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Abstract:  Objective Improving the spatial prediction accuracy of soil attributes is of great significance for achieving accurate
fertilization of farmland and protecting the ecological environment. Method Soil organic matter (SOM) data was collected from
1773 samples from soil surface layer (0-20cm) of cultivated land in Luanping County, Hebei Province. The optimal
environmental variables were screened through a stepwise regression analysis method. Multiple linear regression (MLR), ordinary
kriging (OK), random forest (RF), Bayesian regularized neural network (BRNNBP), and the corresponding three integrated
models combined with a geostatistical model (MLR-OK, RF-OK and BRNNBP-OK) were utilized to predict SOM content via the
training set including 1426 sampling points. Also, the prediction accuracy of each method was compared with 347 sampling
points of the testing set. Autocorrelation analysis was carried out based on the residual of the integrated model to evaluate the
fitting effect of the model. ~ Result Results showed that the range of SOM content in the study area was 8.62~35.64 g-kg ', and
the coefficient of variation was 20.26%, which showed a moderate spatial variation. High concentrations of SOM were mainly
distributed in the northeast and southeast areas with higher altitudes, while relative low concentrations of SOM were mostly
observed in the southwest and central valleys of the study area. Elevation, slope and temperature selected by stepwise regression
were closely related to SOM content (P<0.001). The lowest average absolute error and the root mean square error of the
BRNNBP-OK model were 2.162 g-kg™ and 2.801 gkg™, respectively. Compared with the OK, MLR, RF, BRNNBP, MLR-OK
and RF-OK models, the goodness of fit of the BRNNBP-OK model increased by 1.84%~43.72%, making it an optimal model for
SOM spatial prediction. Compared with the single model, the nugget coefficient of the integrated model residual was greater than
0.75, and the Moran's I was less than 0 and numerically closer to 0, indicating that the spatial autocorrelation of the integrated
model residual was weakened and the residual presented a more discrete spatial distribution. At the same time, the accuracy of all
models was significantly correlated with Moran's index of model residuals. ~ Conclusion In this study, the integrated model
fitted more trends and the spatial aggregation of model residuals decreased and even tended to be discrete. Thus, the overall
prediction accuracy of the integrated models was improved.

Key words: Soil organic matter; Machine Learning; Ordinary Kriging; Residual; Digital soil mapping
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Fig. 1 Digital elevation map and distribution of soil sampling sites in the study area
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Table 1 Basic statistical characteristics of soil organic matter

s AR REU%
FEARRL f/MAE SEPN: ¥ i £ U iz
Standard Coefficient
Number Min Max Mean Skewness Kurtosis
deviation  of variation
BFEZA Whole sets 1773 8.62 35.64 17.17 3.48 20.26 0.63 1.19
FH4E Calibration sets 1426 8.92 35.64 17.21 3.49 20.28 0.62 1.19
IIE4E Validation sets 347 8.62 29.34 17.00 3.42 20.17 0.68 1.26

. * P<0.05, Note: * P<0.05.SOM, Soil organic matter +BEHFHLE ; Elevation i ; MrVBF, multiresolution index of valley
bottom flatness 2 R LA FIHFE#; Slope #i ¥ ; TPI, Topographic position index #iJE A B 5%1; Curvepro, Profile curvature T i
#; Texture, Terrain surface texture #iZRZUHE; TWI, Terrain wetness index HiJEIRETEE; VD, Valley depth 49K ; Aspect 3 [1]; LS,
LS factor HBJE K F; TRI, Terrain ruggedness index HiZHIBEFE%L; CI, Convergence index JL£EF5%X; Tem, Temperature £33 ; Pre,
Precipitation 4E[# /K& ; NDVI, Normalized difference vegetation index J3— LA #EF5%0; RVI, Ratio vegetation index Mt {HFH ¥ F5 %4 ;
DVI, Difference vegetation index 2= {HAH#{FE 4L ; SAVI, Soil-adjusted vegetation index =1 & A # 45 %0 ; NDWI, Normalized difference
water index I3 —fb/K{AF5%; CMR, Clay minerals ratio i L0 ¥ #F54; PCA1. PCA2. PCA3 F—F s, H_FWH. £=
Fh{4r; HH Fl HV, backscattering coefficient HH and HV J5 [n] 41 224X HH 1 HV.

