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Abstract  
 

The objective of this study was to investigate fuzzy clustering analysis based on subtractive clustering algorithm for modeling of Soil 

Cation Exchange Capacity (CEC). In this work, seventy soil samples were collected from different horizons of 15 soil profiles 

located in the Ziaran region, Qazvin province, Iran. The data set was divided into two subsets. One for calibration (80% data) and 

second for testing the models (20% data). The performance of the subtractive clustering algorithm was evaluated using an 

independent test data set. The vector options, i.e. (i) range of influence, (ii) squash factor, (iii) accept ratio and (iv) reject ratio were 

used for specifying clustering algorithm parameters to override the default values. The analyses considered 0.5, 1.25, 0.5 and 0.15 

values for mentioned parameters, respectively. In order to evaluate the model, root mean square error (RMSE) and coefficient of 

determination (R2) were used. The corresponding values for fuzzy subtractive clustering algorithm were 0.1751 and 0.9931, 

respectively. Results showed that fuzzy subtractive clustering algorithm had high accuracy in predicting and modeling of soil cation 

exchange capacity.  
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Abbreviations: CEC (Cation Exchange Capacity); DWP (Deami-dated Wheat Protein); FCM (Fuzzy C-means); FPI (Fuzzy 

Performance Index); GK (Gustafson-Kessel); GPS (Global Positioning System); NCE (Normalized Classification Entropy); 

NDVI (Normalized Difference Vegetation Index); O.C (Organic Carbon); PSO (Particle Swarm Optimization);  

RMSE (Root Mean Square Error); SC (Subtractive Clustering); TSK (Takagi-Sugeno-Kang); USDA (U.S. Department of 

Agriculture). 

 

Introduction 

 

Cation exchange capacity (CEC) is used as a measure of 

fertility, nutrient retention capacity and the capacity to 

protect groundwater from cation contamination. Soils CEC is 

commonly used to estimate their capacity to adsorb heavy 

metals and to retain them against plant uptake. In recent 

years, fuzzy modeling technique has been successfully 

employed  to model the complex systems, where classical 

methods e.g. mathematical and model-free methods are 

inapplicabe due to the lack of sufficient information (Priyono 

et al., 2005). Fuzzy logic models are empirically-based and 

rely on experties (soft information) rather than hard data and 

provides an alternative formal mathematical structure for 

analyzing complex processes (Krueger et al., 2011).  

Generally model free methods such as neural networks are 

prefered when a significant amount of data exists as they 

provide more robust means to identify and reproduce the 

existing patterns in the available data. Howevere, when 

limited amount of  data exist but ambiguous or imprecise 

information are available, fuzzy reasoning provides a way to 

understand system behavior. Fuzzy set theory has been 

widely used in soil science for soil classification and 

mapping, land evaluation, soil geostatistics, soil quality 

indices and decision-making analyses (McBratney et al., 

2003; Zhang et al., 2004; Lagacherie, 2005; Busscher et al., 

2007; Torbert et al., 2008; Keshavarzi et al., 2011). The 

principle of this theory is to quantify the uncertainties in a 

given system using linguistic terms represented by 

membership functions. Fuzzy clustering methods are one of 

the strategies implemented to identify these membership 

functions by organizing data samples into clusters so that the 

data samples within clusters are more similar to each other. 

The most commonly used fuzzy clustering methods are the 

fuzzy C-means (FCM) and fuzzy subtractive clustering 

algorithms. FCM has been used in various soil and 

environmental studies (Franssen et al., 1997, Amini et al., 

2005b). However, few studies have been done about fuzzy 

subtractive clustering in soil science. Therefore, present study 

was planned to evaluate the fuzzy subtractive clustering 

algorithm for modeling of soil cation exchange capacity 

using some easily measurable soil parameters in Ziaran 

region, Iran. 

