WW‘WHP@W&MW GRS I G N Hask H 1M

ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4 1 H

DOI:10. 19651/j. cnki. emt. 2416859

Bt YOLOvVS BU T ITE B RS MNE LR

\’6] 4%1,2 E_iﬁlﬁ
(1. /HERFEEEEFEZEFR KA 610039; 2. LK FRLR T ER LA AR ELELTHET RAF 610039)

OE . B BRI I R AR IR BT T R AT A G IR R G I A8 AR AN S R ORI BB R G T AR R
R 1), 32 ) — R BGH Y YOLOvV8n 42 G0 h A7 42 T8 6 B i ) A 3803k . 8 5%, HI/E MRObstacle 3§ i 18 P& % i
W E bR AT ECHE SR L R T A A A T R 2S5 B0 UK B A 1 SPS_C2f BUHE 3 F 45 L BEAIR R 2% S R0 S 4R
o0 3 B L VRN M_ECA 1178 J7 B 5 0 28 (19 Neck #8435, 4& T 19 26 for ) 36 8 55 5AE 3R 3K B8 7 5 71K, Al BiFPN $#1E
SR RES I/ B AR A DU Sk, T4 A B /N RS RS W B R AT 5 g S R AT O Ak 30 A S R S v A 45 2R BRI 4R
MPDIoU, #& F+ M 4% 1 AAE R E M fE . A HF IR YOLOv8n B35 2B L 1) mAPO. 5 #8442 F+ 2. 04 %, 365 97. 12%
FPS {27t 12. 08 fps,ikF] 107. 45 [ps; MBS H BB 10% IR E 2. 73 MB, ZEELEB /S B RHRENES T
RO WA o A B, W] B A I T AT AT 2R RS A DA 5

KEEW . BRI YOLOVS et Cof A et i 3 Sy AL 312k R 4K

hESES: TP391;TNO XEARIAAD: A ERRAEZRSERE: 510.99

Research on improved YOLOvVS8 urban driving road
obstacle detection algorithm

Xiang Lei'*  Jiang Wenbo'**
(1. School of Electrical Engineering and Electronic Information, Xihua University, Chengdu 610039, China;

2. Sichuan Provincial Key Laboratory of Signal & Information Processing, Xihua University, Chengdu 610039, China)

Abstract: Aiming at the current problems of insufficient obstacle detection accuracy, slow detection speed, large
number of model parameters and poor detection of small target obstacles in the complex environment of urban roads.,
an improved YOLOv8n lightweight urban driving road obstacle detection algorithm is proposed. Firstly, the
MRObstacle urban road obstacle target detection dataset is produced to extend the types and numbers of obstacle
detection; secondly, a new SPS_C2{ backbone network is designed to improve the backbone network, to reduce the
number of network parameters and to improve the detection speed, and the M_ECA attention module is added to the
Neck portion of the network, to improve the network detection speed and the feature expression ability; thirdly, the
BiFPN is integrated with a feature pyramid and a small target detection algorithm is added to the network. feature
pyramid and adding a small target detection head to better capture the features of small-sized obstacles; finally, using
the loss function MPDIoU that optimises the values of the bounding box width and height to improve the performance
of the network bounding box regression. Compared with the original YOLOv8n algorithm, the mAPO0. 5 metric of this
algorithm is improved by 2. 04 % to 97.12% , the FPS value is improved by 12. 08 fps to 107. 45 fps, and the volume of
the network parameter is reduced by 10% to 2. 73 MB. This algorithm improves the detection accuracy and speed while
decreasing the number of parameters, and it can be better applied to the urban road obstacle detection task.
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Table 4 Results of the attention comparison experiment

=Wkl P/% R/% mAP@0.5/%
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Table 5 Results of ablation experiments

5 SPS_C2f M_ECA BiFPN+P2 MPDIou P/%  R/% mAP@0.5/% Params/10° GFLOPs/G FPS/fps
@ - — — — 92.95  91.12 95. 08 3.09 8.1 95. 37
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Table 6 Performance comparison of different network detection
Base model Backbone P/% R/%  mAP@O0.5/%  Params/10°  GFLOPs/G FPS/{ps
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