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Abstract: A single-valued neutrosophic (SVN) set contains three parameters, which can well describe
three aspects of an objective thing. However, most previous similarity measures of SVN sets often
encounter some counter-intuitive examples. Manhattan distance is a well-known distance, which has
been applied in pattern recognition, image analysis, ad-hoc wireless sensor networks, etc. In order
to develop suitable distance measures, a new distance measure of SVN sets based on modified
Manhattan distance is constructed, and a new distance-based similarity measure also is put forward.
Then some applications of the proposed similarity measure are introduced. First, we introduce a
pattern recognition algorithm. Then a multi-attribute decision-making method is proposed, in which
a weighting method is developed by building an optimal model based on the proposed similarity
measure. Furthermore, a clustering algorithm is also put forward. Some examples are also used to
illustrate these methods.

Keywords: single-valued neutrosophic set; modified Manhattan distance; similarity measure; weighting
method; multi-attribute decision making

1. Introduction

In the objective world, there are many fuzzy phenomena. In 1965, Zadeh [1] created
a method to describe the fuzzy phenomena-fuzzy set theory. Fuzzy set theory has been
successfully applied in many fields since it was put forward. In 1974, Mamdani [2] suc-
cessfully applied fuzzy linguistic logic to industrial processes, marking the birth of fuzzy
control. Over the past half-century, fuzzy set theory has made great progress and has been
extensively used in many areas [3-6].

However, Zadeh’s fuzzy set only contains one membership degree, so it can only
reflect the information of “yes” and “no”. In some decision-making problems, due to
the limitation of professional knowledge and the lack of time and energy, decision mak-
ers will have different degrees of hesitation when making decisions, resulting in three
aspects of evaluation results: affirmation, negation, and hesitation between affirmation
and negation. Zadeh'’s fuzzy set cannot describe this kind of situation. Some extended
fuzzy sets, such as intuitionistic fuzzy sets, hesitant fuzzy sets, and neutrosophic fuzzy sets,
are introduced [7-10]. For example, in order to solve this problem, Professor Atanassov
extended and developed fuzzy sets in 1986 and put forward the concept of intuitionistic
fuzzy sets. The intuitionistic fuzzy set can well describe the hesitation and uncertainty
of decision makers’ judgment by adding nonmembership parameters. Compared with
fuzzy sets, intuitionistic fuzzy sets are more flexible and practical in dealing with fuzziness
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and uncertainty and have been widely used in the fields of pattern recognition, medical
diagnosis, image processing, and management decision-making.

Intuitionistic fuzzy sets still have their shortcomings, which are difficult to deal with
uncertain and inconsistent information. For example, in the multi-voting process, 30% are
in favor, 20% are against, 10% abstain, and 40% are neutral or absent. This situation is
beyond the scope of intuitionistic fuzzy sets. In order to deal with the practical decision-
making problems similar to the above example, Professor Smarandache [11] proposed the
concept of a neutrosophic set in 1999. Neutrosophic set adds an independent uncertainty
measure to the intuitionistic fuzzy set. In other words, decision makers use membership,
uncertainty, and nonmembership degrees to describe the evaluation of things. It can be
said that the neutrosophic set is the expansion of the intuitionistic fuzzy set, which can
more finely describe the fuzzy essence of the real world. In the neutrosophic set, the
uncertainty is clearly quantified, and the degrees of truth, indeterminacy, and falsity are
completely independent. Like the above example, the neutrosophic set can be expressed as
x(0.3,0.4,0.2). Then it can well depict three aspects of a thing, and this is an advantage of
it over the classical fuzzy set. However, there are some difficulties for neutrosophic sets
in the application of many real engineering problems. To apply it easily in science and
engineering fields, Wang et al. [12] introduced a subclass of Smarandache’s neutrosophic set
named single-valued neutrosophic (SVN) set, which has become a useful tool for handling
various engineering problems. There are rich achievements in the theory and application
of fuzzy sets [13-20].

Fuzzy distance can represent the degree of differentiation between two fuzzy subsets.
It can be used for pattern recognition and information retrieval and can also be used to
optimize the weight in a comprehensive decision [21,22]. Fuzzy similarity measure is
an effective measurement tool for comparing the degree of similarity between two fuzzy
subsets. In a sense, distance and similarity measures can be represented by each other. In
recent years, some distance measures of SVN sets are also put forward, but the references
are still rare. Manhattan distance is a term coined by Herman Minkowski in the 19th
century. It is a geometric term used in geometric metric space to indicate the sum of the
absolute wheelbase of two points in the standard coordinate system. For two non-zero real
vectors x = (x1,X2,...,xy) and y = (y1,Y2, ..., Yn), Manhattan distance is defined as

m
d(x,y) =) |x —yj| e9)
j=1
Perlibakas [21] introduced a modified Manhattan distance as follows:

L %~ yjl

dm(x,y) = )

il Kyl

Modified Manhattan distance has been successfully applied in the field of face recogni-
tion and image analysis [23,24]. Elgamel and Dandoush [25] applied modified Manhattan
distance into a localization algorithm in ad-hoc wireless sensor networks, which has been
widely used in various engineering fields [26-29].

