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	 Welding is a crucial process in manufacturing, but traditional inspection methods are slow, 
prone to errors, and labor-intensive. Automated detection using artificial intelligence offers a 
sustainable way to enhance efficiency and cut waste. In this study, we created an AI-driven 
framework to identify resistance spot welding defects by combining deep learning with 
experimental validation. ResNet18, ResNet50, UNet, and ResUNet were used to classify and 
segment weld images. Tensile testing pinpointed defective joints with stresses below 25 MPa, 
whereas resistivity tests showed that defective welds had a significantly higher electrical 
resistance. ResNet50 achieved the highest classification accuracy at 95%, and ResUNet provided 
the best segmentation with a mean Dice coefficient of 87%. These results show that combining 
AI with mechanical and electrical validation offers a reliable, efficient, and sustainable method 
for detecting welding defects. The proposed framework supports smart manufacturing and helps 
advance circular economy practices.

1.	 Introduction

	 Welding plays a crucial role in manufacturing automotive, electronics, and energy sectors, 
yet ensuring the reliability of welded joints remains a persistent challenge. Recent work has 
applied deep convolutional neural networks to classify welding defects from radiographic 
images, demonstrating the feasibility of image-driven inspection.(1) Automated detection using 
artificial intelligence offers a sustainable approach to improve efficiency and reduce waste. 
Deep-learning-based automated detection approaches have enabled the real-time identification 
of welding defects with improved efficiency and accuracy.(2) Conventional defect inspection 
relies heavily on manual visual examination, which is subjective, time-consuming, and prone to 
human error.(3,4) As product quality standards and sustainability requirements become 
increasingly strict, industries turn to automated inspection systems to improve efficiency, reduce 
costs, and minimize material waste.(5,6) Deep-learning-based object detection techniques have 
also been applied to weld radiographs to locate and classify defects automatically.(2) Recent 
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advances in artificial intelligence (AI) and computer vision have enabled the real-time detection 
of welding defects, addressing key challenges in sustainable production.(7)

	 Among these approaches, deep learning has become a powerful tool for image-based defect 
recognition and segmentation. Convolutional neural networks (CNNs), such as ResNet, have 
delivered superior classification performance by addressing the vanishing gradient problem 
through residual connections.(8) Moreover, U-Net architectures are recognized for effectively 
capturing spatial features in semantic segmentation tasks.(9) ResUNet has demonstrated 
improved performance in pixel-wise defect localization.(10) Additionally, combining mechanical 
and electrical validation, such as tensile and resistivity tests,(4,5) provides further insights into 
welded joints’ structural and functional reliability, helping to align AI predictions with real-
world manufacturing needs. Similar approaches have been reported in nanocomposites, where 
aluminum nanoadditives enhance both the mechanical and tribological properties of cellulose-
based materials.(11) In addition, Al₂O₃ nanofluid lubricants modified with tannic acid and 
carboxymethyl have shown improved stability, superior anti-corrosive behavior, and enhanced 
tribological performance, further highlighting the importance of material-based validation for 
sustainable applications.(12) Furthermore, studies on MoS₂/hydroxypropyl methylcellulose 
composite thin films have demonstrated that effective deagglomeration significantly improves 
tribological behavior, underscoring the role of microstructural control in enhancing surface 
durability and functional reliability.(13)

	 In this study, we hypothesize that combining ResNet and ResUNet architectures with 
experimental validation offers an accurate, efficient, and interpretable solution for detecting 
welding defects. We suggest that this dual approach achieves higher classification and 
segmentation accuracy, and uncovers the relationship among defect conditions, tensile strength, 
and resistivity, thereby advancing sustainable manufacturing practices.

2.	 Materials and Methods 

2.1	 Sample preparation and mechanical/electrical tests 

	 Nickel-coated aluminum sheets (20 × 5 mm2, thickness 15 μm) were resistant spot-welded at 
1200 A. A stretching test was used to categorize the samples: welds with tensile stress ≥ 25 MPa 
were considered good, whereas those with tensile stress ≤ 25 MPa were classified as 
defective.(14) Four-point probe (Kelvin method) resistivity measurements were performed to 
analyze the relationship between weld quality and electrical performance.

