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Embedded Road Marking Detection Algorithm Based on Vision

XU Dazhan , WU Xiaoyu
(School of Information and Communication Engineering, Communication University of China, Beijing
100024, China)

Abstract: The road marking provides important road visual information for autonomous driving, so the
correct identification is a prerequisite for driving safety. Due to the complex variability of real road scenes,
the traditional road marking detection methods still face some challenges in terms of algorithm robustness
and real-time performance of the embedded platform. So this paper proposes the road marking detection
network model and optimization algorithm deployed on the embedded platform TX2: firstly, the
high-precision detection of road marking is realized based on layer integration to simplify
R-FCN(Region-based Fully Convolutional Networks); then, in order to meet the real-time reasoning
requirements in practical applications, the simplified R-FCN network model is deployed on the embedded
platform NVIDIA Jetson TX2, and the model inference optimization acceleration method based on
TensorRT is proposed, which accelerates the inference phase of the network model. A fast and accurate
road marking detection algorithm is implemented on the embedded platform. The proposed algorithm is
verified in the self-built road marking database and the related public dataset, and the experimental results
proved the effectiveness of this algorithm.

Key word: road marking detection; model acceleration; embedded platform TX2; TensorRT
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Tab. 1 Raw data, extended data, and balanced data of self-built road marking dataset
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Tab. 2 Performance comparison on self-built road marking dataset
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Tab. 3 Performance comparison of acceleration on self-built road marking dataset
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Tab.4 Performance comparison on Road Marking dataset
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Fig. 3 Partial visualization results on test set of self-built dataset
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Fig. 4 Partial visualization results on test set of Road Marking dataset
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