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ABSTRACT

Soil moisture content at field capacity (SWC) is vital hydraulic soil parameters essential for modelling
water and solute transport and irrigation scheduling in soil. SWC,. can be measured directly in the
laboratory using pressure plate apparatus but, their direct measurements are labor intensive, time taking
and expensive. Pedotransfer functions (PTF) are usually used as indirect method of measuring soil
hydraulic properties from some easily measurable soil properties. PTFs based on multiple-linear
regression model (MLR) which considered linearity between the input and output variables, is the most
commonly used indirect method of estimating for SWC,.. In the recent years, Artificial Intelligence (AI)
techniques based on artificial neural networks (ANN) are fetching more attention of the researchers for
their capability of modeling complex “input-output” relationship. In this study, an attempt has been
made to estimate SWC,. from sand, silt, clay, bulk density (BD) and organic carbon (OC) using MLR
and ANN and compare the performance of these two methods using statistical evaluation criteria. The
developed MLR model showed that SWC,. was positively correlated with clay, silt and OC (%) whereas,
it was negatively correlated with sand (%) and BD of the soil. Results showed that ANN with four
hidden layer was better in predicting SWC;. because of its non-linear function. For SWC.., ANN
resulted a decrease of RMSE by 25.6% as compared to MLR. Performance of ANN was better than
MLR model in prediction of SWCr.because ANN can capture non-linear functions.
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Introduction

Soil moisture content at field capacity
(SWCy) is an important hydraulic property of
soil required in modelling of water and solute
transport (Rab et al., 2011), biophysical model
(Co’kun and Candemir, 2014) and determining
the suitable time and rate of irrigation water to be
applied (Jafar Nejadi et al., 2012). SWC. is the
maximum water content of soil after 48 or 72
hours being watered and when the free drainage
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is insignificant. SWCj. can be measured directly
in the laboratory using pressure plate extractor
technique (Richards, 1948) but, their direct
measurements are labor intensive, time taking and
expensive (Mohanty et al., 2015). Also, the
results may not be precise because of spatial
(Hopmans et al., 2002) and temporal variability
of soil physical and hydraulic properties (Merdun
et al., 2006). Precise measurement of hydraulic
property like SWCp. is very much required for
hydrological modelling and optimizing agro-
nomical practice as it controls the availability of
soil water for plant growth (Lamorski et al.,
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2014). In several cases, hydraulic parameters of
soil can be estimated instead of measured.
Pedotransfer functions (PTF) are usually used in
such conditions (W6 sten et al., 2001) and permit
the estimation of SWCy. from some easily
measurable soil properties. Lately, PTFs has
gained substantial importance (Minasny and
McBratney, 2002 and Minasny et al., 2004) as an
alternative and indirect estimation of these
properties from extensively obtainable or more
easily measurable basic soil properties like sand,
silt, clay, bulk density (BD), and organic matter
(OM). Easily measurable soil properties are used
as input variables in PTF and produces hydraulic
parameters as output variable (Bouma, 1989). The
most common method of estimation of soil
hydraulic parameters using PTFs is multiple-
linear regression model (MLR) (Wdsten et al.,
1995; Salchow et al., 1996; Mayr and Jarvis,
1999; Tomasella et al., 2000) where it is assumed
that the relationships between input and output
variables are linear.

Artificial Intelligence (AI) techniques based
on artificial neural networks (ANN) are fetching
more attention of the researchers for their
capability of modeling complex “input-output”
relationship (Jafarzadeh et al., 2015). The benefit
of ANN is their capability to model the structure
of complex systems by changing the weightage
of each network component and it can also adjust
the interconnections structure and they do not
require a priori concept for the relations between
the input variables and output data (Gocie et al.,
2015). After forming a network structure with
coefficients values for describing the strength of
influence of each network components, an ANN
turn into a superior complex formula which can
easily link input variables to output variables
(Alexander and Morton, 1990). The multifaceted
relationships between basic soil properties and
hydraulic parameters have enabled ANN to
become a good tool for estimating difficult soil
parameters. Goh (1995) reported the superior
efficiency and reliability of ANN in prediction as
compared to statistical method. Erzin et al. (2009)
also observed the superiority of ANN as
compared to statistical method. So, the objective
of this study is to estimate the SWCy. using MLR
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and ANN and compare the performance of these
two methods using statistical evaluation criteria.

