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Estimation of Soil Cation Exchange Capacity using
Multiple Regression, Artificial Neural Networks,
and Adaptive Neuro-fuzzy Inference System Models
in Golestan Province, Iran
HADI GHORBANI,1 HAMED KASHI,1 NASER HAFEZI
MOGHADAS,2 AND SAMAD EMAMGHOLIZADEH1
1

Department of Water and Soil, Faculty of Agriculture, University of Shahrood,
Shahrood, Iran
2
Department of Earth Science, Faculty of Sciences, Ferdoosi University of
Mashhad, Mashhad, Iran
Artificial neural networks (ANN) and adaptive neuro-fuzzy inference systems (ANFIS)
provide an alternative by estimating soil parameters from more readily available data.
In this article, multilayer perceptron (MLP) and radial basis function (RBF) of ANN
and ANFIS models were described to estimate soil cation exchange capacity and compared to traditional multiple regression (MR). Moreover, to test the accuracy of previous
functions that estimate cation exchange capacity (CEC), five pedotransfer functions
(PTFs) were surveyed. The results showed that the accuracies of ANN and ANFIS models were similar in relation to their statistical parameters. It was also found that ANFIS
model exhibited greater performance than RBF, MLP, MR, and PTFs to estimate soil
CEC, respectively. Finally, sensitivity analysis was conducted to determine the most
and the least influential variables affecting soil CEC. The performance comparisons
of used models showed that the soft computing system is a good tool to predict soil
characteristics.
Keywords Adaptive neuro-fuzzy inference system, artificial neural networks, cation
exchange capacity, multiple regression, pedotransfer function, soil characteristics

Introduction
There is increasing demand for reliable large-scale soil data to meet the requirements of
models for planning of land-use systems, characterization of soil pollution, and prediction of land degradation (McBratney et al. 2002). In recent years, the models simulating
soil processes have rapidly increased. These models developed to improve the understanding of important soil characteristics. Cation exchange capacity (CEC) is a description of
the amount of negative charge in soil that is available to bind positively charged ions
(cations). Cation exchange capacity buffers fluctuations in nutrient availability and pH
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values in soil. Clay, organic matter, and, to a lesser extent, silt are the main sources of
CEC (Seybold, Grossman, and Reinsch 2005). Measuring CEC is both time-consuming
and expensive, especially in the Aridisols of Iran, because of the large amounts of calcium
carbonate (Carpena, Lax, and Vahtras 1972) and gypsum contents (Fernando, Burau, and
Arulanandan 1977).
As a result, the collection of data is the most difficult and expensive step toward
modeling the environmental process. Soft computing systems are working by translating this basic information into estimates of other more laborious parameters in soil. The
three common methods used to estimate soil characteristics are multiple regressions, artificial neural networks (ANN), and adaptive neuro-fuzzy inference system (ANFIS). Unlike
regression, artificial neural networks do not require an a priori regression model, which
relates input and output data and in general is difficult because these models are not known
(Mermoud and Xu 2006; Schaap, Leij, and van Genuchten 1998). These models can identify and learn correlated patterns between input data sets and corresponding target values.
They imitate the learning process of the human brain and can process problems involving
nonlinear and complex data even if the data are imprecise and noisy. Thus they are ideally
suited for the modeling of agricultural data, which are known to be complex and often
nonlinear.
Artificial neural networks have been successfully employed to predict soil properties (Minasny, McBratney, and Bristow 1999; Pachepsky and Rawls 1999; Minasny and
McBratney 2002). In most of these models, CEC is assumed to be a linear function of
soil organic matter and clay contents (Breeuwsma et al. 1986; McBratney et al. 2002).
Some results have shown that greater than 50 percent of the variation in CEC could be
explained by the variation in clay and organic carbon contents for several New Jersey soils
(Drake and Motto 1982), for some Philippine soils (Sahrawat 1983), and for four soils in
Mexico (Bell and van Keulen 1995). Only a small improvement was obtained by adding
pH to the model for four Mexican soils (Bell and van Keulen 1995). Amini et al. (2005)
tested several published pedotransfer functions and developed two neural network algorithms using multilayer perceptron (MLP) and general regression neural networks based
on a set of 170 soil samples to predict soil cation exchange capacity in central Iran. Vos
et al. (2005) for prediction of bulk density used twelve pedotransfer functions and the
Brazilian database. Their results showed that the separation calibration of topsoil and subsoil layers did not enhance the predictive capacity significantly. Kaur, Kumar, and Gurung
(2002) used pedotransfer function for estimating soil bulk density from basic soil data and
compared them with existing pedotransfer function. Rasiah (1995) used pedotransfer functions to predict nitrogen-mineralization parameters and get highly accurate predictions.
Keshavarzi and Sarmadian (2010) estimated soil cation exchange capacity with ANNs
and multiple regression, and their results showed greater accuracy of ANNs than multiple
regression. Keshavarzi et al. (2011) showed that ANFIS have better accuracy than ANNs
to estimate soil CEC. A comparison of multiple regression, ANN (multilayer perceptron,
radial basis function), and ANFIS models for prediction of the swell potential of clayey
soils showed that ANN (radial basis function) has the best accuracy (Yilmaz and Kaynar
2011).
The objectives of this study were (i) to develop several ANNs for estimation of soil
CEC in the Aridisols of Iran, (ii) to survey the accuracy of some of the most important
pedotransfer functions to estimate CEC, and (iii) to evaluate the performance of ANNs
compared to ANFIS and multiple regressions.

