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EGWRILHLE S AR e & 5k (fgliite 4%,
2015 ), NNK/Z KT SOCCES ] 434 5 50 P 2 22 1]
kM R AR ( McBratney et al, 2003 ), it
DI G A% 35 R BTN X 3 SOCC, T 25 S 5% 2=
TH3E 1 OK L HEA 772 8] R AR, B P 45 5 5 % 2546 (8
SERVEATZ A g (BEA 5§, 2013 ),
PR . R X SOCCINEA AT
TE— L), N - SRR T MR RCR A
IR A R — DX, (RN ISR A 2
SRR (JEW% %, 2003 ). FERZHARET,
OKAEL S S HAT A1 PR 7E 255 (] SR FIoAG 1 P
( Sherpa etal., 2016; Gouri etal., 2018 ), {B7EE &
% JRERAR SRR LK, LA [ RHE R IR RE
FIHONRG A 2E (TR %8, 20115 &) b 4%,
2014 ), — BT, FHENRS . WO . LRI AT
FEER A R K 1 COKHL OK ELA B w5 (47 (20
J ( Phachomphon et al., 2010; Jiia 4%, 2014; Ye H
Cetal., 2017 ), HEEWA MMM BIHFREME (£
B, 2013; #liide %, 2015), MFHREE Nz,
25 () AR S AR Y Fak o il (3C532 4, 2013;
Zhang Z Q et al., 2015; Fitzpatrick et al., 2016;
Ghorbani et al., 2018 ), {HE4MIFRIFAEE,
R EAE R R M R, X AR A
P T AE ) s (SRIRR% &F, 2017 ).
GWRK HINNK 25 [7] KU FIRAF 2 B 1Y
MR, 2 [ ROBEBR/IN . SRR
K, MBAGEE R, BAEMCREZET,
GWRK 5 NNK ISR 20K, R B H
OKH 2 1ERE (Ye H C et al., 2017;
Emamgholizadeh et al., 2017 ), Hit, 7E
KRRPE | KRB ERIRE 45T, R
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AR FAXT D

Sy 1 — A HU ) i (e 7 X6 XA SO C M - 245 S
B2, ARHE AR (A L A SR, 2 BR = %
DX IX, 5 AMBEEEN 2 37 SOCCH. M
Rutik I KANTFS, FE53 )2 UhIR] vd EAK B SEht E A
HZ ik AR ( Multielement Composite Model,
MCM ) #47 X SOCCI L, 3 it il A HEA TIIE
50K, GWRK JNNK H {1 BP i 45 o £ 7 HLA%
( BP neural network model-Kriging, BPK ) #1145
Feds, i A X ISOCCIN A i, A X+
HEA LRI ST S A T AR 2 25 ] SERE A -

1 W5k s S X
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YRR RS

WAL i &
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%% (Huang Y Jet al., 2017) %, [A
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Fig.1 Distribution of soil samples in plough layer
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N, 72X N5 B IR AR EE 559424, 24
h7 BT ER05.20% (K1), RFAIBLE SRR
FEIFHT0~20 emiR LAY LHERES,, F T MRS
e pHIEM 2, HrpyofK i 3 EoR A A H 1
RS RHREART R LR R > 2 mmAYik
A, FIFHFW-10043 BRI fe 2 100 H i, SR
BRIRER AMIMBE AL 0 E A WUk 5/, HLET
PR E -, R e 3 pHAE (1t
2013 ), 7EBHZ HIRFEACR A R, AR PR
FEHE TR0 ~ 100 iR /Y - 33850 T, FIWrREA 144
FRY, Ff il AN R SR L KA
112 eI % PR EHE 55,2017)
TSGR S B A —, BIZS AR S Seit
SFENS T AR MR A AR RN AR R AR TR
Mo, FEZS [B]_E A 20 A 02 AH I ™ A — R A DG PE 5
FEAFE T FH M ASHAEFEN . KX
PRI FNA BRI AN A, o 5 K R -l e
RS2 R L e 1 Y 2 (i) AR S AR R
Xy X YRS RIS (BISTRk ) ), HqfE
B, HUPRERI AR PR ) V2 N F b A (] AR A
P 543 SEERE ST, B s JA] 5 D 2% E
(Wang J Fetal.,2010; DuZ,2016; 255 4¢,2017 ).
XIksrt 525 mfk (B 4, 2016; R 4,
2017 ), A 5AI{ERE (Shen T etal., 2015;
Jil# 4%, 2016) %5, XIHSOCCHA Hm M2 [[) AR
Setk, HEWERRARZ, it PREEs nT A 3L
W BE A2 R 2R W BTk o o [RIET, X3 SOCCRZ M
R AR . P EES R m Rt
JiHh . A A 5 2R RIS, i b PR
Korbre A i, HEse A mea] US40 4%
B 2 AR B I A T RN, PRI &8 A ]
TR X IHSOCCES [A] AR S i PR 3wk 7, 38k
ST L R AR BRI R

