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ABSTRACT 

In production, especially in industry, it is of great importance to increase the service life of products and maintain 

the safety of systems consisting of many components at the maximum level. Products must be analyzed using the 

correct methods and techniques. These analyses are performed using different techniques and procedures, particularly 

in metal and material production. Magnetic Particle Testing (MPT) is a test used for non-destructive inspection of 

ferromagnetic materials. However, defect detection here is performed through human visual inspection. This situation 

negatively affects the accuracy and completeness of the detection process. In this study, a system has been developed 
using a camera and a specially developed kit capable of running artificial intelligence models to detect defects that 

may occur on the surface or near the surface of nuts, one of the critical components widely used in the industrial 

field. Using this system, a balanced dataset consisting of two classes was created. This dataset is trained using deep 

learning-based models that are currently applied in different fields and have achieved successful results. The test 

results obtained are evaluated and compared using different metrics. In the evaluations, the VGG-16 approach 

achieved the best result with an accuracy rate of 89.33%. 

Keywords: Magnetic particle testing, industrial nuts, deep learning, convolution neural networks, crack detection 

ÖZET 

Üretimde, özellikle endüstride, ürünlerin hizmet ömrünü uzatmak ve birçok bileşenden oluşan sistemlerin güvenliğini 

en üst düzeyde tutmak büyük önem taşımaktadır. Ürünler doğru yöntem ve teknikler kullanılarak analiz edilmelidir. 

Bu analizler, özellikle metal ve malzeme üretiminde farklı teknik ve prosedürler kullanılarak gerçekleştirilir. 

Manyetik Parçacık Testi (MPT), ferromanyetik malzemelerin tahribatsız muayenesi için kullanılan bir testtir. Ancak 

burada kusur tespiti insan gözüyle yapılan görsel inceleme yoluyla gerçekleştirilir. Bu durum, tespit sürecinin 

doğruluğunu ve eksiksizliğini olumsuz etkilemektedir. Bu çalışmada, endüstriyel alanda yaygın olarak kullanılan 

kritik bileşenlerden biri olan somunların yüzeyinde veya yüzeyine yakın yerlerde meydana gelebilecek kusurları 

tespit etmek için yapay zekâ modellerini çalıştırabilen bir kamera ve özel olarak üretilmiş bir kit kullanılarak bir 

sistem geliştirilmiştir. Sistemle iki sınıf için dengeli bir veri kümesi oluşturulmuştur. Bu veri kümesi, farklı alanlarda 

uygulanan ve başarılı sonuçlar elde eden derin öğrenme tabanlı modeller kullanılarak eğitilmiştir. Elde edilen test 

sonuçları farklı metrikler kullanılarak değerlendirilmiş ve karşılaştırılmıştır. Değerlendirmelerde, VGG-16 yaklaşımı 

%89,33 doğruluk oranıyla en iyi sonucu elde etmiştir. 

Anahtar Kelimeler: Manyetik parçacık testi, endüstriyel somunlar, derin öğrenme, evrişimli sinir ağları, çatlak 

tespiti 

INTRODUCTION 

In today's industrial production approaches, the quality of the manufactured product is prioritized, followed by its 

safety. In particular, the raw material used in the production of metal products, its purity, and alloy properties directly 

https://creativecommons.org/licenses/by/4.0/
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affect the quality of the final output. Additionally, production processes such as heating, cooling, and pressure are 

also factors that determine the quality of the final product. In short, production must be carried out with the right raw 

materials and techniques. Otherwise, if the necessary precautions are not taken, companies or manufacturers may 

face safety risks that could cause malfunctions, high repair costs, a reduction in the service life of products or product 

groups, and ultimately, a loss of reputation. 

 

After production, the product obtained is expected to meet the specified quality criteria. Various types of tests are 

performed to control quality. The most preferred of these are non-destructive tests. The Magnetic Particle Test (MPT) 

discussed in this study is also a non-destructive testing technique. It is used to detect discontinuities, cracks, or voids 

that may have formed on or near the surface. In MPT, the material to be inspected is initially magnetized, and 

subsequently, fluorescent or colored magnetic particles are applied to its surface. These particles gather in areas of 

magnetic flux leakage, thereby revealing the presence of surface or near-surface cracks. (Golding, Gharineiat, 

Munawar, & Ullah, 2022). In conventional practice, MPT evaluations depend on human visual inspection and 

interpretation. However, limitations associated with human observation make it difficult to accurately detect internal 

defects or very small cracks(Zadeh, Khorshidi, & Kooban, 2024). 

 

Recent progress in artificial intelligence has been driven by advancements in both hardware and software 

technologies. Deep learning algorithms have gained significant attention in recent years due to their capability to 

handle large-scale data, identify complex patterns, and automatically extract relevant features. Among these methods, 

Convolutional Neural Networks (CNNs) have been extensively applied in various domains owing to their high 

effectiveness in image processing applications.(Philip, Andrushia, Nammalvar, Gurupatham, & Roy, 2023). CNNs 

with a feedforward architecture achieve more successful results than fully connected networks because they are more 

successful at generalization(B. Kim, Yuvaraj, Sri Preethaa, & Arun Pandian, 2021). CNNs have a hierarchical 

structure and perform the learning process on images step by step using pixel-level information (Binas, Rutishauser, 

Indiveri, & Pfeiffer, 2014). They exhibit strong performance in extracting features from data characterized by 

complex relationships (Padmapoorani & Senthilkumar, 2023). Due to these noteworthy features, they are used in 

studies that may require detailed analysis and interpretation, such as MPT images (Fan et al., 2020). 