 

Results and Discussion  

 

Data summary of train and test are presented in Tables 1 and 

2, respectively. Some soil parameters including clay and  

http://www.google.com/url?sa=t&rct=j&q=USDA&source=web&cd=1&ved=0CC8QFjAA&url=http%3A%2F%2Fwww.usda.gov%2F&ei=ttpMT-LlF-H24QSfponDAg&usg=AFQjCNFjtoX7gtpBZXFsxBFhw0wJJ9J1KQ
http://www.google.com/url?sa=t&rct=j&q=USDA&source=web&cd=1&ved=0CC8QFjAA&url=http%3A%2F%2Fwww.usda.gov%2F&ei=ttpMT-LlF-H24QSfponDAg&usg=AFQjCNFjtoX7gtpBZXFsxBFhw0wJJ9J1KQ
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Table 1. Statistics of training data set for cation exchange capacity. 

T
ra

in
in

g
 s

et
 Soil parameter Min Max Mean Std 

CEC (CmolcKg-1) 7.42 20.45 15.87 2.64 

Clay (%) 3.20 56.80 23.85 12.05 

O.C (%) 0.04 1.10 0.36 0.23 

 

 
Fig 1. The general structure of the fuzzy inference system. 

 

 
Fig 2. Fuzzy membership functions (Gaussian) for inputs-

output. 

 

 

organic carbon (O.C) were input data for prediction of CEC. 

As we know clay and organic matter are the seat of many 

chemical and physical reactions and obviously contribute to 

CEC, while silt to a lesser extent (Seybold et al., 2005).  

Adrover et al. (2012) studied the effect of chemical 

properties and biological activity of 21 arable soils, irrigated 

for more than 20 years with secondary-treated wastewater in 

order to assess their quality and through their study showed 

that soil organic matter was strongly correlated with cation 

exchange capacity. Drewry et al. (2011) used index models 

to evaluate the risk of phosphorus and nitrogen loss at 

catchment scales. In this research, CEC is used as an 

indicator for potential leaching risk. CEC is a good indicator 

of soil texture as it is sensitive to the amount of clay and 

organic matter present (Drewry et al., 2011). Simple linear 

correlation coefficients (r) between CEC and independent 

variables were also calculated (Table 3). As Table 3 

illustrates correlations between O.C and CEC and between 

clay and CEC were positive and highly significant. For 

example the correlation coefficients between CEC and clay 

content (r = 0.92**) is more than between CEC and O.C 

content (r = 0.56*). Positive correlation between CEC, O.C 

and clay content is related to existence of negative charges on 

these properties (Noorbakhsh et al., 2005).  

Determining the optimum number and form of fuzzy rules 

is the most crucial step, and various algorithms have been 

developed to automate this process, such as k-means 

clustering, fuzzy C-means clustering, and subtractive  

 

clustering (Aydin et al., 2006). The subtractive clustering 

method was used here. This method assumes each data point 

as a potential cluster center and calculates a measure of the 

likelihood that each data point would define the cluster center 

on the basis of the density of surrounding data points. The 

steps of the fuzzy-model algorithm can be summarized as 

follows: (1) select the data point with the highest potential to 

be the first cluster center; (2) remove all data points in the 

vicinity of the first cluster center as determined by the range 

of influence (radius); (3) iterate on this process until all of the 

data are within the radii of a cluster center. The vector 

options can be used for specifying clustering algorithm 

parameters to override the default values. These components 

of the vector options are specified as follows:  

 

Range of influence 

 

This indicates the radius of a cluster when the data space is 

considered as a unit hypercube. Acceptable values for radii 

are usually between 0.2 and 0.5 (Aydin et al., 2006). A small 

cluster radius will usually yield many small clusters in the 

data, resulting in many rules and vice versa. In 

multidimensional data, different radii may be specified for 

each dimension. If the same value is applied to all data 

dimensions, each cluster center will have a spherical 

neighborhood of influence with the given radius. The value 

of 0.5 was used for each cluster here. 

