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Abstract: This study introduces Hybrid-DC, a hybrid deep-learning model integrating ResNet-50 and
Vision Transformer (ViT) for high-accuracy steel surface defect classification. Hybrid-DC leverages
ResNet-50 for efficient feature extraction at both low and high levels and utilizes ViT’s global
context learning to enhance classification precision. A unique hybrid attention layer and an attention
fusion mechanism enable Hybrid-DC to adapt to the complex, variable patterns typical of steel
surface defects. Experimental evaluations demonstrate that Hybrid-DC achieves substantial accuracy
improvements and significantly reduced loss compared to traditional models like MobileNetV2 and
ResNet, with a validation accuracy reaching 0.9944. The results suggest that this model, characterized
by rapid convergence and stable learning, can be applied for real-time quality control in steel
manufacturing and other high-precision industries, enhancing automated defect detection efficiency.

Keywords: ResNet-50; vision transformer (ViT); hybrid attention layer; defect classification; deep

learning; computer vision; automated inspection systems

1. Introduction

The steel manufacturing industry is an essential and irreplaceable foundation of
modern industry, with steel products playing an important role in a wide range of fields,
including automobiles, electronics, furniture, weapons, household materials, machinery,
and ships [1]. The quality of steel products directly affects the performance and service life
of the final products. Surface defects, which not only affect the appearance but also have
a significant impact on durability, corrosion resistance, and strength [2], are of particular
importance. These defects occur mainly during production and molding processes and can
degrade product quality and cause economic losses [3]. Traditionally, steel surface defects
were detected manually and classified by experts, but these methods are time-consuming
and can produce inconsistent results, depending on the experience of the inspector [1].
Machine-vision methods have been used to address these issues. For example, Yue et al. [4]
proposed a rail surface defect classification method based on AdaBoost. Aslam et al. [5]
used fuzzy clustering to improve the accuracy of the recognition of small defects and
cracks on metal surfaces. Chu et al. [6] combined support vector machines and binary
trees to classify surface defects in steel. However, all these methods rely heavily on feature
engineering and are only suitable for recognizing simple and clear surface defects, resulting
in relatively poor performance in more complex scenarios [7]. More recently, with advances
in deep-learning technology, automated defect detection and classification systems have
attracted attention and are becoming powerful tools for more accurate detection of different
defect types, particularly in steel manufacturing [3].

Previous deep-learning-based studies primarily used Convolutional Neural Networks
(CNNs) to classify steel surface defects. CNNs learn local patterns, capture promising
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semantic information, and are more efficient compared with other types of models. They
are preferred over other types of deep-learning models, such as artificial neural networks
and recurrent neural networks [8]. Fu et al. [9] proposed SqueezeNet, a lightweight CNN-
based model, to classify steel surface defects in real time. Zheng et al. [10] improved
the YOLOV3 tool to provide an end-to-end solution for steel surface defect detection.
Damacharla et al. [11] used U-Net to perform transfer-learning-based segmentation of
steel surfaces. These deep-learning-based approaches have been highly influential in defect
detection research and have advanced the field. However, while CNNs are effective at
learning local patterns in images to capture meaningful information, models with a single
neural network cannot handle the complex shapes and varying sizes of defects [8]. Further-
more, they are typically designed for natural datasets, such as COCO and PASCAL VOC,
and cannot achieve optimal performance when used directly for defect detection due to the
inherent differences in characteristics between natural and defect images [12]. In particular,
when defects vary in shape, size, or illumination, existing models tend not to handle these
changes effectively.

To overcome these limitations, self-attention-based Transformer networks are being
used to develop classifiers that perform well in global modeling, and models that combine
CNNs and Transformers have been proposed [8]. However, most of these studies are ad hoc
or focus on injecting only certain attributes, and there is no systematic understanding of the
role of each when convolution and attention are combined [13]. In this study, we propose
Hybrid-DC, a hybrid deep-learning model that combines ResNet and ViT. ResNet can
stabilize a model’s learning and improve its performance through residual connections that
facilitate deep neural network learning, and ViT has demonstrated excellent performance
in learning the global features of images. The Hybrid-DC model is designed to integrate the
strengths of these two approaches to enable more precise classification of complex defect
shapes and sizes. To achieve a better balance between accuracy and efficiency, this study
combines a hybrid attention layer and an attention fusion mechanism to overcome the per-
formance limitations of existing models and proposes a new approach to effectively detect
and classify steel surface defects. This research differs from previous efforts in the following
aspects. First, the Hybrid-DC model is different from existing single-architecture-based
models in that it combines the advantages of ResNet and ViT to provide a structure that can
accurately learn various shapes and sizes of steel surface defects. While previous research
has focused on learning local features using CNN-based models, this research combines the
global-feature-learning capabilities of ViT to more accurately identify the overall pattern of
defects. Second, the model offers strong feature-extraction capabilities through the hybrid
attention layer and attention fusion mechanism. As a result, the Hybrid-DC model can
achieve greater accuracy and generalization performance that reflects different defect types
and environmental variability.

The main objective of this research is to propose a Hybrid-DC model that can effec-
tively detect and classify various surface defects that occur during steel manufacturing,
and it is expected to make an important contribution to the development of automated
quality control systems. By classifying various steel surface defects with greater accuracy,
the proposed Hybrid-DC model can contribute to maximizing the efficiency of the manufac-
turing process and maintaining product quality. Traditional manual inspection methods are
not only time-consuming and costly but also rely on the subjective judgment of inspectors,
which can lead to inconsistent results. Hybrid-DC models address these problems through
automated defect detection and classification, enabling rapid and accurate defect detection,
particularly in high-volume production environments. This will play an important role
in helping steel manufacturers establish real-time quality monitoring systems for their
production lines, enabling them to take immediate action when defects occur, thereby
reducing defect rates and improving productivity. Based on its performance in steel surface
defect detection, the Hybrid-DC model can be applied to other high-precision applications,
such as semiconductor wafer surface defect detection, automotive parts inspection, and air-
craft parts maintenance. Because the Hybrid-DC model can accurately detect and classify
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defects of various sizes and shapes, and because high reliability and safety are required by
various industries, the outstanding defect detection and classification capabilities of the
Hybrid-DC model can make an important contribution to quality control and maintenance
in these fields.

This research makes the following contributions:

e Improved performance: The proposed Hybrid-DC model achieves significantly lower
loss values and greater accuracy compared with MobileNetV2, ResNet, and ViT. In par-
ticular, the Hybrid-DC model overcomes the performance limitations of MobileNetV2
and ViT by enhancing the feature-extraction ability of the model through the hybrid
attention layer and attention fusion mechanism, and it shows excellent performance
in the precise classification of steel surface defects.

*  Generalization performance: For validation accuracy, Hybrid-DC achieved a perfor-
mance of 0.9944, which demonstrates its superior generalization performance on
training data as well as test data. ResNet followed with a validation accuracy of 0.9389,
while ViT and MobileNetV2 achieved accuracies of 0.6444 and 0.5210, respectively,
showing relatively poor generalization performance.

¢ Learning efficiency: The Hybrid-DC model converged rapidly in the early stages of
training to reach high accuracy, suggesting that it can achieve good performance with
fewer training epochs compared with models such as MobileNetV2 and ViT. ResNet
requires more epochs and is slower to converge, again confirming the efficient learning
ability of the Hybrid-DC model.

e Fault detection precision: The Hybrid-DC model proved effective in detecting and clas-
sifying various defects on steel surfaces with high precision, which, when compared
to MobileNetV2, ResNet, and ViT, maximizes its potential to contribute to enhanc-
ing the quality control of steel products in the manufacturing process. In particular,
Hybrid-DC had the best defect detection performance among all models.

This paper is organized as follows: Section 2 reviews the existing research on steel sur-
face defect classification and explains the significance of this research through a theoretical
background and literature review. Section 3 details the design and implementation of the
proposed hybrid model, Hybrid-DC. Section 4 presents the experimental results and analy-
sis and evaluates the performance of the model using various evaluation metrics. Section 5
discusses the main findings of the study, presents its limitations, and offers suggestions to
address them. Section 6 concludes the study and highlights the performance and future
applicability of the proposed model.

