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Abstract

In this paper, we propose new method to calculate the distance between intuitionistic fuzzy sets (IFSs) based on the three
dimensional representation of IFSs and analyze the relations of similarity measure and distance measure of IFSs. Finally,

we apply the proposed measures to pattern recognitions.
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1. Introduction

Fuzzy set theory, proposed by Zadeh [21], has showed
successful applications in various fields. In fuzzy set the-
ory, the membership of an element to a fuzzy set is a sin-
gle value between 0 and 1. But in reality, it may not al-
ways be certain that the degree of nonmembership of an
element in a fuzzy set is just equal to 1 minus the degree
of membership. That is to say, there may be some hes-
itation degree. So, as a generalization of fuzzy sets, the
concept of intuitionistic fuzzy sets (IFSs) was introduced
by Atanassov [1, 2, 3]. Burillo and Bustince [5] pointed
out that this notion coincides with the notion of vague sets
proposed by Gau and Buehere [9]. These IFSs describe the
objective world more realistic, practical and accurate. They
have been widely studied and applied in various areas, such
as logic programming [4], decision making [7, 15], pattern
recognition [10, 11, 12, 13, 14, 18] and medical diagno-
sis [8, 17], and seem to have more popular than fuzzy sets
technology.

As important contents in fuzzy mathematics, similar-
ity measure and distance measure between IFSs have been
attracted many researchers. Chen [6], Chen and Tan [7]
proposed several similarity measures for measuring the de-
gree of similarity of vague sets. Li and Cheng [11] and
discussed similarity measures between IFSs and showed
how these measures may be used in pattern recognition
problems. However, Li and Cheng’s similarity measures
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may not be effective in some cases. To overcome the
drawbacks of Li and Cheng’s methods, Liang and Shi [13]
and Mitchell [14] made some modifications, respectively.
Szmidt and Kacprzky [16] proposed four distance mea-
sures between IFSs that were in some extent based the ge-
ometrical interpretation of IFSs, and have some good ge-
ometric properties. Hung and Yang [10] proposed another
method to calculate the distance between IFSs based on
the Hausdorff distance. They used this distance to gener-
ate several similarity measures between IFSs that are suited
to be used in linguistic variables. Wang and Xin [19] pro-
posed several distance measures between IFSs and applied
those measures to pattern recognitions.

In this paper, we propose new method to calculate the
distance between IFSs based on the three dimensional rep-
resentation of IFSs and analyze the relations of similarity
measure and distance measure of IFSs. Finally, we apply
the proposed measures to pattern recognitions.

2. Basic notions of IFSs

In the following, we firstly recall basic notions and def-
initions of IFSs which can be found in [1, 2, 3].

Let X be the universe of discourse. An IFS A in X is
an object having the form

A={(z,pa(x),va(z)) 2 € X}

where 114,74 : X — [0,1] denote, respectively, member-
ship and non-membership functions of A with the condi-
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tion 0 < pa(x) +va(z) < 1lforany z € X. Let IFS(X)
denote the set of all IFSs in X.

Obviously, any fuzzy set A in X may be represented as
the following IFS: A = {(z, pa(x),1 —pa(x)) 1z € X}.

For each A € IFS(X), we call

ma(@) =1 - pa(r) —va(z)

the intuitionistic index of  in A. It is hesitancy degree of
z to A (see, [2, 3]). Obviously, 0 < m4(z) < 1 for each
e X.

As Szmidt and Kacprzky’s work [16], considering the
term of hesitancy degree, an IFS A can be expressed as

A= {(pa(@),vala), ma(e) 2 € X},

If A is an ordinary fuzzy set, then m4(z) = 0 for each
x € X. It means that third parameter 7 4 () can not be ca-
sually omitted if A is a general IFS, not an ordinary fuzzy
set. Therefore, this representation of IFSs will be a point
of departure for considering new method to calculate the
distance between IFSs.

For A, B € IFS(X
of inclusion as follows:

), Atanassov [2] defined the notion

ACB & pa(z) < pp(r)and va(z) > vp(z)
forallz € X.

As above-mentioned, we can not omit the third parameter
(hesitancy degree) in the representation of IFSs and then
redefine the notion of containment as follows:

ACB < pa(@) < pp(), valz) > vp(z)
and m4(z) > mp(z) forallz € X.

