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Abstract
An intuitionistic fuzzy set (IFS), an extended version of a fuzzy set,

is more applicable for representing vague information since it provides
a way to control a degree of hesitation. One of most prominent research
directions on the theory of IFSs is measurement of similarity between
IFSs. Even several similarity measures have been proposed, some unrea-
sonable cases can be made by such measures. In this paper, we present
two similarity measures: one is a set-theoretic measure, the other com-
bines the former measure and the concept of similarity measures on a
concept lattice. In our experimental study, we focus our attention on
two basic directions of performance evaluation: one is how much the
proposed measures are reasonable and the other is how much accuracy
the measures produce when they are applied to pattern recognition.
The experimental results show that the both measures are reasonable
and achieve satisfactory performances on pattern recognition.

Mathematics Subject Classification: 03E72, 68T10

Keywords: Intuitionistic fuzzy sets, Similarity measures, Pattern recog-
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1 Introduction

After the theory of fuzzy sets (FSs)—a generalization of crisp sets—was pro-
posed by Zadeh [19], many researches have consistently indicated that the
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theory facilitates solving various real-world problems, especially, when vague
information is necessary to be handled. In the FS theory, membership and
non-membership degrees are complementary, i.e., the sum of both degrees of
an element belonging in a fuzzy set is 1. However, there are some situations
that the two degrees are not complementary, mainly because of hesitation.
Intuitionistic fuzzy set (IFS) was introduced by Atanassov [1] to handle such
situations. For representing an IFS, each element is assigned by membership
and non-membership degrees, where the sum of the two degrees does not ex-
ceed 1. Accordingly, IFS representations of uncertainty is more meaningful
than FS representations. Many researchers therefore pay their attention to
study the IFS theory.

Measuring similarity between IFSs has been much explored for decades in
both theory and application aspects. Dengfeng and Chuntian [2] gave the ax-
iomatic definition of similarity measures between IFSs and proposed similarity
measures based on high membership and low membership functions. They also
paved the way for applying IFS similarity measures to pattern recognitions.
Liang and Shi [10] shown some counter-intuitive cases resulting from the mea-
sures in [2] and then presented several similarity measures to overcome those
cases. Mitchell [11] claimed that the rationale behind the unreasonable cases
was the weakness of the definition for similarity measures. Thus, a stronger
definition for grading similarity degree between IFSs, which has been widely
accepted in this research area, was defined. Moreover, based on a statistical
viewpoint, some measures satisfying the new definition of similarity measures
were proposed. Hung and Yang [3] adopted the Hausdorff distance for devel-
oping several similarity measures. Xu [17] introduced the concepts of positive
and negative ideal IFS and extended some similarity measures by assigning
weights. The proposed measures were applied to solve multi-attribute deci-
sion making problems. Khatibi and Montazer [8] conducted experiments for
bacterial classification using three similarity measures: one for FSs, and two
for IFSs. The results evidenced that the both measures for IFSs outperformed
the another one for FSs. Ye [18] proposed cosine and weighted cosine similar-
ity measures for IFSs and applied to a small medical diagnosis problem; and
after that, the measures were modified by Hwang et al.[5] so that satisfy the
similarity axioms. Hwang and Yang [6] proposed a new similarity measure for
IFSs induced by the Sugeno integral and embedded the measure in a robust
clustering algorithm for pattern recognition. More theoretical and computa-
tional properties of similarity measures in the literature were detailed by Li et
al. [9] and Papakostas et al. [12].

Although there exist several similarity measures for IFSs, many unreason-
able cases can be made by the such measures [9, 12]. In this paper, we present
two similarity measures: one is a set-theoretic measure, the other combines the
former measure and the concept of similarity measures on a concept lattice.
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The performance evaluation of the proposed measures is twofold: assessing
how much the measures are reasonable, and indicating the accuracy when the
measures are applied to pattern recognition.

The remainder of the paper proceeds as follow: Section 2 roughly reviews
the concepts of IFSs and similarity measures for IFSs. Section 3 presents
our similarity measures and the performance evaluation is then presented in
Section 4. Finally, the conclusion of the paper is given in Section 5.

