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Artificial neural networks

Artificial neural networks (ANNs) are one of the most widely used machine-learning approaches due to their
simplicity and effectiveness in solving sophisticated non-linear problems such as the estimation of
agrometeorological variables, including soil temperature (ST).1® In this study, a multilayer perceptron
learning algorithm with four layers — the input layer, two hidden layers and an output layer — was used to
train the ANN models. Each layer had a specific number of neurons which are independent of each other,
and they are connected to the next layer. Initial weights are set randomly during the feedforward process
and are then adjusted during backpropagation until the best results are obtained. The learning rate was set
to 0.0009 and the number of epochs was set to 100. The activation function used for the input layer and
hidden layers was “relu” and for the output layer was “linear’ following a similar procedure undertaken in
previous studies such as Feng et al.! and Imanian et al.? Detailed information about the application of ANNs
in the estimation of ST can be found in existing literature.*®

Multiple linear regression
Linear regression is based on the assumption that a linear relationship exists between the predictor
(independent variable) and output (dependent variable).” If more than one predictor is used to predict a
dependent variable, it is referred to as multiple linear regression. In the current study, multiple linear
regressions with the dependent variable (i.e. ST at a specific depth) against meteorological data as the

explanatory variables were developed following a similar procedure outlined in existing literature.>®2

Decision tree and random forest
A decision tree is based on the set of predictors used to build a binary tree. The random feature selection is
used to split a tree node, and the final result is a prediction of a decision tree. To improve decision tree model
efficiency, Breiman® proposed “bagging” to ensemble decision trees for both classification and regression
problems where data are partitioned into subsets of predictors. For model development and training, a
random subset of the training data set is randomly taken from the main data set. Generally, on each subset,
splits are repeated indefinitely until the splitting does not improve predictions or the nodes contain similar
samples.'® In most cases, two-thirds of the data are used to develop a model and the remainder, commonly
known as the out-of-bag (OOB) sample, are used to find the error rate on OOB samples.! The final output is
obtained by averaging the predictions of all the decision trees (aggregation) that were constructed for the
bootstrapped samples from the original data set. The training data set for each decision tree is taken as a
subset of a data set ensemble and this reduces the effect of noisy data.’? An additional benefit of random
forest is that it can train multiple decision trees which aid in parallel computing, which is very useful in the
meteorological field.2? In this study, the number of estimators or decision trees was set to 45 for the training
of random forest. This implies that the average of 45 decision trees was taken as a final output instead of one
decision tree, to avoid overfitting. Detailed information about the application of decision tree and random

forest in the estimation of ST can be found in existing literature >33
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Supplementary table 1: Statistical results of the comparisons between the estimated and measured soil temperatures in specific climatic conditions by different

models

Climatic  Soil depth ANN MLR DT

zone (cm) RMSE MAE CCC NSE RMSE MAE CCC NSE RMSE MAE CCC NSE RMSE MAE CCC NSE
10 847 1.51 1.17 0.96 093 | 1.51 1.19 0.97 093 | 1.74 1.36 0.95 091 | 2.18 1.64 0.93 0.86
20 847 1.44 1.10 0.96 0.93 | 151 1.18 0.96 0.92 |1.76 1.36 0.94 0.89 | 1.99 1.50 0.93 0.86
30 847 1.44 1.09 0.96 0.92 | 1.48 1.16 0.96 092 | 1.84 1.44 0.93 0.87 | 2.00 1.49 0.92 0.85

BSh 40 847 1.53 1.15 0.95 0.91 | 1.55 1.23 0.95 0.90 | 1.98 1.54 0.91 0.84 | 2.14 1.57 0.91 0.82
60 847 1.45 1.08 0.95 0.91 |1.50 1.17 0.95 0.90 | 1.96 1.51 0.91 0.82 | 2.12 1.57 0.90 0.80
80 847 1.42 1.05 095 0.90 |1.53 1.18 094 0.87 |2.02 156 0.89 0.80 | 1.98 140 091 0.81
10 588 1.91 143 095 091 |211 162 094 0.89 |234 1.83 093 0.87 |191 143 095 0.81
20 588 1.88 1.38 0.95 0.90 |211 1.60 093 0.87 |240 190 091 0.84 |2.68 190 090 0.80
30 588 1.75 1.31 095 0.90 |2.03 1.58 093 0.87 |231 1.83 091 0.83 |2.36 1.65 091 0.82