 

Squash factor 

 

 

This is the factor used to multiply the radii values that 

determine the neighborhood of a cluster center, so as to 

squash the potential for outlying points to be considered as 

part of that cluster. High values, e.g. 20, are used to find 

clusters that are far from each other. The squash factor of 

1.25 was used here. 

 

Accept ratio 

 

This ratio sets the potential as a fraction of the potential of 

the first cluster center above which another data point will be 

accepted as a cluster center. High values are used to accept 

data points that have a very strong potential for being cluster 

centers. An accept ratio of 0.5 was used here. 

 

Reject ratio 

 

This ratio sets the potential as a fraction of the potential of 

the first cluster center below which a data point will be 

rejected as a cluster center. High value, such as 0.7, is used to 

reject all data points without a strong potential. A reject ratio 

of 0.15 was used here. Fuzzy rules relating the clay and 

organic carbon contents to soil CEC were inferred from the 

training data. The antecedent part of the rule (the part starting 

with IF, up to THEN) included a statement on the clay and 

organic carbon contents while the consequent part (the part 

starting with THEN, up to the end) included a statement on  
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Table 2. Statistics of testing data set for cation exchange capacity. 

T
es

ti
n

g
 s

et
 

Soil parameter Min Max Mean Std 

CEC (CmolcKg-1) 11.10 19.69 16.02 2.21 

Clay (%) 7.20 48.00 23.79 11.79 

O.C (%) 0.09 0.76 0.32 0.20 

 

Table 3. Simple linear correlation coefficients (r) between CEC and independent variables. 

 CEC (CmolcKg-1) Clay (%) O.C (%) 

CEC (CmolcKg-1) 1 0.92** 0.56* 

Clay (%) 0.92** 1 0.22* 

O.C (%) 0.56* 0.22* 1 

* Correlation is significant at the 0.05 level 

** Correlation is significant at the 0.01 level 

 

soil CEC. For example ‘IF the (Clay is Low) and the (O.C is 

Medium), THEN the (CEC is regression model 1)’. Table 4 

summarizes the fuzzy rules constructed in this study. Fuzzy 

inference engine takes into account all the possible fuzzy 

rules in the fuzzy rule-base and learns how to transform a set 

of inputs to corresponding outputs. A general structure of 

fuzzy system is demonstrated in Fig. 1. In the main, each 

fuzzy system consists of three main sections, fuzzifier, fuzzy 

data base and defuzzifier. At first, input information is made 

as fuzzy data after bypassing the fuzzifier sections, in which 

the precise amount value becomes as fuzzy value by 

membership functions (Fig. 2). Defuzzification converts the 

resulting fuzzy outputs from the fuzzy inference engine to a 

number. There are several defuzzification methods, such as 

the weighted average, maximum membership, average 

maximum membership, and center of gravity, etc. In this 

study, the “wtaver” method is employed. Later, fuzzy 

parameters are entered to the fuzzy data base. Fuzzy data 

base includes two main sections, fuzzy rule-base and 

inference engine. In fuzzy rule-base, rules related to fuzzy 

propositions are described. Thereafter, analysis operation is 

applied by fuzzy inference engine. There are two main fuzzy 

inference engine -Sugeno and Mamdani- for this purpose. In 

this paper, Sugeno’s inference scheme is adopted and used 

for predicting mentioned parameter (Fig. 3).  

The algorithm produced vector-centre value of each cluster 

based on the model developed by Chiu (1994), shown in Fig. 

4. As shown in this figure, we started with 56 data and set the 

cluster radius between 0.2 and 0.5. Best configurations of 

vector options are mentioned above. After clustering the data, 

the system produced 4 cluster centers. This means if each 

cluster center is equal with one rule, we have only four rules 

to represent 56 data. Generally, the performance of 

supervised learning process is determined by means of 

RMSE and coefficient of determination criteria. The levels of 

RMSE and R2 for CEC for test data set were 0.1751 and 

0.9931 respectively. The fuzzy inference system for CEC was 

more suitable for capturing the non-linearity of the 

relationship between variables. 

