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ABSTRACT 

Precise classification and identification of groundwater 

quality is an essential task for meeting the goals of 

environmental management. Traditional classification 

methods of the water quality parameters use crisp set with 

prescribed limits of various organization. One of the decision 

making problems about water quality using methods is facing 

various uncertainties. Recent years have proven fuzzy-logic-

based methods capability controlling uncertainties in different 

environmental problems. The present study utilized a newly 

devised Mamdani fuzzy inference system to assess 

groundwater quality in Yazd province. This method made use 

of 10 measured chemical parameters in 60 samples of 

groundwater. The samples were collected from wells, springs 

and kanats. The results showed that 20 groundwater samples 

were in the “Desirable” class with a certainty level of 32.29-

100%, and 20 samples were in the “Acceptable” group with a 

certainty level of 37.07-92%, and 20 samples were in the 

“Non-acceptable” category with a certainty level of 43.33-

88.78% for potable purposes.   
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1. INTRODUCTION 
The environmental protection and water quality management 

of water resources is one of the most important issues in 

public policies throughout the world. More than that 

government is concerned about the quality of their 

environmental resources because of the complexity in water 

quality data sets [1]. Therefore a variety of methods for 

evaluating water quality are discussed in many literatures such 

as Fuzzy Synthetic Evaluation [2; 3; 4], Artificial Neural 

Network (ANN) [5; 6], Fuzzy Inference Systems (FIS) [1; 7; 

8], Grey Relation Method (GRM) [9], Water Quality Index 

(WQI) [10; 11; 12; 13], Single Index Evaluation (SIE), The 

Simplified Water Quality Index (ISQA) and so on. 

One of the most popular and commonly used methods during 

last few decades was Water Quality Index (WQI) using 

Delphi technique; National Sanitation Foundation (NSF) 

developed this methodology as a tool in formal assessment 

procedure [2; 8; 14]. Comparing determined limits of different 

indicators of water quality, WQI assesses water quality by 

adding the multiplication of the respective weight factor by an 

appropriated quality-value for each parameter. However, 

WQI, ISQA, and other similar indices exhibit a number of 

weak points, which enable the assignation of a quality value 

using a limited number of parameters. Most indices do not 

consider toxic pollutants such as heavy metals, hydrocarbons, 

or pesticides. In turn, some parameters in the index equation 

can influence dramatically the final score without valid 

justification, while their formulations are rather elementary, 

and the number of variables involved is too limited. However, 

the most critical deficiency of these indices is the lack of 

dealing with uncertainty and subjectivity present in this 

complex environmental problem [8]. 

Along with the limitations of these methods, conventional 

water quality regulation proposed by various regulatory 

bodies like Word Health Organization (WHO), Institute of 

Standards and Industrial Research of Iran (ISIRI) contain 

quality classes which use crisp sets, and the limits between 

different classes have inherent imprecision [15].Furthermore, 

to monitor water quality and to make qualitative and 

quantitative decisions based on real data has become a 

challenge for environmental engineers and hydrogeologist 

over all stages of the process, from data collection, storage 

and processing up to analysis and interpretation of the results. 

Uncertainties accumulate along this chain [2; 3; 16]. 

Sii et al [17] and Garg [18] have discussed the uncertainties 

involved in water quality using fuzzy membership with value 

ranging from 0 to 1 to form an applicable fuzzy set instead of 

the conventional scale of 0 to 100 in WQI methodology. This 

issue has been widely discussed in various sources [see 19; 

20; 21]. During recent years, the Mamdani FIS, using fuzzy 

set mathematical methodology, has been easily accepted by 

both researchers and decision makers due to its ability to 

handle the uncertainties in Geoscience, and water resources. 

But regarding the fact that several studies using this type of 

system [i.e., 8;22; 23; 24; 25; 26; 27; 28] have been published 

related to various branches of Geosciences and water 

resources, a Mamdani FIS has been applied for a limited 

number of groundwater quality assessments to date. 

In this study, the aim is to develop a method based on fuzzy 

logic instead of the conventional crisp classification method to 

remove the ambiguities mentioned above. In the method, 

membership functions of the quality parameters and fuzzy 

rule bases were defined and then fuzzy logic toolbox of 

MATLAB package was used.  

