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Abstract 

Deep learning–based welding defect classification often faces challenges such as limited training data, class imbalance, 

and high model complexity, which restrict real-time industrial applications. To address these issues, this paper proposes 

a hybrid CNN–Vision Transformer framework with GAN-based data augmentation for welding defect classification. First, 

welding images acquired using a wide dynamic range visual sensor are preprocessed through binarization, median 

filtering, morphological dilation, and cropping to enhance defect features. A Generative Adversarial Network (GAN) is 

then employed to generate synthetic samples and alleviate dataset imbalance. A lightweight CNN extracts local spatial 

features and reduces feature dimensionality, after which the resulting feature maps are converted into tokens and processed 

by a Vision Transformer encoder to capture global contextual relationships via self-attention. The proposed model 

classifies welding images into four categories: normal, burn-through, undercut, and welding collapse. Experimental results 

demonstrate that the hybrid architecture achieves improved classification accuracy and computational efficiency 

compared with conventional lightweight CNN models. In addition, the model attains 98.25% accuracy on the MNIST 

dataset, validating the effectiveness of the proposed framework. 
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1. Introduction 

Ensuring the structural integrity and long-term reliability 

of welded joints is essential in safety-critical industries 

such as aerospace, energy, transportation, and civil 

infrastructure [1]. Welding forms permanent 

metallurgical bonds through localized melting and 

solidification, producing joints with high load-bearing 

capacity and structural continuity. Its cost effectiveness, 

design flexibility, and ability to join complex geometries 

make welding a dominant fabrication technique in 

modern manufacturing [2]. However, the intense thermal 

cycles associated with welding introduce residual 

stresses, microstructural heterogeneity, and process-

induced imperfections, making weld zones particularly 

vulnerable to defects. Common flaws—including cracks, 

porosity, slag inclusions, lack of fusion, and incomplete 

penetration—can significantly reduce mechanical 

strength, fatigue life, and fracture resistance [3]. If 

undetected, these defects may propagate during service 
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and lead to catastrophic failures, economic losses, and 

safety risks. Therefore, reliable detection and 

classification of welding defects are critical for quality 

assurance and predictive maintenance [4]. 

Traditional non-destructive evaluation (NDE) 

techniques, such as visual inspection, ultrasonic testing, 

and radiographic analysis, are widely used for weld 

assessment [5]. While effective in many cases, these 

methods often rely on skilled operators and subjective 

interpretation, which can introduce variability and reduce 

inspection consistency [6]. Complex weld geometries, 

heterogeneous materials, and subtle defect 

characteristics further complicate accurate detection. 

Manual inspection is also time-consuming and difficult 

to scale for high-volume manufacturing, increasing the 

likelihood of missed defects and delayed decision 

making. Conventional image-processing approaches 

based on handcrafted features frequently lack robustness 

to variations in lighting, noise, and defect morphology 

[7]. These limitations highlight the need for automated 

inspection systems capable of delivering reliable, fast, 

and objective evaluation. 

Recent advances in artificial intelligence, particularly 

deep learning, have enabled significant progress in 

automated visual inspection. Convolutional Neural 

Networks (CNNs) have demonstrated strong capability 

in learning hierarchical feature representations directly 

from raw images, eliminating the need for manual feature 

engineering and improving classification accuracy 

across diverse conditions. In welding defect inspection, 

many studies have improved CNN performance by 

increasing network depth and expanding feature 

representations [5]. Although deeper architectures 

enhance representation capability, they also significantly 

increase computational complexity, parameter count, and 

memory requirements, which may limit their suitability 

for real-time industrial applications. 

In intelligent welding inspection systems, defect 

classification models are expected to operate in real time 

during the welding process, which requires efficient and 

lightweight architectures. Consequently, research on 

lightweight CNN models has attracted considerable 

attention in recent years. Existing architectures such as 

SqueezeNet, MobileNet, and ShuffleNet aim to reduce 

model parameters and computational cost while 

maintaining competitive classification performance [7]. 

