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UWD-Net: A lightweight network design for ultrasonic
welding surface defect detection
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Abstract: Ulirasonic welding technology is widely utilized in industrial manufacturing, however, factors such as welding parameters,
equipment conditions, and operational techniques often lead to diverse welding defects. To enhance welding efficiency, this study
proposes a lightweight deep-learning-based network, ultrasonic welding defect detection network, for ultrasonic welding surface defect
detection. First, to address the limitations of conventional convolutional networks, which are often insensitive to fine details and prone to
losing critical small-scale defect features in welding defect detection, this study introduces a novel stepwise attention convolution module.
The SA-Conv architecture enhances the model’ s ability to perceive defect features while reducing computational overhead. Second, to
tackle the challenge of extracting complex welding defect features, this study designs a defect feature extraction network incorporating a
deformable convolutional network module and a welding defect feature extraction module based on deformable convolution and SA-Conv.
This network significantly improves defect representation in complex backgrounds, enabling the effective extraction of welding defect
features with varying shapes and intricate characteristics. Finally, quantitative and qualitative experimental analyses demonstrate that
UWD-Net achieves superior detection performance on both a self-constructed welding defect dataset and the publicly available NEU-DET
dataset. On the self-constructed dataset, UWD-Net achieves an Fl-score of 0. 952 and a mAP@ 0. 5 of 93. 6%, while on the NEU-DET
dataset, it attains an F1-score of 0. 710 and a mAP@ 0. 5 of 78. 6%, outperforming other benchmark algorithms. Furthermore, UWD-Net
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has a lightweight model size of only 1. 818X 10° parameters and achieves an FPS of 145. 80, effectively balancing detection accuracy and

inference speed. These characteristics make UWD-Net well-suited for real-time defect detection and deployment in industrial

applications.
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Fig. 1 Ultrasonic welding defect detection network architecture diagram
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Fig.2 Stepwise attention mechanism convolutional architecture
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Table 2 Results of experiments comparing different attention mechanisms

®2 ARFEANHIFELEER

it Precision/ % Recall/ % F1 mAP@ 0. 5/% Wi/ fps HEFEHT ]/ ms
CoordAttention 94.3 91.5 0.916 91.6 125. 00 7.88
Triple Attention 93.2 91.7 0.909 90.9 107.53 9.23
SKAttention 93.8 80.5 0. 875 87.5 121. 50 8.05
SimAM 87.5 92.0 0. 861 86. 1 134.05 7.37
LSKAttention 92.4 90.5 0.916 91.6 114.52 8.66
UWD-Net (4<30) 96. 1 94. 4 0.952 93.6 145. 80 6.72
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Table 3 Comparative experimental results of different characteristic pyramid structures

GRS Precision/ % Recall/ % F1 mAP@0.5/% W/ fps B I/ ms
SPP 96.0 92.9 0. 944 91.8 136.79 7.22
SmiSPP 95.4 90.8 0. 930 90.7 135. 14 7.35
BasicRFB 95.8 92.6 0. 942 93.2 126.58 7.88
SPPCSPC 94.2 92.9 0. 935 90.9 121. 95 8. 11
SPPFCSPC 94.5 91.9 0.931 91.7 114. 94 8. 66
SPPF (A ) 96. 1 94. 4 0. 952 93.6 145. 80 6.72
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Table 4 Experimental results of different detection algorithms for ultrasonic welding surface defects

Bk Precision/%  Recall/% FI' mAP@0.5/% Parameters/(x10°) iFR%¥0/GFLOPs W%/ fps R[]/ ms
RT-DETR 91.2 88. 1 0. 896 90. 6 66. 200 110. 000 36.36 27.36
YOLOX 95.9 93.1 0.945 92.2 8.939 26. 766 88. 65 11.21
Faster-RCNN 62.0 96. 2 0.752 91.2 137.099 370.210 35. 46 27.88
Efficient-Det 88.8 69.6 0. 665 75.2 3.830 4.762 97.08 10.27
UWD-Net( 430) 96. 1 94. 4 0.952 93.6 1.818 4.039 145. 80 6.72
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Table 5 Experimental results of different detection algorithms of NEU-DET
Bk Precision/%  Recall/ % F1 mAP@O0. 5/ % Parameters/x 10° TF B/ GFLOPs iR /fps  HEFRATE]/ms
RT-DETR 68. 8 33.6 0. 446 39.1 66. 200 110. 000 36. 50 27.22
YOLOX 79.8 46.9 0.599 68.0 8.939 26. 766 87. 64 11.33
Faster-RCNN 16. 8 90. 4 0.283 73.3 137. 099 370. 210 36.31 27.54
EfficientDet 71.2 19.8 0.310 51.7 3. 830 4.762 98.23 10. 08
UWD-Net (A< 3C) 86.9 60.0 0.710 78.6 1.818 4. 904 144. 50 6. 81
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Fig. 10  Confusion matrix diagram of different detection algorithms
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