2. Related Work
2.1. Smart Factories and Steel Manufacturing Processes

Smart factories are one of the core concepts of the Fourth Industrial Revolution, the
aim of which is to maximize productivity and improve quality by applying advanced tech-
nologies such as the Internet of Things, artificial intelligence, and big data to manufacturing
processes. The implementation of smart factories is playing an important role in the steel
manufacturing process, which is highly complex and requires automation to maintain
product quality and production efficiency.

A system that detects and classifies surface defects in real time in the steel manu-
facturing process can help minimize disruptions in the manufacturing line, reduce the
production of defective products, and improve productivity. Recently, defect detection
systems utilizing deep learning have been studied in an effort to achieve greater accuracy
compared with traditional image-processing techniques.

Figure 1 depicts the main steps in the steel manufacturing process. The first step in-
volves the mixing, melting, and treatment of raw materials. Next, steel ingots are converted
into steel plates through a continuous casting process, followed by continuous casting
and rolling. The third step is hot and cold rolling, in which the steel plate is processed
through hot rolling, cooling, and cold rolling. This is followed by surface treatment and
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heat treatment (pretreatment), where treatments are carried out to prevent corrosion and
improve surface quality.

Major Steps in Steel
Manufacturing Process

Raw Material Preparation and Processing
Mixing, melting, and processing of raw materials

Continuous Casting and Rolling
Converting steel ingots into steel plates through continuous casting

Hot Rolling and Cold Rolling
Processing steel plates through hot rolling, cooling, and cold rolling

) \
Surface Treatment and Heat Treatment (Pre-treatment) ‘ ( |

¢ . Surface Defect Detection and Classification
Treatment to prevent corrosion and enhance surface quality (Application of the Proposed Hybrid Model)

- Initial feature extraction using ResNet-50
- Application of Self-Attention and ECA Layer
- Global context learning using ViT
- Feature fusion through Attention Fusion
- Final defect classification

Quality Inspection and Packaging
Product inspection and packaging based on defect classification results

Product Shipment and Distribution ‘

Figure 1. Steel manufacturing process.

In particular, surface defect detection and classification is an important process that
has a significant impact on the quality and reliability of steel products. Accurate detection
and classification of surface defects that occur during the manufacturing process is essential
to ensuring the quality of the final product and reducing the occurrence of defective
products. The hybrid model proposed in this work is designed to fulfill this need and
enables high-accuracy defect classification through initial feature extraction using ResNet-
50, the application of a self-attention mechanism and efficient channel attention (ECA)
layer, global context learning using ViT, and feature fusion using attention fusion. Such a
system can detect and classify surface defects in real time, minimizing disruptions in the
manufacturing line and improving productivity. In the quality-inspection and packaging
phase, products are inspected and packaged according to the results of defect classification.
The product is then shipped and distributed.

2.2. Manufacturing Quality Inspection and Deep Learning

Historically, manufacturing quality inspection has relied primarily on manual labor,
which can be inefficient and costly. However, automated inspection systems have been in-
troduced with the advent of Industry 4.0, and CNNs in particular are playing an important
role. CNNs have been used to develop automated inspection systems for various industries,
revolutionizing the quality control process. Babic et al. [14] emphasized the growing im-
portance of image-based quality inspection in smart manufacturing, noting that accessible
and affordable systems are essential for modern manufacturing operations. Wang et al. [15]
highlighted the need for smart remanufacturing and maintenance to optimize production
and maintenance planning and presented the potential benefits of integrating automated
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product inspection, tool health monitoring, and production and maintenance planning
optimization. Examples of automated inspection systems using CNNs are provided by
Gwon et al. [16], who proposed a specialized CNN-based image-quality classification
method for bridge inspection to increase the accuracy and efficiency of the structural assess-
ment process using advanced CNN techniques. Ngo [17] designed an automated inspection
system aimed at detecting surface defects that integrates computational mechanics, ser-
vomotors, and advanced computer-vision techniques, demonstrating its feasibility and
efficiency in practical applications. Indasyah et al. [18] developed a visual inspection system
for gear-defect detection using Faster R-CNN and demonstrated the high accuracy of the
system under difficult conditions, such as detecting multiple defects on a moving conveyor.
These studies emphasize that CNN-based automated inspection systems have the potential
to revolutionize quality control and improve efficiency, accuracy, and cost-effectiveness in a
variety of industries.

Deep learning is revolutionizing the way defects are detected on the industrial floor
through the ability of neural networks to learn complex patterns and features from large
datasets. Several notable approaches in the field have each contributed to improving
detection accuracy and efficiency. Karsten Roth et al. [19] proposed a method to achieve
comprehensive anomaly detection by integrating generative and discriminative models.
The main goal of this approach is to achieve high recall to identify even microscopic faults.
Generative models, such as autoencoders and generative adversarial networks, model
the normal behavior of the system, while discriminative models are used to distinguish
between normal and abnormal patterns. Combining these two models can effectively
identify a wide range of anomalies, reducing the number of problems that can occur in
the manufacturing process. In addition, Ruff et al. [20] proposed a first-class classification
technique for anomaly detection. Their method trains a neural network to recognize only
data with normal patterns; everything that deviates from the normal pattern is marked as
an anomaly. This approach is particularly effective when anomalies are rare and diverse,
making it difficult to collect representative samples.

Venkataramanan et al. [21] introduced an innovative approach that uses an attention
mechanism to improve defect detection. Attention mechanisms highlight potential defect
areas by forcing the model to focus on specific regions of the input data. This targeted ap-
proach improves the model’s ability to localize and identify anomalies in images, reducing
false positives and increasing detection accuracy. Jihun Yi et al. [22] proposed a localized
approach to defect detection. This method divides each image into smaller patches and
applies support vector data descriptions to detect and segment anomalies at a microscopic
level. Patch-level analysis is important for the precise identification and localization of
defects for effective quality control. Finally, Liznerski et al. [23] explored the explanatory
power of anomaly detection. This work emphasizes the importance of transparency, par-
ticularly in industrial applications, where understanding the reasons for fault detection
decisions is critical. Explainable models provide insights into why a particular data point
was categorized as an anomaly, which builds trust and promotes the adoption of deep-
learning methods in quality control. By providing clear and understandable explanations,
these models improve user trust and support informed decision-making.

The ResNet architecture is designed to effectively train neural networks in deep-
learning models; ResNet-50 consists of 50 layers. The main feature of ResNet is that it
reduces the difficulty of training through “skip connections” and enables effective training
of deeper networks. Thanks to these characteristics, ResNet-50 performs well in various
computer-vision problems, such as image classification and object detection. In addition,
ResNet-50’s residual-learning technique allows it to learn effectively in deep networks, ex-
tracting low-level and high-level features of images [24]. Each residual block is represented
as follows:

y=x+F(x,W) 1)

In (1), x is the input to the block, F is the transformation function in the block (convo-
lution, batch normalization, activation), and W is the learned weight.
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This expression describes the process of computing the transformation function
F(x, W) for the input x and adding it back to the input to form a residual connection.
These residual connections prevent information loss during the learning process and enable
effective learning in deep networks. These features allow for effective learning of low-level
and high-level features that are important for distinguishing between different defects on
steel surfaces (crazing, inclusions, patches, scratches, etc.). These features can also play
an important role in Hybrid-DC models that analyze complex visual data, such as steel
surface defect detection. For example, ResNet can accurately detect complex defects on the
surface and maintain high accuracy by minimizing smoothing or distortion issues in the
image [25]. In wood surface defect detection, a model based on ResNet achieved greater
accuracy and efficiency compared with an existing single-shot multibox detector structure,
proving that it can quickly detect various defects [26].

2.3. Advances in Classification Algorithms for Fault Diagnosis

In recent years, various research efforts and advances have been made to achieve the
superior performance of classification algorithms for machine fault diagnosis. In particular,
uncertainty-aware metric networks have been proposed to solve problems in limited noise
source domains and unknown sparse noise domains. Wang et al. introduced a multi-scale
cross-feature extraction module (MSCM) to effectively extract important classification
information under noise interference and modeled the “query sample-class prototype”
similarity to improve the model’s fault recognition ability [27].