The scatter plot of the measured against predicted CEC for 

the test data set is given in Fig. 5. Therefore according to this 

diagram, the best fitted line has the angle of near to 45° that 

shows the high accuracy of estimation by fuzzy subtractive 

clustering algorithm. Amini et al. (2005a) estimated the 

cation exchange capacity in the central of Iran using soil 

organic matter and clay contents. They used the ANN and 

five experimental models that were on the basis of regression 

methods for their predictions. They showed that a neural 

  

 

 
Fig 3. Structure of FIS recommended model. 

 

 

network with eight hidden neurons was able to predict CEC 

better than the regression models. Lohani et al. (2011) 

compared neural network, fuzzy logic and linear transfer 

function techniques in daily rainfall-runoff modelling under 

different input domains. In this research, the subtractive 

clustering approach is used in the present study to determine 

the number of rules and antecedent membership functions by 

considering each cluster centre as a fuzzy rule. Amini et al. 

(2005b) studied continuous soil pollution mapping using 

fuzzy c-mean clustering and spatial interpolation. 

Membership values were interpolated using ordinary kriging. 

The fuzzy exponent and the number of classes for the two 

data sets were chosen using the mathematical procedure 

developed by Odeh et al. (1992). Fuzzy classification showed 

that in some parts of the study area, especially in the city of 

Isfahan, the topsoil has been severely polluted with Pb and 

Cd. Kumar (2005) investigated interpretability and mean 

square error performance of fuzzy inference systems for data 

mining. He used two kinds of fuzzy inference system: fuzzy 

clustering algorithms to organize and categorize data in 

homogeneous groups, and grid partitioning (generated from 

data or given by experts) of the multidimensional space. The 

methods are compared according to mean-square error 

performance and an interpretability criterion. Abu-ghoush et 

al. (2010) analyzed fuzzy clustering method for predicting of 

surface properties of the DWP (Deami-dated Wheat Protein). 

The results showed that fuzzy clustering method can be 

applied to predict surface properties of the DWP with high 

accuracy. Nayak and Sudheer (2008) studied the impact of 

choice of clustering algorithm on the overall performance of 

a fuzzy-based hydrologic model. The research is illustrated 

through a case study of developing a Takagi–Sugeno fuzzy 

model for reservoir inflow forecasting in the Narmada basin, 

India. The model was developed using two popular clustering  
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techniques, namely Gustafson-Kessel (GK) and subtractive 

clustering (SC), and was extensively evaluated for 

performance based on various statistical indices. The results 

showed that the GK approach produced a superior 

performance in computing forecasts at higher lead times 

compared to subtractive clustering approach.  

Li et al. (2007) studied the delineation of site-specific 

management zones using fuzzy clustering analysis in a 

coastal saline land. In this paper, five soil and landscape 

attributes, including a NDVI image, soil electrical 

conductivity, total nitrogen, organic matter and cation 

exchange capacity acquired for a coastal saline land were 

selected as data sources, and their spatial variability were 

analyzed and spatial distribution maps constructed with 

geostatistics technique. Principal component analysis and 

fuzzy c-means clustering algorithm were performed to 

delineate the management zones and fuzzy performance 

index (FPI) and normalized classification entropy (NCE) 

were used to determine the optimal cluster number. The 

results revealed that the given five variables could be 

aggregated into management zones that characterize spatial 

variability in soil chemical properties and crop productivity. 

The defined management zones not only can direct soil 

sampling design, but also provide valuable information for 

site-specific management in precision agriculture.  

Qiang et al. (2010) delineated soil nutrient management 

zones based on fuzzy clustering optimized by particle swarm 

optimization (PSO). In this study, after the spatial variability 

characteristics and structure of six soil nutrients were 

analyzed, they were taken as the variables to delineate soil 

nutrient management zones. The fuzzy clustering algorithm 

optimized by particle swarm optimization (PSO) was used to 

delineate management zones, and two indices were 

introduced to ascertain the reasonable number of 

management zones. The delineation result indicated that 

fuzzy clustering optimized by PSO had a good performance 

on delineating management zones and variable fertilization 

management was feasible in the study area. 