Elevation | 1.oo*
MrVBF |-033*| 1.00*
Slope | o34+ |-072 100
TPI | 034* [-0.71%] 0.98* | 1.00*
Curvepro 0.06* [-0.19%[ 0.32% | 0.35* | 1.00*
Texture |[038* [-0.58*[ 059% [ 0.62% [ 027% | 1.00%
TWI |-021%[ 0.57% | -0.52%[ -0.49%| 0.06* [-0.22¢| 1.00*
VD |-036%[ 0.20% | -023%[-0.23%| -0.02 [-020*| 0.15* | 1.00*
Aspect 0.00 [ 0.05% | -0.13*[-0.13*[-0.09% | -0.07*| 0.05* | 0.04 | 1.00*
LS [o027* [-038*| 055% | 0.54% [ 020% [ 0.38% [-0.20* [ -0.20%[-0.19% | 1.00*
TRI |[027% |-041%[ 057 | 0.57% [ 0.19% | 0.38* [-027#] -0.21%[-0.21% | 0.92* | 1.00*
CI 0.03 [-0.06*| 0.02 0.02 |-022%] -0.01 [-0.22*[ 0.02 | -0.04 | 0.02 0.07* | 1.00*
Tem -0.90*| 0.27* [ -0.26*| -0.26*|-0.06* [ -0.30*| 0.17* | 0.21* | 0.00 |-0.20* [ -0.19*| -0.02 | 1.00*
Pre | 033* [-020%| 021% [ 0.22% [ 0.10% [ 0.42% [ 004 | 005* [ -0.03 [0.14% [ 0.13* | -0.03 [-029%| 1.00%
NDVI | 040 |-025%| 035% | 0.36* | 0.07* | 032* [-0.15%| -0.19%| -0.04 | 037* | 038*| 001 [-030%| 021% | 1.00%
RVI | o040 [-025%| 036* | 0.37* | 0.07% | 0.30* |-0.16% [ -0.19%| ~0.04 | 0.37* | 0.37* [ 0.01 |-0.29%| 0.20* | 0.93* | 1.00*
DVI | 025 |-0.14%| 022% [ 022% | 0.00 | 0.15% [-0.13%| -0.09%|-0.09% | 0.16* | 0.16* | 0.08* [-0.18*| 0.11% | 0.71% [ 0.70% | 1.00%
SAVI | 040* |-025%| 035%| 0.36* | 0.07* | 032* |-0.15%| -0.19%| -0.04 | 037* | 038*| 001 [-030%| 021% | 1.00% | 0.93% | 0.71* | 1.00*
NDWI [-051%[ 0.25% [-032%[-032¢[ -0.02 [-0.267| 0.16* | 0.22% [ 0.02 [-036* [ -036*[ ~0.01 [ 0.42% [ -0.15%[-0.93%[-0.85%[ -0.68*[ -0.93¢[ 1.00*
CMR | 030* [-0.15%[ 028* | 0.20% | 0.06% [ 020% |-0.11%| ~0.12%[ -001 | 031* | 033* | 0.01 [-021%| 0.17% | 0.83% | 0.85% | 0.57* | 0.83% [-0.75%| 1.00%
PCAT1 |o021%|-017%| 026% | 0.28% | 0.15% | 0.30* |-0.05%|-0.08*| 0.00 | 0.24* | 024% | -0.01 |-0.19%| 0.28* | 0.67* | 0.61* | 027* | 0.67* |-0.51%| 0.62* |1.00*
PCA2 030% |-0.12%[ 022* | 0.23* | 000 [ 0.15* |-0.12%| -0.08*[ -0.04 | 0.24* | 0.25* [ 0.02 |-0.23*| 0.14* [ 0.86* | 0.77* | 0.77* | 0.86* |-0.81*| 0.80* p.52* 1.00*
PCA3 0.23* |-0.15*[ 0.07* | 0.06* | 0.01 0.10% | =0.04 | -0.19*[ 0.04 | 0.09* [ 0.09* [ -0.02 |-0.21*| -0.09*[ -0.13*| -0.13*| -0.27*[ -0.13*|-0.05* | -0.30%0.29* | -0.51*| 1.00*
HH -0.06*| 0.14* | -0.10%[-0.10* |-0.08* | -0.12*| 0.04 0.02 | 0.00 |-0.08*-0.09*% -0.02 | 0.08* | 0.00 [-0.06*|-0.06*| -0.07*[-0.06*| 0.05* | -0.05* -0.04 | -0.05*| 0.01 1.00*
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Fig. 4 Spatial distribution of soil organic matter based on different models