 

Nuts are critical fasteners used in a wide range of applications, from machinery to building systems, particularly in 

industrial settings, and are integral to processes such as production, assembly, maintenance, and repair. Used in 

conjunction with elements such as bolts and washers, they ensure that systems in various fields are safe, robust, and 

durable. They are preferred because they increase the production efficiency of systems while also facilitating easy 

maintenance. These fasteners can be reused multiple times. For these reasons, they are an important and noteworthy 

element of systems. Particular attention should be paid to production processes and subsequent quality testing. 

 

This study focuses on detecting cracks that may form on the surfaces of nuts after production, which are one of the 

connecting components of machine and structural systems and are of critical importance. First, MPT processes are 

performed for the nuts. At the end of the process, images of the nuts are obtained to create a dataset. This dataset is 

used to train the most well-known CNN-based approaches among deep learning models. Test studies are conducted 

on the trained models, and the results obtained are compared using different metrics. A system is proposed to facilitate 

the implementation of MPTs and automate this quality control process. This system consists of a camera, an AI kit 

capable of running artificial intelligence models, and a skeleton structure that integrates them. Furthermore, this study 

comprehensively reviews the literature on deep learning approaches applied to MPT images of different products. 

 

The rest of the paper is designed as follows. Section 2 presents a detailed literature review. Section 3 provides 

information on the collection of materials required for the study and the creation of the dataset. Section 4 provides 

information on the deep learning algorithms used and the metrics used for comparisons. Section 5 presents the 

automatic crack detection system proposed in this study and the experimental studies conducted. Finally, the article 

concludes in Section 6. 

LITERATURE REVIEW 

MPT is a non-destructive testing method and is therefore frequently used in industrial applications to detect cracks 

on or near surfaces. With advances in deep learning and particularly CNN algorithms, more accurate detection has 

been achieved in MPT, and this process has been automated (Fu et al., 2019). In this section, recent studies on the 

application of deep learning and CNN-based algorithms in Magnetic Particle Testing (MPT) are reviewed, 

highlighting their advantages and limitations. An overview of these studies is summarized in Table 1 (B. Kim et al., 
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2021). This table details the studies, including the field in which the work was carried out, the approaches used, the 

key contributions, and the results obtained. 

 

Significant studies have been conducted on the use of MPT images with deep learning. Wu et al. performed three-

dimensional localization using a two-stage CNN model. Here, image capture was performed at a speed of 19 FPS by 

performing an intersection operation through the union, and metal surfaces could be examined with high sensitivity 

(Wu, Qin, Dong, Shi, & Hu, 2023). In another application, Ma et al. worked on wheelsets on railways. Here, crack 

detection in fluorescent magnetic particle inspection (FMPI) images was performed using deep learning approaches, 

demonstrating the success of deep learning approaches in this sector by achieving 90% accuracy (Ma, Sun, & Chen, 

2018). Tout et al. worked on MPT images of crankshafts. Due to the multi-textured structure of crankshafts, visual 

inspection is difficult. To overcome this challenge, they developed a CNN-based, fully automated visual inspection 

system (Tout, Meguenani, Urban, & Cudel, 2021). 

Table 1. Deep Learning-Based Studies on MPTs in Literature 

Study Industry/Application Method/Architecture Key Contribution Performance Metrics 

(Wu et al., 2023) 
Metal surface 

inspection 

Two-stage CNN 

segmentation 

Real-time 3D crack localization in noisy 

backgrounds 
IoU: 98.3%, 19 FPS 

(Ma et al., 2018) 
Railway wheelset 

inspection 

Ridge detection + texture 

SIFT 

Curve-based defect identification in 

FMPI images 

Precision > 90%, Recall > 

90% 

(Gehri, Mata-Falcón, 

& Kaufmann, 2023) 
Semi-brittle materials 

Classical image 

processing 

Crack behavior analysis in concrete and 

mortar 

Accurate for well-separated 
cracks, limitations in close-

range cracks 

(Ibrahim & Tapamo, 
2024) 

Steel surface 
inspection 

Image processing Detection of holes, scratches, rust 
Accuracy: Hole 88.4%, 

Scratch 78%, Rust 90.3% 

(Yang, Yang, Li, 
Chen, & Min, 2022) 

Bearing fault detection CNN 
FMPI-based automated detection on 

bearing rings 
Recall: 96.5%, Precision: 

91.7% 

(Tout et al., 2021) Crankshaft inspection 
CNN + multi-camera 

system 

Real-time, automated crankshaft 

inspection with semantic segmentation 

Semantic segmentation: high 

localization accuracy 
(Serrati, Machado, 

Oliveira, & Santos, 

2023) 

Aerospace MPI 
analysis 

DeepLabv3+ 

(MobileNetV2 + 

DenseASPP) 

Improved defect segmentation in MPI of 
aerospace parts 

Precision: 81.64%, Recall: 

83.12%, F1: 82.37%, IoU: 

71.23% 
(Tabernik, Šela, 

Skvarč, & Skočaj, 

2020) 

Electrical commutator Segmentation/decision net 
Using only 25 defective samples and 

achieved success 
99.9% accuracy in the best 

configuration 

(Shipway, Huthwaite, 

Lowe, & Barden, 

2021) 

