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Estimation of soil organic matter in saline-alkali farmland
using optimal FOD_CWT and spectral index

Zuo Chaoyan', Jia Keli', Ye Jingyu', Li Haoyu', Zhang Junhua®, Ding Qidong”
(1.School of Geography and Planning, Ningxia University, Yinchuan, Ningxia 750021,
China; 2.School of Ecology and Environment, Ningxia University, Yinchuan, Ningxia 750021, China)

Abstract: [Objective] A framework integrating fractional-order differentiation (FOD) , continuous wavelet
transform (CWT), and spectral index construction was proposed in order to achieve high-precision monitoring of
soil organic matter in saline-alkali farmland. [Methods] Two saline-alkali farmland plots in Jiashi County,
Xinjiang, were selected as the study area. Ground-based hyperspectral reflectance data and field sampling data
were used as data sources. The original hyperspectral reflectance was subjected to differential transformation with a
step size of 0.25. On this basis, continuous wavelet transform was performed at six scales, and the optimal
combination of differential order and wavelet decomposition scale was selected to construct a ratio index (RD ,
difference index (DD, and normalized difference index (NDD). Random forest (RF), extreme gradient boosting
(XGBoost) , support vector regression (SVR) , and light gradient boosting machine (LightGBM) models were

built to quantitatively estimate soil organic matter content. [Results] After FOD processing, the 0.75-order
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differential spectral reflectance had the highest correlation with organic matter, significantly outperforming the
original spectrum and integer-order transformation. After the combined FOD _CWT processing, the 0.25-order
FOD combined with 25-scale CWT showed the best performance, with a correlation coefficient of 0.726. The
correlation between spectral reflectance data and organic matter increased by 0.197, effectively enhancing the
relationship between the spectrum and soil organic matter. The FOD_CWT _XGBoost combination showed the
best prediction performance, with a test set R’ of 0.744. [Conclusion] The combination of fractional-order
differentiation and wavelet transform can deeply extract spectral information, and the constructed model is suitable
for estimating soil organic matter.

Keywords: organic matter; ground—based hyperspectral; fractional-order differentiation; continuous

wavelet transform ; spectral index; machine learning
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Table 2 Spectral index calculation formulas
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Fig.1 Spectral curves after 0—2 order differential transformation
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Fig.2 Correlation coefficients between 0—2 order wavelet coefficients and soil SOM content
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1 0.668 988 650 32.5
1.25 0.633 881 515 25.7
1.50 0.578 881 255 12.7
1.75 0.527 990 192 9.6
2.00 0.541 710 188 9.4
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Fig.3 Statistical chart of correlation coefficients between wavelet coefficients at various scales and SOM
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x4 FAEKBHAAMERELEHSHY
Table 4 Parameters of spectral index constructed
with different treatment methods

VLB e ik e %L #H 4 1/nm #H K 2/nm
1920 2247
RI 1156 2247
1920 1156
1920 2247
FOD DI 1156 2247
1920 1156
1920 2247
NDI 1156 2247
1920 1156
2169 1995
RI 878 1995
2169 878
2168 1995
FOD_CWT DI 878 1995
2169 878
2169 1995
NDI 878 1995
878 1995
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Table 5 Accuracy of SOM estimation models on training and test sets

‘ Il 4 il it 4
Ak 3y 2 o ,) ,)
R’ RMSE MAE R’ RMSE MAE
RF 0.650 1.603 1.275 0.540 2.329 1.775
FOD XGBoost 0.760 1.326 0.939 0.616 2.127 1.555
SVR 0.652 1.596 1.209 0.645 2.047 1.644
LightGBM 0.436 2.033 1.642 0.443 2.562 1.932
RF 0.661 1.577 1.271 0.596 2.182 1.937
XGBoost 0.748 1.360 1.010 0.744 1.739 1.405
FOD_CWT
SVR 0.574 1.768 1.200 0.626 2.099 1.509
LightGBM 0.566 1.784 1.434 0.475 2.488 1.845
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Fig.4 Scatter plots of SOM estimation model-predicted values and measured values under FOD and FOD_CWT processing
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