Many classical distances have been extended to SVN sets, such as Euclidean distance,
Hamming distance, etc. This paper will extend modified Manhattan distance to SVN sets
and put forward a new distance-based similarity measure. Based on the proposed similarity
measure, we will introduce a pattern recognition algorithm and a clustering algorithm.
A multi-attribute decision-making method is also proposed, in which two weighting
methods are proposed under an SVN environment when the attributes” weight information
is completely unknown and partially known. Furthermore, we will put forward a new
similarity measure-based decision-making (DM) method. Finally, some analyzed cases
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show that the proposed DM method, pattern recognition, and clustering algorithms are
effective and feasible.

2. Materials and Methods
2.1. Preliminary Knowledge

Some concepts and properties of SVN sets are introduced in this section. Let U be a
universal set.

Definition 1. A set P is defined in U characterized by three mappings Tp, Ip, Fp : U — [0,1] is
named an SVN set, if it has the following expression (Wang et al. [10])

P = {<u,Ts(u), I5(u), F5(u) > |u € U},

Here, T5(u) is truth-membership, I5(u) is indeterminacy-membership and F5(u) is falsity-
membership functions, and for all element u € U, they satisfy 0 < Tp(u) + I5(u) + Fp(u) < 3.
For convenience, the element < u, Ts(u), I5(u), F(u) > of P A is called as SVN value. If U
contains only one element, then < u, T (u), I5(u), F5(u) > can be denoted by < T, I5, F5 >.

Definition 2. Let P; = { < u, Tﬁ_(u),llgi(u),l-“ﬁi(u) > |u € U} (i=1,2) be two SVN sets in U,
then (Wang et al. [10])
(1) The complement of Py is

Pf = {<u,Fy (u),1— I (u), Ty (u) > [u€ U}

(2) P, C P, ifand only if Tﬁl(”) < Tﬁz(u),lﬁl(u) > Iﬁz(u),Pﬁl(u) > Fﬁz(u)for all uin U.
(3) Py = Pyifand only if P, C Py and P, C Py,

Definition 3. Let SVN(U) denote the set of all SVN sets in U, and S is a mapping S : SVN(U) x
SVN(U) — [0,1]. Then S (P, Q) is called the similarity measure between two SVN sets P and Q,
if it satisfies the following four properties (Ye [17]):

@0 sEQell]
(ii) S(Ii,g)zlzﬁin Q
(iif) S(f,Q)~: SN(Q,p) o o -
(iv) IfPCQCR,then S(P,R) < S(P,Q),S(P,R) < S(Q,R).

2.2. A New Modified Manhattan Distance and Similarity Measure of SVN Sets

This section will develop a new distance measure between two SVN sets based on
modified Manhattan distance.
For two SVN values a =< T,, I, F, > and b =< Ty, I, F, >, the difference between
a and b can be reflected by two vectorsx = (T;,1 —I,,1 — F;) andy = (Tp,1 — [, 1 — F,).
Then based on modified Manhattan distance dy;(x,y) with m = 3, we can define a distance
between a and b as follows:
T =Ty +[(1— L) = (L= L) |+[(1 - F) — (1 — F)]|

D) = L) T () X [Ty - (1= 1) + (1~ F)] ¥

According to Equation (2), we can establish a new distance measure for two SVN sets P =
{ <u,Ts(u),Iz(u),Fs(u) >|ue U} and Q = { < u, Té(u),lé(u),FQ(u) > |u € U} in
U = {uy,uy,..., u,} as follows:

| Tp(ui) — T (ui)| + (1= Ip(ui))

(1= I5(ui))| + (1 = Fp(ui)) — (1 = F5(u;))| @
)

[Tp(ui) + (1= Ip(ui)) + (1 = Fp(ui))] x [T (i) + (1 = I5(i)) + (1 = F5(u;))]
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It can be reduced to the following form:

. () = T )| + (1) — Iy ()| + | Fp ) — Fg ()]
D=3L7 2+T< T 1)~ ) ¥ (2 Tt ~ g~ Fyla))