Aerospace industry ResNet34 and ResNet-50 Used a small dataset 
95% detection rate for defects 

with 0.07 false call rate 

(Słoński, Schabowicz, 

& Krawczyk, 2020) 
Concrete defects CNN 

Ultrasonic tomograph images trained 

with CNN 

99.9% accuracy in 

generalization 

Tabernik et al. proposed a CNN-based approach for detecting cracks that are difficult to identify using 25 defective 

samples and achieved success. This demonstrates the potential of CNN-based deep learning approaches to achieve 

significant success even with small sample sizes (Tabernik et al., 2020). Shipway et al. addressed errors that could 

arise from human factors in MPTs and demonstrated that deep learning-based approaches could achieve successful 

results in this field. In their work, they utilized the ResNet34 and ResNet-50 algorithms for fluorescent penetrant 

inspection (FPI) and achieved high success rates of 95% with a few samples. They discussed the efficiency of 

automated systems with the system they created (Shipway et al., 2021). In their study, Ibrahim and Tapamo were 

able to detect not only cracks but also holes and rusty surfaces with a success rate ranging from 78% to 90%. They 

proposed an image processing-based system to detect defects (Ibrahim & Tapamo, 2024). Serrati et al. proposed an 

approach they named Dense Spatial Pyramid Pooling (DenseASPP). They used this approach in the aviation and 

aerospace industry. In this method, they used the DeepLabv3+ architecture together with the MobileNetV2 backbone. 

They achieved over 80% accuracy and recall success. This demonstrated that ferromagnetic components can be 

successfully used for defect detection after MPI (Serrati et al., 2023). Yang et al. developed an inspection system 

using 519 bearing images. Using these images, they trained a CNN model and achieved over 90% accuracy and recall 

(Yang et al., 2022). 

 

In addition to this, studies have been conducted on the detection of cracks that can occur not only in metals but also 

in other components. Słoński et al. obtained images using the ultrasonic tomography method for the detection of 

cracks that can occur in concrete. They used a CNN model for the detection of cracks in these images (Słoński et al., 

2020). Gehri et al. worked on semi-brittle materials using classical image processing approaches and indicated the 

need for more advanced algorithms in the results obtained (Gehri et al., 2023). The research conducted here shows 

that the integration of deep learning approaches into MPT is important in various sectors (Goodfellow et al., 2020; 
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Lei, Zhong, Wang, & Li, 2024). It has been demonstrated that deep learning approaches can reduce human-induced 

errors and enable the development of automated recognition and inspection systems. The literature provided here 

will form a basis for future deep learning-based approaches in MPT. 

 

A review of the literature reveals that studies have been conducted on MPT images, and significant successes have 

been achieved using deep learning-based approaches. In this study, we focused on nuts, which are frequently used in 

industry but have not been studied previously, and which are an important connecting element. MPT images are 

collected, and a balanced dataset (containing an equal number of defective and non-defective samples) is created. 

Deep learning approaches are trained using the labeled images in the dataset, and successful results are obtained. 

Furthermore, a system with automatic detection, recognition, and inspection capabilities is proposed. Thus, a 

contribution is made to the literature in this field. 

MATERIALS 

Non-destructive testing is a method used to detect potential defects in materials and any associated faults that may 

arise. It is of great importance in industrial applications. It ensures material quality by detecting defects that may 

arise in the early stages of the production process or during material use (Dwivedi, Vishwakarma, & Soni, 2018). 

Ensuring the safety and durability of materials is of great importance in industrial applications. In sectors such as 

aviation, automotive, energy, and construction, the reliability and structural integrity of components are critical for 

both operational safety and long-term performance. Early detection of defects plays a key role in reducing costs in 

production processes. Identifying and preventing defects at an early stage, rather than correcting them after 

production, significantly improves production efficiency and overall system reliability (Krishnan et al., 2025). It is 

crucial to produce materials as high-quality as possible by following specific procedures. This not only extends the 

life of products and increases sustainability but also triggers environmental impacts. Low-defect production leads to 

less consumption of natural resources, and reproductions due to incorrect production reduce the carbon footprint 

(Gholizadeh, 2016). In MPT, it is important to detect defects that may occur on the surface or near the surface. In 

order to detect discontinuities in these areas, leakage currents are created in the materials. Subsequently, particles are 

collected in this magnetic field. Thus, the locations where these particles are collected are identified. This allows for 

the diagnosis of defects in the materials and prevents potential damage before the materials are used (Wang, Zhong, 

Lee, Fancey, & Mi, 2020). 

 

Non-Destructive Testing (NDT) methods are important for testing manufactured materials without damaging them, 

thereby preventing potential defects and structural failures. In NDT, Liquid Penetrant Testing (PT), Ultrasonic 

Testing (UT), Radiographic Testing (RT), and Magnetic Particle Testing (MPT) approaches are frequently preferred 

(Helal, Sofi, & Mendis, 2015). In PT, penetrant fluid is used to detect cracks, and the detection process is performed 

by revealing these fluids on the surface (J.-u. Kim, Oh, & Shin, 2024). UT uses ultrasonic sound waves, and the 

reflected sound waves are used to detect potential defects (Wronkowicz, Dragan, & Lis, 2018). In the RT approach, 

X-rays and gamma rays are applied to the material to detect internal cracks and voids (Wilkinson & Duke, 2014). 

 

In this study, a dataset of nut samples was collected to develop and evaluate the proposed crack detection model. The 

dataset consists of a total of 1,000 nuts, including an equal number of 500 cracked and 500 non-cracked specimens. 

The nuts were categorized according to their sizes, ranging from small to large. For each nut, high-resolution images 

were captured under controlled lighting conditions using a digital camera setup. The dataset contains 500 cracked 

nuts and 500 non-cracked nuts, ensuring a perfectly balanced distribution for model training and evaluation. The data 

collection process followed strict guidelines to minimize noise and ensure consistent imaging quality. The images 

were manually labeled by experts as cracked or non-cracked, providing ground truth labels for the binary 

classification task. 