 

Materials and methods  

 

Site description 

 

This study is focused on Ziaran area, located in Qazvin 

province in Iran, which covers approximately 5121 hectares; 

between latitudes of 35° 58´ and 36° 4´ N and between 

longitudes of 50° 24´ and 50° 27´ E. The average, minimum 

and maximum elevation of Ziaran area are 1204, 1139 and 

1269 meters above sea level, respectively. The soil moisture 

and temperature regimes of the region are Weak Aridic and 

Thermic, respectively. The soils were classified according to 

USDA classification system (Soil Survey Staff, 2010) as 

belonging to the Entisols and Aridisols orders (USDA, 2010).  

 

 

 

 

 

Soil sampling and data analysis 

 

After preliminary studies of topographic maps (1:25000), 

using GPS, studying location was appointed. Soil profile 

description, sampling and analyses were made using standard 

terminology and procedures (Soil Survey Staff, 1993). 

Seventy soil samples were collected from different horizons 

of 15 soil profiles located in Ziaran region in Qazvin 

Province. Measured soil parameters included texture 

(determined using Bouyoucos hydrometer method), Organic 

Carbon (O.C) was determined using Walkley-Black method 

(Nelson and Sommers, 1982) and CEC (cation exchange 

capacity in Cmolc kg-1 soil) determined by the method of 

Bower (Sparks et al., 1996).  

 

Generation of fuzzy rules with subtractive clustering 

 

The idea of fuzzy clustering is to divide the data space into 

fuzzy clusters, each representing one specific part of the 

system behavior. After projecting the clusters onto the input 

space, the antecedent parts of the fuzzy rules can be found. 

The consequent parts of the rules can then be simple 

functions. In this way, one cluster corresponds to one rule of 

the TSK (Takagi-Sugeno-Kang) model. Using a fuzzy 

clustering algorithm, membership functions can be 

determined according to two possible methods.  

In the first method, the clusters are projected orthogonally 

onto the axes of the antecedent variables, and the 

membership functions are fitted to these projections. The 

second method uses multi-dimensional antecedent 

membership functions, i.e. the fuzzy clusters are projected 

onto the input space. Several clustering methods are well 

known (Chiu, 1994). The first method is k-means, second is 

fuzzy c-means method, third is mountain and then fourth is 

subtractive clustering (SC) method, which is a noniterative 

algorithm. For subtractive clustering method, data points 

have to be rescaled to [0,1] in each dimension. Each data 

point zj = (xj, yj) is assigned a potential Pj, according to its 

location to all other data points (Priyono et al., 2005): 





n

j

i ep
1

2
|| x-x||* ji

                                (1)                                                            

Where: 

ar


                                                              (2)                                                                                                      

*

ip : is the potential-value i-data as a cluster centre 

 : is the weight between i-data to j-data 

x: is the data point 

 : is variables (commonly set 4) 

ar : is a positive constant called cluster radius 

 

Table 4. Fuzzy rules relating the clay and organic carbon contents to soil CEC 

Rule 

No. 
IF Clay (%) and 

O.C 

(%) 
THEN CEC (CmolcKg-1) 

1 IF Medium and Medium 1 THEN CEC=(0.2844*Clay)+(4.3607*O.C)+7.8989 

2 IF Very High and Medium 2 THEN CEC=(0.1253*Clay)+(-1.2072*O.C)+13.8591 

3 IF High and High THEN CEC=(0.1883*Clay)+(0.7501*O.C)+11.1488 

4 IF Low and Low THEN CEC=(0.7232*Clay)+(2.4644*O.C)+5.3132 
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Fig 4. Fuzzy clustering data with subtractive method. 