Example 1. Let P = {< 1,0,08,02 >},Q = {<4,03,05,02 >} and R = {< 1,0.3,0.6,
0.0 >} be three SVN sets and if we regard them as IF sets P = {< 1,0,0.2 >},Q = {< u,0.3,
02>} ,and R = {<u,03,0.1 >} . According to IF number ranking rule proposed by Xu and
Yang [30], we have P < Q < R, and their distances should satisfy d(P,Q) < d(P,R) . We know
that Euclid distance measure of two SVN sets P and Q in U = {uq, ua, ..., uy} is

n

,11; [(Tp(ui) — Ty (wi)? + (Ip(u) — 1@(“:’)’) + (Fp(u;) — Fa(u;))?] (6)
Accordmg to Equation (6), we get dp (13, @) = 0.4243 > 0.4123 = dg (13, ﬁ) , which contra-

dicts with d(P, Q) < d(P,R) . Using our proposed distance measure (5), we have d 1 (P, Q)= 0.3750,

dy (P, R) = 0.4118 , which  satisfies d(P,Q) < d(P,R) . This example shows that the modified

Manhattan distance d (P Q) performed better than Euclid distance measure dg (P, Q).
According to dpg (P, Q) , we can construct the following information measure:

m(P,Q) = exp(—du (P,Q)) @)

In the following part, we will prove Sy (P, Q) is a valid similarity measure.
By straightforward calculation, we can easily prove the following lemma.

Lemma 1. Let a;, b;, ¢; (i = 1,2,3) be non-negative real numbers, and they satisfy 61 < dy < d3,
foreach 6 € {a,b,c} . Then

(i) lay—aa|+|b1 —bo|+|er—ca| - a1 —as|+[by —ba|+]|c1 —c3]

ar+br+co S a3+b3+c3
(i) lag—as|+|by—bs|+|co—cs| - |a1—as|+|b1—bs|+]|c1—cs]
H2+b2+C2 — El1+b1+C1

Theorem 1. Let U = {uq,uy, ..., u, } be a universal set. Suppose that D= {<u,Ts(u), I5(u),
Fs(u) > [ue Uyand Q = { < u, Ts(u), 15(u), F5(u) > |u € U} are two SVN sets. Then,
Sum (P, Q) is a valid similarity measure between SVN sets P and Q . That is, Sy (P, Q) satisfies
the properties (i)—(iv) of Definition 3.

Proof. (i) Obviously, if P = Q, i.e., T s(up) = Té(ui),lﬁ(ui) = Ié(ui),l-"ﬁ(u,») = FQ»(ui) for
all u; € U, then we have dy (P,Q) =0.

For a special case: P={<u1,00>ucUland Q = {<u,0,1,1>|uc U}, we
know that dy (P, Q) — .

Then 0 < dp(P, Q) < oo. Thus 0 < Sy (P,Q) < 1

(ii) When P = Q, dy; (P, Q) = 0. Then S (P, Q) = 1.

(iii) Obviously, Sy (P, Q) satisfies the symmetric properties.

(v)IfP C Q CR, ie,

Tp(u) < Tg(u) < Tg(u), I(u) > I5(u) > Ix(u), F5(u) > Fg
in U.

Then

(u) > Fz(u) for all u

Ty(u) < TQ( u) < Tp(u),1—TIp(u) <1— Ié(u) <1—Tx(u),1—Fp(u) <1 —Fé(u) <1—Fg(u),

for all uin U.
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According to Lemma 1, we have

IT5 (ui)—Tg (u)l+|(1—I5 (u;))—(1-I5(u)|+|(1-Fp (u;))—(1-F5 (u;))|
(T (ui)+(1=Tp (ui))+(1=Fp (u;))]x[Tg (ui)+(1-Ig5(u:)+1—F5(u;))]
|Tp () —Tg (u)|+|(A—1Ip () —(A—Iz (u)|+|(A1-F5 (u;))—(1—Fg (u;))]
= [Tp (u 1)+( =I5 (u;))+(A=Fp (u;))]x[Tg (ui)+QA-1Ig (u;))+(1—-Fg (u;))]
and
T (i) =T () |+ (1= I 5 (1)) = (1= (1)) |+ | (1= F (1) ) — (1= F (1) )|
[T (ui)+ ( I5(ui)+(1—Fg(u;))]x [ 7)) +(1— ( i)+(1- R( u;))]
< |T5(u;)—Tg (H)H\(l Iy (uz)) (1- [zllz))Hl(l F (i) —(1—Fg (u;))]
= [Tp(ui)+ ( I5(u ))+( Fp(u;))]x [T (u;)+(1— ( i)+(1-F ( i))]

Thus, we can conclude that
dn(P,R) > dy(P,Q), du(P,R) = du(Q,R) }
Consequently, we have
Su(P,R) < Su(P,Q), Su(P,R) < Su(QR)}.0

Now, we will observe the performance of Sy (P, Q). There are many similarity mea-
sures of SVN sets that have been proposed. For example, Ye [31] introduced three sim-
ilarity measures between SVN sets based on vector similarities: Jaccard similarity mea-
sure S ](15, Q), Dice similarity measure Sp (P, @), and cosine similarity measure Sc(P,Q).
Ye [32,33] put forward similarity measures (C; (P, Q), C2(P, Q), CoTy(P,Q), CoT»(P,Q))
of SVN sets based on cosine and cotangent functions, respectively, and applied them to
deal with medical diagnosis. For more references to SVN sets, one can refer to the work
of [34-38].

