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Study of Machine Learning and Hybrid Deep Learning Approaches 
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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 Naïve 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 

https://doi.org/10.36287/setsci.21.1.001
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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 Naïve 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 Naïve 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. 
CNNs 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 

 
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 Türkiye, 

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-
CNNLSTM 0.96421 0.96545 0.94125 0.96 

 

 

 

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-
CNNLSTM 0.96126 0.93260 0.93056 0.93 

 
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-
CNNLSTM 0.93289 0.98614 0.96391 0.96 

 

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-
CNNLSTM 0.91833 0.94716 0.92943 0.92 

 

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, YOLOv7 processes images significantly 
faster, with an extraction time of just 21.6 seconds, though at the cost of lower accuracy. Its rapid processing makes YOLOv7 
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. 
 
Keywords – ship detection, satellite imagery, Faster R-CNN, deep learning, YOLOv7 
 

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 

https://doi.org/10.36287/setsci.21.2.006
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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. YOLOv7, 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 (RoI) 
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 RoI pooling layer for further processing. 

The RoI 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 RoI 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 YOLOv4, 
YOLOv7 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. 1. Faster R-CNN network architecture. 

 

 
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. 



Azdavay et al., Optimizing Accuracy and Efficiency in Ship Detection from Satellite Images through a Comparative Analysis of Object 
Detection Models, ITTSCONF2024, İstanbul, Türkiye 

9 

 

 
Fig. 3. Examples of ship detection using the Faster R-CNN and YOLOv7 algorithms. 

 

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 YOLOv7’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 

ship oriented differently on the coastline was clear, it was 
missed, similarly to Faster R-CNN. In Visual 5, YOLOv7 
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 YOLOv7 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 YOLOv7 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 sea 
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 YOLOv7 algorithms. 

  Evaluation Metric 

Detector Location 
Context Precision Recall mAP50 mAP75 F1 Score Mean FPS 

Faster R-
CNN 

Coastal 
Region 0.805 0.758 0.623 0.479 0.781 24.48 

Offshore 
Region 0.713 0.684 0.558 0.444 0.698 21.16 

Weightd 
Average 0.759 0.721 0.591 0.462 0.739 22.81 

YOLOv7 

Coastal 
Region 0.779 0.752 0.586 0.458 0.765 37.39 

Offshore 
Region 0.690 0.644 0.515 0.393 0.664 31.59 

Weighted 
Average 0.734 0.698 0.551 0.425 0.716 34.49 

 
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 YOLOv7 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, 
YOLOv7 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 YOLOv9 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, YOLOv9 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 
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 

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,  
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Fig. 1. Network architecture of YOLOv4. 

 
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 YOLOv9 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 

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, YOLOv7 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 YOLOv7 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. 

YOLOv9, 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. YOLOv9 addresses the slow convergence 
problem with its two main architectural innovations:  

 
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: 

 I(X, X)  ≥  I(X, fθ (X))  ≥  I(X, gφ(fθ (X))) (1) 

where 𝐼 represents mutual information, 𝑓 and 𝑔 are 
transformation functions, and 𝜃 and 𝜙 are their respective 
parameters. YOLOv9 applies invertible functions to neural 
networks to further reduce information loss during data 
transformations: 

 X =  vζ  (rψ (X)) (2) 

where 𝑟 represents forward transformations and 𝑣 represents 
backward transformations, with 𝜓 and 𝜁 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): 

 Recall =  
TP

TP+FN
 (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): 

 Precision =
TP

TP+FP
 (4) 

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): 

 F1 Score = 2 ×
Recall×Precision

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 
notebooks and offers powerful GPU and TPU accelerators, 
making it highly suitable for deep learning tasks. 

