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Fig. 1 Location of study area and spatial distribution of sample points
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Fig. 2 SOCD histograms of 50 soil samples
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Fig. 3 Average spectral reflectance and GA selection frequency of different pre—processed spectra
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900 nm) MYPEEL. XF TRl WG, 450 nm %
BEAY 4 HE 5 SR 5 SOC 5 i BB A G (Hong 55,
2020) . X FILLAMXIR, SOC B FHIEE H 5
S BRI R IE A G, 4 C—H. C—O Fll
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Fig. 4 GA selected bands from original, FD and CR spectra
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FD YEi% A1 CR Y6155 SOCD A 55 s 1) I BE#R 46
FRAEIT L AR JEEL (780—900 nm), {H FD Hl CR
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Y R 0.452—0.593, CR GiE SR 3% B i R 78 BUFTERCR IR 2, Joiki & SOCD il e ok FE 2
0.332—0.602., F A J5G 615 B RRIE I B B A 3 aF Ko BT LRGSR, ARUFFER A IR G IS )RR
BN o T A FD 6% 5 CR G )RR AE % BBl T 9T X A SOCD .

*1 EFAERIE. AREEFZEE SOCD FHlMR

Table 1 Prediction results of SOCD by using multivariate regression models and different pre—processed spectra

. B GAFFIEREBL EovlniiiidEd
SRES b
PLSR MLR SVM ANN PLSR MLR SVM ANN
R? 0.672 0.621 0.551 0.678 0.388 0.255 0.315 0.343
. RMSECV 0.458 0.514 0.525 0.449 0.665 0.867 0.644 0.630
IR G
MAE 0.380 0.385 0.420 0.358 0.493 0.616 0.484 0.476
rRMSE/% 10.7 12.0 12.3 10.5 15.6 20.3 15.1 14.7
R? 0.526 0.593 0.452 0.505 0.284 0.094 0.193 0.201
. RMSECV 0.549 0.586 0.578 0.552 0.659 0.907 0.691 0.693
FD L%
MAE 0.462 0.471 0.436 0.449 0.515 0.734 0.535 0.530
rRMSE/% 12.8 13.7 13.5 12.9 15.4 21.2 16.2 16.2
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Fig. 6 Scatter plots of SOCD estimated by full bands and GA selected bands of original spectra
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Fig. 7 SOCD mapping by four regression models
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Table 2 Basic statistics of SOCD measured values and predicted values of four models
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Fig. 8 The spatial distribution of the absolute error of SOCD predict by four models
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Abstract: Accurate monitoring of Soil Organic Carbon Density (SOCD) is important for regulating soil carbon sinks and rationally using
soil resources. Airborne hyperspectral images provide important data sources for SOCD mapping. The noise in the spectrum affects the
accuracy of SOCD estimation because airborne hyperspectral images are easily affected by external factors during data collection. A set of
technical processes that are suitable for airborne hyperspectral data processing is still lacking. Therefore, this study aims to investigate the
technical process of SOCD estimation based on airborne hyperspectral images. The original spectra are preprocessed by First Derivative
(FD) and Continuum Removal (CR) transform. Genetic Algorithm (GA) was used to select the feature bands. Different regression methods,
such as Partial Least-Squares Regression (PLSR), Multiple Linear Regression (MLR), Support Vector Machine (SVM), and Artificial Neural
Network (ANN), were used to estimate SOCD. Results showed that the accuracy of SOCD prediction for original, FD, and CR spectra was
improved after feature band selection by GA. With the feature bands of original spectra, the R?> of SOCD predicted by PLSR, MLR, SVM,
and ANN are 0.672, 0.621, 0.551, and 0.678, respectively. The range of R? are 0.452—0.593 and 0.332—0.602 with FD and CR feature
bands, respectively, which demonstrate large errors. The feature bands of the original spectrum were used in this study for SOCD mapping.
The SOCD predicted by four regression models has a highly similar trend in space and is similar to the SOCD measured value. The points
with large absolute errors mostly occur near the edges of the sampling points.
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