2. MATERIAL AND METHODS 

2.1 Fuzzy systems 
Zadeh [29] founded fuzzy logic which is very useful in 

modeling complex and imprecise systems. Fuzzy logic 

provides basic for implementing expert supervised rules 

which is the main goal in the field of knowledge-based 

systems. By this way, the human expertise plays the most 

significant role in the engineering process. The other 

important reason for applying fuzzy logic is to be 
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overwhelmed by available vague information of the 

practitioners [30]. Fuzzy logic (FL) provides a simple way to 

arrive at a definite conclusion based upon vague, ambiguous, 

imprecise, noisy, or missing input information. Fuzzy logic 

starts with the concept of a fuzzy set. A fuzzy set describes 

the relationship between an uncertain quantity x and a 

membership function μ, which ranges between 0 and 1. A 

fuzzy set is an extension of the traditional (or crisp) set theory 

(in which x is either a member of set A or not) in that an x can 

be a member of set A with a certain degree of membership μ 

[31]. Mathematically, the fuzzy set can be represented as 

follows [8; 32]: 

})(,{ UxxxA A                             (1) 

Where μA(x) is called the MF of x in A and U is a universe of 

discourse set. 

2.2 Fuzzy Inference System (FIS) 
Fuzzy inference is defined as the process of mapping a set 

of input data sets into a set of output data, using an approach 

based on fuzzy logic and falls under the category of black box 

models [33]. A FIS tries to formalize the reasoning process of 

human language by means of fuzzy logic (that is, by building 

fuzzy IF-THEN rules). A FIS is normally composed of four 

basic elements including fuzzification, fuzzy rule base, fuzzy 

inference engine and defuzzification. This particular type of 

systems is generally suitable for resolving vagueness 

associated problems by implementing fuzzy algorithm [30]. A 

graphic presentation of a fuzzy inference system is shown in 

Fig 1. 

 

 
Fig 1: General structure of fuzzy inference system 

2.3 Fuzzification 
As in all applications input and output of fuzzy system are 

real numbers, we should mediate between fuzzy inference 

engine and the environment. These mediators are just fuzzifier 

and defuzzifier. In the fuzzification unit, input values are 

considered as fuzzy singletons and membership grades of all 

fuzzy propositions in the rule antecedents are evaluated. 

Fuzzification means using the membership functions of 

linguistic variables to compute each term's degree of validity 

at a specific point of the process. When a fuzzy rule activates, 

it fires to a certain degree of depending on the belief level in 

each antecedents are evaluated in the premise of the rule. 

The fuzzification is carried out through membership 

functions. The membership functions are the characteristic 

function of a fuzzy set, which assigns to each element in a 

universal set a value between 0 and 1. The shape of a 

membership function depends on the application and can be 

trapezoidal, bell-shaped, triangular, or Gaussian, etc. The 

most commonly used is the liner type, trapezoidal and 

triangular [4]. A trapezoidal MF is specified by four 

parameters a, b, c, d, with a < b < c ≤ d, and a triangular MF is 

specified by three parameters a, b, c with a < b < c as 

following [16; 32]: 
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2.4 Fuzzy rule base 
In knowledge-based systems, the relation between input and 

output linguistic variables is expressed in terms of a set of 

fuzzy if–then rules (conditional propositional forms). From 

these rules and any fact describing actual states of input 

variables, the actual states of output variables are derived by 

an appropriate compositional rule of inference. In fuzzy 

inference system (or fuzzy rules base system), every fuzzy 

rule has two parts [33; 34]:  

1- Antecedent part (premise), expressed by: IF… 

2- Consequent part, expressed by: THEN…. 

In a fuzzy model, each rule is shown as a relation that is 

calculated through following equation [35]: 

niyxIyx BiAiRi ...,,2,1)),(),((),(       (4)  

Where μRi(x, y) is the relation’s membership degree of rule 

‘‘i’’ according to ‘‘x’’ and ‘‘y’’ inputs, μAi(x) and μBi(y) are 

the membership degrees of ‘‘x’’ and ‘‘y’’ inputs respectively, 

‘‘I’’ denotes the ‘‘and’’ or ‘‘or’’ operator and ‘‘n’’ is the 

number of rules. 

2.5 Fuzzy inference engine 
The inference system or the decision-making unit performs 

the inference operations on the rules. It handles the way in 

which the rules are combined [7]. In other words, Using If-

Then type, fuzzy rules convert the fuzzy input to the fuzzy 

output (Fig 2). 

