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Research on Lane Line Segmentation Method Integrating Snake
Convolution and Convolutional Attention

HUANG Zhongsheng, WEI Min
(School of Computer Science , Chengdu University of Information Technology , Chengdu 610225, China)

Abstract: To solve the problem of accuracy and robustness in lane segmentation task, a deep learning model is proposed, which integrates
snake convolution and convolution attention mechanism to improve the accuracy and stability of lane recognition. In terms of model design, the
snake convolutional module is first introduced and embedded in the backbone network to enhance feature extraction capability and better cap-
ture the shape information of the lane lines. Then, the convolutional attention module is introduced to dynamically adjust the weight of the fea-
ture map, so that the model can focus more on the lane line area and improve the segmentation accuracy of the lane line. To verify the perfor-
mance of the proposed fusion model, we performed an experimental evaluation on the BDD100k dataset. The experimental results show that
compared with the mainstream models Hybridenet, YOLOP and YOLOM, the accuracy rate increases by 0.8%, 1.4% and 1.3%, and the loU
increases by 1.4%, 5.1% and 2.8% respectively. This result proves the effectiveness and complementarity of snake convolution and convolu-
tion attention in lane line segmentation.
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