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Metal surface defect recognition method based on CNN with PGW-Attention

Zhao Yunliang' Tang Donglin' He Yuanyuan® Ding Chao’ Yang Zhou'

(1. School of Electrical and Mechanical Engineering, Southwest Petroleum University, Chengdu 610500, China;
2. Sichuan Special Equipment Inspection Institute, Chengdu 610061, China; 3. School of Intelligent Manufacturing,
Chengdu Technological University, Chengdu 611730, China)

Abstract: To address the challenges in detecting dispersed and fine defects on metal surfaces, convolutional neural network ( CNN)
often fall short due to their limited ability to capture global features, leading to missed detections and loss of detail in identifying defects
such as oxidation particles, cracks, and scratches. Although Transformers can capture comprehensive global information, the extensive
computation required can be costly. In pursuit of an efficient and accurate method for metal surface defect detection, this study
introduces a novel network architecture, the DPG-Transformer, which synergistically combines the local feature extraction capabilities of
CNNs with the global modeling strengths of Transformer. This integration is facilitated through the use of depthwise separable
convolutions ( DW-Conv) and pooling grid window attention mechanisms ( PGW-Attention). The effectiveness of the DPG-Transformer
was validated on both a proprietary metal defect dataset ( ST-DET) and a public dataset ( NEU-CLS), achieving defect detection
accuracies of 99.3% and 99.6%, respectively, and outperforming several classic networks in terms of accuracy, computational
efficiency, and floating-point operations. Additionally, visualization experiments demonstrated that the DPG-Transformer more
comprehensively extracts defect features associated with corrosion and scaling compared to CNN models, and more precisely focuses on
the global features of elongated cracks and scratches than Transformer models. The results indicate that the DPG-Transformer not only

reduces computational load and complexity but also enhances the comprehensive and precise detection of metal surface defects, making it
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a highly suitable approach for practical applications in metal surface defect detection.

Keywords : metal surface defects; CNN; Transformer; deep convolution; PGW-Attention
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Table 1 Specific parameters of DPG-Transformer
5 itk it T 3 briEfl T AL TEEI1k BB pg JZEL
Covn 24 GelLU - 3 1 1
DW_Conv 48 GeLU 3 2 1
DW_Conv 48 BN GeLU - 3 2 1
Stagel CoordAttention 48 BN GelLU -
PGW 48 LN GeLU 3 - - 2
DW_Conv 96 BN GeLU - 3 2
Stage 2 CoordAttention 96 BN GelLU -
PGW 96 LN GeLU 3 - - 2
DW_Conv 192 BN GelLU - 3 2 1
Stage 3 CoordAttention 192 BN GeLU -
PGW 192 LN GeLU 3 - - 2
DW_Conv 384 BN GeLU - 3 2 1
Stage 4 CoordAttention 384 BN GeLU -
PGW 384 LN GeLU 3 - - 2
AvgPool 384 1
FC 384 - - - - - 1
Classifier Num_class 1
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Table 2 Dataset partition parameter table

Sl ST-DET 4i& 42 NEU-CLS $dE4E
7 Co Cr Os Sc Total Rs Pa Cr Ps In Se Total
Wkt 480 480 480 480 1920 210 210 210 210 210 210 1260
Mk 120 120 120 120 480 90 90 90 90 90 90 540
2.2 LBHEMBSEIRE ®3 HAESHRE
R4 Ny Pycharm, S AR R TR 2 ST HE Table 3 Model parameter setting
M Pytorch TF&R 523, B 45 % I AMD EPYC 7R13 48- SHER ULFSL-DET NEU-CLS
Core CPU@2. 65 GHz NVIDIA GeForce RTX 3060 (12 GB) Fg'ff;‘ 32“?)((’):4180 lxozzg(x)zloo
e N a2 N — %/ 5 : *
CPU, BURIAS AL B AR 3 P o PR M [3.3.3.3.] (3,3,3,3]
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T =80 T =80
. HRA 42 42
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Table 4 Ablation experiment
ST-DET ##i 4 NEU-CLS $ti4E
3 SIS
Bk ES Ace/ % FLOPs/G Params/M Ace/ % FLOPs/G Params/M
W-MSA+SW-MSA 98.5 3.65 4. 86 98.9 0. 86 4. 86
Self-Attention W-MSA+GW-MSA 98.7 3.65 4. 86 99.2 0. 86 4. 86
W-MSA+PGW-MSA 99.3 3.22 4. 86 99.6 0.75 4. 86
None 98.6 3.21 4.83 98.6 0.75 4.84
. SENet 98.9 3.22 4.85 98.9 0.75 4. 86
Channel-Attention
CBAM 98.9 3.22 4. 85 98. 8 0.75 4. 86
CoordAttention 99.3 3.22 4. 86 99.6 0.75 4. 86
None 97.8 3.12 5.15 98.5 0. 68 5.12
Conv-Mode Traditional-Conv 99.5 4.30 5.65 99. 8 0.94 5.65
DW-Conv 99.3 3.22 4. 86 99.6 0.75 4. 86
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Table 5 Test results of different models

. ST-DET %44 NEU-CLS %448
Ace/% FLOPs/G Params/M T/s Ace/% FLOPs/G Params/M T/s
ViT 98. 1 77.09 86.93 0. 065 8 98.8 16.78 86. 00 0. 060 3
Swin-Transfomer 99.3 20.73 27.503 0.044 2 99.5 4.70 27.53 0.041 2
ResNet34 98.7 16. 88 21.29 0. 036 6 99. 4 3.60 21.28 0.032 0
GoogleNet 98. 1 7.31 5.98 0.036 7 98.5 1.51 5.97 0.0330
DPG-Transformer 99.3 3.22 4. 86 0.042 7 99. 6 0.75 4. 86 0.0389
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