In addition to model compression techniques, some 

studies have focused on manually designing compact 

CNN architectures that balance feature representation 

capability and computational efficiency [2], [7]. 

Despite the advantages of CNN-based approaches, 

convolution operations mainly focus on local receptive 

fields, which limits their ability to capture global 

contextual relationships and long-range dependencies 

within images. In welding defect classification, such 

global contextual information may play an important role 

in identifying complex defect patterns that extend across 

larger regions of the weld seam [8]. 

Recently, Vision Transformers (ViTs) [9], have emerged 

as a powerful deep learning architecture capable of 

modeling global dependencies between image regions 

through self-attention mechanisms. Transformer-based 

models have demonstrated strong performance in many 

computer vision tasks by capturing long-range feature 

relationships and improving contextual understanding 

[10]. However, pure transformer architectures generally 

require large-scale datasets and high computational 

resources, which can limit their deployment in industrial 

inspection environments. 

To overcome the limitations of both architectures, recent 

studies have explored hybrid CNN–Transformer models 

that combine convolution-based local feature extraction 

with transformer-based global attention mechanisms. 

Such hybrid architectures have shown promising 

performance in various computer vision tasks, including 

defect detection, medical imaging, and industrial 

inspection [11], [6] 

Another challenge in welding defect classification is the 

limited availability and imbalance of defect datasets, 

since certain defect types occur less frequently in real 

manufacturing environments. Insufficient and 

imbalanced datasets may degrade model generalization 

ability and introduce bias in classification results. To 

address this problem, Generative Adversarial Networks 

(GANs) have been widely used for data augmentation, 

enabling the generation of realistic synthetic samples that 

enhance dataset diversity and improve model robustness 

[12]. 

Motivated by these challenges, this study proposes a 

hybrid CNN–Vision Transformer framework for welding 

defect classification with GAN-based data augmentation. 

In the proposed approach, a lightweight CNN module 

first extracts discriminative local features from welding 

images while reducing spatial dimensionality. The 

extracted feature maps are then transformed into feature 
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tokens and processed by a Vision Transformer encoder to 

capture global contextual relationships through self-

attention mechanisms. Additionally, GAN-based data 

augmentation is employed to generate synthetic welding 

defect samples, addressing dataset imbalance and 

improving training robustness. By integrating CNN 

feature extraction, transformer-based global modeling, 

and GAN-driven data augmentation, the proposed 

framework aims to achieve accurate, efficient, and robust 

welding defect classification suitable for real-time 

industrial inspection applications. 

1.1. Research Contributions  

The main contributions of this study are summarized as 

follows: 

1. Hybrid CNN–Vision Transformer Architecture 

A novel hybrid deep learning framework is proposed that 

integrates a lightweight CNN feature extractor with a 

Vision Transformer encoder to simultaneously capture 

local spatial features and global contextual relationships 

for welding defect classification. 

2. GAN-Based Data Augmentation Strategy 

A Generative Adversarial Network is employed to 

generate synthetic welding defect images, addressing 

data scarcity and class imbalance while improving the 

robustness and generalization capability of the 

classification model. 

3. Lightweight and Efficient Model Design 

The proposed framework adopts a compact CNN 

architecture combined with transformer-based attention, 

enabling reduced computational complexity and efficient 

inference suitable for real-time industrial inspection 

systems. 

4. Enhanced Feature Representation 

By combining convolutional feature learning with 

transformer-based global attention mechanisms, the 

proposed model improves the ability to distinguish 

between different welding defect categories. 

5. Improved Classification Performance for 

Welding Inspection 

Experimental results demonstrate that the proposed 

hybrid model achieves high classification accuracy and 

reliable defect identification, highlighting its potential 

for intelligent weld quality assessment in modern 

manufacturing environments. 

The remainder of this paper is organized as follows. 

