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Classification of the point-cloud data by the mobile mapping system with the machine learning

The University of Electro Communication: Kenta Fukano, Hiroshi Maeda

Point-clouds captured by a MMS are useful for maintenance of infrastructures, such as road signs, utility poles, and

signals. In many applications, it is necessary to segment a point-cloud into features and to identity feature types of each

point-set. In our previous research, we proposed a method for classifying features by using the Random Forest. In this paper,

we extend our method by applying surface extraction of cylinders and planes, and try to improve the reliability of

classification.
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