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Abstract 
 

This paper proposes a fuzzy multi -criteria decision making method for disaster risk analysis. It considers 

the application of “α-cut” and “fuzzy arithmetic operations” to rank the fuzzy numbers describing 

linguistic variables. This article studies the use of variable fuzzy sets and is applied to study disaster area 

of Nagapattinam district under north- east monsoon rainfall. The relative and synthetic disaster degree is 

obtained for the places under study. 
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1. INTRODUCTION 

 
Evaluating and selecting a suitable affected area has become one of the most important decision 

issues for government departments and industrial organizations to plan for future. 

 

Floods due to heavy rainfall are rare natural mutation phenomenon. They occur frequently in 

China, where approximately two-thirds of its area is threatened by different types and degrees of 

floods (Chen, 2010). These phenomena are the results of natural and unnatural causes, such as 

social and economic factors. In order to reduce the so severe losses that caused by natural 

disasters, a large number of engineering and non-engineering relief efforts were carried out. One 

important work of which is carrying on flood disaster risk analysis. 

 

In the case of natural hazards, risk is most meaningful when expressed in terms of potential 

human suffering and/or economic losses (Wilson and Crouch, 1987; Maskrey, 1989; Smith, 

1996). In general, to obtain a way to control or manage a system, we use a mathematical model 

that closely represents the system. The mathematical model is solved and its solution is applied to 

the system. Models are idealized representation but the nature of disasters is changing, and 

disasters are becoming more complex. 

 
In fact, the main characteristics of natural disaster systems are the uncertainty and complexity of 

the system. A subsystem of natural disaster systems is the human society system. Disasters have a 

broad social impact. They cause deaths, injuries and monetary losses. However, they can also 
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redirect the character of social institutions, result in new and costly regulations imposed on future 

generations, alter ecosystems and disturb the stability of political regimes. So when judging the 

consequences of future natural disasters, it is necessary to analyze the human society structure 

(land use, property distribution, structures, etc). Human society structure is very complex with 

many uncertain factors, which we must fully consider in analyzing natural disaster systems. In 

fact, even on natural disaster phenomena, uncertainty and complexity still cannot be ignored. 

Uncertainty, ambiguity, constant change, and surprise are problems that disaster management has 

to overcome. Unfortunately, most management strategies are designed for a predictable world and 

a static view of natural disasters. 

 

One very common claim states that mathematical models fail when applied in practical problems 

due to system complexity or computational difficulty. A risk system may only be studied by 

certain state equations, on the condition that these state equations could be found. However, in 

many cases, to obtain the state equation and all data is very difficult. Going a step further, if we 

employ other methods to simplify the system analysis, obtaining the precise relations we need is 

also difficult. In other words, the relations we obtain are usually imprecise. 

 

2. FUZZY RISK ANALYSIS USING VARIABLE FUZZY SETS: 

  
In this paper we study the use of variable fuzzy sets (VFS) to construct a composite method. The 

proposed method aims to integrate multiple factors and quantification of uncertainties within a 

consistent system for catastrophic risk assessment. The fuzzy methodology is proposed in the area 

of flood disaster risk assessment to find synthetic disaster degree of the sample. The purpose of 

the current study is to establish a fuzzy model to evaluate flood risk with incomplete data sets. 

The results of the example indicate that the methodology is effective and practical; thus, it has the 

potential to forecast the flood risk in flood risk management. 

 

Fuzzy set theory, which deals with uncertainties and allows the incorporation of the opinions of 

decision makers, may provide an appropriate tool for establishing disaster risk management 

systems, such as fuzzy rule-based techniques and the combination of the fuzzy approach with 

other techniques. Risk is expressed in terms of fuzzy risk only when we study it by a fuzzy 

method. Some early related applications can be found in the literature (Brown, 1979; Clements, 

1977; Dong et al., 1985; Esogbue et al., 1992; Hadipriono and Ross, 1991; Hoffman et al., 1978). 

