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measurement technologies, a vehicle {ront distance measurement and target recognition technology based
on GGW-YOLOVS is proposed. This algorithm improves YOLOvV8n by introducing GAM global attention
mechanism before medium target and large target detection head, and improves the feature extraction
ability of vehicle target by reducing information loss and amplifying global interaction. The GSConv
lightweight convolutional module is introduced in the neck end network to reduce the number of model
parameters and the calculation amount by deep separable convolution and shuffle operation. The WloU _v3
loss function is used to replace the CloU loss function, and the generalization ability and regression accuracy
of the network boundary box are improved by the gradient gain distribution strategy of non-monotone
dynamic focusing mechanism. The binocular vision ranging system based on SGBM semi-global stereo
matching algorithm was built for vehicle ranging, and the upper computer system integrating vehicle target
detection and ranging was developed, which is further transplanted and deployed to the embedded edge
device for real vehicle on-board detection. The experimental results show that compared with the
YOLOvS8n model, the improved model has a 0. 3M reduction in the number of parameters and 0. 2G
reduction in the amount of computation, and achieves accuracy improvements of 0. 8% and 4.4% on the
self-made dataset and the public dataset, respectively. In the closed section of the school, the absolute
value of the average error is 104 mm, and the average relative error is 1.49%; in the actual road

environment, the absolute value of the average error is 307. 4 mm, the average relative error is 3.29% , and

the average time per frame is 30. 12 ms, which can meet the needs of actual ranging scenarios.

Key words: vehicle target detection; YOLOvV8; binocular ranging; embedded migration deployment
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Fig. 1 Flow chart of vehicle detection and ranging system based on binocular vision
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Fig. 12 Comparison of model training 2. (a) YOLOv8n; (b) Improved YOLOv8&n.
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Fig. 13 P-R curves of self-made dataset training. (a) YOLOv8n; (b) Improved YOLOv8n.
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Tab.2 Precision comparison of the models on self-made dataset

Precision/ %

T mAP@0.5/%  mAP@O. 5:0. 95/ %
Car Bus Motorcycle Truck
YOLOvV8n 90. 6 81.4 94.0 68.6 83.7 65.6
i YOLOv8n 90.6 81.6 95.2 70.6 84.5 66.7
(a) IR EI& (b) YOLOvS8n##i% (c) #EYOLOVSn
(a) Original image (b) YOLOv8n (c) Improved YOLOv8n
P14 BRI X P 2
Fig. 14 Comparison of model detection 2
*3 HAERHHBEELNERMEE
Tab.3 Ablation experiments of the models on self-made dataset
SRR mAP@O. 5/ % mAP@0. 5:0. 95/ % Parameters/M ~ FLOPs/G
YOLOv8n(Baseline) 83.7 65.6 3.2 8.1
YOLOv8n-Slim 84.0 66.1 2.9 7.7
YOLOv8n-GAM 83.8 65.8 3.3 8.2
YOLOv8n-WIloU 83.8 65.7 3.1 8.1
YOLOvV8n-Slim-GAM 84.3 66. 4 3.1 8.0
YOLOv8n-Slim-WIoU 84.1 66.2 3.1 8.0
YOLOv8n-Slim-GAM-WIoU 84.5 66.7 3.0 7.9
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Tab.4 Comparison of experimental results between the improved algorithm and other target detection algorithms

BDD100K F il B 5
(=R | Parameters/ FLOPs/ Parameters/ FLOPs/
mAP50 mAP50:95 G Epochs mAP50 mAP50:95 o Epochs

YOLOV5s 54.1 36.9 7.0 15.8 300 84.9 67.5 6.9 15.7 200

SSD(VGG) 52.8 34.2 25.9 61.8 300 83.6 62.9 25.4 61.3 200

YOLOv7-tiny 51.5 30.7 5.8 13.4 300 82.2 61.4 5.4 12.9 200

YOLOvV9c 55.5 37.7 25.3 102.3 300 85.2 66.9 25.3 102. 3 200

RTDETR-L 36.4 21.7 32.0 103.7 300 68.3 50.1 32.0 103. 4 200
YOLOvVS8n-

) 49.7 28.9 2.6 5.9 300 78.9 52.9 2.4 5.6 200
MobileNet

YOLOvSn(3&k) 49.2 32.7 3.3 8.2 300 83.7 65.6 3.2 8.1 200

Ours () 53.6 35.5 3.1 8.0 300 84.5 66.7 3.0 7.9 200
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Fig. 15 Partial dynamic vehicle ranging results
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Tab.5 Dynamic ranging data of the vehicle in front

SebR ik o Xk HXE R/

it %5 . .
FEE/mm FEE/mm ##2:/mm #25/%  ms
6 10 386 9 987 399 3.84  29.52
12 10 201 9851 350 3.43 30.28
18 10 019 9652 367 3.66  28.95
24 9324 9 644 —320 3.43  29.30
30 8921 9235 —314 3.52 31.28
36 8902 8638 264 2.97  30.65
42 8 946 8 660 286 3.16  29.88
48 8 866 8590 276 3.18 29.12
54 8 746 8 989 —243 2.78 30.54
60 8 694 8439 255 2.95 31.63
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Fig. 16 Experimental system platform
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Fig. 17 Experimental results under different road scenarios.
(a) Road in Scene 1; (b) Road in Scene 2.
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