Section 2 presents the proposed hybrid CNN–Vision 

Transformer methodology. Section 3 discusses the 

experimental setup and results. Finally, Section 4 

concludes the paper and outlines future research 

directions. 

2- The Proposed Method 

This section describes the proposed model for welding 

defect classification based on a hybrid Convolutional 

Neural Network [13]–Vision Transformer (CNN–ViT) 

architecture with GAN-based data augmentation [14]. 

The main objective of the proposed method is to achieve 

high classification accuracy while maintaining 

computational efficiency suitable for real-time welding 

inspection systems. 

Conventional CNN-based methods can effectively 

capture local spatial features, but they are limited in 

modeling global contextual relationships within images. 

On the other hand, Vision Transformers can model long-

range dependencies using attention mechanisms but 

require large datasets and high computational resources. 

To overcome these limitations, the proposed model 

combines lightweight CNN feature extraction with 

transformer-based global attention. 

In addition, welding defect datasets often suffer from 

insufficient samples and class imbalance, which may 

degrade model generalization. Therefore, a Generative 

Adversarial Network (GAN) is incorporated to generate 

synthetic defect images and increase training data 

diversity. The overall workflow of the proposed method 

consists of four main stages (See Figure 1): 
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Figure 1. The proposed CNN–ViT model for welding defect classification 

2.1. Image Preprocessing 

The welding images are acquired using a wide dynamic 

range visual sensor during the welding process. Due to 

environmental factors such as lighting variation, sensor 

noise, and background interference, the captured images 

may contain irrelevant information that negatively 

affects model performance (See Figure 2). Therefore, an 

image preprocessing stage is applied to enhance the 

quality of the input data. 

Figure 2. Welding images of defect types using a wide dynamic range visual sensor 

The preprocessing procedure includes the following 

steps: 

1. Image binarization [15], which enhances the 

contrast between the weld seam and 

background regions. 

2. Median filtering [16], which suppresses 

impulsive noise while preserving edge 

structures. 

3. Morphological dilation [17], which strengthens 

the defect regions and fills small discontinuities. 

4. Image cropping [18], which extracts the weld 

seam region and removes irrelevant background 

areas. 

Among these operations, median filtering is used to 

remove noise while preserving defect boundaries. The 

filtering operation can be expressed as 

𝐼′(𝑥, 𝑦) = 𝑚𝑒𝑑𝑖𝑎𝑛{𝐼(𝑖, 𝑗) ∣ (𝑖, 𝑗) ∈ Ω(𝑥, 𝑦)} (1) 
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where 𝐼(𝑥, 𝑦)represents the original image, 

Ω(𝑥, 𝑦)denotes the neighborhood window centered at 

pixel (𝑥, 𝑦), and 𝐼′(𝑥, 𝑦)is the filtered image. 

After preprocessing, the resulting images contain clearer 

defect structures and are used as input for the data 

augmentation and classification stages. 

2.2. GAN-Based Data Augmentation 

One of the main challenges in welding defect 

classification is the limited number of labeled defect 

samples. In many industrial datasets, some defect 

categories occur less frequently than others, resulting in 

class imbalance. This imbalance may cause deep learning 

models to favor majority classes and reduce 

classification accuracy for rare defects. 

To address this issue, the proposed method employs a 

Generative Adversarial Network (GAN) to generate 

synthetic welding defect images. A GAN consists of two 

competing neural networks: 

• Generator 𝐺, which generates synthetic images 

from random noise 

• Discriminator 𝐷, which distinguishes real 

images from generated images 

The generator aims to produce realistic defect images, 

while the discriminator attempts to correctly classify 

images as real or generated. The adversarial training 

objective is defined as 

min⁡
𝐺

max⁡
𝐷

𝑉(𝐷, 𝐺) = 𝐸𝑥∼𝑝𝑑𝑎𝑡𝑎(𝑥)[log⁡𝐷(𝑥)] +

𝐸𝑧∼𝑝𝑧(𝑧)[log⁡(1 − 𝐷(𝐺(𝑧)))]⁡(2) 

 

where 𝑥represents real welding, images sampled from 

the dataset distribution and 𝑧denotes random noise input 

to the generator. 

