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Research on industrial defect detection based on improved YOLOv7-Tiny
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Abstract: Aiming at the requirement of high efficiency detection of industrial product defects in modern industrial production, a
defect detection method based on improved YOLOv7-Tiny is proposed, taking steel defects as an entry point. Firstly, the DCNv3
network is fused with the backbone network layer of YOLOv7-Tiny to improve the sensitivity of the model to defects of different
sizes and shapes. Secondly, CABM attention mechanism is introduced to strengthen the network ‘s ability to perceive important
information in feature maps. Then, CARAFE operator is used in the network feature fusion layer to improve the inadequate use of
the original network semantic information. Finally, the loss function based on normalized Wasserstein distance is used to improve the
sensitivity of the network to the position deviation of the predicted frame and the real frame in small target detection. Experimental
results show that the improved YOLOv7-Tiny algorithm in this paper has an average accuracy of 77.5% on the open source steel
defect dataset NEU-DET, which is 4.3% higher than that of the original algorithm, and the number of model parameters is 11.3%
lower than that of the original YOLOvV7-Tiny algorithm.The balance between detection accuracy and model complexity is achieved.
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Tab. 1  The hardware environment and software environment

adopted in the experiment
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CPU XU NVIDIA 2080Ti
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RS 2 > ks Pytorch 1.9.0 + cudal0.2
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Tab. 2 The training parameters used in the experiment

SRR 2R
epochs 300
batch—size 64
learning—rate 0.01
momentum 0.937
weight—decay 0.000 5
img—size 640 * 640
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Tab. 3 Comparative experimental results

Ak mAP@ 0.5/ % Model Size/MB
SSD 52.7 102.0
RetinaNet 63.4 139.0
YOLOvS5s 72.9 14.5
YOLOV7 75.4 72.0
YOLOv7-Tiny 73.2 12.3
SCHk[21] 75.1
k[ 22] 74.1
Improved-YOLOv7-Tiny 71.5 10.9
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Tab. 4 Analysis of ablation experimental results

Jrik ELAN-DCNv3 ELAN-CBAM CARAFE NWD mAP@0.5/ % Model Size/MB
YOLOv7-Tiny x x x x 73.2 12.3
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Wik — vV vV x x 74.9 10.8
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fgiiq ] v Vv vV vV 71.5 10.9
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