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Defect detection for stamping parts surface based on SP-DDN
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(1. School of Mechanical Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China; 2. School of
Mechanical Engineering, Shanghai Jiao Tong University, Shanghai 200240, China)

Abstract: Traditional defect detection methods for body stampings face challenges due to the wide
range of defect sizes and minimal differences between defect classes, resulting in low accuracy and
limited industrial applicability. A deep learning defect detection model SP-DDN with channel self-
associative feature pyramid was proposed. The model extended the feature pyramid structure to obtain a
new feature fusion CFPN structure, and added a channel correlation analysis attention module to the

structure to improve the feature extraction capability of the model for the differences between multiple
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classes of defects and enhanced the defect detection accuracy of the model. K-means++ was applied to

cluster the defect data in the dataset to generate specific pre-checked boxes and solved the problem of

mismatch between the default pre-checked box size and the actual defect size. Finally, application

validation was carried out using a self-made surface defect dataset of stamped parts and a publicly

available surface defect dataset of hot rolled steel. The results show that the method in this paper
improves the mAP by 3.1% and 4.0% and the recall by 1.5% and 5.5%, respectively, compared with the

benchmark network.

Keywords: defect detection; stamped parts; k-means++; self-attention mechanism
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Fig.4 K-means++ clustering results for pre-selected boxes on two surface defect datasets
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Tab.3 Results of ablation experiments

SP-NET NEU-DET
CFPN SCBAM K-means++

mAP/% R/% mAP/% R/%

90.3 97.4 71.1 82.0

R 90.8 97.9 71.6 83.6

\/ \/ 93.0 98.4 74.7 84.8

v \ N 93.4 98.9 75.1 87.5
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Tab.4 Experimental results of SCBAM module location and
parameter analysis

ERT S HEEX mAP / % R/ %
@ BEMEM LS 71.6 83.6
@ C4/150 71.6 83.5
® C4/300 724 84.2
@ C1/150 713 82.8
® C1/200 72.0 82.9
® C3&C4/300 72.6 83.9
@ C2&C38&C4/300 734 83.7
C1&C2&C3&C4/300 75.1 87.5
© C1&C2&C3&C4/30 74.7 84.8
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Fig.9 Results of clustering
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Tab.5 Loss function for network

iRl FieSiHES

P SHE [ R BEAREEBR

Faster R-CNN FPN Cross Entropy Loss

Cascade R-CNN Cross Entropy Loss

L1 Loss

Smooth L1 Loss

YOLO v3 Cross Entropy Loss MSE Loss.Cross Entropy Loss Cross Entropy Loss
Retina Net Focal Loss L1 Loss
yoLo x™ Focal Loss GIoU Loss.DIoU Loss
EFPN"” Cross Entropy Loss L1 Loss
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Fig.10 SP-NET training loss
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Tab.6 Performance of different detection algorithms on a dataset of surface defects on stamped parts
; AP /% =il
iRUIERES - mAP / % R % FPS /(task's °) Param / M
10 plfs 1M JEIR
Faster R-CNN 90.4 90.4 90.2 90.1 90.3 97.4 17.8 41.15
Cascade R-CNN 99.5 90.8 90.7 90.5 92.9 97.9 14.5 68.94
YOLO v3 87.2 74.5 90.6 90.0 95.3 95.3 23.3 3.67
Retina Net 90.9 88.1 90.8 90.6 90.1 97.7 19.0 35.62
YOLO X 90.8 90.2 99.8 89.8 92.7 99.35 19.1 8.94
EFPN 99.8 70.6 90.8 90.9 88.0 94.15 16.6 43.27
AL 99.8 91.7 91.2 90.8 93.4 98.9 16.7 41.15
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Tab.7 Performance of different detection algorithms on hot rolled steel surface defect dataset

[ioRlll=RZR APL% mAP / % R/ % FPS/(task-s ) Param / M
ey FSn BE A SRS Ak Xl

Faster R-CNN FPN 34.0 74.8 77.1 86.6 64.6 89.6 71.1 82.0 18.1 41.15
Cascade R-CNN 349 66.8 85.1 87.7 62.7 89.5 71.2 80.9 14.5 68.94
YOLO v3 16.4 62.7 73.7 74.2 41.0 76.2 57.4 67.8 23.3 3.67
Retina Net 45.6 70.5 84.6 86.5 71.1 81.8 73.3 95.7 19.0 35.62
YOLO X 31.4 72.3 86.0 83.2 60.4 88.3 70.3 96.35 19.1 8.94
EFPN 31.6 44.5 74.3 85.0 61.0 61.4 59.6 72.85 16.4 43.27
AR 45.9 75.3 86.7 87.3 66.9 88.6 75.1 87.5 16.7 41.15
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