produced by a company in a
real-world use case, highlighting the rapid growth that visual
inspection has had in recent years, accompanied by intelligent
methodologies.

Lu et al. [9] use a real-time surface defect (wear and
misalignment) detection system connected to a robotic arm
equipped with an additive extrusion system.

Similarly, Li et al. [10], in this study, describe various types
of defects (pores, grooves, and blockages) in a metal additive
manufacturing process that combines metallic wire and arc
welding.

Furthermore, Zhang and Zhao [11] use a neural network
applied to the machines used in such processes, known as
LPBF (Laser Powder Bed Fusion), to identify visual defects in
3D printed metal products.

The above-described studies for fault diagnosis and quality
determination offer solutions to various problems and
applications that are of great interest today.

However, they do not mention the structuring process of
methods and developments, but only reveal the
hyperparameter values used for the specific application, which
casts doubt on the adaptability and generalization of these
methods to other situations of modern industry. Since the
success of smart models in various applications depends
largely on the initial configuration given, the model will be
self-defeating in a different situation that may occur. The
model ultimately involves the selection of several
hyperparameters that determine the performance and
convergence of the proposed solutions in combination.

Related to the above, when defining a neural model, it is
necessary to define a series of hyperparameters that, on the one
hand, determine the architecture of the neural network used,
such as the size of the kernel or hidden layer, and on the other
hand, a series of hyperparameters that define factors specific
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to the training algorithms, such as the learning factor and the
size of the training group. This will determine the behaviour
of the learning algorithm during the training phase.

Said hyperparameters determine and control the learning
process that takes place in IA. Therefore, the hyperparameter
search and selection process is crucial to achieving the
effectiveness that models need for their applications, and it is
necessary to precisely identify each of these values. These are
determined prior to training and should be configured for
algorithmic and/or neural models, following some selection
methodology. Manual, grid or random search are some of the
methodologies that have been widely used in various studies
for hyperparameter search in recent years [12].

The use of machine learning and supervised learning
algorithms for defect recognition, diagnostics and fault
prediction is one of the sectors that has developed strongly in
recent years through the digitization and use of data for the
creation of representative models that allow the development
of quality and maintenance policies aligned with the business
objectives of the industries.

Artificial  intelligence techniques combined  with
optimization methods facilitate the industrialization of self-
adjusting smart solutions based on deep learning, enabling
objective information to be obtained without the intervention
of psychological, social or personal factors to reduce the risk
of decisions.

Interest in these expert systems with low human knowledge
requirements has been growing in recent years due to the
improvements in efficiency and effectiveness they provide,
contributing to the ultimate goals of organizations that use
them. At the same time, independence from human expertise
gives them the characteristics of objectivity and precision,
reducing the risk involved in DMP.

In this study, an error detection system algorithm based on
hyperparameter optimization is proposed instead of a deep
learning model with manually adjusted parameters. The CNN
model is used as a classifier. The goal is to optimize methods
to improve the performance of the model.

The contributions of this study can be summarized as
follows:

o Instead of investigating the properties on the image
with the CNN model, the focus is on the features
on the object in the image with the Faster R-CNN.
In model training, two different features were used
with the Callback method, these are EarlyStopping
and ReduceLROnPlateau.

EarlyStopping: Stops training when the model's
validation loss has not recovered over a period of
time.

ReduceLROnPlateau: Reduces the learning rate
when the model's validation loss doesn't improve.
With these callback features, it is ensured that the
training time is reduced to the optimum level.

An algorithm is proposed that automatically solves
the problems of manually tuning the
hyperparameters of deep learning models.
Improves the performance of models.

The proposed model will be trained specifically
with data collected from the field.

Different evaluation criteria were used in the
evaluation of the proposed models using the
optimization method.

e Other deep learning models created in the literature

were examined to evaluate the approaches.

II. MATERIALS AND METHOD

In this study, a deep learning-based error detection system
tuned using particle swarm optimization (PSO) for error
detection is introduced. Although Faster R-CNN excels at
automatically extracting features from the dataset, it requires a
number of parameters to extract features on the image. The
detection algorithm starts with the pre-processing of the
dataset through data cleansing and processing steps. The
choice of hyperparameter values is very important for DL
techniques. Therefore, a metaheuristic optimization method,
PSO, is used for hyperparameter selection. Hyperparameter
optimization improves the performance of models. Finally, the
evaluation step of the created models is performed. Figure 1
shows the proposed algorithm.
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Fig. 1 Proposed workflow scheme for product fault detection

A. Data Description and Preprocessing

Preparing the dataset is a critical step for the effectiveness of
deep learning models. This stage is one of the important
processes that directly affects the success performance of the
model and is necessary to make the training process more
efficient. A well-prepared dataset allows the model to be
trained faster and also allows the model to produce results with
higher accuracy. Therefore, working meticulously at every
step of the dataset preparation stage is vital for the success of
deep learning projects.

In this study, the dataset collected from the field was
carefully examined and necessary precautions were taken to
prevent missing or erroneous data from damaging the model.
The dataset was carefully checked for missing values that
could negatively affect the analysis. Examining the error
conditions means correctly detecting the missing data and
removing this data from the dataset or filling it in
appropriately. Thus, the model was trained more healthily and
the overall success was increased.

The dataset was also evaluated in terms of classification
processes. In order for the classification algorithms to work
effectively, the data must be categorized correctly. In this
study, the classifications made on the dataset were analyzed in
detail in order to increase the performance of the model.
Detailed information and data regarding the classifications are
shown in Table 1 below. This table shows the classification
results and the distribution of erroneous data for the dataset
used in the study. The classifications are in Table 1 below.
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Table 1. Sample images of the classes from dataset

Fault Name Typel Type2 Type3

There is no
detector

Led Indicator
Fault

Scratch Fault

o®

There is no
fault

The process of converting categorical features into
numerical values performed using label encoding. The dataset
divided into three clusters: training, validation, and testing,
with ratios of 60%, 28%, and 12%, respectively. The test and
training image numbers according to error class names are in
Table 2 below.

Table 1. Dividing the datasets into training and testing

Amount of | Amount of
Class Training Test images
Name | Fault Type images used used
0 There is no detector | 972 195
1 Led Indicator Fault | 972 195
2 Scratch Fault 972 195
3 There is no fault 972 195

Standardization for numerical features is necessary to ensure
consistency and regular scales. However, in this study,
normalization is used instead. The primary purpose of
normalization is to preserve the data's behaviour by
transforming all features to lie between 0 and 1. In this study,
the normalization step was performed using min-max scaling,
as shown in equation (1).

_x;—Min (1)
= Max — Min
In this study, the dataset collected from the field used. It
contains 3 types of errors and is the state that should be in 1
case.

B. Deep Learning Models

Machine learning includes deep learning as a subfield. It
forms the basis of artificial neural networks. It is used to solve
complex problems. It has an important place in the field of data
science due to its ability to learn data representations. With its
layered structure, it enables feature representations to be
learned automatically, eliminating the need for time-
consuming feature engineering and contributing to time
efficiency. Today, deep learning is widely used in many
different fields such as natural language processing, sentiment
analysis, image recognition, etc.

Faster Region-Based Convolutional Neural Network (Faster
R-CNN): Faster R-CNN is a deep learning model used for
object detection. The term "R-CNN" is an acronym for
"Region-based Convolutional Neural Networks", and this

model developed to perform object detection tasks faster and
more accurately [19].

Convolutional Neural Networks (CNN), a popular deep
learning model, is inspired by the innate visual perception
abilities observed in living organisms [13]. For quality
assurance and defect identification status, a CNN is
recommended as it provides visual processing capability from
the images given as an input dataset. Convolution, pooling,
activation layers, fully connected layers for classification, and
output layers make up the architecture of convolutional neural
networks. CNN is a type of artificial neural network that is
widely used in image processing and computer vision tasks.
CNN s are designed to automatically learn features in images.

CNN layers:

e Convolutional Layer: Creates feature maps by
applying filters (kernels) to the image.
Pooling Layer: It is used to reduce the size of
feature maps, which reduces computational
overhead and prevents overfitting.
Fully Connected Layer: Used to classify results; it
is usually found at the end of CNN.

