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Spherical Signature Description of 3D Point Cloud and
Environmental Feature Learning based on Deep Belief
Nets for Urban Structure Classification
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This paper suggests the method of the spherical signature description of 3D point clouds

taken from the laser range scanner on the ground vehicle. Based on the spherical signature description
of each point, the extractor of significant environmental features is learned by the Deep Belief Nets for
the urban structure classification. Arbitrary point among the 3D point cloud can represents its signature
in its sky surface by using several neighborhood points. The unit spherical surface centered on that
point can be considered to accumulate the evidence of each angular tessellation. According to a kind of
point area such as wall, ground, tree, car, and so on, the results of spherical signature description look
so different each other. These data can be applied into the Deep Belief Nets, which is one of the Deep
Neural Networks, for learning the environmental feature extractor. With this learned feature extractor,
3D points can be classified due to its urban structures well. Experimental results prove that the
proposed method based on the spherical signature description and the Deep Belief Nets is suitable for
the mobile robots in terms of the classification accuracy.
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Fig. 9. Visualization result of weight parameters learned in the first layer
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