MHEZR =M% X AR SR B A FHE, R
SCHRYE M PR B . MRS | Yra) | R
I AR | R KA, - XEpHANAR HHR O 20458
AR ZAE N ER = A% 0 X SOCC S [a] 248 St B A8
# (Anderson etal., 1985; Bayer etal., 2006; LI X
Jetal., 2011 ),
113 ZAE68A BHREEAFRT W EHAS
RS, 3 MBS mtEa e (F
INEE 2, 2017 ), SOCCZS [AIAFIEA N FEa . midk
HCH R AT e Rt X R AR R 4., 1

LR M 2ER K, BmEEAZ, XIHSOCC
RS (RFE S, 2018), H LA
T B JEL I L 28 5% ST Kk b X R FH SOCCI 3K
JE FAEER o DR AR BRI E Bk i SELES , B AR B MCM,
FHF COKM #HESOCCHAS 5 FiL R K 2 [A] i JE £ ¢
2, AT XISOCCHRME , PBUZINEJZ A X )
SOCCHREAE S 5 TR FH b PR I 244 A [7] [R5
X X3 SOCCZE A1 AR SF iy siik f1, HAEARFRIE K 51
R ) 5 3 R, R X 3k SOCCTN B AR A 5

FKAMBERFN:, 256 %2 IR K COKImHLE A,
A X N 23 A BT HYSOCC, Ha ikl .

Zy (X)) = i)\‘izi (xo) (1)

K Zoa (xo) Fxob T2 m9A ML & Al A
Z: (xo) Axob 2B AR & (MR 2 ) vd A%
TR DR & AR AR E R AR S A AL
114 R RRAGEN 7k F R X (E
B, OKGE A FH X 3 Ak A5 ot 1) JE G 5 A S
PRE S RARE a5, AR R A ) X3l A A et () BB
WA TERNYE T RS T —Fh ik (AE% 4%,
2015 ), GWRKJEXGWRILIEM 5472, BixtRE
ERIERIGWR LA 5 15 2 AR 22 A TOKIEAMAE,, SR
5 SGWRIEIA REEN (Blite 55, 2015 ),
BPKIIZ R FiMatlabfR {4121 TBPHI 28 IIZS AR AY DA
25 [ REAEAE A BPHIZ I, [l B A [R5 i [A]
T, E RN, ARSI IR 2R
Sirh Z TR 5SOCCHEL Mg X &, 1%
B AINGIRECH10 000, 2225 40.01, FREFIZ:
AR R20, YIZRERASE 0.000 000 001, X
P2 258 TN 285 SR AR 22 0 T2 22500 E , SRIHOK
T RG22 0 28 T 25 SR AR 22 A A (R P9 4G . PR T
W25 RSG5 ML TEIN, 158 L ) X3k
SOCCTUMZE R (2L 55, 2013 ),
1.2 #FRXIE

TR = A4 DX b A Hh ] R i a0 e R A —
AN —BRIT =AM R RO X, X GE RN
21°48'—23°56' N, 112°23'— 114°37' E, MR fA 4231
Tko’s AFEM . GBS Gk, BRifE ., 1
 ZR5E. P4, DAyl L.
0, e SERMNETsSA (B X)) (K2).

