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51

(1)
2
1 n
MAE=;§|01- - pil @
n s 1 SOC
i ;(p,- —0;) 133 ~33.53 gkg 14.57 g/kg
RE=1= o 3) 52.06% 0.59 ~ 1.56 g/em?®
l_;(pf_of) 11.68%
P 0, 42.73 ~552.76 g/kg 47.43%
F1 RPELEBRHERSITHE
Table 1  Statistical characters of soil properties in Anhui Province
(%) (%) (%)
SOC (g/kg) 1.33 ~33.53 14.57 7.22 0.55 -0.29 52.06
BD (g/cm?) 0.59 ~ 1.56 1.25 0.15 -0.83 1.86 11.68
Clay (g/kg) 42.73 ~552.76 212.91 101.00 0.82 0.46 47.43
soc BD Clay
2.2 SOC F
( 2 MrRTF SOC
MAP SOC (P<0.05) NDVI MAP
TPI MrVBF MIRTF MAP  MAT *3 RBEEATEMLBERENFTES
(P<0.05) NDVI EVI Table 3 Variance analysis of effects of different factors on soil
properties in Anhui Province
MrRTF MrVBF MAP (P<0.05)
soc BD Clay
T2 TEEMSHEERFREXRESHT F P F P F P
Table 2 Correlation betwee;zi)oiisproperties and environmental MAT 264 0.03 412 0.00 272 0.03
SoC 5D Clay MAP 273 003 439 0.00 554  0.00
NDVI . 022" 024" 351 000 607 000 223 0.0l
EVI 0.028 0.060 02827 1.60  0.18 3.9 0.00 473  0.00
0.104 -0.101 -0.191"
-0.205" 0.172" 0.056 2.3
0.242" -0.267" -0.132 RF
0.124 —0.166 -0.112
0.069 -0.012 0.067 NDVI 8
TWI 0.119 -0.030 0.092 SOC MAP
TPI —0.147 0.201" 0.055
MrVBF 0.155 0.193" 028" 9 MAP
MrRTF 0.196" 0.226" 0.222" 8
MAP 0.209" -0.2617 -0.301" NDVI SOC
MAT -0.113 0.170 0.021 RF NDVI
P<0.05 30C RF
P<0.01 )
( 3 M MAT MAP
SOC ( 1) RF
(P<0.05) (increased in mean squared error IncMSE)
SOC (P =
0.18) SOC NDVI
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NDVI B NDVI  ntree 1 mtry  ( 1
SOC 2 3) ntree  ( 100 500
SOC NDVI  SOC 1 000) 3 9
R?
(
4) mtry 1 ntree 100 SOC
R2
MAP MrVBF mtry 1 ntree
2.4 1 000 100
RF mtry
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e g ey o
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MrVBF o
Hog ° MrVBF o
e o o
MrVBF o PR o
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MAP R X Hh,
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MAT ° Bepg | o Lm0
Bt o MAT |0 Bl |o
253.03540455055 2 4 6 8 10 12 14 304 5 6
IncMSE (%) IncMSE (%) IncMSE (%)
1 RF#ERGHEEHETNEFHEEEHRF
Fig.l Importance sorting of predictors for soil properties in RF model
3% 4 RF #E ¥ 559 2% 8 (mtry) F1R SEH 80 2 (ntree) B 775 1%
Table 4 Screening of splitting numbers of nodes (mtry) and numbers of decision trees (ntree) in RF model
mtry ntree SOC BD Clay
(R%) (R%) (R%) (R?) (R?) (R?)
1 1 100 0.26 0.27 0.23 0.20 0.22 0.21
1 500 0.25 0.22 0.26 0.22 0.24 0.18
1 1 000 0.25 0.22 0.23 0.22 0.22 0.18
2 2 100 026 0.23 0.25 0.21 0.24 0.21
2 500 0.28 0.22 0.25 0.20 0.20 0.21
2 1 000 0.29 0.23 0.25 0.18 0.22 0.19
3 3 100 0.22 0.21 0.26 0.18 0.19 0.18
3 500 0.28 0.22 0.24 0.15 0.19 0.17
3 1 000 0.29 0.22 0.24 0.19 0.21 0.19
2.5 RF
RF RMSE MAE R’ 6 soc
RF SOC
(5 2) R R 0.25
SOC
0.27 0.22 0.21
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R? R? %5 TEEBEME RF 2B ETN
Table 5 Performance of RF model of soil properties
MAE RMSE prop
RF
RMSE MAE R* RMSE MAE R
SOC 6.08 4.71 0.26 5.90 4.78 0.27
RF SOC
BD 0.11 0.09 0.23 0.12 0.09 0.22
( 3) Clay 90.50 72.70  0.22 78.40 60.40 0.21
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Fig. 3 Spatial distributions of measured and predicted soil properties in Anhui Province
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Spatial Prediction of Soil Properties Based on Random
Forest Model in Anhui Province

LU Hongliang', ZHAO Mingsong'**, LIU Binyin', ZHANG Ping', LU Longmei'
(1 School of Geodesy and Geomatics, Anhui University of Science and Technology, Huainan, Anhui 232001, China; 2 State Key
Laboratory of Soil and Sustainable Agriculture, Institute of Soil Science, Chinese Academy of Sciences, Nanjing 210008, China)

Abstract: It is important to study the spatial variability and distribution of soil properties for understanding ecosystems,
formulating agricultural policies, conducting soil management and monitoring environmental changes caused by land use. The
purpose of this paper is to explore the accuracy of the spatial prediction of soil properties at the provincial scale by the Random
Forest (RF) model. Anhui Province in East China was selected as the study area, soil data obtained during the 2™ National Soil
Survey and during 2010—2011 were used, the environmental variables were collected with GIS spatial analysis technique, and
the correlation between environmental factors and soil properties was analyzed by RF model. The results showed that in the RF
modeling process, SOC prediction model was the most robust and the prediction accuracy was the highest when the mtry value
was 1 and the ntree value was 1 000; when the mtry value was 1 and the ntree value was 1 000 and 100 respectively, soil bulk
density (BD) and clay content prediction models were the best. The elevation, NDVI, landform, muti-resolution index of valley
bottom flatness (MrVBF) and soil type were the most important predictors of SOC content; Landform, mean annual precipitation
(MAP), MrVBF, elevation and soil type were the most important prediction factors of soil BD; Elevation, MAP, MrVBF and plan
curvature were the most important predictors of soil clay content; RF model can be used for spatial prediction of soil properties
and has certain advantages in treating the qualitative variables such as soil type and landform; Multi-source environmental
variable combinations explained 26% of SOC content, 23% of soil Bd and 22% of clay content, respectively. The use of machine
learning for predicting soil properties and digital soil mapping is more efficient than traditional methods, it is of significance to
use RF model in spatially predicting soil properties in the large-scale area.

Key words: Soil properties prediction; Random Forest model; Environmental variables; Anhui Province
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