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Lane line detection algorithm based on DSA-UFLD model
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[ Abstract] Lane detection is the key to ensure the safety and stability of automatic driving. In order to improve the accuracy of
lane detection, this paper designs a DSA-UFLD model to achieve lane line detection based on UFLD ( Ultra Fast Structure—aware
Deep Lane Detection) algorithm, combined with DenseNet—121 network and Spatial Attention mechanism. In the aspect of image
enhancement, the image brightness adaptive enhancement algorithm is used to improve the definition of underexposed images. In the
aspect of network optimization, transfer learning model DenseNet—121 is used instead of ResNetl8 to extract image features, dense
connection is used to strengthen feature reuse, and spatial attention mechanism is introduced to extract key information of the image.
Then, transposed convolution is used instead of bilinear interpolation in upsampling, and decoding is better realized by learning
parameters. In the aspect of loss function, by improving the structural loss, the lane line is constrained to a quadratic curve, which
improves the detection effect of the lane line in the curve scene. The experimental results show that DSA-UFLD algorithm not only
ensures the detection speed, but also improves the recognition accuracy of lane lines, which has certain application value.
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Fig. 2 Effect of images brightness adaptive enhancement algorithm
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Tab. 1 Comparison of TuSimple test set evaluation results
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Tab. 2 Comparison of evaluation results of curve test set
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