 

 
Fig 2: The schematic of the fuzzy inference engine 

2.6 Defuzzification 
Defuzzification works opposite to the fuzzification in 

operation. It consists in transforming the fuzzy output into a 

final crisp output which can be used in no-fuzzy contexts. 

There are several commonly used operators for 

defuzzification, including centroid of area (COA) method that 

is often referred to as the center-of-gravity method (centroid-
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COG), smallest of the maximums, max or mean-max 

membership principles and the weighted-average method. 

However, the most commonly used operator is the center of 

gravity [8; 14; 30]. In this method the fuzzy scheme is 

converted to a crisp value using the following formula [8; 14; 

26; 30]:  

 

 z
A

z
ACOA dzzzdzzZ )()( 

                     
(5) 

Where ZCOA is the crisp value for the ‘‘z’’ output and μA(z) is 

the aggregated output membership function. 

2.7 Mamdani fuzzy model 
Several types of FIS have been recommended by 

researchers, upon the differences between the specification of 

the consequent part and the defuzzification methods [24; 36]. 

Two commonly used inference systems are Mamdani fuzzy 

model [37] and Takagi–Sugeno [38] fuzzy model. Mamdani 

fuzzy model is based on the collections of IF-THEN rules 

with both fuzzy antecedent and consequent parameters [7; 39; 

40]. It is also called a linguistic model because both the 

antecedent and the consequent are fuzzy propositions. Sugeno 

fuzzy model was proposed by Takagi and Sugeno. This model 

is built with if-then rules that have fuzzy antecedent and 

functional consequent [7]. 

Mamdani fuzzy model due to its popularity and easily 

application is the most commonly seen fuzzy methodology. 

Mamdani model can be built by using linguistic relationships 

and observed data. The Mamdani-based fuzzy models use 

excessive number of rules for system modeling. Let X be 

input (regression) matrix and g an output vector defined as 

follows: 
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where upper script T denotes the transpose. The general if-

then structure of the Mamdani algorithm is given as: 

 

)...,,2,1(...: kiforBisythenandAisxifR iii   

 

Where k is the numbers of rules; Ri is the rule number, Ai 

and Bi are the fuzzy sets, x is the antecedent variable 

representing the input in the fuzzy system, and y is the 

consequent variable related to the output of the fuzzy system 

[26; 39]. Although many methods for the composition of 

fuzzy relations (e.g., min–max, max–max, min–min, max–

min, etc.) are available in the literature, the max–min and 

max–product methods are the two most commonly used 

techniques [26]. Max-min composition is represented by Eq. 

(7). Also a graphic illustration of a two-rule max-min 

composition Mamdani FIS model is shown in Fig 3. 
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where 
KC , 

KA  and 
KB  are the membership functions 

of output “z” for rule “k”, input “x” and input “y”, 

respectively. 

 

 
Fig 3: The Mamdani FIS 

3. STUDY AREA AND DATA 
Yazd province with an area of 131575 Km2 located in the 

center of Iran is selected for this study (between 29º 52′_ and 

33º 27′_ North latitude and 52º 55′_ and 56º 37′_ East 

longitude), where the average temperature is significantly high 

whereas the rainfall is relatively low.The average annual 

rainfall of the study area has been reported as 108 mm. In this 

area, exploitation of aquifers is done through wells, springs 

and kanats. Excessive withdrawal of groundwater has 

decreased the water level and water quality so that some 

sources of potable water are out of the admissible limit of 

existing standards (i.e. WHO). So, it seems imperative to pay 

attention to water quality for its management. 

In this study, 60 groundwater samples were selected out of 

potable resources of 55 rural areas. The samples were 

collected from wells, springs and kanats. Implementation and 

investigation of chemical and physical analysis on the samples 

showed that the proportion of some of the parameters 

influencing potability as Coliform, Manganese (Mn2+), ferrous 

ion (Fe2+) was much less expected than the current standards. 

Therefore, 10 parameters, including: PH, Total Hardness 

(TH), Total Dissolved Solid (TDS), Total Alkalinity (TA), 

Calcium (Ca2+), Magnesium (Mg2+), Sulphate (SO4
2-), 

Chloride (Cl-), Nitrate (NO3
-) and Fluoride (F-) were used to 

assess the groundwater quality for potable purposes using 

Mamdani Fuzzy Inference System (MFIS) model. 

To show an overview of the qualitative data, the statistical 

parameters such as minimum value (Min), maximum value 

(Max), mean and standard deviation (S.D.) for each parameter 

are calculated and given in Table 1. 