For feature learning, the convolution and pooling layers are
used, while the fully connected layers and the output layer are
used for classification. The convolutional layer is the most
basic layer used in architecture and focuses on the use of cores
or filters. The kernel is rotated over the spatial dimensions of
the input to create a feature map. The main advantage of the
feature map is that it can retain all the distinctive and important
features. By using the pooling layer, the dimensions of the
feature map are reduced, only important features are
preserved, and data errors are reduced. The activation layer is
typically a non-linear layer that follows each layer. Sigmoid,
hyperbolic tangent, softmax, and ReLU are all activation
models that are commonly used in deep learning. The fully
connected layer is where the classification and recognition
processes take place. The matrix is flattened before reaching
this layer, which resembles the arrangement of neurons in a
conventional neural network. Therefore, all nodes in a fully
linked file are directly linked to all nodes in the layers that
precede and follow them. CNNs can quickly capture complex
features of images.

R-CNN (Regions with CNN features) developed in 2014 and
is considered an important step in object detection.

R-CNN consists of the following phases:

Region Proposal: Potential object regions (region
proposals) are determined on the image. This stage
is usually done using an algorithm (for example,
Selective Search).

Feature Extraction: These identified regions are fed
to a CNN and features are extracted from each
region.

Classification: The extracted features are classified
by a classifier (usually SVM).

Regression: The bounding boxes of regions can be
corrected for more precise object positions.

This structure of R-CNN requires a lot of calculations and is
a slow process, because it is necessary to run CNN separately
for each region [20].

Fast R-CNN is a faster and more efficient version of R-
CNN. Fast R-CNN acts on the entire image with a single CNN,
and then takes action on region recommendations using feature
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maps from that image. This is faster because the entire image
is processed only once.

Faster R-CNN builds on top of Fast R-CNN and further
optimizes the region recommendation phase [21].

Key components of Faster R-CNN:
Region Proposal Network (RPN): A network that
proposes object regions in the image. The RPN is
embedded within a specific CNN network and
quickly creates potential object zones.
Feature Map: RPN uses and operates on feature
maps issued by CNN.
Rol Pooling: Using the designated zones (Rol), the
characteristics of these zones are extracted and
processed in a similar way to Fast R-CNN.
Classification and Regression: Specified regions
are used to predict classes of objects and more
accurate boundary box positions.

RPN

Y

A4

ROI
Polling

Feature

Maps —»{Classifier

Image —>» CNN —> —> Outputs

Fig. 2 Proposed workflow scheme for Faster R-CNN

Region Proposal Network (RPN): The RPN is used to
identify potential object areas (region proposals) in the image.
RPN conv: It is a convolution layer for rendering the
feature map.

RPN clss: A Conv2D layer to classify whether the
proposed regions are objects or not.

RPN reg: It is another Conv2D layer to improve the
accuracy of the proposed regions.

Faster R-CNN is an improved version of R-CNN and Fast
R-CNN. RPN enables real-time object detection by increasing
the speed of the model. In this way, both high accuracy is
achieve and processing time is significantly reduced. This
structure has led to significant progress in the field of object
detection and is used in many applications today.

C. Optimization Tasks

Deep learning (DL) models have complex structures. Before
learning begins, there are model-specific hyperparameters that
need to be tuned. These hyperparameters significantly affect
the training, behaviour, and performance of the model. Manual
tuning of model hyperparameters can be time-consuming due
to the complexity of the models. For this reason, optimization
methods have emerged in which models are automatically
optimized. Metaheuristic algorithms are techniques used to
solve optimization problems across large search domains.
They have the ability to efficiently search the area for optimal
or approximate solutions. Therefore, due to their efficiency,
they are suitable for use in optimization problems with large
configuration areas. In this study, a metaheuristic algorithm
called PSO used. PSO allows each particle to communicate
with other particles at each iteration to determine and update
the current global optimum.

Particle Swarm Optimization (PSO): The PSO algorithm is
a swarm-based meta-heuristic optimization algorithm
proposed by Eberhart and Kennedy (1995). Animal social

behaviours, such as the behaviour of insects, flocks, birds, and
fish, are simulated by the PSO algorithm [14]. The primary
goal of PSO is to mimic the behaviours that individuals
perform in order to survive the longest. In PSO, each
individual is considered a particle and interacts with other
particles. Each particle acts according to its own past decisions
and the decisions of the herd. During this process, the particles
evaluate their performance and compare it to their previous
state, trying to choose the best decision for themselves.

The PSO algorithm is a multi-threaded, swarm-based search
method. The number of particles in the swarm is denoted by
the integer S. In a given set, each particle has two vectors of
length N. The size of the problem is determined by N. The
position vector, which indicates the exact position at that
moment, is the first vector. The second vector, the velocity
vector, controls the direction and velocity of the particle in the
next iteration. A particle remembers the optimal position and
speed of the herd, in addition to its own position. Based on his
previous experience, he adjusts each particle position to the
best position. In each iteration, the information of the particles
is combined, the velocity of each dimension is adjusted, and
this velocity is used to calculate the new position of the
particle. The particles constantly change their position until
they reach their optimal position.

Equations (8) and (9) describe how the PSO algorithm
updates the particle velocity and position of the swarm:

k+1 _ k k k
Vi =WV +cory (pbestid
k+1 _ ok k+1
Xig~ = Xig T Vig

(®)
)

- x;‘d) + carf (ghestly — xl)

Recommended Optimization Framework: This section
outlines the steps of the proposed optimization framework,
which aims to determine the hyperparameters for the Faster R-
CNN deep learning model. The hyperparameters targeted for
optimization in this study include the number of epochs,
learning rate, number of dense layers, number of neurons
within those layers, drop rate, batch size, and learning rate. The
search ranges for these parameters are provided in Table 2. The
Particle Swarm Optimization (PSO) algorithm is employed to
select optimal hyperparameter values, with the goal of
maximizing accuracy on the training set. Below is a detailed
outline of the proposed algorithm's steps:

Step 1: Initialization

The first step involves initializing the algorithm. Key
parameters are determined, including population size, stopping
criteria, maximum number of iterations, and the necessary
hyperparameters. The initial population is established, where
the positions of individual particles correspond to the
hyperparameters that require optimization.

Step 2: Evaluation

In the second step, the model is trained solely on the training
set. The performance of the trained model is then assessed
using the validation set to evaluate its accuracy.

Step 3: Update Personal Best Position (pbest)

The best position of each particle, referred to as personal best
(pbest), is updated based on the conformity value obtained
from the evaluation in Step 2.

Step 4: Update Global Best Position (gbest)

Among the available personal best positions, the one with
the highest fitness value is updated as the global best position
(gbest). This step ensures that the algorithm retains the most
optimal solution identified thus far.

Step 5: Update Particle Positions and Velocities
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For each particle in the swarm, equations (8) and (9) are
applied to update the positions and velocities, enabling the
particles to explore the hyperparameter space more effectively.

Step 6: Iteration or Termination

The process continues until either the maximum number of
iterations is reached or the stopping criterion is met. Once the
stopping criterion is satisfied, the optimized hyperparameters
are derived from the global best position (gbest). If the
stopping criterion is not yet met, the algorithm loops back to
Step 2, repeating the evaluation and optimization process.

In summary, the PSO algorithm systematically searches for
optimal hyperparameter values, with a specific focus on
maximizing accuracy on the training set. This iterative
approach not only enhances model performance but also
ensures a robust exploration of the hyperparameter space.

Table 2. The defined hyperparameters and their range

Hyperparameter Ranges
Filterl 24-64
Kernell 4-6
Filter2 52-76
Kernel2 2-4
Filter3 100-148
Kernel3 2-4
RPN Filter 450-525
RPN Kernel 2-5
Dense Unit 500-600
Drop Out Rate 0.3-0.5
Learning Rate 0.001-0.0001
Batch Size 5-60
Epoch Size 50-80
Anchor Box 8-11

In the PSO algorithm, the population size is set to 100 and
the maximum number of iterations is set to 10. In addition,
other parameters of the PSO, i.e., scaling factors =1.5 and =1.5
and inertial weight W=0.5, are configured.c;c,

III. RESULTS

The error detection results of the Faster R-CNN model,
which works with hyperparameters optimized for the PSO, are
presented in this section. A dataset consisting of images
collected from the field is used in the experiments.

D. Evaluation Criteria

The performance of the proposed models evaluated using the
same evaluation criteria applied to most of the previous
research on error detection systems. These metrics consist of
specificity, error rate, false negative rate (FNR), recall, false
alarm rate (FAR), accuracy, precision, recall and F1 score [15].

Equations (10)-(16) provide mathematical formulas of
metrics

A _ TP+ TN (10)
CCUraY =Tp L TN + FN + FP
Precision = L an
a g}g +FP
_ (12)
Recall = TN +5,PP B
_ * Precision (13)
F1.Score = Precision + Recall
Specificity = L (14)
p Y=TIN+FP
_ (15)
FAR = 1§ +FP

FP (16)
FNR = TN + FP
ErrorRate FP+FN (17)
TTOTRAY = Tp TN + FP + FN
Where:

e  TP-True Positive
e  TN-True Negative
e FP-False Positive
e FN-False Negative

Test loss is a value that measures how well the model
performs on the test data. A low loss indicates that the model
is highly capable of making accurate predictions.