SOM (A B2 AR 42 IRk BUAT 44 8 FAT B [k
TR Ry I R K A P G A R R DS
FIE 5% 1A i R S A EE LR ), 7 52 7 - 38
SOM %, 3@ OGS HE b i I BUAR BT LA AT
Mo 18 SOM i, 1 SAR fi s RS 5k #h
AR Y 2 =) . KRR R,
(7] s G AR AT B RS A7 JEJR HAh % JRRAS T AR LY o

Wil AR 2 AR i ) AR, AR (] [
SBIUA A S PE 2 S BOB ALY Zh i ) & . 00
FEBUR 2R G, WIS A T T 6
e L NS e SIS e SR I RR R RV Er
T B RO R AR e R H T 2 BT i Pearson

FAOCHE S AT B8 o o B ey A A it 5 3R
PEZ I C R, it 5 4 3w R 25 DI AH G I RRAE
At B T R H BTE TR, 24
BRI R D EO LA bR, X EE T bR — R ROk FE AR
R PRI R bR AR AL &, P LA KRR R ik
S EE TP AR B, (ER BB 2 BRES A C AR B Y
FHRCS AT R 3% A R UA S 47 i 0 v 5
SOM & EAH M) 8 MRHIEAS & ( P<0.05), #Uf2:
FReg MO AT, [RIBS L A8 i VIF<7.5,
TR B R RAFAE 2 3D
32 ESERIMNBERAREAREY R

OK A1 7553 % & SOM =5 [a] [ A e HRAERPT ) [K

http://pedologica.issas.ac.cn



1578 + b1

=

60 %

Ak 2525 (A | A C MRS ; A— MLR. RF HlI
BRNNBP & AR J8 T IR R R, HIAN 2 DLt
+- 4 SOM FEZE A B EAY FAHSCHEN ¥ [H e
— BB 25 i H 4 R E/NF 0.75, H Moran’s 1
FEH 0N 0118, 0.036 i1 0.116, FBARIARIGE 214
A7 75 6] [ ARG H A PRAs [ B4R AS s 1 MLR-
OK . RF-OK FI BRNNBP-OK #& & f5 %l A% [&
SOM 5Z i s H FIyAE LML &R, B9 A PR —H
RUEE 25 (175 () A ARDCHERS B, A Rl 3 &2 24 36
BT SOM s () As U0 ke A5 BRI B 22 B 4 R4
¥JRTF 0.75 H Moran’s T #8504 7 °5-0.045 . —0.039
H1-0.045, 5S4 MLR F1 BRNNBP L, %
A BAIEE 2 Moran’s | #8804 T 0, R A
T g% 22 23 [a] [ AH G B A .23 8] 40 A L T B Betk
Ao MUY, Shahriari 2507 AR RS A5 T H I
12 X PR T 5 s, [RlE T B (RK)
AL 5 B A -4 25 I 46 % 25 v A% ( RKNNRK ) £
RIGE 2 (R4 ZBON 21%F01 0.09%, A3IRAFAE 5
(23 AN AH G, T A 8 R0 265 5% 22 50 BLRS ( NNRK)
R Y 8% 2% 25 (] [ AH S PR AH G 055, Rk HLA AR
RMSE.,