Through this adversarial training process, the generator 

learns to produce synthetic images that resemble real 

defect samples. The generated images are then combined 

with the original dataset, thereby improving dataset 

diversity and class balance. 

2.3. Hybrid CNN–Vision Transformer Feature 

Learning 

To effectively capture both local spatial features and 

global contextual relationships, the proposed framework 

integrates CNN and Vision Transformer architectures. 

The CNN component extracts low-level and mid-level 

spatial features, such as edges, textures, and defect 

shapes. These features are then converted into token 

representations and processed by the Vision Transformer, 

which models global dependencies across the image. 

This hybrid architecture allows the model to 

simultaneously learn fine defect details and global 

structural information, improving classification 

performance. 

2.3.1. CNN Feature Extraction 

The CNN module serves as the initial feature extractor. 

It captures local spatial patterns and performs spatial 

downsampling to reduce the dimensionality of the 

feature maps. 

The convolution operation is defined as 

𝐹𝑖,𝑗
(𝑘) =∑ ∑ 𝑊𝑚,𝑛

(𝑘)
𝑁−1

𝑛=0

𝑀−1

𝑚=0

𝑋𝑖+𝑚,𝑗+𝑛 + 𝑏(𝑘) (3) 

 

where 𝑋represents the input feature map, 𝑊(𝑘)denotes 

the convolution kernel of the 𝑘𝑡ℎfilter, and 

𝐹(𝑘)represents the output feature map. 

A nonlinear activation function such as ReLU is then 

applied 

𝑓(𝑥) = max⁡(0, 𝑥) (4) 

 

which improves the ability of the network to learn 

nonlinear feature representations. 

The CNN layers also reduce the spatial size of the feature 

maps, which decreases the computational burden of the 

subsequent transformer module. 

2.3.2 Token Embedding 

The output feature maps produced by the CNN are 

converted into tokens before being processed by the 

Vision Transformer. 

Assume that the CNN outputs a feature map 

𝐹 ∈ ℝ𝐻×𝑊×𝐶 (5) 

 

The feature map is divided into smaller patches and 

flattened into token vectors. Positional embeddings are 

added to maintain spatial information 
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𝑧0 = [𝑥1, 𝑥2, . . . , 𝑥𝑁] + 𝐸𝑝𝑜𝑠 (6) 

 

where 𝑥𝑖represents the embedding of the 𝑖𝑡ℎpatch and 

𝐸𝑝𝑜𝑠denotes the positional encoding. 

2.3.3 Vision Transformer Encoder 

The token sequence is then processed by the Vision 

Transformer encoder, which captures global 

relationships using the self-attention mechanism. 

The scaled dot-product attention is defined as 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉 (7) 

 

where 𝑄, 𝐾, and 𝑉denote the query, key, and value 

matrices respectively. 

To enhance representation capability, the transformer 

employs multi-head self-attention, defined as 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊
𝑂 

(8) 

 

Each transformer block also includes residual 

connections and feed-forward layers 

𝑧𝑙 = 𝑀𝑆𝐴(𝐿𝑁(𝑧𝑙−1)) + 𝑧𝑙−1 (9) 

𝑧𝑙+1 = 𝑀𝐿𝑃(𝐿𝑁(𝑧𝑙)) + 𝑧𝑙  (10) 

 

which help stabilize training and improve feature 

learning. 

2.4 Feature Fusion and Classification 

To improve representation capability without increasing 

network depth, feature fusion is applied to integrate 

complementary features extracted from the CNN 

module. 

The fusion process is expressed as 

𝐹𝑓𝑢𝑠𝑖𝑜𝑛 = 𝛼𝐹𝑝𝑜𝑠 + (1 − 𝛼)𝐹𝑛𝑒𝑔 (11) 

  

where 𝐹𝑝𝑜𝑠and 𝐹𝑛𝑒𝑔represent complementary feature 

representations. 