 

Table 1. summary of basic statistical parameter 

Parameter 
Statistical parameters 

Mean Min Max S.D. 

PH 7.48 5.84 8.21 0.48 

TA 218.38 80 730 109.73 

TH 476.63 100 1920 405.4 

TDS 1222.2 153.6 5459.2 1096.9 

Ca2+ 116.09 24 446.4 87.98 

Mg2+ 46.86 0.97 303.26 6.81 

Cl- 269.93 12 1619.9 324 

SO4
2- 211.17 8 1350 27.43 

NO3
- 24.49 1.3 150 28.48 

Fluoride 1.357 0.02 6.6 1.74 
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4. RESULT AND DISCUSSION 
In the deterministic method of water quality assessment, 10 

qualitative parameters are compared with standard prescribed 

limits. Then, the results attributed to each parameter are 

described as “desirable”, “acceptable” and “not acceptable”. 

But in MFIS method, According to the expert perception, 10 

qualitative parameters of groundwater were classified into 

three groups. TDS, TA, Cl- and SO4
2- Parameters were 

categorized in the first, PH, TH, Ca2+ and Mg2+ in the second 

and Nitrate (NO3
-) and Fluoride (F-) in the third group. 

Fluoride and Nitrate are two important factors determining 

water quality with regard to potability. Fluoride shortage in 

potable water results in dental caries (tooth decay) while its 

abundance leads to skeletal fluorosis and Osteochondroma 

[41]. Studies already link fluoride to cancer, genetic defects, 

IQ deficits, thyroid dysfunction, kidney, tooth and bone 

damage [42; 43; 44]. The minimum and maximum Fluoride 

concentration in water depends on temperature and 

geographical region [45] so that it is reduced either by an 

increase in temperature or in coastal areas. Generally 

speaking, proper Fluoride concentration in water is estimated 

between 0.5 to 1.5 mg/L [46]. Moreover, Nitrate causes 

undesirable effects, severe intoxication and 

methemoglobinemia (blue baby syndrome) or even death 

among infants [47; 48]. Therefore, Taking into account the 

importance of Nitrate (NO3
-) and Fluoride (F-) to determine 

the quality of water potability, these two parameters 

individually along with the output results from the first and 

second group formed the third group. Fuzzy membership 

functions constructed for all the 10 parameters are either 

triangular or trapezoidal on the basis of expert perception and 

prescribed limits by Word Health Organization [49] and 

Institute of Standards and Industrial Research of Iran [50] 

(Table 2) for MFIS model to classify water quality. These 

membership functions are shown in Fig 4. As can be seen 

from this figure, the fuzzy sets are classified into “desirable”, 

“acceptable” and “not acceptable”. 

  

 

Table 2. The limits prescribed by Word Health Organization [49] and Institute of Standards and Industrial Research of Iran 

[50] for the studied parameters 

parameter 
WHO (2006) IRISI 

Desirable Acceptable Desirable Acceptable 

PH 7-8.5 6.5-9.2 7-8.5 6.5-9.2 

TA 200 600 - - 

TH 300 600 150 500 

TDS 500 1500 500 1500 

Ca2+ 75 200 75 200 

Mg2+ 50 100 50 150 

Cl- 200 1000 200 600 

SO4
2- 200 400 200 400 

NO3
- 20 Not>100 20 45 

Fluoride 1 1.5 - - 

 

 

 
Fig 4: Membership functions defined for water quality parameters used in the study 
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Fig 4: Continued 

 

Table 3. Some sample rules out of 351 rules designed on the expert knowledge basis for the water quality parameters 
Group 1 

Rule no. Antecedent part Consequent part 

R1 IF TDS=Desirable AND TA=Desirable AND Cl-=Desirable AND SO4
2-=Desirable THEN G1 = Desirable 

R2 IF TDS = Desirable AND TA = Desirable AND Cl- = Desirable AND SO4
2- = Acceptable THEN G1 = Desirable 

R3 IF TDS = Desirable AND TA = Desirable AND Cl- = Desirable AND SO4
2- = Not_acceptable THEN G1 = Desirable 

R4 IF TDS = Desirable AND TA = Desirable AND Cl- = Acceptable AND SO4
2- = Acceptable THEN G1 = Desirable 

