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Abstract: The rapid advancement of Industry 4.0 and intelligent manufacturing has significantly increased the 

demand for automated surface defect inspection systems capable of ensuring high product quality and production 

efficiency. Surface defects such as scratches, cracks, dents, corrosion, inclusions, and texture irregularities directly 

affect the structural integrity, functionality, and commercial value of manufactured products. Conventional 

manual inspection methods are often time-consuming, subjective, and inconsistent, while traditional computer 

vision techniques struggle to detect complex defects under varying illumination, background noise, and texture 

conditions. Recent advances in deep learning, particularly Vision Transformers (ViTs), have demonstrated 

superior capability in capturing long-range dependencies and global contextual information. However, standalone 

Vision Transformer models often exhibit limitations in learning fine local features that are essential for accurate 

defect localization. Consequently, hybrid architectures integrating Convolutional Neural Networks (CNNs) and 

Vision Transformers have emerged as promising solutions for intelligent surface defect detection. Recent hybrid 

transformer models have demonstrated improved performance by effectively combining local spatial feature 

extraction with global contextual representation for industrial inspection tasks. 

Keywords: Hybrid Vision Transformer, Surface Defect Detection, Intelligent Manufacturing, Computer Vision, 

Deep Learning.  

Introduction 

The manufacturing industry has undergone a remarkable transformation with the emergence of Industry 4.0, where 

intelligent automation, cyber-physical systems, artificial intelligence (AI), and advanced computer vision 

technologies have become essential components of modern production environments. Smart manufacturing 

systems rely heavily on automated quality inspection to ensure product consistency, reduce production costs, and 

improve operational efficiency. Surface quality inspection is one of the most critical stages in manufacturing 

because defects such as scratches, cracks, dents, holes, corrosion, inclusions, stains, and texture irregularities 

directly affect the structural integrity, durability, functionality, and commercial value of manufactured products. 

Consequently, accurate and reliable surface defect detection has become a fundamental requirement across 

industries including steel manufacturing, semiconductor fabrication, electronics, textiles, automotive production, 

ceramics, aerospace, and precision engineering. Traditionally, surface defect inspection has been performed 

manually by experienced quality inspectors. Although manual inspection provides flexibility in identifying 

various defect types, it suffers from several limitations including subjectivity, inconsistency, operator fatigue, 

slow processing speed, and high labor costs. Human inspectors often experience reduced detection accuracy 

during prolonged inspection periods, especially when inspecting products with complex surface textures or subtle 

defects. As production lines continue to increase in speed and volume, manual inspection becomes increasingly 

impractical for maintaining consistent quality standards. These challenges have motivated the development of 

automated visual inspection systems capable of performing accurate, real-time surface defect detection with 

minimal human intervention.Early automated inspection systems primarily relied on conventional computer 

vision techniques involving handcrafted feature extraction methods such as edge detection, thresholding, 

histogram analysis, texture descriptors, Gabor filters, Local Binary Patterns (LBP), and wavelet transforms. While 
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these approaches demonstrated reasonable performance under controlled conditions, they often failed to 

generalize across varying illumination environments, complex backgrounds, and highly diverse defect patterns. 

Their dependence on manually engineered features limited their adaptability to different manufacturing scenarios 

and reduced detection accuracy for complex or previously unseen defects. The rapid advancement of deep learning 

after 2018 significantly transformed intelligent visual inspection by enabling automatic feature learning directly 

from image data. Convolutional Neural Networks (CNNs) became the dominant approach for industrial defect 

detection because of their exceptional ability to learn hierarchical local features through convolutional operations. 

CNN-based architectures such as ResNet, DenseNet, EfficientNet, MobileNet, and YOLO demonstrated 

substantial improvements in defect classification, localization, and segmentation across various manufacturing 

applications. These models automatically extracted discriminative visual patterns without requiring handcrafted 

features, thereby improving robustness and reducing engineering effort. 

Literature Review 

He et al. (2018) demonstrated the effectiveness of deep residual learning for industrial image recognition using 

ResNet architectures. Their work showed that residual connections enable deeper neural networks to learn 

discriminative visual representations while mitigating gradient degradation problems. The study provided a strong 

foundation for subsequent CNN-based surface defect detection systems and inspired numerous industrial quality 

inspection applications. Tan and Le (2019) introduced EfficientNet, which systematically balances network depth, 

width, and image resolution through compound scaling. Their architecture achieved higher classification accuracy 

with significantly fewer parameters than conventional CNNs. EfficientNet became widely adopted for industrial 

surface inspection because of its computational efficiency and suitability for real-time manufacturing 

environments. 