 

The concept of the fuzzy set was proposed by Zadah (Zadeh, 1965), who bestowed media and 

fuzziness scientific description and great significance in the academic world. However, the fuzzy 

set is static if the relativity and variability are not considered. Therefore, the theory is in conflict 

with the variability of the interim form. Some defects of traditional fuzzy sets are due to 

approaching the media, variable fuzzy phenomenon, and variable fuzzy objects by static 

concepts, theory, and method of traditional fuzzy sets. 

 

In light of the foregoing, the theory and method of variable fuzzy sets (VFS) was proposed by 

Chen based on opposite fuzzy sets and the definitions of a relative difference function (Guo and 

Chen, 2006; Wu et al., 2006). The method of Chen is the innovation and extension of the static 

fuzzy set theory established by Zadeh (Zadeh, 1965), which is very important in theory and 

applications. The VFS theory was the extension of fuzzy sets theory which was established by 

Chen (Chen and Guo, 2006; Guo and Chen, 2006; Wu et al., 2006). The comprehensive 
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evaluation of VFS effectively eliminates the border effect on assessment result and monitors 

estimation standard error. This method can determine relative membership functions and 

membership degrees of disquisitive objectives (or indices) scientifically and reasonably. This 

technique can also make full use of one’s knowledge and experience, as well as quantitative and 

qualitative information of index systems, to obtain weights of objectives (or indices) for 

comprehensive disasters evaluations (Wang et al., 2011; Zhang et al., 2011). 

 

3. VARIABLE FUZZY SETS 

 
A is a fuzzy concept in the domain of U, and u is any element of U (u ∈ U). A and Ac are a pair of 

opposite fuzzy concepts (or two basic fuzzy attributes). The relative membership degree RMD of 

Ac is any element u of U to A is µA(U), which ranges from 0 to 1 continuously. The RMD to A
c 
is 

µ
c
A, which ranges from 1 to 0. RMD satisfies µA(u)+ µ

c
A(u)=1, (Chen and Guo, 2006; Guo and 

Chen, 2006). 

 

Hence , for any element u (uϵU), a pair of numbers µA(u) and µ
c
A(u) and in the continuum [0,1] 

are assigned to u.  

 

µA(u) and µa
c
(u) are the RMD functions that express the levels of acceptability and repellency, 

respectively. The mapping µA(u) , µa
c
(u):u→ µA(u) , µa

c
(u)ϵ[0,1] is shown in Fig.1. 

 
 

Fig.1. The relation of the relative membership degree function µA(u) ; µa
c
(u) and the relative difference 

function D(u). 
 

When two basic fuzzy attributes are equal, the dynamic equilibrium can be established (fig.1). 

when the RMD µA(u) is larger than  µ
c
A(u), the major property of u is acceptability, and the minor 

property is repellency. When it changes from µA(u) > µ
c
A(u) to µA(u) < µ

c
A(u), the conclusion is 

the exact opposite. 

 
Definition 3.1 

 
Define  D(u) = µA(u) - µ

c
A(u), where D(u) is defined as the relative difference function of u to A 

as the mapping D:u→D(u) ϵ [-1,1] (Chen and Guo, 2006; Guo and Chen 2006; Wu et al., 2006). 

Hence, from the Eq. µA(u) + µ
c
A(u)= 1 we can infer that D(u)=2 µA(u) – 1 or µA(u)=1+D(u)/2. 

 
            Let A+={u|u ϵ U , 0< D(u) <1} 

 A-_ ={u|u ϵ U , -1< D(u) <0} 

 A0={ u|u ϵ U , D(u) =0} 
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 V0={(u,D)|uϵU, D(u)= µA(u) - µ
c
A(u), Dϵ[-1,1]}. 

 

A+,  A- and A0 are the attracting sets, repelling sets, and balance boundaries of VFS V0 , 

respectively. For any element u, the set V0 is defined as Variable Fuzzy Sets (VFS). 

 

The interval [p,q] is considered as the attracting sets w0 and w, implying that 0<DA(u)≤1 and 

µA(u) < µ
c
A(u), and w is the interval [m,n] which includes w0       (w ⊂ W ). [m,p] and [q,n] are 

the repelling sets of w implying that -1≤DA(u)<0 and µA(u) < µ
c
A(u) in the repelling sets [m,p] 

and [q,n]. then , M is a value which satisfies DA(u) = 1, implying µA(u) = µ
c
A(u) = 0.5, where M is 

usually different from the mid- value of interval [p,q] (see Fig.2). 