Example 2 will provide a comparison analysis between them with the proposed similar-
ity measure. For convenience, we always suppose that U = {uq, uy, ..., 1y} is the universal
set,and P = { < u, T5(u), I5(u), F5(u) > |u € U} and Q={<u, Té(u),lé(u),l:@(u) >
|u € U} are two SVN sets in U, and let

V(P) = T3(u;) + I3(;) + F3(us),

V(Q) = Tg(us) + I3 (us) + F3(us),

COV(P, Q) = Tp(us) Ty (ui) + I (ui) L5 (ui) + Fp (1) Fiy (1)
Some existing similarity measures are briefly introduced in (1)—(6).

(1) Jaccard vector similarity-based similarity measure:

1 cov(ﬁ, Q)
ﬁi; V(P) + V(Q) — COV(P,Q)

S;(P,Q) =
(2) Dice vector similarity-based similarity measure:

3) 10
)= iV E 1 vo)

200V ( P,Q)
V(Q)

(8) Cosine function-based similarity measure:

ey - Lf QPO

S \vEv@
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(4) Improved cosine function-based similarity measure:

cos | Fmax (| Tp(us) — To (), |1(1) = I ()], [Fp(us) = g ()] )|
cos % (1Tp(ms) — Tg(ue) |+ |1p(us) = Ig(u)| + |Fp(us) = Fy ()] )]

Cl(ﬁlé) = %

i

CZ(ﬁ/Q) %

™M=

1

(5) Tangent function-based similarity measure:

Ti(P,Q) =1~ # 1. tan[ Fmax (| () - TQ(ui>|,|1ﬁ(ui> — I (i), | Fp(u) = Fg ()] |
To(P, Q) =1~} . tan [ (1Tp(u) — To(w)] + 11p(00) — Is(w) | + [Fp(u) — Fs(ws) )|

(6) Cotangent function-based similarity measure:

CoT1(P,Q) = §; 1 cot| § + Fmax(|Tp(u) — T ()|, | 15(1s) — I ()|, | Fy() = Fi (1))
CoT1(P,Q) = §; 1 cot| § + f5 (| p(m) = T (us)|, | 15(04) — I (m)| | Fy() = Fi (o))
Example 2. To compare the performance of our proposed similarity measure with other existing
similarity measures, we consider a pattern recognition problem with six pairs of SVN sets, and here,

we let U = {u} be the universal set. Table 1 shows the similarity values under the above-mentioned
similarity measures and the proposed similarity measure.

Table 1. Values of the similarity measures under different pairs of (P, B).

Case 1 Case 2 Case 3 Case 4 Case 5

p <0.3,03,04> <03,0304> <040206> <04,04,02> <04,04,02>

0 <0.4,03,04> <040303> <020203> <050203> <050302>
S;(P,Q) 0.9737 0.9429 0 0.8500 0.9474
Sp(P,Q) 0.9867 0.9706 0 0.9189 0.9730
Sc(P,Q) 0.9910 0.9706 Null 0.9193 0.9733
C1(P,Q) 0.9877 0.9877 0 0.9511 0.9877
C,(P,Q) 0.9986 0.9945 0.8660 0.9781 0.9945
T1(P,Q) 0.9213 0.9213 0 0.8416 0.9213
T>(P, Q) 0.9738 0.9476 0.7321 0.8949 0.9476
CoTy(P,Q) 0.8541 0.8541 0 0.7265 0.8541
CoT»(P,Q) 0.9490 0.9004 0.5774 0.8098 0.9004
Sm(P,Q) 0.9639 0.9329 0.8321 0.8948 0.9460

From Table 1, we know that C; (P, Q) and T; (P, Q) cannot distinguish the recognition
between Case 1 and Case 2. For Case 3, counter-intuitive cases are bold italic, and there
only Co(P,Q), T»(P,Q), CoT»(P, Q) and Sp(P, Q) are reasonable similarity measures. For
Case 4 and Case 5, all similarity measures have well recognition results. Then in this
example C;(P, Q), T»(P, Q), CoT»(P, Q) and Sp;(P, Q) are more valid similarity measures
than others.

