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Abstract.

Fuzzy soft set is the parametrized collection of fuzzy sets. It is a convenient tool to represent the vague 

concepts by data tables with entries in unit interval [0,1]. It can be considered as an information system. 

In this paper a new classification method using the accuracy measure of fuzzy soft sets based on the 

rough approximate operators is discussed. The proposed classification method give the result with low 

computational complexity as compared to fuzzy soft set Classifier (FSSC) method based on similarity 

measure of fuzzy soft sets. An algorithm for the evaluation methodology of texture classification is 

proposed.

 

Key words: Fuzzy soft relation, Rough approximate operators, Accuracy measure 

 

1. Introduction 

The concept of soft set [1] is gaining popularity among the researchers operating in multidisciplinary 

areas. Embedded with recent developments theory of soft sets is getting richer and richer everyday [2], 

[3]. Fuzzification of soft sets [4], [5] also play a very important role in fuzzy logic and it has the 

potential of hybridization. In this aspect fuzzy soft set among with its application [6], [7] have been 

probed many authors. Relations on collection of fuzzy soft sets are structured using minimum function 

[8], [9]. It provides a broad and flexible technique for molding any decision making process. 

In texture classification a class label is assigned to an object based on object description. Texture is 

always unique in natural objects and provides a vital information for studying variation between 

patterns. It has wide range of applications in content-based image retrieval, object recognition, medical 

image analysis etc. 

This paper is organized in the following manner. In section II some basic definitions related to fuzzy 

soft sets are discussed which is required in later sections. An algorithm for the classification based on 

similarity measure of fuzzy soft sets and fuzzy soft set classifier evaluation methodology are discussed 

[10]. Section III is devoted to the study of rough approximate operators based on fuzzy soft relation and 

its accuracy measure. A classification method based on accuracy measure is proposed to classify the iris 

flower species based on its features. In the last section computational complexity of both the algorithms 

are compared. 

 

2 Classification based on similarity measure of fuzzy soft sets  

 

Definition 2.1 

Let Z and T denote the universal set and the parameter set respectively and col- 

lection of all fuzzy subsets of Z be denoted as IZ. A fuzzy soft set (fs-set) over Z be denoted by (γ,T) 

where γ is a function from T to IZ. 

The fuzzy set in (γ,T) corresponding to the parameter t ∈ T is called the fuzzy soft element denoted by 

γt, where γt is a function from Z to [0,1]. 

Let (γ,T) and (ξ,S) be two fuzzy soft sets over Z. Then (γ,T) is called the fuzzy soft subset of (ξ,S) 

denoted by (γ,T) ⊆ (ξ,S) if T ⊆ S and γt(z) ≤ ξt(z), ∀ t ∈ T and ∀ z ∈ Z. 
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Definition 2.2 

Fuzzy soft union of two fs-sets (γ,T) and (ξ,S) over Z is defined as the fs-set (τ ,U) 

= (γ,T) ∪ (ξ,S) where U =T ∪ S and for all u ∈ U 

 
Definition 2.3 

Fuzzy soft intersection of two fs-sets (γ,T) and (ξ,S) over Z is defined as the fs-set (τ ,U) = (γ,T) ∩ (ξ,S) 

where U = T ∩ S and for all u ∈ U, τu(z) = γu(z) ∧ ξu(z) 

 

Definition 2.4 

Let (γ,T) and (ξ,S) be two fs-sets over Z. Then product of (γ,T) and (ξ,S) is defined as (γ,T) X (ξ,S) = (τ , 

T x S) where τ : T x S → IZ and ∀ (t,s) ∈ T x S 

 

 
 

Similarity measure plays a vital role for many data mining techniques such as clas- sification, tracking 

patterns, clustering etc. Here we go into the details of classification algorithm based on the similarity 

measure of fs-sets suggested by Bana Handaga and others [9]. Classification of unlabeled data using 

similarity measure between fs-set is done. The measure of similarity tells the value of likeness between 

elements of two fs-sets. 

 

Definition 2.5 

Let Z = {z1, z2,....zn} be the universal set and T = {t1, t2,…..tm} be the parameter 

set. If (γ,T) and (ξ,S) be two fs-sets over Z, then similarity between (γ,T) and (ξ,S) is 

denoted by S(γ,ξ) is defined as S(γ,ξ) = max(Mi(γ,ξ)) where 

 

 
 

Algorithm 2.6  

Training Phase 

a) Let N samples of data class ’w’ with n attributes be given. 

 
b) Fuzzify the data by dividing each attribute value by maximum value of each at- 

        tributes. ie. For i= 1, 2,3,...N, eγij  where eij is the value of old attribute 

         and eγij is the value of new attribute which takes values between 0 and 1. 

 
c) Obtain the feature vector Ewi= (efi1, efi2,…. efin) 

   
 

Let cluster centre vector Ew be deoted by (γw, E) which is the fuzzy soft set for the class w.  

e) Repeat above steps to obtain cluster centre vector for all classes. 

