E15% F4B g B it E M 5 K B
Vol.15 No. 4

2025 % 4 A

Intelligent Computer and Applications Apr. 2025

FEST . FETREAY YOLOVS B AL SV B I i [ 1], & RETHA ML W H ,2025,15(4) :210-216. DOI; 10. 20169/j.
issn. 2095-2163. 250430

EHF Wi YOLOVS 2= A 4N 7 %

(IIEIKRE EERZE5TEEER, WM 310018)

W OE: N T RUISRAEYT AT S Y B I N TS I AR AR T LA AR AR IR £ 43 AT B A VS RST/NRTAR R B Y )
AR SCAR T —FP T YOLOVSs MAs I 5 ik 765 T 48 51 A CoT b N 3C{F 2 R CBAM 38 23 (A1 2 L, e 5 X 4%
XFHFAE L 2 18] 38 T8 AL SCEE B B AR EEE ) AR FESIRE A BiFPN I 4 38 B3 1 0 465 56 22 ]ROH4RRAE 18 56
HRAE B ASRIGE Sy, FEAEARI S Wi A ASFF [ 3 i 25 ] sl - L, B X 4% 1) B B PE FRRIE Al 6 BB 0 s B a1 A 19 CloU
R RECR IR EloU, BEFFETH400 BE [T 0 30 32 L2 R 0] %) A 0 B 366 ] R K 3ty 280 B0 50 B0 48 1) S B0 &85 SR 8 AR L 5T
0 mAP A LRI YOLOVS 1 60. 2% , #2817 65. 3% , B0l T 255 0k A RCHE RIS pe . i oe 2 th i Sk A RS B A
AR, LT R R SR I ) 5 A A AR R K

KR W 2); YOLOVS; Uit ; Ll #8425 sk

hES %S, TP391.4 KRG A MERHS . 2095-2163(2025)04-0210-08

Lightweight fabric defect detection method based on improved YOLOvVS
YAN Licheng

(School of Information Science and Technology, Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract; In order to solve the existing problems that in the fabric defect detection of the textile industry, the efficiency of manual
detection is low, the distribution of defect points is dense, the size of defects is small and there are many kinds of defects. Based on
YOLOVvS5s, a spatial attention mechanism of CoT context information and CBAM channel is introduced into the backbone network to
enhance the ability of the network to extract important spatial, channel and context information of feature maps. After that, BiFPN
weighted bidirectional pyramid is introduced in the neck to improve the ability of the network to extract key information of multi—
dimensional feature maps. ASFF adaptive spatial fusion mechanism is added before the detection head to improve the robustness and
feature fusion ability of the network. Finally, the original CloU loss function is replaced by EloU to improve the speed of gradient
regression and the accuracy of detection. Experimental results based on Ali Tianchi fabric defect data set demonstrates that the mAP
of the algorithm is increased to 65. 3% compared with 60. 2% of the original YOLOvS5, which verifies the effectiveness and
robustness of the algorithm. The detection accuracy of the proposed algorithm is obviously improved, and meets the requirements of
real-time detection and production.
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Table 1 Comparison of the algorithm before and after improvement

Bk mAP/%  KEEP/% BEER/%  BHE KRIEE (M- )
YOLOvS 60.2 59.8 57.8 7 235 389 112.3
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YOLOv5+CBAM+BiFPN 63.4 63.0 61.9 12 599 813 104. 8
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