III. RESULTS 
 

 
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 

performance in detecting forest fires, highlighting both its 
successes and limitations. Image 1 shows that YOLOv9 
struggled with drawing bounding boxes of adequate size for 
fires visible through dense trees. Although the fire was not 
entirely covered, the detection was reasonably accurate. Image 
2 demonstrates the impact of smoke on detection accuracy. 
The wind direction caused smoke to obscure flames, leading 
to partial detection. While YOLOv9 detected fires in some 
areas, it failed to capture others due to the dense smoke cover. 
The third example shows a large, visible fire, where YOLOv9 
performed successfully, detecting the flames with high 
accuracy. Image 4 reveals a limitation: while flames were 
detected, the bounding boxes only partially enclosed them, 
missing some flame regions. Additionally, thick smoke may 
have concealed other flames, lowering the detection success. 
Image 5 illustrates the challenges posed by dense smoke, 
which created blurriness in the image spectrum. Although 
distinct flames were detected, YOLOv9 failed to identify 
ember flames, and flames behind the smoke were also missed. 
Image 6 shows a distinct flame in the lower left corner, which 
YOLOv9 detected without difficulty. Image 7 depicts a hazy 
scene caused by smoke, yet YOLOv9 was still able to detect 
flames amidst the smoke. Image 8 presents a scenario similar 
to Image 5. YOLOv9 correctly identified distinct flames but 
missed embers that were partially extinguished. Image 9 
reveals that dark smoke obscured some flames, preventing 
their detection, even though fires in other regions were 
successfully identified. Image 10 shows successful detection 
in the upper left region, but false positives were introduced due 
to visual similarities between city lights and flames. 

Additionally, a road resembling fire in color and texture led to 
an incorrect detection. Image 11 shows a single-strip flame 
that was detected with multiple bounding boxes, introducing 
unnecessary computational overhead. A single bounding box 
would have sufficed for this scenario. Image 12 demonstrates 
the challenges posed by thick smoke, which masked flames to 
a significant degree. Despite this, YOLOv9 achieved a certain 
level of detection, but flames behind the smoke remained 
undetected. Image 13 shows the successful detection of 
prominent flames, though faint flames went unnoticed. Image 
14 presents a heavily smoke-obscured scene. YOLOv9 
detected distinct flames, but flames concealed by thick smoke 
were missed. Image 15 depicts widespread smoke that reduced 
image quality. No distinct flames were visible, and small 
flames on tree branches remained undetected. 

These observations underscore the complexity of detecting 
forest fires in challenging environments. Environmental 
factors such as dense vegetation, thick smoke layers, and 
rugged terrain significantly hinder detection accuracy, leading 
to either incorrect classifications or partial failures. 
Furthermore, dynamic factors like the intensity and spread of 
the fire, as well as the presence of false positives in the field 
(e.g., city lights or roads resembling flames), pose additional 
challenges, increasing detection errors. Despite some 
deficiencies, these visuals reflect the inherent difficulty of 
detecting forest fires in such complex conditions. 

Table 1 presents the comparative performance metrics for 
YOLOv4, YOLOv7, and YOLOv9. These models were 
evaluated based on sensitivity, recall, F1 score, mAP, and 
inference speed. YOLOv9 outperformed both YOLOv4 and 
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 YOLOv7 (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 YOLOv9'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 
scenarios. The mAP@50 metric highlights YOLOv9'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 
YOLOv7 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 YOLOv7 
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 
YOLOv9 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 YOLOv9 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 YOLOv5 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. YOLOv5 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 YOLOv5 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 YOLOv5 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 
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-

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 
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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 YOLOv5 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 YOLOv5 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 
YOLOv4 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 YOLOv5'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 YOLOv5 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. YOLOv5, 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, YOLOv5 is based on the PyTorch library, 
which offers easier adaptability and customization for 
developers [22]. YOLOv5, whose architecture is shown in Fig. 
1, comes in four variants, YOLOv5s, YOLOv5m, YOLOv5l, 
and YOLOv5x, 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 YOLOv5 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 YOLOv5, the loss function is a critical component for 

optimizing the model during training. The loss function used 
in YOLOv5 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 YOLOv5 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 YOLOv5 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 YOLOv5 model involved multiple stages, 

beginning with pre-processing the dataset. The images were 
resized (480x480 pixels) to fit the input requirements of the 
YOLOv5 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 YOLOv5 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 YOLOv5 
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 YOLOv5 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 YOLOv5. 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: YOLOv5, 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, YOLOv5 demonstrates 
superior performance with a value of 0.759, indicating that the 
algorithm has fewer false positives compared to the other 
models. YOLOv5'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. Detection of aircraft at airports using the YOLOv5 algorithm. 

