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EWT Inversion Model of Summer Maize Based on Spatial Scale
Optimization of Spectral and Texture Information

CHEN Hong WANG Yakun YAO Yifei DAI Qin CHEN Ziqiang LIU Chang LI Gaoliang HU Xiaotao
(Key Laboratory of Agricultural Soil and Water Engineering in Arid Areas, Ministry of Education ,
Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: In order to solve the problem of large canopy equivalent water thickness ( EWT) inversion
error caused by spatial heterogeneity, taking four maize fields with large growth differences as the
research object, EWT data of six key growth nodes was collected, and UAV multispectral remote sensing
technology was used to obtain orthophoto images in the field, and the spectral and texture information of
different window space sizes (0.1 m X0.1 m to 2.0 m x2.0 m) of remote sensing images in the form of
sliding windows was extracted, and after multicollinearity testing, principal component analysis ( PCA)
was used to reduce the dimensionality of spectral parameters (S), texture parameters (T ) and
combinatorial parameters (S +T) , respectively, and then the EWT inversion model was constructed by
partial least squares (PLS), random forest (RF) and support vector machine (SVM) , respectively, and
then the accuracy of the model was tested by Kruskal — Wallis, and the choice of optimal window size was
discussed according to the results of multiple tests. The results showed that with the gradual increase of
the window space scale, the accuracy of the EWT inversion model was increased firstly and then

decreased. The accuracy of the model constructed with the S + T as the input variable was significantly
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better than that of the S and the T, and the adjusted R-square (Ridj) of the optimal window size of the
model based on PLS, RF and SVM was increased by 0.16, 0.05 and 0. 12, respectively, and the
relative root mean square error (RRMSE) was decreased by 4.95% , 1. 17% and 3. 80% , respectively.

The results showed that it was feasible to use texture features to improve the inversion accuracy of EWT

model. Comprehensively comparing the nine sets of models constructed by different modeling methods,

the optimal sampling window spatial size was finally determined to be 0. 7 m x0. 7 m, with Ridj up to 0. 82

( corresponding RRMSE of 16.57% ). The research result can provide a reference for information mining

and EWT monitoring based on UAV multi-spectral image analysis.

Key words: maize; equivalent water thickness; multispectral remote sensing; textural features; spatial

scale; machine learning
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Fig.1 Diagram of study area
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Fig.2 Spatial and temporal differences in EWT distribution
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Tab.1 Optimal window size and its accuracy for
different models

H ) BAEE AR/ (mxm) R, RRMSE/%
PLS_S 0.7 %x0.7 0.61 22.73
PLS_T 1.5%x1.5 0.63 21.99
PLS_S+T 0.8 x0.8 0.77 17.42
RF_S 0.6 x0.6 0.65 20.98
RF_T .1 x1.1 0.61 22.37
RF_S+T 0.5x%x0.5 0.70 19. 81
SVM_S 0.4 x0.4 0.71 20. 37
SVM_T 0.9%0.9 0. 60 23.70
SVM_S +T 0.7x0.7 0.82 16. 57
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Tab.2 Normal test of model accuracy for different window sizes/modeling methods
N4 R, RRMSE N~f/ R, RRMSE A R, RRMSE
(mxm) h h P (mxm) h P h P ik h P h P
0.1x0.1 1 1 0.03 I.1x1.1 0 0.50 0 0.43 || PLS_S 1 0 1 0
0.2x0.2 0 0. 19 0 0.29 1.2x1.2 0 0.50 0 0.10 || PLS_T 1 0.01 0 0.09
0.3x0.3 0 0. 06 0 0.09 1.3 x1.3 0 0.26 0 0.23 ||PLS_S+T 0 0.34 0 0. 10
0.4 x0.4 0 0.21 0 0.50 1.4 x1.4 0 0.50 0 0.50 || RF_S 0 0. 06 0 0.08
0.5x%x0.5 1 0.02 0 0.06 1.5x1.5 0 0.50 0 0.50 || RF_T 1 0 1 0. 04
0.6 x0.6 1 0 0 0.11 1.6 x1.6 1 0.03 0 0.09 ||RF_S+T 0 0.21 0 0.23
0.7x0.7 1 0.01 0 0.18 1.7x1.7 0 0.14 0 0.18 || SVM_S 1 0 1 0
0.8 x0.8 0 0.50 0 0.50 1.8 x1.8 0 0.50 0 0.50 || SVM_T 1 0.03 1 0.02
0.9x0.9 0 0.19 0 0.08 1.9x1.9 0 0.50 0 0.50 |[SVM_S+T 0 0.29 0 0.37
1.0x1.0 0 0.50 0 0.50 2.0x2.0 0 0.50 0 0.50
T R VK SF p > 0,05,k =0, 252 AR
ESH 5 FRW R AR T AR R, F RRMSE () p (53
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