The fused feature vector is finally passed to a fully 

connected classification layer, and the probability 

distribution of the defect classes is obtained using the 

Softmax function 

𝑃(𝑦 = 𝑖 ∣ 𝑥) =
𝑒𝑧𝑖

∑ 𝑒
𝑧𝑗

𝐶

𝑗=1

 (12) 

 

where 𝐶is the number of welding defect classes? 

The model classifies welding images into four 

categories: 

i. Normal 

ii. Burn-through 

iii. Undercut 

iv. Welding collapse 

The proposed model integrates image preprocessing, 

GAN-based data augmentation, lightweight CNN feature 

extraction, and transformer-based global attention within 

a unified architecture. By combining local feature 

learning and global contextual modeling, the hybrid 

CNN–ViT model improves welding defect classification 

performance while maintaining computational efficiency 

suitable for real-time industrial inspection systems. 

3- Experimental Results and Analysis 

3.1. Experimental Environment 

All experiments were implemented using the Python 

programming language with common deep learning 

libraries including TensorFlow, Keras, NumPy, Pandas, 

and OpenCV for data preprocessing, model 

development, and performance evaluation. All tests were 

performed on a laptop with an Intel(R) Core (TM) i9-

9900K CPU @ 3.60 GHz, 32 GB RAM, and an NVIDIA 

GeForce RTX 3080 Ti GPU. The GPU significantly 

accelerated the training of the proposed hybrid CNN–

ViT model and the GAN-based data augmentation, 

enabling efficient model training and near real-time 

inference. 

 

 

3.2. Research Evaluation Metrics 
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In testing process, many metrics where be used to assess the proposed model’s performance including recall, accuracy, f1-

score, and precision [15], [16], [17]. All these metrics rely on True Positive (TP), True Negative (TN), False Positive (FP), 

and False Negative (FN).  Equations 13,14,15, and 16 illustrate the utilized performance metrics. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦⁡ = ⁡
𝑇𝑁⁡ + ⁡𝑇𝑃

𝑇𝑁⁡ + ⁡𝑇𝑃⁡ + ⁡𝐹𝑁⁡ + ⁡𝐹𝑃⁡
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(13)⁡ 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡ = ⁡
𝑇𝑃⁡

𝑇𝑃⁡ + ⁡𝐹𝑃⁡
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(14) 

𝑅𝑒𝑐𝑎𝑙𝑙⁡ = ⁡
𝑇𝑃⁡

𝑇𝑃⁡ + ⁡𝐹𝑁⁡
⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(15) 

𝐹 −𝑀𝑒𝑎𝑠𝑢𝑟𝑒⁡ = ⁡2⁡𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡ · ⁡𝑅𝑒𝑐𝑎𝑙𝑙⁡𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⁡ + ⁡𝑅𝑒𝑐𝑎𝑙𝑙             (16) 

 

3.3. Results and Discussion 

This section presents and analyzes the experimental 

results obtained using the proposed hybrid CNN–Vision 

Transformer (CNN–ViT) framework with GAN-based 

data augmentation for welding defect classification. The 

analysis focuses on evaluating the impact of data 

augmentation, the effectiveness of the hybrid 

architecture in feature extraction, and the comparative 

performance of the proposed model against several 

existing deep learning models. The evaluation is 

conducted using key performance metrics including 

classification accuracy, Recall, and average processing 

time per frame, which are essential indicators for both 

classification reliability and real-time industrial 

applicability. 

3.3.1. Comparative Performance Analysis 

To further evaluate the effectiveness of the proposed 

CNN-ViT model, comparative experiments were 

conducted using several widely used deep learning 

models, including MobileNetV3, ShuffleNet, DenseNet, 

VGG16, and AlexNet. Due to the different probabilities 

of defect occurrence in welding processes, the dataset 

exhibits a certain degree of class imbalance. Therefore, 

60% of the dataset was used for training, while the 

remaining 40% was equally divided into validation and 

test sets. 