2.2	 Image acquisition and dataset preparation

	 A Hayear 14 MP digital camera with a 180× C-mount lens was mounted on an aluminum 
extrusion frame to capture 1080 × 1080-pixel weld images. Eight hundred sixty-eight images 
were collected, with 365 good and 503 defective. Defective welds were manually annotated 
using LabelMe for segmentation. Data augmentation and fivefold cross-validation were applied, 
with 80% for training, 20% for validation, and 100 additional images for testing.
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2.3	 Deep learning models and training setup

	 For classification tasks, we employed ResNet18, ResNet50, and VGG16 architectures. 
Previous work used VGG16 transfer learning for welding defect classification with promising 
accuracy.(15) The models were trained with binary cross-entropy loss, an Adam optimizer, a 
learning rate of 0.001, a batch size of 4, and 50 epochs. Segmentation tasks used UNet and 
ResUNet with Dice loss, an Adam optimizer, a learning rate of 0.001, a batch size of 8, and 100 
epochs.

2.4	 Performance evaluation

	 Classification accuracy and Dice coefficient were used to quantitatively evaluate the 
performance of the proposed deep learning framework for automated welding defect detection.

3.	 Results and Discussion 

3.1	 Mechanical evaluation of welded joints

	 Defective welds exhibit a rapid decline in stress, whereas good welds maintain higher stresses 
with stable deformation, as shown in Fig. 1. The threshold between acceptable and defective 
welds is set at 25 MPa, as summarized in Table 1.

3.2	 Model training for weld classification

	 Deep learning models were trained to classify weld images, and their performance is 
illustrated in Fig. 2. ResNet18 and ResNet50 showed a faster convergence and a lower validation 
loss than VGG16, confirming their robustness. ResNet50 achieved the highest accuracy with 
95% validation and 94% testing, as summarized in Table 2.

Fig. 1.	 (Color online) Stress–strain curves of weld joints: (a) defective weld showing premature fracture and (b) 
good weld showing stable plastic deformation.

(a) (b)

Table 1 
Tensile strength classification of welds.
Condition Stress
Defective welding part ≤ 25
Good welding part ≥ 25
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	 As summarized in Table 2, ResNet50 consistently outperformed both ResNet18 and VGG16 
in accuracy. ResNet18 still achieved stable classification with slightly lower accuracy, but used 
less GPU memory. These findings suggest that residual connections improve feature extraction, 
and deeper architectures offer only marginal benefits when sufficient training data are available.

3.3	 Electrical resistivity as a validation tool

	 The four-point probe test was performed to confirm the electrical properties of the welds.(16) 
Defective welds exhibited resistivity above 1000 Ω, whereas good welds showed values between 
200 and 400 Ω. These results are summarized in Table 3, which shows the correlation between 
electrical resistance and weld integrity. Table 3 shows that abnormal resistivity in defective 
welds indicates poor bonding and incomplete fusion, with high values linked to voids and spatter 
at the joint interface. These results suggest that resistivity testing complements tensile evaluation 
by linking electrical behavior to weld quality. On the basis of these datasets, we assume that a 
resistivity of 1000 Ω is established as the threshold: welds measuring below 1000 Ω are classified 
as good and those at or above 1000 Ω are classified as defective.

(a) (b)

Fig. 2.	 (Color online) Training and validation loss curves of classification models: (a) ResNet18, (b) ResNet50, and 
(c) VGG16.