In addition, an innovative method based on Transformers has been studied to achieve
high accuracy and energy efficiency in machine fault diagnosis at the same time. Neural-
Transformer combines the advantages of spiking neural networks (SNNs) and Transformers
to improve the performance of fault diagnosis in noisy environments and lower the com-
putational cost. The model uses a multi-headed spatiotemporal spiking self-attention
(MHSSSA) mechanism to capture complex time—frequency features in a global range,
showing excellent performance under noise [28].

In the field of photometric stereo, deep-learning-based calibrated photometric stereo
techniques have shown high performance on non-lamellar surfaces. It has proven particu-
larly useful for texture measurement on industrial metal surfaces. Jian et al. proposed an
effective near-field photometric stereo network for industrial environments, achieving high
surface normalization accuracy, even with a small number of light sources [29].

Modern deep-learning techniques in machine fault diagnostics are evolving to provide
both high diagnostic accuracy and interpretability under complex industrial conditions.
These advances enhance condition monitoring of expensive mechanical systems and signif-
icantly improve productivity by reducing unnecessary downtime [30].

2.4. Attention Mechanism

Self-attention is the core mechanism of the Transformer model, which allows each
element of input data to determine its relationship to all other elements. Self-attention is
particularly useful for extracting important features from sequential and image data. It
allows a feature map at each location to interact with feature maps at other locations to
incorporate contextual information. The model can therefore acquire a more sophisticated
and richer representation. ECA improves model performance by efficiently learning rela-
tionships between channels. ECA can effectively emphasize important channels at a lower
computational cost compared with traditional channel attention mechanisms. After global
average pooling, ECA uses a simple one-dimensional convolution to calculate the impor-
tance of each channel. This allows the model to emphasize important features and improve
performance at lower computational cost.

In recent years, ViT has become a powerful backbone in computer vision. ViT applies
transforms, primarily in natural language processing, to computer-vision tasks. ViT cap-
tures global contextual information and is effective at distinguishing between defects with
similar textures but different patterns. ViT creates sequences by dividing the input image
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into fixed-size patches, arranging all patches in rows and embedding them. These embed-
ded patches are processed through several layers of self-attention mechanisms, which are
mathematically expressed as follows:

T
Attention(Q, K, V) = Softmax <QK> %4 ()

Vi

In (2), Q (query), K (key), and V (value) are the matrices generated from the input
patch embeddings, and dj is the dimensionality of the key. The self-attention mechanism
allows the patch at each location to learn its relationship to all other locations, which
improves the accuracy of classification by learning the long-range dependency and spatial
relationships between patches. The Softmax function learns the importance of each location,
allowing it to focus more on specific parts of the input data. This process allows ViT to
analyze the image holistically and learn the global features needed to distinguish between
different defects on the steel surface. ViT is robust to previously unseen distributions due
to its weak inductive bias. However, its non-hierarchical structure makes it inefficient when
processing high-resolution images. To address these issues, several studies have explored
integrating CNNs with Transformer architectures.

Heo et al. [31] proposed a pooling-based Vision Transformer that integrates the pooling
layer of a CNN into a ViT. This approach aims to enhance self-attention-based architec-
tures by aggregating global spatial information while increasing computational efficiency.
Madan et al. [32] introduced a Self-Supervised Masking Convolutional Transformer Block
(SSMCTB), which combines a masked convolutional layer for anomaly detection with
channel-specific Transformer modules. The SSMCTB neural block is trained via a self-
supervised learning approach using a self-reconstructing loss function and incorporates
a channel-specific attention architecture to improve performance. Ullah et al. [33] incor-
porated a self-attention architecture into a CNN to improve object detection performance.
They combined the CNN's ability to capture spatial features with ViT’s ability to detect
long-term temporal relationships. By stacking these networks, they were able to extract
both spatial and temporal features. This method allows the object detection task to reflect
dependencies between spatial and temporal features.

Lee and Kang [34] proposed an unsupervised anomaly detection and localization
model using AnoViT, a Vision Transformer-based encoder—decoder model. AnoViT uses
pre-trained ViTs for image-feature extraction and reconstruction. Unlike traditional ViTs,
which use only class tokens to perform image classification, AnoViT reconstructs the origi-
nal image by extracting a feature map that preserves the original localization information.
In the process, the reconstruction loss is calculated to detect anomalous images. Lee and
Kang [34] argued that, by integrating ViT into an encoder-decoder architecture, a better
model can be built compared with integrating a traditional CNN. Liu et al. [35] proposed
Cnnformer, which integrates a CNN with a Transformer architecture to extract semantic vi-
sual information from images. The encoder module of Cnnformer uses a convolutional layer
to capture visual features of images, such as color and texture, and applies a novel attention
mechanism that fuses static and dynamic contextual information to extract semantic visual
information. Cnnformer learns visual representations that reflect both local and global
information to improve action-recognition performance. Peng et al. [36] proposed a novel
classification model that combines a CNN block and Transformer architecture. The model
uses a CNN to extract key features from images and then a Transformer-based classification
head to fully utilize spatial information. By combining the local feature-extraction capabili-
ties of CNNs with the global contextual information of Transformers, this approach aims to
improve on the performance of existing models. When we evaluated the performance of
our model on a variety of public datasets, it achieved superior accuracy compared with
previous attempts, demonstrating that the combination of CNN and Transformer architec-
tures can lead to significant improvements in image classification. This work proposes a
new model that overcomes the limitations of existing CNN-based approaches and enables
more sophisticated classification by efficiently exploiting the Transformer architecture.
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Augmentation

3. Hybrid-DC: Hybrid Defect Classification Framework
3.1. Model Structure

Hybrid-DC is a hybrid deep-learning model combining ResNet-50 and ViT that is
designed to perform high-resolution analysis in steel surface defect detection and classifica-
tion. The model uses ResNet-50 to extract low- and high-level features, a hybrid attention
layer to reflect spatial and cross-channel saliency, and ViT to learn global context. Finally,
attention fusion combines features from both models to classify defects. Based on Figure 2,
the data flow is described in detail as follows.

ResNet-50 Additional Conv
A A
1 ] %

- o % Crazing
Inclusion

Patches
: Transfomer Encoder : Classification ':D' |

Pitted

Rolled
J -
Altemlon Fusion Scratches

J \l )

Y
ViT

Figure 2. Hybrid-DC framework.

The input image is pre-trained by the ResNet-50 model to extract various low-level and
high-level features. ResNet-50 is designed to learn effectively even from very deep networks
through residual learning. In this study, we enhanced the feature-extraction process by
removing the last two layers of the model and adding a hybrid attention layer in its place.
The hybrid attention layer combines self-attention and ECA to reflect spatial and cross-
channel saliency, which allows for more robust and discriminative features. After passing
through the hybrid attention layer, the feature map is then fed into ViT, which divides
the input image into patches, learns the features of each patch independently, and then
combines them to create a global semantic representation. ViT is based on the Transformer
architecture, which allows it to learn the global context within an image. The high-level
features extracted by ViT are combined with feature maps from ResNet-50 through an
attention fusion module, which integrates output from both networks to create a more
robust representation. Finally, the combined feature vectors are fed into the classifier to
perform the final classification. The classifier uses two fully connected layers, rectified
linear unit activation, and a Softmax function to probabilistically predict the presence of a
defect. This process allows the Hybrid-DC model to perform well in steel surface defect
detection and classification.
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3.2. Feature Representation

The hybrid attention layer uses the self-attention mechanism to learn the spatial rela-
tionships in the input feature map and applies the ECA mechanism to reflect the importance
of each channel. First, the self-attention mechanism computes the query, key, and value
projections for the input feature map x € REXC*WxH a5 (3) (4), and (5), respectively.:

Q = query_conv(x) € RBx§xWxH "
K = key_conv(x) € RBx§xWxH @
V = value_conv(x) € REXCxWxH o
E=0Q- KT ¢ RBx(W-H)x(W-H) ©
A = softmax(E) .