2 Intuitionistic fuzzy sets and their similarity

measures

In this section, we present some basic concepts for IFSs and their similarity
measures. For the convenience of explaining, the following notations are used
hereinafter: X = {x1, x2, . . . , xn} is a discrete universe of discourse; IFS(X)
is the class of all IFSs of X. An intuitionistic fuzzy set A in IFS(X) is defined
as follows:

A = {〈x, μA(x), νA(x)〉|x ∈ X} (1)

which is characterized by a membership function μA and a non-membership
function νA. The two functions are defined as:

μA : X → [0, 1], (2)

νA : X → [0, 1], (3)

such that

0 ≤ μA(x) + νA(x) ≤ 1, ∀x ∈ X. (4)

In the IFS theory, the hesitancy degree of x belonging to A is also defined
by:

πA(x) = 1 − μA(x) − νA(x). (5)

For any A and B in IFS(X), some widely used operations and relations
are defined as the following expressions:

A ∪ B = {〈x, max{μA(x), μB(x)}, min{νA(x), νB(x)}〉|x ∈ X} (6)

A ∩ B = {〈x, min{μA(x), μB(x)}, max{νA(x), νB(x)}〉|x ∈ X} (7)

A ⊆ B iff μA(x) ≤ μB(x) and νA(x) ≥ νB(x) (8)

A = B iff A ⊆ B and B ⊆ A (9)

Ā = {〈x, νA(x), μA(x)〉|x ∈ X} (10)
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Definition 1. A similarity measure S for IFS(X) is a real function such that
S : IFS(X) × IFS(X) → [0, 1] and satisfies the following properties:

(P1) 0 ≤ S(A, B) ≤ 1, ∀A,B ∈ IFS(X),

(P2) S(A, B) = S(B, A), ∀A,B ∈ IFS(X),

(P3) S(A, B) = 1 iff A = B, ∀A,B ∈ IFS(X),

(P4) If A ⊆ B ⊆ C, then S(A, C) ≤ S(A, B) and
S(A, C) ≤ S(B, C), for all A, B, and C ∈ IFS(X).

Table 1 highlights some similarity measures for IFSs. It is noteworthy that
some of those measures do not satisfy to all of the four properties. (E.g. Sp

d

and CIFS do not satisfy to (P3).)

3 The proposed similarity measures for IFSs

In this section, our similarity measures are presented. Let A and B be two
IFSs in X, where X = {x1, x2, . . . , xn}.

Sr(A, B) =

∑n
i=1 (min{μA(xi), μB(xi)} + min{1 − νA(xi), 1 − νB(xi)})∑n
i=1 (max{μA(xi), μB(xi)} + max{1 − νA(xi), 1 − νB(xi)}) .

(11)

Theorem 1. Sr satisfies (P1)-(P4).

Proof. It is obvious to see that Sr satisfies (P1) and (P2).
(P3):(⇒) Let A, B be two IFSs and Sr(A, B) = 1. From Eq. (11), we have

n∑

i=1

(min{μA(xi), μB(xi)} + min{1 − νA(xi), 1 − νB(xi)})

=

n∑

i=1

(max{μA(xi), μB(xi)} + max{1 − νA(xi), 1 − νB(xi)}) . (12)

Since, for all i, min{μA(xi), μB(xi)} ≤ max{μA(xi), μB(xi)} and min{1 −
νA(xi), 1− νB(xi)} ≤ max{1 − νA(xi), 1 − νB(xi)}, Eq. (12) will be true when
μA(xi) = μB(xi) and 1 − νA(xi) = 1 − νB(xi). It implies that A = B.
(⇐) Obvious.
(P4):Let A ⊆ B ⊆ C. From the expression (8), we have μA(xi) ≤ μB(xi) ≤
μC(xi) and νA(xi) ≥ νB(xi) ≥ νC(xi) for all i = 1, 2, . . . , n. We then know
that, for each i, 1 − νA(xi) ≤ 1 − νB(xi) ≤ 1 − νC(xi). Hence,

Sr(A, C) =

∑n
i=1 (min{μA(xi), μC(xi)} + min{1 − νA(xi), 1 − νC(xi)})∑n
i=1 (max{μA(xi), μC(xi)} + max{1 − νA(xi), 1 − νC(xi)})

=

∑n
i=1 (μA(xi) + (1 − νA(xi)))∑n
i=1 (μC(xi) + (1 − νC(xi)))

. (13)
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Table 1: Some similarity measures between IFSs

Author Expression

[2] Sp
d(A, B) = 1 − 1

p√n
p
��n

i=1 |ϕA(i) − ϕB(i)|
where ϕk(i) = (μk(xi) + 1 − νk(xi)), k = {A, B}, and 1 ≤ p ≤ ∞

