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Road Scene Understanding Using Stixel and Random Forest Classifier
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[ Abstract] In order to solve the problem of lacking semantic information when Stixel is used to express obstacles, this paper
proposes a method to generate category labels of rod—like pixel level. Through the combination of color, texture and geometric height
features, the pixel-level semantic labels, namely obstacle categories, plants and the sky, are inferred.The position information of
the bar pixel is fused to the semantic bar pixel graph. After the vertex estimation of each bar pixel is optimized by the category label,
the category is determined by the advantage class of its internal pixels, and the semantic bar pixel graph is obtained.The random
forest (RF) classifier with fast reasoning and resistance to overfitting was selected. Experimental results show that the method
proposed in this paper can effectively express the semantic meaning of rod-like pixels and optimize the height estimation of rod-like
pixels in the texture missing region to some extent.
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Fig. 1 Framework of the algorithm
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Fig. 2 Visualization of some feature channels
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Tab. 1 Confusion matrix using all pixel-level feature channels
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Pixel-level classification results
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Fig. 3 Semantic segmentation of two typical traffic scenarios
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