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Abstract; In order to detect the cracks existing in the wheelset of airport baggage transportation system, a new wheelset

crack detection method based on YOLOv5 was proposed. In view of the characteristics of small and dense cracks. the follow-

ing measures were taken. The original CloU is replaced by SloU in the Head part of YOLOv5 network. Then the SE atten-

tion mechanism is added to the Backbone part and the Swin-Transformer module is introduced in the Neck part. In addition,

The traditional Conv convolution module is replaced by space-to-depth-Conv in the entire YOLOv5 network. In terms of im-

age preprocessing, image segmentation and subgraph reverse stitching technology are used. Through these improvements,

the feature extraction ability of YOLOV5 for fine and dense cracks is effectively improved, and compared with the traditional

YOLOv5 algorithm, the ability of crack detection has been effectively improved.
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Fast R-CNN™! (fast region-based convolutional
network) L iy Bt (Two-stage) HFRiHH .
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*1 RERE
fic & 44 B fic & 15 B
BAER G Linux
EE python3. 8
CPU Xeon E5-2686 v4
GPU NVIDIA GeForce RTX 3080Ti
GPU i CUDA 11. 0 cuDNN 8.0

3.2 HEENEMIER

Ry TR O e AR R AT P R PE AL X E L FRATT
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K BE B (AP A g A5 Y A6 I 24 2R %) 17 A 48 4
HE R UL P AR & B H 20 &R T mAP {H
TEAE e A AT RL 1 255 K5 T RE ) - DR I 7E A B A A
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BB 2%
3.3 GRS

SEHR I R BRAE b S XN 2Ry 18 R 3R AT 43 )
SR DL K Mosaic £ 405 35 5% B2 45 . SR 5 15 4% BRI %5
A MELEE - BEsE = 6 2 2 ¢ 2 WL 2 H s
(R A S AT R 4y B DA A R 43 B 6640 X
640, YR DE N 400 419 S BTN
3.3.1 4 A SloU J& & 5236 547
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B —XF T YOLOvSs #5 BAE AN [A] H A5 AE 151 2K 2R
BRI R IR ME 2 PR, @ik 2 A
ML AEEFH SIoU_Loss #4 CloU_Loss J& » B fy
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mAP@0. 5 ¢

A mAP@0. 5 0,05 W% P FEER
YOLOvSs_CloU  91.07% 60.87% 88.18% 86.17%
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%] mAP@0. 5 mAP@0. 5 : 0. 95 W% P HMEER S p i1 & GFLOPs
YOLOv5s 91.07% 60.87% 88.18% 86.17% 7,063,542 16.5
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R A 93.51% 65.10% 86.57% 91.25% 10,671,478 35.0
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