[10] Sp
e (A, B) = 1 − 1

p√n
p

��n
i=1

� |μA(xi)−μB(xi)|+|νA(xi)−νB(xi)|
2

�p

[11] Smod,p(A, B) = 1
2

�
ρμ(A, B) + ρf (A, B)

�
where ρμ(A, B) = Sp

d(μA(xi), μB(xi)) and ρf (A, B) = Sp
d(1 − νA(xi), 1 − νB(xi))

[3] Sc(A, B) =
1−dH(A,B)
1+dH(A,B)

where dH(A, B) = 1
n

�n
i=1 max{|μA(xi) − μB(xi)|, |νA(xi) − νB(xi)|}

[17] SZ(A, B) = 1 − �
1
2n

�n
i=1((μA(xi) − μB(xi))

p + (νA(xi) − νB(xi))
p + (πA(xi) − πB(xi))

p)
	 1

p

[4] Sw1(A, B) = 1
n

�n
i=1

min{μA(i),μB(i)}+min{νA(i),νB(i)}
max{μA(i),μB(i)}+max{νA(i),νB(i)}

[4] Spk1(A, B) =
�n

i=1(min{μA(i),μB(i)}+min{νA(i),νB(i)})�n
i=1(max{μA(i),μB(i)}+max{νA(i),νB(i)})

[4] Snew1(A, B) = 1 − 1−exp(− 1
2
�n

i=1(|μA(xi)−μB(xi)|+|νA(xi)−νB(xi)|))
1−exp(−n)

[4] Snew2(A, B) = 1 − 1−exp
�
− 1

2
�n

i=1

�
|
√

μA(xi)−
√

μB(xi)|+|
√

νA(xi)−
√

νB(xi)|
��

1−exp(−n)

[18] CIF S(A, B) = 1
n

�n
i=1

μA(xi)μB(xi)+νA(xi)νB(xi)�
μ2

A
(xi)+ν2

A
(xi)

�
μ2

B
(xi)+ν2

B
(xi)

[5] SIF S(A, B) = 1
3

�
CIF S(A, B) + C∗

IF S(A, B) + C∗∗
IF S(A, B)

�
where C∗

IF S(A, B) = 1
n

�n
i=1

ϕA(xi)ϕB(xi)+νA(xi)νB(xi)�
ϕ2

A
(xi)+ν2

A
(xi)

�
ϕ2

B
(xi)+ν2

B
(xi)

,

with ϕk(xi) = 1+νk(xi)−νk(xi)
2

, k = A, B and

C∗∗
IF S(A, B) = 1

n

�n
i=1

(1−μA(xi))(1−μB(xi))+(1−νA(xi))(1−νB(xi))√
(1−μA(xi))

2+(1−νA(xi))
2
√

(1−μB(xi))
2+(1−νB(xi))

2

[7] Snew,p(A, B) = 1 − p
��n

i=1 wi (|μA(xi) − μB(xi)|)p − p
��n

i=1 wi (|νA(xi) − νB(xi)|)p

with wi ≥ 0 and
�n

i=1 wi = 1 and p ≥ 1

Similarly,

Sr(A, B) =

∑n
i=1 (μA(xi) + (1 − νA(xi)))∑n
i=1 (μB(xi) + (1 − νB(xi)))

. (14)

From Eqs. (13) and (14), it is easy to see that Sr(A, C) ≤ Sr(A, B). By the
same fashion, we also have Sr(A, C) ≤ S(B, C).

Next, another similarity measure for IFSs, which is developed from com-
bining Sr and a general idea of similarity measures on a concept lattice, is pre-
sented. Roughly speaking, a concept lattice of a nonempty set is a hierarchical
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structure ordered by a partial order1 such that, for every two concepts in the
lattice, there exit a least upper bound (supremum) and a greatest lower bound
(infimum). In a particular lattice, similarity between two concepts therein is
usually determined by using information of their supremum and infimum, e.g.
the depth from the root to the supremum.

By treating an IFS as a lattice concept and the subset relationship defined
in the expression (8) as a partial order, a lattice can be constructed. For
any two IFSs, their supremum and infimum can be obtained from union and
intersection, respectively. The new similarity measure is defined as follows:

Ss(A, B) =
√

Sr(A,CAB) × Sr(B,CAB), (15)

where CAB = A ∪ B and Sr is defined by Eq.(11).

Theorem 2. Ss satisfies the properties (P1)-(P4).

