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Research on Vehicle and Pedestrian Detection Algorithm Based on
YOLOVS in Foggy Environment

DU Yuting, HE Jia
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610000, China)

Abstract: Due to the significant impact of foggy weather on the performance of autonomous driving systems, the target detection model based
on deep learning has a high false positive rate and false negative rate in foggy conditions. Based on this problem, this paper proposes a target
detection algorithm for foggy environments — PF=YOLOv8—AL. First, by borrowing the idea of lightweight network from AOD—-Net, changing
the network structure, integrating the fast spatial pyramid pooling structure SPPF and using the SSIM loss function, a PF-Net dehazing net-
work is constructed. Then, the YOLOvS detection network is specially improved to construct the YOLOv8—AL network. The improvements
made to YOLOv8 include integrating the SPPF—AL module with the global average pooling and LSKA attention, replacing the CloU loss func-
tion with the MPDIoU loss function, and adding the P2 detection head. Finally, the PF-Net and YOLOv8-AL are integrated into the PF=YO-
LOv8—AL network. The model is trained on the Foggy Cityscapes dataset and tested on the real foggy RTTS dataset. The experimental results
show that the proposed algorithm has a high detection accuracy in foggy environment scenes, with an average precision value of 82.2%, an im-
provement of 5.4% over YOLOv8, and an average precision mean value of 61.6%, an improvement of 8.1% over YOLOvS.
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