 

A total of 1000 industrial nut images were used in the dataset, including 500 cracked and 500 non-cracked samples. 

The dataset was divided into training, validation, and test sets to evaluate the performance of the models. Specifically, 

80% of the dataset was used for training, 10% for validation, and 10% for testing. This partitioning ensured that the 

models were trained effectively while their performance was evaluated on unseen data. 

Surface Preparation 

Before training the deep learning models, several preprocessing steps were applied to improve image quality and 

ensure consistency in the dataset. First, contrast enhancement was performed to make crack patterns more 
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distinguishable on the surface of the nuts. For noise reduction, a Gaussian filter with a kernel size of 3×3 was applied 

to reduce high-frequency noise while preserving important structural details. Prior to testing, the surface of the 

material was thoroughly cleaned to remove any contaminants such as oil, grease, dust, or paint. A clean surface is 

essential to ensure accurate test results. Fig.1 illustrates the prepared test specimen following the surface cleaning 

process. To enable magnetic interaction, the material was magnetized using one of several magnetization techniques. 

These methods include: 

 

Electromagnetic magnetization: Magnetic fields were generated using electromagnets or magnetic coils. Semi-

magnetic methods: Temporary magnets or the Earth's magnetic field were employed to magnetize the specimen. 

 

Figure 1. Material with Surface Cleaning Completed 

All images were then resized to 224 × 224 pixels to match the input size requirements of the deep learning 

architectures used in the study (VGG-16, VGG-19, ResNet-50, and InceptionV3). In addition, pixel values were 

normalized to the range [0,1] to stabilize the training process and improve model convergence. 

 

To increase the diversity of the dataset and reduce the risk of overfitting, several data augmentation techniques were 

applied during the training phase. These included horizontal flipping, small rotations (±15°), width and height shifting 

(0.1), and zoom operations (0.1). These augmentation techniques allowed the models to learn more robust and 

generalized features from the dataset. 

Magnetic Particle Application 

Following magnetization, magnetic particles were applied either directly onto the surface or dispersed within the 

material. These particles typically consist of magnetically responsive substances such as iron powder or titanium 

dioxide. The distribution of particles under ultraviolet (UV) light, revealing the accumulation around surface 

discontinuities, is shown in Fig. 2. 

 

Figure 2. Magnetizing The Material 

Image Acquisition Setup 

Image acquisition was performed using a Raspberry Pi V2 camera connected to a Jetson Orin Nano development kit. 

Initially, the Jetson Orin Nano hardware setup was completed, and the system was configured using an Ubuntu-based 

operating system. The Raspberry Pi V2 camera was successfully integrated with the Jetson board by installing the 

appropriate drivers and confirming device compatibility. A custom platform was fabricated using a 3D printer to 

support the imaging process, as shown in Fig. 3. 
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Figure 3. The Platform Is Prepared For Image Acquisition 

Magnetic particles accumulate in specific areas on the material surface under the influence of a magnetic field, 

thereby revealing defects. The inspected material is visually examined under ultraviolet (UV) light or appropriate 

illumination. Cracks and discontinuities become more apparent in regions where magnetic particles have gathered. 

The visual inspection of the material with applied magnetic particles is shown in Fig. 4. 

 

Figure 4. Material Subjected to Visual Inspection 

METHODS 

A deep learning-based approach was developed to detect cracks in images obtained through Magnetic Particle 

Testing. Initially, the images acquired from the magnetic particle test were subjected to preprocessing, including 

noise reduction, contrast enhancement, and resizing operations. Image generation is the process of automatically 

creating digital images using a specific algorithm or model. It involves processing real-world images that have been 

digitized, where an input image is used to generate a new image by modifying its visual features (Hatcher, Symons, 

& Manivannan, 2004). Unlike signal processing, which involves capturing, measuring, and evaluating data to convert 

it into a readable format for another device or to transfer it from one electronic medium to another, image processing 

specifically focuses on manipulating visual data to alter or enhance image characteristics (Fernandez, Castillero, & 

Aguilera, 2005). The general methodology used in image processing technology typically consists of the following 

sequential stages: image acquisition, pre-processing, segmentation, measurement, and interpretation (Lu et al., 2017). 

The image processing workflow is given in Fig. 5. 

 

Figure 5. Image Processing Process 

The image processing procedure begins with the acquisition of an image in digital format. The image is captured 

using cameras, sensors, or other optical devices and converted into a numerical format within a computer 
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environment. The pre-processing step is employed to enhance the image quality, reduce noise, or remove unnecessary 

details. Typical operations in this phase include contrast adjustment, sharpening, noise reduction, and resizing of the 

image. The feature extraction step is used to identify specific characteristics or patterns within the image. During this 

phase, key features such as object edges, corners, colors, textures, or other relevant attributes are mathematically 

extracted. 

 

The R, G, and B (red, green, blue) values are the fundamental components employed to define the color pixel. A 

digital image consists of pixels, each represented by a specific combination of red, green, and blue color channels. 

Each channel (R, G, B) takes a value between 0 and 255. The combination of these values determines the color of 

each pixel. The color histogram of the pre-processed image is shown in Fig. 6., and the average RGB values of the 

image are calculated as [164.666, 139.455, 235.311]. 