Proof. It is clearly to see that Ss satisfies (P1) and (P2).

(P3): (⇒) Let Ss(A, B) = 1. Therefore, Sr(A,CAB) = Sr(B,CAB) = 1, when
C = A ∪ B. Since Sr satisfies (P3), we have A = B = CAB.
(⇐) It is obvious and, hence, its proof is omitted.

(P4): Let A ⊆ B ⊆ C. So, A ∪ B = B, A ∪ C = C, and B ∪ C = C. Hence,

Ss(A, C) =
√

Sr(A,CAC) × Sr(C,CAC)

=
√

Sr(A, C) × Sr(C, C)

=
√

Sr(A, C),

and, likewise,

Ss(A, B) =
√

Sr(A, B).

Since Sr satisfies (P4), Sr(A, C) ≤ Sr(A, B). As such, Ss(A, C) ≤
Ss(A, B). By the same fashion, we have Ss(A, C) ≤ Ss(B, C).

4 Performance evaluation

To evaluate the performance of the proposed similarity measures, we conduct
two different experiments: Experiment-I for assessing how much the measures
are reasonable, and Experiment-II for indicating the accuracy when the mea-
sures are applied to pattern recognition.

1A partial order on a nonempty set P is a binary relation on P satisfying reflexivity,
antisymmetry, and transitivity.



New similarity measures for IFSs 2245

Table 2: Test intuitionistic fuzzy sets

Pairs of test IFSs
1 2 3 4 5 6

A {〈x, 0.3, 0.3〉} {〈x, 0.3, 0.4〉} {〈x, 1.0, 0.0〉} {〈x, 0.5, 0.5〉} {〈x, 0.4, 0.2〉} {〈x, 0.4, 0.2〉}
B {〈x, 0.4, 0.4〉} {〈x, 0.4, 0.3〉} {〈x, 0.0, 0.0〉} {〈x, 0.0, 0.0〉} {〈x, 0.5, 0.3〉} {〈x, 0.5, 0.2〉}
Sp=2

d 1.000† 0.900 0.500 1.000 1.000 0.950
Sp=2

e 0.900 0.900 0.500 0.500 0.900 0.950
Smod,p=2 0.900 0.900 0.500 0.500 0.900 0.950
Sc 0.818 0.818 0.000 0.333 0.818 0.818
SZ 0.827 0.900 0.000 0.134 0.827 0.900
Sw1 0.750 0.750 0.000 0.000 0.750 0.860
Spk1 0.900 0.900 0.500 0.500 0.900 0.950
Snew1 0.850 0.850 0.378 0.378 0.850 0.923
Snew2 0.872 0.872 0.378 0.198 0.867 0.942
CIF S 1.000† 0.960 0.000 0.000 0.997 0.996
SIF S 0.997 0.974 0.569 0.569 0.996 0.998
Snew,p=2 0.800 0.800 0.000 0.000 0.800 0.900
Sr 0.818 0.818 0.500 0.333 0.846 0.923
Ss 0.909 0.905 0.707 0.667 0.923 0.961

4.1 Experiment-I

In this experiment, the six different pairs of single-element IFSs proposed by
[9] were used as test data. Those artificial IFSs are shown in the first two rows
of Table 2. Each similarity measure is expected to be capable of distinguishing
pairs 1 from 2, pairs 3 from 4, and pairs 5 from 6. It means, for example, that
a similarity degree between A = {〈x, 0.3, 0.3〉} and B = {〈x, 0.4, 0.4〉} (pair
1) should differ from that between A = {〈x, 0.3, 0.4〉} and B = {〈x, 0.4, 0.3〉}
(pair 2).

By using the measures in Table 1 and our measures, similarity degrees
are presented starting from the third row of Table 2. The counter-intuitive
cases caused by inability of distinguishing the six test pairs are bolded, while
those caused by being not satisfy the axioms of similarity are indicated by the
superscript †. Consider CIFS, for illustration, it cannot differentiate between
pairs 3 and 4, and it also does not satisfy properties P2 (see pair 1). The
results reveal that Ss completely reaches the purpose of this experiment, while
Sr cannot differentiate between pair 1 and pair 2. However, Sr does not yield
less reasonable results than the other measures.

4.2 Experiment-II

One application of similarity measures on IFSs is pattern recognition. In a
machine learning view point, pattern recognition is a task to assign a predefined
class label to a given input value.

