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Introduction

Awareness of the important moisture points is crucial for irrigation studies on the farm, but
measuring this information in a direct way is very costly and time consuming. Therefore, several
models and relationships have been developed as Pedotransfer functions which indirectly predict the
hydrological properties of the soil using readily available soil data with the aid of a series of proper
mathematical relationships (Nguyen et al., 2015). Since the measurement of important moisture
points is a time consuming, costly and difficult work, many attempts have been made in order to use
simpler soil properties such as texture, the amount of organic matter, and bulk density. Pedotransfer
functions are indeed predictive functions which establish relationship between the soil’s readily
available and latency data (e.g., the percentage of sand, silt and clay, bulk density and organic matter)
including the parameters of the moisture curve (field capacity and permanent wilting point) (Botulla
et al., 2013). Moreover, the functions that can be successfully implemented in an area may not have
suitable adaptations in another area with real values. There are several methods for obtaining
Pedotransfer functions, among them are linear regression (LR), artificial neural networks, fuzzy
adaptive-neural inference, and support regression vector.

Various researchers have studied the development of Pedotransfer functions and evaluated the
predictive models in the water and soil sciences. As a sample, Shop and Lajj (1998) estimated the
soil moisture curve using the neural network. They found that the artificial neural network was better
than some of the regression Pedotransfer functions provided by other researchers, and if more readily
available properties were used as inputs, the prediction accuracy increased. However, there was
always a significant difference between the predicted and measured moisture values. Zhang et al.
(2007) estimated the soil moisture curve for 110 non-calcareous soil samples with different tissue
classes through the artificial neural networks and regression models. They showed that the neural
network predicts the moisture curve better than the regression method with higher correlation
coefficient in most tissue classes. Lin et al. (2009) argued that the SVM method was much faster
trained than the artificial neural network. SVM was also found to have a more accurate prediction
than the artificial neural network. Chen et al. (2010) used support vector machines to model daily
rainfall and compared the results with that of the multivariate analysis method. It was found that the
results of predictions from SVM were more accurate. In turn, Kaihua et al. (2014) used support
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vector machines to predict cationic capacity on different horizons of the soil in Qingdao, China. They
performed their studies at 208 points on two horizons of the soil, and concluded that the SVM model
improved predictions.

Considering the significance of knowing the important points of soil moisture in Shahrood area
for agricultural projects and irrigation schedules, developing appropriate Pedotransfer functions and
evaluating models is necessary so as to obtain moisture of the field capacity and permanent wilting
point. This research, thus, evaluates the performance of three models of support vector regression,
artificial neural networks, and linear regression in the development of soil Pedotransfer functions and
the effect of number and type of input variables on the performance of the models.

Methodology

In this research, early and late found data included field capacity and permanent wilting point
related to soil studies in Shahrood area available at the Agricultural Research and Education Center
of Semnan province. Data were collected from 100 profiles of a total area of 120 hectares and from
different areas of Shahrood. To this end, disturbed and intact soil samples were collected from the
surface depth (0-15 centimeters) and transferred to the laboratory for the measurement of physical,
chemical, and hydraulic properties of soil. Field capacity and permanent wilting point were obtained
by measuring the soil moisture in suctions 0.33 and 15 bar using a pressure plate. The first step for
the development of Pedotransfer functions was to provide the empirical relationships between the
basic properties of soil and the factors to be predicted. This can be achieved by various mathematical
methods (such as support vector regression and artificial neural networks).

Evaluation of data-based methods

In the present study, the data were divided into two categories of training data and test data. The
training of the model was carried out with 80% of the data and the performance of the methods was
evaluated using 20% of the remaining data. In order to compare the measured values with the
predicted values, the normalized root-mean-square deviation or error or NRMSE, the coefficient of
determination and/or Root Mean Square Error (MSD) deviation were calculated. The more the values
of the coefficient of determination and the efficiency of the Nash are closer to the number one, the
higher will be the performance and accuracy of the model. The NRMSE value is between zero and
one, which can be expressed as a percentage, so the lower the value, the better the estimate will be.
Generally, the values less than 10 percent have an ideal estimation accuracy in modeling. Values
between 10% to 20% and 20% to 30%, are good and average, respectively, and over 30% lack
validation in modeling (Jafari Gilandeh et al., 2017).