3. Results
3.1. Application in Pattern Recognition

In pattern recognition, each object observed becomes a sample. For each sample, it is
necessary to determine some factors related to the identification. As the basis of the study,
each factor becomes a feature. A pattern is a description of the characteristics of a sample.

If a sample X has 7 features, and the values of features are expressed by SVN values.
Then X can be regarded as an n-elemental SVN set. The problem of pattern recognition is
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to judge whether the pattern X belongs to some known patterns P (k = 1,2,--- ,m). Then

a new similarity-based pattern recognition algorithm is given as follows:

Step 1: Choose the set of known patterns P = {151, 152, eeey ﬁm} and the set of characters
(indicators, attributes) U = {uq,up,..., uy}. N

Step 2: Depict the target to be identified, assume the target is X.

Step 3: Calculate similarity measure between X and P; according to Equation (5).

Step 4: Recognition criteria: Assign the object X to ﬁko if S(ﬁko, X) is maximal among all
S(P,X)(i=1,23).

Example 3. There are three known patterns ﬁk (k=1,2,3)in U = {uy,up, uz} , and we assume

Q is an unknown object. They are modeled by SVN sets shown in Table 2. We need to classify the

object Q into some classes Py (k = 1,2,3).

Table 2. SVN sets expression of patterns and similarity values.

Uy Uy U3 Sm(A;, B)
D <09,02,01> <08,0201> <070201> 0.9329
P, <08,02,02> <0901,02> <09,01,01> 0.9297
Dy <07,03,01> <08,01,02> <080.1,02> 0.9438
e} <05,03,02> <06,0302> <08,02,01>

Because S M(ﬁg,@) > Sp (fl,é) > Su(Py, @), then, according to the recognition
criteria, the object Q belongs to Ps.

Example 4. Medical diagnosis problems are often complex, but with the help of artificial intelligence
technologies, doctors can use information based on experience or historical data to make decisions.
Wang et al. [39] pointed out that SVN sets are more suitable tools in tracking medical diagnosis
problems than Zadeh’s fuzzy set. Here we use the pattern recognition method to deal with a medical
diagnosis problem.

Let D be a set of diseases (diagnoses), and here D = {Viral fever (D;), Malaria (D),
Qs Typhoid (D3), Stomach problem (Dy), Chest problem (Ds)}. Supposed that U is a set
of various symptoms, and here U = {Temperature (1), Headache (u7), Stomach pain (u3),
Cough (u4), Chest pain (u5)}. Each diagnosis [~)j (j =1,2,3,4,5) is modeled by an SVN set.
A patient P comes to see the doctor, and the corresponding symptoms are also represented
by the SVN sets. The data information and similarity values between the patient and each
diagnosis can be found in Table 3.

Table 3. SVN sets expression of diagnoses and patient.

U up u3 Uy us Sm(D;, P)

Dy <0.4,0.6,0.0> <0.3,0.2,0.5> <0.1,0.2,0.7> <04,0.3,03> <0.1,0.2,0.7> 0.7254
D, <0.7,0.0,0.3> <0.2,0.2,0.6> <0.0,0.1,0.9> <0.7,0.3,0.0> <0.1,0.1,0.8> 0.6601
Ds <0.3,04,03> <0.6,0.3,0.1> <0.2,0.1,0.7> <0.2,0.2,0.6> <0.1,0.0,0.9> 0.7154
Dy
Ds
P

<0.1,02,07> <0.2,04,04> <0.8,0.20.0> <0.2,0.1,0.7> <0.2,0.1,0.7> 0.6750
<0.1,0.1,0.8> <0.0,0.2,0.8> <0.2,0.0,0.8> <0.2,0.0,0.8> <0.8,0.1,0.1> 0.6246
<0.8,0.1,0.1> <0.8,0.1,0.1> <0.0,0.6,04> <0.2,0.1,0.7> <0.0,0.5,0.5>

Our task is to determine the patient P belongs to which diagnosis of 51- (i=12,...,5),
respectively.

Among all the values, Sy;(D1, P) is largest. Hence the patient P is diagnosed as D;
(Viral Fever).
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3.2. Application in MADM Problems
Consider that a MADM problem includes an alternative set {131, 132, cee, ﬁm} and an

attribute set {u1,up, -, un}. pij =< Tjj, lij, Fij > is the evaluation value of 131 on u;. This
section will propose a new DM method, described in Figure 1, which is on the basis of the
modified Manhattan distance and its-based similarity measure of SVN sets.

