GRS G S

ELECTRONIC MEASUREMENT TECHNOLOGY 2023 4F 11 A

DOI:10. 19651/j. cnki. emt. 2313079

E T YOLOvSs YiE B FER RN E %

ad 2 # KON
(FRRBRFENMEE FdmriEdr €K 400074)

WOE: EEEAYANE A S R E R A . B X 2 AR R R I R R B AR R T R L 4R
H B YOLOvSs B BB YA M S 05 . B a5 A B A b ik RO B L i 08 2 OB 45 A 18] 9 2815 B L 3 Ak 50
PGB ICBE H U R IR R AR R RS RIS T R AR R R R B R B R R B R IR S R . RS UEEE
I U468 2K » BH 228 0% o B2 494 2 TR SR W 42 T 17l O A R AR O TR . IR AR O R AR R A B AR B
REMMERE YOLOVSs 5 T 4. 2% 388 1 78. 6%, R EF AL F Faster R-CNN,YOLOX,YOLOv7 &8 5, fiig
FEEEA 42 Wi/s WAS I T 52, 3 A S5 AREAS I B9 225K . AT ST B A T HE O Tk BB M5 AN R T T B I AR A K L B
A EBR L

KR HE RS YOLOVSs; FER I ALH 3 IR EER AL s WIoU

RESHES: TP391  X#HRIRE: A ERREFH LR 520. 20

Road obstacle detection algorithm based on improved YOLOVvSs
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Ran Xiansheng

Abstract: Road obstacle detection is a crucial component of automatic driving environment perception. To enhance the
precision of existing road obstacle detection algorithms, we propose an improved YOLOv5s road obstacle detection
algorithm. The improved coordinate attention module filters invalid information from multi-scale feature maps and
strengthens the focus on areas of interest. Additionally, the enhanced downsampling module alleviates the loss of
essential information during sampling in the fusion network, thereby increasing feature robustness. The optimized
algorithm's regression loss and wise gradient gain allocation strategy improve the contribution of common mass anchor
frame loss. Experimental results demonstrate that the improved model’s average accuracy on the dataset has increased
by 4.2% to 78. 6%, outperforming Fast R-CNN, YOLOX, YOLOv7, and other algorithms. With a detection speed
of 42 frames per second, the algorithm meets real-time detection requirements. Therefore, the proposed improved
algorithm in this study can effectively improve the accuracy of road obstacle detection and has practical application
potential,
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