Measuring the similarity between IFSs is important in
pattern recognition research. Some methods have previ-
ously been advanced to caculate the degree of similarity
between IFSs [10, 11, 13, 14]. In the following, we shall
review these similarity measures. In the study of the sim-
ilarity between IFSs, Li and Cheng [11] and Mitchell [14]
introduced the following definition.

Definition 1. A function S : IFSs(X) x IFSs(X
[0, 1] is called similarity measure of IFSs if .S satisfies the
following properties: for any A, B, C € IFSs(X),

(SP1)0 < S(A,B) < 1;

(SP2) S(A,B) = lifand only if A = B;

(SP3) S(AvB) = S(BvA),

(SP4)If A C B C C, then S(A,C) < S(A,B) and
S(A4,C) < S8(B,0).

) —

Distance measure is another measure in fuzzy set the-
ory, and is the measure of difference between IFSs. Wang
and Xin [19] defined the axiom definition of it as follows:

Definition 2. A function d : IFSs(X) x IFSs(X
[0,1] is called distance measure of IFSs if d satisfies the
following properties: for any A, B, C € IFSs(X),

) —

(DPH0<d(A,B)<1

(DP2) d(A, B) = 0iif nd only if A=B;

(DP3) d(A, B) = d(B, A);

(DP4)If A C B C C, then d(A,C) > d(A, B) and

d(A,C) > d(B,C).

Distance measure is a term that describes the difference
between IFSs, and can be considered as a dual concept of
similarity measure. Many measures of distance measures
between IFSs have been proposed and researched in recent

years.
Assume that there are two IFSs A and B in X =
{z1,29,...,2,}.

Li and Cheng [11] proposed the distance d?, between
IFSs A and B as follows:

(|2 mal) = ma(i),

where ma(i) = (pa(z;) + 1 — va(x;))/2, mp(i) =
(pB(xi) + 1 —vp(x;))/2and 1 < p < oco. Clearly, S}
(=1 — dY) is similarity measure since distance and simi-
larity measure are dual concepts. This measure is not only
easily interpreted in geometry but also easily calculated in
practical cases.

Liang and Shi [13] proposed the distance d? between
IFSs A and B as follows:

di(A,B) =

n

1
d2(A,B) = —=7¢| > |btap(i) — dran(i)l?,
o ; AB fAB
where ¢rap (i) = [pa(@i) — pp(@i)|/2, drap(i) = [(1 -

va(x;))/2 — (1 — vp(x;))/2] and 1 < p < oco. Then
SP(A, B) (= 1—dE(A, B)) is similarity measure between
A and B. To get more information on IFSs, Liang and Shi
[13] used the middle point m 4 (%) to partition the interval
[pa(x;), 1—va(x;)] into two subintervals [pa(z;), ma ()]
and [ma(i),1 — va(x;)]. Then they considered the mid-
dle points, say ma1(i) and m2(i), of these two subin-

tervals. That is, m;(i) = M, maz(i) =
M By the same way, mp1 (i) and mpo(7)
are the middle points of the subintervals [pp(x;), mp ()]

and [mp (i), 1 —vp(z;)], respectively. Thus, they proposed
the distance between A and B as follows:

n

;ﬁ (1D (00 (0) = b))

where ¢1 (i) [mai(é) — mp1(i)|/2 and ¢s2(i) =
|maz2(i) — mpa(i)]/2. Hence, they used SP(A, B) (=
1 —dP(A, B)) to measure the degree of similarity between
A and B. In comparison of S% and S, the formula of S?
is simpler than S?, but S? can catch more information in
IFSs than S%.

dZ;(A,B) =
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Mitchell [14] adopted a statistical approach and inter-
preted IFSs as ensembles of ordered fuzzy sets to mod-
ify Li and Cheng’s similarity measure. Let p,, (A, B) and
pv(A, B) denote the similaritys between the low member-
ship functions 14 and pp and between the high member-
ship functions 1 — v4 and 1 — vp, respectively, as follows:

pu(A, B) = S(pa, pp)
1
:1*%]32‘,“%1 x;) — pp(x;)P,
(A,B)=5(1 —va,1 —vp)

oS e - vala)p.
=1

He then defined the modified similarity measure between
IFSs A and B with

S (0u(A,B) + (A, 1)),

Hung and Yang [10] used the idea of Hausdorff distance
to define the distance between IFSs A and B as follows:

Smod (A7 B) =

dn(AB) = = S max{ljea(e:) — (i),

va(zi) —ve(z:)[}
and used the distance dy to generate three similarity mea-
sures:
Si(A,B)=1—-dg(A, B),
exp(—du (4, B)) — exp(—1)

