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Research on intelligent driving lane detection algorithm
based on semantic segmentation network

DU Jiayu, WANG Shugiang

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: This paper proposes an optimization and improvement method based on ESPNet network to address the problem of low
detection accuracy in lane detection tasks caused by external environmental factors in many current semantic segmentation networks.
Based on the efficient channel attention and position attention modules at the end of the feature extraction network, a fusion attention
mechanism is constructed to enhance the spatial context information aggregation ability while enhancing local cross channel
information interaction. The improved model is validated on the BDD100k dataset, and the experimental results show that the
detection accuracy of the improved semantic segmentation model is improved in both lane line and drivable area detection tasks.
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Fig. 1 [ESPNet network architecture and ESP module architecture
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Fig. 2 ECA attention module
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Fig. 3 Position Attention Module
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Table 3 Comparison results of driving area segmentation

9 £ 5544 MloU/ % FPS
MultiNet 71.6 8.6
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ESPNet 88.4 96. 0
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Table 4 Comparison of lane line segmentation results
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Fig. 5 Detection effect of lane markings and drivable areas
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