R5 IF TDS = Acceptable AND TA = Acceptable AND Cl- = Acceptable AND SO4
2- = Acceptable THEN G1 = Acceptable 

R6 IF TDS = Acceptable AND TA = Acceptable AND Cl- = Acceptable AND SO4
2- = Desirable THEN G1 = Acceptable 

R7 IF TDS = Acceptable AND TA = Acceptable AND Cl- = Not_Acceptable AND SO4
2- = Acceptable THEN G1 = Acceptable 

R8 IF TDS = Acceptable AND TA = Desirable AND Cl- = Not_Acceptable AND SO4
2- = Not_Acceptable THEN G1 = Not_Acceptable 

R9 IF TDS = Acceptable AND TA = Acceptable AND Cl- = Not_Acceptable AND SO4
2- = Not_Acceptable THEN G1 = Not_Acceptable 

R10 IF TDS = Not_Acceptable AND TA = Desirable AND Cl- = Not_Acceptable AND SO4
2- = Desirable THEN G1 = Not_Acceptable 

Group 2 

Rule no. Antecedent part Consequent part 

R1 IF PH = Desirable AND TH = Desirable AND Ca2+ = Desirable AND Mg2+ = Desirable THEN G2 = Desirable 

R2 IF PH = Desirable AND TH = Desirable AND Ca2+ = Acceptable AND Mg2+ = Acceptable THEN G2 = Desirable 

R3 IF PH = Desirable AND TH = Desirable AND Ca2+ = Acceptable AND Mg2+ = Not_Acceptable THEN G2 = Desirable 

R4 IF PH = Acceptable AND TH = Acceptable AND Ca2+ = Acceptable AND Mg2+ = Acceptable THEN G2 = Acceptable 

R5 IF PH = Acceptable AND TH = Acceptable AND Ca2+ = Acceptable AND Mg2+ = Desirable THEN G2 = Acceptable 

R6 IF PH = Desirable AND TH = Acceptable AND Ca2+ = Acceptable AND Mg2+ = Not_Acceptable THEN G2 = Acceptable 

R7 IF PH = Not_Acceptable AND TH = Acceptable AND Ca2+ = Acceptable AND Mg2+ = Desirable THEN G2 = Not_Acceptable 

R8 IF PH = Not_Acceptable AND TH = Not_Acceptable AND Ca2+ = Acceptable AND Mg2+ = Desirable THEN G2 = Not_Acceptable 

R9 IF PH = Acceptable AND TH = Acceptable AND Ca2+ = Not_Acceptable AND Mg2+ = Not_Acceptable THEN G2 = Not_Acceptable 

R10 IF PH = Desirable AND TH = Not_Acceptable AND Ca2+ = Not_Acceptable AND Mg2+ = Not_Acceptable THEN G2 = Not_Acceptable 

Group 3 

Rule no. Antecedent part Consequent part 

R1 IF G1 = Desirable AND G2 = Desirable AND NO3
- = Desirable AND F- = Desirable THEN WQ = Desirable 

R2 IF G1 = Acceptable AND G2 = Desirable AND NO3
- = Desirable AND F- = Acceptable THEN WQ = Desirable 

R3 IF G1 = Not_Acceptable AND G2 = Desirable AND NO3
- = Desirable AND F- = Desirable THEN WQ = Desirable 

R4 IF G1 = Not_Acceptable AND G2 = Desirable AND NO3
- = Acceptable AND F- = Desirable THEN WQ = Acceptable 

R5 IF G1 = Not_Acceptable AND G2 = Acceptable AND NO3
- = Acceptable AND F- = Acceptable THEN WQ = Acceptable 

R6 IF G1 = Acceptable AND G2 = Acceptable AND NO3
- = Acceptable AND F- = Acceptable THEN WQ = Acceptable 

R7 IF G1 = Acceptable AND G2 = Acceptable AND NO3
- = Not_Acceptable AND F- = Acceptable THEN WQ = Not_Acceptable 

R8 IF G1 = Desirable AND G2 = Not_Acceptable AND NO3
- = Not_Acceptable AND F- = Desirable THEN WQ = Not_Acceptable 

R9 IF G1 = Acceptable AND G2 = Not_Acceptable AND NO3
- = Desirable AND F- = Not_Acceptable THEN WQ = Not_Acceptable 

R10 IF G1 = Not_Acceptable AND G2 = Not_Acceptable AND NO3
- = Desirable AND F- = Desirable THEN WQ = Not_Acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