In Formula (3), Q is the result of performing a query transformation on the input
feature map x, which has the batch size B, number of channels %, width W, and height
H. In Formula (4), K is the result of performing a key transformation on the input feature
map X, which has the same magnitude as Q. In Formula (5), V is the result of performing
a value transformation on the input feature map x, preserving the original number of
channels C, and the size has the batch size B, number of channels C, width W, and height
H. The attention energy E is computed from the inner product between the query and key
using (6). In Formula (6), E = Q - K| represents the attention energy, which is calculated
as the relevance of each location via the matrix product between the query and key. Here,
the size of E is the batch size B, with (W - H) x (W - H) representing the relationship
between two locations. We then apply the Softmax function to the calculated attention
energy to obtain the attention map A, which represents the importance of each location,
as shown in (7). A = softmax(E) represents the result of applying the Softmax function to
the attention energy E to calculate the importance of each location. Finally, the output of the
self-attention mechanism is computed as a weighted sum of the attention map A and value
V, which is added to the input feature map x to produce the final output, shown in (8),
where 1 is a learnable parameter that controls the contribution of the attention output.
O =17 (V-AT) + x represents the process of computing the final output by adding the
value obtained through the weighted sum of the attention map A and value V from the
input feature map x. Here, <y is a parameter that controls the influence of the self-attention
output on the final output.

O=7-(V-AT)+x ®

y = avg_pool(O) €)

y = sigmoid(eca_conv(y)) (10)
Ofinal = O -y (11)

The ECA mechanism takes the output O of the self-attention layer as input and
learns the importance of each channel. First, it computes a vector y € RBXCxIx1 gyymma-
rizing the information of each channel through global average pooling, as shown in (9).
y = avg_pool(O) shows the result of calculating the average value of each channel
by global average pooling of the output O of the self-attention layer. This vector is
passed through a one-dimensional convolution layer with a kernel size of 3, and the
channel importance is then computed using a sigmoid activation function as (10).
y = sigmoid(eca_conv(y)) shows the process of taking the average value of each channel
as input, calculating the importance of each channel through one-dimensional convolution,
and then applying the sigmoid activation function to produce the final channel importance.
Finally, the self-attention output O and the ECA output y are multiplied by each channel
to compute the final output, as shown in (11). This allows the hybrid attention layer to
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learn both spatial and channel features to enhance the expressiveness of the network. Let
Ofinal = O - y represent the process of computing the final output by multiplying the out-
put O from the self-attention layer with the channel importance y computed through the
ECA mechanism. The final enriched features reflect both the spatial relationship between
channels and the importance of each channel.

3.3. Feature Generation

The attention fusion module aims to effectively fuse the features extracted from the
ResNet and ViT models to generate a final feature representation. To achieve this, it uses the
multi-head attention mechanism to learn the interdependencies between the two features.
First, the features extracted from ResNet and ViT are called fresnet € RE*DPresNet and
fyir € RBxDvir, respectively:

fResNet_recluced = norml (resnet_to_vit ( fResNe’t) ) (12)
fcombir\eclr _ = multihead_attn ( fResNeLreclucecll fViT/ fViT) (13)
feoncat = norm2([feompined. fvit]) (14)

In Formula (12), fresNet reduced = norml(resnet_to_vit(fresnet)) represents the pro-
cess of transforming the feature fregnet Of ResNet into the feature dimension of ViT by linear
transformation, followed by normalization. Here, resnet_to_vit is a function that converts
ResNet features to ViT feature dimensions, and norm1 normalizes the converted features
to help stabilize learning. The converted ResNet features and the original ViT features are
fed into the multi-head attention module. This computes the combined feature f.,mpined,
as shown in (13). This represents the process of combining the reduced ResNet feature
fresNet_reduced and the ViT feature fy;1 via multi-head attention. Here, the first fy;r is used
as a query, the second fy;t is used as a key, and fresnet reduced is Used as a value. In this
process, the interdependence between the two features is learned. The combined features
and the original ViT features are combined to produce feoncat, which can be represented
as Equation (14). feconcat = norm2([f.ompined, fvit]) represents the process of merging the
combined feature f.ompineq and the original ViT feature fy;t and then normalizing them to
produce the final combined feature.

a = fc(feoncat) (15)

frused = AResNet * fResNet_reducecl + aviT - fuiT (16)

The combined features are computed by the fully connected layer to calculate the
attention weight of the ResNet and ViT features, which can be expressed as Equation (15),
where a = [aResNet, aviT] is @ weight that indicates how important each feature of ResNet
and ViT is to the final output. a = fc(fconcat) represents the process of taking the merged
features feoncat @as input and computing the weights a through the fully connected layer
to represent the impact of each feature on the final output. The final fused features are
computed as a weighted sum of the ResNet and ViT features, which can be represented as
Equation (16). These fused features reflect the best of both ResNet and ViT, allowing the
model to produce a more robust feature representation, fryseq = aResNet * fResNet_reduced +
ayir - fviT, where aResnet and aysT are the weights calculated for each feature in the process
of weighting the reduced features fresnet reduced from ResNet and the original features
fyir from ViT to compute the final fused features ff,.q4. This produces a robust feature
representation that reflects the strengths of both models.

To improve the feature representation of the neural network, the hybrid attention
layer combines self-attention and ECA to simultaneously learn spatial relationships and
cross-channel importance, as shown in Equations (8) and (11). To generate the final features,
the attention fusion module uses multi-head attention to learn the interdependencies
between the two features, which are described in Formulas (13) and (16). This allows richer
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and more discriminative features to be learned, which improves the performance of the
overall network.

4. Experiment and Results
4.1. Experimental Environments

In terms of hardware configuration, we used a AMD Ryzen 7 5700X3D, a high-
performance multi-core processor, to efficiently perform complex computational and data-
processing tasks. We also used an NVIDIA GeForce RTX 3080 GPU to significantly improve
the training and inference speeds of deep-learning models, creating an optimized environ-
ment for Al model training. The system was equipped with 32 GB of RAM to facilitate
the processing of large datasets and the execution of complex algorithms. The software
configuration is based on the Windows 11 operating system, PyTorch version 3.11 was
used to ensure module compatibility, and PyCharm 2024.1 was used as a development
environment for efficient code development and debugging. TensorFlow version 2.17.0
was used to provide a flexible platform that supports various machine learning algorithms
and models.

All models were trained and evaluated in the same training environment. All datasets
were split into training, validation, and test data using a custom data-loading scheme,
with data loaded in batches. For training, the batch size was set to 16 to ensure efficient
training. The training data were randomly shuffled to increase the robustness of the model
to imbalanced data. The image data were subjected to standard preprocessing and aug-
mentation techniques. The input images were resized to (224, 224), and the enhancement
techniques used included horizontal and vertical flipping, rotation, brightness and contrast
adjustments, and saturation and hue changes. The purpose of this step is to increase the
generalization performance of the model by having it learn robustly on different types of
data. In addition, all images were converted to tensor format and normalized based on the
mean and standard deviation to enhance the stability of model learning.

The model’s learning loss function was a cross-entropy loss function, which is suitable
for multi-class classification problems. AdamW was adopted as the optimization algorithm
to enable efficient learning. In addition, the weight reduction term was set to 0.0005 to avoid
overfitting and improve the generalization performance of learning. The learning rate was
adjusted incrementally through a cosine function-based scheduler. This is to reduce the
learning rate later in the training to stabilize the convergence of the model and prevent
instability due to an excessive learning rate. This learning rate adjustment is especially
important for long-term learning.

The initial weights of the model were set using the Kaiming initialization method to
ensure an efficient starting point for training, which contributes to the learning stability
of the neural network in the early stages of training. In this study, learning in a GPU
environment was the default setting, and GPU acceleration was used to improve the
learning speed. This improved the learning efficiency and performance of the deep learning
model. The weights of the model were saved periodically during the training process,
which contributed to the reusability of the model and convenience in the validation phase.
The trained models were stored appropriately so that they could be utilized for further
experiments and analysis in the future. These preferences can be seen in Table 1, which
ensured that the different models were trained and evaluated under the same conditions,
allowing for fair and reliable performance comparisons.
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Table 1. Experimental settings.

