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Multi-Dimension Feature Segmentation Method of Foliage Organs Based on Laser Point
Cloud Data

Yu Yaoshen, Yun Ting, Yang Xubing
(College of Information Science and Technology,Nanjing Forestry University, Nanjing, 210037, China)

Abstract: The segmentation of foliage organs from 3D point clouds is an elemental work of forestry infor-
matization measurement. However, the foliage point cloud data has a similar color, and the point con-
struction is complex which can not be expressed easily. Therefore, a novel feature called local tangent
plane distribution is proposed, and fused with original data, scatter spatial distribution and normal distri-
bution to construct a multi-dimension feature, which can characterize different foliage organs more effec-
tively. Then three kinds of classifiers, including standard SVM, PSVM, GEPSVM, are used as a com-
parison. And then the graph cut is also utilized for a re-classification at subsequent processing to improve
the classification performance. A variety of comparative experimental results show that the proposed
mutli-dimension feature segmentation method can effectively classify the foliage organs from point cloud
data. The recognition rate can reach 98%.

Key words: point clouds; foliage organs; data segmentation; multi-dimensions feature; support vector
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