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Table 1. Statistical description of climatic characteristics of the study area in the statistical period of 18 years

Variables Min Max Mean Median SD Range CV(%)
Tmin (°C) -8.6 26.6 10.3 10.8 6.7 35.2 65.1
Tmax (°C) 3.0 42.0 28.8 30.4 7.0 39.0 24.4
Tdaily (°C) -3.0 48.0 26.3 29.0 11.7 51.0 44.4
DEW (°C) -21.9 14.6 -1.7 -1.3 5.0 36.4 301.0
HUM (%) 8.9 97.0 27.0 22.9 13.6 88.1 50.4
Rs (calcm™) 0.0 13.5 9.8 10.5 2.8 13.5 28.7
QFF (mbar) 814.6 835.5 824.2 824.1 3.5 20.9 0.4
ET (mm day?) 0.0 70.4 9.2 9.7 4.1 70.4 44.6
RAD (W m?) 0.0 414.6 96.5 101.4 29.9 414.6 31.0
STO05 (°C) 2.7 44.9 25.8 27.8 8.6 42.3 334
ST10 (°C) 5.3 40.6 25.3 27.1 8.0 35.3 31.7
ST20 (°C) 6.2 35.5 23.9 25.7 7.0 29.3 29.2
ST30(°C) 7.3 43.8 24.0 25.8 6.7 36.4 28.0
ST50 (°C) 8.7 33.1 24.1 25.7 5.9 24.4 24.4
ST100 (°C) 11.0 30.7 23.4 24.7 4.9 19.7 21.1
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Figure 1. Diagram of the correlation between climatic variables and soil temperature
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Table 2. Evaluation of different machine learning models in predicting surface soil temperature (0-20 cm)

Bias (°C) RMSE (°C) R?
Method Dataset 5cm 10cm  20cm 5cm 10cm 20cm 5cm  10cm 20 cm
train 0.000 0.000 0.000 1.817 1.689 1.675 0.956 0.956 0.941
LR test 0.001 -0.113  0.086 1.772 1.619 1.765 0.956 0.959 0.939
all 0.000 -0.034  0.026 1.803 1.669 1.703 0.956 0.957 0.940
train 0.000 0.000 0.000 1.244 1.062 0.964 0.980 0.983 0.981
ANN test 0.001 -0.041  0.000 1.273 1.054 1.036 0.977 0.982 0.979
all 0.000 -0.012  0.000 1.253 1.060 0.986 0.979 0.983 0.980
train 0.000 0.000 0.000 2.625 2421  2.407 0.909 0.909 0.879
DT test 0.062 -0.134  0.035 2.715 2.348 2497 0.897 0.913 0.877
all 0.019 -0.040 0.011 2.652 2.400 2.434 0.906 0.910 0.878
train 0.015 0.023 0.002 1.318 1.079 1.002 0.977 0.982 0.979
CB test 0.028 -0.021  0.012 1.361 1.091 1.079 0.974 0.981 0.977
all 0.019 0.010 0.005 1.331 1.083 1.026 0.976 0.982 0.978
train -0.001  -0.001 -0.002 0.612 0.509 0.461 0.995 0.996 0.996
RF test -0.048 -0.054  0.001 1.394 1.156  1.050 0.973 0.979 0.978
all -0.015 -0.017 -0.001 0.919 0.763  0.693 0.989 0.991 0.990
train 0.010 -0.017  -0.005 1.189 0.909 0.850 0.981 0.987 0.985
SVM test -0.033 -0.069 0.014 1.459 1.151 1.092 0.970 0.979 0.976
all -0.003  -0.033 0.001 1.276 0.988 0.929 0.978 0.985 0.982
RF (ST: 100 cm) RF (ST: 5 cm)
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Figure 2. Scatterplot of predicted soil temperature by RF model versus observation data of soil temperature in
depth of 5and 100 cm
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Table 3. Evaluation of different machine learning models in predicting deep soil temperature (30-100 cm)

Bias (°C) RMSE (°C) R?

Method Dataset 30cm  50cm 100cm  30cm 50cm 100cm  30cm 50cm 100 cm
Train 0.000 0.000 0.000 1.733 1.748 1.490 0.934 0912  0.909
LR Test -0.023  0.054 0.028 1.818 1.694 1.536 0.925 0.915 0.902
All -0.007  0.016 0.008 1.759 1.732 1.504 0.931 0.913  0.907
train 0.000 0.000 0.000 0.904 0.882 0.615 0.982 0978 0.985
ANN test -0.012  0.037 -0.011 0.999 0.788 0.665 0.977 0982  0.982
all -0.003  0.011 -0.003 0.933 0.855 0.630 0.981 0.979 0.984
train 0.000 0.000 0.000 2.384 1.972 1.186 0.875 0.889  0.942
DT test -0.029  -0.003  0.030 2423 1931 1.205 0.867 0.890  0.940
all -0.009 -0.001  0.009 2.396  1.960 1.192 0.873 0.889  0.942
train 0.021 0.014 0.000 0.968 1.021 0.692 0.979 0.970 0.980
CB test 0.022 0.052 -0.028 1.057 0.931 0.713 0975 0974  0.979
all 0.021 0.025 -0.008 0.996 0.995 0.698 0.978 0.971  0.980
train -0.004  -0.005 -0.002 0.384 0.377 0.190 0.997 0.996  0.999
RF test -0.021  -0.001 -0.013 0.984 0.761 0.480 0.978 0.983  0.990
all -0.009 -0.004 -0.005 0.627 0.522 0.307 0.991 0.992  0.996
train 0.007 0.006 -0.004 0.806 0.825 0.595 0.986 0.981  0.986
SVM test 0.010 0.010 -0.007 1.075 0.970 0.763 0.974 0972 0.976
all 0.008 0.007 -0.005 0.895 0.871 0.650 0.982 0978  0.983
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Figure 3. Comparing the accuracy of different models of machine learning based on statistical index
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Estimation of Surface and Depth Soil Temperature from Meteorological
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Abstract

Accurate estimation of temperature at various soil depths is crucial for land-atmosphere interactions.
In this study, the application of six different machine learning models including artificial neural
network (ANN), decision tree (DT), cubist (CB), random forest (RF), support vector machine (SVM)
and linear regression (LR) for modeling of daily soil temperature was studied at six different depths
of 5, 10, 20, 30, 50 and 100 cm in Kerman. A set of accessible meteorological data including
maximum and minimum temperatures, relative humidity, dew point, evapotranspiration and
atmospheric pressure were used as input to the models. The degree of importance and correlational
analysis was performed for the input variables based on the data of the 18-year statistical period.
According to the results, the performance of all six models based on evaluation criteria (R? >0.86,
RMSE <2.8 oc and Bias <0.14 oc) was acceptable at all depths. However, RF, ANN and SVM showed
very high efficiency in estimating soil temperature (R? <0.97). Also, the DT model and then the LR
model performed lower than the others. Examination of the importance of variables showed that
among the input parameters, maximum and minimum temperature had the greatest effect on
predicting soil temperature in all models. Finally, it can be safely acknowledged that machine
learning models such as random forest, artificial neural network and support vector machine have
the ability to estimate surface and depth soil temperatures in arid climates in the absence of measuring
equipment. A set of meteorological data including maximum and minimum temperature, relative
humidity, dew point, evapotranspiration and atmospheric pressure were used as input to the models.
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