 

Figure 6. Extraction of the Color Histogram After Preprocessing of the Raw Image 

Artificial Neural Networks 

The human brain contains extensive neural networks that enable it to perform cognitive, perceptual, and control tasks 

with remarkable efficiency, often surpassing artificial systems. It is capable of executing computationally demanding 

perceptual processes such as facial recognition and speech processing, as well as complex control functions including 

the coordination of body movements and physiological activities. Structurally, the brain is composed of a large 

number of interconnected neurons. Each neuron is a specialized cell responsible for receiving, processing, and 

transmitting information through biochemical and electrical signals (Khan, Raza, Shahzad, & Ali, 2024).  

 

A similar structure can be observed in artificial neural networks. An artificial neuron consists of an input, an output, 

a weight linked with each input, a summation function, and an activation function. Here, the neurons in the neural 

network are represented as artificial neurons. Inputs correspond to dendrites, outputs to axons, and weights to 

synapses. The summation function corresponds to the cell body. From this, we can conclude that the learning process 

is actually the process of finding the correct weight values. 

 
Figure 7. Structure And Function of Artificial Neural Networks 

Additionally, there is a bias term for each neuron, which acts as an extra input. In this analogy, the inputs correspond 

to dendrites, the output corresponds to the axon, the weights and bias values correspond to synapses, and the 

summation and activation functions correspond to the cell body (Zou, Han, & So, 2008). From this, it can be 
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concluded that learning in artificial neural networks takes place through the adjustment of weight and bias values. 

The artificial neural network structure and functions are shown in Fig. 7. 

Deep Learning 

Deep learning algorithms are essentially advanced versions of multi-layered artificial neural networks. They contain 

more layers and structures than artificial neural networks. While feature extraction in studies using classical machine 

learning algorithms is performed independently of the algorithm, deep learning algorithms can learn features 

themselves at a hierarchical level. The ability to learn multiple layers and intrinsic features within this extensive 

structure has enabled deep learning algorithms to work with large and complex data sets and achieve significant 

success (LeCun, Bengio, & Hinton, 2015). Successes achieved in areas such as visual object recognition, object 

understanding, and speech recognition have contributed to the horizontal growth of the technology and the emergence 

of different applications (Hao, Zhang, & Ma, 2016; Leung, Xiong, Lee, & Frey, 2014). The use of GPUs/TPUs in 

graphics cards, access to large-scale data, and advances in optimization algorithms represent technological 

developments that have facilitated the implementation of deep learning algorithms. 

 

Particularly in image-based applications, Convolutional Neural Networks (CNNs) have become more prominent than 

other deep learning algorithms. This development originated with the work of LeCun et al., who introduced a neural 

network architecture capable of recognizing handwritten characters  (Seol, Kim, Park, & Lee, 2025). The key features 

underlying this success are CNNs' ability to reveal local features and contextual relationships within a hierarchical 

structure. Utilizing these features enables the ability to reach abstract relationships from low-level features in the 

available data. While performing feature extraction with filters in the convolutional layers, the semantic dimension 

is reduced with pooling layers, and the features and relationships obtained with fully connected layers are combined 

to function as a classifier or regressor. The general architecture of a convolutional neural network is shown in Fig. 8. 

 
Figure 8. Convolutional Neural Network Architecture 

VGG-19 is a deep convolutional neural network model introduced in a competition in 2014 and developed at Oxford 

University. The model is based on the approach that increasing the depth, i.e., the number of network layers, will 

improve image recognition performance. It essentially has 19 weight layers. Sixteen of these layers are convolutional 

layers, while the remaining three layers are fully connected layers. In the model, classification is performed by 

combining features in the convolutional layers using 3x3 filters, the pooling layer using 2x2 max-pooling, and the 

fully connected layers (Wen, Li, Li, & Gao, 2019). Although VGG-19 has a simple structure, it has a large number 

of parameters. This requires high hardware requirements for training, but it is frequently used with transfer learning. 

The block diagram of VGG-19 is shown in Fig. 9. 

 
Figure 9. VGG-19 Model Architecture 
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VGG-16 is a model based on a principle similar to VGG-19. The most notable difference here is the variation in the 

number of layers. VGG-16 has a total of 16 layers. The number of fully connected layers remains unchanged, but the 

number of convolutional layers varies at sixteen. VGG-16 may offer advantages due to having fewer parameters in 

terms of computation (Fig.10). 

 
Figure 10. VGG-16 Model Architecture 

In multi-layer deep learning models, increasing layer depth leads to training losses and problems such as overfitting. 

ResNet overcomes these issues by using residual learning blocks, eliminating the obstacles to increasing layer depth 

and preventing performance losses. The basic principle is to connect the input convolution output to a short-circuit 

connection (skip connection) in the residual learning blocks (He, Zhang, Ren, & Sun, 2016). The block diagram of 

the ResNet-50 model is shown in Fig. 11. 

 
Figure 11. Block Diagram of the Resnet-50 Model 

This eliminates any potential gradient fading (vanishing gradient). The architecture is illustrated in Fig. 12. 

 
Figure 12. ResNet Model Architecture 

The Inception-V3 architecture was developed by Google in 2012. It consists of multiple convolutional layers and 

contains over 20 million parameters. The model itself is composed of both symmetric and asymmetric structural 

blocks, each of which includes several convolutional layers, average and max pooling, concatenation, dropout, and 

fully connected layers. After processing the input data with a 1×1 convolutional layer, the data passes in parallel 

through each channel of the convolutional layer (Minarno, Aripa, Azhar, & Munarko, 2023). All channel outputs are 

then concatenated to complete the feature extraction process. Unlike Inception-V2, the Inception-V3 network 

includes a fully connected layer in the auxiliary classifier, which also undergoes normalization. Additionally, batch 
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normalization is widely used and applied to the pre-trained Inception-V3 model (Szegedy, Vanhoucke, Ioffe, Shlens, 

& Wojna, 2016). The architecture of the Inception-V3 model is illustrated in Fig. 13. 