The comparative results are presented in Figure 3. The 

proposed CNN–ViT model with GAN-based 

augmentation achieves a classification accuracy of 

99.69%, outperforming both lightweight and traditional 

convolutional neural network models. In addition to its 

high accuracy, the proposed model demonstrates 

efficient computational performance. The average 

processing time per frame is 95.37 ms, which is lower 

than that of several lightweight architectures such as 

MobileNetV3, ShuffleNet, and DenseNet. 

The welding defect classification accuracy of the 

proposed model is also higher than that of the traditional 

VGG16 and AlexNet models. At the same time, the 

average prediction time per frame is shorter, 

demonstrating that the proposed model achieves a 

favorable balance between classification accuracy and 

real-time performance. 
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Figure 3. Comparison of classification accuracy and real time of welding defects in each model. 

3.3.2 Recall Performance Evaluation 

To further assess the detection capability of the proposed 

model, the Recall values for different welding defect 

categories were compared with those of the other five 

models, as shown in Figure 4. For normal welding 

images, all models achieved very high recognition 

performance. However, the proposed model achieved the 

highest overall Recall among the compared approaches. 

Even for visually ambiguous defects such as welding 

collapse, the proposed model achieved a Recall value of 

0.97, which is significantly higher than that of the 

comparative models. This indicates that the hybrid 

CNN–ViT architecture is capable of effectively 

distinguishing subtle defect patterns that are difficult to 

identify using conventional CNN models. Figure 4 

illustrates Comparison the recall of welding images. 

 

Figure 4. Comparison the recall of welding images. 
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3.3.3. Confusion Matrix Evaluation Matrix 

The confusion matrix results of the proposed model, 

which integrates MobileNetV3, ShuffleNet, and 

DenseNet, on the test dataset are illustrated in Figure 11. 

The results clearly indicate that the number of 

misclassified defect samples produced by the proposed 

model is significantly lower than those generated by 

VGG16, ShuffleNet, and DenseNet individually. As 

shown in Figure 5, both VGG16 and ShuffleNet exhibit 

relatively higher false positive rates when detecting 

welding collapse defects. Although DenseNet achieves 

higher detection accuracy for welding collapse defects, 

its performance in recognizing the other two defect 

categories remains relatively limited. In contrast, the 

proposed model demonstrates a very low probability of 

incorrectly classifying welding defects as normal 

welding images during the detection process. 

Consequently, the proposed approach achieves superior 

overall detection accuracy compared with the other 

evaluated models.  

Figure 5. Comparison of Confusion matrices with various model. 

4- Conclusion and Future Directions 

4.1. Conclusion 

This study proposed a hybrid CNN–Vision Transformer 

framework with GAN-based data augmentation for 

welding defect classification, aiming to address common 

challenges in automated welding inspection, including 

limited training data, dataset imbalance, and high 

computational complexity. In the proposed framework, 

welding images are first preprocessed through 
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binarization, median filtering, morphological dilation, 

and image cropping to enhance defect visibility and 

reduce noise. To overcome the problem of insufficient 

and imbalanced datasets, a Generative Adversarial 

Network (GAN) is used to generate synthetic welding 

defect images and increase training data diversity. 

A lightweight CNN module is employed to extract local 

spatial features from the welding images while reducing 

feature dimensionality. The extracted feature maps are 

then transformed into feature tokens and passed to a 

Vision Transformer encoder, which captures global 

contextual relationships through a self-attention 

mechanism. By combining convolution-based local 

feature extraction with transformer-based global 

representation learning, the proposed hybrid architecture 

effectively improves defect classification performance 

while maintaining computational efficiency suitable for 

real-time industrial applications. 