[ S, A AR HORG B A% 25 25 8] H AH & Moran’s
I FRECEAOC, RIYAAULA o 2 e St R
i, Hak 2528 (8] F ARG, 2 A 40 A1 E T 2l
R, BIRIRLA R T 5 o A8 Moran’s T #8%0HE
J¥ >4 MLR>BRNNBP>RF>0>RF-OK>BRNNBP-OK=
MLR-OK, 5 MLR, RF., BRNNBP Fl RF-OK f#i#
AH L, MLR-OK Fil BRNNBP-OK A5 855% 2% 25 1] 73 A
B, FR PR MAE 35158 1.90%~
10.76%711 2.44%~11.25%,RMSE 43 5] [%4% 0.57%~
6.51% 1 0.99%~6.91%, R* /BT 0.62% ~
41.13%FH1 2.47%~43.72%. %Z5 T A8 7% T AR AR
JE 22 5 5 AR 2228 M3 A QR FHE, A S
1 SOM T Ag s H AL 4

g A P ST X3R B, 9 A 25 ) [ A 215 8
(14 R A3 A A 7 39 A T T 1 A B8R SRy R 1k
A U Y TR 5 7 =0 187 808
W98 X oML RLAE 7 A I X, R ESRERE . AH
Peahim gL, SOM HAT Heoim 23 (] 5 o 1 A 2 (8] AH 5
P, AR RORAN T A5 ] [ A DRSS T R Y
BLAS 22 TR Ja i R LG . AR B . A

BLAUARE T SOM LIS B2 il ML 43 B 22 B, 3 A DX 3
Al EREIL T EA X R R X ]
B DXV LA LK

33 BEEATEHEAHEEK

FE S ECR X  HbSE T OK A 7 + 18 SOM i il 2%
AR IR eI T 7 2 W1 58 v HLA OK Y
BEAE A AT IR 2, R A g . (H—BR Y
REA R B, AMUSENT) . W) )7 S a] A 45 1
D) IS = € = e A €1 ) 8 | 1 g ]
TOUAE FEFFNRefS 2 0H AT, LR LG R
S Je i A SRR T REPE L R, — R IR R
IR RE RN OK AR i 25 2 T+ SOM 25 [ T kG &
MY RGRRE, W oR 25 BRI A AL Jr v LA &
/ﬁ\:%ﬁ[%-%] .

Khaledian 1 Millerf™ W55 & B, A EAIHLESF
> A HY SRR B Xof R A B i R/ INA A6 AN (] B9
Cubist AR 1 RF A5 AR A0 AN U, (H/ R
AR B2 BRI N T 25 ) 24 A R T A A 1 AR S
FEHRE B0 R 1773, BRI E LR 1.50 4~km 2,
FEAR B AN I 538 v BLA% OK T 7 vA 5 A
37 /£ BRNNBP #4128 [ 45 2% 2] J7 ik () KEEARZLSR .

L, TEARREEABIRIDITE T, W AERFIT X R
FEFLA e A BRAOAE BRSO &% OK Il
e ) RS RALE, R T TARRCR A [A] I 5 KA
FEREAR A

4 %5

ARSCUAFR FE AL A X AR IX, R
JH8—HE%) (OK. MLR., RF, BRNNBP) fl% 4
PRl ( MLR-OK, RF-OK #ll BRNNBP-OK ) il +
5 SOM Z5 W] 434 , LA o0 #r 45 R RG2S e L A%
22 AR . EEASINR : (1) Ik YR
DR L FRARERE L . AEBIR . LW AR
eI A 56 = F U B — RS A F SOM %8
6] 43 A i A AR 41 Ao (2) BRNNBP-OK #4515
RN, R? $2 %5 1.84%~43.72%, MAE K&
RMSE P& 0.55%~11.25%. 0.43%~6.91%. (3)
SRR, AGR2E A AR E RS
HBETRD 2% (] FUNAS BE BT, B 22 25 ] [ AH DG PERRAIG
23 () o3 AT e T B

http://pedologica.issas.ac.cn



6 1

7 N T
RNoOIEF:

Tk 22 AR SCPE R B A DL &

FRAY TN T 5 1579

S %3k ( References )

[1]

[ 10 ]

Zhang L, Hao M J, Lu X X, et al. Study on estimation
model of soil organic carbon content of farmland in
southern Xinjiang based on spectral data[J]. Journal of
Tarim University, 2020, 32 (4): 49—58. [3kin, #&
L B, S BT i R A L R LR
T AR RIATE[I]. B R R 2241, 2020, 32(4):
49—58]

Li Y Z, Li B G Soil science[M]. Beijing: China
Agriculture Press, 2006. [ B, 2L E. HE2E2[M].
Jent: P ERL AL, 2006.]