The accuracy stated here is often used in the same sense and
indicates the overall performance of the model. Precision
indicates how many of the samples that the model predicts as
positive are actually positive. That is, it is the ratio of the
model's true positive predictions to the total positive
predictions. Recall measures how much of the true positive
samples are correctly predicted by the model. That is, it is the
ratio of true positives among true positives. The F1 score is a
measure that combines precision and sensitivity. It combines
these two metrics together to provide balance. A high F1 score
indicates that the model performs well in terms of both
precision and responsiveness. False Acceptance Rate refers to
the proportion of cases where the model incorrectly makes a
positive prediction. The False Rejection Rate indicates the rate
at which the model incorrectly predicts true positives as
negative.

These metrics indicate the model's success in the object
detection or classification task. In general, high accuracy,
precision, sensitivity, and an F1 score indicate that the model
is effective; Low false acceptance and false rejection rates
increase its credibility.

E. Performance Analysis and Results

The experiments in the study were carried out using a dataset
created from images collected from the production site.
Advanced callback methods were used in model training.
These are Early Stopping and Learning Rate Scheduler
callbacks. With these callbacks, the model was trained in the
most optimal time and speed. In trainings performed with
traditional methods, large time losses and unnecessary
learning results can occur.

A deep learning model is used to classify errors. PSO is used
to determine the best hyperparameter values for these models.
The PSO algorithm selects the best hyperparameter values that
maximize accuracy in the dataset. PSO streamlined the time-
consuming and complex process of hyperparameter tuning and
had an impact on classification performance.

The optimal hyperparameter values obtained for the model
are presented in Table 4.

Table 3. Optimal hyperparameters

Hyperparameter Optimal value
Filterl 34
Kernell 6
Filter2 54
Kernel2 3
Filter3 105
Kernel3 2
RPN Filter 484
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RPN Kernel 3
Dense Unit 600
Drop Out Rate 0.5
Learning Rate 0.0001
Batch Size 5
Epoch Size 69
Anchor Box 8

Models are trained using a training set. The accuracy of the
training set is verified by the validation set. The performance
of the models is evaluated on test data that has not been used
before. The results of the Faster R-CNN model can be tracked
using a variety of metrics. Figure 4 shows the Confusion
matrix for the proposed model. The confusion matrix is a table
to evaluate the performance of a classification model and to
reveal which classes it succeeds and fails. This table allows the
model's predictions to be compared with real classes and
allows for the calculation of various metrics (accuracy,
precision, recall, F1 Score). In the confusion matrix in Figure
4, it can be concluded that the proposed model identifies errors
of all classes at a very high rate. Figure 5 shows the state of the
error rate of the model with respect to the epoch number.
Figure 6 shows the state of the accuracy rate of the model with
respect to the number of epochs.

The results show that Faster R-CNN has superior
performance. Specifically, the Faster R-CNN model's higher
accuracy, precision, recall, F1 score, and specificity indicate
that it discriminates more effectively between positive and
negative classes. In addition, the lower false alarm rate, false
negative rate, and error rate of the Faster R-CNN model
demonstrate its reliability in reducing false predictions. This
highlights Faster R-CNN's balanced and reliable performance
in both accurately identifying positive class and reducing false
alarm and false negative rates.

Precision, Recall, and Fl-score for Each Class

1.0 m Precision
- Recall

= F1 score

0.8

0.6

Scores

04

0.2

0.0

Class

Fig. 3 Precision, recall f1_score is represented in each class
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Fig. 4 The fault detection results using the confusion matrix
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Fig. 6 Training and validation accuracy of the proposed model

F. Real-Time Classification Results

This section will show the classification results with real-
time images taken using optimal hyperparameters and the
faster R-CNN trained model with PSO optimization. In total,
there are 4 classes of images that are included in the training.
In addition to these, another fault that is not included in the
training but is expected to be converged as an fault by the
model will be shown and expected to be classified as an fault.
Thus, it will show that our proposed model can adapt to newly
formed errors that are not taught to it.

Situations to be detected in real-time product tracking:

1. Detection of the absence of a detector
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2. Detection of the situation where there is no led
indicator in the detector

3. [If three types of error condition that may occur in
the detector are perceived as stain errors

4. Detection of the absence of errors in the detector.

In addition, there is another error condition that does not
enter the training, but the model is expected to detect that there
is an error.

The model reveals the probability that this fault is an fault as
a result of fault detection. This fault probability and class are
showing at the top of the screen.

(b)

(© (d

(2

Fig. 7 Real-time classification results: (a) Class 1 There is no detector (b)
Class 2 led indicator fault (c) Class 3 stain 1.fault (d) Class 3 stain 2.fault (e)
Class 3 stain 3.fault (f) Class 4 there is no fault (g) Detection of a different
error that does not fall

In the image in Figure 7, a specific error that is not used in
the training of the model is expected to converge as an error

by the model. The model decided that this specific error had a
error of 0.97. In the image in Figure 7, a certain error that was
not used in the training of the model is expected to be
approximated as an error by the model. Thus, the model will
be resistant to a newly occurring error that did not exist before.
The need to update the dataset with each new error will be
eliminated.

Since a machine learning model usually learns through a
specific training set, it creates a general structure based on the
data it encounters during this training process. The model
learns patterns, relationships, and rules in the data and
develops a function to apply to future data. However, when
confronted with data that is not used or underrepresented in the
training of the model, it may have difficulty identifying that
data.

The fact that the model identifies an error that it did not
encounter during training and evaluates it as an error 97% of
the time points to several important aspects:

1. Divergence of Data Distribution: The model may
have struggled to recognize this specific error that
is underrepresented in the training set or has a
different distribution. This shows the limits of the
model's ability to generalize. Compared to the
training data, this new state is a far cry from the
model's previous learning processes.

Error Types and Incorrect Decision Making: The
model's 97% evaluation of a particular error as an
"error" indicates that the model may have created a
false generalization or a wrong conceptual
framework that it learned about that situation. A
model that is not subject to such errors during
training, when faced with this new situation, may
reach an erroneous conclusion based on the
available data to make a specific decision.

Model Overfitting Problem: A model that has
achieved a high accuracy on the training data can
sometimes lose its ability to generalize by
overfitting the training data. In this type of
situation, the model's ability to identify errors when
it encounters new data is reduced. This indicates
that the model only works well on training data, but
may fail when it encounters real-world data.

As a result, the model's evaluation of an unused error type
during training with a high accuracy rate of 97% highlights its
current limitations and areas for improvement. This outcome
suggests that while the model performs well in certain
scenarios, it may still be prone to misclassifications or
overfitting, especially when faced with unseen data.
Addressing such weaknesses requires refining the training
process, possibly by incorporating more diverse data or
employing advanced techniques such as regularization to
improve generalization. Ultimately, this insight serves as a
valuable guide for enhancing model performance in future
iterations and ensuring more robust real-world applications.

IV.DISCUSSION

This section discusses the superiority of the proposed
method over existing methods. Traditional optimization
methods often run into local optimum problems. This means
that the algorithm only comes up with a "good enough"
solution, rather than finding the best possible outcome. For
example, in the process of training, some combinations of
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hyperparameters can get stuck at local optimums. This
negatively affects the overall performance of the model and
leads to loss of time.

Another problem is population diversity. In particular,
methods such as evolutionary algorithms or particle swarm
optimization are dependent on initial population diversity. If
the initial population is selected homogeneously, this may lead
to a narrowing of the research area and a lack of exploration of
different solution areas. This can increase computational costs
while also limiting the model's ability to learn.

As aresult, it is not preferred to find optimum set points with
manual hyperparameter adjustments and to calculate well, it
will never come close to perfection.

The proposed PSO-based Faster R-CNN model overcomes
these limitations. Performing hyperparameter optimization
with PSO allows a more optimal model to be created.
However, the shortcoming of this model is the inadequacy of
the dataset. Diversity can be achieved by using the Generative
Adversarial Network (GAN) model to develop the dataset.
GAN is a type of deep learning model proposed by lan
Goodfellow and colleagues in 2014. GANs are based on the
principle that two neural network models, a generator and a
discriminator, work in competition with each other. These two
models try to produce more realistic data by improving each
other within the framework of a game theory [18].