Configuration Aspect Details
CPU: AMD Ryzen 7 5700X3D
Hardware Configuration GPU: NVIDIA GeForce RTX 3080
RAM: 32 GB

OS: Windows 11
Development environment: PyCharm 2024.1
PyTorch Version: 3.11
TensorFlow Version: 2.17.0

Software Configuration

Custom data loading with training, validation,
and test splits
Batch size: 16
Data shuffling for robustness to imbalance

Data Handling and Loading

Image resizing to (224, 224)
Augmentation: horizontal / vertical flips, rotation,
brightness/contrast adjustment, saturation/hue
modification
Normalization using mean and standard deviation
after conversion to tensor format

Data Preprocessing and Augmentation

Loss Function Cross-entropy loss (for multi-class classification)

Optimizer: AdamW
Optimization Algorithm Learning rates: 0.00001 or 0.0001
Weight decay: 0.0005

Cosine-based scheduler for gradual reduction in
learning rate

Learning Rate Scheduler

4.2. Dataset

In this study, we used the NEU-DET dataset for the detection and classification of
steel surface defects. The NEU-DET dataset contains various types of steel surface defects
and provides high-resolution images of each defect type. The dataset consists of six typical
surface defects on hot-rolled steel strips: rolling scale (RS), patch (Pa), crazing (Cr), pitted
surface (PS), inclusion (In), and scratch (Sc). As shown in Table 2, the database contains
1800 grayscale images with 300 samples of each defect type.

Table 2. Class distribution in NEU-DET dataset.

Class Number of Samples  Training (120)  Validation (30) Test (150)
Rolling Scale (RS) 300 120 30 150
Patch (Pa) 300 120 30 150
Crazing (Cr) 300 120 30 150
Pitted Surface (PS) 300 120 30 150
Inclusion (In) 300 120 30 150
Scratch (Sc) 300 120 30 150

Figure 3 shows sample images of the six defect types in the dataset, each of which
is provided at its original resolution of 200 x 200 pixels. Variations in the defects are
visible within classes. For example, the scratch class can appear in different forms, such
as horizontal, vertical, and tilted scratches, while defects between classes can have similar
characteristics, such as roll-in scale, crazing, and pitted surfaces. In addition, defect images
within a class can have large differences in grayscale values due to variations in lighting
conditions and materials.

A major challenge with the NEU surface defect database is the large variation in
the appearance of defects within classes and the similarities in defects between classes,
and these defect images are strongly affected by lighting and material variations. In this
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study, we used this dataset to compare the performance of MobileNetV2, ResNet, ViT, and
the proposed model, Hybrid-DC.

rolled-in scale

patches crazing pitted surface inclusion scratches

Figure 3. Six types of defects.

In addition, we augmented the dataset to allow the model to learn different data
variations, creating a robust model with good generalization performance. The data-
augmentation techniques applied included resizing, horizontal and vertical flipping, rota-
tion, and color adjustments (brightness, contrast, saturation, and hue).

4.3. Performance Metrics

We used a variety of performance metrics to evaluate the performance of our models.
These metrics allowed us to evaluate how well a model performed on a given task from
multiple perspectives. We chose the Learning Curve, Confusion Matrix, Micro Metrics,
and Weighted Metrics tools to evaluate the performance of the model. The Learning Curve
is an important tool to evaluate how a model generalizes to the data by visually representing
the change in the accuracy and loss of the model during the learning process. We closely
analyzed the learning tendency of the model, checked whether it was overfit or underfit,
and provided a basis for achieving the optimal learning state. The Confusion Matrix
can evaluate the performance of a binary classification model, which visually represents
the relationship between the predicted and true classes. It is composed of four metrics:
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true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN),
from which metrics such as accuracy, precision, recall, and F1 scores can be calculated.
Table 3 provides a visual understanding of how accurately the model predicted the true
class, which can be used to calculate various performance metrics.

TP+ TN
Accuracy = TP+ TN+ FP+ EN (17)
.. TP
Precision = TP+ FP (18)
TP
Recall = TP+ EN (19)

Precision - Recall
F1 =2 2
Score Precision + Recall (20)

1 Y M .
Log-Loss = N Z 2 Yij log(Pij) 1)
i=1j=1

Table 3. Confusion Matrix.

Predicted Positive Predicted Negative
Actually Positive TP FN
Actually Negative FP TN

Accuracy represents the percentage of samples that the model correctly predicted out
of the total samples and is used to evaluate the overall prediction performance. Accuracy
can be expressed by Equation (17), where TP is the number of times the model correctly
predicted the true positive data as positive, TN is the number of times the model correctly
predicted true negative data as negative, FP is the number of times the model incorrectly
predicted true negative data as positive, and FN is the number of times the model incor-
rectly predicted true positive data as negative. Accuracy is useful for evaluating overall
performance when classes are well balanced but can be overestimated in the presence of
class imbalance.

Precision is the percentage of samples predicted to be positive that are actually positive
and is an important metric when considering the impact of FP. Precision is defined in (18).
Precision is important in situations where the model is focused on minimizing FP, for
example, in spam filtering, the goal of which is to reduce false spam classifications.

Recall represents the percentage of true positive samples that the model correctly
predicted as positive and plays an important role in reducing FN. Recall is defined in (19).
Recall is useful for reducing the error of missing patients in disease diagnosis, for example,
when it is important not to miss true positive cases. The F1 score provides a harmonized
average of precision and recall to assess the balance between the two metrics. The F1 score
is defined in (20). An F1 score is useful when precision and recall need to be balanced, and
it evaluates the overall performance of the model when both metrics are important.

Log-loss measures the difference between the model’s predicted probability and the
actual label and is used to evaluate the quality of the predicted probability. Log-loss is
defined in (21), where N is the number of samples, M is the number of classes, y;; is a binary
metric for the actual class j of sample 7, and p;; is the predicted probability that sample i
belongs to class j. Log-loss is useful for judging the reliability of probabilistic predictions
and is used in situations in which probabilistic judgment is important.
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. ... YTP
Micro precision = S(TP + EDP)’
Micro recall = Z(T%]—;-PFI\I)’ (22)
Micro Fl score — 2 - Mlcro precision - Ml'CI‘O recall
Micro precision + Micro recall
My,
Weighted precision = E{ (N . Prec151on1-),
N 23)
Weighted recall = ) | (N . Recalli),

i=1
Weighted precision - Weighted recall

Weighted F1 =2
elehte seore Weighted precision 4 Weighted recall

Micro Metrics calculate TP, FP, and FN cumulatively for all classes and are ideal
for evaluating the overall predictive accuracy of a model over the entire dataset. Micro
Metrics reflect the contribution of each class equally, which is advantageous for fairly
assessing the overall model performance, even in the presence of class imbalance. The micro
precision, micro recall, and micro F1 score are defined in (22). These metrics are useful
for evaluating model performance when it is desirable to minimize the overall number of
errors, particularly in datasets with a high degree of class imbalance.

The Weighted Metrics tool calculates performance metrics by weighting them ac-
cording to the proportion of data in each class, which allows for a fair evaluation of the
overall performance of a model, even in datasets with class imbalance. The performance on
classes with more data has a greater impact on the overall metrics of a model, making it an
important criterion for evaluating the reliability of a model in real-world applications. The
weighted precision, weighted recall, and weighted F1 score are defined in (23), where n; is
the number of samples in class 7, and N is the total number of samples. Because Weighted
Metrics adjust results based on class proportions, they are useful as an evaluation tool,
particularly when classes are unbalanced. In addition to these metrics, we used additional
metrics to assess the stability and statistical significance of the model.

o

Confidence Interval = ¥ +z - ﬁ (24)
T — statistic = i (25)
o2 o2
444
GFLOPS — Computation (FLOP) (26)

Execution time (seconds) x 10°

Total number of frames processed

FPS =
Execution time (seconds)

(27)

Confidence intervals (95%) help in assessing whether a model’s performance is consis-
tent within a certain range. The confidence interval provides a range where the true accuracy
of the model is expected to lie and indicates the reliability of the results. A narrower con-
fidence interval indicates that the model is performing consistently. The calculation of a
confidence interval is expressed as (24), where X is the mean of the sample, z is the Z-value
corresponding to the confidence level (e.g., z =~ 1.96 for a 95% confidence interval), ¢ is the
standard deviation, and # is the sample size.