 
Figure 13. Inception-V3 Model Architecture 

Evaluation metrics 

Model evaluation is of great importance for assessing the algorithms developed in our study and determining which 

one yields more successful results. It helps in understanding the total performance of a model (Boursalie, Samavi, & 

Doyle, 2021). In order to evaluate a model's accuracy, precision, sensitivity, and other performance metrics, various 

evaluation criteria are employed in machine learning algorithms to recognize which model performs better in real-

world problems (Rainio, Teuho, & Klén, 2024). In this study, the aim is to identify the model that demonstrates the 

best performance in detecting cracks in images obtained after magnetic particle testing by using different learning 

models. Our goal here is to use different learning models to determine the model that performs best in detecting 

cracks in images obtained after magnetic particle testing. The models we compare are VGG-16, VGG-19, Inception-

V3, and ResNet-50. 

 

Evaluating the model's overall performance helps us identify over- or under-learning. Predicted values and true values 

are two key components used to evaluate the performance of machine learning and also deep learning models. True 

values are the true or expected values of the target variables that the model is trying to predict [46]. Actual values are 

the observed values in the validation or test portions of the dataset. These values are estimated values, but they are 

also the results the model produces using the input data in the training or test dataset. These values represent the 

decisions or predictions the model makes, and the model's performance is measured by comparing them with the 

actual values [47]. The performance evaluation metrics are given in Eqs. 1 -4. 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

(𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁)
                                                                                                                                      (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

(𝑇𝑃 + 𝐹𝑃)
                                                                                                                                                             (2) 

𝑆𝑒𝑛𝑠𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
                                                                                                                                                                 (3) 

𝐹1  =
𝑇𝑃

𝑇𝑃 + 1/2 ∗ (𝐹𝑃 + 𝐹𝑁)
                                                                                                                                                    (4) 

 

where TP (True Positive) and TN (True Negative) are predictions of cracked and non-cracked images, respectively. 

FP (False Positive), FN (False Negative) are predictions of cracked and non-cracked images incorrectly. 

 

When addressing a classification problem, the accuracy metric alone may not be sufficient for evaluation. Especially 

in cases of class imbalance, the Receiver Operating Characteristic (ROC) and Area Under the Curve (AUC) metrics 

are frequently used. ROC is used to evaluate a binary classification problem, showing the relationship between TP 

and FP. AUC represents the area under the ROC curve. As the AUC value approaches 1, it indicates that the model 

performs well in classification and can distinguish between classes effectively (Hoo, Candlish, & Teare, 2017; Saul 

& Roweis, 2003). 
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EXPERIMENTAL RESULTS AND DISCUSSION 

The main objective of this study is the binary classification of industrial nuts into cracked and non-cracked categories 

using deep learning models. The models are trained to identify surface and near-surface defects observed after 

Magnetic Particle Testing (MPT). The proposed approach focuses on image-level classification, where each nut 

image is classified as either cracked or non-cracked. To provide a clearer understanding of the classification process, 

visual examples of industrial nut images are presented in Figure 15, illustrating typical cracked and non-cracked 

samples used in the dataset. One of the raw images obtained after applying the magnetic particle test, which is one 

of the commonly used models among non-destructive testing methods, and subjecting the nut, which is one of the 

most widely used fasteners, to the test, has become our data set. To explain the general working principle, as shown 

in Fig. 15, it contains raw images obtained under ultraviolet light after magnetic penetrant application.  

 
Figure 15. Flowchart of the System 

Contrast enhancement and sharpening were applied to the obtained images. The images were then evaluated in our 

system in the first stage. With a Raspberry Pi V2 camera and running the Ubuntu operating system. The required 

data for the thesis was obtained from live images captured by the camera and analyzed using the models executed on 

the Jetson Orin Nano. The images were processed in real time, and potential cracks were successfully detected. 

Thanks to the high computational power of Jetson Orin Nano and the high-quality image data provided by the 

Raspberry Pi V2 camera, a fast and effective system for detecting cracks from magnetic particle tests was developed. 

Figure 16. shows an image captured with the Raspberry Pi V2 through Jetson Orin Nano. 

 
Figure 16. Image Captured from Jetson Orin Nano 

In the next stage, the separate application of CNN, VGG-16, VGG-19, ResNet-50, and Inception-V3 deep learning 

architectures to the dataset of images obtained after the magnetic penetrant application is shown. The final stage 

shows the evaluation phase based on test accuracy, test loss, precision, sensitivity, and F1 score, which are 

scientifically accepted evaluation parameters in image analysis. The final stage of our work involves detecting the 

crack and visually showing us the region enclosed within a box. This allows us to visually see the cracked part of the 

material. Our experiments are conducted on images obtained under ultraviolet light on magnetized material following 

the magnetic particle test, and both cracked and non-cracked images, along with test images, are included in the data 

pool. The parameters and number of layers for each model of the images subjected to testing are shown in Table 2.  
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Table 2. Deep Learning Models with the Number of Convolutional Layers and Parameters 

Deep Learning 

Models 

Number of 

Convolutional Layers 

Number of Parameters 

(Millions) 

CNN 5 5.1 

VGG-16 16 14.7 

VGG-19 19 20.01 

ResNet-50 50 23.75 

Inception-V3 48 21.8 

 

The custom CNN model used in this study consists of 5 convolutional layers followed by fully connected layers for 

binary classification of cracked and non-cracked nuts. Each convolutional layer uses a 3×3 filter with a stride of 1 

and is followed by a ReLU activation function. Max-pooling layers (2×2) are applied after each convolutional block 

to reduce spatial dimensions. The fully connected part consists of two dense layers with 128 and 64 neurons, 

respectively, and a dropout rate of 0.5 is applied to mitigate overfitting. The network is trained using the Adam 

optimizer with a learning rate of 0.001 and a batch size of 32. This configuration results in a total of approximately 

5.1 million parameters. These details are provided to ensure scientific reproducibility and allow other researchers to 

replicate the model and training procedure accurately. 

