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Abstract

The traditional picture hesitant fuzzy aggregation operators are generally suitable for aggre-
gating information acquired in the form of picture hesitant fuzzy numbers, but they will fail
in dealing with interval-valued picture hesitant fuzzy information. In this paper, we describe
the notion of interval-valued picture hesitant fuzzy set and the operational laws of interval-
valued picture hesitant fuzzy variables. Moreover, we derive some dynamic interval-valued
picture hesitant fuzzy aggregation operators (based on Einstein operators) to aggregate the
interval-valued picture hesitant fuzzy information collected at different periods. Some desir-
able properties of these aggregation operators are discussed in detail. In addition, we develop
the approaches to tackle the multi-period decision-making problems, where all decision
information takes the form of interval-valued picture hesitant fuzzy information collected at
different periods. In an attempt to illustrate the applications of the proposed approaches, two
numerical examples are given to measure the impact of Coronavirus Disease 2019 (COVID-
19) in daily life and to identify the optimal investment opportunity. Finally, a comparative
analysis of the proposed and existing studies are conducted to demonstrate the effectiveness
of the proposed approaches. The presented interval-valued picture hesitant fuzzy operations,
aggregation operators, and decision-making approaches can widely apply to dynamic deci-
sion analysis and multi-stage decision analysis in real life.
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1 Introduction

In 1965, Zadeh (1965) introduced the idea of fuzzy logic which is the expansion of binary
logic. When handling a few involute systems, due to the flexibility of membership of fuzzy
logic, many generalized styles of the fuzzy set (FS) and fuzzy element (FE) were developed
in the following year. Some of these are as follows: interval-valued fuzzy set (IVFS) Sambuc
(1975), in which value of membership in the fuzzy set is interval; intuitionistic fuzzy set (IFS)
Atanassov (1986, 1989), which is created by integrating the function of non-membership into
the form of a fuzzy set; interval-valued intuitionistic fuzzy set (IVIFS) Atanassov and Gargov
(1989), in which values of membership and non-membership in the intuitionistic fuzzy set
are intervals. These paradigms were studied by many researchers in various aspects (Kamac1
2019; Karaaslan and Karatas 2016; Khan and Zhu 2020; Khan et al. 2019a; Petchimuthu et al.
2020; Petchimuthu and Kamaci 2020; Riaz and Tehrim 2019, 2020). Many researchers dealt
with the extended types of IFSs that stretch the underlying requirement of IFS that the sum of
membership degree and non-membership degree is less than or equal to 1 (Naeem et al. 2019;
Riaz et al. 2020; Wang et al. 2020; Wang and Li 2020). In 2010, Torra (2010) introduced the
notion of a hesitant fuzzy set, which permits the membership to have a set of possible values.
This paradigm allows overcoming some situations in which experts hesitate between several
possible membership values to assess an alternative. Xia and Xu (2011) defined a few oper-
ational regulations for HFS based on the algebraic t-norm and t-conorm, and then advanced
several hesitant fuzzy aggregation operators to aggregate hesitant fuzzy information. Many
authors (Deli and Karaaslan 2020; Wei 2012; Zhang 2013a; Zhu et al. 2012b) developed
different types of aggregation operators to aggregate the possible values of membership of
alternatives in the decision making under the surrounding of HFS. Chen et al. (2013) and
Wei et al. (2013) generalized the framework of the HES to the interval-valued hesitant fuzzy
set (IVHES). They argued that the membership degrees in an IVHES can be both the set of
exact fuzzy numbers and the set of interval-valued fuzzy numbers. Jin et al. (2016) advanced
the Einstein prioritized aggregation operators for the interval-valued hesitant fuzzy variables.
Beg and Rashid (2014) blended the notions of IFS and HES to create a brand new perception
referred to as the intuitionistic hesitant fuzzy set (IHFS). Zhang (2013b) studied the interval-
valued intuitionistic hesitant fuzzy set IVIHFS), which is the generalized form of IHFSs,
and their basic properties. Zhu et al. (2012a) proposed the idea of hybridization of a hesitant
fuzzy set with duality, and thus initiated a dual hesitant fuzzy set (DHFS) including possible
values of membership and non-membership. They investigated some fundamental operations
and properties of DHFS. Moreover, Wang et al. (2014) advanced a few aggregation operators
based on dual hesitant fuzzy elements (DHFEs), such as the dual hesitant fuzzy weighted
average, weighted geometric, ordered weighted average, ordered weighted geometric, hybrid
average, and hybrid geometric operators. In Ju et al. (2014b), the authors derived some dual
hesitant fuzzy Hamacher average and geometric aggregation operators to apply in a multiple
attribute decision-making problem. Ju et al. (2014a) generalized the dual hesitant fuzzy set
to interval-valued dual hesitant fuzzy set (IVDHFS) and developed the interval-valued dual
hesitant fuzzy aggregation operators. Moreover, Zhang et al. (2014) published a paper on
the interval-valued dual hesitant fuzzy Einstein weighted aggregation operators like ordered
weighted average operator, ordered weighted geometric operator, hybrid average operator,
and hybrid geometric operators. On the other hand, Cuong (2014) proposed integrating the
grade of indeterminacy into the structure of IFS and defined a picture fuzzy set (PFS), which
is characterized by the degrees of positive membership, neutral membership (or indetermi-
nacy), and negative membership (or non-membership). They pointed out that the simplest
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constraint is that the sum of the three degrees must not exceed 1. This constraint allows PFSs
to have a different structure than neutrosophic sets (see: Akram et al. 2018; Kamaci 2020;
Riaz and Hashmi 2020; Smarandache 1998; Tehrim and Riaz 2019 for neutrosophic sets).
In addition, many researchers derived various aggregation operators to aggregate the picture
fuzzy aggregation information, e.g., the picture fuzzy aggregation operators and picture fuzzy
Hamacher aggregation operators (Wei 2017, 2018), the picture fuzzy aggregation operators
based on Einstein operations (Khan et al. 2019b), and the picture fuzzy hybrid averaging
operator (Garg 2017). In Khalil et al. (2019), a generalization of the concept of picture fuzzy
set was given in the spirit of ordinary interval-valued fuzzy sets, and thus initiated the the-
ory of interval-valued picture fuzzy set (IVPFS). Wang and Li (2018) introduced picture
hesitant fuzzy set (PHFS) by combining the PFS and HFS, and proposed the generalized
picture hesitant fuzzy weighted aggregation operators and the generalized picture hesitant
fuzzy prioritized weighted aggregation operators to solve the multi-criteria decision-making
(MCDM) problems.