Zhang N, Zhang HL, Qu Z Y, et al. Fractal study on
organic matter spatial heterogeneity of different soil
layers in Inner Mongolia Hetao Irrigation District[J].
Agricultural Research in the Arid Areas, 2017, 35 (5):
157—163. [k, 3KLLFE, JTAL X, 45 NS ERE
7 N S 5 W S8 3 0 5 A U e RS P 4
%€, 2017, 35 (5): 157—163.]

Jiang S P, Zhang H Z, Zhang R L, et al. Research on
spatial distribution of soil organic matter in Hainan Island
based on Acta
Pedologica Sinica, 2018, 55 (4): 1007—1017. [#%%
L s, TRIAE, S HET =R eas A O A B Y v
B A LSS (B A AT (], LR, 2018, 55
(4): 1007—1017.]

XiaZ S, Bai Y R, Bao W B, et al. Spatial distribution of

soil organic carbon in Shizuishan based on multispectral

three spatial prediction models[J].

and geographically weighted regression model[J]. Arid
Land Geography, 2020, 43 (5): 1348—1357. [H 71,
i, A4, 55, 5T 201 Al A ] AR R
FA) A W LR T S8 AL 25 B) 23 A B 7). T 5 Xt
B, 2020, 43 (5): 1348—1357.]

Han D, Cheng X F, XieJ H, et al. Spatial variability of
soil organic matter in jiangzihe watershed of dabie
mountainous area and its influencing factors[J]. Acta
Pedologica Sinica, 2012, 49 (2). 403—408. [# /],
RESEE, AL, A5, R L VL) a3+ A ML
17 ) 728 S K G2 ma R R [J]. 1240, 2012, 49(2):
403—408.]

Breiman L. Random forests[J]. Machine Learning, 2001,
45 (1): 532

da Silva Chagas C, de Carvalho W Jr, Bhering S B, et al.
Spatial prediction of soil surface texture in a semiarid
region using random forest linear
regressions[J]. Catena, 2016, 139: 232—240.
Khosravi V, Doulati Ardejani F, Yousefi S, et al.

and multiple

Monitoring soil lead and zinc contents via combination of
spectroscopy with extreme learning machine and other
data mining methods[J]. Geoderma, 2018, 318: 29—41.
BaoHY, Wang JF, LilJ, etal. Effects of corn straw on

dissipation of polycyclic aromatic hydrocarbons and

[11]

[12]

[13]

[ 14 ]

[ 15 ]

[ 16 ]

[ 17 ]

[ 18]

potential application of backpropagation artificial neural
network prediction model for PAHs bioremediation[J].
Ecotoxicology and Environmental Safety, 2019, 186:
109745.

XuQF, YRY, GouY X, et al. Prediction precision
analysis of soil organic matter based on cloud genetic BP
neural network in Huang-Huai-Hai dry farming area[J].
Journal of China Agricultural University, 2021, 26 (4 ):
167—173. (IR R, T4, BAF4, . LTt
BP i 25 o 4 (14 B T ¥ AR IX. A S LIS S50 4 B 437
(0. PER KSR, 2021, 26 (4): 167—173.]
Yu S P, Yang J S, Liu G M, et al. Simulation and
prediction of soil salt dynamics in the Yangtze River
Estuary with BP artificial neural network[J]. Soils, 2008,
40 (6): 976—979. [AHME, HEhtn, X~ H, % Ik
T BP A TR 45 B A YL 11 4 X 366 43 Bl A4
LI, L3, 2008, 40 (6): 976—979.]

