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Abstract In view of the large amount of soil hyperspectral data and obvious spectral information redundancy, this
paper aims to compare prediction abilities of multiple feature variable selection methods for estimating soil organic
matter. The stability competitive adaptive reweighted sampling (sCARS), successive projections algorithm (SPA),
genetic algorithm (GA), iteratively retained information variables (IRIV), and sCARS-SPA are used to select the
characteristic variables from full spectral data. Based on these characteristic bands and full spectral bands, partial
least squares regression (PLSR), support vector machine (SVM), and random forest (RF) models are used to
predict the soil organic matter content. The results show that the PLSR and SVM models combined with variable

selection can not only improve the efficiency of the model, but also improve the model prediction ability over the full
bands. The accuracy of RF model constructed with characteristic variables is not obviously improved, but the
variable number in the construction model is significantly reduced and the modeling efficiency is greatly improved.
Overall, the RF model’s accuracy is better than those of the SVM model and the PLSR model. The variable number
of the prediction model from the combination of IRIV and RF is only 63, and the coefficients of determination (R?)
from calibration set and validation set are respectively 0.941 and 0.96, and the relative deviation for the validation
set Rpp is 4.8, showing a very good prediction capacity. Compared to modeling based on the full bands, the
combination of characteristic variable selection and regression methods can effectively improve the modeling

efficiency while ensuring the accuracy of the model.
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Table 1 Soil organic matter content statistics of calibration set and validation set

Sample set Samplenumber Min /(gekg ) Max /(g kg™ ") Mean /(g+kg™ ") SD
Calibration set 268 4.86 148.74 32.47 23.52
Validation set 133 8.26 133.56 32.16 22.44
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Table 2 Accuracies of PLSR model with different variable selection methods

Calibration set

Validation set

Selection method ~ Variable number PC
R Rsecar R Rusevar Rep
Full-spectrum 2000 5 0.842 9.326 0.835 9.069 2.5
sCARS 51 5 0.874 8.327 0.883 7.797 2.9
SPA 5 5 0.850 9.103 0.858 8.525 2.6
GA 186 4 0.842 9.342 0.861 8.415 2.7
IRIV 63 6 0.843 9.300 0.875 8.043 2.8
sCARS-SPA 17 4 0.765 11.391 0.848 8.791 2.6
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Table 3 Accuracies of SVM model with different variable selection methods
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Fig. 8 Scatter plot for the measured and predicted
value by SPA-SVM model
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Table 4 Accuracies of RF model with different variable selection methods

Calibration set

Validation set

Selection method Variable number

R ia] R MSECAL R \Z/a] R MSEVAL R PD
Full-spectrum 2000 0.942 5.817 0.957 4.840 4.6
sCARS 51 0.942 5.781 0.958 4.780 4.7
SPA 5 0.930 6.585 0.954 5.082 4.4
GA 186 0.939 5.894 0.959 4.699 4.8
IRIV 63 0.941 5.927 0.960 4.656 4.8
sCARS-SPA 17 0.940 5.910 0.955 4.971 4.5
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Fig. 9 Scatter plot for the measured and predicted
value by IRIV-RF model
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Table 5 Model accuracy after manually eliminating outliers
Calibration set Validation set
Model
Rl R vsecaL W Ruseva Rep
sCARS-PLSR 0.943 5.538 0.926 5.987 3.7
sCARS-SVM  0.926 6.092 0.957 4.903 4.6
sCARS-RF 0.985 3.204 0.988 2.865 7.8
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