201541 f Z?ﬂ[im‘ *ﬂﬁi’iﬂi 5546 % 55 1

doi:10.6041/j. issn. 1000-1298.2015.01. 019

TEEVNEEEHEXERNETE"

xR B

(PHACAR AR R E IR 510 T TR 2B, BRPEHE 712100)

T SCHN e AL B A P I E , LG 3 S AR BT ST T O 3 o0 BT Y kS L R E U
o TP 8 T £ AN R R 4 SRR AR TE I 1S 900 ~ 1 700 nm i [l A9 8 S S0 D6 3%, I X8 3 B AS BEAT
A 00 0 50 Bk LA B e Al ARG 7 A 2 RS [l A AR R 2 7 ik o Y S ) ) S b T 3 2 4 TR (SPA) X
P AT R LW A, SR S B 3 b AR 5 R XA LB e T £ SR AT A0, R e/ T afe ik (PLS) U
EROR B RS T AR 1 2 (RBF) Mg R 45 UM B AL . B4R R A 5230 25 SR 2 W1, AT PLS g 57 A9 T 00 A6 280 A5 AL
B 50 R RN TR0 B =2 (0] ) DR 5 R 0. 801 9, 34 Uy AR 2208 0. 179 45 JT] RBF b 28 [ 2% B 1) e 38 AR B 4%
JrARIRZE 39 g 0. 828 1 Al 0. 164 6, 4 fi 455 4 14 LAY B 8 A A B2, T X0 A ML i o5 A7 DRl 500

X LI APLEEE OBl BUNBER s TRk Rm SR AR 4%

FE 42K S SI158.3; 0433.4 XEKFRIRAD: A X E4RS : 1000-1298(2015)01-0127-06

Real-time Measurement of Soil Organic Matter Content in Field

He Dongjian Chen Xu
( College of Mechanical and Electronic Engineering, Northwest A&F University, Yangling, Shaanxi 712100, China)

Abstract: In order to achieve rapid measurement of soil organic matter content, Lou soil was prepared to
study soil organic matter determination method based on spectral analysis. Firstly, the soil diffusion
reflectance spectrum with range of 900 ~ 1 700 nm was collected by using the portable spectrograph, and
the abnormal samples were identified and removed to improve the accuracy. After that, based on the
comparison of two different sample dividing methods, the optimal wavelengths of the modeling variables
were selected by using successive projections algorithm (SPA). Then, the effect of prediction results of
organic matters was analyzed with three linear modeling methods ( MLR, PCR, PLS). The resulis
indicated that PLS worked better. The RBF neural network was also built. The results of testing sets
showed that the coefficient of determination and root mean square error between measured value and
predicted value was 0. 801 9 and 0. 179 4 with PLS model, and 0. 828 1 and 0. 164 6 with RBF neural
network , respectively. Both of them showed a high accuracy which could be used for the fast prediction of
the soil organic matter content.

Key words: Soil Organic matter content Spectrometry analysis  Prediction model  Partial least

squares RBF neural network
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Fig.2 Near-infrared diffuse reflectance spectra of soil
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Tab.1 Descriptive statistics of soil sample organic

matter content measurements

o K AE/ /MBS A/
AR B B B U5 #
(mg-kg™" ) (mg-kg™' ) (mg-kg™ )
150 18. 67 7.45 14.17 0. 197
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Tab.2 Results of predicting organic matter content

model based on different sample division methods

BEAR R 43 77 12 R’ RMSEC R RMSEP
KS 0.8982  0.0639  0.6407  0.1272
SPXY 0.9079  0.0608  0.6647  0.1273
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Tab.3 Results of different linear modeling methods

AT ik R RMSEC R RMSEP
MLR 0.7703 0.1032 0. 666 5 0. 1402
PCR 0.723 1 0.1320 0.694 7 0.1521
PLS 0.9135 0.0752 0.7359 0.1209
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Tab.4 PLS modeling results of soil organic
matter content
FH A RS R: RMSEC R RMSEP
7 0.8752 0.0915 0.746 7 0.1433
9 0.9009 0.0833 0.7599 0.1380
11 0.946 8 0.059 8 0.8058 0.1179
13 0.9135 0.0732 0.7359 0.1209
14 0.9135 0.0752 0.7359 0.1209
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