Estimation of Soil Cation Exchange Capacity

3

Materials and Methods

Downloaded by [Istanbul Universitesi Kutuphane ve Dok] at 23:33 25 March 2015

Study Area
The study was carried out in Golestan Province, located in northeastern Iran. The land area
is about 20,893 km2 and located between 36◦ 44 and 38◦ 5 northern latitudes and 53◦ 51
and 56◦ 14 eastern longitudes (Figure 1). The average annual temperature is 18.2 ◦ C and
the annual rainfall is 556 mm. Geographically, it is divided into two sections: the plains
and mountains of the Alborz range. In the eastern Alborz range, the direction of mountains faces northeast and height gradually decreases. The study included four adjacent land
parcels under different uses: (1) natural forest, (2) reforested land, (3) cultivated land, and
(4) grasslands covered by Artemissia, Salicornia, and Astragallus species. Large areas of
lands are agricultural, with different products. The soil moisture and temperature regimes
of the region are Aridic and Thermic, respectively. Based on soil taxonomy (USDA Soil
Taxonomy 2010), most soils are Molisols and Aridisols with high values of nonswelling
2:1 clay minerals. The study area was divided into regular, 10-km2 lattices, and soil samples
were collected from each of the lattices (Figure 1).
Data Collection and Soil Sample Analysis
The study location was appointed using GPS, after preliminary studies of the topographic
maps (1:25000). Two hundred and twenty soil samples were collected from 0 to 30 cm
deep of the study area in Gorgan Province, northeastern Iran. Measured soil parameters
including CEC determined by the method of Bower (Sparks et al. 1996). Soil particle-size
distribution was determined using Bouyoucos hydrometer method and pH was determined
with a pH meter (Gee and Bauder 1986). Organic carbon percentage was determined using
the Walkley-Black method (Nelson and Sommers 1982).
Pedotransfer Function Approach
To develop the pedotransfer function approach to estimate soil cation exchange capacity,
this parameter was indirectly estimated from the easily measured soil properties such as
clay content, organic material, and organic carbon. Therefore, for assessment of the accuracy of some created pedotransfer functions, the best of them have tested. Table 1 shows
the selected pedotransfer functions for estimation of soil cation exchange capacity.

Figure 1. Location of the study area.
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Figure 2. MLP neural network structure.

Table 1
Selected pedotranfer function for estimation of soil cation exchange capacity
Model

Reference

PTF model

F1

Breeuwsma et al. (1986)

CEC = a1 Clay + a2 OM

F2

Manrique, Jones, and
Dyke (1991)

CEC = a0 + a1 Clay + a2 OCb

F3

Bell and van Keulen (1995)

CEC = a0 + a1 Clay + a2 OM

F4

Bell and van Keulen (1995)

CEC = a0 + a1 Clay

F5

McBratney et al. (2002)

CEC = a0 + a1 Clay + a2 Clay∗ OC

a

Calibration
coefficientsa
a1
a2
a0
a1
a2
a1
a2
a0
a1
a0
a1
a2

=
=
=
=
=
=
=
=
=
=
=
=

0.32
3.1
4.56
0.2
5.2
0.2
0.3
4.8
0.3
6.9
0.1
0.16

CEC is in cmolc /kg, clay and OC are in mass %, and OM = 1.72∗ OC.