Se(4, B) = 1 —exp(—1) ’
—du(A,B)
Se(4,B) = 1 +dH(A B)’

Wang and Xin [19] proposed the distance measures be-
tween IFSs A and B as follows:

dwx1(A, B)
_ iZ (b)) e ~ )
ot (n) o) vatn) i)l
and
ds(A,B) = ¢ Z 6u(8) — (0P

where ¢, (i) = |pa(z;) — pp(xi)|/2 and ¢, (i) =
lva(zi) — v (x)]/2.
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3. New distance measures between IFSs

In this section, based on the three dimensional repre-
sentation of IFSs, we propose new method to calculate the
distance between IFSs by adding the term of hesitancy to
Wang and Xin’s formula.

For two IFSs A and B in X = {z1,2o,...,
note

di(4, B)
41712_: (\NA

+lmalzi) — mp (@] + 2max{|pa(e:) — pp ()],
va(ai) — vp(xi)l, [ma(z:) — 7TB(ﬂCi)I})-

Then we have the following theorem.

Theorem 1. d; (A, B) is the degree of distance between
two IFSs A and Bin X = {x1,za,...,2,}.

Proof. It is easy to see that di(A, B) satisfies the
properties (DP1)-(DP3) of Definition 2. We therefore only
prove that d; (A, B) satisfies the property (DP4).

Let A C B C C, A B,C € IFSs(X). Then
pa(z) < pp(x)pe(;:), valz:) > ve(z) > veol(x;)
and 7 (z;) > mp(x;) > wo(x;) for any z; € X. It fol-
lows that

Ty}, de-

— k(@] + [va(zi) — vp(zi)|

—

lna(zi) — pe ()| > |palz) — pp(z;
va(zi) —ve(@i)| > [valz:) — VB( i)
[ma(@i) = mo()| > |malz:) — 75 (x)|.

)|7
|

)

So, we have
(na(@i) — pe(@i)| + [valz;) — ve(w;))|
ima(e:) — mo ()| + 2ma{lpa(z:) — polw)],
lva(zi) —ve(@i)l, [ma(z;) — mo ()|}
> |palz) — pp()| + [va(zi) — ve(wi)|
Hra(zi) — mp(@:)| + 2 max{|pa(z:) — pp(z:)l,

val@:) —vp(@)l, [ra(z:) — wp (2}

and then we can get dq(A,C) > d1(A, B). By the same
reason, we can get dq(A,C) > dy(B,C). Thus the prop-
erty (DP4) is obtained. L]

Example 1. Let A and B be two [FSs in X = {1, 29,
x3} given by A = {(0.3,0.6), (0.5,0.4),(0.7,0.1)} and
B = {(0.4,0.6),(0.6,0.3),(0.5,0.2)}. Then, by the defi-
nition of d;, the distance between A and B is

di(A, B

~—

i)l + valzi) —vp(zi)|

23: (|MA pp(x

=1
Hmalw;) — mp(@i)| + 2max{|pa(x;) — pp (i),
(z

va(e:) = ve (@) Ira(@) = ma(@)]})
=0.112

S\H
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Usually, the weight of the element x; € X should be
taken into account, so we present the following weighted
distance measures between IFSs.

Assume the weight of the element z; € X = {z1,
Zoy..,Tptisw; (= 1,2,...,n), where 0 < w; < 1.
Denote

d,(A, B)
= izwz’(lm(xi) —up(x)| + |lva(z;) — ve(z;)|

+lma(zi) — mp(w)| + 2max{|pa(e:) — pp(ei)l,

va(es) = vl frate) —wa@)l}) /D we

Then we have the following theorem.

Theorem 2. d, (A, B) is the degree of distance be-
tween two IFSs A and B in X = {x1,29,...,2n}.
Proof. The proof is similar to that of Theorem 1. [

Remark 1. Obviously, if w; = 1/n (i = 1,2,...,n),
d, (A, B) becomes di(A, B). So, di(A, B) is a special
case of d, (4, B).

Now, we propose another distance measure between
IFSs.

For IFSs A and B in X = {x1,x2,...,2,}. Let
Gunn (i) = |na(@s) — np(@)l/2. dup (i) = valz;) -
vB(2i)|/2, ¢rap (i) = |malxi) — mp(xi)|/2 and z; € X.
Denote

n

(A, B) = ;ﬁ 1S (Gpons (1) + Guap (3) + b ()P,

i=1

where 1 < p < oo.