(c)

Table 2 
Classification accuracy values of three deep learning models.
Model Validation accuracy (%) Test accuracy (%) GPU memory (GB)
ResNet18 93 92 2.3
ResNet50 95 94 3.5
VGG16 87 84 2.1



Sensors and Materials, Vol. 38, No. 6 (2026)	 3073

Table 3 
(Color online) Resistivity test results of good and defective welds.
Sample Image Condition Microscopy image Resistivity (Ω)

1 Good 244.0

2 Good 389.4

3 Good 268.2

4 Defective 2072.4

5 Defective 3032.6

6 Defective 1688.9

7 Defective 2770.3
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3.4	 Segmentation for defect localization

	 Semantic segmentation was used to locate defect areas within weld images. Figure 3 
illustrates that UNet converged with a higher validation loss, whereas ResUNet showed a 
smoother training progress. Their numerical results are summarized in Table 4, confirming that 
ResUNet outperformed UNet with a mean Dice coefficient of 87%.

3.5	 Visualization of segmentation results

	 Table 5 shows the segmentation results. ResUNet generated clearer masks than UNet. Defect 
boundaries were captured with higher fidelity, enabling the accurate localization of irregular 
regions. This improvement indicates that residual blocks enhance the preservation of structural 
information during segmentation.
	 As summarized in Tables 4 and 5, classification and segmentation models demonstrate 
complementary performance. ResNet50 achieved the highest accuracy in classification, whereas 
ResUNet excelled at pixel-level defect localization. This integrated framework highlights the 
benefits of residual learning for both global and local feature representation.

3.6	 Integrated framework for weld assessment

	 Integrating tensile tests, resistivity measurements, and AI-based models created a reliable 
inspection framework. As shown in Figs. 1–3, physical validation confirmed highly accurate 
model predictions. This multi-level approach ensures that classification and segmentation results 
are based on measurable mechanical and electrical properties.
	 The framework reduces rework and production delays by minimizing reliance on manual 
inspection. As shown in Tables 4 and 5, accurate defect detection prevented defective products 

Fig. 3.	 (Color online) Training and validation loss curves of segmentation models: (a) UNet and (b) ResUNet. 

Table 4 
Segmentation performance of UNet and ResUNet models.
Model Mean dice score (%) GPU memory (GB)
UNet 82 5.6
ResUNet 87 6.0

(a) (b)
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from progressing in the production line. This integration demonstrates a sustainable approach 
that conserves energy, materials, and labor resources.
	 Combining deep learning and sensor validation can go beyond welding inspection. Table 5 
shows that defect localization can be applied to other manufacturing areas that need surface 
quality checks. These findings suggest that AI-driven systems can support circular economic 
practices across different industries.
	 In this study, we utilized two separate models for classification and segmentation, as 
summarized in Tables 4 and 5. Future research should investigate unified networks such as 
Mask R-CNN to improve efficiency. Integrating in real time with welding control can facilitate 
closed-loop optimization for more innovative and sustainable manufacturing.

4.	 Conclusions

	 In this study, we developed an automated framework for welding defect detection by 
integrating deep learning with experimental validation. Tensile tests showed defective welds 
fractured at low stresses, whereas good welds supported high loads with stable deformation. 

Table 5 
(Color online) Comparison of segmentation outputs.
Original Image Ground Truth UNet ResUNet
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Resistivity measurements confirmed that defective joints had a significantly higher electrical 
resistance than sound welds. Classification experiments revealed that ResNet50 achieved the 
highest accuracy and performed better than VGG16 in this study primarily because of its deeper 
architecture with residual connections (skip connections), which effectively address the 
vanishing gradient problem compared with VGG16. Moreover, segmentation tasks demonstrated 
that ResUNet offered a more reliable defect localization than UNet. Skip connections enhanced 
convergence and prevented vanishing gradients, although simpler architectures such as ResNet18 
required less computational memory. This work provides a sustainable inspection approach that 
reduces manual effort, improves detection accuracy, and supports innovative manufacturing 
practices. Future research will focus on developing unified models capable of performing both 
classification and segmentation simultaneously, such as Mask R-CNN, and integrating these 
models with real-time process control to enable closed-loop optimization in advanced 
manufacturing environments. In addition, further investigations are needed to address key 
limitations, including insufficient dataset diversity, potential domain shifts when deployed in 
industrial settings, and the computational cost associated with real-time inference, to ensure the 
robustness and practical feasibility of the proposed approach
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