In general, the above studies were dedicated to proposing models aggregating the hesi-
tant/picture/picture hesitant fuzzy information in the same period. However, some complex
decision-making problems have to consider the performance of alternatives at the different
periods. Such problems are said to be multi-period decision-making (MPDM) problems,
where information is collected in time moments of a period. In recent years, many authors
investigated the temporal generalized versions (often called dynamic) of the existing hesi-
tant/picture/picture hesitant fuzzy aggregation operators and discussed their efficiency in the
MPDM. For instance, Lin et al. (2008) created a dynamic multi-attribute decision-making
model with grey number evaluations, Peng and Wang (2014) proposed dynamic hesitant
fuzzy aggregation operators to deal with multi-period decision-making problems. While the
current picture hesitant fuzzy aggregation operators are suitable for aggregating the picture
hesitant fuzzy information collected at the same period, these aggregation operators cannot
be used to deal with MPDM problems under the picture hesitant fuzzy environment.

Based on the above analysis, we find that how to extend the PHES to interval-valued
picture hesitant fuzzy set (IVPHFES), where the degrees of positive membership, neutral
membership, and negative membership are the sets of possible fuzzy intervals and how to
aggregate the interval-valued picture hesitant fuzzy information collected at different periods
are meaningful research issues. This paper is motivated to fill these research gaps in the
literature. Now, we discuss some important objectives of this study.

1. In some real-life problems based on the nature of PHFS, the degrees of positive mem-

bership, neutral membership, and negative membership may be the sets of possible fuzzy
intervals. The PHFS fail in such situations. To overcome these deficiencies, the concept
of IVPHFS that extends the intuitive, hesitant, and picture hybridizations of fuzzy sets
is defined. The relationship among interval-valued picture hesitant fuzzy set and several
existing fuzzy sets is presented in Fig. 1.
The IVPHEFSs allow the membership of objects that cannot be characterized by the exist-
ing fuzzy sets (in Fig. 1) to be clearly described. In addition, the basic operations and
relations presented for IVPHFSs and IVPHFEs contribute to both theory and practice in
fuzzy mathematics.

2. The existing types of picture hesitant fuzzy aggregation operators are suitable for aggregat-
ing the picture hesitant fuzzy information collected in the same period. But these existing
aggregation operators cannot deal with situations, where information is collected at the
different periods. To fuse interval-valued picture hesitant fuzzy information collected at
the different periods, the dynamic interval-valued picture hesitant fuzzy aggregation oper-
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Fig. 1 Relationship among interval-valued picture hesitant fuzzy set and other fuzzy sets

ators (based on Einstein operations) and their generalized forms are proposed. Each of
these proposed dynamic aggregation operators proceeds differently during calculations,
and so it is put forward that in some cases one can be superior to the other. It is obvious that
if it is taken as r = #1 (i.e., the period has only one time moment) in the formulations of
dynamic interval-valued picture hesitant fuzzy aggregation operators then these dynamic
aggregation operators turn into traditional interval-valued picture hesitant fuzzy aggrega-
tion operators. Thus, it is highlighted that the developed dynamic aggregation operators
aggregate interval-valued picture hesitant fuzzy information collected both at the same
period and the different periods.

3. It is not possible to solve the multi-period decision-making problems using the existing
picture hesitant fuzzy arguments. This study proposes the approaches using the developed
dynamic interval-valued picture hesitant fuzzy aggregation operators to deal with diverse
situations during multi-period decision-making process under the interval-valued picture
hesitant fuzzy environment. In addition, it is shown that these approaches can be applied
to real-life problems such as measuring the impact of COVID-19 and determining the
optimal choice of investment.

The remainder of the paper is prepared as follows: in Sect. 2, the concept of IVPHFS and
some interval-valued picture hesitant fuzzy aggregation operators that can be used to fuse
time-independent interval-valued picture hesitant fuzzy arguments are introduced. Section 3
describes some new dynamic interval-valued picture hesitant fuzzy weighted aggregation
operators and their generalized versions to aggregate interval-valued picture hesitant fuzzy
information collected at different periods. In Sect. 4, the notions of (generalized) dynamic
interval-valued picture hesitant fuzzy weighted aggregation operators based on Einstein oper-
ations and their essential properties such as idempotency, boundedness, and monotonicity
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are given. Section 5 proposes two approaches using new dynamic aggregation operators to
the MPDM, where all decision information takes the form of interval-valued picture hesitant
fuzzy information collected at different periods. The numerical examples are given to illus-
trate how to apply the developed decision-making approaches. Section 6 is devoted to the
comparative analysis, followed by concluding remarks in Sect. 7.

2 Interval-valued picture hesitant fuzzy set

In this part, we introduce the concepts of interval-valued picture hesitant fuzzy set and
interval-valued picture hesitant fuzzy element. Moreover, we give some essential notions
(like union, intersection, aggregation operators) for interval-valued picture hesitant fuzzy
elements.

From now on, 1911 denotes the set of all closed subintervals of [0, 1]. If x € 1% then
x = [xL, xU1, such that x~ < xY.