Experimental results demonstrate that the proposed 

method achieves reliable classification of welding 

defects and outperforms conventional lightweight CNN 

models. Furthermore, the model achieves 98.25% 

accuracy on the MNIST dataset, confirming the 

robustness and effectiveness of the proposed framework. 

The proposed hybrid approach therefore provides a 

promising solution for automated weld quality inspection 

and intelligent manufacturing systems 

4.2. Future Work 

Although the proposed framework demonstrates 

promising results, several directions can be explored in 

future research to further enhance the system 

performance and practical applicability. 

First, the proposed model can be deployed on edge 

computing platforms or embedded industrial devices to 

evaluate its real-time performance in actual welding 

environments. Second, more advanced transformer 

architectures, such as hierarchical vision transformers or 

Swin Transformers, could be investigated to improve 

feature representation and classification capability. 

Third, future work may explore multimodal welding 

inspection systems by integrating visual images with 

other sensing data, such as thermal imaging or ultrasonic 

signals, to improve detection reliability. Fourth, 

advanced generative models, including conditional 

GANs or diffusion-based models, could be applied to 

generate higher-quality synthetic defect images for 

improved training datasets. 

Finally, extending the proposed framework from defect 

classification to defect localization and segmentation 

would enable more detailed weld quality analysis, which 

is important for intelligent welding monitoring and 

automated manufacturing systems. 

References 

1. Simon, A., & Jose Nereparambil, A. (2025). A 

Comparative Study of Conventional vs. Automated 

Non-Destructive Testing Systems in Welded Joint 

Inspection. 

2. Tadjikuziev, R., Rubidinov, S., & Mamatqulova, S. 

(2024). Advancements in energy-efficient welding 

production techniques: Innovative models and 

methods for combined workpiece fabrication. 

In E3S Web of Conferences (Vol. 583, p. 05005). 

EDP Sciences. 

3. Derbiszewski, B., Obraniak, A., Rylski, A., Siczek, 

K., & Wozniak, M. (2024). Studies on the quality 

of joints and phenomena therein for welded 

automotive components made of aluminum alloy—

A review. Coatings, 14(5), 601. 

4. Mobaraki, M. (2025). Vision-based seam tracking 

and multi-modal defect detection in GMAW fillet 

welding using artificial intelligence (Doctoral 

dissertation, University of British Columbia). 

5. Thi Hoa, N., Ha Minh Quan, T., & Diep, Q. B. 

(2025). Weld-CNN: Advancing non-destructive 

testing with a hybrid deep learning model for weld 

defect detection. Advances in Mechanical 

Engineering, 17(5), 16878132251341615. 

6. Nambiar, A. (2025). Advancing Welding Defect 

Detection in Maritime Operations via Adapt-

WeldNet and Defect Detection Interpretability 

Analysis. arXiv preprint arXiv:2508.00381. 

7. Nguyen, H. G. (2024). Identification of 

Asymptomatic Vertebral Fracture Using Artificial 

Intelligence Methods (Doctoral dissertation, 

University of Technology Sydney (Australia)). 

8. Zhang, M., Feng, M., Chen, C., Yu, X., & Lian, G. 

(2025). Weld defect detection: deep learning-based 

image processing and the mechanisms of defect 

formation. Archives of Computational Methods in 

Engineering, 1-39. 

9. Ahmed, A. S., Abood, I. N., & Taha, M. S. (2026). 

Adaptive Multi-objective Optimization for 

Obstacle-aware Wireless Sensor Network 

Deployment: A Comparative Analysis of State-of-

the-Art Algorithms. International Journal of 

Intelligent Engineering & Systems, 19(2). 



The American Journal of Engineering and Technology 
ISSN 2689-0984 Volume 08 - 2026 

 
 

The Am. J. Eng. Technol. 2026                                                                                                                         11 

10. Jani, J. (2025). Deep Learning-Based Spatter 

Detection and Weld Pool Segmentation for 

Automated Welding Quality Assessment (Master's 

thesis, The Ohio State University). 

