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Research on Driving Road Sign Detection and Recognition Method
Based on Improved YOLOvVS

YIN Hanwen, JI Xiaofu
(School of Internet of Things, Jiangnan University, Wuxi 214000, China)

Abstract; With the rapid development of autonomous driving technologies, it is particularly critical to efficiently detect
and accurately recognize road markings. To address the numerous and complex road markings, as well as the detection accu-
racy easily affected by environmental factors such as weather and lighting, a driving road marking detection and recognition
algorithmic model based on an improved YOLOvS8 framework is proposed. In the backbone network, a polynomial kernel in-
troduction (PKI) module is incorporated to extract more complex features from image data. In the neck network, a deform-
able attention (DA) mechanism is introduced to make the model flexibly focus on the related parts of the image, adapting to
the specific spatial structures of input data. Additionally, the original CIoU loss function is replaced with the ClIoU,,., to en-
hance the model’s generalization ability and improve detection accuracy. Experimental results demonstrate that compared
with the original network, the improved YOLOvS network improves the mAP ¢ 50 and mAP : 50~95 by 4. 4% and 6. 7%,
respectively, with a detection speed of 71 Hz, verifying the effectiveness of the proposed algorithm.

Keywords: autonomous driving; road marking detection; YOLOv8; polynomial kernel introduction module; deform-

able attention; CloU,,..
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