Definition 2.1 Let Q be a nonempty and finite set. 7% denotes the set of all closed subinter-
vals of [0, 1]. Then, an interval-valued picture hesitant fuzzy set (IVPHFES) P in Q is defined
as

P=1{q.0@):qe 0 =1g.3q),B@).7@):qe Q)

where @, E , ¥ are, respectively, the positive membership function, neutral membership func-
tion, and negative membership function of the set P, and each of them when applied to
Q returns a subset of 1'%, For each q € 0, a(q), E(q) and Y(q) are the sets of some
closed subintervals of [0, 1], denoting the possible degrees of positive membership, neu-
tral membership, and negative membership of ¢ € Q to the set P, respectively. That
isa(q) = {a: a=lal,aV] € 10}, B(q) = (b : b = [bL,bY] € 1191} and
P@)={c: c=[ct, Vel 1011} with the following condition

0 < Ay + binax + Ciax < 1
where
al = U max{a¥}, ¥ = U max{bY}andcY = U max{cV}.
lal.aV el (q) [b-.6V1eB(q) [k .cV]eF(q)

For convenience, the triplet $(g) = {a(q), E (q), ¥(q)} is called an interval-valued picture
hesitant fuzzy element (IVPHFE), denoted by

p=@p.v= U {{la". aV1}. {1p", bV} (1", U3}
lal,aVlea, [bL.bV1eB, [cl.cV]ey

2.1)

or
{la",a"]}

p=1@B7)= U (b=, b1} ¢ (2.2)
ol .aV1eq, bt bV 1ep, [ck.Viep | {lck, eV}

Throughout this paper, the term IVPHFE may sometimes appear as interval-valued pic-

ture hesitant fuzzy variable (IVPHFV) or interval-valued picture hesitant fuzzy number
(IVPHEN). P denotes the set of all IVPHFEs (or IVPHFVs/IVPHENs) on Q.
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Example 2.2 Air pollution is due to many reasons such as industrial wastes and fumes, heat
and fume of vehicles and machinery, uncontrolled thermal power plants, and irregular heat-
ing systems (excessive coal consumption, and so on). Considering the areal and temporal
variability of air pollution and the uncertainties that cause pollution, it may not be sufficient
to create the membership (or non-membership) degree based on the fuzzy logic or the intu-
itionistic fuzzy logic for the air pollution of each city. This can be considered as an illustrative
example of interval-valued picture hesitant fuzzy logic.

Let Q = {q1 = Ankara,q, = Istanbul,qz = Yozgat,qs = Antalya} be a set of
five cities in Turkey. According to air pollution” of the cities, we can create the [IVPHFS as
follows:

(q1,1{[0.2,0.4]}, {{0.1, 0.3], [0.2, 0.4]}, {[O, 0.1], [0.1, 0.2]}),
P (g2, {[0.1, 0.31}, {[0.2, 0.2], [0.3, 0.4], [0.2, 0.5]}, {[O, 0.11}}),
| (g3, {[0.2,0.35], [0.3, 0.4]}, {[0.1, 0.25], [0.2, 0.3]}, {[0.1, 0.2]}),
(qa, {[0.1, 0.3], [0.2, 0.5]}, {[0.2, 0.2]}, {[0.1, O0.11})
Definition 2.3 Let § = (@, 8,7} = U {{la®, aV 1}, {165, Y1),

lal,aVleq,[bL bV 1B [cL cVley
{[cE, cU]}} be an IVPHFE, the numbers of values in @, 8,y are v(@), v(B),v(y), respectively.

(i) The score function is defined as

+3Ge X @ta)—m 3 0"+ -5 X @)
—~ [aL,aV)ea [bL,bV1ep [cl.cVley
S(p) = 5 ,
S@®) e [0.1] (2.3)

(i) The accuracy function is defined as

) = 1L LyaUyy 1 LUy L LU
A(@)—z(v(a) Y +a)+v(3) Yoo T+ I >+,

laL.aVlea L .bV1ep [cL.cVley

A®) € [0,1] 2.4)
(iii) The certainty function is defined as

+3G L @+ad)-is ¥ @+
[aL.,aVea [cL.cVley

Cp) = 5 ,

C) €0, 1]
(2.5)

Using the notions of score function, accuracy function and certainty function of IVPHFE,
the two IVPHFESs can be compared as follows:

Definition 2.4 Let $; = {1, B1. 71} and §» = {@2. B, 7>} be two IVPHFEs, then one can
compare them in terms of the following rules:

L if S(®1) < S(92) then £1 < £2,

2. if S(p1) > S(§2) then P > £,
3. it S(P1) = S(2) then
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() if A(®1) < A($2) then 1 < §2,
(i) if A($1) > A($2) then 1 > £,
(i) if A(®1) = A($2) then

() if C(H1) < C(§2) then §1 < £,
(b) if C($1) > C(§2) then 1 > 2,
(c) if C(H1) = C(§2) then £ ~ ©).

In above definition, we can simplify it as a binary relation Z(s, 4,c) on P given as

& < 6 o <(8<@) <S@E)) Vv (SE) = SE)) A (AB) < A))) )
1 ~(5.4,0) &2 V((SB1) = SE)) A (AB1) = AF2) A CH1) < CH)))

for all 91, > € P.

Example 2.5 Let us consider the [VPHFS Pin Example 2.2. For the air pollution of the cities
of Ankara and Istanbul, we have the following IVPHFEs:

o1 = {{[0.2,0.4]}, {[0.1, 0.3], [0.2, 0.4]}, {[0, 0.1], [0.1, 0.2]}}
and
2 = {{[0.1, 0.3]}, {[0.2, 0.2], [0.3, 0.4], [0.2, 0.5]}, {[0, 0.1]}}.

Then, we calculate as S(1) = 0.475 > 0.425 = S(§€3), and so 1 > £».
On the other hand, we consider the IVPHFE as

3 = {{[0.2, 0.4]}, {[0, 0.1], [0.1, 0.2]}, {[0.1, 0.3], [0.2, 0.4]}}.

Then, we obtain that S(§]) = S(§€2) = 0.475 using score function and A(]) = A() =
0.65 using accuracy function. Using certainty function, we have C(¢;) = 0.6 > 0.525
= C(>) and so P > >.

