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4- Savitzky-Golay filter
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1- Stepwise regression analysis
2- Backpropagation neural network
3- Multivariate adaptive regression splines
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Figure 1. Dust center situation and soil sample location.
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1- Support Vector Regression
2- Statistical learning theory
3- Structural Risk Minimization
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Table 1. Statistical description of soil organic matter measured in soil samples.

)
N < s ok b s bl S S
Max Med Min MEAN
(%) (%) (%) (%) CV ST.DEV SKEW KURT
1.26 0.56 0.059 0.62 0.38 0.23 0.17 0.20

WS o6 S o3Ikl sl S5s pla b T op S cp Soeer =Y Jgu
Table 2. Correlation between soil organic carbons with other properties.

IS (mg/lOOgr)é o oy oS Ao S Ao s Sos S S
Organic carbon (%) Gypsum Clay (%) Sand (%) Silt (%) EC (DS.M™) Soil properties
[
1 0.37 -0.41%* 0.35 0.18 0.46%* S oS
Organic carbon (%)
/ 100 <
1 0.42% 0.54% 0.43* 017 (mg/ 100g0) &5
Gypsum
Ao
1 -0.76%* -0.40% 0.55% o e
Clay (%)
cE o
1 -0.38% -0.51% o e
Sand (%)
Sl sy
1 -0.23
Silt (%)
1 Soxd
EC (DS.M™)
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Table 3. The results of evaluation criteria of calibration and validation steps in PLS-ANN and SVR models.
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1.72 0.11 0.74 2.34 0.05 0.92 SD-SG PLSR-ANN
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Figher 3. Diagram of Correlation between soil organic carbon with reflection in different spectra including:
a: main spectra (ROW), b: the Savitzky-Golay filter (SG), c: the first derivative with the Savitzky-Golay filter
(FD-SG), d: the second derivative with the Savitzky-Golay filter (SD-SG), e: the standard normal variant

(SNV) and f: the continuum removal method (CR).
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Abstract

Background and Objectives: In recent years, due to the lack of surface coating and low soil
resistance to wind erosion, the large area of Khuzestan province is sensitive to dust production.
Among the soil characteristics, the organic matter by collecting soil particles, has important role in
soil resistance to wind erosion and dust production. Since these areas are so wide, the use of
traditional methods of soil analysis is really costly and time consuming. The spectroscopy approach,
due to the advantage of speed and easy movement, can reduce the cost and time of measurement.
The aim of this study is to investigate the spectral behavior of soil organic carbon in central and
southern regions of Khuzestan province by using tow multivariate regression, Support Vector
Regression (SVR) and neural network (PLS-ANN) and key wavelength determination of soil organic
matter in these areas.

Materials and Methods: In this research, the study area was divided into 2 km square grids and
systematic and random sampling Methods were performed. The soil organic matter in samples was
measured in the laboratory. The Reflectance spectra of soil samples were determined using FildSpect
setup in dark room. And spectral measurements were carried out with three types of detectors in
range of visible to near infrared (3500-2500 nm). To eliminate the noise in normal reflectance
spectra, the main spectra were preprocessed by four methods, including the first derivative with the
Savitzky-Golay filter (FD-SG), the second derivative with the Savitzky-Golay filter (SD-SG), the
standard normal variant method (SNV) and the continuum removed method (CR). Next, the
performance of SVR and PLS-ANN models in main spectra preprocessed method were compared.

Results: The results showed that the PLS-ANN model had better accuracy compared to SVR model
in estimating orgamc carbon. In SVR models, the continuum removal method (CR) had the best
performance (R CAL—O 84, RMSEcx1=0.06 and RPD¢a;=1.82) and the main Spectra had the worst
performance (R car=0.74, RMSEc1=0.14 and RPDcar=1.66). In PLS-ANN models, the best
performance belonged to the second derivative (SD-SG), (R’*car=0.92, RMSECAL—O 05 and
RPDcar=2.34) and the worst performance was related to the first derivative (FD-SG), (R car=0.80,
RMSECAL—O 1 and RPDCAL—I 86)

Conclusion: In this study, the preprocessing methods improved the overall accuracy of SVR and
PLS-ANN models compared to the main spectrum. According to the second derivative method, in
PLS-ANN witch had the best accuracy in estimating soil organic carbon, the Wavelength ranges
around 800, 1800 and 2000 nm were identified as the key wavelength of the organic carbon in
sensitive centers to dust production.
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