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Night-time Vehicle Detection Based on YOLOv8n

FENG Yingbin,LIU Aini

( Shenyang Ligong University , Shenyang 110159 ,China)

Abstract; A night target detection algorithm based on improved YOLOv8n is proposed to address
the issues of low illumination and uneven light distribution at night, resulting in blurry vehicle
detection details,as well as missed and false detections. Firstly, the image enhancement algorithm
Zero-DCE is introduced to improve the image quality and reduce the impact of low illumination and
uneven light distribution. At the same time, LSKNet is used as the backbone network to adjust the
dynamic receptive field,improve the feature extraction ability of the model,and improve the detec-
tion accuracy. Then,the C2f module at the neck is replaced with a C2f_SSConv module to reduce
the space between features and channel redundancy. Finally , SPPF_UniRepLKNet module is pro-
posed to replace SPPF module, and non-expansive convolution is used to improve the receptive
field ,so as to capture the features of the model more effectively and improve the detection accuracy
of the model. The experimental results show that the improved YOLOv8n algorithm has increased
detection precision and mAP value by 4. 7% and 4.9% respectively , making it suitable for night-
time vehicle detection.
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Fig.1 Network structure of YOLOvV8n algorithm
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Fig.3 Structure diagram of the LSKNet module
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the C2f_SSConv network module
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Fig.6 An example of a vehicle dataset
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Table 1 Results of ablation experiments

YOLOv8n Zero-DCE LSKNet C2f_SSConv SPPF_UniRepLKNet P M T/ms
1 vV — — — — 0.726 0. 649 7.81
2 vV vV — — — 0.759 0. 674 8.51
3 Vv VvV Vv — 0. 760 0. 682 13.52
4 Vv Vv Vv VvV — 0.776 0. 686 10. 10
5 vV vV Vv vV Vv 0.773 0. 698 8.77
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Table 2 Comparison results of different tests

C2f Bl G ARl B P R M T/ms
C2f_DySnakeConv 0.766 0.581 0.671 12.72
C2f_DCNv2 0.764 0.587 0.682 11.69
C2f_SSConv 0.773  0.599 0.686 10.10
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Table 3 Comparison of the results of different positions

T P R M T/ms
1 0.770 0. 599 0. 687 8. 80
2 0.775 0. 624 0. 692 8.93
3 0.773 0. 628 0. 698 8.77
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Table 4 Comparison results of different algorithms

Bk P M T/ms
YOLOv8n 0.726 0. 649 7.81
ARSCE 0.773 0. 698 8.77
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