 
Table 1. Performance comparison of YOLOv5, YOLOv4, and SSD algorithms for detecting aircraft at airports. 

 Indicator 
Model Precision Recall mAP F1 Score Inference S. 

YOLOv5 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 YOLOv5, highlighting 
YOLOv5’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. 
YOLOv5'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 YOLOv5 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 YOLOv5's dominance, with a value of 0.766. 
mAP serves as a balanced metric that evaluates the model’s 

overall detection performance. YOLOv5’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 
YOLOv5 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 YOLOv5 and YOLOv4 indicates that 
YOLOv5’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. YOLOv5'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 YOLOv5’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 YOLOv5’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 YOLOv5 may make it less 
suitable when precise detection is required. YOLOv5, 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. 
YOLOv4, 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 
YOLOv5 and YOLOv4 in terms of speed reflects YOLOv5'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 
YOLOv5 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 YOLOv5 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 YOLOv5 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. YOLOv5 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 
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 (I4.0) 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 

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 AI 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 
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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 
AI-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. 

• RoI 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. 

Rožanec 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: 

• 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. 

• 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. 

 
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 Type1 Type2 Type3 

There is no 
detector 

 

  

Led Indicator 
Fault 

 

  

Scratch Fault 
  

 

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 

Class 
Name Fault Type 

Amount of 
Training 
images used 

Amount of  
Test images 
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). 

 

𝑥𝑖 =
𝑥𝑖 −𝑀𝑖𝑛

𝑀𝑎𝑥 −𝑀𝑖𝑛
                                         (1) 

 
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. 
CNNs are designed to automatically learn features in images. 

CNN layers: 
• 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. 

• RoI Pooling: Using the designated zones (RoI), 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. 

 

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: 

 
𝑉𝑖𝑑
𝑘+1 = 𝑊𝑉𝑖𝑑

𝑘 + 𝑐1𝑟1
𝑘(𝑝𝑏𝑒𝑠𝑡𝑖𝑑

𝑘 − 𝑥𝑖𝑑
𝑘 ) + 𝑐2𝑟2

𝑘(𝑔𝑏𝑒𝑠𝑡𝑖𝑑
𝑘 − 𝑥𝑖𝑑

𝑘 ) (8) 
𝑥𝑖𝑑
𝑘+1 = 𝑥𝑖𝑑

𝑘 + 𝑉𝑖𝑑
𝑘+1 (9) 

 
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 



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

28 

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 
Filter1 24-64 

Kernel1 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.𝑐1𝑐2 

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 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑁 + 𝐹𝑃
         (10) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
         (11) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
         (12) 

𝐹1_𝑆𝑐𝑜𝑟𝑒 =
2 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
         (13) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 + 𝐹𝑃
         (14) 

𝐹𝐴𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
         (15) 

𝐹𝑁𝑅 =
𝐹𝑃

𝑇𝑁 + 𝐹𝑃
         (16) 

𝐸𝑟𝑟𝑜𝑟𝑅𝑎𝑡𝑒 =
𝐹𝑃 + 𝐹𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
         (17) 

 
 

Where: 
• TP-True Positive 
• TN-True Negative 
• FP-False Positive 
• 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 
Filter1 34 

Kernel1 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. 

 

 
Fig. 3 Precision, recall f1_score is represented in each class 

 

Fig. 4 The fault detection results using the confusion matrix 

 

Fig. 5 Training and validation loss of the proposed model 

 

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. 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 

 
(f) 

 
(g) 

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. 

2. 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. 

3. 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 a result, 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 Ian 
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. 
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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: 

i. 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. 

iii. 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 

balancing 
After data 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. 

 
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 Yaşar [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. 

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. 