Definition 2.6 Let § = {@, B, 7}, §1 = {@1. B1. 71} and §> = (@2, B>, 7>} be three IVPH-
FEs and &€ be any real number (i.e., £ > 0). Then, the operations of IVPHFEs are described
as

(a)
{[af AaT.a) naY ]}
~ ~ L L U U
PLNg= U {[bivb%,bllj vb[%]} : (2.6)
lai.ay 1€@1. [ay a3 1€@) {let vey.ef ver]}
(b1 .b{ 1epi. (b b3 1epa
lel.cflepi. [ck .Y 1em
(b)
{[ar vay.af va]}
~ ~ L L ,U U
LU= U {[blL/\b%,bl]] /\bl%]} : 2.7)
lal,aVeay, (a},aY 1eq, {ler ned,ef Acd]]
(bF.bV1eBr. [b%.bY 1epa
leh eVl [ck .Y 1em
©

p° = U E[ZL: ZU]]}} . (2.8)

la*.aV1eq, [b",bY1eB, [cF,cVep {[“L’ “U]
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(d)
- af +ab — atak. o +af oVl
o1 D2 = U {[by by, 07 b3 ]}
laf.alleay, (o} .a¥ 1@y crey.ef ey ]}
(bl bV 1eBr, b .bY1eps
lel.cl1epi. [ck.cY lem
2.9)
(e)
L L U U
PPN {[alLaQ’?%l}’L U U _ pUU
laf ! 1€a1.[a} af 1@ {let +ef —cfeh ef +cf =/ F]]
(bE.bY 1B bk by 1eBs
lek.cV1ep ek .Y 1em
(2.10)
()
[1 -1 —ab)" 1-(1—-a%)"]}
£p = U ("), w9y} . (2.11)
ol .aV)ea (bt pUIeR (b U1er | { (D), (Y)"]}
(8

(@5, @®)"]}
o = U [ - =p"" 1= ="} . (212)
lat.aVlea bl V1B ek U1y | {[1— A = b 1= (1 =cY)]}

Based on the aggregation principle and the operational laws of IVPHFEs, we describe some
common interval-valued picture hesitant fuzzy aggregation operators.

Definition 2.7 Let 53,- (j = 1,2,...,m) be a collection of IVPHFEs. In addition, let v =
(w1, @2, ..., wm)T be the weighted vector of ; (j = 1,2,...,m) with w; € [0, 1] and

m
Z wj = 1.
J=1

(a) An interval-valued picture hesitant fuzzy weighted average (IVPHFWA) operator is a
mapping [VPHFWA,, : P" — P, such that

m
IVPHFWAL @1, §2, . 6m) = P 0jH) = 0151 ® 0262 @ ... ® 0 (2.13)
j=1

(b) An interval-valued picture hesitant fuzzy weighted geometric (IVPHFWG) operator is a
mapping [VPHFWG,, : P" — P, such that
m
IVPHFWG (1, §2. . m) = Q) 9, =51 ® 9 ®...@ P (2.14)
j=1

Theorem 2.8 Let @\j (j = 1,2, ...,m) be a collection of IVPHFEs. In addition, let v =
(w1, @2, ..., )T be the weighted vector of @j (= 12,...,m) with w; € [0,1] and

m
Z wj = 1.
J=1
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1. The aggregation value of IVPHFEs using the IVPHFWA operator is also an IVPHFE,
and

IVPHFWAL(H1, §2s - §m)

- Ta —af)?i 1~ I1a —aj-f)"’f”
=1 j=1

j=

m R [ m . L\w; m U\wj
:@wjpj _ U -l:ll(bj) i, Hl(bj) j
j=1 [ufquf/]et’fj (j=1.2,....m) o "
[hf’bf-jleﬁj (j=1.2,....m)
[cj.‘,cylefj (j=1,2,...,m)

P — .

m m
[T 5, TT ¥y }
Li=1 J=1

(2.15)

2. The aggregation value of IVPHFESs using the IVPHFWG operator is also an IVPHFE,
and

IVPHFWGy(P1, 92 s Om)

[ m om )
[T @), I1 @)
Li=1 j=1
m _wj m Lo m Vo
:®pj' = U 1—1_[](1—bj)./,1_'1‘[1(1_bj)_,
i=l [a}va;}]Eif (j=1.2,....m) = j’; J’;
[h%,hﬁ.j]eﬁj (j=1,2,....m) 1— H (1 - C?)wj’ 1— 1_[ a- C;/)wf
[cJL-,c'ﬁ/]e?j (j=1.2,....m) L J=1 j=1

(2.16)
Proof The proofs are similar to the proof of Theorem 3.6, so the repetition is avoided. O

Example 2.9 We consider £; and £, given in Example 2.5. From Example 2.2, we have the
following IVPHFEs for the air pollution of the cities of Yozgat and Antalya, respectively:

3 = {{[0.2, 0.35], [0.3, 0.4]}, {[0.1, 0.25], [0.2, 0.31}, {[0.1, 0.21}}
and
$a4 = {{[0.1,0.3], [0.2, 0.51}, {[0.2, 0.2}, {[0.1, 0.11}}.
Then, we have

?1 0 s = {{{0.1,0.3], [0.2, 0.4}, {[0.2, 0.3], [0.2, 0.4]}, {[0.1, 0.11, [0.1, 0.2]}},
1 U P = {{[0.2,0.4],[0.2, 0.5}, {[0.1, 0.2], [0.2, 0.21}, {[0, 0.1], [0.1, 0.17}},
$3 = {{[0.1,0.21}, {[0.1, 0.25], 0.2, 0.3]}, {[0.2, 0.35], [0.3, 0.4]}},

Assume that = (w1, w2, @3) = (0.2,0.3,0.5)7 for 91, > and H3. Then, we obtain

3
IVPHFWAL @1, $2.$3) = P w;d
j=1

{10.1712, 0.3459], [0.2247, 0.3716] } ,

[0.1213,0.2424], [0.1741, 0.3067], [0.139, 0.2985], [0.1966, 0.3776],
= [0.1231,0.3192], [0.1741, 0.4037], [0.1414, 0.2568], [0.2, 0.3249], ¢, ¢,

[0.1597,0.3162], [0.2258, 0.4], [0.1414, 0.3381], [0.2, 0.4276]

{10,0.1414], 10, 0.1624] }
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and
3
IVPHFWG,(&1.52.$3) = Q) H;
j=1

{[0.1624, 0.3432], [0.1989, 0.3669] } ,
[0.1312, 0.2458], [0.1809, 0.3254], [0.1653, 0.3081], [0.213, 0.3812],
= [0.1312, 0.345], [0.1809, 0.4141], [0.1514, 0.2687], [0.2, 0.3459], ,
[0.1847,0.3291], [0.2314, 0.4], [0.1514, 0.3648], [0.2, 0.4319]
{10.0513,0.1514], [0.071, 0.1712] }

All the operations, relations, and operators of [IVPHFEs can only be used to deal with time-
independent IVPHF arguments. However, these notions are not satisfactory if the IVPHF
information may be collected at the different periods, where the period duration is a point or
portion of the time.