V. CONCLUSION

In this study, a CNN-based model optimized with Particle
Swarm Optimization (PSO), referred to as PSO-Improve-
CNN, is proposed for intelligent fault detection in quality
control processes. The strong global search capability of PSO
in non-linear problems is utilized to automatically optimize the
hyperparameters of the Faster R-CNN model, enhancing fault
diagnosis accuracy. This enhanced model provides a more
effective and automated fault detection in quality control
processes. The significant findings of this study are as follows:

Fault Detection and Classification Performance: The
Faster R-CNN model optimized with PSO successfully
classified detector faults. The model was trained using 32x32
grayscale images and demonstrated high performance in
metrics such as accuracy, precision, recall, and F1 score. The
optimized model improved validation and test accuracy, along
with improvements in error metrics such as false alarm rate
(FAR) and false negative rate (FNR).

Improvement of the Learning Process: The use of
callback  functions  like  Early Stopping  and
ReduceLROnPlateau prevented unnecessary epochs during
the training process, reducing the risk of overfitting. ROC and
PR curves indicate high classification performance of the
model. Hyperparameters optimized by PSO enhanced overall
model performance while also improving processing time.

Elimination of Uncertainty in Hyperparameter
Optimization: The model’s hyperparameters were optimized
using PSO, bypassing the need for manual adjustment and
eliminating associated uncertainties. This allowed the model
to find the optimal hyperparameters and complete the training
without human intervention.

Dynamic Structure and General Applicability: The
model was trained with four classes: there is no detector, led
indicator fault, scratch stain fault, and a there is no fault. The
model exhibited resistance to different stain faults that may

arise during production, accurately classifying them and
demonstrating a dynamic structure.

In conclusion, this study provides a solid foundation for the
automatic  optimization of deep learning model
hyperparameters and intelligent fault detection in quality
control processes. In the era of big data, where manual
inspection is limited, the proposed model offers a fast, precise,
and adaptable solution, making a significant contribution to
quality control processes.

REFERENCES

Javaid, M., Haleem, A., Singh, R. P., Suman, R., & Gonzalez, E. S.
(2022). Understanding the adoption of Industry 4.0 technologies in
improving environmental sustainability. Sustainable Operations and
Computers, 3, 203-217.

http://dx.doi.org/ 10.1016/j.sus0c.2022.01.008.

Guo, D., Ling, S., Rong, Y., & Huang, G. Q. (2022). Towards
synchronizationoriented manufacturing planning and control for
industry 4.0 and beyond. IFAC-PapersOnLine, 55(2), 163-168.
http://dx.doi.org/10.1016/j.ifacol.2022.04. 187.

Ahmad, H. M., & Rahimi, A. (2022). Deep learning methods for object
detection in smart manufacturing: A survey. Journal of Manufacturing
Systems, 64, 181-196.

http://dx.doi.org/10.1016/j.jmsy.2022.06.011.

Erden E, Demir IE, Kokcam AH. "Hiper Parametre Optimizasyonu ile
Makine Kaldirma Modeli Performansinin Artirilmasi”, 2023

M. Choras ve M. Pawlicki, "Optimize edilmis yapay sinir agma dayali
hata tespit yaklasimi", Neurocomputing,vol. 452, pp.705-715, Sep.,
2021

Galindo-Salcedo, M., Perttz-Moreno, A., Guzman-Castillo, S.,
Goémez-Charris, Y. ve Romero-Conrado, A. R. (2022). Denetim ve
kalite giivence siiregleri igin akilli Uiretim uygulamalari. Procedia
Bilgisayar Bilimi, 198, 536-541. http:
dx.doi.org/10.1016/j.procs.2021.12.282.

Chen, M., Yu, L., Zhi, C., Giines, R., Zhu, S., Gao, Z., Ke, Z., Zhu, M.,
& Zhang, Y. (2022). Genetik algoritma optimizasyonuna sahip gabor
filtresine dayali kumas kusur tespiti i¢in gelistirilmis daha hizli R-CNN.
Endiistride Bilgisayarlar, 134, Madde 103551.
http://dx.doi.org/10.1016/j.compind.2021.103551.

Rozanec, J. M., Zajec, P., Trajkova, E., gircelj, B., Brecelj, B.,
Novalija, I., Dam, P., Fortuna, B., & Mladenic¢, D. (2022). Endiistri 4.0*
icin kapsamli bir gorsel kalite kontroliine dogru. IFAC-PapersOnLine,
55(10), 690—695. http://dx.doi. org/10.1016/j.ifacol.2022.09.486.
Lu,L.,Hou,J., Yuan, S., Yao, X., Li, Y. ve Zhu, J. (2023). Siirekli elyaf
takviyeli polimer kompozitlerin eklemeli iiretimi i¢in derin 6grenme
destekli gergek zamanl kusur tespiti ve kapali dongii ayar1. Robotik ve
Bilgisayarla  Biitiinlesik ~ Imalat, 79, Madde 102431.
http://dx.doi.org/10.1016/j.rcim.2022.102431.

Li, W., Zhang, H., Wang, G., Xiong, G., Zhao, M., Li, G. ve Li, R.
(2023). Tel ve ark eklemeli imalat igin derin 6grenme tabanli gevrimigi
metalik yiizey kusur tespit yontemi. Robotik ve Bilgisayarla Biitinlesik
Imalat, 80, Madde 102470.
http://dx.doi.org/10.1016/j.rcim.2022.102470.

Zhang, Y. ve Zhao, Y. F. (2022). Lazer toz yatag: fiizyon siire¢lerinin
gorsel kusurlarinin dretilebilirligini tahmin etmek igin hibrit seyrek
evrisimli sinir aglari. Uretim Sistemleri Dergisi, 62, 835-845.
http://dx.doi.org/10.1016/j.jmsy. 2021.07.002. 2021.

Kunang, Y.N., Nurmaini, S., Stiawan, D., & Suprapto, B.Y. (2021).
Derin 6grenme ve hiper parametre optimizasyonu kullanarak bir hata
tespit sisteminin hata siniflandirmasi. Bilgi Giivenligi ve Uygulamalari
Dergisi, 58, Makale 102804.
http://dx.doi.org/10.1016/j.jisa.2021.102804.

J. Gu, Z. Wang, J. Kuen, L. Ma,, A. Shahroudy, B. Shuai, T. Liu, X.
Wang, G. Wang, J. Cai, T. Chen, "Evrigimli sinir aglarinda son
gelismeler", Oriintii Tamima, cilt.77, ss.354-377, Mayis, 2018.

Y. Shi, "Pargacik siiriisii optimizasyonu: gelismeler, uygulamalar ve
kaynaklar", 2001 evrimsel hesaplama kongresi bildirileri, 2001, s. 81-
86).

Z. Vuyjovié, "Smiflandrma modeli degerlendirme metrikleri",
Uluslararast Ileri Bilgisayar Bilimi ve Uygulamalar1 Dergisi, cilt 12(6),
s. 599-606, 2021.

J. Jose ve D. V. Jose, "CIC-IDS 2017 veri setini kullanarak nesnelerin
internetinde hata tespit sistemleri igin derin 6grenme algoritmalar1",
Uluslararasi Elektrik ve Bilgisayar Miihendisligi Dergisi (IJECE), cilt
13(1), s. 1134-1141, 2023.

(1]

(2]

(3]

(4]
(3]

(6]

(71

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

31



Yuksel et al., Hyperparameter Optimization of A Faster R-CNN Model For Fault Detection In Quality Control, ITTSCONF2024, Istanbul,
Tiirkiye

[17] A. Yulianto, P. Sukarno ve N. A. Suwastika, "CIC IDS 2017 veri
setinde AdaBoost tabanli hata tespit sistemi (IDS) performansinin
iyilestirilmesi,", Journal of Physics Conference Series, 2019.

[18] Goodfellow, I., Bengio, Y., & Courville, A. (2016). Derin 6grenme.
MIT Press, http: www.deeplearningbook.org.

[19] Ren,S., He, K., Girshick, R., & Sun, J. (2015). Faster R-CNN: Towards
Real-Time Object Detection with Region Proposal Networks.

[20] Girshick, R., Donahue, J., Darrell, T., & Malik, J. (2014). R-CNN: Rich
feature hierarchies for accurate object detection and semantic
segmentation. Proceedings of the IEEE International Conference on
Computer Vision (ICCV).

[21] Girshick, R. (2015). Fast R-CNN. Proceedings of the IEEE
International Conference on Computer Vision (ICCV).