 
Fig. 4: ROC curve of ML algorithms
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Özet - Laboratuvar derslerinde öğrenci performansını etkileyen parametrelerden biri devrede kullanılan elemanların sağlam olup 

olmadığıdır. Devrede kullanılan elemanların işlevini yerine getiremez durumda olması öğrencilerin performans çıktılarını 

olumsuz etkilemektedir. Bu çalışmada, öğrencilerin deney gerçekleştirimi sürecinde karşılaştıkları bu problemin üstesinden 

gelmek için güç elektroniği elemanların sağlamlıklarını kontrol eden bir test devresi tasarımının yapılması amaçlanmıştır. Bu 
amaç doğrultusunda DİYOT, BJT, MOSFET, JFET, IGBT, SCR, TRİYAK elemanlarının sağlamlık kontrolleri tasarlanan test 

devresi ile başarılı bir şekilde yapılabilmektedir. Devrede test edilmesi istenen eleman giriş konektörüne bağlandıktan sonra, 
hangi güç elektroniği elemanının test edileceği devrede bulunan çoklu anahtar ile seçilmektedir. İlgili elemanın sağlam olup 

olmadığı 2x16 LCD panel ile ekrana yazdırılmakta ve test devresi üzerindeki bu kontrol süreci PIC16F877A mikrodenetleyicisi 

ile sağlanmaktadır. Böylece deney öncesi ve sonrası kullanılan elemanların sağlamlıkları ilave bir test sürecine ihtiyaç 

duyulmaksızın öğrenciler ya da laboratuvar sorumlusu tarafından kısa sürede test edilebilmektedir. Ayrıca, öğrencilerin arızalı 

bir elemanla yapmaya çalıştığı deneyde karşılaştığı probleme harcadığı zamanın yerine, bilgilerini pratik uygulamayla 

pekiştirdiği daha verimli bir derste zaman harcaması ve sorun çözme yeteneğini geliştirmesi sağlanmaktadır. 
 
Anahtar Kelimeler: Test devresi, Güç elektroniği, Mikrodenetleyici, PCB tasarım, Donanım uygulaması  

 
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. GİRİŞ 
Mühendislik eğitiminde pratik uygulamalar oldukça önemlidir 
[1]. Elektrik-Elektronik Mühendisliği lisans eğitimi 

müfredatlarında öğrencilerin, zorunlu veya seçmeli ders olarak 

aldıkları ve pratik bilgilerine katkı sağlayan çeşitli laboratuvar 

dersleri yer almaktadır [2]. Pratik devre gerçekleştirimlerinin 

yapıldığı ilgili derslerde, öğrencilerin devre gerçekleştirim 

sürecinde sergiledikleri performanslar ders öğrenme 

çıktılarında da etkili olmaktadır [3].  

Elektrik Elektronik Mühendisliği eğitiminde öğrencinin 

öğrenme sürecine katkı sağlamak, bilgilerini pekiştirmek ve 

ders verimliliğini artırmak amacı ile literatüre çeşitli 
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çalışmalar sunulmuştur. Örneğin Vahidi ve Taherkhani’nin 

çalışmalarında son sınıf lisans öğrencilerine yüksek gerilim 

dersinin bir parçası olarak yüksek gerilim devre kesicilerinin 

kısa devre kesme testini öğretmek için devre ve kesici test 

bileşenlerinin nasıl simüle edileceğini ele alan bir test aracı 

tanıtılmıştır [4]. Benzer bir çalışmada, güç trafosu üzerinde 

kısa devre dayanım testini güç sistemi lisansüstü öğrencilerine 

ve güç mühendislerine öğretmek için bir yöntem sunulmuş ve 

test devresi ile trafo bileşenlerinin nasıl simüle edileceğini ele 

alan bir çalışma kaydedilmiştir [5]. Soto vd.’lerinin 

çalışmalarında reaktif sistemlerin tasarımlarını gerçeklemek 

ve doğrulamak için bilgisayar tabanlı bir araç önerilerek, 

reaktif sistemlerle ilgili çeşitli laboratuvar egzersizleri 

yapılmış ve lisans öğrencilerinin öğrenme verimliliği 

tartışılmıştır [7]. Kılıç ve Karauz’un çalışmalarında, lisans 

programlarında kaos ve kaotik dinamikleri deneysel olarak 

incelemek için iki kaotik eğitim kartı ve sanal bir ölçüm 

sisteminden oluşan bir tasarım tanıtılmıştır [8]. Çınar’ın 

çalışmasında, lojik devre laboratuvarlarında kullanılan 

entegrelerin sağlamlık kontrollerinin yapılabilmesi amacı ile 

mikrodenetleyici tabanlı bir test devresi tasarımı yapılmıştır 

[9]. Laboratuvar derslerinde karşılaşılan temel problemlerden 

biri, deneylerde kullanılan malzemelerin sağlamlık 

kontrolüdür. Doğru bir şekilde çalışmayan bir deney elemanı, 

deneyin öğrenci tarafından anlaşılmasından doğru çıktının 

alınmasına kadar birçok aşamayı olumsuz etkilemektedir. Bu 
problemi zaman, maliyet ve doğruluk gözeterek çözmek; 

