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[ Abstract |

autonomous driving perception domain controllers, a lightweight obstacle detection method based on improved YOLOv8 was proposed.

To solve the problem of high memory and computational resource demands in obstacle detection models within

This method reconstructs the YOLOv8 backbone network using FasterNet, which utilizes less memory access and computational
resources. To mitigate the accuracy decline and the insufficient detection capabilities for small objects caused by model lightweighting,
three main improvements were made to YOLOv8:; SPD-Conv ( space-to-depth convolution) was used to replace traditional stride
convolution in the neck network to enhance small object feature extraction. IPIoU (inner powerful IoU) , combining the concepts of IloU
(inner ToU) and PloU( powerful ToU) , is introduced as the bounding box regression loss to accelerate loss convergence and improve
small object detection performance. SimAM (simple attention module) was incorporated to further enhance model detection accuracy.
Experimental results demonstrate that, compared to the original model, the improved model achieves a reduction of 29.1% in
parameters, 20. 5% in computational load, and 28.8% in model size, while increasing mAP@ 0.5 by 1.2%. Once deployed in
autonomous driving vehicle controllers, the model effectively detects obstacles on the road ahead.

[ Keywords] obstacle detection; YOLOVS ; network lightweighting; FasterNet
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YOLOV8 network architecture
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Fig.2  Reconstructed backbone network structure of YOLOv8s
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Table 2 Results of backbone networks experiment

HAfi Y ETM% RIS 2 LES 1TSS SHE/10° HHER/10° B/ MB
YOLOv8s CSPDarknet 0.901 0.916 0.835 1115 28.8 21.5
YOLOv8s Shufflenetv2 0. 869 0. 907 0.788 5.94 15.9 11.6
YOLOv8s Mobilenetv3_L 0. 884 0.920 0. 805 7.89 19.0 15.4
YOLOv8s GhostNetv2 0. 882 0. 908 0.811 8.24 19.1 16.3
YOLOv8s FasterNet_tl 0.894 0.915 0.825 7.45 19.5 14.5
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Table 3 Comparison experiment of different loss functions

P2k R R e EIEES
CloU 0.901 0.916 0. 835
DIoU 0. 900 0.927 0. 831
SloU 0.903 0.934 0. 833
GloU 0. 895 0.914 0. 826
EloU 0. 898 0.921 0. 826
IPIoU 0.907 0.928 0. 838
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Fig. 9 Before and after improvement of bounding box

loss curve diagram
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Table 4 Ablation experiment
Sy FasterNet_tl  SPD-Conv IP-IoU SimAM o IR FE KE AR SHE100 HER10°
1 0.901 0. 926 0. 837 11.15 28.8
2 VvV 0. 894 0.915 0. 825 7.45 19.5
3 vV Vv 0. 900 0.925 0.833 7.94 22.3
4 vV vV vV 0. 906 0.934 0. 834 7.94 22.4
5 vV VvV Vv Vv 0.913 0. 942 0. 838 7.91 22.9
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Table 5 Comparison Experiment of Different Models

LAY GRS S%/10° 15 E/10° MBL/MB
v6s 0. 889 16. 45 44.9 31.3
v3-tiny 0. 803 12.17 19. 1 23.3
V55 0. 898 9.15 24.2 17.7
v7-tiny 0. 861 6. 02 13.0 12.3
V5 m 0.915 25.11 64.6 48.2
Vv8s 0. 901 11.15 28.8 21.5
AR SCAGE TR 0.913 7.91 22.9 15.3
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