32



SETSCI

7-8 December 2024, Istanbul - Tiirkiye

International Trend of Tech Symposium

SETSCI Conference
Proceedings

https://doi.org/10.36287/setsci.21.6.033

@'SCONF
2024

21, 33-37, 2024

2687-5527/ © 2024 The Authors. Published by SETSCI

Prediction of Recurrence of Differentiated Thyroid Cancer with Hybrid
SMOTE-Stacking Model

Erkan AKKUR™!, Serkan Cizmeciogullar? and Ahmet Cankat OZTURK 3

!Turkish Medicine and Medical Devices Agency, Ankara, Tiirkiye
2Vocational School of Technician Sciences Electronics and Automation, Kirsehir Ahi Evran University, Kirsehir, Turkey
3 Presidency of The Republic of Turkey Secretariat of Defence Industries, Ankara, Tiirkiye
*(eakkur@gmail.com)

Abstract — Differentiated thyroid cancer (DTC) is the most frequent form of thyroid cancer. Although this type of cancer
shows a favourable prognosis, the risk of recurrence remains a critical concern. Early and accurate prediction of the risk of
recurrence is essential to improve patient outcomes and minimize this risk. This study proposes a hybrid model combining
SMOTE (Synthetic Minority Oversampling Technique) and a stacking ensemble approach to predict DTC relapse. First, the
dataset is balanced using the SMOTE technique, ensuring equal representation across classes. Then, the overall accuracy of the
model is improved by the stacking method, which combines the predictions of multiple classifiers. This model has been tested
on a publicly available dataset, with impressive results such as an accuracy of 99.09% and an AUC-ROC score of 0.998.

Keywords — Differentiated thyroid cancer, machine learning, ensemble learning, stacking, SMOTE

I. INTRODUCTION

Thyroid cancer is a form of cancer that occurs when normal
thyroid cells in the thyroid gland grow uncontrollably into
abnormal cells [1]. Differentiated thyroid cancer (DTC) is the
most frequent form, constituting approximately 95% of
thyroid cancers [2]. Although the overall survival rate for this
cancer is relatively high, the risk of recurrence after treatment
remains a major clinical challenge. Studies in the literature
have reported that the risk of recurrence ranges from 5% to
30%, making disease management complicated [3].
Recurrence varies based on multiple factors, including the
stage at diagnosis, treatment modalities and histopathologic
characteristics of the disease [4]. Accurate prediction of the
risk of recurrence is therefore crucial for the regular follow-up
of patients. However, the current prognostic method may not
always yield the desired results. Currently, artificial
intelligence technology has become increasingly recognized as
an important tool in the prediction and treatment of diseases
[5].

Machine learning (ML), one of the current artificial
intelligence methods, plays an extremely critical position in
the prediction of cancer prognoses. Therefore, as in other
cancer types, the potential use of ML algorithms in a clinically
significant situation such as DTC recurrence may help identify
high-risk patients and improve treatment strategies [5-7].
However, class imbalance in datasets is one of the challenges
that adversely impair the prediction performance of machine
learning algorithms. The SMOTE (Synthetic Minority
Oversampling Technique) is a method that aims to balance the
dataset by augmenting the samples of the minority class, is a
common method used to balance the data. [8].

Ensemble learning is another method that aims to improve
the prediction of ML algorithms. It is a ML meta-approach that
strives to optimize prediction performance by combining

predictions from many models. The stacking approach, one of
the well-known ensemble learning algorithms, aims to achieve
higher performance than models used individually by
combining the predictions of multiple models. This model can
serve an important role in early diagnosis of the disease and
effective treatment management by providing a more reliable
prediction of rare events such as DTC recurrence [9].

In this study, a hybrid model combining SMOTE and
Stacking methods is proposed to predict DTC recurrence risk
more accurately. This hybrid SMOTE-Stacking approach aims
to contribute to clinical decision-making processes by
predicting DTC recurrence early and developing more
efficient patient management and treatment planning.

II. MATERIALS AND METHOD

This study aims to introduces a hybrid model combining
SMOTE-Stacking for DTC recurrence prediction. Fig. 1
illustrates the workflow of the proposed model.

A. Dataset

The dataset examined in this study was retrieved from
published research by Borzooei et al. [10]. It is named
Differentiated Thyroid Cancer Recurrence and is a publicly
available dataset accessible through the Machine Learning
Repository at UC Irvine [11]. The dataset comprises 383
patients and 17 features. The last feature represents whether
the individual has a recurrence or not. The age of patients with
DTC recurrence was 47.11+£18.27 years and 38+12.95 years
for those without recurrence. Table 1 lists the features and
descriptions of the data set.
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Fig. 1: General framework of the proposed model

Table 1: The features of the dataset

No Feature Description
1 Age Represents the ages of individuals in the dataset.
2 Gender Indicates the gender of individuals
3 Smoking Possibly an attribute related to smoking behaviour.
4 Hx Smoking Indicates whether individuals have a history of smoking
5 Hx Radiotherapy Indicates whether individuals have a history of radiotherapy treatment
6 Thyroid Function Possibly indicates the status or function of the thyroid gland.
7 Physical Examination Describes the results of a physical examination
8 Adenopathy Indicates the presence and location of adenopathy
9 Pathology Describes the types of thyroid cancer based on pathology examinations
10 Focality Indicates whether the thyroid cancer is unifocal or multifocal.
11 Risk Represents the risk category associated with thyroid cancer.
12 Tumor (T) Represents the T (Tumor) stage of thyroid cancer.
13 Lymph Nodes Represents the N (Node) stage of thyroid cancer.
14 Metastasis Represents the M (Metastasis) stage of thyroid cancer.
15 Stage Represents the overall stage of thyroid cancer based on the combination of T, N, and M stages.
16 Treatment Response Describes the response to treatment
17 Recurred Indicates whether thyroid cancer has recurred

B. Data pre-processing

Data pre-processing is a critical step in the modelling
process for organising the raw data and improving model
performance. In the first stage of this process, the data set was
checked for missing data and no missing data was detected
[12]. In the next step, the categorical data in the data set were
converted into numerical values by the label coding method. It
allows ML algorithms to analyze data more effectively and
speeds up the training of models [13].

When the dataset used in the study was analyzed, it was
observed that the class distribution was unbalanced. This poses
the risk of the model not learning the minority class
sufficiently. Therefore, the Synthetic Minority Oversampling
Technique (SMOTE) was used to balance the class
distribution. SMOTE is a resampling technique that aims to
reduce data imbalance. However, the difference of SMOTE is
that instead of directly replicating existing minority class
samples, it creates new and synthetic data points in the gaps
between minority class samples [8]. The working principle of
SMOTE is as follows:

1. Determination of Minority Class Instances: Data
samples in the minority class are selected and their
nearest neighbours are determined.

ii. Random Selection of Points: Random points are
selected among these neighbours.

iil. Synthetic Data Generation: New synthetic data
samples are generated between the selected points
and added to the dataset.

iv. Creating a Balanced Dataset: This process makes the
data set more balanced.

V. More Accurate Learning: As the imbalance
decreases, the model learns the minority class better.

Vi. Improved Performance: As a result, the performance

of the model and its ability to predict the minority
class increases.
The status of the dataset before and after data balancing is
shown in Table 2.

Table 2: Class distribution in the data before and after data

balancing
Sample Before data After data balancing
balancing
Recurrence 108 275
No recurrence 275 275

C. Stacking ensemble method

The stacked is an ensemble approach that combines various
machine learning algorithms to produce a more robust and
overall performing model. This method involves the creation
of base models and a meta-model from these base models to
ensure final predictions. Since the base learners and the meta-
model could be trained with the same training set, a standard
stacking model may experience overfitting. Therefore,
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stacking and cross-validation (CV) are commonly used jointly
to avoid overfitting. The CV technique starts with an initial
division of the data into k folds. In each k iteration, k-1 folds
are used to place the base classifiers. In each round, base
classifiers are installed for the remaining subset that does not
have model fitting. The 5-fold CV technique is adopted for this
process. In the next stage, the resulting predictions are summed
and served as input data for the meta-model. The resulting
predictions are then stacked and supplied as input data to the
second-level classifier [14-15]. Fig. 2 indicates the framework
of the stacking approach.

| Training set |

Training folds Validation folds

I\

i

L
|

training

predictions

Repeat k-times

AN

| Base model predictions

}

| Meta model |

Fma
Prediction

Fig. 2: The framework of the suggested stacking model

In this study, the value of k was set to 5 in the CV technique.
Random forest (RF), k-nearest neighbour (K-NN), AdaBoost,
support vector machine (SVM), logistic regression (LR) and
decision tree (DT) algorithms were utilized as base-level
classifiers and random forest algorithm was used as a meta-
model.