öğrencinin arızalı bir elemanla yapmaya çalıştığı deneyde 

karşılaştığı probleme harcadığı zamanın yerine, bilgilerini 

pratik uygulamayla pekiştirdiği daha verimli bir derse zaman 

harcaması ve sorun çözme yeteneğini geliştirmesini 

sağlayacaktır.  

Bu çalışmada, öğrencilerin deney gerçekleştirimi sürecinde 

kullandıkları güç elektroniği elemanların sağlamlıklarını 

kontrol eden bir test devresi tasarımının yapılması 

amaçlanmıştır. Bu kapsamda, güç elektroniği 

laboratuvarlarında kullanılan DİYOT, BJT, MOSFET, JFET, 
IGBT, SCR, TRİYAK elemanlarının sağlamlık kontrollerinin 

yapılabilmesi amacı ile mikrodenetleyici tabanlı bir test 

devresi tasarımı yapılmıştır. Devrede test edilmesi istenen 

eleman giriş konektörüne bağlandıktan sonra, hangi güç 

elektroniği elemanının test edileceği devrede bulunan çoklu 

anahtar ile seçilmektedir. İlgili elemanın sağlam olup olmadığı 

2x16 LCD panel ile ekrana yazdırılmakta ve kart üzerindeki 

bu kontrol süreci PIC16F877A mikrodenetleyicisi ile 

sağlanmaktadır. Böylece deney öncesi ve sonrası kullanılan 

elemanların sağlamlıkları ilave bir test sürecine ihtiyaç 

duyulmaksızın öğrenciler ya da laboratuvar sorumlusu 

tarafından kısa sürede test edilebilmektedir.  

Bu kapsamda, çalışmanın ikinci bölümünde güç elektroniği 

laboratuvarında kullanılan elemanlarının temel özelliklerinden 

kısaca bahsedilmesinin ardından, bu elemanların sağlamlık 

kontrolleri için tasarlanan test devresinin detayları ele 

alınacaktır. Bölüm 3’te test devresi kullanıcılarına kartın 

tanıtılmasına yönelik hazırlanan aşamalar ve test sonuçları 

sunulacaktır. Çalışmanın sonuçları son bölümde ele 

alınacaktır.  

II. TEST DEVRESİ TASARIMI 
Güç elektroniği, temel olarak yüke verilen enerjinin kontrol 

edilmesi ve enerji şekillerinin birbirlerine dönüştürülmesini 

inceleyen bilim dalıdır [10] [11]. Güç elektroniği elemanları 

elektrik motorları sürücü devrelerinde ve dönüştürücü 

devrelerde sıklıkla kullanılırlar. En sık kullanılan güç 

elektroniği elemanları; DİYOT, BJT, MOSFET, JFET, IGBT, 

SCR ve TRİYAK elemanlarıdır [12][7]. Diyot, akımı tek 

yönde ileten bir elemandır. Eşik seviyesi üzerindeki ileri 

öngerilimlemede iletime geçer, ters öngerilimlemede açık bir 

anahtar gibi davranır.  BJT- Bipolar Junction Transistör; iki 
kutuplu jonksiyon transistörleri iki adet n- ve bir adet p- tipi 
malzeme tabakasından veya iki adet p- ve bir adet n- tipi 
malzeme tabakasından oluşan üç katmanlı bir elemandır. 