 

In addition to the custom CNN, four well-established deep learning architectures, VGG-16, VGG-19, ResNet-50, 

and InceptionV3, were employed for crack detection in industrial nut images. All models were initialized with 

weights pre-trained on ImageNet to leverage transfer learning. The fully connected layers of each network were 

adapted for binary classification (cracked vs non-cracked). For all models, the following training hyperparameters 

were consistently applied: Optimizer: Adam, Learning rate: 0.0001, Batch size: 32, Number of epochs: 50 (with early 

stopping based on validation loss), Loss function: Categorical cross-entropy, Input image size: 224 × 224 pixels for 

VGG-16, VGG-19, and ResNet-50; 299 × 299 pixels for InceptionV3. Regularization: Dropout layers (0.5) applied 

after fully connected layers; batch normalization used as per original architecture. These configurations ensured that 

all pretrained networks could be effectively fine-tuned on the relatively small dataset while mitigating overfitting and 

achieving robust classification performance. 

 

According to the evaluation metrics presented here, the VGG-16 model performs well in terms of training accuracy 

and validation accuracy, but it shows a significant drop in performance in terms of loss. For all models in our 

experimental results table, evaluations are performed using five different experimental parameters. Considering these 

evaluations, our VGG-16 model showed high performance in terms of test accuracy, and the model closest to this 

performance was VGG-19. Our VGG-16 model demonstrates the best performance in terms of test loss. 

Table 3. Training Accuracy/Training Loss/Validation Loss of the Models at the 1st and 25th Epoch 

Table 4. Experimental Results Of All Models 

Models 
Test Accuracy Test Lost Precision Sensitivity F1 Score 

Positive / Negative Positive / Negative Positive / Negative Positive / Negative Positive / Negative 

CNN Model 87.94 / 87.94 ±1.35 0.065 / 0.065 ±0.03 0.88 / 0.87 ±0.01 0.87 / 0.88 ±0.04 0.88 / 0.88 ±0.02 

VGG-16 89.33 / 89.33 ±0.98 0.033 / 0.033 ±0.02 0.89 / 0.90 ±0.01 0.90 / 0.89 ±0.02 0.89 / 0.89 ±0.02 

VGG-19 89.28 / 89.28 ± 1.12 0.034 / 0.034 ±0.03 0.89 / 0.89 ±0.02 0.89 / 0.89 ±0.01 0.89 / 0.89 ±0.02 

ResNet-50 84.72 / 84.72 ±1.05 0.226 / 0.226 ±0.02 0.89 / 0.81 ±0.02 0.80 / 0.89 ±0.03 0.84 / 0.85 ±0.03 

Inception-V3 82.76 / 82.76 ±1.21 0.226 / 0.226 ±0.03 0.80 / 0.80 ±0.03 0.78 / 0.78 ±0.02 0.82 / 0.82 ±0.03 

Note: Each experiment was repeated multiple times under the same training conditions, and the results are reported as the mean 

± standard deviation. 

In the experimental results, positive (cracked) and negative (non-cracked) samples are reported separately to provide 

a detailed evaluation of the model’s performance for each class. This separation is essential because detecting cracks 

(positive samples) is critical for safety, whereas correctly identifying non-cracked nuts (negative samples) avoids 

Models 
Training Accuracy Training Loss Validation Loss 

1-25 Epoch 1-25 Epoch 1-25 Epoch 1-25 Epoch 

CNN Model 0.551-0.9745 ±1.03 0.6862-0.0818±0.02 0.7119-0.9798±0.01 0.6440-0.0580±0.03 

VGG-16 0.711- 0.9949 ±0.97 0.6268-0.0244±0.03 0.9702-0.9988±0.02 0.3642-0.0187±0.02 

VGG-19 0.6874-0.9966±0.01 0.6256-0.0222±0.04 0.9774-0.9988±0.04 0.3530- 0.0188±0.03 

ResNet-50 0.5283-0.9294±1.02 0.2369-0.9655±0.02 0.9655-0.9536±0.03 0.6418-0.2301±0.02 

Inception-V3 0.9037-0.9993±1.10 0.2883-0.0098±0.03 0.9940-0.9964±0.02 0.0637-0.0280±0.02 
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unnecessary interventions. Reporting metrics for both classes allows for a more comprehensive understanding of the 

model’s reliability and effectiveness. 

 

Although the F1 scores are very close among the first three training models, ResNet-50 remained at a lower level. 

The time-dependent loss graphs based on the number of epochs for the models are used in experimental studies. 

CNN, VGG-16, VGG-19, ResNet-50, and Inception-V3 are presented in Fig. 17-21. 

