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Experiments & Results

Lane detection: Given an image of a road scene, estimate each traffic line
present in it.

Quantitative results on TuSimple
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Lane detection systems have many applications, including:
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should be able to run in real-time). Moreover, in many cases, other systems PolyLaneNet 93.36  0.0942  0.0933 115 1.748 G
will  be sharing computation resources with it. Therefore, a Ablation study on TuSimple’s validation set
faster-than-real-time system is desirable. < Polynomial degree
We propose PolyLaneNet. a lane detection method based on deep - Acc £p EN | PD
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Upperbound results for polynomial fitting
Segmentation-based
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 Backbone and input size
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Loss function:
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github.com/lucastabelini/PolyLaneNet

e Permissive metrics and reproducibility are two
Important issues Iin lane detection works

e PolyLaneNet is a simple, efficient and reproducible
lane detection method
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