BJT’nin base-emitter bağlantısına eşik seviyesinin altında bir 

voltaj uygulandığında, BJT kesim durumundadır. Base-emitter 
arasına eşik seviyesinin üzerinde bir voltaj uygulandığında, 

baseden emitere elektronların hareketi ile bir elektron akışı 

meydana gelir. Emitter akımının etkisi, kolektör akımının 

oluşmasına neden olur. MOSFET-Metal Oxide Semi-
conductor Field effect Transitor; elemanında source ve drain 

terminalleri arasına bir gerilim uygulanır. Bu gerilim, 

MOSFET'in anahtarlama işlevini gerçekleştirir. Gate 

terminaline uygulanan kontrol gerilimi MOSFET'in çalışma 

durumunu belirler. Eğer gate gerilimi yeterince yüksek ise, 

MOSFET ON durumunda olur. Elemana gerilimi 
uygulandığında, yarı iletken tabaka altında bir elektrik alanı 

oluşur. Bu elektrik alanı, yarı iletken içindeki taşıyıcıların 

hareketini kontrol eder. Elektrik alanının etkisiyle, yarıiletken 

içindeki taşıyıcıların yol açtığı iletkenlikle iletim oluşur. Bu, 

source ve drain terminalleri arasındaki akımın akmasına neden 

olur. Gate gerilimi düşürüldüğünde, MOSFET OFF 

durumunda olur. Elektrik alanı kaybolur ve yarı iletken 

içindeki taşıyıcılar akımı keser. JFET elemanları da 

MOSFET’lere benzer çalışma karakteristiği sergiler. IGBT- 
Insulated Gate Bipolar Transistor; dört katmandan (p-n-p-n) 
oluşur ve metal oksit yarı iletken ile kontrol edilir. IGBT, gate 

terminaline uygulanan voltajla çalışır. Kontrol elektrotuna 

pozitif bir voltaj uygulandığında, iletim haline geçer ve 

elektronlar ile boşluklar arasında bir akış gerçekleşir. Bu, 

IGBT'nin iletim durumunda olduğu anlamına gelir. Kontrol 

elektrotuna negatif bir voltaj uygulandığında, kesime gider ve 

elektronların ve boşlukların akışı durur, bu da IGBT'nin 

kesimde durumunda olduğu anlamına gelir. SCR-Silicon-
Controlled Rectifier; ileri yönde iletimde olduğu zaman, SCR 

normal bir doğrultucu ile aynı karakteristiklere sahiptir. 

SCR'nin durumu başlangıçta kapalıdır ve anot-katot arasındaki 

akım akışı engellenmiştir. SCR'nin açılması için bir tetikleme 

sinyali gereklidir. Bu tetikleme sinyali, gate terminaline gate 
uygulanır. SCR'nin durumu tetiklendikten sonra, anot ve katot 

arasında akım akışı başlar. SCR’nin anoduna pozitif bir voltaj 

ve katoduna negatif bir voltaj uygulandığında iletkendir ve bir 

anahtar gibi çalışır. Katot üzerinden çıkış akımı, gate 

terminaline uygulanan tetikleme sinyali kesilene kadar devam 
eder. Triyak, üç terminalli, iletim kontrolünü bir kapı terminali 

ile sağlayan ve kontrol süreci SCR ile benzer olan bir 

elemandır.  
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Şekil 1. Test devresine ait şematik çizim 

      

Şekil 2. Test devresine ait üç boyutlu tasarım 

Bahsi geçen bu elemanların sağlamlığını kontrol etmek için 

yukarda özetlenen sürme yöntemleri kullanarak elemanların 

test devreleri tek bir baskı devre kartı üzerinde tasarlanmıştır. 

Tasarlanan test devresine ait şematik çizim ve üç boyutlu çizim 

sırasıyla Şekil 1 ve Şekil 2’de görülmektedir. 

Test devresi; güç katı, kontrol kısmı (PIC16F877A), tuş takımı 

ve gösterge paneli olmak üzere dört temel kısımdan 

oluşmaktadır. Şekil 3’de şematik gösterimi verilen güç katının 

temel işlevi; mikrodenetleyici, devre elemanları ve gösterge 

paneli için ihtiyaç duyulan besleme gerilimini sağlamaktır. 

Test devresinin beslemesi Jack_DC olarak isimlendirilen 
bağlantı üzerinden 9-15V arası gerilim uygulanarak 
sağlanmaktadır. JACK üzerinden uygulanan gerilim, LM7805 

entegresi ile mikrodenetleyici ve gösterge panelinin 
beslenmesi için gerekli gerilim olan 5V seviyesine 

düşürülmektedir.  

