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Abstract: To solve the problem of the large data disturbance and high variance of spatial distribution of
trees height in the waveform of large-footprint light detection and ranging (LiDAR), a kernel function,
called kernel gradient boosting decision tree ( KeGBDT) was introduced in this paper. The weight of the
connection function through the output value of the leaf node in decision tree was calculated by KeGBDT,
and the weighted sum of the connection function was used as the expression of the kernel function.
Therefore, the error caused by the uneven distribution of observation values in the leaf nodes was
avoided. In the experimental part, the waveform feature from the geoscience laser altimeter system
(GLAS) data was used as the forest height estimation dataset. The KeGBDT was compared with kernel
random forests ( KeRF) , linear kernel, Gaussian kernel and other common kernel functions, and the
ridge regression and support vector regression were compared based on KeGBDT with the other regression
algorithms, such like linear regression, GBDT and random forests, in forest height estimation task.
Results show that the regression algorithm based on KeGBDT is superior to the commonly used kernel

function and regression algorithm in both R-squared and root mean square error, and KeGBDT can
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effectively reduce the bias of the estimation model of forest height.

Key words: kernel gradient boosting decision tree ( KeGBDT) ; kernel function method; light detection

and ranging ( LIDAR) ; forest height; machine learning; feature extraction
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Table 2 Forest height estimation results
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