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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
1 773 samples from soil surface layer (0-20 cm) 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 1 426 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 gkg ' 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 # 5 %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*
HV | 009% | 0.07* | 0.04| -0.04 | -0.04 | ~0.04 | 0.00 |-0.07*| 001 | -003 | ~0.03 | -0.01 |-0.07*| 0.05* | 0.02 | 001 | 003 | 002 | -0.02 | 0.01 |0.02 | -0.01|0.05* | 0.72* | 1.00*
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Fig. 2 Correlation between SOM and environmental factors
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543 SOM 2 EIEAMX, 1ii VD Fl Tem 5 14
SOM £ B EF A (K’ 2).,
22 B—RANTIEEIRZERTNEE

521X SOM HyH 4 RECH 0.66 (£ 2), £
FHEA v SRR 2 8] 3 A DGR, R, SOM %3 i)
Sz AR R (K. B, MBS ) R
BEFLMER R (BHERG ., iEInsE ) LHESRE, H—
REARI DL OK MRS T AS e ey (3% 3), HL.HgR2E
M4 ZER 0.778 (KF 0.75) (£ 2), £ OK
R FE 43+ 38 SOM =5[] [ AH A5 8., IR /R
HH 55 119 5% 2 2 TR AH DG 1

RF Fl BRNNBP #7 H Tl 4 148 SOM & i 5
IR Z AR PR R . 5 MLR AU L,
RF 7l BRNNBP #iAIf) MAE 2> BIFEAK T 4.39%F0

1.07%, RMSE 73 5IFAK T 1.73%H1 0.50%, R* 435
BT 11.69%F1 3.90% ( & 3 ). FAIEE 20y 25
PREC M4 &M, MLR. RF 1 BRNNBP i 85%
B4 2B 0.716, 0.730 F10.718 (£ 2),
Tk e BRI M 7E—E R /38 T SOM
I, (HHFR 250k B 75 8] [ A SR, Rkl
DA R 25 BEAT e A OK 28 At . edh, #HER
T MLR 1 BRNNBP £ , RF F#15% 2% %5 [] 5 A1 5
PR G, AEALILARE B
2.3 BRI TIEFVRT EBNEE

7E MLR .RF il BRNNBP SR 3 Hak 24 15
HEFT OK ZS [E#dfA, JF4r A (6). =X (7) H
3 (8) 153 SOM FiillfE, 5% MLR, RF Al
BRNNBP #f{tt,, MLR-OK ., RF-OK 7l BRNNBP-OK #%
AR MAE 43 BIFE T 10.76% .4.85%F1 10.29%,

x2 IRBNRSHUAREENFEAERY

Table 2 Semivariance parameters of SOM and residuals

Bl 3t Fi A F WaE HEMH P a0
Data Model Range/km Co Cyt+C Co/ (Co+C) /%
XA LOGSOM eI 22.59 0.029 0.044 65.91
38 5 HLAE 5% 24 OK residual =T 0.54 6.354 8.171 77.76
Z e MIF5% 2% MLR residual eI 11.05 7.453 10.409 71.60
Rl AL AR 5L 2% RF residual eI 12.55 1.571 2.151 73.04
DU 307 1 D) £k i 22 ) 2% 5% 2% BRNNBP residual eI 11.25 7.435 10.354 71.81
2 L4 M 11 9 5 HURS 8% 22 MLR-OK residual e T 0.38 6.268 7.492 83.66
BEHLARAK [ 19 50 A& 5% 22 RF-OK residual =10 0.97 2782 3.384 82.21
DU 1E DU £t 22 ) 4% 52 L A& 5% 22 BRNNBP-OK residual eI 0.38 6.339 7.528 84.21
#3 ARERLIEFHRZEFNEE
Table 3 Evaluation of model accuracy for SOM prediction
T R4 %R 25 MAE ¥R i% 2% RMSE .
Model / (gkg™) / (gkg™) :
38 58 A% OK 2.265 2.932 0.265
Lt lI3 MLR 2.436 3.009 0.231
FEPLARFR RF 2.329 2.957 0.258
U347 1E AL bf 22 % 4% BRNNBP 2.410 2.994 0.240
Z ek Pkl )A 52 A% MLR-OK 2.174 2.813 0.326
BEALARAR 15 50 HLA% RF-OK 2216 2.829 0.324
DL 1 D) Akl 22 ) 25 56 LA BRNNBP-OK 2.162 2.801 0.332
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AR, BAERI 25 Moran’s T F8 805 = Rl A
FEVEANFEFR ( R?. MAE . RMSE ) 2 B E A (K 3).
Horp, BiRIER 2% Moran’s 138805 RPEMAMHELE, 5
MAE il RMSE RIEMC, FUIBARIEG B,
MAE #il RMSE #&fI, #EAIGR 22008 T B . AR,
TCIE B — AR S B A AR 2 5 3 SOM 25 [R] il
TUAS B2, T B AR AR 7k 22 11 28 (B SR AR 5 A G
X F 2 AR T — B8 AR 4
SOM Tl A% J3E 17 2 22 Jir (A

31

RMSE

y=1.08x+2.89
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[ ]
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Fig. 3 Correlation between Moran’s I of model residuals and model accuracy ( R*, RMSE, MAE )
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N [ A AR ) - 39 AL v A X N 344 3 B
ARAEEBSY, AR T 3 SOM & & Bl pf 175 7 4k,
MRURI AN, (AR A B W25 5. OK LA i)
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S SN B WP . 5 MLR. RF Fl BRNNBP §i—
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Fig. 4 Spatial distribution of soil organic matter based on different models
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FEHBUR 2R I, WIS A T T 6
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