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*1 SOM g E4it
Table 1 Statistics of SOM content

REA B RRIE/ (g kgD f/ME/ (g - kg™

I/ (g - kg™

FriE2E/(g - kg™ 55t RE %

60 42.41 15.1

24.98 7. 40 29.63
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BC A o A s AR A7 22 o X, B e R B0 5 58 3l A5 ¥ R
P AT AR R G RS T A of  E  TRD EREEL AR G 1 M L
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AP 6 HOaR T R i 3 B T IR R Y L A DR R A
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1: HLfRi; 2. ZUIRERMIG s 3. ARUEEMR 4: SLeFiRk;
5: NIR-Quest; 6: QE-Pro; 7. +3ikEA; 8. JLif

Fig. 1 Spectral data acquisition device

1. PC; 2. Multifunctional testing platform; 3. Standard white plate;
4. Fiber probe; 5: NIR Quest; 6: QE Pro; 7: Soil samples; 8. Light

source
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O3 N AREA A AR O 2245 v B, P BOM SR 225« Bl X
FA A GTE B RS O #EAT 0 18 . AN [ A A 1 B30 4 43
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Fig. 2 Outlier filtering results of MCCV method
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Fig. 4 Results of different methods of screening characteristic variables
(a); Variables selected by CARS method; (b): The distribution of variables selected by CARS; (c): Variables selected by SPA method;
(d) : The distribution of variables selected by SPA; (e): Variables selected by CARS-SPA method; (f): The distribution of variables selected by
CARS-SPA; (g): The distribution of variables selected by UVE; (h): The distribution of variables selected by VCPA
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Fig. 5 Modeling results of PLSR using different variables
(a): AlII-PLSR; (b): CARS-PLSR; (¢): SPA-PLSR; (d)CARS-SPA-PLSR; (e): UVE-PLSR; (f): VCPA-PLSR
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M 5 A LA B, B UVE #1 VCPA & p:4h, H4eH
P R A S B SOM & 5 1A R Wi . RPD {E 34k
F 2.0, Hh, T2 KEMMN RS A Re 4354 0. 862 Al
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P AR, L AE ST SOM & A M 1 £ . e RPD 43 31
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SPA F# il A8 A4 HE Y SOM £ 455 700 1) 950000 % O e 47, He o
R 4% 524 0.931 A1 0. 908, RMSEC 4y 3 4 1. 964 1 2. 226
gekg ', HASMES WM MEMEER R, Hb R 45004
0. 890 #1 0. 901, RMSEC 4%k 2.033 1 2.079 g » kg !,
RPD 4351y 3. 023 F1 3. 188, & B3 W Fh )5 =X AT LA 5 1 b 18
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[ 3.023, Rk, %5 Bk BUR 9 A R T sk SR e A . AR T
LK FEF CARS-SPA Jy 5 i 8 1 I8 KAy 4 I K B0t
M 15% , RAUBEAR T JE 807 B % sk SR ) F 4, ELASE AL 7Y
BRG] T B0, A DUR &7 3 52 8% X SOM

ER VTR, % KA SOM % & P WO K 43 4% %
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Prediction of Organic Matter Content in Sandy Fluvo-Aquic Soil by
Visible-Near Infrared Spectroscopy

ZHONG Xiang-jun'?, YANG Li"** , ZHANG Dong-xing'"*, CUI Tao"*, HE Xian-tao"* , DU Zhao-hui'"*

1. College of Engineering, China Agricultural University, Beijing 100083, China

2. Key Laboratory of Soil-Machine-Plant System Technology of Ministry of Agriculture and Rural Affairs, Beijing
100083, China

Abstract  Soil Organic Matter (SOM) is a crucial soil parameter that affects the sowing rate. Real-time control of the sowing
rate based on SOM information is the cutting-edge research area of planting technology, which can make full use of land
resources to tap the yield potential, accurately and adequately adjust the number of seeds to maximize the return. This article
focuses on the North China Plain, one of the main corn-producing areas. as the study area, and the sandy loam soil in this area
has been collected by visible-near infrared (300~2 500 nm) spectra. Monte Carlo cross-validation is used to eliminate abnormal
samples, and the Savitzky-Golay convolution smoothing method is used to smooth and denoise the spectral data. Respectively
through Competitive adaptive reweighted sampling (CARS), Successive projections algorithm (SPA), Competitive adaptive
reweighted sampling-Successive projections algorithm (CARS-SPA), Uninformative variables elimination (UVE) and Variable
Combination population Analysis (VCPA), and other wavelength screening methods to extract effective variables. Combined
with Partial least squares regression (PLSR)., the SOM content prediction models of full wavelength and characteristic
wavelength were established respectively. The results showed significant differences in the number of wavelengths and
wavelength positions screened by different methods. The spectral features selected by the CARS and SPA algorithms are
distributed in the spectral range, while the bands selected by UVE and VCPA were concentrated. Moreover, the characteristic
variables could be further optimized based on the CARS-SPA method, and the characteristic wavelength was only 15% of the
total wavelength. By comparing the modeling and prediction effects of different models, except for the UVE and VCPA
algorithms, the models constructed by the other algorithms can all effectively predict the SOM content, and their RPD values
were all greater than 2. 0. The PLSR model based on CARS-SPA has the best performance. Its Rf and RPD were 0. 901 and
3. 188 respectively, higher than other methods. It reduces the interference of invalid information on the prediction effect, but the
computational efficiency of the model is significantly improved, which can realize the reliable prediction of SOM content in this

area. This research can provide method references for rapid prediction of SOM content and instrument design.
Keywords Soil organic matter; Seeding; Visible-near infrared; Sandy fluvo-aquic soil; CARS-SPA
(Received Aug. 4, 2021; accepted Nov. 19, 2021)

* Corresponding author



