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Study on traffic scene semantic segmentation method
based on convolutional neural network
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Abstract: In order to improve the semantic segmentation accuracy of traffic scene, a segmentation method was proposed
based on RGB-D image and convolutional neural network. Firstly, on the basis of semi-global stereo matching algorithm,
the disparity map was obtained, and the sample library was established by fusing the disparity map D and RGB image in-
to the four-channel RGB-D image. Then, with two different structures, the networks were trained by using two different
learning rate adjustment strategy respectively. Finally, the traffic scene semantic segmentation test was carried out with
RGB-D image as the input, and the results were compared with the segmentation method based on RGB image. The ex-

perimental results show that the proposed traffic scene segmentation algorithm based on RGB-D image can achieve high-
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er semantic segmentation accuracy than that based on RGB image.
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