 
Fig.2. Relationship between point M, and internals [p,q], [m,n]. 

 

If x is placed at right side of M, the relative difference function (uϵw) DA(u) can be expressed as 

 

                                                                                     (1) 

 

According to the formula µA(u)=1+D(u)/2, Eq.(1) can be transformed to Eq.(2): 

 

                                                                              (2) 

 

and if x is placed at left side of M, the difference function is 

 

                                                                                        (3) 

 

and Eq.(3) can be transformed to eq.(4): 
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                                                                            (4) 

  

In which β is an index larger than 0, usually β=1. Equations (1) to (4) are linear functions. They 

satisfy the following conditions (i) u = p and u = q, D(u)=0 and µA(u)=µA
c
(u)=0.5: (ii) u = M, 

D(u) = 1 and µA(u)=1; and (iii) u = m and u = n, D(u) = -1 and µA(u)==0. Based on eqns. (2) and 

(4), the values of relative memberships degree function µA(u) of inquisitive indices are obtained. 

 

Definition 3.2 

 

If X% is a bounded and non-crisp fuzzy number, and 
X

( )xµ %  is the membership function of X% , 

then the sub-area bounded by x≥0 and 
X

( )xµ %  ≥0 is called the positive area, A
+
 . on the other 

hand, sub-area bounded by x≤0 and 
X

( )xµ % ≥0 is called negative area, A
-
. A

+ 
and

 
A

-
 can be 

calculated as  

 

                               (5) 

 

where for A
+
 

                                                                              (6) 
And for A

- 

 

                                                                              (7)

 

Definition 3.3 

 

Let 
X

( )xµ %  be the membership function of a fuzzy number, X% , defined on R. except convexity, 

no assumption about the normality of 
X

( )xµ %  is made. The locus of the left and right spreads of 

the α-cut of X%  are defined as follows: 

 

                                                                             (8) 

                                                                                          (9) 
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where 
X

h %  is the height and Xα
% is denumerable or connected. 

 

Definition 3.4 

 

The crisp maximizing barrier, 
X

U % , of the membership function of X%  is defined as 

X X
/ ,

U
h dµ =

%
%  where 

*max { ( )} .
X

R x d d
α

α
µ = ≤ ≤ ∞

%

 likewise, the crisp minimizing barrier, ,
X

L %

is defined as 
X X

/ ,
L

h cµ =
%

%  where 
*0 min { ( )}.

X

Lc c x
α

α
µ≤ ≤ =

%  
 

Now consider X R−% % ( −  represents fuzzy subtraction), the subtraction operator between the 

fuzzy number, X% , and the referential rectangle, R% , which is obtained by the distance between 

X
L % and 

X
U % . The index of difference of X% and R% , I(X,R),% %  is calculated as 

                                                                               (10)

 
where A

+
 and A

-
 are positive and negative areas of X R−% %  respectively. 

The above index can be used when comparing m different fuzzy number, iX% , i=1,2,…,m, by 

using same referential rectangle, that is, for R% , 
X

h % is the maximum value of the height of all m 

compared fuzzy numbers, and the variables, c and d are the minimum value of the left spreads 

and the maximum value of right spreads of all m compared fuzzy numbers: 

 

                                                         (11) 

                                                                           (12) 

                                                    

 

                                                           (13) 

  

Finally, the index of difference, I(X,R),% % can be used as index of preference. 

 

In addition, the values of c and d can be chosen to reflect the attitude of decision maker. As d 

becomes larger, while c is fixed, the aversion towards risk increases. Likewise, an increasing risk-

taking attitude can be reflected by moving c to the left, while d is fixed. 

 

To simplify the fuzzy subtraction X R−% % , αi- level, interval subtraction is used: 
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                                                                                      (14) 

 

                                                              (15) 

 

No more than five α-cuts are needed for the accuracy in the advanced experiment. 