To determine whether the performance differences between the models were sta-
tistically significant, we utilized the T-statistic and p-value metrics. The T-statistic is the
standardized difference in average performance between two models, while the p-value
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Accuracy

indicates the probability that this difference is due to chance. In general, we can interpret a
performance difference as statistically significant when the p-value is less than 0.05. The for-
mula for the T-statistic is (25), where X; and X; are the average performance of the first and
second models, respectively, oq and o7 are the standard deviations of each model, and 14
and n; are the number of samples in each model. This formula allows the significance of
performance differences between models to be statistically determined.

We also evaluated the computational efficiency of the model through the Giga Floating-
Point Operations Per Second (GFLOPS) and Frames Per Second (FPS) metrics. GFLOPS
represents the number of floating-point operations that the model can perform per second.
GFLOPS and FPS are calculated via (26) and (27), respectively, where FLOPS is the total
number of floating-point operations performed by the model, and execution time is the
time in seconds it takes the model to perform the operations. FPS is the number of frames
or images the model can process per second and is a metric that evaluates the real-time
processing power of the model. Higher FPS values indicate that the model can process a lot
of data in a given amount of time, making it suitable for real-time applications.

4.4. Results

We conducted several experiments to evaluate the performance of the different models,
comparing the performance of ResNet, Hybrid-DC, MobileNetV2, and ViT models collec-
tively. The performance of each model was analyzed through a decreasing loss-function trend,
an increasing accuracy trend, a Confusion Matrix, Weighted Metrics, and Micro Metrics.

4.4.1. Accuracy and Loss

By analyzing the accuracy and loss trends during model training, we were able to
determine the learning stability and performance changes of each model. Figures 4-7
depict the changes in training and validation accuracy and loss by epoch for each model,
indicating the learning stability and convergence speed.

Train and Validation Accuracy Train and Validation Loss
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i MW*“W

{

2.0
—— Train Loss

1.8 1

Loss

1.4

1.2 4

10

0

100

200 300 400 500 0 100 200 300 400 500
Epochs Epochs

Figure 4. MobileNetV2 model.

For the MobileNetV2 model, as shown in Figure 4, training accuracy increased grad-
ually with increasing epochs, but validation accuracy increased more rapidly and with
greater variability. Both training and validation losses show decreasing trends, but the
validation loss was lower and more volatile than the training loss. This indicates that
the MobileNetV2 model performed relatively well on validation data, but with unstable
volatility. In particular, the fact that the validation loss fluctuates at a lower level than the
training loss indicates that the model performs better on validation data but may lack
stability in terms of learning.
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Figure 5. ResNet model.

For the ResNet model, Figure 5 shows that both the training and validation accuracies
increased rapidly with increasing epochs and tended to stabilize near epoch 100. There
was little difference between the two accuracies, and they approached each other as the
epoch increased. This means that the ResNet model learned reliably on both the training
and validation data, and the risk of overfitting was low. As can be seen in Figure 5, both
the training and validation losses decreased rapidly with increasing epochs and converged
to a nearly constant level after epoch 100. The difference between the two loss values is not
significant, indicating that the model converged well, the ResNet model learned the data
efficiently, and the learning process was stable.
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Figure 6. ViT model.

For the ViT model, as shown in Figure 6, both training and validation accuracies tended
to increase with the epoch. The difference between the two accuracies was not significant,
and after a certain epoch, they performed similarly. This suggests that the model learned
reliably on both training and validation data. In particular, the small difference between the
two accuracies suggests that the risk of overfitting was small. As shown in Figure 6, both
the training and validation losses steadily decreased with increasing epochs, suggesting
that the model converged well. Overall, this indicates that the ViT model learned reliably.
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Figure 7. Hybrid-DC model.

For the Hybrid-DC model, as shown in Figure 7, both training and validation ac-
curacies increased rapidly in the early epochs and remained high after epoch 100. Little
difference was evident between the two accuracies. This indicates that the Hybrid-DC
model performed well on both the training and validation data and learned effectively
without overfitting. Furthermore, the training and validation losses in Figure 7 exhibit a
sharp decrease at the beginning of the epoch and stay at a low value thereafter. The two loss
values were almost identical and stabilized at a low level. This shows that the Hybrid-DC
model generalized well to the data.

Overall, MobileNetV2 was unstable, with high variability in validation accuracy and
loss, while ResNet achieved stable learning, with accuracy and loss converging rapidly in
epoch 100. ViT showed little difference in performance between the two datasets and a
steady decrease in loss, suggesting strong generalization performance. Hybrid-DC showed
rapid performance improvement and loss reduction from the beginning, demonstrating
learning stability and generalization ability overall.

4.4.2. Confusion Matrix

The Confusion Matrix tool visually represents the relationship between a model’s
predicted class and the true class, making it an important tool for analyzing the prediction
performance of each model for a particular class. We compared MobileNetV2, ResNet,
and ViT models to evaluate the performance of the proposed Hybrid-DC model.

The Confusion Matrix tool was used to analyze the performance of each model,
and several performance characteristics were derived. In Figure 8, the MobileNetV2 model
has a relatively high accuracy for “Crazing” and “Inclusion” defects, but significant misclas-
sifications are evident for “Patches” and “Scratches” defects. This suggests that the shallow
architecture of MobileNetV2 limits its ability to effectively distinguish among complex
defect features. The ResNet model shows an overall performance improvement with a
deeper neural network structure in Figure 9, but confusion still exists for certain defect
types, indicating a limitation in learning fine-grained defect features. Figure 10 shows that
the ViT model performed well in the identification of “Patches” defects but had a high
misclassification rate for other defect types, indicating weakness in learning local features.
This suggests that ViT models are strong at learning global features but may struggle with
learning local, detailed features. However, as shown in Figure 11, the Hybrid-DC model
achieved excellent classification accuracy on all defect types by learning local and global
features simultaneously, and it showed near-perfect classification performance on a variety
of defects, demonstrating its ability to effectively integrate multi-scale features.



Electronics 2024, 13, 4467 19 of 29

120
o
c
N 31 1 13 1
o
]
100
=4
i=l
g 0 20 0 9
=
£
80
v
v
5 a8 13 13 6
=
o &
E
= 60
L)
2
E o
g - 4 25 11
=
-40
=3
2 - 6 3 8
£
-20
W
]
F=
= - o] 52 3
[
7
' O i N i -0
Crazing Inclusion Patches Pitted Rolled Scratches

Predicted Labels

Figure 8. MobileNetV2 model.
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Figure 10. ViT model.
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Figure 11. Hybrid-DC model.

4.4.3. Micro Metrics

Table 4 compares the performance according to Micro Metrics, which reflects the
contribution of each class equally. For all models, micro precision, micro recall, and micro F1
scores had the same values because the Micro Metrics were calculated in the same way from
the perspective of the entire sample. The Hybrid-DC model’s micro precision, micro recall,
and micro F1 score were all 0.9777, indicating that it maintained high predictive accuracy
for all the samples. These results demonstrate that the Hybrid-DC model performed well
on the entire dataset and performed equally well for all defect types. By comparison,
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the ResNet model had a Micro Metric value of 0.8885, which is approximately 10% lower
than that produced by Hybrid-DC. This suggests that Hybrid-DC learned more effectively
for certain defect types. For the ViT model, the Micro Metric value was 0.6444, which
is approximately 34% lower than that produced by Hybrid-DC, while the MobileNetV2
model had the lowest performance at 0.5210. This can be attributed to the failure of the ViT
and MobileNetV2 models to learn enough features of certain defect types.

In conclusion, the Hybrid-DC model scored the highest using the Micro Metrics tool,
clearly demonstrating that it can perform consistently well for all defect types in the defect
detection task. This indicates that it can make an important contribution to maintaining
consistent quality control in manufacturing processes.

Table 4. Micro Metrics of four models.

