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Fig.l General situation of planting area of winter wheat in Baoji
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Mercer
2 SVR
2.1 SVR
[29-30]
(SVM) Vapnik 20 90
2.2
[21-22]
[23-25] [26-27]
2014
28] gVR vC 3a 3—5 306
F1 EBHLREBERUETF
Table | Prediction factors of soil moisture in Baoji
(%)
(mm)
(hPa)
()
(m/s)
(hPa)
()
(m)
()
()
TWI(%)
(%) (2 ~0.02 mm)
(g/em’)
(m)
(cm)
F2 MNEAFERDEDREERE
Table 2 Matrix of principal component score coefficients of prediction factors
PC, PC, PC; PC, PC; PCq PC; PCy
0.181 —-0.144 0.299 0.098 —-0.113 0.136 —0.088 0.091
0.171 —-0.159 0.327 0.152 —0.076 0.002 —0.244 0.089
0.331 -0.119 —0.040 0.005 0.014 0.013 0.100 —0.064
—-0.031 —-0.083 -0.297 0.013 —-0.250 0.400 -0.474 0.183
0.0318 —0.072 —0.162 —0.051 0.045 0.007 0.194 —0.099
—0.180 -0.211 0.031 0.120 —0.021 0.154 0.381 —0.281
0.196 0.055 —-0.355 —-0.097 0.081 —0.048 0.104 —0.083
0.041 0.145 0.153 —0.409 0.013 0.246 —0.206 —0.009
0.056 0.212 0.165 —-0.259 —-0.076 0.256 —-0.037 —0.401
0.037 0.179 0.035 0.152 —-0.253 0.286 0.635 0.434
0.057 0.209 0.047 0.176 0.166 —0.480 -0.216 0.098
—0.008 —0.020 —0.083 0.286 0.453 0.409 —0.278 0.025
0.042 0.182 0.070 0.262 0.267 0.213 0.125 —-0.551
DEM 0.071 0.276 -0.015 0.238 —0.164 0.083 —0.151 0.311
TWI —0.009 —0.041 0.090 —-0.229 0.557 0.111 0.191 0.573
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Table 3  Contribution rates of principal components of prediction
factors PCA-SVR R
(%) (%) random Forest RF
PC, 2.767 18.444 18.444 3a 306 SPSS 21
PC, 2.681 17.871 36.315
PC; 1.949 12.994 49.309 2 2 PCA-SVR
PC, 1.645 10.970 60.279 (R 0 ~20 cm
PC;s 1.249 8.328 68.607 20 ~ 40 cm RF
PCs 1.144 7.627 76.234 PCA-SVR
PC,; 0.876 5.840 82.073 PCA-SVR 0~20cm
PCy 0.808 5.386 87.459 20 ~ 40 cm PCA-SVR
2 3 PCA
87.459% 8
8
3 PCA-SVR
3.1 (R) (RMSE) 3
PCA-SVR R 4 4
¢1071 RF 0~ 20 cm
0~20cm 20 ~40 cm PCA-SVR PCA-SVR
34 0~20cm 20 ~40 cm
2014—2016  3—5 306 90% RF
0~20cm
20 ~40 cm
8
4 1 4
1)PCA-SVR
gamma=100
cost=0.01
R
PCA-SVR
model.svmtrain <- svm() svmfit<-
svm() RF
tuned<-tune.svm() 2)
preds <- predict()
cv.folds <- function()
svm.score<-() 3—5
3.2

2014—2016 3a 3—5
0~20cm 20~40cm

(random forest
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Fig. 2 Scatter plots of observed and forecasted soil moistures
F 4 EBITUNEEIFEN
Table 4 Accuracies of predication models
(cm) R? RMSE (%)
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20 ~ 40 0.714 8.011 92.656
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Prediction of Soil Moisture of Winter Wheat by PCA-SVR

NIE Hongmei'?, YANG Lian’an'?", LI Xinyao'?, FENG Yongtao®’, REN Li'?, ZHANG Bin*

(1 Shaanxi Key Laboratory of Earth Surface System and Environmental Carrying Capacity, Northwest University, Xi’an
710127, China; 2 College of Urban and Environmental Sciences, Northwest University, Xi’an 710127, China; 3 Baoji
Agricultural Technology Extension Service Centre, Baoji, Shaanxi 721001, China; 4 School of Geography and Resources
Science, Neijiang Normal University, Neijiang, Sichuan 641000, China)

Abstract: Soil moisture is one of the important factors affecting the growth of crops, accurate prediction of soil moisture in
the critical period of crop growth is an important part of the field management. In this study 15 prediction factors were selected
from meteorology, topography and soil properties from March to May in the winter wheat growing area from 2014 to 2016 in
Baoji of Shaanxi Province, soil moistures in 0-20 cm and 20-40 cm soil layers were predicated and compared by using the
established PCA-SVR (Principal Component Analysis-Support Vector Regression) model and Random Forest (RF) regression
model. The results showed that prediction accuracies in 0—20cm and 20-40cm soil layers were 92.899% and 92.656% for
PCA-SVR model, 87.632% and 87.842% for RF regression model, with the corresponding RMSEs of 7.521 and 8.011 for
PCA-SVR model, 10.759 and 11.042 for RF regression model, respectively, indicating that PCA-SVR model had better predictive
ability on soil moisture of winter wheat in Baoji, particularly for 0-20 cm soil layer.

Key words: Support vector regression; Principal component analysis; R language; Soil moisture; Winter wheat; Baoji City
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