11. Ma, M., Yang, L., Liu, Y., & Yu, H. (2024). A 

transformer-based network with feature 

complementary fusion for crack defect 

detection. IEEE Transactions on Intelligent 

Transportation Systems, 25(11), 16989-17006. 

12. Palma-Ramírez, D., Ross-Veitía, B. D., Font-

Ariosa, P., Espinel-Hernández, A., Sanchez-Roca, 

A., Carvajal-Fals, H., ... & Hernández-Herrera, H. 

(2024). Deep convolutional neural network for 

weld defect classification in radiographic 

images. Heliyon, 10(9). 

13. Asraa, S. A., Haddad, A. A. A., Hameed, R. S., & 

Taha, M. S. (2025). An Accurate Model for Text 

Document Classification Using Machine Learning 

Techniques. Ingenierie des Systemes 

d'Information, 30(4), 913. 

14. Jabbar, N. K., Naderan, M., & Taha, M. S. (2025). 

HybridIoMT: A Dual-Phase Machine Learning 

Framework for Robust Cybersecurity in Internet of 

Medical Things. International Journal of 

Intelligent Engineering & Systems, 18(4). 

15. Abdulghani, S. F., Shtayt, B. A., Taha, M. S., & 

Hashim, M. M. (2025, September). Effective 

Knowledge Graph Representation for 

Cybersecurity Using AI-Based X Data and Named 

Entity Relation Technique. In International 

Conference on Cybersecurity and Artificial 

Intelligence Strategies (pp. 71-89). Cham: Springer 

Nature Switzerland. 

16. Ismael, B. M., Ngadi, A. B., Taha, M. S., & Sharif, 

J. B. M. (2026, February). Non-dominated sorting 

genetic algorithm for channel assignment in 

multiple radio interfaces with multiple channels. 

In AIP Conference Proceedings (Vol. 3393, No. 1, 

p. 060041). AIP Publishing LLC. 

17. Chen, X., Wang, P., Pan, Q., & Lin, S. (2018). The 

effect of martensitic phase transformation dilation 

on microstructure, strain–stress and mechanical 

properties for welding of high-strength 

steel. Crystals, 8(7), 293. 

18. Abood, I. N., Ahmed, A. S., & Taha, M. S. (2025). 

An Efficient Genetic Algorithm-based Approach 

for Association Rule Hiding in Privacy-preserving 

Data Mining: A Parallel Processing 

Framework. International Journal of Intelligent 

Engineering & Systems, 18(11). 

19. Abdullah, A. M., Kaittan, A. M., & Taha, M. S. 

(2021). Evaluation of the stability enhancement of 

the conventional sliding mode controller using 

whale optimization algorithm. Indonesian Journal 

of Electrical Engineering and Computer 

Science, 21(2), 744-756. 

20. Taha, M. S., Haddad, A. A. A., Alrashdi, N. A. Y., 

Mahdi, M. H., Khalid, H. N., & Yousif, Q. J. (2021, 

July). An advance vehicle tracking system based on 

Arduino electronic shields and web maps browser. 

In 2021 International Conference on Advanced 

Computer Applications (ACA) (pp. 238-243). IEEE. 

21. Ismael, B. M., Ngadi, M. A., Sharif, J. B. M., & 

Taha, M. S. (2025). Multi-Agent Reinforcement 

Learning for User-Router Assignment in Multi-

Radio Multi-Channel Wireless Mesh 

Networks. International Journal of Intelligent 

Engineering & Systems, 18(8). 

22. Obaid, A. L., Haddad, N. M., & Taha, M. S. (2024, 

November). DL-SCDDS: Accurate Skin Cancer 

Detection and Diagnosis Scheme Based on an 

Improved Convolutional Neural Networks Model. 

In International Human-Centered Technology 

Conference (pp. 201-214). Cham: Springer Nature 

Switzerland. 

 

 

 

 

 

 