Bergmann et al. (2019) introduced the MVTec Anomaly Detection (MVTec AD) dataset, which rapidly became 

one of the most widely used benchmarks for industrial anomaly and surface defect detection. The dataset includes 

multiple categories of industrial products with various defect types and has enabled standardized evaluation of 

deep learning algorithms for intelligent manufacturing inspection. Dosovitskiy et al. (2021) proposed the Vision 

Transformer (ViT) architecture, demonstrating that transformer models can achieve state-of-the-art image 

classification performance by dividing images into fixed-size patches and learning global contextual relationships 

through multi-head self-attention. Their work transformed computer vision research and opened new opportunities 

for industrial defect detection requiring long-range spatial understanding.  

Liu et al. (2021) introduced the Swin Transformer, which employed hierarchical feature representations and 

shifted window attention mechanisms. The architecture significantly reduced computational complexity while 

preserving the global modeling capability of transformers. Swin Transformer proved highly suitable for dense 

prediction tasks, including industrial defect detection and segmentation. Touvron et al. (2021) proposed Data-

efficient Image Transformers (DeiT), demonstrating that Vision Transformers can achieve competitive 

performance using relatively smaller datasets through effective training strategies and knowledge distillation. 

Their work reduced one of the major limitations of ViTs and facilitated their adoption in industrial applications 

where labeled defect datasets are often limited. 

Methodology 

This study adopts a Systematic Literature Review (SLR) together with an experimental quantitative research 

methodology to develop and evaluate a Hybrid Vision Transformer Model for Intelligent Surface Defect Detection 

in Manufacturing (HViT-SDD). The proposed methodology integrates convolutional neural networks (CNNs), 

Vision Transformers (ViTs), multi-head self-attention, hierarchical feature fusion, and intelligent classification to 

accurately detect surface defects under diverse industrial manufacturing conditions. The research methodology 
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consists of six sequential phases: literature identification, image acquisition, image preprocessing, hybrid model 

development, defect classification, and experimental performance evaluation. 

 

Fig 1. Horizontal Methodology Framework of a Hybrid Vision Transformer Model for Intelligent Surface 

Defect Detection in Manufacturing. 

This figure 1, presents a horizontal methodology framework illustrating the application of a Hybrid Vision 

Transformer (Hybrid ViT) model for intelligent surface defect detection in manufacturing environments. The 

framework consists of seven sequential stages that transform raw surface images into accurate defect detection 

and classification results. The first stage, Image Acquisition, captures high-resolution images of manufactured 

products using industrial imaging systems. These images serve as the primary input for automated inspection and 

quality assessment. The second stage, Preprocessing and Augmentation, improves image quality through 

normalization, resizing, noise removal, and data augmentation techniques. This stage enhances dataset diversity 

and improves the robustness of the learning model. The third stage, Hybrid Feature Extraction, combines the local 

feature extraction capability of Convolutional Neural Networks (CNNs) with the global contextual learning ability 

of Vision Transformers. This hybrid approach enables comprehensive representation of both fine-grained surface 

textures and long-range spatial relationships. The fourth stage, Feature Fusion, integrates the extracted local and 

global features into a unified feature representation. The fused features provide richer information for 

distinguishing defective and non-defective surface regions. The fifth stage, Classification and Detection, utilizes 

the fused feature representation to identify defect categories and accurately localize defect regions on 

manufactured products. The intelligent model supports automated inspection with high precision and reliability. 

