Artificial Intelligence

®
b b b b
( , 350108)
RepVGG o CULane F1 —measure
70.7% ,  Tusimple 95.92% , 408 FPS, ,

: U495;TP391.41 : A DOI : 10.193@920965133.2022.06.010

,2022

s bl s

41(6):57-63,72. P

Lightweight lane line detection basecbo@ctional consistency loss
Lu Zhichen , Wu Lijun, Chen Zhido } Peijie , Cheng Shuying
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Abstract : At present, the lightweight lane line detec@work has problems such as poor curve detection effect, insuf-
ficient network receptive field and limited real —@ ormance . Therefore, this paper proposes an improved lightweight
lane detection network model. Firstly, to im 3

0 curve detection effect, a direction consistency loss is designed to
make the model suitable for the curve scen ondly, in order to improve the real —time performance of the network
while improving the receptive field, a {usion netWork of self-attention mechanism and RepVGG is proposed as the back-
—measure of the model tested on the CULane test set reached 70.7%, the ac-
set reached 95.92%, and its average inference speed reached 408 FPS. The ex-

| has a certain improvement in performance compared with the current lightweight

bone network of the model. The tota

curacy of the test on the Tusimple
perimental results show that t
model, especially the lane
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tection effect in the curve scene is significantly improved.
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