III. RESULTS

Performance criteria such as accuracy, sensitivity, precision,
sensitivity, F1-score and specificity were used to evaluate the
prediction performance of the proposed model. In this context,
the proposed SMOTE-Stacking ensemble (SEM) model is
compared with Random Forest (RF), K-Nearest Neighbour
(K-NN), Logistic Regression (LR), Support Vector Machine
(SVM) and Decision Trees (DT) algorithms. The experiments
were performed using Jupyter Notebook 3.8.16 on Python.
The models were fed with training and test data, and the data
was split as 80% training and 20% test.

Table 2 shows the prediction performances of the base
classifiers and the SEM algorithm. The proposed SEM model
achieved 99.09% of accuracy, 98.21% of precision, 100% of
sensitivity, 98.18% of specificity and 99.1% of F1-score. Fig.
3 compares the performance of the proposed SEM model and
the base classifiers in terms of accuracy. The base classifiers
RF, K-NN, SVM, DT and LR performed with 98.18%,
87.27%, 87.27%, 87.27%, 96.36% and 86.36% accuracy
respectively. On the other hand, the SEM model outperformed
all base classifiers with an accuracy of 99.09%.

Table 3: The comparison of classification techniques for DTC recurrence prediction

Model Accuracy % | Precision % | Sensitivity % | Specificity % | F1-Score %
SEM 99.09 98.21 100 98.18 99.09
RF 98.18 96.49 100 96.39 98.18
DF 96.36 96.36 96.36 96.36 96.36
SVM 87.27 90.2 83.64 90.91 86.79
K-NN 87.27 87.27 87.27 87.27 87.27
LR 86.36 90 81.82 90.91 85.71

IV.DISCUSSION

Accurate prediction of DTC recurrence is crucial for timely
intervention and improved patient outcomes. This study
investigated the effectiveness of ML algorithms in predicting
DTC recurrence. Borzooei et al. [10] show that based on the
dataset used in this study, the SVM model achieved
remarkable results with a sensitivity of 0.99, specificity of 0.97
and AUC of 0.99. In Yasar [16] study, the effectiveness of RF
and AdaBoost algorithms in predicting DTC recurrence was
investigated and an accuracy rate of 95.7% was obtained with
the RF algorithm. However, these studies ignored the class
imbalance in the dataset.

Class imbalance in datasets is one of the important problems
affecting the prediction performance of ML algorithms. In this
study, this problem is solved by increasing the number of
samples of the minority class with the SMOTE technique. In
addition, a stacking approach is adopted to improve the
prediction performance by combining the predictions of
different classifiers to obtain a final prediction result. The
accuracy rates and ROC values of this hybrid model and the
individual classifiers are presented in Figures 3 and 4. The

proposed model outperforms the individual classifiers with an
accuracy rate of 99.09% and an AUC value of 0.998.

The hybrid model proposed in this study shows high
performance in predicting DTC recurrence and it is envisioned
that this model can be an alternative approach for healthcare
professionals in patient follow-up and formulation of
treatment strategies. Furthermore, it is expected that this model
can serve as a framework for other cancer prediction
approaches. In upcoming studies, the most significant clinical
parameters affecting recurrence prediction can be identified by
incorporating feature selection into the model.

The presented hybrid model has limitations such as being
tested on publicly available data. It is important to validate the
model with independent cohorts to ensure its reliability and to
fully represent different patient populations, assisting the
model to be more widely accepted in clinical applications.
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Fig. 3: Accuracy graphs of classifiers for DTC recurrence
prediction.

Receiver Operator Characteristic curves

V. CONCLUSION

Early prediction of DTC recurrence risk may be useful for
appropriate treatment strategies and regular patient follow-up.
This study introduces a hybrid model integrating SMOTE and
Stacking for effective prediction of DTC recurrence. This
proposed model utilizes SMOTE to solve the class imbalance
problem in the dataset and Stacking techniques to improve the
prediction performance of classifiers and achieves an
impressive prediction performance with 99.09% accuracy and
0.998 AUC. This study provides an innovative and valuable
approach for both the prediction of DTC recurrence risk and
the prediction of other cancer types. This approach is expected
to support the elaboration of more personalized and effective
strategies for cancer treatment.
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Ozet - Laboratuvar derslerinde 6grenci performansini etkileyen parametrelerden biri devrede kullanilan elemanlarin saglam olup
olmadigidir. Devrede kullanilan elemanlarin islevini yerine getiremez durumda olmasi &grencilerin performans ¢iktilarini
olumsuz etkilemektedir. Bu ¢alismada, 6grencilerin deney gergeklestirimi siirecinde karsilastiklar1 bu problemin iistesinden
gelmek i¢in gii¢ elektronigi elemanlarin saglamliklarini kontrol eden bir test devresi tasariminin yapilmasi amaglanmistir. Bu
amag dogrultusunda DIYOT, BJT, MOSFET, JFET, IGBT, SCR, TRIYAK elemanlarinin saglamlik kontrolleri tasarlanan test
devresi ile basarili bir sekilde yapilabilmektedir. Devrede test edilmesi istenen eleman giris konektoriine baglandiktan sonra,
hangi gii¢ elektronigi elemaninin test edilecegi devrede bulunan ¢oklu anahtar ile secilmektedir. ilgili elemanin saglam olup
olmadigi1 2x16 LCD panel ile ekrana yazdirilmakta ve test devresi tizerindeki bu kontrol siireci PIC16F877A mikrodenetleyicisi
ile saglanmaktadir. Boylece deney Oncesi ve sonrast kullanilan elemanlarin saglamliklari ilave bir test siirecine ihtiyag
duyulmaksizin &grenciler ya da laboratuvar sorumlusu tarafindan kisa siirede test edilebilmektedir. Ayrica, dgrencilerin arizal
bir elemanla yapmaya calistigi deneyde karsilasti§i probleme harcadigi zamanin yerine, bilgilerini pratik uygulamayla
pekistirdigi daha verimli bir derste zaman harcamasi ve sorun ¢ézme yetenegini gelistirmesi saglanmaktadir.

Anahtar Kelimeler: Test devresi, Gii¢ elektronigi, Mikrodenetleyici, PCB tasarim, Donanim uygulamasi

A Test Circuit Design for Robustness Checking of the Power Electronic
Components

Abstract- One of the parameters affecting student performance in laboratory courses is whether the used components in the
circuit are robust or not. The failure of the used components in the circuit affects the performance outputs of the students,
negatively. In this study, it is aimed to design a test circuit that checks the robustness of the power electronic elements in order
to overcome this problem that the students encounter during their experiments. For this purpose, the robustness checks of DIODE,
BJT, MOSFET, JFET, IGBT, SCR, TRIAC components can be successfully performed with this designed test circuit. After the
component, which power electronic component will be tested, is connected to the input connector to be tested in this circuit and
this component is selected with the multiple switches in this circuit. Whether the relevant component is intact or not is printed
on the screen with a 2x16 LCD panel and this control process on the test circuit is provided by the PIC16F877A microcontroller.
Thus, the robustness of the used component can be tested before and after the experiments in a short time by the students or the
laboratory manager without the need for an additional testing process. In addition, instead of spending time on a problem
encountered in an experiment with a faulty component, the students are provided with the opportunity to spend time in a more
productive lesson where they reinforce their knowledge with practical application and develop their problem-solving skills.

Keywords: Test circuit, Power electronics, Microcontroller, PCB design, Hardware implementation

I. GIRIS yapildig: ilgili derslerde, 6grencilerin devre gergeklestirim
sirecinde  sergiledikleri performanslar ders 0grenme

Miihendislik egitiminde pratik uygulamalar olduk¢a dnemlidir o
¢iktilarinda da etkili olmaktadir [3].