BSk 40 588 1.64 1.22 095 0.90 |1.83 143 093 0.88 |2.32 1.88 0.89 0.81 |2.39 166 090 0.79
60 588 1.62 1.19 095 0.90 |1.84 142 093 0.87 |2.25 1.78 0.89 0.81 |222 1.56 091 0.81
80 588 1.65 1.25 094 0.90 |1.88 149 093 0.86 |2.29 1.81 0.89 0.80 |243 1.73 0.88 0.77
10 210 0.89 0.67 097 095 |1.18 092 096 091 |1.65 1.25 091 0.83 |1.11 0.80 096 0.92
20 210 1.30 1.00 094 0.89 |1.55 1.21 092 0.84 |1.47 1.15 092 0.85 |1.72 1.32 090 0.80
30 210 1.23 094 094 0.89 |1.55 1.21 091 0.82 |1.39 1.07 092 0.85 |1.62 123 090 0.80

Cfa 40 210 1.17 090 094 0.88 |1.51 1.19 090 0.80 |1.35 1.06 091 0.84 | 154 1.17 0.89 0.79
60 210 1.07 081 094 088 |141 1.05 088 0.76 |141 1.08 0.89 0.79 |1.39 1.03 090 0.80
80 210 1.04 0.78 094 0.89 | 1.55 1.18 0.88 0.75 |1.43 1.10 0.88 0.79 | 1.37 1.02 090 0.81
10 288 1.29 097 097 095 |1.71 1.33 095 0.90 |1.59 125 096 0.92 |1.89 134 094 0.88
20 288 1.14 0.84 0.97 0.95 | 1.74 1.34 0.94 0.88 | 1.56 1.19 0.95 0.90 | 1.58 1.15 0.95 0.90

cwb 30 288 1.10 0.83 097 094 |1.76 135 093 0.85 |1.54 1.19 094 0.89 | 145 1.05 095 0.90
40 288 1.01 0.77 0.97 094 | 1.93 1.48 0.90 0.80 | 1.59 1.21 0.92 0.86 | 1.43 1.05 0.94 0.89
60 288 0.98 0.75 097 094 |1.80 140 090 0.81 |1.50 1.19 093 0.87 |1.39 1.01 094 0.88
80 288 0.83 0.65 0.98 0.95 | 1.63 1.26 0.91 0.83 | 1.40 1.08 0.93 0.87 | 1.20 0.87 0.95 0.91

RF, random forest; ANN, artificial neural network; MLR, multiple linear regression; DT, decision tree; n, number of observations; RMSE, root mean square error; MAE,

mean bias error; CCC, concordance correlation coefficient; NSE, Nash—-Sutcliffe efficiency



Supplementary table 2: Statistical results of the comparisons between the estimated and measured soil temperatures at specific depths by different models at
various stations

Station name RF ANN MLR DT

RMSE MAE ccc NSE RMSE MAE Cccc NSE RMSE MAE CcccC NSE RMSE MAE CccC NSE
Bainsvlei 1.32 1.02 0.97 0.95 1.36 1.06 0.97 0.95 2.10 1.69 0.92 0.86 1.90 1.37 0.94 0.89
University of Limpopo  1.08 0.78 0.96 0.92 1.25 0.96 0.95 0.90 1.45 1.32 0.92 0.85 1.50 1.08 0.92 0.86
Bothaville 1.39 1.07 0.96 0.93 1.40 1.17 0.96 0.92 1.79 1.39 0.94 0.88 1.89 1.32 0.94 0.87
Gravelotte 1.41 1.07 0.93 0.87 1.44 1.17 0.92 0.85 1.71 1.35 0.89 0.81 2.00 1.46 0.89 0.74
Tosca 1.31 0.98 0.98 0.95 1.34 1.06 0.98 0.95 1.66 1.43 0.95 0.91 1.64 1.20 0.95 0.92
Bronkhorstspruit 1.48 1.07 0.94 0.90 1.53 1.19 0.96 0.89 1.76 1.36 0.93 0.85 1.04 0.79 0.97 0.95
Mandeni 1.57 1.19 0.90 0.80 1.41 1.09 0.91 0.83 1.51 1.14 0.90 0.80 1.19 0.91 0.94 0.89
Mean 1.37 1.03 0.95 0.90 1.39 1.10 0.95 0.90 1.71 1.38 0.92 0.85 1.59 1.16 0.94 0.87

RF, random forest; ANN, artificial neural network; MLR, multiple linear regression; DT, decision tree; n, number of observations; RMSE, root mean square error; MAE,
mean bias error; CCC, concordance correlation coefficient; NSE, Nash—Sutcliffe efficiency
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