LIS

ik Sk

Ll

ELECTRONIC MEASUREMENT TECHNOLOGY

B o R $48 & 16 4

2025 4 8 H

DOI:10. 19651/j. cnki. emt. 2417277

E T YOLO EXth sk W -

% &1,2 iiﬂil’z
EHBERKFARMNERRHKF

TRR
(1. REEHAKRFISE FRE LF 100192;2, 742 HELELEET LT 100192)
WO X T HU S RE] A R A R R AR A R 2 A B, DR A TR A ) R AT B R RS B A,
Vi) A7 008 R0 /0N B G 0 o PR S R A TR) A, 4 — R i iE YOLOv10 Hi 4k 5% B 55 9 & i 1 1% 8 24 ) J7 % SSS-
YOLO, H F 8k 5 B b 5 0 i W DU . 1% 07 35 1 2 38 3 SCINet A3 T — MR E S (9o I 24 o) i B, FH F 00 3% 1l 2k 4%
F@Hﬁ%F‘TE@l&J%!ﬁil‘rﬂﬂﬁ Z BN R RUE FR > FRAE AL E . SSS-YOLO #EM 5] A T S i & S oLl . [Al i s 4k T
23 [ B B 08N T 5 BAR K i, 355 T Shape-10U $5 6 BRI, B8 5 1 Ml % 4% B rb/Ds AR A4S 0 R [l 09 350 3000 AHE 1) o
Wi, e TR 4% Fﬁ?tlﬂ/l\ﬁffrﬁﬁmzﬂlﬁr“ SCE AR R X IR RIS B T 90. 90 %0, F ¥R I OKE B 42
T 3.62%.
KR
FESES

\]’R

B2 5 s BRI s YOLOVILO ;45 I8 3 R 2% 5 1 2 7 HL

. TN29 X EAFRIRES . A ERREFER LKL 520. 6040

Subway foreign body detection based on improved YOLO algorithm
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Abstract: In order to solve the problems of low detection accuracy under low light, insufficient spatial position accuracy
and small target detection accuracy of existing deep learning algorithms, a deep learning method SSS-YOLO to improve
the detection of foreign objects in subway cracks was proposed to improve YOLOv10 for the detection of foreign objects
in subway cracks. In order to improve the image quality in the dark environment of subway gaps, considering the
weights of some features at different scales, the parameter-free attention mechanism is introduced into the SSS-YOLO
model, and the spatial position information is strengthened to reduce the amount of information loss, and finally the

Shape-10U loss function is used to enhance the accuracy of small target detection and regression prediction frame, and

improve the detection accuracy of small and small targets in the gap. The experimental results show that the accuracy

of the method reaches 90. 90% , and the average detection accuracy is increased by 3. 62%.
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Fig. 1 Model structure of YOLOv10
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Fig. 2 SSS-YOLO network model structure
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Comparison of the detection effect of the improved algorithm in different scenarios
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