Multiple Regression Model (MR)
Multiple regression is a statistical technique that allows us to predict someone’s score
on one variable on the basis of their scores on several other variables. It used when it
need to exploring linear relationship between the predictor and criterion variables based on
statistical technique. The multiple regression equation takes the following form:

Estimation of Soil Cation Exchange Capacity

5

y = b1 x1 + b2 x2 + . . . . + bn xn +c.b1 , b2 , . . . , bn
where a, b, . . . are the regression coefficients and represent the amount that the dependent
variable y changes when the corresponding independent variable changes 1 unit; c is a
constant, where the regression line intercepts the y axis, representing the amount of the
dependent variable y when all of the independent variables are zero.
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Artificial Neural Network (ANN) Models MLP and RBF
Artificial neural networks (ANNs) are nonlinear data-driven self-adaptive approaches as
opposed to the traditional model-based methods. They are powerful tools for modeling,
especially when the underlaying data relationship is unknown. The ANNs can identify and
learn correlated patterns between input data sets and corresponding target values. Neural
networks may be used as a direct substitute for autocorrelation, multivariable regression, linear regression, and trigonometric and other statistical analysis and techniques
(Singh et al. 2003). A very important feature of these networks is their adaptive nature,
where “learning by example” replaces “programming” in solving problems. This feature
makes such computational models very appealing in application domains where one has an
incomplete understanding of the problem to be solved but where training data are readily
available.
The particular network can be defined by three fundamental components: transfer
function, network architecture, and learning law (Simpson 1990). It is essential to define
these components, to solve the problem satisfactorily. Neural networks consist of a large
class of different architectures. Two of the most widely used neural network architecture in literature for classification or regression problems are multilayer perceptron (MLP)
and radial basis function (RBF) (Cohen and Intrator 2001, 2003; Kenneth, Wernter, and
Macinyre 2001; Lim, Loh, and Shih 2000). Both types of neural network structures are
good in pattern classification problems. They are robust classifiers with the ability to generalize for imprecise input data. The MLP are said to distributed-processing networks
because the effect of a hidden unit can be distributed over the entire input space; on the
other hand, Gaussian RBF networks are said to be local-processing networks because the
effects of a hidden unit are usually concentrated in a local area centered at the weight
vector.
In this study, two different architectures of ANN (MLP and RBF) are used to estimate of soil cation exchange capacity. All data were first normalized and divided into
two data sets, training (70 percent of the whole data) and test (30 percent of the remained
data). Table 2 shows the basic statistics of measured soil parameters for training and testing
stages. In this study Matlab 7.1 (2010) software was used in neural network analyses.
Multilayer Perceptron (MLP) Model
Multilayer perceptrons (MLPs) represent the most prominent and well-researched class of
ANNs in classification, implementing a feed-forward, supervised, and heteroassociative
paradigm. In MLP, the weighted sum of the inputs and bias term are passed to activation
level through a transfer function to produce the output, and the units are arranged in a layered feed-forward topology called “feed-forward neural network” (Venkatesan and Anitha
2006). A multilayer percepteron has some characteristics: (a) has any number of inputs,
(b) has one or more hidden layers with any number of units, (c) uses linear combination

6
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Table 2
Basic statistics of the measured soil parameters
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Training set

Testing set

Soil parameter

Min

Max

Average

SD

Min

Max

Average

SD

pH
Clay (%)
Silt (%)
Sand (%)
OC (%)
CEC (cmolc /kg)

6.5
4
20
10
0.13
4.6

8.9
64
67
62
5.73
36.95

7.95
31.33
44.13
24.54
1.3
18.71

0.3
12.9
10.5
9.37
0.9
7.27

7.24
12
10
10
0.34
14.39

8.5
62
70
54
3.85
24.78

7.96
35.43
39.43
25.13
1.37
20.70

0.22
10.45
13.01
9.83
0.70
2.64

functions in the input layers, (d) uses generally sigmoid activation functions in the hidden
layers, (e) has any number of outputs with any activation function, and (f) has connections
between the input layer and the first hidden layer, between the hidden layers, and between
the last hidden layer and the output layer. The MLP transforms n inputs to 1 outputs through
some nonlinear functions. The output of the network is determined by the activation of the
units in the output layer as follows:
Xo = f