Description of MADM model (Attribute values expressed by SVN values)

Construct a new distance based on modified Manhaffan distance

v

Establish a new similarity measure based on proposed distance

Y
Y k4
Maximizing Determine Establish an Optimization
deviation method | attribute weights l Model (Using similarity)

Y

Calculate the similarity between each alternative with PI5

Y

Rank all alternatives

Figure 1. Flow chart of the fuzzy MADM model under SVN environment.

Let w; be the important degree (weight) of the attribute u;, and w = (wy, wa, - - -, w)’
be the weight vector. The determination of attribute weights is a hot topic [40-43]. This
subsection will introduce two weighting methods using proposed distance and similarity
measures for the above-mentioned two cases.

(1) When the attribute weight information is completely unknown, Wang [44] introduced
the maximizing deviation method to determine the weights with the following formula:

m m . -

X X dm(pij, pyj)
i=1k=1

n m m . -
Y X X du(pij prj)
o s

w; = , j=12,...,n (8)

where d(p;j, Py;) is the modified Manhattan distance between p;j and py; defined in Equation (5),
that is,

i) — T3~ Tl 1l = Tl + [y — g
M\Pijs Pkj 2+ Tj—Lj— Fj) x 2+ Tj — Lij — Fj)

©)
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(2) When the attribute weight information is partially unknown, Ren et al. [45] introduced
an optimization programming model:

maxS =Y ¥ w;iSm(pij, ?]Jr)
(10)

Here H is the set of known information of weights and Sy (pj, 'ﬁ;”) is the similarity
measure between ﬁij and ﬁ;r:< 1,0,0 >, that is,

)

Sm(pij P}’ exP( 32+ T;—Lj— F;

The optimal solution w* of model (9) can be chosen as the attribute weights. Then we
proposed a new MADM algorithm as follows:
Step 1. Calculate the attribute weights according to (7) and (8) or (9) and (10);
Step 2. Define the positive ideal solution (PIS) P* = (p,, 75, - -, p;), where ;7;“ =<1,0,0 >

G=12---,n).
Step 3. Calculate the similarity measures between alternative P; with PIS, respectively,
as follows:

e i o n 1—Tj+ I+ F;
S(P, P) =Y wiSm(pij, i) = Ewexp(— A ) (12)
i = ] yrFj a ] 3(2+ Tij _ Iij — Fi')

Step 4. Rank the alternatives according to S (P, Pt) with the rule:

The larger the value of S(P;, P*) corresponds to the better alternative.
Now, two examples will be used to illustrate the effectiveness and feasibility of the
proposed DM method.

Example 5. Under economic globalization and fierce business competition, with the expansion of
enterprise scale, enterprises need to introduce ERP management systems to improve their competi-
tiveness. ERP is developed by MRP 1I gradually evolved, mainly to integrate internal and external
resources of the enterprise, to carry out a series of enterprise process transformations, improve the
enterprise system, and enhance the competitiveness. Its content includes procurement, financial
management, production and manufacturing, sales, research and development, human resources,
and other functional modules. It can be further extended to the outside, combined with supply
chain management, customer relationship management, and business wisdom. A set of software
packages with perfect functions, high complexity, high risk, and expensive import process. Based
on the above characteristics, if an enterprise wants to develop its own software system, it needs to
invest many human resources, material resources, time, and money, which is totally not in line with
the economic benefits. Therefore, it is considering economic benefits, and it adopts the experienced
package software suppliers to purchase the existing ERP package software so as to save the system
development cost and shorten the import time and grasp more business opportunities.

At present, with the expansion of enterprise scale, an enterprise urgently needs to
implement ERP management. After preliminary investigation and screening, a set of
five alternative ERP soft wares {131, 132, cee, 135} is finally determined for selection. The
evaluation indexes are set up according to the six principles of completeness, relevance,
hierarchy, conciseness, measurability, and independence. According to the following five
evaluation indexes (attributes), the ERP software is ranked and selected. These evaluation
indexes are: system cost (u1), function satisfaction degree (1), system stability (u3), software
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reputation (u4), and service level (u5). After expert investigation and statistical analysis,
the evaluation results of these five ERP soft wares (schemes) about these five evaluation
attributes are obtained, which are expressed by SVN values. The evaluation values are
shown in Table 4.

Table 4. Evaluation attributes information expressed by SVN values.