b R AN iyt G w o A VS ES 4 DN I 12
PO R AR, hER L, I H RO
751.9 h, ¥R E22.5C, FHFEKET 817.6 mm;
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Fig.2 The core area map of Pearl River Delta
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= PR — S BRI TR . B IR,
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Fig.3 Topographic(a) and water system distribution(b) of the core area of the Pearl River Delta
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Tab.1 The description table of soil samples in plough layer
FEAS R FEAS TG L
e L% UiAR: fag: ! A e+ KFE L b ray &
B 145 1 1 2 750 41 2
R Mh‘ﬂ% JKH K BEH i el 4 ity YuyEKIE -
B/ 378 294 107 96 18 49 —
L Ft g it e g L3 [z Wt -
e B/ 80 166 195 169 175 157 —
lfag gl Bz~ b e B e T A b 1% b Fhmbmb
sl iy R 69 128 43 418 111 87 2
! - B T Fhib g W/ /5% LN - - -
B~ 14 5 14 46 - — _
W pH (3.4] 4.5 (5.6] 6.7 (7.8] (8,9] -
P B/ 13 141 410 258 101 19 -
N % em (15,20] (20,40] (40,60] (60,100] >100 - -
HoTKAL Bt 35 44 339 470 54 - -
e FEd . ARHL . BUHEKTE R TR, B A S AR R S, AR R AR 7 T RE
WO e, WM THEIT A SE 22 FEAEHUELSER
[E)E5HE 2 , K FH Arcgisf) “Subset Features( Geostatisical ~— 2.2.1 3 7 HLA% I 55 4% K FHOK M 35 ity ¥k =

Analyst )" T EH M 2 BEHLEERE70%I1) SOCCHE
A (RNE R EMEARE ) 7E s RGESE, Rk
H130% ( ZS[BANEESE ) RIS, KHEXIHSOCC
MEAERE . WF7EIX SOCCHFEAE 643 MEAS, TRUFSE
275 BEAS  FFAE L B HA 7R AE URHIE( JR 34, 2016 ),
2 HiR50H
2.1 HIBERTESIRMLE R

B =20 X SOCCHMRERE, LHBPIEE
USRI, R B . HTEYRRE | Wirm) . R4 |
PR . R KA - 3EpHANAR HA A 84
MR R 2 [0 R S AR RIS R, T
PRI 25 R LR PR RY TR, &5 ma IR E X HFIE
X SOCC 75 [0] 28 5+ ) T Bk J1 (¢ statistics ) 7E
0.076~0.201Z ] ( p=0.000 ), 45K TiHk S #BAEAE
PrifEZE (0.059, 0.207) PN, HEZmILSAATE (£2),

®2 F=A%DKX SOCC ZHE
TR IRMEE R
Tab.2  The result of influencing factors’ contribution to spatial
variability of SOCC is detected

FIME R

EASIIE =2 7 q statistics p 1
R 0.157 0
e 0.093 0
Peiay 0.141 0

4T 0.196 0

lfag gl 0.201 0

U KA 0.076 0

13 pH 0.162 0

A A 0.159 0

%0 X SOCCH- M 11.63 gk, {HIRTEF N
3.48 ~20.12 gkg (K3 ), HrheRilmivgILiFAL]
BT X SOCCH Ry, | NI 5 AR S i iy
SOCCHEAR (El4-a), WUFESHHEEOKIH L5 F
FIBRZVEEI7E11.07 gkglh N ( WLER3), EEERTE
-2.00~+2.00 g/kgz 7] ([&]5-a),

*3 MEENELERRESWIEENEREDTE
Tab.3 Calculation results based on interpolation set and its residual

analysis table with validation set

X1 socc/ (gkg!)

KERITIE|

OK GWRK  BPK MCM

FHIE 11.63 11.57 17.94 10.95

CES L ToNER 20.12 17.15 17.94 19.1
I ' ' ' '
fe/ME 3.48 6.36 5.78 4.95

FHIE 1.33 -0.15 0.7 -0.19

WiFsEskzE  EOKME 5.17 7.41 7.51 6.85
Fe/ME 5.9 -7.34 9.54 -5.46

222 IR EEZAMALER  RFHGWRKI
SRR =K% X SOCC-YME M 11.57 gkg, {EHI
TEFIN6.36~17.15 gkg (W#3), HrppULHiviRg
TBSOCCH R, BRI PHALIRANL & XKz,
TN TR I X AR R AR AR B 4-b ). B IEAE S5 GWRK
M LE R AT 22T FBITE14.75 ghkglA N (LFR3), +
BAEITE-4.50 ~ +4.00 g/kgZ A ([&5-b ),

223 BPAZM% % ZAMNLLEE  FAIBPKIE
HIEE = A% X SOCCTEHIE HF17.94 o/kg, {HILHE
Bl 578 ~ 17.94 g/kg (WL3%3 ), HH BRI T AR
AT LT B SOCCHE B, 7 M T G X Hh e
AR (Kd-c). BiFAESBPKINE L5 15k 22 u
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A1) 745 T i AR ) DS SRR A WLBR 5 i 22 e AR i —— AR = A L DO ]
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TE17.05 g/kgPh N ( W3 ), EEAEHFTE-4.00 ~ +4.00
g/kgz [a] (El5-¢)o
224 A THIZIEM B ST LSRN HLER
ZEEER = AR%0 X SOCCHE i [H] 25 581 196 275 5 A P
PR 75 5% i PR 2 DRk ) BRI 5 AR, MY IX
SOCCHIMCMHINF :