Xh who

where (f ) is activation function, Xh is activation of hidden layer node, and who is is the
interconnection between hidden layer node and output layer node. The most used activation
function is the sigmoid and it is given as follows:
sgm (x) =

1
1 + e−x

Radial Basis Function (RBF) Model
Radial basis functions emerged as a variant of artificial neural network in late 1980s.
However, their roots are entrenched in much older pattern-recognition techniques. The
RBF networks are also good at modeling nonlinear data and can be trained in one stage
rather than using an iterative process as in MLP and also learn the given application quickly
(Venkatesan and Anitha 2006). The RBF networks are also feed-forward but have only one
hidden layer (Figure 3).
The RBF neural networks have some characteristics: (a) has any number of inputs, (b)
typically has only one hidden layer with any number of units, (c) use radial combination
functions in the hidden layer, based on the squared Euclidean distance between the input
vector and the weight vector, (d) typically uses exponential or soft-max activation functions
in the hidden layer, in which case the network is a Gaussian RBF network, (e) has any
number of outputs with any activation function, and (f) has connection between the input
layer and the hidden layer and between the hidden layer and the output layer. Because
the hidden units are nonlinear, the outputs of the hidden layer may be combined linearly
and so processing is rapid. The output y of an RBF network is computed by the following
equation (ASCE 2000):

Estimation of Soil Cation Exchange Capacity
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<b>
<b>
<b>
<b>
<b>

<b>

∑

(t)

<b>.
<b>.

</b>

<b>

Downloaded by [Istanbul Universitesi Kutuphane ve Dok] at 23:33 25 March 2015

<b>

Figure 3. RBF neural network structure.

yk (x) =

M


WKJ ϕj (x) + WKO

J=1

where M is the number of basic functions, x is the input data vector, wkj represents a
weighted connection between the basis function and output layer, and φ j is the nonlinear
function of unit j.
Adaptive Neurofuzzy Inference System (ANFIS) Model
The adaptive neuro-fuzzy inference system (ANFIS), first introduced by Jang (1993). The
neuro-fuzzy approach combines ANN and fuzzy logic. It effectively integrates the learning
capability of neural networks into a fuzzy inference system (FIS). It can be used to approximate any real continuous function on a compact set to any degree of accuracy (Jang, Sun,
and Mizutani 1997). Depending on the types of inference operations upon if-then rules,
most FISs can be classified into three types: Tsukamoto’s system, Mamdani’s system, and
Sugeno’s system (Kişi 2007). In this study, the first-order Sugeno fuzzy model is used
because it has been used widely in engineering problems. The ANFIS model is able to use
two different optimization methods (hybrid and back propagation) to tune MFs and generate fuzzy rules. The hybrid method is a combination of least squares estimation combined
with back propagation method (Matlab User Manual 2010).
Figure 4 shows a typical ANFIS architecture. Every node in layer 1 is an adaptive node
with a node function that may be a Gaussian membership function or any membership
functions. Every node in layer 2 is a fixed node labeled II, representing the firing strength
of each rule. Every node in layer 3 is a fixed node, representing the normalized firing
strength of each rule. Every node in layer 4 is an adaptive
node with a node function.

The single node in layer 5 is a fixed node labeled , indicating the overall output (Z)
as the summation of all incoming signals (Dastorani et al. 2009). In this study, Gaussian
membership function was used for the input variable and Levenberg- Marquaardt algorithm
was employed for network training and adjusting its weights.
Modeling Performance Criteria
In this study the performance of all MR, ANN, and ANFIS models was assessed based
on four error measures, namely, the correlation coefficient (R2 ), which presents the degree
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Figure 4. Typical ANFIS structure.

of association between predicted and measured values; root mean square error (RMSE),
which is preferred in many iterative prediction and optimization schemes; and mean absolute error (MAE), which is a parameter commonly understood in engineering applications.
Expressions for these measures are given as follows:
⎡