 

d) Evaluate cluster centre vector Ew using the equation Ew= 
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Classification phase  

f) Take the data of unlabeled class.  

g) Fuzzify the data and obtain the fs- set (ξ,E) for the unlabeled class data.  

h) Find the similarity measure between the fs- sets (γw, E) and (ξ,E) for each class w.  

i) The unknown data can be assigned to the class which is having maximum similarity. 

 

Classification of a numerical data  

Above algorithm can be used to classify a numerical data. Here we use the fs-set for iris data as 

described in [5]. Let the texture attributes such as sepal length, sepal width, petal length, petal width be 

in the universal set Z. The fuzzy soft set model for the classes Setosa, Versicolor and Virginia be given 

as follows 

 

 
 

and the fs-set model for the unknown class is 

 
 

Computing the similarity between the fs-sets of above classes with the fs-set of the unlabeled data we 

get 

S(γsetosa,ξ) = .81, S(γversicolor,ξ) = .75, S(γvirginia,ξ) = .67. 

 

Since fs- set for the unlabeled data is having maximum similarity with the class Setosa, the unknown 

data can be assigned to the class Setosa. 

3 Classification based on accuracy measure of fs-set 

The concept of fuzzy soft relation (fs-relation) provide a general and flexible method for modeling of 

any decision making process. The equivalence classes generated by the fuzzy soft relation are the 

building blocks for the construction of these approximations. In this section the concept of rough 

approximate operators based on fuzzy soft relation and accuracy measure for any arbitrary fuzzy soft 

subset (ξ, Tξ) of (γ,T)is introduced. A new classification algorithm based on accuracy measure of fuzzy 

soft set is proposed to classify the unlabeled data. Using this algorithm it is shown that there is less 

computational complexity when compared with previous algorithm. 

 

Definition 3.1 [2] 

Let (γ,T) and (ξ,S) be the fs-sets over Z. Fuzzy Soft Relation(fs-relation) from (γ,T) to (ξ,S) denoted by 

Q is a fuzzy soft subset of (γ,T) X (ξ,S). 

If Q is a fuzzy soft subset of (γ,T) x (γ,T) then it is called a fs-relation on (γ,T). 

Inverse of a fs-relation Q is defined by Q−1 = Qst, ∀ (t,s) ∈ TXS. 

 

Definition 3.2 [2] 

Let (γ,T) be a fs-set over the universal set Z and Q be a fs- relation on (γ,T). 

1) If Qts(x) ≤ Qtt(x) and Qst(x) ≤ Qtt(x), ∀ t,s ∈ T and ∀ z ∈ Z, then Q is called a fs-reflexive relation 

2) If Q = Q−1, Q is called a fs-symmetric relation 

3) If Q ◦ Q ⊆ Q, then Q is called a fs-transitive relation 

4) If Q is fs-reflexive, fs-symmetric and fs- transitive, then Q is called a fs- equivalence 

relation. 
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Theorem 3.3 [2] 

Let (γ,T) be a fs-set over the universal set Z then the product (γ,T) X (γ,T) is a fs- equivalence relation. 

 

Definition 3.4 

The fs-relation Q on fs- set (γ,T) induces a new relation Qλ on (γ,T) as follows: 

For λ ∈ [0,1] define the relation Qλ on (γ,T) such that γt Q
λ γs if and only if 

Qts(z) ≥ λ, ∀ z ∈ Z. Define the equivalence class [γt] = {γs: γtQ
λγs} 

 

Example 3.5 

Let the fs- set (γ,T) over universal set Z = ={z1, z2, z3, z4} and parameter set T ={t, s, r} be given by 

 

 
 

Consider the fs- equivalence relation Q on (γ,T) as follows 

 
 

Since Qrr(z) = 0, ∀ z ∈ Z, we have λ = ∧ ∧ Qtt(z) = 0. 