Results and Discussion

To obtain more accurate models and to normalize the data, the zero and one method was used.
Based on the correlation analysis of sand percentage, Clay percentage, Silt percentage, Bulk Density
Special crime, and Organic Carbon percentage (OC), five different variables for input variables were
selected to estimate the important moisture points. The results showed that the support regression
method had a better performance than the other two. The values of coefficient of determination, the
deviation of error root mean square, and the average root mean squared error normalized in the best
model of support regression vector were 0.85, 3.21 and 12.89 for the field capacity, 0.83, 1.58, 14.84
for the permanent wilting point, respectively. For neural networks for which results were far better
than the linear regression’s, the values of 0.72, 3.48 and 14.36 for field capacity and 0,75, 1.90 and
17.91 for permanent wilting point were achieved, respectively. According to the results, it can be
stated that the regression models of the support vector with linear kernel function of the radial base
can predict the soil moisture points with low error and high coefficient of determination. Thus, they
can also be a great alternative to traditional methods such as neural networks and linear regression. In
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the data-based methods, the increase in inputs resulted in an increase in the coefficient of
determination and reduction of errors, which is recommended using more early accessible variables.

This research was intended to evaluate the performance of traditional linear regression and
artificial neural network methods with the new method of support vector machine in estimating the
critical points of moisture. Besides, using the Pedotransfer functions method, the readily available
data as input and the field capacity and permanent wilting point as latency data or the output data
were used. In summary, the results can be summarized as follows: Regression models of support
vector with radial root linear kernel function can predict soil moisture points with low error and high
coefficient of determination. In addition, these models at the training stage had better results with
higher coefficients which could be a good alternative for traditional methods such as neural networks
and linear regressions requiring data with high data numbers. In the data-based methods, the increase
in input increased the coefficient of determination and reduced the errors. Accordingly, the use of
readily available variable is much more recommended. However, there is a probability that in the
regression method of the support vector or artificial neural network MLP the over-training
phenomenon happens in relation to the training data. More studies and the use of other input
parameters are, thus, required. Several researchers have suggested that other optimization methods be
used to select the predictive variables and be referred to as SVM or ANN inputs. According to the
efficiency of the support vector machine model, proven by numerous research in various
applications, it is recommended to use this method to create soil Pedotransfer functions in different
regions. Besides, it is suggested that a vaster database, and high initial correlation be used for better
training of the models.
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Table 1- Data used for crop capacity and permanent wilting point

N=100
Sand Clay Silt bd oC FC PWP Parameter
89 34 58 1.79 2.06 33.02 21.17 MAX
18 4 7 1.39 0.13 6.54 5.89 Mean
43 18 37 1.54 0.72 23.07 10.11 Average
1693 583 1434 008 044 554 g4 Standard
deviation
-0.20 0.30 -0.85 -0.84 0.99 0.36 4.49 kurtosis
0.59 0.18 -0.49 0.17 1.04 -0.47 1.78 Skewness
36 16 54 1.51 0.36 20.12 8.77 Mode
ol L i (Sdg sl - i
Table 2- Defined Scenarios
Scenario 1 Sand- Silt- Clay- bd- OC
Scenario 2 Sand- Silt- Clay- bd
Scenario 3 Sand- Silt- Clay
Scenario 4 Sand- Silt
Scenario 5 Silt
0 pio (o Ogaw ) w9l (3o S 09T L -T Joue
Table 3- Modeling test results by multivariate linear regression
FC PWP
R? NRMSE  MSD R? NRMSE MSD  Scenario
0.50 18.67 4.53 0.45 25.63 2.73 1
0.49 19.72 4.78 0.27 28.25 3.01 2
0.43 20.57 4.99 0.18 29.55 3.15 3
0.28 22.67 5.50 0.16 32.00 341 4
0.11 24.89 6.03 0.20 29.52 3.14 5
FC=(2.68)+((9.63x sand)+(13.85x clay)+(16.09x silt)+(-0.83x bd)+(3.41x oc) (\Y)
PWP=(5.48)+((0.83x sand)+(6.05x clay)+(1.94x silt)+(1.49x bd)+(-0.95% oc) (\¥)