Evaluation Attribute

ERP
Software uq Uy us Uy us
Py <0.55,0.1,0.4> <0.45,02,03> <0.5,0.3,0.3> <0.7,0.1,0.2> <0.8,0.2,0.1>
P, <0.6,03,0.3> <0.55,0.2,04> <0.6,0.35,04> <0.7,0.2,0.1> <0.7,0.1,0.2>
2 <0.6,0.25,03> <05,0.150.2> <05,0.1503> <0.6,0.2,0.2> <0.7,0.2,0.2>
Py <0.7,03,04> <0.6,0.3,0.25> <05,0.2,0.4> <0.6,0.3,0.4> <0.7,0.1,0.4>
D5 <0.65,0.2,03> <0.55,02,03> <05,0.1,02> <0.750.2,03> <0.65,0.050.2>

In order to determine the best ERP management software, the method proposed in
this paper is used to rank and select the best ERP management software.
The calculation steps are given as follows:

Step 1. According to (7) and (8), the attribute weights are solved as
w1= 0.1914, wr= 0.1858, w3= 0.2412, wy= 0.2184, ws= 0.1632.

Step 2. Define PISas P* = Py, Py,

Step 3. According to Equation (10), we can get the similarity measures among P; with PIS
as follows:

,Ps ), where ﬁf =<10,0>(G=12--,5).

S(Py, P*) = 0.8559, S(P,, P+) = 0.8536, S(P3, P+) = 0.8402,
S(P,, P*) = 0.8868, S(P5, P+) = 0.9116

Step 4. Dueto S(P5,P+) > S(P4, P+) > S(Py, P+) > S(P3, P*) > S(P,, P*), then the rank
orderis Ps = Py = P; = D3 = P, and Ps is the best ERP management software.

Example 6. A new energy vehicle manufacturer wants to find the most suitable lithium battery
supplier within a limited time. After market research and preliminary investigation, five alternative
lithium battery suppliers are finally determined. After discussion by the decision-making leaders, it
is decided to score each supplier according to the following five indicators: product price (u1), risk
factors (up), product quality (us), supplier situation (u4), and supplier service performance (us).
The evaluation values are SVN numbers shown in Table 5.

Table 5. Evaluation attribute value of each alternative supplier.

Evaluation Attribute

Supplier
Uy Uz u3 Uy Us
Py <0.7,02,025> <08,01,02> <070201> <0.70302> <0.8,0.1,03>
P, <0.65,0.2,0.1> <0.7,01,03> <08,0.3,0.2> <0.6,0202> <0.70.3,0.1>
P3 <0.8,0.150.2> <0.8,02,04> <0.7,0203> <0.70.1,03> <0.8,0.1,02>
A <0.65,0.15,0.2> <0.7,02,02> <0.6,0.1,04> <0.70202> <0.70.1,02>
Ps <0.6,0.250.2> <0.7,01,02> <08,0.201> <0.70.1,01> <0.70.2,02>

Assumed that the attribute weight information is partially known and
H={(wy,...,ws)]0.2 <w; <0.35,0.05 < wp <0.25w; <ws <0.35,wg —wy <0.1,0.2 <ws <04}

Now, we use the method proposed in this paper to rank and select the best suppliers.
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Step 1. According to (9) and (10), we have the optimization model:

max S = 4.5147w, + 4.5118w, + 4.5485w3+4.5143w,+4.5826ws
02 <w <035
0.05 <wy <0.25
wy < ws
w3 < 0.35
wy —wp <01
02<ws <04
w1+ wy +ws+ws+ws =1
w;>0,j=12,...,5

s.t.

Then the attribute weights can be solved as
w1= 0.2, wr= 0.05, wz= 0.25, wy= 0.1, ws= 0.4.

Step2. Define PISas P™ = (5,,---,p4) = (< 1,0,0>,---,<1,0,0 >).
Step 3. According to Equation (11), we can get the similarity measures between P; with
PIS as follows:

S(Py, P+) = 09124, S(P,, PT) = 0.9034, S(Ps, P) = 0.9159
S(P,, P+) = 0.9083, S(P5, P) = 0.9101

Step4. Due to S(P3, Pt) > S(P;,Pt) > S(Ps,PT) > S(Py, Pt) > S(P,, P*), the rank
order is

133>1F51%I’55> ﬁ4>§2
and P; is the best desirable supplier.

3.3. Application in Clustering Analysis

Cluster analysis is not only an important research method in the field of data mining
but also a very important decision-making method in the field of management decision-
making. This section will develop a neutrosophic fuzzy netting clustering algorithm based
on the new similarity measure.

The network clustering algorithm was first proposed by Zhao [46]. Its feature is to
cluster directly on the cut matrix of the fuzzy similarity matrix, and the classification results
are consistent with those when using the maximum and minimum transitive closure of
the fuzzy similarity matrix. Wang et al. [47] and Ye [48] developed a network clustering
algorithm under intuitionistic fuzzy and neutrosophic fuzzy environments, respectively.