Theorem 3. d5(A, B) is the degree of distance be-
tween two IFSs A and B in X = {x1,29,...,2,}.
Proof. The proof is similar to that of Theorem 1. [

Example 2. Let A and B be two IFSs defined in Ex-
ample 1. Then by the definition of d}, the distance between
Aand B is

3
BAB) = £ llualed) = pe)] + lvae:)
—vp(xi)| + |Ta(x:) — 7T(24)]]
= (0.100.

Remark 2. By the same way, we can get its weighted
distance measure as the weighted distance measure defined
above.

It is well known that similarity measures can be gener-
ated from distance measures. Therefore, we may use the
proposed distance measure to define a similarity measure.

Let f be a monotone decreasing function and d be the pro-
posed distance measure. Since 0 < d(A, B) < 1,

f() < f(d(A, B)) < £(0).
This implies
fld(A, B)) — f(1)
Yo <

Thus, we may define the similarity measure between IFSs
A and B as follows:

f(d(A, B)) — f(1)
f(0) = f(1)
Obviously, S(A, B) satisfies properties (SP1)-(SP4).
Next, we follow the way of Hung and Yang [10] to
choose

S(A,B) =

1
1+az
Then the corresponding similarity measures between A and
B are given by

fl@)=1—z and

Sl(AvB):l_dl(AaB)7 (1)

S2(A7B) =1- dg(AaB)a (2)
_ 1—-dy(A,B)

S3(A,B) = T4 di(AB)’ 3)
_1-dj(A,B)

S4(A,B) = 1—|—d127(A,B). 4)

4. Numerical examples

To illustrate the proposed similarity measures are rea-
sonable, we borrow several examples from Liang and Shi
[13].

Example 3. [13] Assume that there are three patterns
denoted with IFSs in X = {x1, zo, z3}. The three patterns
are denoted as follows:

Ay ={(21,0.3,0.3), (22,0.2,0.2), (x3,0.1,0.1) };
A = {(21,0.2,0.2), (22,0.2,0.2), (x3,0.2,0.2) };
A3 == {(xh 047 04)7 (.1]2, 04, 04), (.’L’g7 04, 04)}

Assume that a sample B = {(x1,0.3,0.3), (x2,0.2,0.2),
(23,0.1,0.1)} is given. To interpret the notions of three
patterns, we borrow the idea of Wang and Xin [19]. Given
three minerals of mineral fields, each is featured by the
content of three minerals and contains one kind of typical
hybrid minerals. The three kinds of typical hybrid miner-
als are represented by IFSs A;,As, Az in X, respectively.
Given another kind of hybrid mineral B, to which field
does this kind of mineral B most probably belong to ? By
(1)-(4), we have

S1(A1, B) = 1.000, 51 (A2, B) = 0.877, 51 (A3, B) = 0.600,

S2(Ay, B) = 1.000, S2(As, B) = 0.847, S5 (As, B) = 0.568,

S3(A1, B) = 1,000, S3(Az2, B) = 0.765, S3(As, B) = 0.429,

S2(A1, B) = 1,000, S7(Az, B) = 0.719, 52 (A3, B) = 0.397.
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From this data, it is evident that A; = B. That, is the
sample B belong to the pattern A;.

Example 2. [13] Assume that there are three patterns
denoted with IFSs in X = {z1, 22, z3}. The three patterns
are denoted as follows:

A1 = {(1‘1, 0.3, 0.3), (1‘2, 0.2, 0.2), (1‘3, 0.17 0.1)};
Ay = {(21,0.2,0.2), (22,0.2,0.2), (23,0.2,0.2)}.

Assume that a sample B = {(z1,0.3,0.3), (z2,0.2,0.2),
(23,0.1,0.1)} is given. By , we have

S1(Ay, B) = 0.833, S1(Ag, B) = 0.733,
S3(Ay, B) = 0.827, S3(Aq, B) = 0.727,
S3(Ay, B) = 0.714, S3(A2, B) = 0.579,
S3(Ay, B) = 0.705, S3(As, B) = 0.559.

Based on the above results, it is seen that the sample B
belongs to the pattern A; according to the principle of the
maximum degree of similarity between IFSs. This classi-
fication result is different from Liang and Shi [13], where

their measure S? cannot classify this sample because of
SP(Aq, B) = S?(A,, B).

Acknowledgements

This study was supported by research funds from
Dong-A University.