Materials and Methods

Study area, collection of soil samples and soil
analysis

The study was conducted in Nilokheri block
of Karnal district of Haryana, India. The climate
of the district is characterized by dry air with
intense hot summer and cold winter. The cold
season is from middle of November to middle of
March. The hot season continues to about June.
The summer monsoon arrives at the end of June
and South west monsoon prevails from July to
September. Altogether 120 soil samples were
collected from the study area. The input
parameters considered for the prediction of
SWC,. were soil texture i.e sand, silt and clay
percentage, Walkley—Black organic carbon
(0C,%) and soil bulk density (BD, Mg m™). Sand,
silt and clay percentages were estimated by
Bouyocous hydrometer method (Bouyocous,
1962). Organic carbon percentage was measured
by following the wet oxidation method of
Walkley and Black (1934). BD was determined
by core auger method (Blake and Hartge, 1986).

Multi-linear regressions

Multiple linear regression model can be
written as (equation 1)

y:BO+Blei+BZX2i+"'+Bpxpi+€i .. (D)

Where, y is output variable and x is input
variables and 3’s are the coefficient values and g;
1s a random error term with mean zero and
constant variance.

Artificial neural network (ANN)

A neural network is made out of various
interconnected simple processing elements called
neurons or nodes (Hastie et al., 2001). Each node
receives an input signal which is the aggregate
““‘information’’ from other nodes or external
stimuli, processes it locally through an activation
or transfer function and produces a transformed
output signal to other nodes or external outputs.
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The ANN performs the following nonlinear
function mapping between the input and output
(equation 2)

Vi=f (0 Ty, e Yips w) + € ..(2)

Therefore, the neural network resembles a
nonlinear regression model. In general, an ANN
can be partitioned into three sections, named
layers, which are known as: i)input layers, ii)
hidden layers and iii) output layers. Schematic
diagram of ANN has been presented in figure 1.
Evaluation criteria of ANN and MLR

Root mean square error (RMSE) =

1 N . N
ﬁ\/zizl(})l — 0?2 E)
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Mean absolute percent error (MAPE) =

100 -y |Pi—0i]
N Zi=1" p; (5

Mean absolute error (MAE) =

N . ,
Y= |Pi=01]

v ...(6)

All the analysis of data has been done in R
software and MS-Excel.

Results and Discussion

The value of SWC.. varied from 10.76 to
35.18% w/w for whole dataset (Table 1). In table
1, mean values of training data of SWC. was
20.07% w/w with a range varied from 10.76 to
30.51% w/w. The SD for SWC;. was 3.97%
w/w. The mean values of training data of sand,
silt and clay were 53.7, 25.0 and 21.2%,
respectively and corresponding SD were 9.71,
10.47 and 8.32%, respectively. The mean and SD
values of training data of BD and OC were 1.47
Mg m3; 0.50%, and 0.17 Mg m?3; 0.22%
respectively. For testing data of SWC., mean and
SD values were 20.13 and 4.43% w/w,
respectively. The mean values of sand, silt and
clay content of testing dataset were 53.27, 26.07
and 20.77%, respectively and corresponding SD
were 11.76, 11.34 and 9.44%, respectively. The
mean values of BD and OC in testing data were

Weighted links (b)

Output
responses
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O
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output

O
O

Network errors
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adjustments

Inputs layer Hidden layer

Output layer

Fig. 1. Schematic diagram of AAN (Khlosi et al., 2016)
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Table 1. Descriptive statistics used to predict SWC,, sand, silt, clay BD and OC for both training and testing

dataset
Training dataset Testing dataset
Parameters Minimum Maximum Mean SD Minimum Maximum Mean SD
SWCc (Y%ow/w) 10.76 30.51 20.07 3.97 12.76 35.18 20.13 4.43
SAND (%) 36 80.12 53.76 9.71 24 68 53.27 11.76
SILT (%) 4 48 25.00 10.47 4 48 26.07 11.34
CLAY (%) 1.88 43.88 21.22 8.32 7.88 48 20.77 9.44
BD (Mgm™) 1.12 1.85 1.47 0.17 1.24 1.78 1.47 0.13
OC (%) 0.02 1.1 0.50 0.222 0.22 1.2 0.561 0.23

found to be 1.47 Mgm™ and 0.56%, respectively,
whereas, the corresponding SD values were 0.13
and 0.23 (Table 1).

Prediction of Soil water content at SWC,,.
using multi-linear regression (MLR) model
and Artificial neural network (ANN)

In case of predicting SWC;. using MLR sand,
silt, clay, BD and OC were used as independent
variables. The developed model for prediction of
SWC,. was represented in equation 7.