 

Figure 17. Loss Graphs Over Time of CNN 

 

 
Figure 18. Loss Graphs Over Time of VGG-16  

 

Figure 19. Loss Graphs Over Time of VGG-19  
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Figure 20. Loss Graphs Over Time of ResNet-50 

 
Figure 21. Loss Graphs Over Time of Inception-V3 

The confusion matrix is an important tool used to evaluate the performance of a classification model. It compares the 

predicted results with the actual values. In this context, the model attempts to predict whether there is a crack in the 

image (Fig. 22). 

 

In this section, we used the AUC-ROC curve to evaluate the performance of our classification model (Fig. 23). The 

AUC-ROC curves presented separately for each model allowed us to see the models' ability to distinguish between 

classes. All these result graphs enabled us to perform a more effective evaluation between models. The results 

obtained summarize the classification success and overall performance of the model. The AUC value calculated from 

the graph was found to be 0.9956. This value indicates that the model has an almost perfect performance and is 

capable of distinguishing very well between positive and negative classes. Detailed results are presented in Fig. 19. 

The AUC-ROC curve is an important metric that indicates the ability of models to distinguish between positive and 

negative classes, and the obtained AUC values reflect the classification success of the models. Overall, the VGG-19 

and Inception-V3 models demonstrated superior performance compared to the other models. This suggests that their 

deeper architecture and design structures offer better generalization capabilities. However, the Customized CNN, 

VGG-16, and ResNet-50 models also produced highly competitive results and exhibited impressive classification 

performance.  

 

These findings indicate that the high AUC values obtained across all models confirm the reliability and robustness 

of the proposed classification framework. The minimal differences observed between the models suggest that the 

dataset characteristics and the applied preprocessing steps contributed substantially to the consistency of the results. 

Consequently, the overall outcomes demonstrate that the selected deep learning architectures are well-suited for the 

classification task addressed in this study. 
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(a) CNN    (b) VGG-16                                                          (c) VGG-19 

 
                                                    (d) ResNet-50 (e) Inception-V3 

Figure 22. Confusion Matrix Of CNN, VGG-16, VGG-19, Resnet-50, And Inception-V3 Respectively 

                       
(a) CNN                                                              (b) VGG-16                                                         (c) VGG-19 

 
(d) ResNet-50                                                    (e) Inception-V3 

Figure 23. AUC-ROC Graph Of CNN, VGG-16, VGG-19, Resnet-50, and Inception-V3 Respectively 
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CONCLUSIONS 

The detection of damage in materials is of great importance, especially for metal surfaces, and various methods have 

been developed to detect such defects. One such method is crack detection using Magnetic Particle Testing (MPT). 

Early detection of cracks is critical in preventing potential accidents. Regular inspection of critical components using 

MPT extends their service life and reduces investment costs. 

 

In this study, deep learning approaches (CNN, VGG-16, VGG-19, ResNet-50, and Inception-V3) were used to detect 

cracks in images obtained after Magnetic Particle Testing (MPT), which significantly facilitates crack detection on 

material surfaces. These models were evaluated for crack detection using datasets consisting of positive (cracked) 

and negative (non-cracked) images. Model performance was evaluated based on test accuracy, test loss, recall, 

precision, and F1-score. In addition, parameters such as the number of epochs, number of model parameters, and the 

number of layers were considered to examine the factors affecting model performance. 

 

The superior performance of VGG-16 compared to deeper architectures can be attributed to several technical factors. 

Despite having fewer layers, VGG-16 provides a balanced parameter space that is well-suited to learning from a 

relatively small dataset of 1000 images. In contrast, deeper networks such as ResNet-50 and InceptionV3 contain a 

larger number of parameters, which increases the risk of overfitting and feature degradation when the training data 

is limited. Overfitting can cause the models to memorize specific patterns in the training set rather than generalize to 

unseen samples, while feature degradation may reduce the effectiveness of feature extraction in very deep layers. 

Consequently, VGG-16 achieves better classification performance on this dataset, as reflected in higher accuracy, 

precision, recall, and F1-score metrics. 

 

In experimental studies, the number of epochs gradually increased to 25. The results obtained showed that the VGG-

16 model was the most successful model when considering five different evaluation criteria. Another model that 

performed closest to the VGG-16 model was the VGG-19 deep learning model. Although VGG-19 achieved a similar 

accuracy rate, its deeper structure and increased computational cost were disadvantages. ResNet-50 and Inception-

V3 showed lower effective performance when compared to VGG-based models on this dataset, indicating that more 

connections and complex modules do not provide a significant advantage for these data. The VGG-16 architecture, 

which yielded the most successful results in our study, achieved more successful learning among the models in terms 

of the crack structure presented in the images, thanks to its understandable architecture, despite having fewer layers 

and parameters than our other models. 

 

The dataset used in this study consists of 1000 images of industrial nuts, including 500 cracked and 500 non-cracked 

samples. Although this dataset size is relatively small for training deep convolutional neural networks from scratch, 

several measures were taken to mitigate the risk of overfitting. First, data augmentation techniques were applied to 

increase the diversity of the training data and improve model generalization. These combined measures enabled the 

models to learn robust features from a relatively small dataset while maintaining high classification performance on 

unseen data. 

 

When evaluating the results of other models, CNNs have the lowest computational cost but have not performed as 

well as other models in terms of accuracy. Inception-V3 and ResNet-50 also have similarly high computational costs 

in terms of layers and parameters, but they have performed worse than the VGG-16 model. The VGG-16 model in 

this study has demonstrated that its high performance could be a significant factor in minimizing the human factor in 

non-destructive testing in the industry. With the automation of the system, errors arising from the human factor have 

been minimized. In future studies, performance improvements can be achieved by working with much larger data 

sets and different neural network architectures. 
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