Model Accuracy Precision Recall F1 Score
MobileNetV2 0.5210 0.5210 0.5210 0.5210
ResNet 0.8885 0.8885 0.8885 0.8885
ViT 0.6444 0.6444 0.6444 0.6444
Hybrid-DC 0.9777 0.9777 0.9777 0.9777

4.4.4. Weighted Metrics

Table 5 shows the performance of each model based on Weighted Metrics, which
allows us to evaluate the performance considering class imbalance by calculating the
metrics proportional to the size of each class. The weighted precision, weighted recall,
and weighted F1 score of the Hybrid-DC model were 0.9781, 0.9777, and 0.9778, respectively,
which shows that the Hybrid-DC model maintained a high level of performance despite
the data imbalance between classes. These metrics suggest that the Hybrid-DC model
achieves high accuracy and recall, particularly for classes with large amounts of data, which
supports its strong generalization ability. However, the ResNet model performed poorly
compared with Hybrid-DC, with a weighted F1 score of 0.8881, followed by ViT with 0.6645
and MobileNetV2 with 0.5228, which are significantly lower than the performance of the
Hybrid-DC model. This shows that the Hybrid-DC model provides superior classification
performance for different defect types and has good predictive power even in the presence
of class imbalance.

Table 5. Weighted Metrics of four models.

Model Accuracy Precision Recall F1 Score
MobileNetV2 0.5210 0.5689 0.5210 0.5228
ResNet 0.8885 0.8950 0.8885 0.8881
ViT 0.6444 0.7031 0.6444 0.6645
Hybrid-DC 0.9777 0.9781 0.9777 0.9778

The Hybrid-DC model therefore outperformed the other models in Weighted Metrics,
demonstrating that it can maintain consistent performance in real-world environments
with class imbalances. These results strongly suggest that the Hybrid-DC model can be an
effective tool in manufacturing environments with different defect types and an unbalanced
data distribution.

The analysis of these experimental results suggests that this research can make the
following contributions. The proposed Hybrid-DC model achieved significantly lower
loss values and greater accuracy compared with ResNet. This can be attributed to the
combination of the hybrid attention layer and the attention fusion mechanism, which signif-
icantly improved the feature-extraction ability of the model. In particular, this combination
played an important role in effectively recognizing and classifying defects on complex steel
surfaces, which is an important factor in demonstrating the superiority of the Hybrid-DC
model over traditional models. In terms of validation accuracy, Hybrid-DC had a high
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performance of 0.9944, indicating that the model has good generalization performance not
only on training data but also on test data. ResNet had a relatively low validation accuracy
of 0.9389, suggesting that the Hybrid-DC model can perform more consistently and reliably
in a variety of data environments. In addition, structural improvements to the Hybrid-DC
model enhanced the model’s ability to respond to complex data patterns, making it more
applicable to real-world industrial environments.

The Hybrid-DC model converged quickly and reached high accuracy from the begin-
ning due to its efficient learning, while ResNet converged relatively slowly, requiring more
epochs. This suggests that the Hybrid-DC model has the ability to quickly identify patterns
in the data from the initial training phase to optimize the model. This rapid-convergence
property can maximize time and resource efficiency when training models on large datasets.

4.4.5. Statistical Significance

The performance of Hybrid-DC was analyzed through a comprehensive performance
evaluation, comparing it to MobileNetV2, ResNet-50, and Vision Transformer (ViT). Accu-
racy, 95% confidence interval, computational complexity (GFLOPS), and frames per second
(FPS) were used as evaluation metrics, and the T-statistic and p-value were used to verify
the statistical significance of the comparison with Hybrid-DC. The figures for each metric
can be found in Table 6.

Table 6. Testing for statistical significance.

Confidence T-Statistic p-Value
Model Accuracy Interval (95%) GFLOPS FPS (Hybrid-DC vs.) (Hybrid-DC vs.)
MobileNetV2 0.5311 0.4989-0.5633 0.326 101.13 821.1439 <0.0001
ResNet-50 0.8933 0.8733-0.9111 4.132 88.41 274.7501 <0.0001
ViT 0.6511 0.6189-0.6789 16.864 79.60 641.2823 <0.0001
Hybrid-DC 0.9878 0.9811-0.9944 24.177 38.88 - -

Hybrid-DC, with an accuracy of 0.9878, significantly outperformed the other models.
The 95% confidence interval was narrow, ranging from 0.9811 to 0.9944, demonstrating
the stability of its performance and the reliability of its predictions. ResNet-50 performed
well with an accuracy of 0.8933, but the comparison with Hybrid-DC showed a statistically
significant difference. MobileNetV2 and ViT showed accuracies of 0.5311 and 0.6511, re-
spectively, and performed relatively poorly compared to Hybrid-DC. This suggests that
Hybrid-DC provides more consistent performance for different data patterns. The compu-
tational complexity and processing speed analysis showed the advantages and disadvan-
tages of Hybrid-DC. Hybrid-DC had a high computational complexity of 24.177 GFLOPS
and a relatively low processing speed of 38.88 FPS. In comparison, ResNet-50 recorded
4.132 GFLOPS and 88.41 FPS, showing efficiency with low computational cost but high
processing speed. MobileNetV2 recorded the lowest GFLOPS (0.326) and highest FPS
(101.13), demonstrating the benefits of a lightweight model. ViT had a medium level of
computational complexity and processing speed, with 16.864 GFLOPS and 79.60 FPS. These
results suggest that Hybrid-DC provides high performance but at a high computational
cost. The T-statistic and p-value analysis further supported the performance superiority
of Hybrid-DC. The p-value is very small, less than 0.0001 for all models, proving that
the performance difference of Hybrid-DC is statistically significant. The comparison with
MobileNetV2 had the highest T-statistic of 821.1439, indicating the most significant per-
formance difference from Hybrid-DC. The T-statistic with ResNet-50 is 274.7501 and the
T-statistic with ViT is 641.2823. All of these results show that the performance difference
from Hybrid-DC is statistically significant.

In conclusion, Hybrid-DC outperformed the other models, based on its high accu-
racy and stability, and demonstrated its superiority in various performance metrics. Al-
though the computational complexity and processing speed come at a somewhat higher
cost, the excellent prediction performance and consistent results show that Hybrid-DC
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can be a valuable solution in a variety of industrial applications. Future research will
require the introduction of model lightweighting and optimization techniques to increase
computational efficiency.

4.4.6. LIME

The interpretation results of Locally Interpretable Model-agnostic Explanations (LIME)
provide important insights into how the Hybrid-DC model recognizes and predicts var-
ious defects on the steel surface. For each defect, the areas the model focused on can be
seen visually, which shows how the features learned by the model are connected to the
actual defect.

In Figure 12, the areas that the model focused on during the “Crazing” defect predic-
tion process are highlighted by the yellow outline. This result shows that the model focuses
on regions that match the actual defect site when recognizing “Crazing” defects, suggesting
that the Hybrid-DC model has a good understanding of the unique pattern of these defects.

Original Image

True: Crazing, Pred: Crazing LIME Explanation

Figure 12. Crazing defect.

Figure 13 provides an interpretation of the “Inclusion” defect. The model pays at-
tention to areas that reflect the characteristics of the “Inclusion” defect, which supports
the reliability of its predictions. The fact that the model makes consistent predictions by
focusing on the key characteristics of the defect indicates that the model understands the
intrinsic nature of the defect beyond simply learning data patterns.

Original Image
True: Inclusion, Pred: Inclusion

LIME Explanation

Figure 13. Inclusion defect.

The interpretation of the “Patches” defect in Figure 14 shows that the model correctly
recognizes the unique pattern of this defect. The highlighted areas in the LIME interpreta-
tion show that the model has learned the structural characteristics of the “Patches” defect.
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This is an important indication that the model understands the intrinsic structure of the
defect, not just the outward patterns in the data.

Original Image
True: Patches, Pred: Patches LIME Explanation
. ,

Figure 14. Patches defect.

Figure 15 shows where the model focused its analysis when predicting the “Pitted
Surface” defect. The yellow-colored areas show that the model focuses on areas that reflect
the depth and texture of the “Pitted Surface” defect, indicating that the model recognizes
the subtle features of the defect during the prediction process.

Original Image
True: Pitted, Pred: Pitted

LIME Explanation

Figure 15. Pitted defect.