⎤2

(x
−
x̄)(y
−
ȳ)
⎦
R2 = ⎣  
2
2
(x − x̄)
(y − ȳ)

1
(ZO − ZP )2
n i=0
n

RMSE =

1
|ZO − ZP |
n i=1
n

MAE =

where ZO and ZP are the measured and predicted values, respectively; y and ȳ are absolute
and average predicted values; and x and x̄ are absolute and average of measured values,
respectively.
The primary purpose of data transformation is to modify the distribution of input variables so that they can better match outputs. The performance of a neural network is often
improved through data transformations (Shi 2000). Therefore in this research to develop
ANN and ANFIS models, the raw data of both the independent and the dependent variables
were normalized to an interval by transformation means of following equation:
XN =

X − Xmin
Xmax − Xmin

Estimation of Soil Cation Exchange Capacity
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where XN is a normalized value of X and X max and X min represent the maximum and minimum values of each variable of the original data, respectively, which makes data within
the range of [0–1].

Results and Discussion
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Data Summary Statistics
Data summary of test and train are presented in Table 2. Some soil parameters including
sand, silt, clay, pH, and organic carbon were considered as input data for prediction of soil
cation exchange capacity. The data sets cover a wide range of soil particle-size distribution.
The fraction of clay varies from 4 to 64 percent in the study region. The organic carbon
content, ranging from 0.13 to 5.73 and averaging 1.3, is rather small. The simple correlation
coefficients (r) between variables are given in Table 3. The results showed that clay and
OC percentage have the most correlation with CEC and their correlation is significant at
the level of 99 percent. The obtained results were both larger than the respective values
reported by Manrique, Jones, and Dyke (1991) for arid soils in the USA (r = 0.55 for CEC
and clay and r = 0.23 for CEC and organic carbon). However, clay and organic carbon have
impressive roles, more than other factors, on soil cation exchange capacity. The correlation
of sand percentage with CEC is least.

Calibration and Testing of the Published PTFs
From the numerous available pedotransfer functions derived to predict soil CEC, we
selected only those regression models that used OC and particle-size distribution as independent variables and had a coefficient of determination, R2 , greater than 0.5. The selected
PTFs were calibrated for the study region using a generalized least squares procedure with
a subset of the entire data set. The performance indices (RMSE, MAE, and R2 ) for training
and testing stages are given in Table 4. The accuracy of the F1 function of Breeuwsma
et al. (1986) shows a better correlation than other functions (R2 = 0.77). The F4 model of
Bell and van Keulen (1995) produced the smallest accuracy (R2 = 0.64).

Table 3
Simple linear correlation coefficients (r) between soil CEC and independent variables
CEC
CEC
pH
OC
Clay
Silt
Sand
∗∗
∗

1

pH

OC

Clay

Silt

Sand

−0.43∗∗
1

0.55∗∗
−0.33∗∗
1

0.62∗∗
−0.14∗
−0.25∗∗
1

−0.41∗∗
0.05
−0.23∗∗
−0.69∗∗
1

−0.32∗∗
0.13
−0.05
−0.49∗∗
−0.30∗∗
1

Correlation is significant at 0.01 level.
Correlation is significant at 0.05 level.
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Table 4
Performance indices (RMSE, MAE and R2 ) for different models
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Estimated soil parameter

Cation exchange
capacity (Cmolc /kg)

Model
F1
F2
F3
F4
F5
MR
ANN-MLP
ANN-RBF
ANFIS

Overall
Overall
Overall
Overall
Overall
Training
Test
Training
Test
Training
Test
Training
Test

