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Conveyor Belt Defect Detection Network Combining Attention Mechanism with Line Laser
Assistance

SONG Zhen, WANG Jigiang, HOU Moyu and ZHAO Lin

Laser Institute, Qilu University of Technology(Shandong Academy of Sciences) ,Jinan 250104, China

Abstract

low detection accuracy of traditional algorithms,random affine transformation is used to expand the sample dataset. The influence

Aiming to the problems of a wide variety of conveyor belt defects,a small proportion of defect feature pixels,and the

of the correlation between each channel and its contribution value on the model feature extraction is analyzed,and a channel corre-
lation weighted attention mechanism is proposed. The correlation degree and contribution weight of each channel are calculated by
correlation convolution and full connection,and the proportion of corresponding channel information is adjusted to improve the
detection accuracy of the model. The influence of upsampling and convolution block on the size of the output feature map is ana-
lyzed. The original feature pyramid feature convolution block and upsampling structure are improved to enhance the feature ex-
traction and defect detection ability of the algorithm for small targets. Finally, the test is conducted on the conveyor belt defect
data set. The results show that the improved algorithm model can effectively identify the typical defect features such as foreign
body insertion, breakage,and tearing of the conveyor belt. The recognition precision can reach 99. 7% ,the recall rate is increased

to 99. 5% ,and the mean average precision is 99.5%.

Keywords Belt defect detection,Deep learning,Channel association weighting,Small target detection layer
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Table 2 Performance enhancement module indicators change on

test set
Method RATDE AWNet Small Target P R mAP
X X X 0.961 0.969 0.962
J X X 0.963 0.975 0.965
X J X 0.984 0.981 0.985
YOLO + X X J 0.969 0.978 0.974
J J X 0.976 0.981 0.975
X N J 0.991 0.986 0.981
NG X NG 0.986 0.982 0.979
YOLO-ARS </ N N 0.997 0.995 0.995
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Table 3 Different defect detection performance metrics of
YOLO-ARS
Category P R mAP@0. 5
All 0.996 0.996 0.995
Tear 0.997 0.995 0.995
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