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Abstract
fitting for 3D reconstruction. The segmentation of tree branch and leaf 3D point cloud was the premise of tree parameter extraction and 3D re-
construction. [ Method ] In order to improve the efficiency of classification, random forest algorithm was used to sort the points according to

[ Objective ] In forestry surveying, it was common to extract structural information from 3D laser point cloud data of trees and model

their importance degree, removing the complicated features, preserving the RGB color, reflective intensity and normal distribution characteris-
tics as a basis for segmentation. Extreme Learning Machine (ELM) was used to learn the training samples, and the classification and recogni-
tion experiments on the original data were carried out. The classification accuracy rate reached 98.99%. [ Result] Under the same experimen-
tal conditions, BP (Back Propation) neural network, LVQ ( Learning Vector Quantization) neural network, Decision Tree, Nave Bayes Clas-
sifier (NBC) and Support Vector Machine (SVM) were used to classify, and the classification accuracies of which respectively were 94. 30% ,
91.26%, 96.95%, 85.67%, 98.16%. [ Conclusion] The experimental results show that the classification effect of extreme learning machine

is better.
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Fig.1 The diagrammatic sketch of data acquisition scene
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Fig.2 Point cloud data of single tree
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Fig.5 Classification accuracy using six algorithms
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Table 1 Comparison of training and testing time using six algothms
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Fig.4 The process of cloud point recognition
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