Yang L P, ChengJ C, Yang X W, et al. Research on the
effects spatial autocorrelation exerts on the interpolation of
soil properties[J]. Guangdong Agricultural Sciences ,
2012, 39(20): 40—43, 2. [HWH, BEE, B/,
S5, 23] HARSCHE XS L M AR A RS R (D). ) ARk
bRk, 2012, 39 (20): 40—43, 2]

Chen S M, Wang N, Qin Y F, et al. Study on spatial
variability of SOM in estuary wetland, southeast China
based on characteristic variables and SVRK[J]. Soils,
2020, 52 (6): 1298—1305. [IEW, TF°, FHid5,
S5, R TR AR i 5 SR ) AL 5 A% (SVRK)
25 B0 Hh - A B BT S ()R S AR AR A AT (D],
2020, 52 (6): 1298—1305.]

Liu G, Zhou X, Li Q, et al. Spatial distribution prediction
of soil As in a large-scale arsenic slag contaminated site
based on an integrated model and multi-source
environmental data[J]. Environmental Pollution, 2020,
267: 115631.

LiQQ, Wang CQ, Yue T X, etal. Method for spatial
simulation of topsoil organic matter in China based on a
neural network model[J]. Advances in Earth Science,
2012, 27 (2): 175—184. [, EB4, HRH,
S5 TR 22 I 20 AR R Y v [ R SR AT LB 4 1)
A B T7 35 D] sk Bl R, 2012, 27 (2):
175—184.]

Lai Y Q, Sun X L, Wang H L. Mapping of soil organic
carbon using neural network and its mixed model with
geostatistics in a small area of typical hilly region[J].
Chinese Journal of Soil Science, 2020, 51 (6):
1313—1322. [ G, Fhapk, EoR. A THZERML%
FH 5 S B3R G AR B A /D T R I X B A BB
T L BB ST 0] L3R, 2020, 51 (6):
1313—1322.]

Ma X T. Evaluation of soil erosion sensitivity in Luanping

County[D]. Beijing: Beijing Forestry University, 2020. [}

http://pedologica.issas.ac.cn



1580

+ i

e 60 %:

[ 19 ]

[ 21 ]

[ 22 ]

[ 23]

[ 24 ]

[ 25 ]

[ 26 ]

[ 27 ]

e, WP B LR MU RN (D], dbat: dbatAk
Ak k2, 2020]

Zhang G L, Gong Z T. Soil
methods[M]. Beijing: Science Press, 2012. [5k %, 3%
TR LI A SR R AT TR M. bRt BRI R
#, 2012.]

Yang Q, Wang X Q, Sun X L, et al. Comparing prediction

survey laboratory

accuracies of ordinary kriging and regression kriging
with  REML in soil properties mapping[J]. Chinese
Journal of Soil Science, 2018, 49 (2): 283—292. [#%
e, EBEWE, PhEAR, 55 BT REML #9950 vg HAK
AL A g HE A 7 b e s T A0 o Y LR AR (D). LRI
W, 2018, 49 (2): 283—292]

LiH X, Xu S G, Fan C R. Long-term prediction of runoff
based on Bayesian regulation neural network[J]. Journal
of Dalian University of Technology, 2006, 46 (S1):
174—177. [Z408E, L[, (" 3T Dk
b 22 9 2% B AR A ISR ], RE B TR 22240,
2006, 46 (S1): 174—177.]

Yu W X, Zhao M S, Wang M, et al. Effects of sampling
sizes and spatial interpolation methods on prediction
accuracy of soil properties[J]. Science Technology and
Engineering, 2017, 17 (25): 186—191. [THi®E, #
HIFS, B, 9. SRR 5 28 1) (7 20 - e 1k
TN B RS2 M [T]. B2 R S TR, 2017, 17(25):
186—191.]

