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Road surface classification by machine learning using laser
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Abstract : For automatic driving, classification of a road surface is an important function for determining a route and
ensuring the stability of driving. However, the environment where the vehicle drives is greatly influenced by the lighting
condition such as the sun, night, vehicle light, etc. Therefore, stable classification of a road surface by a camera is generally
difficult. In this research, we aim to realize a stable classification for a road surface by measuring the surface with a laser
scanner installed on a vehicle, and examine two kinds of machine learning techniques: learning features extracted by Local
Binary Pattern method with Support Vector Machine and learning by Convolution Neural Network.
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