¥ o) Oslise slagygyg dlus )3 il (b0l (slaty Sl
aY 53 5l Lales «3ui cul ) B S oy 090 (V0 U
izl 45, ] e I e Sy Sl 5 i
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Table 4- Neural network results for crop capacity in different models

Test
Neuron R? NRMSE MSD R?
8 0.72 14.36 3.48 0.83
3 0.71 15.64 3.79 0.79
5 0.67 16.32 3.96 0.71
2 0.63 17.61 4.27 0.66
9 0.60 18..62 451 0.60

Train

Validation
NRMSE R 2 NRMSE  Scenario
5.11 0.82 7.17 1
5.80 0.80 1.74 2
7.00 0.68 9.05 3
7.86 0.66 9.16 4
8.63 0.63 9.43 5

st S oo 30 WIS (T Al (Gl (mac 4L S -0 o>
Table 5- Neural network results for permanent wilting point in different models

Test Train Validation
Neuron R? NRMSE MSD R? NRMSE R?* NRMSE Scenario
8 0.75 17.91 1.90 0.78 11.84 0.86 9.12 1
5 0.74 18.69 199 0.75 12.54 0.81 13.36 2
6 0.57 22.26 237 071 14.75 0.72 16.52 3
8 0.47 26.99 2.86 0.69 15.08 0.70 18.22 4
2 0.26 28.05 3.00 0.59 17.70 0.46 23.21 5
=) Q.ﬁs)b b)jT}g 2 SVR @lﬁ -1 Jgu>
Table 6- SVR results in crop capacity estimation
Train Test Model parameters
R? MSD R? NRMSE MSD C € kernel  Scenario
089 212 0.85 12.89 3.12 3.26 0.00 RBF 1
089 218 0.83 13.49 327 1226 0.01 RBF 2
085 251 0.83 13.72 3.33 7.82 0.02 RBF 3
0.84 2.97 0.79 15.30 3.71 6.51 0.02 RBF 4
081 308 0.72 16.21 3.94 6.62 0.02 RBF 5
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Table 7- SVR results in estimation of permanent wilting point

Train Test
R2 MSD R2 NRMSE MSD
0.92 0.97 0.83 14.84 1.58
0.90 1.12 0.78 16.01 1.70
0.86 1.42 0.74 16.74 1.78
0.86 1.63 0.74 16.95 1.80
0.80 1.97 0.72 20.63 2.20

Model parameters

Cc € kernel  Scenario
0.42 0.00 RBF 1

4 0.01 RBF 2
5.65 0.02 RBF 3
1.18 0.01 RBF 4
13.45 0.01 RBF 5

iyt VA 5 AT L auglin ;3 SVM lys /AT 5 +/A p3lie
SLa ) b does ol sl cllae ol sLisS ls 0 ANN
Kisi and (2011) Noori et al. ;yomon Jliixe jl alols
5(2013) Kakagilafdani et al. (2011) Cimen

&S e o, (2014) Kaihua et al.
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Fig. 3- Diagram fitting the data measured with predictions for crop capacity (a) and permanent

wilting point (b) in a multivariate linear regression model
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Fig. 4- Diagram fitting the predicted data for crop capacity (a) and permanent wilting point (b) in

the ANN model
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Fig. 5- Diagram of data fitted with predicted crop capacity (a) and permanent wilting point (b), in

support vector regression model
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