Zuo X H, LaiJ X, Liu F, et al. Spatial heterogeneity and
zoning of soil organic matter based on geostatistics and
land
of  Agricultural

spatial autocorrelation : A perspective from

consolidation[J]. Chinese Journal
Resources and Regional Planning, 2022, 43 (3):
240—252. [ZEWrsh, WitEd, X, % IETHGITF
A2 8] F AH G Y 03T LIS 2S 8] S BT o B B o X
AR ] T E AR BE IR S XK, 2022, 43 (3:
240—252) ]

Chai T, Draxler R R. Root mean square error ( RMSE )
(MAE) ? —Arguments against
avoiding RMSE in the literature[J]. Geoscientific Model
Development, 2014, 7 (3): 1247—1250.

Miller F P, Vandome A F, Mcbrewster J. Coefficient of
determination[J]. Alphascript Publishing, 2006, 31 (1):
63—64.

SunY S, Wang W F, Li G C. Spatial distribution of forest

carbon storage in Maoershan region, Northeast China

or mean absolute error

based on geographically weighted regression kriging
model[J]. Chinese Journal of Applied Ecology, 2019, 30
(5): 1642—1650. [IMVERR, F4i55, ZFEFE. LT H
BHANAS A1 U5 5 B A A5 2L 9 M L Ll DR AR B i 2 1]
A B AR SFAR, 2019, 30 (5): 1642—1650.]
Wang D C, Wu D W, Zhao M S, et al. Prediction and
mapping of soil texture of a plain area using reflectance

spectra and geo-statistics[J]. Chinese Journal of Soil

[ 28 ]

[ 29 ]

[ 30 ]

[ 31]

[ 32]

[33]

[ 34 ]

[ 35 ]

Science, 2012, 43 (2): 257—262. [F18%, Hb&H,
AT, S S5 IX A 0 B Y S SR T et
HIEI[I]. HHEEGEIR, 2012, 43 (2): 257—262.]

Zhou Y, Hartemink A E, Shi Z, et al. Land use and
climate change effects on soil organic carbon in North and
Northeast China[J]. Science of the Total Environment,
2019, 647: 1230—1238.

Zhang W T,JiJY,Li B B, et al. Spatial prediction of soil
organic matter of farmlands under different landforms in
the Loess Plateau, China[J]. Journal of Plant Nutrition
and Fertilizers, 2021, 27 (4): 583—594. [5k i ¥, &
HHA, 2R, A B JEUR R AR XA A B
BB Tr ORI (0], A SR S I0R A, 2021, 27
(4): 583—594.]

ZhouY P, Zhang Y C, Luo X Y, et al. Review on spatial
variability of soil organic matter and its driving factors[J].
Chinese Journal of Soil Science, 2019, 50 (6 ):
1492—1499. [JA—M8, M/, %&EH, % LA
JB = ) 8 S B UK )y PR R AT SR (0], S A
2019, 50 (6): 1492—1499.]

Wang X, Zhang Y H, Atkinson P M, et al. Predicting soil
organic carbon content in Spain by combining Landsat
TM and ALOS PALSAR images[J]. International Journal
of Applied Earth Observation and Geoinformation, 2020,
92: 102182.

Hu GG, Yang FL, Yang L A, et al. Spatial prediction
modeling of soil organic matter content based on
principal components and machine learning[J]. Arid Land
Geography, 2021, 44 (4): 1114—1124. [{HH, %
WA, B, & BT FE S FILE S T 0 A HL
U s I BN AL TR, 2021, 44 (4):
1114—1124.]

Wang F, Yang S T, Ding J L, et al. Environmental sensitive
variable optimization and machine learning algorithm
using in soil salt prediction at oasis[J]. Transactions of
the Chinese Society of Agricultural Engineering, 2018,
34 (22): 102—110. [E'&, #HEXR, THm, % 3F
S5 RS A e M LA 2 ) Bk T i 3 R A3 ().
felb TRE2A4R, 2018, 34 (22): 102—110.]

Jiang Y F, Guo X. Prediction of soil organic matter
distribution based on auxiliary variables and regression-
( R-RBFNN )
model[J]. Acta Agriculturae Zhejiangensis, 2018, 30( 4 ):
640—648. [VLIFHI, FBER. 5 T4 By 28 £ 0[] 9 428 )
BRECPH 22 4% (R-RBFNN ) F 347 LI 2 [i] 3 A 45
I WAL 24, 2018, 30 (4): 640—648.]