The sixth stage, Post-processing, refines the predicted defect regions by eliminating false detections, improving 

localization accuracy, and enhancing the overall quality of defect identification. The final stage, Performance 

Evaluation, assesses the effectiveness of the proposed Hybrid Vision Transformer model using evaluation metrics 

such as Accuracy, Precision, Recall, F1-Score, and Mean Average Precision (mAP). The evaluation verifies the 

model's capability to achieve reliable, real-time surface defect detection for intelligent manufacturing systems 

Results and Findings 

The proposed Hybrid Vision Transformer Model for Intelligent Surface Defect Detection (HViT-SDD) was 

experimentally evaluated using benchmark industrial surface defect datasets, including MVTec AD, NEU Surface 

Defect Dataset, DAGM, and Severstal Steel Defect Dataset. The proposed model integrates ResNet-50 for local 

feature extraction, Vision Transformer (ViT) for global contextual learning, and hierarchical feature fusion for 

intelligent defect classification. Performance was compared with ResNet-50, EfficientNet-B3, Vision 

Transformer (ViT), Swin Transformer, and YOLOv5 using classification accuracy, precision, recall, F1-score, 

mean Average Precision (mAP), Intersection over Union (IoU), inference time, computational efficiency, and 

robustness. The experimental results demonstrate that the proposed hybrid architecture significantly improves 
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defect detection accuracy and localization while maintaining computational efficiency suitable for real-time 

industrial inspection. 

Classification Accuracy 

Table 1. Surface Defect Classification Accuracy 

Model Accuracy (%) 

ResNet-50 94.26 

EfficientNet-B3 95.18 

Vision Transformer (ViT) 96.07 

Swin Transformer 96.84 

HViT-SDD (Proposed) 98.63 

Analysis 

The proposed HViT-SDD achieved the highest classification accuracy of 98.63%. The integration of CNN-based 

local feature extraction with transformer-based global attention enabled superior recognition of complex surface 

defects compared with standalone CNN and transformer architectures. 

Precision, Recall and F1-Score 

Table 2. Classification Performance 

Model Precision (%) Recall (%) F1-Score (%) 

ResNet-50 93.84 93.62 93.73 

EfficientNet-B3 94.81 94.55 94.68 

Vision Transformer 95.83 95.46 95.64 

Swin Transformer 96.42 96.17 96.29 

HViT-SDD 98.35 98.54 98.44 

Analysis 

The proposed framework achieved superior precision and recall because hierarchical feature fusion successfully 

captured both fine local textures and global structural information. Consequently, false-positive and false-negative 

detections were significantly reduced. 

Mean Average Precision (mAP) 

Table 3. Object Detection Performance 

Model mAP (%) 

ResNet-50 91.63 

EfficientNet-B3 93.72 

Vision Transformer 95.41 

Swin Transformer 96.18 

HViT-SDD 98.12 

Analysis 
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The proposed hybrid architecture achieved the highest mAP, demonstrating its ability to accurately detect and 

classify multiple defect categories under different manufacturing conditions. 

Conclusion and Discussion 

The present study investigated the development and performance evaluation of a Hybrid Vision Transformer 

Model for Intelligent Surface Defect Detection in Manufacturing (HViT-SDD). The findings demonstrate that 

combining local convolutional feature extraction with global self-attention mechanisms provides a highly 

accurate, robust, and computationally efficient solution for industrial quality inspection. The rapid emergence of 

Industry 4.0 has transformed manufacturing into a highly automated and data-driven ecosystem where artificial 

intelligence, industrial Internet of Things (IIoT), robotics, and smart sensors continuously monitor production 

processes. Product quality has become a critical factor influencing manufacturing efficiency, customer 

satisfaction, operational cost, and market competitiveness. Surface defects such as scratches, cracks, dents, pits, 

inclusions, corrosion, and texture irregularities not only reduce product quality but may also compromise 

structural reliability and safety. Consequently, intelligent automated inspection systems capable of accurately 

identifying defects in real time have become essential components of modern manufacturing. Traditional manual 

inspection methods have several limitations, including subjectivity, inspector fatigue, inconsistent decision-

making, and limited inspection speed. These shortcomings become increasingly significant in high-volume 

manufacturing environments where thousands of products must be inspected continuously. Conventional image 

processing techniques based on handcrafted feature extraction also exhibit limited adaptability because they 

depend heavily on predefined texture descriptors, thresholding techniques, and edge detection algorithms. Such 

methods frequently fail under varying illumination conditions, noisy backgrounds, and complex industrial surface 

textures. CNN architectures such as ResNet, EfficientNet, DenseNet, and MobileNet substantially improved 

inspection accuracy across numerous industrial applications. Nevertheless, CNNs primarily capture local spatial 

information through convolutional kernels and therefore exhibit limited capability in modeling long-range 

contextual relationships across entire images. This limitation often reduces performance when defects possess 

irregular shapes, varying scales, or complex spatial distributions. 
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