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Table 1 RF model feature selection
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Table 2 Model accuracy evaluation index
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SVR 0.8864 1.21 0.8409 1.54 0.0455 0.33
RFR&SVR  0.8598 135 0.8532 148 0.0066 0.13
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Estimation of Forest Stand Mean Height Based on
Airborne LiDAR Point Cloud Data

ZHAO Xun', YUE Cai-rong', LI Chun-gan®, ZHANG Li-mei’*, GU Lei"

(1. School of Forestry, Southwest Forestry University, Kunming 650224, Yunnan, China; 2. Forestry College, Guangxi University,
Nanning 530004, Guangxi, China; 3. School of Landscape Architecture and Horticulture Sciences,
Southwest Forestry University, Kunming 650224, Yunnan, China)

Abstract: [Objective] Based on the airborne LiDAR point cloud data obtained in the experimental area of the
Gaofeng Forest Farm in Guangxi Zhuang Autonomous Region in September 2016 to estimate the stand mean height
by extracting the LiIDAR point cloud characteristic variables at the spatial stand scale of 30 mx30 m . [Method] The
data of mean height obtained from 105 stands were randomly divided into training samples (79) and test samples (26)
according to a ratio of 3:1. Two machine learning algorithms, namely random forest regression and support vector re-
gression, were adopted to conduct regression modeling of 79 training samples and corresponding LiDAR point cloud
feature variables. The modeling schemes include random forest model, support vector machine model and random
forest + support vector combination model. Secondly, the 26 test sample data were used to evaluate the prediction ac-
curacy of the model. Finally, the accuracy evaluation indexes corresponding to the training samples and the test
samples in the three models were counted, and a model with high prediction accuracy and strong generalization abil-
ity was taken as the final model to map the stand mean height of forest. [Result] The result showed that the determ-
ination coefficient (R”) of the training samples and the test samples of the random forest model were 0.8861 and
0.8375, respectively, and the root mean square errors (RMSE) were 1.22 and 1.56, respectively. The R? of the training
samples and the test samples of support vector machine model were 0.8864 and 0.8409, respectively, and the RMSE
were 1.21 and 1.54, respectively. The R? of the training samples and the test samples of the combined model were
0.8598 and 0.8532 respectively, and the RMSE were 1.35 and 1.48 respectively. [Conclusion] The combined model
has the best generalization ability and prediction accuracy, followed by support vector machine and the random
forest. The combined model can effectively complete the mapping of stand mean height in the study area.

Keywords: Airborne LIDAR Point Cloud Data; random forest regression; support vector regression; stand mean

height; Gaofeng Forest Farm
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