SWCp=18.72+0.06clay+0.08Silt-0.18 sand-
2.39BD+2.600C (7

The developed model showed that SWC is
positively correlated with clay, silt and OC (%)
whereas, it is negatively correlated with sand (%)
and BD of the soil. The observed and predicted
values of SWC. both for training and testing data
using MLR have been presented in Fig. 2.

Soil SWC. (output variable) was predicted
using ANN and sand, silt, clay, BD and OC as
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input variables. The optimal number of hidden
layers was selected using a trial-and-error process
by changing the number of hidden neurons from
1 to 10. In this study, it was observed that for
prediction of SWCy., 4 no. of hidden layer
performed better than MLR for both training and
testing dataset with the value of r, being higher
and RMSE, MAE and MAPE values being lower
(Fig. 3). Among all the hidden layers in ANN,
ANN with 4 number of hidden layers, were
selected based on the RMSE, r, MAE and MAPE
values that were found to be 2.81,0.70, 2.09 and
10.79, respectively (Fig. 3), for training dataset
and corresponding values for testing dataset were
4.55,0.47, 3.87, 19.84, respectively (Fig 3).
Results indicated that ANN with 4 number of
hidden layer performed best both for training and
testing dataset among all the other hidden layers.
Fig. 5 showed the developed ANN model for
prediction of SWC. with 4 numbers of hidden
layers. The model run for 3073 steps to train the
classifier error was of 0.97. Results showed that
artificial neural network with four neurons in
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Fig. 2. Observed SWC, vs. predicted SWC,. (a) training dataset (b) testing data set using MLR
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Fig. 3. Performance evaluation of ANN with 1 to 10 numbers of hidden layers

Error: 0.978137 Steps: 3073
Fig. 4. ANN model with 4 hidden layers
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Fig. 5. Observed SWC; vs. predicted SWC; (a) training dataset (b) testing data set using ANN with 4 hidden

layers

Table 2. Comparative performance evaluation of MLR and ANN in prediction of SWC

Parameters MLR ANN
MAE r RMSE MAPE MAE r RMSE MAPE
SWC,. Training dataset 3.02 0.28 3.78 15.2 2.09 0.70 2.81 10.4
Testing dataset 3.11 0.32 4.11 15.2 3.87 0.47 4.55 19.8

hidden layer had better performance in predicting
soil properties than training multivariate
regression. Fig. 5 showed the observed and
predicted SWC;. for both training and testing
dataset using ANN with 4 hidden layers.

Performance evaluation of MLR model was
done for both training and testing data set (Figure
3 and Table 2). Correlation coefficient (r), RMSE,
MAE and MAPE of training dataset were 0.28,
3.78, 3.02 and 15.22, respectively (Table 2),
whereas for testing dataset corresponding values
were 0.32, 4.11, 3.11, 15.23, respectively. For
SWCy., ANN resulted in a decrease of RMSE by
25.6% as compared to MLR. Similar trend of
decrease in RMSE by 25.66% as compared to
MLR was observed in case of ANN for testing
data. Among the two models, highest r value of
0.70 and 0.47 for training and testing dataset was
obtained in ANN. ANN showed lowest MAPE
and MAE values as compared to MLR. Thus,
table 2 indicated that the performance of ANN
was better than MLR in prediction of SWCj.

In the present study, the performance of MLR
was poor as compared to ANN. Work done by
Pramanik et al. (2013) showed the effectiveness
of regression based PTFs in estimating soil

penetration resistance from soil bulk density and
soil water content. On contrary, regression-based
PTFs (Rawls and Brakensiek, 1985; Minasny et
al., 1999) have often performed poorly because
they require adequate prior knowledge of the
input-output relationships. In the present study, it
was found that ANN performed better than MLR
which was in accordance to the work done by
Amini et al.( 2005), Erzin et al. (2009), Akbulut
(2005) and Mohanty et al. (2015). This could be
attributed to the ability of neural networks to
extract maximum information out of the data
(Amini et al., 2005).

Conclusion

From the above study, it can be concluded
that, ANN with four hidden layer was best in
predicting SWC;. because of its non-linear
function. For SWCy., ANN resulted a decrease of
RMSE by 25.6% as compared to MLR.
Performance of ANN was better than MLR model
in prediction of SWCg.because ANN can capture
non-linear functions. ANN should be tried for
different combination of training and testing
dataset as it also has lots of potential in prediction
of other soil properties.
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