 

4. FUZZY APPROACH TO ANALYSIS OF FLOOD RISK 

 
 Houses partially 

damaged 

Houses fully 

damaged 

Land collapsed 

Tranquebar 0~1 0~19 0~6737 

Nagapattinam 1~12 19~48 6737~11874 

Vedaranyam 12~38 48~78 11874~14140 
 

Table 1: Flood disaster rating standard 

 

VFS for comprehensive assessment of the flood degree: 

 

Based on the study of Chen and Guo (2006) and table 1 each degree h(h=1,2,3) for the following 

matrices of parameters are established to calculate RMD of VFS: 

 

Range Category Score 

Superior Absolutely superior 9 

 Very strongly superior 7 

 Strongly superior 5 

 Moderately superior 3 

Equal Equal 1 

Inferior Absolutely inferior 1/9 

 Very strongly inferior 1/7 

 Strongly inferior 1/5 

 Moderately inferior 1/3 
 

Table 2: Scale preferences used in the pairwise comparison process 

 

 

[ , ]

    [0,1]        [1,12]       [12, 38]

   [0, 9]       [19, 48]       [48, 78]

[0, 6737] [6737,11874] [11874,14140]

p qI

 
 

=  
    



International Journal of Fuzzy Logic Systems (IJFLS) Vol.3, No3, July 2013 

62 

 

[ , ]

 [0,12]    [0, 38]       [1, 38]

 [0, 48]    [0, 48]      [19, 78]

[0,1187] [0,11874] [6737,14140]

m n
I

 
 

=  
    

0 6.5 38

0 33.5 78

0 9305.5 14140

M

 
 

=  
    

Index x locates at either the left side or right side of point M, then Eq.(2) or Eq.(4) is selected for 

calculating RMD µh(uij) of indices based on matrices I[p,q] , I[m,n], and M, where h is the grade 

number (h=1,2,3), i is the index number (i=1,2,3) and j is the sample number. 

 

Then a two-level hierarchy is constructed to obtain the weights of the evaluation indicator. The 

goal is to ascertain “the weights of the evaluation indicators”. The evaluation indicators 

(attributes) are partially damaged houses, fully damaged houses, and collapsed land. 

 

The pairwise comparison is conducted using a scale based on the proposal of Saaty (Saaty, 1980) 

detailed in Table 2. To illustrate the kind of results obtained, Table 3 presents a pairwise 

comparison matrix drawn from the information provided from the expert for the evaluation of the 

importance of the factors. 

 
 Houses partially 

damaged 

Houses fully 

damaged 

Land collapsed 

Houses partially damaged 1 1/3 6 

Houses fully damaged 3 1 7 

Land collapsed 1/6 1/7 1 
 

Table 3. Pairwise comparison of the alternatives with respect to flood disasters. 

 

 Flood impact 

Houses partially damaged 0.298 

Houses fully damaged 0.632 

Land collapsed 0.069 

 

Table 4. Vector of weights of the alternatives with respect to flood disasters. 

 

According to AHP, we obtain the normalized weights of 

the evaluation indicators as 

  

                                     w=[0.298, 0.632, 0.069]= wi,                                                                 (16) 

  

With the following variable fuzzy recognition model Eq. (17) proposed by Wu et al. (2006), the 

synthetic disaster degree H of each index can be obtained. 
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                                                (17) 

 

where  h = 1,2,3 and H is synthetic disaster degree. xj represent sample j, and xij is the i-th index 

value of the sample. wi is the disaster index weight, m is the number of indexes (m=3). α is the 

rule parameter of model optimization and p is the distance parameter, usually α = 1 or 2; p= 1 or 

2. Using Eq. (17), the synthetic relative membership degree of each index u'h(xj) for floods can be 

obtained. Then , after normalizing these indices, the normalized synthetic relative membership 

degrees uh(xj) of each index are obtained. 
 

Using Eq.(18), the synthetic disaster degree of the sample is obtained 

         

                                    H=(1,2,3)× uh(xj)                                                                          (18) 

                            =(0.9273, 0.7486, 0) 

                            =1.6759 
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