[1].  Elektrik-Elektronik ~ Miihendisligi lisans  egitimi
miifredatlarinda 6grencilerin, zorunlu veya se¢meli ders olarak  giaptrik  Elektronik Miihendisligi
aldiklar1 ve pratik bilgilerine katki saglayan ¢esitli laboratuvar
dersleri yer almaktadir [2]. Pratik devre gerceklestirimlerinin

egitiminde Ggrencinin
Ogrenme siirecine katki saglamak, bilgilerini pekistirmek ve
ders verimliligini artirmak amact ile literatiire g¢esitli
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caligmalar sunulmustur. Ornegin Vahidi ve Taherkhani’nin
calismalarinda son sinif lisans dgrencilerine yiiksek gerilim
dersinin bir parcasi olarak yiiksek gerilim devre kesicilerinin
kisa devre kesme testini 6gretmek i¢in devre ve kesici test
bilesenlerinin nasil simiile edilecegini ele alan bir test araci
tanitilmigtir [4]. Benzer bir ¢alismada, gii¢ trafosu iizerinde
kisa devre dayanim testini gii¢ sistemi lisansiistii 6grencilerine
ve giic mithendislerine 6gretmek igin bir yontem sunulmus ve
test devresi ile trafo bilesenlerinin nasil simiile edilecegini ele
alan bir c¢alisma kaydedilmistir [5]. Soto vd.’lerinin
calismalarinda reaktif sistemlerin tasarimlarini gerceklemek
ve dogrulamak i¢in bilgisayar tabanli bir ara¢ Onerilerek,
reaktif sistemlerle ilgili cesitli laboratuvar egzersizleri
yapilmis ve lisans Ogrencilerinin O0grenme verimliligi
tartisilmistir [7]. Kilic ve Karauz’un g¢aligmalarinda, lisans
programlarinda kaos ve kaotik dinamikleri deneysel olarak
incelemek i¢in iki kaotik egitim karti ve sanal bir 6l¢lim
sisteminden olusan bir tasarim tamtilmistir [8]. Cinar’in
calismasinda, lojik devre laboratuvarlarinda kullanilan
entegrelerin saglamlik kontrollerinin yapilabilmesi amaci ile
mikrodenetleyici tabanli bir test devresi tasarimi yapilmistir
[9]. Laboratuvar derslerinde karsilasilan temel problemlerden
biri, deneylerde kullanilan malzemelerin = saglamlik
kontroliidiir. Dogru bir sekilde ¢aligmayan bir deney elemani,
deneyin Ogrenci tarafindan anlasilmasindan dogru ¢iktinin
alimmasina kadar bircok agsamay1 olumsuz etkilemektedir. Bu
problemi zaman, maliyet ve dogruluk gozeterek c¢ozmek;
Ogrencinin arizali bir elemanla yapmaya calistifi deneyde
karsilagtigi probleme harcadigi zamanin yerine, bilgilerini
pratik uygulamayla pekistirdigi daha verimli bir derse zaman
harcamas1 ve sorun ¢dzme yetenegini gelistirmesini
saglayacaktir.

Bu calismada, 6grencilerin deney gerceklestirimi siirecinde
kullandiklar1 gii¢ elektronigi elemanlarin saglamliklarini
kontrol eden bir test devresi tasarimmin yapilmasi
amaglanmuastir. Bu kapsamda, giic elektronigi
laboratuvarlarinda kullanilan DIYOT, BJT, MOSFET, JFET,
IGBT, SCR, TRIYAK elemanlarinin saglamlik kontrollerinin
yapilabilmesi amaci ile mikrodenetleyici tabanli bir test
devresi tasarimi yapilmistir. Devrede test edilmesi istenen
eleman giris konektoriine baglandiktan sonra, hangi gii¢
elektronigi elemaninin test edilecegi devrede bulunan ¢oklu
anahtar ile segilmektedir. flgili elemanin saglam olup olmadig:
2x16 LCD panel ile ekrana yazdirilmakta ve kart tizerindeki
bu kontrol siireci PIC16F877A mikrodenetleyicisi ile
saglanmaktadir. Boylece deney Oncesi ve sonrasi kullanilan
elemanlarin saglamliklar1 ilave bir test siirecine ihtiyag
duyulmaksizin Ogrenciler ya da laboratuvar sorumlusu
tarafindan kisa siirede test edilebilmektedir.

Bu kapsamda, ¢aligmanin ikinci bdliimiinde gii¢ elektronigi
laboratuvarinda kullanilan elemanlarinin temel 6zelliklerinden
kisaca bahsedilmesinin ardindan, bu elemanlarin saglamhik
kontrolleri igin tasarlanan test devresinin detaylari ele
almacaktir. Bolim 3’te test devresi kullanicilarina kartin
tanitilmasina yonelik hazirlanan asamalar ve test sonuglari
sunulacaktir. Calismanin sonuglari son bdliimde ele
alimacaktir.

II. TEST DEVRESI TASARIMI

Gii¢ elektronigi, temel olarak yiike verilen enerjinin kontrol
edilmesi ve enerji sekillerinin birbirlerine doniistiiriilmesini

inceleyen bilim dalidir [10] [11]. Gii¢ elektronigi elemanlari
elektrik motorlart siirtici  devrelerinde ve donistiiriici
devrelerde siklikla kullanilirlar. En sik  kullanilan  giic
elektronigi elemanlar;; DIYOT, BJT, MOSFET, JFET, IGBT,
SCR ve TRIYAK elemanlaridir [12][7]. Diyot, akimi tek
yonde ileten bir elemandir. Esik seviyesi lizerindeki ileri
ongerilimlemede iletime geger, ters ongerilimlemede agik bir
anahtar gibi davranir. BJT- Bipolar Junction Transistor; iki
kutuplu jonksiyon transistorleri iki adet n- ve bir adet p- tipi
malzeme tabakasindan veya iki adet p- ve bir adet n- tipi
malzeme tabakasindan olusan ii¢ katmanli bir elemandir.
BJT’nin base-emitter baglantisina esik seviyesinin altinda bir
voltaj uygulandiginda, BJT kesim durumundadir. Base-emitter
arasina esik seviyesinin iizerinde bir voltaj uygulandiginda,
baseden emitere elektronlarin hareketi ile bir elektron akisi
meydana gelir. Emitter akimimin etkisi, kolektér akiminin
olusmasina neden olur. MOSFET-Metal Oxide Semi-
conductor Field effect Transitor; elemaninda source ve drain
terminalleri arasina bir gerilim uygulanir. Bu gerilim,
MOSFET'in  anahtarlama islevini  gergeklestirir.  Gate
terminaline uygulanan kontrol gerilimi MOSFET'in ¢alisma
durumunu belirler. Eger gate gerilimi yeterince yiiksek ise,
MOSFET ON durumunda olur. Elemana gerilimi
uygulandiginda, yar iletken tabaka altinda bir elektrik alani
olusur. Bu elektrik alani, yari iletken icindeki tasiyicilarin
hareketini kontrol eder. Elektrik alaninin etkisiyle, yariiletken
icindeki tastyicilarin yol actigr iletkenlikle iletim olusur. Bu,
source ve drain terminalleri arasindaki akimin akmasina neden
olur. Gate gerilimi disirildiginde, MOSFET OFF
durumunda olur. Elektrik alani kaybolur ve yart iletken
igindeki tasiyicilar akimi keser. JFET elemanlart da
MOSFET’lere benzer ¢alisma karakteristigi sergiler. /GBT-
Insulated Gate Bipolar Transistor; dort katmandan (p-n-p-n)
olusur ve metal oksit yar1 iletken ile kontrol edilir. IGBT, gate
terminaline uygulanan voltajla ¢alisir. Kontrol elektrotuna
pozitif bir voltaj uygulandiginda, iletim haline geger ve
elektronlar ile bosluklar arasinda bir akis gerceklesir. Bu,
IGBT'in iletim durumunda oldugu anlamia gelir. Kontrol
elektrotuna negatif bir voltaj uygulandiginda, kesime gider ve
elektronlarmm ve bosluklarin akist durur, bu da IGBT'nin
kesimde durumunda oldugu anlamina gelir. SCR-Silicon-
Controlled Rectifier; ileri yonde iletimde oldugu zaman, SCR
normal bir dogrultucu ile aymi karakteristiklere sahiptir.
SCR'nin durumu baslangigta kapalidir ve anot-katot arasindaki
akim akig1 engellenmistir. SCR'nin agilmasi i¢in bir tetikleme
sinyali gereklidir. Bu tetikleme sinyali, gate terminaline gate
uygulanir. SCR'nin durumu tetiklendikten sonra, anot ve katot
arasinda akim akis1 baglar. SCR’nin anoduna pozitif bir voltaj
ve katoduna negatif bir voltaj uygulandiginda iletkendir ve bir
anahtar gibi c¢alisir. Katot iizerinden ¢ikis akimi, gate
terminaline uygulanan tetikleme sinyali kesilene kadar devam
eder. Triyak, ii¢ terminalli, iletim kontroliinii bir kap1 terminali
ile saglayan ve kontrol siireci SCR ile benzer olan bir
elemandir.
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Sekil 2. Test devresine ait {i¢ boyutlu tasarim

Bahsi gecen bu elemanlarin saglamligini kontrol etmek igin
yukarda ozetlenen stirme yontemleri kullanarak elemanlarin
test devreleri tek bir baski1 devre karti tizerinde tasarlanmastir.
Tasarlanan test devresine ait sematik ¢izim ve {i¢ boyutlu ¢izim
sirastyla Sekil 1 ve Sekil 2°de goriilmektedir.