3 Dynamic interval-valued picture hesitant fuzzy weighted
aggregation operators

In this part, we define some dynamic interval-valued picture hesitant fuzzy weighted aggre-
gation operators to aggregate interval-valued picture hesitant fuzzy information collected at
the different periods, where the period duration is a point or portion of the time.

Definition 3.1 Let 7 be the variable of time, then we define an interval-valued picture hesitant
fuzzy variable IVPHFV) as $(1) = {@(¢), B(t), 7 (1)} = U
laty aff) €80 (b, b () 1eBuoy ey () €700
L U L U L U
{{laf), af\ 1 ALBG), G Aleh), -

For an IVPHFV §(t) = {@(1), B(t), 7(1)}, if t = 11, 1o, ..., t then @(11), P(t2), ..., P(te) is
represented as k interval-valued picture hesitant fuzzy elements collected at k periods. Now,
we introduce some operations related to the values of [IVPHFVs.

Definition 3.2 Let H(11) = {@(11), B(11). (1)} and §(12) = (@(12). B(12). 7(12)} be two
IVPHFVs and & be any positive real number (i.e., § > 0). Then, the operations of IVPHFVs
are described as

(a)
o) ® H1)
L L L L U U _ U U
i) T Uiy ~ UipDiin) A ) “(zl)“(m]]
_ L L U U
- UL ; h(tl)b(lz)’b(ll)h(tz)“
[a(L,l),a(U,l)levim [“gz)’”gz)]ei“” cheliy el
(bf, ) b0 JeBln). ], b 1eBie)
[e{iy) )17 D). [efy,) (7 ) 1€7 (1)
3.1
(b)

Pt ® p12)
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al al  JU JU ]}

Ui H ) i) )

_ L L U U _ U U

- U o b(f|)+b(t2) (t1)b(t2)’b(t1)+b(l2) bl }

a a L U U U U

Wy 100 Ly gy 1502 iy Claay = 1) Sliyy Sty T iy — S Clan)
(v, b0 1B, ) b 1B

L U 1e5 L™ U 1eo
ey Cap €Y (). e, -€ () 1€V (12)

(3.2)
(©)
U
1= (I =af)), 1- (1_“«1))"]}
o= Y (L )", (bl )" .63
Ly )18 | H (L yn Uy
[bél)abgl)]eﬁ(tl) (t1) (tl)
CANEAN G
)
U
(ag, )", (“m))"]}
e = | t—a=pkpnr—a-sy |l G4
i 180 | 11— (1= b )y 1= =cfl )" l

b0l 1eBn)
lef,) <y v @)

Example 3.3 We consider Example 2.2. For the city of Yozgat, let us assume that the air
pollution is evaluated according to the interval-valued picture hesitant fuzzy information
collected in two different periods. According to the two-period evaluations, we consider two
following IVPHFEs:

For the period ¢4,

(1) = {{[0.2,0.35],[0.3, 0.41}, {[0.1, 0.25], [0.2, 0.31}, {[0.1, 0.2]}}
and for the period 7>,

P () = {{[0.1,0.15]}, {[0.1, 0.2], [0.15, 0.3], [0.2, 0.4]}, {[0, 0.11}}.
In addition, let £ = 4. Then, we obtain

B(t1) @ Pta) = {{[0.28, 0.4475], [0.37, 0.49]}, {[0.01, 0.05], [0.015, 0.075], [0.02, 0.1],
[0.02, 0.06], [0.03, 0.09], [0.04, 0.12]}, {[0, 0.02]}},
B(t1) ® H(ta) = {{[0.02, 0.05251, [0.03, 0.06]}, {[0.19, 0.4], [0.235, 0.475], [0.28, 0.55],
[0.28, 0.44], [0.32, 0.511, [0.36, 0.58]}, {[0.1, 0.281}},
46(1) = {{[0.5904, 0.8215], [0.76, 0.87041}, {[0.0001, 0.0039], [0.0016, 0.00811}, {[0.0001, 0.0016]}},
$(t2)* = {{[0.0001, 0.00051}, {[0.3439, 0.4096], [0.478, 0.76], [0.4096, 0.8704]}, {[0, 0.3439]}}.

Proposition 3.4 Let H(11) = {@(11), B(11), 7(11)} and §(12) = {@(12), B(12), ¥ (12) be two
IVPHFVs and & > 0.

1 (1) ® pn) = o) & pt).

P ® p(r) = P(n) ® p(n).

E@(n) @ pn) =) ®EP().
B1) ® P1)° = (H(1)* ® (H(t))*.

RN
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Proof 1t is trivial from Definition 3.2. O

By combining the above operations described for IVPHF Vs, the following weighted aggre-
gation operators are developed.

Definition 3.5 Let 9(1;) (k = 1, 2, ..., r) be the IVPHFEs collected from k different periods

te (k =1,2, ..., r). Inaddition, let w (1) = (w(t;), @ (t2), ..., w(t,))T be the weighted vector

of iy (k=1,2,....,r), withw() € [0, 1]and Y j_; @(%) = 1,and 1 > 0.

(a) A dynamic interval-valued picture hesitant fuzzy weighted average (DIVPHFWA) oper-
ator is a mapping DIVPHFW A ) : P — P, such that

DIVPHFW Ay (H(1), §(12), ... §(1) = D ot (1)
k=1

=o(t)pt) 0 L)P(2) & ... ® 0 (t)P(t) (3.5)

(b) A dynamic interval-valued picture hesitant fuzzy weighted geometric (DIVPHFWG)
operator is a mapping DIVPHFWG () : P — P, such that

DIVPHFW Gy (1), §(12). ... (1)) = XY@ (@)™
k=1
= @@ ® (H1)° "™ ® ... ® (HH)* ™ (3.6)

(c) A generalized dynamic interval-valued picture hesitant fuzzy weighted average (GDI-
VPHFWA) operator is a mapping GDIVPHFW A, ) : P* — P such that

1

, x
GDIVPHFW Ay (1), §(12). ... (1) = (@w(rk)@(rk»*)
k=1

1
= (@) EO)* © 0 () B! @ ... ® w(t) Bt )M E (3.7)