Zo.ei(x0) = 0.132 x Z1(x0) + 0.078 x Zx(xo) + 0.119
x Z3(x0) + 0.165 x Zy(x0) + 0.170 x Zs(xo) + 0.064 x
Zo(x0) + 0.137 x Z5(x0) + 0.134 x Zg(xo) (2)

kol
P
I 772895
[ 895-994
9.94-10.87
[ J1087-11.81
[ J181-1286

[ 112.86-14.03

[ 14.03 - 15.49 R

B vsa0-78 [ wann £ 4 0510 20 30 40km
B 17.18-10.87 BRAL 55

B o7 -7.72
) 7.72-8.95
[ 895-9.04
[ Jo94-1087
[ ]1087-11.81
[ In1s1-1288
[ ] 12.86 - 14.03
7] 14.03 - 15.49 R

B 15491748 [ | sk e % ! .(“."

0510 20 30 40km
B 1718 - 10.87 PUTT S O —

:—Ct':F': Zo,ck(xo)jﬂxoﬁﬁ%ggﬂgSOCC{E%E; Zl(xo)\
Zo(x0)« Zs(x0)+ Za(x0) Zs(xo0) Zg(x0)+ Zr(x0)FHZg(x0)
Fixob oy BIRE SRR . SERE . Y. R4,
TR Y | b KA 3EpH . A R =5 A
ZCOKMISOCCHEEAY

MR = £f1 2.0 X MCMII 38 1) [X 38 SOCCF
I 710.95 g/kg, {EIFEH ~4.95~19.10 g/kg (UL
#3), HAgRiE gL . T e S X il
T ARREBSOCCE: =, | MM TiPa R &B-5 U &1 PU Ry

SOCC/ (gekgt)
[} 4.91! -l;glz
) 772 -8.95
[ 895-9.94
[ ]os4-1087
[ J1087-11.81
[ 11.81-1286
[ ] 12.86-14.03
[0 14.03-15.49 o
B 15401708 [ | wmne

B 17.18 - 19.87 BB

/ (gokg!
.o
0 772895
[ ]895-9.94
[ ]o.94-1087
[ 1087-11.81
[ ] 1181-12:86
[ ]1286-14.03
[ 14.03 - 15.49 R
B 15001748 [ | mmns

(! 0510 20 30 40km
B 17.18 - 19.87 RERE R —

F 4 BR=MZ.0X SOCC fH{EIM B L, R M0 mE (a. OK fifHLSR;
b. GWRK JHEZER ; ¢ BPK 4H{ELER; d. MCM MIBZ5E)

Fig.4 Spatial distribution of SOCC calculation results in the core area of Pearl River Delta
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WK, MR X e s, T, ARSETTR
YL T AYIEERSOCCHAR (Kl4-d ). KiE&ES5MCM
ML R R 20 HAE12.31 gkgN, FEEHTE
—2.00~ +2.00 g/kg 7] ([&5-d )
2.3 ARREAZELBESH

HHEOK ., GWRK ., BPKAIMCM PUFf i)
FIER = fAA%.0 X SOCC H A FA — B 1 25 [l 43 A 4
fE, BRERMEE TG AIYL )T A8 & X A SOCCH
XIS, MG IR X A Rk (#l4-a. Kl5-a.
Kl6-a, KEl7-a), HFE R IX 407 ik Al s 2%
e K225, iRl 6], GWRKAI
BPK 25 5 1 2 TOK HIMCM . 3% X3 32 5 h
WU 2SR/ bR, HE, H3E, &
A 2, R VRS A & 22 m A
ELEA M, GWRKHBPKINE S5 516
WFAE 2 [A] 5% 25 F-35°82.73 ; MCM Y23 (475 (i Al
=ReL VIl 5p i W A2 ST ATl o Sl (115159
FEIN1.47, BOKH/N, ARG T 7EZ X I
PUARAE = AR