Then Q0 = {(γt,γt), (γs,γs), (γt,γs), (γs,γt),(γr,γr)} 

If λ = 0.55 , Q0.55 = {(γs,γs), (γt,γs), (γs, γt)} 

 

Definition 3.6 [3] 

Let (γ,T) be a fs- set over the universal set Z, Q be a fs- relation defined on (γ,T) and Sγ(Z,T) denote the 

collection of all fuzzy soft subsets of (γ,T). We can characterize 

any arbitrary set (ξ, Tξ) ∈ Sγ(Z, T) by lower and upper approximations. 

apr(ξ, Tξ) = ∪ {γt ∈ (γ,T): [γt] ⊆ (ξ, Tξ)} and 

 

apr (ξ, Tξ) =  ∪{γt ∈ (γ,T): [γt] ∩ (ξ, Tξ)/=˜0} 

 

Theorem 3.7 [3] 

Let Q be any arbitrary fs- relation defined on fs- set (γ,T). If Qλ, 

λ ∈ [0,1] is reflexive then   apr(γ,T) =  apr(γ,T) = (γ,T) 

 

 

Theorem 3.8 [3] 

If Q is any arbitrary fs-relation defined on fs-set (γ,T) then Qλ, λ ∈[0,1] is reflexive 

iff ∀ (ξ, Tξ) ∈ Sγ(Z,T), apr(ξ, Tξ) ⊆ (ξ, Tξ) ⊆ apr(ξ, Tξ). 
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Definition 3.9 

Accuracy of the approximation of (ξ, Tξ) corresponding to the fs- reflexive relation 

Qλ is defined asα where |.| denote number of fuzzy soft elements in given 

set.  

 

For null fuzzy soft set define α(˜0)=0. Hence 0 ≤ α((ξ, Tξ)) ≤ 1.  

If (ξ, Tξ) not equal to ˜0 then α((ξ, Tξ)) = 0 if and only if apr(ξ, Tξ) = ˜0. 

 

Algorithm 3.10 

Training Phase 

Feature fuzzification to compute cluster centre vector Ew can be done as in Algorithm 2.6 steps a to e. 

 

Classification phase 

f) Take the unlabeled class data. 

g) Fuzzify the data and obtain the cluster centre vector Ey using the steps a, b ,c, d. 

h) Obtain the fs-set model (γ,T) which contains the cluster centre vectors Ew and Ey 

i) Compute the relation Q = (γ,T) X (γ,T) by relating the classes with unknown class. 

j) For t not equal to s take λ = maxt,s(mink Qts(zk)) and obtain Qλ and equivalence class [γt]. 

k) Let (ξ, Tξ) be the fuzzy soft subset of (γ,T) containing one cluster centre vector Ew 

         and unknown cluster center vector Ey. 

l) Compute the accuracy measure for each fuzzy soft subset (ξ, Tξ) and if (ξi,Tξi ) is having maximum 

accuracy measure then the unknown parameter y is more similar to the known class ’w’ in Tξi . 

 

Classification of numerical data based on proposed algorithm 

The proposed algorithm is implemented using the same numerical data as given in sec- tion 2. Consider 

the following fuzzy soft set (γ,T) over Z, where the universal set Z is the collection of texture features 

such as sepal length, sepal width, petal length, petal width and T represents textures of iris datasets as 

follows: 

 

 
 

Also consider the fuzzy soft subsets 
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Compute the relation Q as in the classification phase. 

 
 

Q.67 = {(Es, Es), (Eversicolor, Eversicolor), (Everginia, Everginia), 

(Ey, Ey), (Eversicolor, Everginia), (Everginia, Eversicolor)}, 

Equivalent classes are [Eversicolor] = [Everginia] = {Eversicolor, Everginia}, [Esetosa] = 

{Esetosa} and [Ey] = {Ey} 

         apr(ξ1,Tξ1 )= apr(ξ1,Tξ1 ) = {Esetosa, Ey} α((ξ1,Tξ1 )) = 1, α((ξ2,Tξ2 )) = .33, α((ξ3,Tξ3 )) = .33 

Fuzzy soft subset (ξ1,Tξ1 ) is having the maximum accuracy measure and hence unknown data is labeled 

as ’setosa’. 

 

Comparison of computational complexity 

As given in the following table classification algorithm based on accuracy measure (algorithm 2.1) and 

classification algorithm based on similarity measure (algorithm 3.1) are compared. Number of 

arithmetic operations in the two algorithms are 2wd + 2w and wd + w respectively, Where w denote the 

number of class labels, d the number of features and n the number of test data. Hence O(n[2wd+2w]) 

and O(n[wd+w]) are the computational complexity measures for algorithm 2.6 and algorithm 3.10 

respectively. This shows that fuzzy soft set classifier based on accuracy measure has lower complexity. 

 

 

Conclusion 

A new classification algorithm to classify the unlabeled data based on accuracy measure of fuzzy soft 

set is proposed and implemented using a numerical data. The computational complexity of the proposed 

algorithm is compared with the algorithm based on similarity measure. It is shown that classification 

algorithm based on accuracy measure has lower complexity when compared with algorithm based on 

similarity measure. 
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