Test devresi; gli¢ kat1, kontrol kism1 (PIC16F877A), tus takim1
ve gosterge paneli olmak iizere dort temel kisimdan
olugsmaktadir. Sekil 3’de sematik gdsterimi verilen gii¢ katinin
temel islevi; mikrodenetleyici, devre elemanlar1 ve gosterge
paneli icin ihtiya¢ duyulan besleme gerilimini saglamaktir.
Test devresinin beslemesi Jack DC olarak isimlendirilen
baglanti iizerinden 9-15V aras1 gerilim uygulanarak
saglanmaktadir. JACK iizerinden uygulanan gerilim, LM7805

entegresi ile mikrodenetleyici ve gosterge panelinin
beslenmesi igin gerekli gerilim olan 5V seviyesine
diigiiriilmektedir.

Test devresinin kontrol kismindaki PIC16F877A denetleyicisi
ile test edilecek giic elektronigi elemaninin devre baglantisinin
yapilacagr 1i¢ pinli konnektdr baglantist Sekil 4’de
gosterilmistir (. Sekil 4’deki Q1 transistorii giris konektdriine
baglanan BJT ya da FET elemanlarmin giris kisimlarinda
bulunan ileri 6ngerilimleme durumlarinin kontrol edilmesi i¢in
kullanilmaktadir. IGBT elemanlart 9-15V arast gerilim
seviyeleri arasinda tetiklendigi i¢in devreyi korumak ve
devrenin gii¢ tiiketimini azaltmak i¢in Sekil 4’de RM1 ile
isimlendirilen réle modiilii kullanilmistir. IGBT eleman:
takildiginda réle modiilii ¢eker ve 9-15V arasi gate gerilimi
saglanir. Sekil 4’de D ile adlandirilan 4.7V zener diyot
sayesinde bozuk bir gii¢ elektronigi elemani test edilirken
mikrodenetleyicide olusabilecek hasarlar 6nlenir.

Saglamlik kontrolleri yapilacak elemanlarin mikrodenetleyici
ile baglantilar1 devre tizerindeki tek bir baglant1 noktasindan
saglanmaktadir. Devre tasarimindaki diger baglantilarin test
edilecek elemana gore diizenlenebilmesi gerekmektedir. Bu
sebeple kullanicinin hangi elemani test edecegini segebilecegi
bir tus takimi kullanmilmustir. Tus takimi sayesinde kullanici
dostu bir arayiiz saglanmistir. Tus takimi ile mikrodenetleyici
arasindaki baglant1 Sekil 5°te goriilmektedir.

Sekil 6’deki gosterge paneli kismui ile kullaniciya yaptigi islem
hakkinda bilgi verilmektedir. Gosterge olarak 2x16 LCD
kullanilmistir.
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Sekil 6. Tasarlanan test devresinin gosterge paneli

III. TEST KARTI VE TEST SONUCLARI

Bu béliimde gii¢ elektronigi elemanlarinin saglamlik kontrolii
icin tasarlanan test devresinin kullanicilara tanitilmasina
yonelik hazirlanan agamalar ve test sonuglari sunulacaktir.

1. Test edilecek elemanin bacak baglantilar1 asagidaki
siralamalarla giris konektoriine baglanir.

e Diyot elemanini test etmek i¢in test cihazi {izerinde
bulunan ii¢ pinli giris konnektdriiniin bir numarali
pinine diyotun anot terminali, ii¢ numarali pinine
katot terminali baglanmalidir.

e BIT elemanini test etmek igin test cihazi lizerinde
bulunan ii¢ pinli giris konnektdriiniin bir numarali
pinine BJT’nin emiter terminali, iki numarali pinine
base terminali, li¢ numaral1 pinine kollektor terminali
baglanmalidir.

e  MOSFET ve JFET elemanlarini test etmek igin test
cihazi tizerinde bulunan ii¢ pinli giris konnektdriiniin
bir numarali pinine MOSFET/JFET elemanmin
source terminali, iki numarali pinine gate terminali,
iic numarali pinine drain terminali baglanmalidir.

e IGBT elemanini test etmek i¢in test cihazi tizerinde
bulunan ¢ pinli giris konektdriiniin bir numaral
pinine IGBT nin emiter terminali, iki numarali pinine
gate terminali, i¢ numarali pinine ise kollektdr
terminali baglanmalidir.

e  SCR ve Tristor elemanlarini test etmek igin test cihazi
iizerinde bulunan ti¢ pinli giris konnektoriiniin bir
numaralt pinine elemanin katot terminali, iki
numarall pinine gate terminali, ii¢ numarali pinine
anot terminali baglanmalidir.

2. Cihaz calistiktan sonra LCD ekran tlizerinde karsilama
ekrani gelir ve test edecegimiz elemani segmek i¢in hangi
tusa basmamiz gerektigi hakkinda bilgi verir (Sekil 7).

3. LCD ekranda yazan rakamlara gore test edilecek eleman
keypad iizerinden segildikten sonra, elemanin diizgiin bir
sekilde calisip ¢aligmadigi LCD ekran iizerinde
‘SAGLAM’ ve ‘BOZUK’ yazilarmm yam sira saglam
elemanlar i¢in yesil, bozuk elemanlar i¢in kirmizi uyari
ledleri kullanictya bildirilir. Sekil 4a ve 4b’de BT196 SCR
eleman i¢in test sonuglart paylasilirken, Sekil 4c ve 4d’de
IRF9540N MOSFET elemaninin saglamlik testi sonuclari
sunulmaktadir.

4. Giig¢ elektronigi elemanlarinin saglamlik testlerinin
yapilmasi igin tasarlanan test devresi kullanicilari igin
ilaveten asagidaki uyarilarin da dikkate alinmasi
gereklidir:

Besleme kaynagi olarak 9-15V arasi1 gerilim
degerlerini se¢iniz.

Sadece yiiksek giiclii SCR’ler igin 220€Q direng
baglantisini devreye dahil ediniz.

Role modiiliiniin normalde agik ve normalde kapali
terminal baglantilarint kesmeden COM terminaline
harici gerilim kaynagi ile gerilim uygulamayiniz.

Sekil 7. Giig elektronigi elemanlarinin saglamlik testlerinin
yapilmasi igin tasarlanan test devresinin karsilama ekrani ve

test edilecek elemanin se¢imi.

(@) (b)
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Sekil 8. Gii¢ elektronigi elemanlarinin saglamlik testlerinin
yapilmasi1 i¢in tasarlanan test devresinde a) BT196 SCR
elemani icin ‘SAGLAM’, b) BT196 SCR elemam igin
‘BOZUK’, ¢) IRF9540N MOSFET elemani igin ‘SAGLAM”,
d) IRF9540N MOSFET eleman: i¢in ‘BOZUK’ uyarilarinin
elde edildigi sonuglar.

IV.SONUCLAR

Bu caligmada gii¢ elektronigi laboratuvart derslerinde
kullanilan ~ temel  yariletken elemanlarin  saglamlik
kontrollerini yapmak i¢in bu elemanlarmn 6ngerilimleme
karakteristiklerinden yararlanarak bir test devresi tasarimi
yapilmigtir. Tasarlanan sistemin kontrolii bir mikrodenetleyici
ile saglanmigtir. Kullanict dostu bir tasarim hedeflenerek,
hangi elemanin test edileceginin se¢imi kullanici tarafindan
yapilabilirken, test sonrasinda elemanin ‘SAGLAM’ ya da
‘BOZUK’ bilgisi bir LCD panel c¢iktis1 ile kullaniciyla
paylasilmistir. Saglamlik kontrolleri yapilacak elemanlarin
mikrodenetleyici ile baglantilar1 devre iizerindeki tek bir
baglant1 noktasindan yapilmistir. Bu sekilde yapilan tasarim
ile devreye ilave bir islevsellik daha kazandirilabilmektedir.
Test karti tizerinde bulunan role modiiliiniin normalde agik ve
normalde kapali terminallerinin baglantilarinin  kesilir.
Modiilin COM terminalinden 0-12V arasi gerilim tatbik
edilmesinin ardindan, ¢ikis akim isaretlerinin bir direng
iizerinden Olgiilmesiyle test edilen elemanlarin akim-gerilim
karakteristikleri de gézlemlenebilir. Bu sayede yapilan tasarim
elemanlarin saglamligini test etmenin yani sira mini bir giig
elektronigi laboratuvart deney seti olarak da kullanilabilir.
Biitiin bu c¢iktilara ilaveten, tasarlanan prototip test devresi
gelistirilip ¢ogaltilabilir. Paydaglarla paylasilarak, zaman
tasarrufu konusunda ciddi bir katma deger saglanir.
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