Test devresinin kontrol kısmındaki PIC16F877A denetleyicisi 

ile test edilecek güç elektroniği elemanının devre bağlantısının 

yapılacağı üç pinli konnektör bağlantısı Şekil 4’de 

gösterilmiştir (. Şekil 4’deki Q1 transistörü giriş konektörüne 

bağlanan BJT ya da FET elemanlarının giriş kısımlarında 

bulunan ileri öngerilimleme durumlarının kontrol edilmesi için 

kullanılmaktadır. IGBT elemanları 9-15V arası gerilim 

seviyeleri arasında tetiklendiği için devreyi korumak ve 
devrenin güç tüketimini azaltmak için Şekil 4’de RM1 ile 

isimlendirilen röle modülü kullanılmıştır. IGBT elemanı 

takıldığında röle modülü çeker ve 9-15V arası gate gerilimi 

sağlanır. Şekil 4’de D ile adlandırılan 4.7V zener diyot 

sayesinde bozuk bir güç elektroniği elemanı test edilirken 

mikrodenetleyicide oluşabilecek hasarlar önlenir.  

Sağlamlık kontrolleri yapılacak elemanların mikrodenetleyici 

ile bağlantıları devre üzerindeki tek bir bağlantı noktasından 

sağlanmaktadır. Devre tasarımındaki diğer bağlantıların test 

edilecek elemana göre düzenlenebilmesi gerekmektedir. Bu 

sebeple kullanıcının hangi elemanı test edeceğini seçebileceği 

bir tuş takımı kullanılmıştır. Tuş takımı sayesinde kullanıcı 

dostu bir arayüz sağlanmıştır. Tuş takımı ile mikrodenetleyici 

arasındaki bağlantı Şekil 5’te görülmektedir.  

Şekil 6’deki gösterge paneli kısmı ile kullanıcıya yaptığı işlem 

hakkında bilgi verilmektedir. Gösterge olarak 2x16 LCD 

kullanılmıştır.  
 

   
Şekil 3. Tasarlanan test devresinin güç katı 

    

  
Şekil 4. Tasarlanan test devresinin kontrol katı 

 

         
Şekil 5. Tasarlanan test devresinin tuş takımı 
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Şekil 6. Tasarlanan test devresinin gösterge paneli 

III. TEST KARTI VE TEST SONUÇLARI 
Bu bölümde güç elektroniği elemanlarının sağlamlık kontrolü 

için tasarlanan test devresinin kullanıcılara tanıtılmasına 

yönelik hazırlanan aşamalar ve test sonuçları sunulacaktır.  

1. Test edilecek elemanın bacak bağlantıları aşağıdaki 

sıralamalarla giriş konektörüne bağlanır.  
• Diyot elemanını test etmek için test cihazı üzerinde 

bulunan üç pinli giriş konnektörünün bir numaralı 

pinine diyotun anot terminali, üç numaralı pinine 

katot terminali bağlanmalıdır. 
• BJT elemanını test etmek için test cihazı üzerinde 

bulunan üç pinli giriş konnektörünün bir numaralı 

pinine BJT’nin emiter terminali, iki numaralı pinine 

base terminali, üç numaralı pinine kollektör terminali 

bağlanmalıdır. 
• MOSFET ve JFET elemanlarını test etmek için test 

cihazı üzerinde bulunan üç pinli giriş konnektörünün 

bir numaralı pinine MOSFET/JFET elemanının 

source terminali, iki numaralı pinine gate terminali, 

üç numaralı pinine drain terminali bağlanmalıdır. 
• IGBT elemanını test etmek için test cihazı üzerinde 

bulunan üç pinli giriş konektörünün bir numaralı 

pinine IGBT’nin emiter terminali, iki numaralı pinine 

gate terminali, üç numaralı pinine ise kollektör 

terminali bağlanmalıdır. 
• SCR ve Tristör elemanlarını test etmek için test cihazı 

