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Table 1 Estimated LAI by unitary regression model based

on discrete wavelet transform cofficients
fig i R A Il 5 o5 % WERE BRI E
=N y=—0.028 2x+3.936 4 0.302 2 0.970 1
AN y=1.733 2 In(x) —4.762 2 0.406 7 0.752 2
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Table 2 Estimated LAI by multiple regression model based on

continuous/discrete wavelet transform coefficients

[5] 455 75 YLE R ¥y MR 22
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Comparative Study on Remote Sensing Invertion Methods for Estimating
Winter Wheat Leaf Area Index
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Abstract The present study aims to explore capability of different methods for winter wheat leaf area index inversion by integra-
ting remote sensing image and synchronization field experiment. There were four kinds of LAI inversion methods discussed, spe-
cifically, support vector machines (SVM), discrete wavelet transform (DWT), continuous wavelet transform (CWT) and prin-
cipal component analysis (PCA). Winter wheat LAI inversion models were established with the above four methods respectively,
then estimation precision for each model was analyzed. Both discrete wavelet transform method and principal component analysis
method are based on feature extraction and data dimension reduction, and multivariate regression models of the two methods
showed comparable accuracy (R* of DWT and PCA model was 0.697 1 and 0. 692 4 respectively; RMSE was 0. 605 8 and
0.554 1 respectively). While the model based on continuous wavelet transform suffered the lowest accuracy and didn’t seem to
be qualified to inverse LAl It was indicated that the nonlinear regression model with support vector machines method is the most

eligible model for estimating winter wheat LLAI in the study area.
Keywords Leaf area index; Hyperspectral; Support vector machine; Wavelet transform; Principle component analysis
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