In this experiment, five data sets, referred to as D1, D2, D3, D4, and D5,
proposed for evaluating similarity measures in this task were collected. The
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Table 3: Patterns and test instances of D1, D2, D3, D4, and D5
Data set IFS Representation

D1

P1 {〈x, 1.0, 0.0〉, 〈x, 0.8, 0.0〉, 〈x, 0.7, 0.1〉}
P2 {〈x, 0.8, 0.1〉, 〈x, 1.0, 0.0〉, 〈x, 0.9, 0.0〉}
P3 {〈x, 0.6, 0.2〉, 〈x, 0.8, 0.0〉, 〈x, 1.0, 0.0〉}
T {〈x, 0.5, 0.3〉, 〈x, 0.6, 0.2〉, 〈x, 0.8, 0.1〉}

D2

P1 {〈x, 0.3, 0.3〉, 〈x, 0.2, 0.2〉, 〈x, 0.1, 0.1〉}
P2 {〈x, 0.2, 0.2〉, 〈x, 0.2, 0.2〉, 〈x, 0.2, 0.2〉}
P3 {〈x, 0.4, 0.4〉, 〈x, 0.4, 0.4〉, 〈x, 0.4, 0.4〉}
T {〈x, 0.3, 0.3〉, 〈x, 0.2, 0.2〉, 〈x, 0.1, 0.1〉}

D3

P1 {〈x, 0.1, 0.1〉, 〈x, 0.5, 0.1〉, 〈x, 0.1, 0.9〉}
P2 {〈x, 0.5, 0.5〉, 〈x, 0.7, 0.3〉, 〈x, 0.0, 0.8〉}
P3 {〈x, 0.7, 0.2〉, 〈x, 0.1, 0.8〉, 〈x, 0.4, 0.4〉}
T {〈x, 0.4, 0.4〉, 〈x, 0.6, 0.2〉, 〈x, 0.0, 0.8〉}

D4
P1 {〈x, 0.3, 0.3〉, 〈x, 0.4, 0.1〉, 〈x, 0.4, 0.4〉}
P2 {〈x, 0.4, 0.4〉, 〈x, 0.4, 0.2〉, 〈x, 0.4, 0.2〉}
T {〈x, 0.2, 0.2〉, 〈x, 0.2, 0.2〉, 〈x, 0.2, 0.2〉}

D5

P1 {〈x, 0.5, 0.2〉, 〈x, 0.5, 0.2〉, 〈x, 0.4, 0.2〉, 〈x, 0.5, 0.3〉}
P2 {〈x, 0.5, 0.3〉, 〈x, 0.5, 0.2〉, 〈x, 0.4, 0.2〉, 〈x, 0.5, 0.5〉}
P3 {〈x, 0.3, 0.1〉, 〈x, 0.5, 0.0〉, 〈x, 0.3, 0.1〉, 〈x, 0.5, 0.5〉}
T {〈x, 0.4, 0.3〉, 〈x, 0.5, 0.2〉, 〈x, 0.4, 0.2〉, 〈x, 0.3, 0.5〉}

Table 4: Experimental results on D1

Class
P1 P2 P3

Sp=2
d 0.7402 0.7673 0.8445

Sp=2
e 0.7402 0.7673 0.8445

Smod,p=2 0.7378 0.7662 0.8427
Sc 0.5789 0.5789 0.7143
SZ 0.7172 0.7418 0.8367
Sw1 0.3282 0.5096 0.7926
Spk1 0.3929 0.5357 0.7917
Snew1 0.497 0.497 0.6186
Snew2 0.4534 0.4543 0.5378
CIF S 0.9353 0.9519 0.9724
SIF S 0.9372 0.951 0.9759
Snew,p=2 0.4756 0.5324 0.6854
Sr 0.7636 0.7679 0.8289
Ss 0.8761 0.8763 0.9094

five data sets are shown in Table 3; in each of which, pattern Pi for class Ci and
test instance T are represented in terms of IFSs. The aim of this experiment
on each data set is to assign the test instance into the class whose the pattern
is relatively closest to the instance. (The correct classes for the test instances
of D1, D2, D3, D4, and D5 are C3, C1, C2, C2, and C2, respectively.)