0 50 100 150 

μ
M

g
2

+
 

Mg2+(mg/L) 

Desirable Acceptable Not_acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

0 200 400 600 800 1000 1200 

μ
C

l- 

Cl-(mg/L) 

Desirable Acceptable Not_acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

0 100 200 300 400 500 600 

μ
S

o
4

2
- 

SO4
2-(mg/L) 

Desirable Acceptable Not_acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

0 20 40 60 80 

μ
N

o
3

- 

NO3
-(mg/L) 

Desirable Acceptable Not_acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

0 0.5 1 1.5 2 

μ
F

lu
o

r
id

e
 

Fluoride(mg/l) 

Desirable Acceptable Not_acceptable 

0 

0.2 

0.4 

0.6 

0.8 

1 

5 6 7 8 9 10 

μ
P

H
 

PH 

Desirable Acceptable Not_acceptable 



International Journal of Computer Applications (0975 – 8887)  

Volume 59– No.7, December 2012 

50 

For construction of the fuzzy model, a total number of 351 

rules were developed on the basis of available datasets and 

experts’ perception. In this model, the number of rules 

depends on the number of input parameters and membership 

functions. If we take the number of each parameter 

membership function as μ(x) and the number of input 

parameters as n, then we can determine the number of rules R 

as [24; 27]: 

)()()()( 21 nxxxRuleR                          (8) 

Therefore, since the first group consists of 4 input 

parameters and each parameter consists of 3 membership 

functions, the implemented rules for this group equal 81 

(3×3×3×3). In the same way, the implemented rules for each 

of the second and third groups equal 135 (5×3×3×3). Table 3 

shows some of the applied rules for each group. 

The proposed fuzzy model based on Mamdani implication 

of Max–Min operator was applied (Fig 5). In max-min 

operator, the minimum value from each rule is taken and 

stored in a group using fuzzy min operator and then by 

choosing the maximum value from that group gives the 

belongingness of that water sample quality to the specific 

category [2]. 

The results of the rules were combined and defuzzified via 

center of gravity method. On this basis, 60 groundwater 

samples were assessed. Table 4 presents the obtained data. 

The importance of FIS method is highlighted in the samples 

whose parameters values are placed in the definite limit 

borders. Taking into account the definite limit borders, 

Uncertainties play a pivotal role in the decision making 

procedure and sometimes result into making wrong decisions. 

The comparison of FIS decision making model and 

deterministic decision making is presented in table 4. On this 

basis, chemical quality of water samples No. 1 and 35, having 

a certainty level of 100%, are reported as desirable; next in the 

ranking, water samples No. 5, 31 and 57, having a certainty 

level of 89.43%, are reported as desirable for potable usages. 

In water sample No.29 with a deterministic method, three 

parameters of TA, PH and F-were at a desirable level, while 

four parameters of NO3
-, Cl-, Mg2+ and Ca2+ Were in 

acceptable group and three parameters of TDS, TH and SO4
2- 

were in not-acceptable group. This kind of decision making 

on the potable water quality is dubious for experts especially 

when human beings are taken into account. 

 

 
Fig 5: The schematic illustration of the fuzzy model 

 

The distinction in the decision level between the MFIS 

method and deterministic method is clearly showed in the 

samples No. 2 and 7 and 55. In three samples with the 

deterministic method, three parameters of PH, F- and Mg2+ 

were at a desirable level, five parameters of TH, TA, Cl-, NO3
- 

and Ca2+ were in acceptable range and two parameters of TDS 

and SO4
2- were in not-acceptable group (Table 4). While, the 

decision has been taken with MFIS method for these two 

samples is entirely different. As the samples No. 7 and 55 

with certainty levels of 36.86% and 59.14% respectively are 

at a desirable category, the sample No. 2 with certainty level 

of 43.33% is at a not-acceptable class. This distinction is 

related to the parameters with concentration greater than the 

desirable and admissible limits in each sample. In sample No. 