RMSE

MAE

R2

4.65
4.40
8.46
6.49
4.78
3.81
1.83
2.56
1.32
2.37
1.22
1.97
1.01

3.31
3.21
6.58
4.75
3.30
3.02
1.64
2.4
1.19
2.06
1.11
1.36
0.91

0.77
0.74
0.70
0.64
0.74
0.79
0.78
0.89
0.80
0.90
0.84
0.93
0.88

Multiple Regressions (MR)
Multiple regressions were computed for soil train data set by SPSS software. Multiple
regression analysis was carried out to correlate the measured soil CEC. A multiple
regression model to predict soil CEC is given below:
CEC = 31.59 − 5.38 (pH) − 2.69 (OC) + 0.17 (Sand) + 0.19 (Silt) + 0.44 (Clay)
After determining the equation, performance of multiple regression was developed for the
test data set. Correlation coefficient, RMSE, and MAE were obtained as 0.78, 1.83, and
1.64, respectively.
Figures 5 and 6 show the cross-correlation and comparison of predicted and measured
values of soil cation exchange capacity for the multiple regression model. Scatter plots
between measured and predicted soil cation exchange capacity data serve as a useful visual
aid to assess a model’s accuracy.
Optimization of Neural Network Models
Two types of ANN (MLP, RBF) are used to find the best models to estimate soil CEC.
Therefore, various neurons (1–10) were tested to get better correlation with lower error.
The RMSE values for various numbers of neurons related to the studied soil parameter
are presented in Figure 7. As shown, the minimum level of RMSE for CEC is related to
the network, which has four neurons in the hidden layer. Also, with regard to Figure 7,
it can be realize that by increasing the number of neurons, the efficiency of models will
decrease, and hence the best efficiency is related to the networks having optimum numbers
of neurons. Therefore, the ANN model was run with different hidden nodes and transfer functions including sigmoid (f (x) = 1/ (1 + exp (−x)), Gaussian (f (x) = e−x.x ), and
hyperbolic tangent (f (x) = tanh(x)). Applying the aforementioned transfer functions and
different hidden nodes indicated that the MLP model with the sigmoid transfer function

Estimation of Soil Cation Exchange Capacity
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R2 = 0.4125

20
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Figure 5. Cross-correlation of predicted and measured values of soil CEC for multiple regression
model.
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Figure 6. Comparison between predicted and measured soil CEC values using multiple regression
model.
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3.52
3

2.63
2.37
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Predicted CEC (Cmolc /kg)

30

11

2.53
2.21

2.33

2.24

6

7

2.32

2.33

9
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2

1

0
1

2
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5

8

Number of Neurons

Figure 7. RMSE values for 1–10 neurons in hidden layer for soil CEC.
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gives the best results (i.e., the least MAE and RMSE and greatest R2 values). Also for the
RBF model, by trial and error procedure the center selection process found an appropriate
tolerance value of 0.005 and the radial basis spread of 25.
The accuracy estimation of soil CEC with MLP and RBF neural networks is shown in
Table 4. The results showed that RBF has good accuracy (R2 = 0.84, RMSE = 1.22, and
MAE = 1.11) and MLP has less accuracy (R2 = 0.80, RMSE = 1.32, and MAE = 1.19) for
estimating soil CEC.
Figures 8–11 show the cross-correlation and comparison of predicted and measured
values of soil CEC for MLP and RBF models. The figures show that the RBF models had
smaller scatter around the best-fit line than the MLP models for all points. According to
this diagram, the best-fit line has the angle near to 45◦ that shows the high accuracy of
estimation by the neural network model.

30
R2 = 0.7804
Predicted CEC (Cmolc /kg)

25
R2 = 0.7464

20
15
10
5
0
0

5

10

15

20

25

30

Measured CEC (Cmolc /kg)

Figure 8. Cross-correlation of predicted and measured values of CEC for MLP model.
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Figure 9. Comparison between predicted and measured soil CEC values using MLP model.
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Figure 10. Cross-correlation of predicted and measured values of CEC for RBF model.
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Figure 11. Comparison between predicted and measured soil CEC values using RBF model.

Best Configurations of Neuro-fuzzy Inference System (ANFIS) Models
For the ANFIS model, the Gaussian, triangular, trapezoidal, sigmoid, and bell-shaped input
membership functions were used. Because the ANFIS only operates on Sugeno-type systems, two types of constant and linear functions were used for output membership function.
The performances of the ANFIS model with different input membership functions, hybrid
and back-propagation learning algorithms, and constant and linear output membership
functions were investigated. It was found that the best results were achieved when the
input membership function is Gaussian, the learning algorithm is hybrid, and output membership function is constant. The ANFIS model has performed for estimation of soil CEC
parameter. The results showed that the ANFIS model was the best model to predict soil
CEC with high correlation coefficients of 0.93 and 0.88 for training and test, respectively.
In other words, its error (RMSE = 1.97, 1.01 and MAE = 1.36, 0.91) was lower and its R2
was greater than neural networks and linear regression.
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Figure 12. Cross-correlation of predicted and measured values of CEC for ANFIS model.
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Figure 13. Comparison between predicted and measured soil CEC values using ANFIS model.