üzerinde bulunan üç pinli giriş konnektörünün bir 

numaralı pinine elemanın katot terminali, iki 

numaralı pinine gate terminali, üç numaralı pinine 

anot terminali bağlanmalıdır. 
2. Cihaz çalıştıktan sonra LCD ekran üzerinde karşılama 

ekranı gelir ve test edeceğimiz elemanı seçmek için hangi 

tuşa basmamız gerektiği hakkında bilgi verir (Şekil 7). 
3. LCD ekranda yazan rakamlara göre test edilecek eleman 

keypad üzerinden seçildikten sonra, elemanın düzgün bir 

şekilde çalışıp çalışmadığı LCD ekran üzerinde 

‘SAĞLAM’ ve ‘BOZUK’ yazılarının yanı sıra sağlam 

elemanlar için yeşil, bozuk elemanlar için kırmızı uyarı 

ledleri kullanıcıya bildirilir. Şekil 4a ve 4b’de BT196 SCR 

elemanı için test sonuçları paylaşılırken, Şekil 4c ve 4d’de 

IRF9540N MOSFET elemanının sağlamlık testi sonuçları 

sunulmaktadır.  
4. Güç elektroniği elemanlarının sağlamlık testlerinin 

yapılması için tasarlanan test devresi kullanıcıları için 

ilaveten aşağıdaki uyarıların da dikkate alınması 

gereklidir:  

• Besleme kaynağı olarak 9-15V arası gerilim 

değerlerini seçiniz.  
• Sadece yüksek güçlü SCR’ler için 220Ω direnç 

bağlantısını devreye dâhil ediniz. 
• Röle modülünün normalde açık ve normalde kapalı 

terminal bağlantılarını kesmeden COM terminaline 

harici gerilim kaynağı ile gerilim uygulamayınız. 

 

Şekil 7. Güç elektroniği elemanlarının sağlamlık testlerinin 

yapılması için tasarlanan test devresinin karşılama ekranı ve 

test edilecek elemanın seçimi. 
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Şekil 8. Güç elektroniği elemanlarının sağlamlık testlerinin 

yapılması için tasarlanan test devresinde a) BT196 SCR 

elemanı için ‘SAĞLAM’, b) BT196 SCR elemanı için 

‘BOZUK’, c) IRF9540N MOSFET elemanı için ‘SAĞLAM’, 

d) IRF9540N MOSFET elemanı için ‘BOZUK’ uyarılarının 

elde edildiği sonuçlar. 

IV. SONUÇLAR 
Bu çalışmada güç elektroniği laboratuvarı derslerinde 

kullanılan temel yarıiletken elemanların sağlamlık 

kontrollerini yapmak için bu elemanların öngerilimleme 

karakteristiklerinden yararlanarak bir test devresi tasarımı 

yapılmıştır. Tasarlanan sistemin kontrolü bir mikrodenetleyici 

ile sağlanmıştır. Kullanıcı dostu bir tasarım hedeflenerek, 

hangi elemanın test edileceğinin seçimi kullanıcı tarafından 

yapılabilirken, test sonrasında elemanın ‘SAĞLAM’ ya da 

‘BOZUK’ bilgisi bir LCD panel çıktısı ile kullanıcıyla 
paylaşılmıştır. Sağlamlık kontrolleri yapılacak elemanların 

mikrodenetleyici ile bağlantıları devre üzerindeki tek bir 

bağlantı noktasından yapılmıştır. Bu şekilde yapılan tasarım 

ile devreye ilave bir işlevsellik daha kazandırılabilmektedir. 

Test kartı üzerinde bulunan röle modülünün normalde açık ve 

normalde kapalı terminallerinin bağlantılarının kesilir. 

Modülün COM terminalinden 0-12V arası gerilim tatbik 

edilmesinin ardından, çıkış akım işaretlerinin bir direnç 

üzerinden ölçülmesiyle test edilen elemanların akım-gerilim 
karakteristikleri de gözlemlenebilir. Bu sayede yapılan tasarım 

elemanların sağlamlığını test etmenin yanı sıra mini bir güç 

elektroniği laboratuvarı deney seti olarak da kullanılabilir. 

Bütün bu çıktılara ilaveten, tasarlanan prototip test devresi 
geliştirilip çoğaltılabilir. Paydaşlarla paylaşılarak, zaman 

tasarrufu konusunda ciddi bir katma değer sağlanır. 
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