(d) A generalized dynamic interval-valued picture hesitant fuzzy weighted geometric (GDI-
VPHFWG) operator is a mapping GDIVPHFWG ) : P* — P such that

PO - 1o~
GDIVPHFWG ) (9(t1), p(12), ..., (1)) = : <® )»(p(tk))w(tk)>
k=1

1 - - ~
= 5 (MBI © 1) © .. 8 1EE)"") (38)
Theorem 3.6 Ler p(1) (k = 1,2, ..., r) be the IVPHFEs collected from k different periods
tr (k= 1,2, ..., r). In addition, let o(t) = (0 (1), 0 (t2), ..., ()T be the weighted vector
r
ofty (k=1,2,...,r), witho(t;) € [0,1]and > o(ty) =1, and 1 > 0.
k=1

1. The aggregation value of IVPHFEs using the DIVPHFWA operator is also an IVPHFE,
and

DIVPHFWA,¢)(§(t1), (1), ..., 9(1))
r r
k=1 k=1

r

= U [kH g )2, kH (bgk))w“k)]} . (3.9)
=1 =1

[a(ﬁk),agk)]ea(zk) (k=1,2,...,r) . " roy )
~ . w . w
(6L, ) bY€) (k=12,....r) Hkr_ll(ﬂ(,k)) k 7kl:[] (e )™ ]}

[c(’“rk).cgk)Je?(tk) (k=1.2,....r)
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2. The aggregation value of IVPHFEs using the DIVPHFWG operator is also an IVPHFE,
and

DIVPHEFW G (H(1), §(12). .. §01r))
r r
{[H (a1 <a<’fk>>‘““”] }

k=1
r r
= _ _ pL Yol 1 _ _ U o)
B U {[l kl:[1(1 Pa” kl:ll(l P :|}
[a(,k, “k)]e&m) (k=1.2,....r) r L e r U ot
w w
L for “kﬂem) *=1,2,...7) {[1 —kl:ll(l =) = kl:[](l =)™ ]}

[L([k) (,k)JE}’(fk) (k=1,2,....r)

(3.10)
3. The aggregation value of IVPHFEs using the GDIVPHFWA operator is also an IVPHFE,
and
GDIVPHEW Ay (1), §(12). o §(1r))
_ i i
e L T @ e )
( H(l (@foyh k) ( RIEC A A) “
I i 1
T AU - (1 - a-a _b(L[k))M“(’k)> ,|—( —kljlu —a—bf )>‘>“(fk)) “
[a(lk>,a(lk)]€(i(tk) (k=1,2,...,r) L 1 1
iy Pl 1P 00 =120 |y (1 ~Ma-a *C(er)”)‘“(‘k))A - (1 ~Ma-a f<U:k>)A)w<’k>>A”
[C(I;k),cgk)]e?(rk) k=12,...n | || k=1 k=1
(3.11)
(4) The aggregation value of IVPHFEs using the GDIVPHFWG operator is also an IVPHFE,

an

GDIVPHFWGw(,)(Ei(tl), H2), ... 9(1r))

1

]
r N\ @)\ % r x
1—|1- 1—(1-dk a-(1- 1—(1—a¥ e
( 1;11 < ( a(tk)> ) ) ( kl;ll( ( a(’k)) )

r 1
x
= U ( n a-ok >*>w(’k)) ( - ﬁ(l—(bgk)%)“’(’k))
lea(y) (k=1,2,....r) k=1
)

>=

“‘(rk) (r

Pl (1P =120 ( ﬁ Goh ( H(lf(c )M“’"’”) ”
L U o — =
L) g 170 (k=1,2,...,1) | =

>
>l

(3.12)

Proof Let us prove (4), the others can be demonstrate similar to this.
We use the method of mathematical induction for proof.

e Forr =1:
By Definition 3.2 (d), we calculate

[1-a-dyra-a- )]
wm= [CRRGH ]}

laf; ).af\ 1€,

~ L \A U \A
(b ) b 1B [(Cm)) () ]}
le6y) )17 (@)
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and moreover

[1-a-a-a-da ypti-a-a-a —a{{lm))%]}
1 . .
X(M/J(l‘l)) = U [((bm)) i ((b(tl))A)’“]}

L U 1e5
[a(’l )y 4 Y€y

P L iyt U i
wi ot e | {[ (b (el )]}
lehyocl, Jerten

L U
["m)’ ”m)]

— L U
- U [b(ll)’ b(ll)]
la; (71) ('1)]66‘\(’1) oL CU
[b, (,], ,])]Gﬁ(n) (1) “(t)

[c(,l) Wley(ll)

Hence, we have GDIVPHF WG, ($(1)) = 3 (A@(t)* ™) = (1)) and so Eq.
(3.12) is valid for r = 1.

e Forr =2:
Since (from Definition 2.6 (c) and (d))

[(] - —a )A)w(n) (1=l —a ) )a)(tl)]
)\(83(11))(”(”) = U [1 - (- (bél)))\)w(ﬂ)’ 1—(1- (bgl))x)w(n)]

[a(L,l),agl)]efi(tl) L \ao(t) U \\olt)
wh s g | [1— (= @b e 1 — 1 = el e ]

L U =
AR ST

and
(1= =ak, e, (1= (1 = all )]

NG [1 — (1= L™ 11— - (bgz)mw“z)]

L U ~
[a(,z),a(,z)]ea(tz)

~ L X U X
[b(LtQ)’bgz)]Eﬂ(tZ) [l — (] — (C(lz)) )w(fZ), 1 — (] — (c(lz)) )w(fZ):I}

e Clry) 1€V (12)
we found that (from Definition 2.6 (b))

M[a(“))w(n) ® )t(b??\(tz))m“?)