7 and 55, the concentrations of acceptable and not-acceptable 

parameters are marginally higher than the desirable and 

admissible limits and stand in the domain of desirable and 

acceptable and acceptable and not-acceptable fuzzy 

membership functions, respectively. But, in sample No. 2 the 

concentration of acceptable and not-acceptable parameters are 

very high and lie in the range of acceptable and not-acceptable 

fuzzy membership function and not-acceptable fuzzy 

membership function respectively, and causes the water 

sample to be at not-acceptable class. In another case, all 
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parameters of samples No. 1, 9, 12, 24, 25, 26, 27, 34, 35, 40 

and 53 are in desirable level according to the deterministic 

method (Table 4). But in MFIS method, the samples No. 1, 9, 

35, 40 and 53 with certainty levels of 100%, 78%, 100%, 

42.57% and 71.59% respectively, belong to a desirable 

category, the samples No. 12, 24, 27 and 34 with certainty 

levels of 48%, 70.1%, 90% and 90% respectively, possessed 

by acceptable level, and the samples No. 25 and 26 with 

certainty levels of 82.22% and 81.67% respectively, were in 

not-acceptable group. In addition to the abovementioned 

reason, the main reason of distinction in these samples 

especially No. 25 and 26 are related to the definite Fluoride 

membership function. Fluoride concentration is less than 0.2 

mg/l in samples No. 25 and 26. Moreover, according to 

plotted fuzzy membership function on the basis of prescribed 

limits and expert perception, these amounts stand in the 

domain of not-acceptable fuzzy membership functions, 

whereas in other samples, Fluoride concentrations belong to 

acceptable and desirable classes. Therefore, the MFIS method 

plays an important role in the decision making process for 

evaluating the potability of groundwater in which both 

prescribed limits of various organizations and expert opinion 

will be considered.  

 

Table 4. Detail on groundwater quality for drinking purposes by using FSE method and deterministic method (as per WHO 

standards) 

