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Estimating leaf area index from remote sensing data: based on
data segmentation and principal component analysis

DONG Ying~Ying' > WANG Ji-Hua'> LI CunJun®  YANG GuiJun’
SONG XiaoYu’  GU Xiao-He> HUANG Wen-Jiang’
( 1. Institute of Agricultural Remote Sensing & Information System Application Zhejiang University Hangzhou 310029 China;
2. National Engineering Research Center for Information Technology in Agriculture Beijing 100097 China)

Abstract: According to the unsatisfactory and lower efficiency of classical statistical models in leaf area index ( LAI) esti—
mation a new inversion method combined with phenology-based data segmentation and principal component analysis was
proposed in this paper. In the method principal components of spectral data and differential ( or difference) spectral data
were chosen as independent variables and phenology-based data segmentation was integrated into data processing in order
to improve estimation accuracy. In addition multi-scale was involved in modeling. Winter wheat was selected as experi—
mental object for numerical simulation and comparative analysis. Results not only showed high precision in whole estimation
and effectively improved data saturation but also manifested stability and robustness under full scan.
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Table 4 Results of numerical experiments based on ground hyperspectral
+30% +20% +30% +20% +30% +20%
M1 0.99 1.00 1.00 0.69 0.71 0.70 0.95 0.97 0.98
M2 0.87 0.89 0.89 0.75 0.75 0.75 1.02 1.05 1.07
M3 0.89 0.90 0.90 0.74 0.76 0.75 1.19 1.24 1.23
M4 0.90 0.91 0.93 0.73 0.74 0.73 1.04 1.06 1.06
M5 0.69 0.69 0.72 0.84 0.84 0.83 1.01 1.06 1.08
5 HJ4
Table 5 Results of numerical experiments based on HJ4 multispectral
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HJ-M2 0.75 0.71 0.73 0.84 0.85 0.84 0.90 0.95 0.94
HJ-M3 1.02 1.03 1.04 0.69 0.70 0.70 0.91 0.93 0.93
HJ-M4 0.70 0.63 0.64 0.86 0.87 0.87 0.96 1.02 1.00
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Fig.5 Comparison analysis of ground hyperspectral numerical experiments
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Fig.8 Results of HJ4 multispectral numerical experiments
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