TR XA 22, MELL HET B IE SRR A T
DU 5 S ) 22105 o E— 25 U ARh O 7 X,
IR A SOCCIN B 25 ARG 1 , 7EFoE X % ik
L ZEOAR . IR AT R ORI R
5 22 1) T 25 LRy X AN ) 920 B8 2 SR o A
friviemes, B “Adb—vam” BEHEA “PHdb—2
7 FEHT, SCRE RS km (€6 ), OK, MCM, GWRK
FIBPK PR 7 7 Ao 47 (i 35 25 SR 2 () AR AL 3 A
—3, [HGWRKHIBPK O fi{E4Y S 2= [ A8 4k 3 R
%, IAHSS R BAEE— e JERIN, iMCM B
LR RS AR ok B, AT Rk as il (KT ),
DL “ZRAE—TPER” FEATER40 kAl “PEIL— AR
FEREE90 ki 1, MCM B &5 TOK . GWRK
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Fig.6 The position map of SOCC typical sample band

in the core area of Pearl River Delta
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Fig.7 Comparison of SOCC calculated results in the sample
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Construction of Multivariate Composite Calculation Model of Soil Organic
Carbon Content in Plough Horizon Based on Geodetector

REN Xiangning"?’, DONG Yuxiang'?

(1. Guangdong Provincial Key Laboratory of Urbanization and Geo-simulation, School of Geography and Planning, Sun Yat-sen University,
Guangzhou 510275, China; 2. Xinhua College of Sun Yat-sen University, Guangzhou 510520, China; 3. College of Natural Resources and Environment,
South China Agricultural University, Guangzhou 510642, China)

Abstract: The accurate calculation of organic carbon content in regional soil plough is very important for the
study of global carbon cycle, but its influence factors are many, the spatial variability is stronger, and the accuracy
of the existing interpolation calculation method is low. The Geodetector provides a new method of spatial
differentiation and factor detection, which can effectively measure the contribution of the spatial differentiation of
soil organic carbon content in plough layer. Combining the traditional Cooperative-Kriging interpolation method
with the Geodetector, according to the detection results of the contribution of the geographical detector to the
influencing factors, this paper constructs a multivariate composite model based on hierarchical
Cooperative-Kriging to calculating regional soil organic carbon content in plough layer. The core area of the Pearl
River Delta is used as the study area. Through the setting of soil plough organic carbon content interpolation set
and verification set, Ordinary Kriging, Geographically weighted regression-Kriging, BP neural network
model-Kriging and Multielement composite model are used to cross validation. The results showed that: 1) the
spatial variation of soil organic carbon content in the core area of the Pearl River Delta is related to topography,
hydrology, soil and farmland utilization, and the contribution of different factors is different, the contribution of
various factors (q Statistics) is from 0.076 to 0.201, among which the contribution of soil physical and chemical
properties and farmland utilization methods is greater than that of topography, hydrology. The objective difference
of contribution of different factors has an important impact on the accurate estimation of soil organic carbon
content. 2) On the basis of the detection of the geographic detector, the factor contribution sequence is introduced
into the Multielement composite model, which inhibits the interpolation noise generated by the interference
among the factors, and effectively avoids the low value overestimation or the high value underestimation.
Through cross validation, the mean error (ME), mean absolute error (MAE) and root mean square error (RMSE)
between the results of soil organic carbon content calculated by Multielement composite model and the validation
set are less, the correlation (Pearson R) and consistency (Kappa) are higher, and the accuracy of Ordinary Kriging,
Geographically weighted regression-Kriging, BP neural network model-Kriging is 16.62%, 23.86% and 37.33%,
respectively, lower than that of Multielement composite model. 3) Multielement composite model fully considers
the effects of structural and random factors such as topography, soil physical and chemical properties and
farmland utilization on the spatial differentiation of soil organic carbon content in plough layer. It breaks through
the limitation of the number of auxiliary factors in the existing algorithms, and can cooperate more auxiliary
variables in the calculation of soil organic carbon content in plough layer. At the same time, by setting weights in
the model, the contribution of different factors to spatial variation is reflected, the order and coordination in the
process of regional soil organic carbon content are taken into account, the uncertainty is reduced, the spatial
difference is depicted more meticulously and effectively reveals the spatial variability of soil organic carbon
content in plough layer. The construction of Multielement composite model has made a positive exploration for
further improving the prediction accuracy of soil organic carbon content in plough layer, which provides a new
research idea for the study of soil organic carbon in plough layer with strong variation characteristics under
complex geographical environment.

Key words: soil in plough layer; soil organic carbon content; Geodetector; Multielement composite model; the
core area of the Pearl River Delta