TW (no.) 
Decision using MFIS 

method 

Decision using deterministic method 

Desirable Acceptable Not-Acceptable 

1 Desirable(100) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

2 Not-acceptable(43.3) PH, F, Mg TH, TA, Cl, Ca, NO3 TDS, SO4 

3 Acceptable(90) TA, Cl, F TDS, SO4, PH, TH, Ca, Mg, NO3 - 

4 Acceptable(90) TA, F TDS, Cl, SO4, PH, Ca, Mg, NO3 TH 

5 Desirable(89.43) TA, SO4, PH, Ca, Mg TDS, Cl, TH, NO3, F - 

6 Not-acceptable(88.78) PH TA, Cl  TDS, TH,  F, SO4, NO3, Ca, Mg 

7 Desirable(36.86)  PH, Mg, F TH, TA, Cl, Ca,NO3 TDS, SO4 

8 Not-acceptable(85.17) SO4, NO3 PH, TA  TDS, TH, F, Cl,  Ca, Mg 

9 Desirable(78) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

10 Not-acceptable(82.22) SO4,PH, Mg, NO3 TA, TH, Ca TDS, Cl, F 

11 Acceptable(78) TDS, TA, Cl, SO4, PH, Mg, NO3, F TH, Ca - 

12 Acceptable(48) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

13 Not-acceptable(85.5) SO4, PH, NO3 TA, Cl, Ca, Mg TDS, F 

14 Acceptable(73.74) TA, PH, Mg, NO3,F Cl, TH, Ca TDS, SO4 

15 Not-acceptable(86.22) Cl, SO4, PH TA, Ca, Mg, NO3 TDS, TH, F 

16 Acceptable(82.4) TDS, TA,F Cl, SO4, PH, Ca, Mg, NO3 TH 

17 Not-acceptable(76.67) TA, Cl, SO4, PH, NO3 Ca, Mg TDS, TH, F 

18 Desirable(39.71) TDS, Cl, SO4, TH, Ca, Mg, NO3, F TA PH 

19 Not-acceptable(76.11) Cl, SO4, PH, NO3 TDS, TA, Ca, Mg TH, F 

20 Acceptable(90) TDS, TA, Cl, SO4, PH, TH, Ca, NO3, F Mg  

21 Not-acceptable(84.83) SO4, PH, NO3 TA, Cl TDS, TH, Ca, Mg, F 

22 Desirable(69.14) TA, Cl, SO4, PH,TH, Ca, Mg, F TDS, NO3 - 

23 Acceptable(59.6) TA, Cl, PH, Ca, Mg, NO3,F TDS, SO4, TH - 

24 Acceptable(70.1) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3,F - - 

25 Not-acceptable(82.22) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

26 Not-acceptable(81.67) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

27 Acceptable(90) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

28 Acceptable(37.07) TDS, Cl, SO4, PH, NO3, F TA, TH, Ca, Mg - 

29 Acceptable(82) TA, PH, F Cl, Ca, Mg, NO3 TDS, SO4, TH 

30 Not-acceptable(88.78) TA, Cl, SO4, PH, TH, Ca, Mg TDS NO3 

31 Desirable(89.43) TA, SO4, PH, TH, Ca, Mg Cl, NO3, F TDS 

32 Not-acceptable(81.11) TA, PH, F Cl, Ca, NO3 TDS, SO4, TH, Mg 

33 Desirable(86.57) Cl, SO4, PH, TH, Ca, Mg TDS, TA, NO3 - 

34 Acceptable(90) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

35 Desirable(100) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

36 Acceptable(90) PH, F TDS, TA, Cl, SO4, TH, Ca, Mg, NO3  

37 Acceptable(74) TA, Cl, PH, Mg, NO3 TDS, TH, Ca, F SO4 

38 Not-acceptable(81.11) TDS, Cl, SO4,PH, TH, Mg, F TA, Ca, NO3  

39 Acceptable(78) SO4, PH TA, Cl, Ca, Mg, NO3, F TDS, TH 

40 Desirable(42.57) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

41 Desirable(85.43) TA, PH, TH, Ca, Mg, NO3, F TDS, Cl, SO4 - 

42 Acceptable(92) TA, Cl, SO4, PH, TH, Ca, Mg, NO3 TDS, F - 

43 Not-acceptable(78.33) SO4, PH, NO3, F TA, Cl, TH, Ca, Mg TDS 

44 Desirable(59.43) TA, SO4, PH, Mg, NO3, F TDS, Cl, TH, Ca - 

45 Desirable(52.28) Cl, SO4, PH, Mg, NO3, F TDA, TA, TH, Ca - 

46 Acceptable(90) Cl, SO4, PH, Mg, NO3, F TDS, TA, TH, Ca - 

47 Not-acceptable(80.56) TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F TDS - 

48 Not-acceptable(78.89) TA, Cl, PH, Mg, NO3 TDS, SO4, TH, Ca F 

49 Acceptable(53.3) Cl, SO4, Mg, NO3 TDS, PH, TH, Ca, F TA 

50 Desirable(48.8) TA, Cl, SO4, PH, Ca, Mg, NO3, F TDS, TH - 

51 Desirable(89.42)  SO4, PH, Mg, F TDS, TA, Cl, TH, Ca, NO3 - 

52 Not-acceptable(78.77) SO4, NO3 TA, Cl, PH TDS, TH, Ca, Mg, F 

53 Desirable(71.59) TDS, TA, Cl, SO4, PH, TH, Ca, Mg, NO3, F - - 

54 Acceptable(69.9) Cl, SO4, PH, Mg, NO3, F TDS, TA, TH, Ca - 

55 Desirable(59.14)  PH, Mg, F TH, TA, Cl, Ca, NO3 TDS, SO4 

56 Not-acceptable(85.5) SO4, PH, Mg, NO3 TDS, TA, Cl, TH, Ca F  

57 Desirable(89.43) TA, Cl, SO4, PH, TH, Ca, Mg, F TDS, NO3 - 

58 Desirable(32.29) TA, PH, Mg, NO3 TDS, Cl, SO4, TH, Ca, F - 

59 Desirable(85.71) SO4, PH, Mg, NO3, F TDS, TA, Cl, TH, Ca - 

60 Not-acceptable(88.78) PH TDS, TA, Cl  TH, F, SO4, NO3, Ca, Mg 
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5. CONCLUSION 
In this research, applicability of MFIS method for 

groundwater quality to potable purpose was investigated in 

comparison with deterministic methods. In deterministic 

method, the quality of each parameter on the basis of 

prescribed limits in drinking water standards (in this case 

WHO and ISIRI) categorized in three form of desirable, 

acceptable and not-acceptable. It is difficult and obscure to 

make a decision about of groundwater quality using 

deterministic methods. In MFIS evaluation method, not only 

the potable water quality is classified as the three forms, but 

also can easily suggest about final groundwater quality. 

Moreover, we can specify the confidence level (or certainty 

level) to each form. In this study, among 60 groundwater 

samples, 20 samples (with certainty level of 32.29-100%) 

were classified in desirable class for drinking, 20 samples 

(with certainty level of 37.07-92%) were in acceptable 

category and 20 samples (with certainty level of 43.33-

88.78%) were in not-acceptable group. 
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