In order to apply a similarity measure for IFSs on this experiment, a partic-
ular similarity measure Sim is used for calculating a similarity degree between
Pi and T . The test instance T is then labeled as a member of class C ′, if

C ′ = arg max
Ci

{Sim(Pi, T)}.
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Table 5: Experimental results on D2

Class
P1 P2 P3

Sp=2
d 1 1 1 ‡

Sp=2
e 1 0.9184 0.7840

Smod,p=2 1 0.9184 0.7840
Sc 1 0.8750 0.6667
SZ 1 0.8586 0.6258
Sw1 1 0.6944 0.6250
Spk1 1 0.6957 0.6250
Snew1 1 0.8092 0.5252
Snew2 1 0.7825 0.5332
CIF S 1 1 1 ‡
SIF S 1 0.9967 0.9818
Snew,p=2 1 0.8367 0.5680
Sr 1 0.8750 0.6667
Ss 1 0.9375 0.8333

Table 6: Experimental results on D3

Class
P1 P2 P3

Sp=2
d 1 1 0.5817 ‡

Sp=2
e 0.8085 0.9184 0.5817

Smod,p=2 0.8085 0.9184 0.5799
Sc 0.7143 0.875 0.3953
SZ 0.6683 0.8586 0.5757
Sw1 0.3333 0.6794 0.4318
Spk1 0.3529 0.6923 0.44
Snew1 0.5859 0.8092 0.2646
Snew2 0.5248 0.848 0.2998
CIF S 0.9954 0.9988 0.6709
SIF S 0.9845 0.9979 0.7183
Snew,p=2 0.617 0.8367 0.1597
Sr 0.6774 0.8571 0.3846
Ss 0.8387 0.9286 0.6918

When the similarity measures in Table 1 were applied to these data sets,
the similarity degrees are reported in Tables 4, 5, 6, 7 , and 8. Consider a row
in a table, the highest degree of similarity is bolded. A false classification is
remarked by ‘†’, while a situation2 of a multiclass classification is done by ‡.

As it is seen in those resulting tables, Sp
e , Snew1, Snew2, SIFS, and both of

our measures yield correct classifications for all data sets.

2This case occurs when two (or more) different classes are determined as being equally
close to the test instance by a similarity measure. Obviously, the performance of the simi-
larity measure will be decreased when this measure produces a multiclass classification.
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Table 7: Experimental results on D4

Class
P1 P2

Sp=2
d 0.9134 0.9184

Sp=2
e 0.8445 0.8586

Smod,p=2 0.8427 0.8423 †
Sc 0.7143 0.6667 †
SZ 0.7551 0.7418 †
Sw1 0.6444 0.4333 †
Spk1 0.64 0.4286 †
Snew1 0.6186 0.653
Snew2 0.6228 0.6742
CIF S 0.9525 0.9658
SIF S 0.9729 0.9812
Snew,p=2 0.6854 0.6845 †
Sr 0.7500 0.7778
Ss 0.874 0.8872

Table 8: Experimental results on D5

Class
P1 P2 P3

Sp=2
d 0.8882 0.9441 0.9250

Sp=2
e 0.8882 0.9441 0.8854

Smod,p=2 0.8882 0.9441 0.8638
Sc 0.8605 0.8605 0.7020 ‡
SZ 0.8605 0.8605 0.7020 ‡
Sw1 0.8958 0.8958 0.6144 ‡
Spk1 0.8966 0.8966 0.6176 ‡
Snew1 0.7360 0.8581 0.6309
Snew2 0.7771 0.8875 0.5578
CIF S 0.9620 0.9912 0.9593
SIF S 0.9725 0.9950 0.9750
Snew,p=2 0.7764 0.8882 0.7275
Sr 0.8800 0.9362 0.8235
Ss 0.9381 0.9676 0.9104

5 Conclusions

Even though there are several similarity measures for IFSs, most of them give
unreasonable results in some cases. In this work, we then present two new
similarity measures for IFSs. One is a set-theoretic measure, the other com-
bines the former measure and the concept of similarity measures on a concept
lattice. Two different experiments are conducted, Experiment-I for assessing
how much the measures are reasonable, and Experiment-II for indicating the
accuracy when the measures are applied to pattern recognition. The results
of Experiment-I evidence that the latter of our measures does not provide any
counter-intuitive result, while the former is comparable to other similarity mea-
sures. Based on the results of Experiment-II, when some benchmark datasets
are used, our measures yield the satisfactory performance. Since measure-
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ment of similarity between objects plays an important role in several machine
learning-based frameworks (e.g. those for clustering, information retrieval),
we will make efforts in the future work to explore how our similarity measures
can facilitate in such frameworks.
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