Ye Q, Jiang X Q, Li X C, etal. Comparison on inversion

radial basis function neural network

model of soil organic matter content based on
hyperspectral data[J]. Transactions of the Chinese Society
for Agricultural Machinery, 2017, 48( 3 ): 164—172. [}
B, LT, B0, T ROCIHEEUR 0 A L

SO B e S AR LA [T, Al ML AR, 2017, 48( 3 ):

http://pedologica.issas.ac.cn



6 1

7 N T
RNoOIEF:

Tk 22 AR SCPE R B A DL &

FRAY TN T 5 1581

[ 36 ]

[ 37 ]

[ 38 ]

[ 40 ]

[ 41 ]

164—172.]

Xu E Q. Spatial variation in drivers of Karst rocky
desertification based on geographically weighted
regression model[J]. Resources Science, 2017, 39( 10 ):
1975—1988. [VF/RBL. & T i BANAL 0] U= f9) 7 15 1 5
WA A 2 A F 52 (0] BEIRAL 2, 2017, 39 (10):
1975—1988.]

Li K, Yang Y, Liu Y J, et al. Characteristics of
spatiotemporal variation of soil organic matter in Hebei
Province based on regression Kriging[J]. Soil and
Fertilizer Sciences in China, 2020 (3): 1—7. [Z=7],
B, XA, 4. BT A 5 AR B AL 4 A Bl
B a AARHERT S (1], R L SR, 2020 (3):
1—7.]

Lai Y Q, Wang H L, Sun X L. A comparison of
importance of modelling method and sample size for
mapping soil organic matter in Guangdong, China[J].
Ecological Indicators, 2021, 126: 107618.

Shahriari M, Delbari M, Afrasiab P, et al. Predicting
regional spatial distribution of soil texture in floodplains
using remote sensing data: A case of southeastern Iran[J].
Catena, 2019, 182: 104149.

Song Y Q, Yang L A, Li B, et al. Spatial prediction of soil
organic matter using a hybrid geostatistical model of an
extreme learning machine and ordinary kriging[J].
Sustainability, 2017, 9 (5): 754.

DaiFQ, ZhouQG, Li ZQ, etal. Spatial prediction

[ 42 ]

[ 43 ]

[ 44 ]

[ 45 ]

[ 46 ]

[ 47 ]

of soil organic matter content integrating artificial neural
network and ordinary kriging in Tibetan Plateau[J].
Ecological Indicators, 2014, 45: 184—194.
Somarathna P D S N, Minasny B, Malone B P. More data
or a better model? figuring out what matters most for the
spatial prediction of soil carbon[J]. Soil Science Society
of America Journal, 2017, 81 (6): 1413—1426.

Su X Y. Research on the influence of sampling design on
the spatial prediction precision of soil organic matter
content[D]. Nanjing: Nanjing Normal University, 2012.
I 56 SRAR B TR L A WL BT e 5 18] TS 1) 52
MAMF5E[D]. Al MRUME RS, 2012.
Gascuel-Odoux C, Boivin P. Variability of variograms
and spatial estimates due to soil sampling: A case
study[J]. Geoderma, 1994, 62 ( 1/2/3): 165—182.
Zhang Z Q, Yu D S, Shi X Z, et al. Priority selection
rating of sampling density and interpolation method for
detecting the spatial variability of soil organic carbon in
China[J]. Environmental Earth Sciences, 2015, 73 (5):
2287—2297.

Zhang Z Q, YuD S, Shi X Z, et al. Effect of sampling
classification patterns on SOC variability in the red soil
region, China[J]. Soil and Tillage Research, 2010, 110
(1): 2—7.

Khaledian Y, Miller B A. Selecting appropriate machine
learning methods for digital soil mapping[J]. Applied
Mathematical Modelling, 2020, 81: 401—418.

(SRIEHREE: AFhAL)

http://pedologica.issas.ac.cn