References

[1] K. Atanassov, “Intuitionistic fuzzy sets,” Fuzzy Sets
and Systems, vol. 20 pp. 87-96, 1986.

[2] K. Atanassov, “More on intuitionistic fuzzy sets,’
Fuzzy Sets and Systems, vol. 33, pp. 37-46, 1989.

[3] K. Atanassov, “New operations defined over the intu-
itionistic fuzzy sets,” Fuzzy Sets and Systems, vol. 61,
pp- 137-142, 1994.

[4] k. Atanassov, g. Gargov, “Intuitionistic fuzzy logic,”
CR Acad. Bulg. Soc. vol. 43, pp. 9-12, 1990.

[5] H. Bustince, P. Burillo, “Vague sets are intuitionistic
fuzzy sets,” Fuzzy Sets and Systems, vol. 79, pp. 403-
405, 1996.

[6] S.M. Chen, “Similarity measure between vague sets

and elements,” IEEE Trans. Systems Man Cybernt.,
vol. 27, pp. 153-158, 1997.

560

[7] S.M. Chen, J.M. Tan, “Handling multi-criteria fuzzy
decision-making problems based on vague sets,”
Fuzzy Sets and Systems, vol. 67, pp. 163-172, 1994.

[8] S.K.De, P. Biswas, A.R. Roy, “An application of intu-
itionistic fuzzy sets in medical diagnosis,” Fuzzy Sets
and Systems, vol. 117, pp. 209-213, 2001.

[9] W.L. Gau, D.J. Buehere, “Vague sets,” IEEE Trans.
Systems Man Cybernt., vol. 23, pp. 610-614, 1994.

[10] W.L. Hung, M.S. Yang, “Similarity measures of in-
tuitionistic fuzzy sets based on Hausdorff distance,”
Pattern Recognition Lett., vol. 25, pp. 1603-1611,
2004.

[11] D. Li, C. Cheng, “New similarity measures of intu-
itionistic fuzzy sets and applications to pattern recog-
nitions,” Pattern Recognition Lett., vol. 23, pp. 221-
225, 2002.

[12] Y. Li, D.L. Olson, Z. Qin, “Similarity measures be-
tween intuitinistic fuzzy (vague) sets: A comparative
analysis,” Pattern Recognition Lett., vol. 28, pp. 278-
285, 2007.

[13] Z. Liang, P. Shi, “Similarity measures on intuitionis-
tic fuzzy sets,” Pattern Recognition Lett., vol. 24, pp.
2687-2693, 2003.

[14] H.B. Mitchell, “On the Dengfeng-Chuitian similarity
measure and its application to pattern recognition,”
Pattern Recognition Lett., vol. 24, pp. 3101-3104,
2003.

[15] E. Szmidt, “Applications of intuitionistic fuzzy sets
in decision making,” (D Sc dissertation) Tech. Univ,
Sofia 2000.

[16] E. Szmit, J. Kacprzyk, “Distances between intuition-
istic fuzzy sets”, Fuzzy Sets and Systems, vol. 114, pp.
505-518, 2000.

[17] E. Szmit, J. Kacprzyk, “A new concept of a similar-
ity measure for intuitionistic fuzzy sets and its use
in group decision making”, LNAI vol. 3558, pp. 272-
282, 2005.

[18] LK. Vlachos, G.D. Sergiadis, “Intuitionistic fuzzy in-
formation - Applications to pattern recognition,” Pat-
tern Recognition Lett., vol. 28, pp. 197-206, 2007.

[19] W. Wang, X. Xin, “Distance measure between intu-
itionistic fuzzy sets,” Pattern Recognition Lett., vol.
26, pp. 2063-2069, 2005.

[20] L.A. Zadeh, “Fuzzy sets.” Inform and Control, vol. 8,
pp- 338-353, 1965.



Distance measure between intuitionistic fuzzy sets and its application to pattern recognition

[21] Zadeh LA, Fuzzy sets, Inform. and Control, 8 (1965)
338-353.

Jin Han Park
Professor of Pukyong National University

Research Area: Fuzzy mathematics, Fuzzy topology,
General topology, Decision making
E-mail : jihpark @pknu.ac.kr

Ki Moon Lim

Lecturer of Pukyong National University
Research Area: Fuzzy topology, General topology
E-mail : ulve@hanmail.net

Young Chel Kwun

Professor of Dong-A University

Research Area: Fuzzy mathematics, Fuzzy differential
equations, Decision making

E-mail : yckwun@dau.ac.kr

561



