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Arclnfo7. 11 RMSPE = ! j;[f(%)_ z2(s)]
1.3 l
2
J §
2(s) z(5) ,
( MPE) (b
(RMEE) MPE RN 77% CO20kem °
SPE o ) 20 kg m
12 C 37.98 kg m™ ", . C
MPE = szl[z(sj)—z(sj)] 37.78kgm72
1 ( n=300)
Table 1 Desaiptive stat stics for SOC density of the interpolation set ((n= 300)
Mean Median M inimum Maximum Range Standard deviation Coefficient of variation
(Ckgm ) (%)
7.96 6 81 0.20 37 98 37.78 6. 10 7
2.1 ; Slope ; CTI s R’=
) 0. 186( p< 0. 001) . Arclnfo
(p< 0.01) , . 2a
(
’ ) B
C4.56 kgm™?, €20.71
kgm .
SOCD= 6.38 + 0.00432Elevation + 0.075Slope — 9 062,
0.057CrI1 18.6% , , s
SOCD ; Elevation
2 (n=300)
TaHle 2 Correlation analyss of SOC density and topographic attiibute ( n= 300)
Compound
Elevation Slope Aspect Plane curvature Profile curvature topographi ¢ index
. 0 425 0. 172 0.011 - 004 0. 084 -0.18
SOC density
p 0 000 0. 003 0. 849 0 443 0. 145 0. 001

p vale
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Fig. 2 Spatial distubutions of SOC density obtained by mulkiple linear regression (a), unvesal kriging (b), and reressior kriging ( c)
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TaHe3 Correlations amlyss of sample coordinates with natural logarihm of SOC density, elevation, dope and @mpound topographic index
X Y
X coordinate Y ooudinate
Natural logarithm of SOC density - 0 129(0. 026)" 0. 250(0. 000)
Elevation — 0.480( 0. 000) 0. 634(0. 000)
Shpe ~0.0280.627) 0. 175(0. 002)
Compound topographic index 0. 114( 0. 049) - 0. 207(0. 000)
1) p  Figure n the bracket is the p value of @rrelation test
( ): X Y ;R?= 0.0%(p<
), , 0.001), 3a
, Co 0. 258, SILL
0.522, RANGE 57 800 m,
. e 6 RMS  0.003 ,
Drifitnsocp= - 2.32—- 10 "X+ 10 'Y
%,

Drifiynsocn (
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%, (9.4%)
2b 2¢ ,
( 2a) , C 1.78 kg m 2, C 27.95
: : kgm™ 7, ( 2a) ( 2b)
C1.24
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2.3 2.4
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, 18. 6%
3, , Co 24, (Bias) MPE
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RMS  0.006, RMSPE 4 ,
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Table 4 Prediction accuracy at validation points

Interpolation set

Validation set

Total sum Sum of squares M ean predict ion Root mean square prediction
of squares of residuals error (MPE) error ( RMSPE)
Multiple linear 11127 9 062 2.13 9.80
regression
Universal kriging 11127 527 - 1.57 8. 80
Regressiorr kriging 11127 3 896 - 1.35 8.06
103: 149~ 160
3 [ 4] Florinky IV, Eliers R G, Manning G R, et al. Predidion of soil
properties by digital terrain modelling Environmental Modelling &
Software, 2002, 17: 295~ 311
[ 5] Saldana A, Stein A, Zinck ] A. Spatial variability of soil properties
CTI1 , at different scales within three terraces of the Henare River ( Spain).
, Catena, 1998, 33: 139~ 153
C 4.56 kg m 27 C 20.71 [ 6] Chevallier T, Voliz M, Blanchait E, & al. Spatial and temporal
K _9 changes of soil C after etablisment of a pasture on a long temm cultr
gm - vated vertsol (Martinique). Geodemma, 2000, 94: 43~ 58
’ ’ [ 7] Froghbrook Z L, Oliver M A. Comparing the spatial predictions of soil
18.6% , organic matter determined by two laboratory methods. Soil Use and
s s Managenent, 2001, 17: 235~ 244
( C 1.24 kg m” 2’ C 24.56 [ 8] McGrath D, Zhang C S. Spatial distrbution of il organic carbon
_9 concentratons in grassland of Ireland A pplied Geochemistry, 2003,
kgm ), ’ 18: 1629~ 1639
53%, [ 9] Zhang CS, McGrath D. Geostatistical and GIS analyses on soil or-
, , ganic catbon @ncentrations in grassland of southeastern Ireland from
wo different perods. Geoderma, 2004, 119: 261~ 275
, 65% , [10] Webster R, Burgess T M. Optimal interpolation and isarithmic map-
ping of soil properties, II1 Changing drift and universal kriging Jour-
nal of Soil Science, 1980, 31: 505~ 524
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Jowrnal of Climatobgy, 1994, 14(1): 77~ 91
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DIFFERENT METHODS FOR PREDICTION OF
SPATTIAL. PATTERNS OF SOIL ORGANIC CARBON
DENSITY IN HEBEI PROVINCE, CHINA
Zhao Yongamn"?  Shi Xuezheng" > Yu Dongsheng' Zhao Yanfeng"? Sun Weixia'
(1 State Key Laboratory f Soil and Sustanable Agricdture, Institute  Soil Science, Chinese Academy o Sciences, Naying 210008, China)
(2 Graduate School o the Chinese Academy o Sciences, Bajing
Abstract

The spatial patterns of soil organic carbon ( SOC) are closely related to changes in the global climae. In or

der to quantify spatial paterns of SOC density in Hebei Province, China, three different methods, i. e. multiple linear regression

(MLR), universal kriging (UK) and regressior kriging ( RK), cupled with auxiliary topographic factors extracted from a 1:
250 000 DEM ( cell size is 100 m) were applied to predict spatial patterns of SOC density for Hebei Province. The results show
tha the sum squared error ( SSE) of the MLR method was quite laige with only 18. 6% of the total variation explainable, the UK
method lowered SSE but widened the range of SOC density as compared with the MLR method. However, it can explain 53% of
the total variation and deted local variation of lower SOC density in southeast of Hebei Province. When the RK method was apr
plied, the SSE deareased significantly. It not only explained 65% of the total variation, but also better reflected the relationship

between SOC density and landform and local variation, indicating that it is the best one for prediding spatial pattens of SOC
density.
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