[(1 —a 7‘1(1;1)))\)(0(“)(1 —a 7a(l;2)))~)w(r:)’ a—-a ,a )A)m(n)(l a 7[11/ )»\)w(yz)”

[1 — (L= @ )W 1= (1= Bf,)H*@ — (1= (1= bf, )H* )1 = (1= bf, ))*™)
- U L= (1= Y Yo 1= (1= Y )@ — (1 = (1 = (b, )"y (1 = (1 = (buz))»\)wuﬂ)]

lak: .all @) (k=1,2) ’ )
o ““ " [I = (1= (el )™M + 1= (1= (ef,)H* ) — (1= (1= (cf M)A = (1 = (ef,)H)* ™) }

Ik 1B (k=1,2) X R
ey el iern =t || 1= (= @0 4 1= (1= ()P0 — (1= (1 = (e )01 = (1= (el ) ]

o up

() (vu

[(1= 1 = al, P = (= ab, ), (1= (1= al )0 = (1 = a )}y ] }

_ U [1 — (L= Bk, ) (1 = (L)) 1 = (1= (b Yy (1 — (b(!;’z))A)wllz)]}
[tlbk,.ngw]e&(zk) (k=1.2)

-~ VNG w(t Uy U yiyo(n
ot e wmtay | §[1= (0= (@ )P0 = el e 1= (= el e - (c<,2,)A)“""]]

lefy) -l 1€P () (k=1.2)
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2 2
{ 0= =agyy )@, [1a - —aﬁ))‘)w(’“”
- =1

2 2
— U Mma- (b(lz“)l)w(fk)’ na- (b(l{“);.)wm)]} (3 ]3)
= k=1

el T 3 ‘
1bE, b 1) (=12) {[1’[ (= (el ™™ T = (c(’fk,)A)‘”"“]}
k=1

1ep() (k=1.2) k=

=

o

- m;

I‘Lw uA )
and thus

1
(@@ @ 2w ) )

r 1 1
2 x 2 x
1-(1-Ma-a-ak )Mw(’U) ,1_<1_ Mma-a-dY )*)“(’k)>
( k=1 ) k=1 )
o ooz t
= U (1— M <17<b6k>>*>‘°<fk>) ,<1— M <17<bffk>>*>w<fk>)
k=1.2) k=1 k=1
(tk> (’k)]ea(tk)( r 2 1 1
(,k) (,k)leﬁuk) (k=12 (1, H(l,(c(L[k))x)m(w) ( ﬂ<17<c e w(tk)) ”
k=1
[yl 70 k=12 L (L

=6pIvPHFWGED Gay). (1))

Hence, Eq. (3.12) holds for r = 2.
e Forr =s:
If Eq. (3.12) is valid, then we obtain the following

GDIVPHFWG ) (§(1)), P(12). ... §lis))

r 1 1
- (1 —klillu - —a(Ltk))'\)‘”(’P) ol (1 —klillm —a —agk))k)‘”(’k)) g
r 1 1
= U (17 1 (17(b(Ltk))'\)“’<’k>)A ,(17 1 (1(bf{k))'\)“’<’k’)A”
[a{;k),agk)Jeﬁ(tk) =120 | LY *! | k=1 L
(L,k) f{k)leﬁ<rk>(k=12 5) (17 ﬁ“’("ékﬂl)w(rk))k( n(lf(c ))x)wok)) “
[y <) 170 (=129 L LY A=

Now let’s demonstrate that Eq. (3.12) holds when r = 5 + 1.
In Eq. (3.13), s is substituted for 2 and also by Eqs. (3.3), (3.4), we write
MO @ ME(12)” ® ... ® MB (1)) @ A(B (1541)) !

a1-q 7(1L ))L)w(tk) ]‘[ 1-a 7aU )A)w(tk) }

S
= U {[ - a-ek, )M"’(’k’,l— 1‘[(1—<bU ] }
lak .l jeaty) (k=1.2....5) !
"G <fk> [[1— [T (1= (efy )H@ 1~ 1‘[(1 GRS ]
[ G ) G/S(tk) (k=1,2,....5) k=1
k
ek ) (lk)]ey(tk) (k=1.2,...5)
(A= =af OO A= —afy | HH@ D)
1 _ L MNPl 1) 1 (1 _ w(tg1 1)
® U e G I B ("mn) )Us+

e I ey Q*)”’(’SH)}
1eBlts 1) st s

L U
[a(L'.v+|>'ags+1
Py gy

ek

.U =,
(t5+1 )’L(’s+1)]ey(ts+l)
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s+1 s+1
L o) U o)
10— afy )0, T = (= af 1)

s+1 s+1
= U 1-JTa- (béw))»)w(tk)’ 1-[[a- (bgk))k)w(tk)
k=1 k=1
lak | .aU ea() (k=1.2...s+1)
()" (1) s+l L s+1
LU 1By (k=1,2,....s 1= 1=k )@, 11— TT (1 = Y et
(b, ) b0 ) 1B ) (=1.2....41) kl;ll 7 kl;[] o

[c{;k),(-gk)]e?(tk) (k=1,2,....5+1)
Then we obtain that (from Definition 3.2 (c))

1 - ~ ~
T CBE)M @ MH 0™ ® ... ® MB) (1) @ MB(tyr1)”5+D))

s+ st i 3
1- (1 -JTa-a —aﬁnmw“ﬂ) 1= (1 -[Ta-a —a{{k)>/~>w“k>>
1

k=1 k=

1
x

! .
_ L — ok e (12— U e
= [1a - )h . [TA =g
laf, )al ) 1€8(1) (k=12,...541) k=t k=t

D) bl 1€B@) (k=1.2,....5+1)

st PN i st v i
Ay (1 Ay (1
el hepmora o | 1| (1= Ta=hre) " (1= Ta=hmen)

=GDIVPHFWG ) (®(t1), §(12), ..., (ts+1))

Hence, Eq. (3.12) is valid for r = s + 1.
Thus, we conclude that Eq. (3.12) is true for all values of r. ]
Note 2. 1f & = 1 then GDIVPHFWA operator and GDIVPHFWG operator reduce to DIVPH-

FWA operator and DIVPHFWG operator, respectively. Therefore, we will investigate the
results of GDIPHFWA and GDIVPHFWG operators.

Theorem 3.7 (Idempotency) Let (1) (k = 1,2, ...,r) be the IVPHFEs collected from k
different periods ty (k =1,2, ....,r). If p(tx) = ={a, B, V) forallk = 1,2, ..., r then
(1) GDIVPHFW Ay (&(11), H(12), ..., §(1)) = &.

(2) GDIVPHFWG,)(§(1), §(12), ... (1)) = §.