 

The potential of a data point to be a cluster center is higher 

when more data points are closer. The data point with the 

highest potential, denoted by
*

ip is considered as the first 

cluster center c1 = (d1, e1). The potential is then recalculated 

for all other points excluding the influence of the first cluster 

center according to: 

**

kii ppp                                      (3)                                                                                                    

 

Where:  
2

||kc-ix||  e                                            (4)                                                                                                             

2

4

br
                                                               (5)                                                                                                                       

*ab rr                                                        (6)                                                                                                    

ip : is the new potential-value i-data 

*

kp : is the potential-value data as cluster centre 

c: is the cluster center of data 

 : is the weight of i-data to cluster centre 

ir : is the distance between cluster centre 

 : is the quash factor 

Again, the data point with the highest potential
*

kp  is 

considered to be the next cluster center ck, if: 

1
*

1

*

min 
p

p

r

d k

a

                                                      (7)                                                                                              

 

with mind is the minimal distance between c1 and all 

previously found cluster centers, the data point is still 

accepted as the next cluster center c1. Further iterations can 

then be performed to obtain new cluster centers c2. If a 

possible cluster center does not fulfill the above described 

conditions, it is rejected as a cluster center and its potential is 

set to 0. The data point with the next highest potential 
*

kp  is 

selected as the new possible cluster center and re-tested. The 

clustering ends if the following condition is fulfilled: 

**

ik pp                                                       (8)                                                                                         

where : ε is the reject ratio. 
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Fig 5. The scatter plot of the measured versus predicted CEC. 

 

 

 

Indicative parameters values for ar ,   and ε have been 

suggested by Priyono et al. (2005). Each cluster center is 

considered as a fuzzy rule that describes the system behavior 

of the distance to the defined cluster centers (Priyono et al., 

2005):  
2

||k
j

c-i
j

x||

 eik
j

                                                    (9)                                                                    

Equation (9) is a common form of subtractive clustering. 

Fuzzy inference system is used to collect all of fuzzy rules 

base to set up the crisp output. Therefore, developing fuzzy 

inference system must be based on fuzzy rules base. In case 

of optimization inference system TSK model, the number of 

desired rules is equal to the number of clustering center. 

Clustering process produce cluster center value and cluster 

sigma which will be used to perform the fuzzy logic rules. 

From this fuzzy rules, the membership of each data on each 

cluster can also be performed, and the antecedent of each rule 

can be quantified with union theory (Priyono et al., 2005) as 

follows: 

 

(a) AND relation use min operation 

(b) OR relation use max operation 

This quantification process for each rules produces fitness-

limit value of each rules. This value is a weight for each 

fuzzy rule base to set the fuzzy output. In this paper, fuzzy 

output will be calculated using weight-average method as 

follows (Priyono et al., 2005): 
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                                                         (10)                                                                             

 

where O: is the fuzzy output 

 : is the fitness-limit value 

R: is the number of rules (equal to number of data cluster) 

The performance of the model was evaluated by a set of test 

data using the root mean square error (RMSE) and the 

coefficient of determination (R2) between predicted and 

measured values. The RMSE is a measure of accuracy and 

reliability for calibration and test data sets (Wösten et al., 

1999) and is defined as: 





n

k

po zz
n

RMSE
1

2)(
1                                           (11)                                                                           

 

Where: Zo is observed value, Zp is predicted value, and n is 

number of samples. 

 

Conclusion 

 

In this work, we proposed fuzzy subtractive clustering 

technique for modeling of soil cation exchange capacity 

using available soil properties with improved computational 

effort where the data points themselves are considered as the 

candidates for the centers of the clusters. By using this 

algorithm, the computation is simply proportional to the 

number of data points. For predicting the soil CEC by means 

of subtractive clustering algorithm, the input data were 

consisted of the percentages of clay and organic carbon. The 

performance of the fuzzy subtractive clustering was 

evaluated using a test data set. Results showed that fuzzy 

subtractive clustering algorithm had high performance in 

predicting soil CEC and for this parameter was more suitable 

for capturing the non-linearity of the relationship between 

variables.  
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