Leta Clustering problem contain m objects A1, Ay, - - - , Ay and n characteristic indexes:
01,02, -+ ,0,. The measurement (evaluation) value of object A; under characteristic index
0jis an SVN p;; =< Tj;, I;j, F;; >. It is required to classify this object. This paper will
propose a new intuitionistic fuzzy netting clustering method based on similarity measures.
The steps are as follows:

Step 1: Calculate the fuzzy similarity matrix S = (sj),,,,» Where

| Tyj — Tij| + |1 — Iij| + |Fij — Fyl

(2+Tj — Lij — Fj) x (24 Tij — I — Fyj)

Sik = exp | —

Step 2: Select appropriate parameters A € [0, 1], calculate the corresponding A — cut matrix
R), and only keep the main diagonal and the lower left element of A — cut matrix
1sik = A

Ry = (r}),,,y Where . = { 0 sy <A
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Step 3: Replace the main diagonal element “1” with the index i of A;. Remove the “0” at

the lower left of the main diagonal, replace “1” with “*” and call the position of “*”
as the node, then we get R};
Step 4: Connect the node with the label on the diagonal with horizontal and vertical lines,
that is, netting. The objects connected by knotting in this way are classified into
one category.

Now, an example will be used to illustrate the effectiveness and feasibility of the
proposed fuzzy clustering algorithm.

Example 7. Suppose an automobile market wants to classify five different vehicles A1, A,, . .., As.

After expert discussion, the following six evaluation indexes (attributes) are determined: 01 (fuel
consumption), oy (friction degree), o3 (price), o4 (comfort); o5 (Design) and og (safety). The SVN
evaluation matrix of these vehicles is shown in Table 6.

Table 6. Evaluation attribute value of each vehicle.

A A, As Ay As
o1 <02,0205>  <040103>  <040403> <030405>  <0.6,0204>
02 <0504,0.1>  <0.60302>  <0.60401>  <030501>  <0.3,020.6>
03 <0.60203>  <050201>  <050402> <070202>  <050203>
04 <07,0201>  <040303> <050302> <070201>  <0.6,030.1>
05 <02,0306>  <050203>  <080105>  <020306>  <0.4,0202>
06 <04,0304>  <040403>  <070202>  <01,0304>  <03,0202>

Now, we use the proposed netting clustering algorithm for the classification of the
five vehicles. The clustering steps are described as follows:

Step 1. Calculate the fuzzy similarity matrix S as follows:

1.0000 0.9331 0.8577 0.8816 0.8835
0.9331 1.0000 0.8577 0.8105 0.8835

0.8577 0.8577 1.0000 0.7562 0.9125

0.8816 0.8105 0.7562 1.0000 0.8286
0.8835 0.8835 0.9125 0.8286 1.0000

Step 2. (i) For the case of A € (0.9331,1], we get A — cut matrix with the form:

Then we have

1

5

and then these vehicles are divided into five categories: {A1}, {A2},{A3}, {A4}, {As5).
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(ii) For the case of A € (0.9125,0.9331], we get A — cut matrix with the form:

—_
—_

and

*
N

5

and then these vehicles are divided into four categories: {A1,A42},{A3}, {A4), {As}).
(iii) For the case of A € (0.8835,0.9125], we get A — cut matrix with the form:

1
1 1
R, = 1
1
1 1
and
1
x 2
R} = 3
4
* 5

and then these vehicles are divided into three categories: {A1,A3}, {A3,As5}, {A4).
By similar calculation, we also have the following results:

(iv) For the case of A € (0.8816,0.8835], these vehicles are divided into two
categories: {A1,Ay,A3,As5}, {As);

(v) For the case of A € (0,0.8816], these vehicles are divided into one category:
{A1,A2,A3,Ay,As}.

4. Conclusions

A novel distance measure of SVN sets is established based on modified Manhattan
distance. Then, a new similarity measure between two SVN sets is put forward using the
proposed distance formula. By a comparable analysis, we find that the new similarity
measure can overcome some counter-intuitive cases, which is more valid than most existing
similarity measures.

For further applications, we develop an algorithm in pattern recognition and clustering
analysis. A new DM method for MADM problem under SVN environment is also proposed.
Two weighting methods were also proposed. When the attribute weights information is
completely unknown, we develop maximizing deviation method to determine the weights
of the attribute. When the attribute weights information is partially known, we establish
an optimization model based on the proposed similarity measure for solving weights.
Two examples are introduced to illustrate the feasibility and effectiveness of the proposed
DM method.

The pattern recognition algorithm and clustering algorithm can be used in some
engineering practice and medical diagnosis problems. The proposed DM method could
also be applied to other evaluation problems, such as the assessment of construction safety
and water quality evaluation.
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In the future, we will study fuzzy image segmentation using the proposed distance
and similarity measures.
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