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Abstract: Visible/near infrared spectroscopy( Vis/NIRS) is an effective tool for soil component de-
tection. Wavelength selection plays an important role in predicting the soil properties of the visible/
near infrared( Vis/NIR) model. Taking the 75 paddy soil samples of Ningxia Wuzhong area as the
research object, the Vis/NIR spectra of soil samples were collected. The sample set partitioning
based on joint X-Y distance (SPXY ) method was used to divide calibration set and prediction set
samples. Three different preprocessing methods, namely, Savitzky Golay smoothing ( SG smoot-

hing ) , multiplicative scatter correction( MSC) , and standard normal variate(SNV') , were applied to
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pretreat the spectral data. Then, three soil available nitrogen content prediction models were estab-
lished by partial least squares( PLS) regression. The consequences of the three models and the mod-
el using raw spectral data were compared. On this basis, the genetic algorithm ( GA ), successive
projections algorithm (SPA) , competitive adaptive reweighted algorithm ( CARS) and Random Frog
(RF) were used to select key wavelength variables. Finally, the soil available nitrogen content pre-
diction models were established by partial least squares regression based on different wavelength se-
lection methods. Research shows that, due to the stability of the instrument, relatively small and
uniform of the sample particle size, raw spectral data is achieved the best consequence; various
wavelength selection methods can effectively reduce the number of wavelengths in the model, and the
continuous projection algorithm is better than full spectrum model, the selected wavelength number is on-
ly 1% of the number of full spectrum wavelength and its prediction coefficient of determination(R”) , root
mean square prediction error and relative error analysis values were 0.726, 3. 616 and 1.906. The re-
search shows that wavelength selection method by SPA could predict the available nitrogen content in the

paddy soil, provide a reference for development of soil available nitrogen sensor.

Key words: soil; visible/near infrared spectroscopy ( Vis-NIRS) ; available nitrogen; spectral pretreatment; wave-
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Tab.1 Measurement distribution of soil available nitrogen
mg + kg™
FeandEr e RHE M WE beEd2E
BIEHE(60) 39.480 ~86.730 64.723 8.919
Tm4E (15) 55.300 ~81.830 66.871 6.892
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Fig.1 Schematic diagram of soil attribute measurement de-
vice based on Vis-NIR spectrophotometer. (D Sap-
phire window; @halogen lamp; @ collection optic;
@fiber optic; Gspectrometer; @power supply.
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Fig.2 Visible and near infrared spectra of 75 soil samples
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Tab.2 Results of PLS models obtained with different spectral pretreatment methods

\ . - AR FUpIIES
AL BT s EHFE
R’ RMSECV R RMSEP
Raw 4 0.684 4.974 0.678 3.810
SG smoothing(3 A) 4 0.674 5.052 0.684 3.853
SNV 3 0.645 5.233 0.615 4.296
MSC 3 0.650 5.234 0.615 4.293
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Fig.3  Plot of soil spectral and variable selection by GA

B, 5 GA BEHEAT T 5 wizfr, B 23
A3 M R RE AT DL/ AT AT AN | B R 2 4
BN 5 BT IR R . IR AT IR
5 Was 17 i ik 19 I K 32 AR AR 400 ~ 700
nm .1 100 ~1 500 nm $# B, FETEPEA B K ST
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Tab.3 Results of PLS modes obtained with different wavelength selection

IR AR IO 1k WAL TR R RMSEP RPD
4l 380 7 0.678 3.81 1.809
GA 14(3 S FE¥)E) 5 0.523 4.799 1.464
SPA 4 4 0.726 3.616 1.906
CARS 29 9 0.536 8.005 0. 861
Random frog 10 7 0.622 4.425 1.557
14 e, f£ 1 ~25 RFEIX (], RMSECV {H Fifi %5 SR FE AL
13 = it calibration object F B A I | FE TR T R AT e
12 Selected variables

0.5

i b 1 | | i
0 50 100 150 200 250 300 350 400

Variable index

K4 SPAisfrasit
Fig.4 Results using SPA
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il R ) R i, 3R 29 MR K AR YK
hy 455. 18, 484. 26, 501. 56,530. 17,558. 47,597. 58,
608.65,679.35,778.83,789.03,995.24,999. 74,1 013. 12,
1075.28,1 080.7,1 091.49,1 09.86,1 323.96,1 328.95,
1769.18,1 890.49,1 898.91,1 907.31,1 977. 34,
1981.38,1 985.42,2 168.37,2 198.73,2 221.53
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Fig.5 Results using CARS. (a)Changing trend of the number
of sampled variables. (b) 10-fold RMSECV values.
(¢) Regression coefficients of each variables with the

increasing of sampling runs.
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