Figures 12 and 13 show the cross-correlation and comparison of predicted and measured values of soil CEC for the ANFIS model. Scatter plots between measured and
predicted soil cation exchange capacity data serve as a useful visual aid to assess a model’s
accuracy. These diagrams demonstrate that the predicted values in ANFIS models are close
to the experimental values, as many of the data points fall very close to the diagonal line
in scatter plot. Clearly the models created by ANFIS models have an agreement with the
experimental data. According to this diagram, the best-fitted line has the angle of near to
45◦ that shows the high accuracy of estimation by the neural network model.
The statistical parameters, i.e., R2 , RMSE, and MAE, for the mentioned models
are presented in Table 4. As shown, performance of both artificial neural networks and
ANFIS models are quite satisfactory. The accuracy of multiple regressions and selected
pedotransfer function was not suitable, because the relations between soil parameters and
CEC were not linear.
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Table 5
Sensitivity analysis of the input variables on soil cation exchange capacity
Soil cation exchange capacity
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Method
Best ANFIS
ANFIS without pH
ANFIS without clay
ANFIS without silt
ANFIS without sand
ANFIS without OC

RMSE

MAE

R2

1.86
3.96
6.12
2.74
2.38
4.93

1.27
2.88
4.83
1.98
1.76
3.68

0.92
0.80
0.68
0.85
0.88
0.75

Sensitivity Analysis
To assign the relative significance of each independent parameter (input variable) on CEC
(output), a sensitivity analysis was performed. By comparing the results it was shown that
the ANFIS model was better than RBF and MLP models, and therefore the analysis was
conducted with this model in the absence of every parameter in the data set. Table 5 gives
the sensitivity analysis results for soil CEC. Although the network does not necessarily
represent physical meaning through the weights, it suggests that all the input variables have
direct relevance and play significant roles in determining the output. However, the results
also showed that clay and organic carbon percentages had the best correlation coefficients
in CEC and that sand percentage showed the least (Table 5).
The estimation of soil cation exchange capacity with different methods from particlesize distribution and soil organic carbon could not account for all the variation in this study.
Moreover, several factors could be implicated for this rather modest accountability. Among
them are the type of clay minerals and their morphology, the origin of soil organic matter
(Parfitt, Giltrap, and Whitton 1995; Stewart and Hossner 2001), and the large amount of
calcium carbonate (Van Bladel, Frankart, and Gheyi 1975) in the Aridisols of the studied
region.

Conclusion
This research was designed to evaluate the applicability of new machine learning techniques including artificial neural networks (ANNs) and adaptive neuro-fuzzy inference
system (ANFIS) models for estimation of soil CEC in arid rangeland ecosystems. To predict the soil CEC by means of PTFs, the input data consisted of clay, silt, sand, organic
carbon, and pH. The performance of the selected pedotransfer function, multiple linear
regression, neural network, and ANFIS models were evaluated using a test data set. The
results showed that ANFIS model had the best performance to predict soil CEC.
The network model for these parameters was more suitable for capturing the nonlinearity of the relationship between variables. The ANN can model nonlinear functions and has
been shown to perform better than linear regression. For accuracy of predicting soil CEC,
it seems that the techniques employed in this study can perform quite well, especially in
arid rangeland ecosystems, and can be used as powerful tools over existing methods for

16

H. Ghorbani et al.

proper prediction of soil CEC. Because of the poor performance of traditional and statistical equations used in chemical and physical soil properties, interest in applying data-driven
models such as ANNs and ANFIS to chemical simulations has to be further accelerated.
The obtained results confirmed the main hypothesis of the research, which was
the appropriate performance of ANN and ANFIS models in estimation of soil CEC.
It should be mentioned that although large numbers of studies have been carried out on the
application of ANNs and ANFIS in soil sciences, more investigations need to be completed
on the applications of these techniques in this specific field.
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