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Multi-layer soil moisture inversion based on machine learning models
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Abstract: In order to obtain soil moisture data at deep soil layers and to complete the missing soil moisture measurements at different
depths, machine learning technique is used to perform the soil moisture inversion at multi-layers from surface to root zone. Three
machine learning algorithms, support vector machine (SVM) , back propagation ( BP) neural network and random forest ( RF), are
applied to construct the inversion models for the train and inversion of soil moisture data at different soil layers, and the meteorological
factors, which have high correlation coefficient with the soil moisture, are selected as the input factors based on the principal
component analysis (PCA) method in each layer of soil. The major findings are; the simulation results of random forest are more stable
and the inversion effect is the best; due to the impact of meteorological variables, the three machine learning models perform best for
the inversion of surface soil moisture at the surface soil layer within O to 10 ¢cm depth ; however, the inversion effect for the soil moisture
at the deep zone is gradually reduced with the depth of soil layer; the addition of surface soil moisture and soil temperature at different
soil layers as driven factors could improve the inversion capacity of machine learning model for the soil moisture at the deep zone.
Key words: soil moisture; machine learning; support vector machine; back propagation neural network; random forest; principal
component analysis
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Fig.1 Flow chart of model construction based on three different machine learning models
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Table 4 Results of inverse assessment of soil moisture at different depths in the test set by support vector machine models

N Zi = RMSE/(m3/m3) MAE/(m3/m3) R
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W1 K2 K3 4 WS Wle Wl Wl W3 WKme K s iime iK1 Wi K3 R4 iS5 ke

cm
5 0.005 0.005 0.005 0.011 0.011 0.011 0.004 0.004 0.004 0.009 0.010 0.009 0.992 0.992 0.992 0.982 0.993 0.982
10 0.003 0.033 0.006 0.029 0.017 0.005 0.003 0.014 0.005 0.023 0.014 0.004 0.999 0.776 0.992 0.883 0.923 0.994
B 20 0.030 0.044 0.028 0.026 0.026 0.028 0.022 0.034 0.022 0.021 0.021 0.023 0.852 0.660 0.815 0.762 0.811 0.770
50  0.034 0.060 0.043 0.038 0.046 0.049 0.023 0.048 0.035 0.031 0.038 0.042 0.685 0.578 0.643 0.664 0.630 0.649
100 0.045 0.056 0.048 0.047 0.047 0.044 0.039 0.046 0.040 0.036 0.038 0.036 0.397 0.300 0.406 0.384 0.258 0.431
5 0.010 0.010 0.010 0.010 0.010 0.010 0.006 0.006 0.006 0.007 0.006 0.007 0.991 0.991 0.991 0.990 0.990 0.990
10 0.006 0.013 0.008 0.011 0.009 0.011 0.005 0.011 0.005 0.008 0.007 0.010 0.997 0.990 0.992 0.986 0.991 0.993
M 20 0.017 0.229 0.097 0.045 0.024 0.017 0.011 0.035 0.036 0.012 0.015 0.011 0.978 0.276 0.517 0.831 0.946 0.978
50 0.041 0.226 0.105 0.075 0.044 0.045 0.032 0.036 0.058 0.033 0.033 0.034 0.845 0.251 0.398 0.663 0.831 0.856
100 0.133 0.230 0.172 0.130 0.131 0.162 0.105 0.055 0.132 0.107 0.108 0.133 0.615 0.181 0.143 0.468 0.463 0.423
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Table 5 Results of inverse assessment of soil moisture at different depths in the test set by BP neural network models
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5 0.007 0.007 0.007 0.011 0.019 0.011 0.006 0.006 0.006 0.009 0.012 0.009 0.983 0.983 0.983 0.980 0.922 0.980
10 0.004 0.026 0.008 0.015 0.006 0.010 0.004 0.018 0.006 0.012 0.003 0.008 0.997 0.808 0.985 0.935 0.991 0.989
B 20 0.027 0.029 0.030 0.028 0.029 0.031 0.022 0.022 0.025 0.023 0.024 0.026 0.743 0.613 0.722 0.728 0.716 0.720
50  0.055 0.040 0.046 0.046 0.048 0.043 0.047 0.031 0.038 0.038 0.041 0.036 0.721 0.334 0.680 0.602 0.644 0.603
100 0.060 0.045 0.046 0.046 0.061 0.048 0.046 0.037 0.040 0.037 0.059 0.042 0.307 0.163 0.266 0.372 0.386 0.461
5 0.011 0.011 0.011 0.013 0.012 0.013 0.007 0.007 0.007 0.009 0.008 0.009 0.988 0.998 0.988 0.983 0.986 0.983
10 0.005 0.016 0.009 0.012 0.010 0.020 0.006 0.012 0.005 0.011 0.008 0.018 0.992 0.981 0.990 0.984 0.989 0.982
M 20 0.025 0.031 0.092 0.043 0.024 0.102 0.017 0.024 0.037 0.018 0.016 0.036 0.942 0.868 0.560 0.836 0.941 0.467
50 0.044 0.043 0.101 0.045 0.045 0.102 0.033 0.034 0.042 0.035 0.034 0.043 0.853 0.843 0.530 0.823 0.823 0.461
100 0.125 0.150 0.159 0.128 0.127 0.173 0.096 0.120 0.132 0.106 0.105 0.142 0.515 0.482 0.512 0.463 0.466 0.313
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Table 6 Results of inverse assessment of soil moisture at different depths in the test set by random forest models

n jiﬁ? RMSE/(m*/m?) MAE/(m®/m3) R
s WE/
em BRI OEE2 K3 A4 WES ke b1 w2 W3 w4 WRs me Wl w2 1103 R4 1105 wlke

5 0.005 0.005 0.005 0.011 0.011 0.011 0.004 0.004 0.004 0.009 0.009 0.009 0.996 0.996 0.996 0.978 0.981 0.978
10 0.004 0.050 0.006 0.005 0.005 0.005 0.003 0.012 0.004 0.002 0.005 0.004 0.999 0.603 .991 0.994 0.991 0.992
B 20 0.023 0.059 0.029 0.030 0.029 0.030 0.024 0.032 0.023 0.024 0.024 0.024 0.813 0.456 0.815 0.818 0.812 0.813
50 0.031 0.072 0.048 0.063 0.050 0.048 0.027 0.046 0.040 0.049 0.041 0.039 0.734 0.340 0.651 0.513 0.634 0.685
100 0.043 0.067 0.050 0.064 0.138 0.049 0.036 0.045 0.040 0.047 0.047 0.043 0.548 0.147 0.250 0.238 0.342 0.369
5 0.005 0.005 0.006 0.011 0.010 0.011 0.006 0.006 0.006 0.008 0.006 0.008 0.995 0.995 0.995 0.987 0.998 0.987
10 0.002 0.011 0.012 0.009 0.009 0.012 0.004 0.009 0.010 0.007 0.007 0.010 0.998 0.990 0.996 0.994 0.994 0.991
M 20 0.016 0.047 0.017 0.036 0.042 0.017 0.010 0.014 0.011 0.012 0.014 0.010 0.979 0.820 0.977 0.892 0.843 0.977
50 0.028 0.243 0.045 0.050 0.059 0.046 0.021 0.039 0.034 0.037 0.039 0.035 0.854 0.235 0.840 0.782 0.703 0.836
100 0.119 0.237 0.149 0.141 0.144 0.154 0.094 0.061 0.120 0.114 0.115 0.127 0.633 0.170 0.494 0.367 0.301 0.460
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