Figure 16 shows the characteristic texture that the model noted during the prediction
of the “Rolled” defect. The LIME interpretation results provide visual confirmation that the
model is focused on the unique pattern and texture of the “Rolled” defect, and this focus
supports that the model’s predictions are based on recognizing the intrinsic nature of the
defect, rather than just recognizing data patterns.

Finally, Figure 17 shows that the model pays attention to the long, irregular scratch
lines when predicting the “Scratches” defect. The way the model centers its defect recog-
nition around the scratch lines shows that the Hybrid-DC model has learned the linear
pattern of the “Scratches” defect accurately.

This LIME-based interpretation lays the foundation for manufacturing process experts
to gain a deeper understanding of the model’s predictive process. In particular, the visu-
alization of how the model perceives and analyzes each feature of a steel surface defect
provides a basis for confidence in the model’s predictive accuracy. Based on these interpre-
tations, experts can understand the discrepancy between the structural pattern of the defect
and the model’s perception and provide feedback to improve the model when prediction
errors occur. The explainability of Hybrid-DC models can also be leveraged to increase the
transparency of defect detection in manufacturing processes and provide confidence in
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the predicted defects, maximizing process efficiency and enhancing quality control. In this
way, the interpreted results of the model can be used as an important basis to facilitate
collaboration with manufacturing process experts to improve prediction accuracy and
increase the practicality of defect detection. Overall, the Hybrid-DC model proved to be
effective in detecting and classifying various defects on steel surfaces with high precision.
The ability to accurately detect defects of various shapes and sizes can be an important
factor in maintaining consistent quality control in the manufacturing process. This perfor-
mance suggests that the implementation of an automated steel surface defect inspection
system can reduce the reliance on human resources in manufacturing, reducing costs and
increasing productivity at the same time.

Original Image
True: Rolled, Pred: Rolled

Figure 16. Rolled defect.

Original Image
True: Scratches, Pred: Scratches

Figure 17. Scratches defect.

5. Discussion

The Hybrid-DC model proposed in this study has demonstrated excellent performance
in surface defect detection and classification tasks. However, this study faces several
limitations that should be addressed in future research.

First, the model relied on the NEU-DET dataset, which consists of a limited set of defect
types and images collected under uniform conditions. This dataset may not fully reflect the
variability found in real-world steel manufacturing environments, where defect types and
conditions can vary significantly. To enhance the robustness and generalization of the model,
future research should focus on collecting multi-source datasets that encompass a broader
range of defect types and environmental variations. Additionally, data-augmentation
techniques can be used to further improve the model’s resilience to varying conditions.
Further research will be required to investigate whether the method proposed in this work
can achieve fine-grained cross-domain recognition. In particular, it is important to build
mechanisms that can distinguish between fine feature differences in defects, and this will
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require further research to leverage techniques such as domain adaptation to improve
the generalization performance of the model. This future research will allow the model to
better adapt to new, unseen defect types or environmental conditions, which is critical for
real-world applications in diverse manufacturing contexts.

Second, the high computational cost associated with the Hybrid-DC model’s complex-
ity may limit its practical applicability in real-time flaw detection scenarios. The model’s
large architecture leads to high memory usage and slower inference speeds, which could
be problematic in industrial settings where real-time analysis is required. To address this,
future work should focus on improving computational efficiency through techniques such
as knowledge distillation and network pruning. These methods can help reduce the model’s
size and computational demands while preserving performance. In addition, optimiza-
tion techniques such as pruning and quantization need to be further explored to improve
real-time classification accuracy, maximizing the lightweight property and efficiency of the
model. These techniques will play an important role in reducing the high computational
costs in manufacturing environments and making models more responsive. By adopt-
ing these optimization techniques, the model’s suitability for deployment in real-time,
high-throughput manufacturing environments can be significantly enhanced.

Third, the prediction process of the Hybrid-DC model currently operates as a black box,
which can make it difficult for practitioners in the industrial field to understand and trust
the model’s decision-making process. Transparency in model predictions is particularly
important in high-stakes environments such as steel manufacturing, where understanding
the rationale behind decisions can help operators make informed choices. Therefore, future
research needs to specifically address how explainable AI (XAI) techniques can be used to
more transparently visualize and explain the model’s predictive process and rationale for
decisions. In particular, the XAl technique LIME was useful in explaining the image regions
that the model paid attention to when detecting defects, which allowed us to understand
how closely the features learned by the model matched the actual defects. Future work
needs to apply more sophisticated XAI techniques to the Hybrid-DC model to clarify the
rationale behind the model’s decisions and integrate them with visual tools that can be
easily understood in a manufacturing environment. These efforts will increase the trans-
parency and reliability of the model, especially in high-risk manufacturing environments,
making the results more credible to practitioners in the field. Implementation of these XAI
methods can bridge the gap between the model’s complex decisions and the interpretation
needs of industry experts, thus enhancing both transparency and reliability.

To this end, future research should focus on expanding the scope of application of
the Hybrid-DC model beyond steel manufacturing to other industries that require high-
precision inspection, such as semiconductor manufacturing, automotive parts inspection,
and aircraft parts maintenance. This extension will validate the generalization performance
of the Hybrid-DC model and explore its potential for solving multiple defect detection
problems. Optimization studies are also needed for real-time applications of the Hybrid-DC
model. In addition to lightweighting the model, real-time processing capabilities can be
enhanced by integrating hardware acceleration techniques and software optimizations
that improve the model’s real-time processing capabilities, which will increase its practical
applicability in industry. Furthermore, research is needed to transparently explain and vi-
sualize the prediction process of Hybrid-DC models by applying explainable Al techniques.
This will be an important factor in enhancing the reliability of the model and promoting its
adoption in the manufacturing environment.

6. Conclusions

In this study, we proposed Hybrid-DC, a hybrid deep-learning model combining
ResNet and ViT, to improve performance in steel surface defect detection and classification
tasks. By combining the low- and high-level feature-extraction capabilities of ResNet with
the global contextual learning capabilities of ViT, the Hybrid-DC model was designed to
effectively learn and classify various defect types and complex visual patterns. Experimental
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results show that the Hybrid-DC model outperforms the traditional ResNet, MobileNetV2,
and ViT models in steel surface defect detection and classification, achieving high accuracy
and low loss values. The superiority of the Hybrid-DC model was demonstrated through
several performance metrics. In the Micro Metrics analysis, Hybrid-DC achieved the highest
micro precision, recall, and F1 scores, achieving even and high prediction performance
for all defect types. This indicates that the Hybrid-DC model can weight each defect class
equally, minimizing the overall number of errors and performing consistently across the
dataset. In the Weighted Metrics results, the Hybrid-DC model also outperformed the other
models in evaluations that accounted for class imbalance, demonstrating its potential to
effectively handle the varying conditions and complexity of real-world manufacturing
environments. In particular, the Hybrid-DC model maintained high precision, recall, and F1
scores even for datasets with class imbalances, suggesting that it can achieve the accuracy
and reliability required by industrial settings. The structural design of the Hybrid-DC model
is expected to play a key role in the more precise detection and classification of various
defects in steel manufacturing. This study demonstrates that the effective combination
of a hybrid attention layer and an attention fusion mechanism can enhance the feature-
extraction ability of the model, overcoming the limitations of existing models in recognizing
and classifying defects on complex steel surfaces. These structural improvements allow
the model to converge rapidly at the beginning of training, enabling it to achieve good
performance in fewer training epochs. This suggests that the Hybrid-DC model has the
potential to be used effectively in real-time defect detection.

This study also shows that Hybrid-DC models can play an important role in improving
the quality of steel products and can increase the efficiency of defect detection to achieve
both production cost reduction and time reduction. Furthermore, the Hybrid-DC model can
be effectively applied to a variety of other industries, including semiconductor manufactur-
ing, automotive parts inspection, and aircraft parts maintenance. This extension provides
an opportunity to explore the potential of the Hybrid-DC model as a novel solution to
various flaw detection problems. In conclusion, this study demonstrated the validity of the
Hybrid-DC model as a novel approach to steel surface defect detection and classification,
which makes a valuable contribution to automation and quality control in manufacturing.
Further research on successful applications of the Hybrid-DC model should continue in
various industries, as it can play an important role in increasing productivity and quality
across industries.
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