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Fig.l1 Geographical location of study area and spatial
distribution of sampling points
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Table 1 Descriptive statistics of soil organic matter content
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Table 2  Statistical analysis for reflectivity of TM bands in

study area
B I B R G R

e/ ME e KNAH ¥IME Frife %
Bandl 0.0623 0.147 0.0623 0.0077
Band 2 0.0227 0.0735 0.0373 0.0054
Band 3 0.0163 0.1008 0.0332 0.0076
Band 4 0.0238 0.1948 0.1136 0.0189
Band 5 0.0104 0.1722 0.0954 0.0194
Band7 0.0044 0.09177 0.0342 0.0086
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Table 3 Correlation coefficient of reflectivity of TM bands
Bandl Band2  Band3 Band4 Band5 Band7

Band 1 1 0.8821** 0.8432** 0.2016** 0.0151 0.0564

Band2 0.8821** 1 0.9221**  0.1372*  0.1790 0.0483
Band 3 0.8432%*(.9221** 1 0.1421*  0.1721 0.0087
Band 4 0.2016**0.1372* 0.1421* 1 0.0715 -0.0557
Band5 0.0151 0.1790  0.1721 0.0715 1 0.0293
Band 7 0.0564 0.0483 0.0087  -0.0557  0.0293 1

T W] 0.05 AT 15 B VERTE, *+42l] 0.01 AT L1 5 & PEAG.
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Table 4 Correlation coefficients analysis between soil organic
matter content and reflectivity of TM bands

Bandl Band2 Band3 Band4 Band5 Band7

*E?’E/‘?\ 0.52 0.61 0.56 0.03 0.46 -0.01
Hor
¥4 0 0 0 0.64 0 0.84

T A VLTS RS R OIS R I
Rk, MG A LTS R R, AN
BT LR R, FFmE A R
FF) MR ZE (root mean squared error, RMSE) K
MR A o I RO T 1, HAY TR
RSN, SR BZIEH RO, e I .
] 73 Al i Matlab 2008a 528, 45K W% 5, &
1134585 p<0.01 BFMEKK . b NL-BS ) R
I/, Ak 0.33, [FII eI iR 22 i K (0.31)
ALt 4 B i s EoU & 5% . L-B2-B5 1 VIF
fH4 1.003, FRWBEEL 2 FIPLE 5 R R 2 1)
AL . NL-B2-B5 [4LA EBcdr, H¥Jy
e, IS e AR A T A U5 B A
MR HREoE Lk

InSOM =77.2+320.4x B2-892.6x B5 -

3438x (B2) +2443.8x (B5)’

X, InSOM 2y HEEE WIS EHOM 4 B2 il BS
I3 TM A5 B 2 A9k B 5 rh R SO %
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Table 5 Statistical test for regression equation

(8

BR AR NL-B2 NL-B5 L-B2-B5 NL-B2-B5
R 0.52 0.33 0.51 0.70
BmiiR e 0.27 0.31 0.27 0.24
VIF - - 1.003

i NL-B2 Fl NL-BS 43 5l 0 LG HUR S 5B 2 DL B 5 Hhk
SEI KBRS L-B2-BS 3 TR U&= Sk BE 2 Tk B S i
H R Z O MR R AL, NL-B2-BS L3RS RSB 2
FIBE 5 M2 oeAE Lt R %, VIF (variance inflation factor) 475 %
17} QPSa
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S 2 W BEAILAE 3G 9 o 3 AT LTS B AR R N
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Ja 7 R RDE SR ER TR AR AR [ A SRk
H1 G54 75 72/ Al 2 BUSRA 1, (RDBR K U AT Sk
B, 2 ANR A T 2R S LA R T 0.5,
FLAT RS RERE IS AR G A, B AT R #5 KT
0.9, Ut R BCRA RIS LA
®6 SLRLTRBDSY
Table 6 Parameters of semivariogram models of different
variables

s TABR e RE AR EL e
HHUR Gaussian ~ 29.1  58.67 1720 0.5 0.94

FF3%%  Exponential 135 283 2280 052 091
7E: lag BEE N 300 mo

ity
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Fig.2 Predicted mapping of soil organic matter content with
different methods
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Table 7 Prediction accuracy of soil organic matter content
with different methods
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Fig.3 Moran’s I of prediction error of soil organic matter content
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Fig.4 Semi variance analysis of prediction error for remote
sensing retrieval based on OKLM
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Abstract: The classical statistical method is always used to construct quantitative remote sensing retrieval model.
However, the method doesn't take into account the spatial relations between data, which will severely affect the
retrieval accuracy. In order to improve the spatial predictive accuracy of soil organic matter, a multivariate
geospatial method for making retrieval model was presented in this paper. Considering the spatial distribution
characteristic of regression error, a multivariate geostatistical method called ordinary Kriging with varying local
means (OKLM) was presented, which was used to construct remote sensing retrieval model. The method was
illustrated using soil organic matter (SOM) content in Southwest Sichuan province, and was compared with other
method, such as ordinary Kriging, ordinary remote sensing retrieval method, and remote sensing retrieval model
based on regression Kriging. The results showedthe proposed method improved the predictive accuracy
effectively among these methods, because the proposed method was based on relations between SOM sampling
data and TM images using spatial statistics, taking fully into account the spatial relations among the data, and
obtained more accurate retrieval model. Compared with regression Kriging, OKLM assumed that the means of
regression errors cannot always be zero in local neighborhood, which was more in line with the actual situation.
The proposed method provides a scientific basis for the farmland nutrient management and sustainable
development of the regional agricultural.
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