Proof Let us prove GDIVPHFWG 1) ($(t1), p(t2), ..., §(t)) = £, the other can be

shown similar to this. =R
Considering () = § = {a, B, 7}, by Theorem 3.6, we have

GDIVPHFWG 1) (§(t1). §(12), ... §(1r))

1
= 0@ @4B1)* 1) © .. @ MEEr)” ")
r 1
. x *
- (1 ~Na-a 7aL)A)‘”(’k)> - (1 -1 (17<17aU)M‘”<’k>)
k=1 k=1

r 1 1
x x
_ U (1 Ca- (hL)A)w(lk)> i (1 Ca- (bU)A)w(Zk)) “
k=1 k=1

[al .aUea, bl bV 1eB [cL VU ey

(17 1 <17<C-L>*>”’(’k))A .(17 1 <17<cU)*>‘”<’k>>

e (e |

1 1
1= —-alyMx 1 —(<l—aU)A)X“

S

1 1

= U @B @Y%
[al .aVlea.[bL pU1eB [cL cUley 1 1
(M E (UM%

{la"a%1}
= U {ol. sV}
[aL,clU]E&.[bL,bU]E;/S\,[CL,cU]e)? [[L‘L cUJ}
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Thereby, the proof is completed. O

Theorem 3.8 (Boundedness) Let (1) (k = 1,2, ...,r) be the IVPHFEs collected from k
different periods ty, (k = 1,2, ..., r).

(1) B/O\min =< GDIVPHFWAw(I)(b?)\([l)v @(fz), ceey ﬁ(lr)) =< ﬁmax
(2) B;J\min =< GDIVPHFWG(U(Z)(@(II)» @(t2)7 ceey 5/3([,)) =< @max

where
—~ ~ > ~ L
§min = {¥min, Bmax, Ymax} = {{[amim agm]} {[ max? max]}’ {[ max? ]}}
@\max = {amaXv Brmins J//\min} = {{[aéaxv max]} {[bmm7 mm]}’ {[ Cmin» mln]}}
for
L in{a(,
Amin = U mln{a(l‘k)} amm = U mln{a(fk)}’
[”(Ltk>’agk)]ea(tk) [a(Lfk)’a(l{k)]ea(tk)
L L
ak = U max{ag )},
[a(L,k>,af,]k)J€a(tk)
U U in{by;
o= mada’ybg = ) minteg)
[“(Ltk>’a(lt/k>]ea(t") [h<L'k) (1) leBn)
U in{p¥
by = U min{b, },
[bf,k),bf{k)]eﬁ(tk)
L U
bmax = U maX{b([k)} bmax = U max{b(fk)}’
[b(Ltk> (rk>]eﬂ("‘) [bék)’bgk)]eﬂ(tk)
L in{ck
ek = U min{cg,},
(e <o) €7 @)
U .U L L
U= U min{cg,) ), Cpax = U max{cg,}.
Lefyy <l €7 @0) [e{y €l 17 00
U U
Coax = U max{c(tk)}.

(e <) 1€V @)

Proof Let us prove (2), the others can be demonstrate similar to this.

. L L
Since a.;, < ag, = amdx, then

L L A ()
l—ab ) <1-ab, e1-a-d Y >1-a-d ) & (1 —(1-af,) >
)
=(1-( _aglm)*)” *
r o (1) r o (k)
< 1_[ (1 - (1 a(tk)) ) 1_[ ( ( mm) )
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)
e
o

r o)\ *
l_[ mm) ) ) :arﬁin'

1

:\

1

k=1

Similarly, we have

r . A w(ty) Al r . A w(ty) % .
- 1—]‘[(1—(1—%))> <1- l—H(l—(l—amax)> =ak..
k=1

k=1

. . . U U U .
Likewise, since a; < 4y < Amax> We obtain that

1 1
r A\ @)\ * r A\ @)\ *
1—(1—]‘[(1—(1—a(’{k))) ) 21—(1—“(1—(1—61‘%“)) ) =al .

k=1 k=1
and
r A w(ty) % r w(ty) %
U U
1_<1_1—[<1_(1_a(lk)) ) > 51_( ( ( max) ) ) = Amax-
k=1 k=1
Considering b¥. < b(l{k) < bY,., we found

) ) )
b(Lt]k) bgax (b(lk)) = (bgax) < 1= (bgk))
N 3\ @) ()
> 1- (bh) © (1 - () ) <1 ~ (b )
v\ o(t) r U o(t) r U\ o(t)
) (- ) ) e T (1 )

k=1 k=1 k=1
r A\ @)
< 1_1‘[(1_(bgax) )
k=1
r (i) * r A\ @)\ *
k=1 k=1

Similarly, we have

1
L IL[ (b ) o)\ * i 1—[(1 _ (bU' )A)w(tk) = pU
() = min min*

k=1 k=1

. . . L L L .
Likewise, since b,:, < b(t y < biyax» We obtain that

) )

k=1
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<(-11(- ())) .

k=1

For cféi <V <V and Cmm <ck <l wehave

(x) — “max (rx) — “max>

1 1
r * r 5
ki < <1 -JJa- <c(€k)>k>‘"<fk>) <l and ) < ( [Ta-«b) )‘"(’“) < Chax-

k=1 k=1
Let GIVPHFWG,u (1), p(12), ..., p(t) = o = (@, B. 7} (from Theorem 3.6), then
we say that
1 (i D@t +a¥) = S Y g8 +6Y) = T S @+ )
s@ =
2
1+ 3 (.(u] ) lakyy 4l 1@nin (@fin + afin) — L(ﬁ:"m' ik b 1€Pmin B+ bin) = Hy:m,\) Diek e 1egmn (€ Coin +”1lr/un)) _
> 3 = S(Pmin)
141 (7 Tt atjea @ +a¥) = s Syt +5Y) = oy Lier cjeplet +¢¥))
S@) = 5
14 3 (k0 Lt b e @i+ 80) = 5 it e Gl + D) = 705 L el i i + )

IA

= S(Pmax)

2

Then, we obtain Pmin < GDIVPHFWG Gy (9(t1), §(t2), ..., §(t:)) < Pmax. Thus,
the boundary property is verified. O

Theorem 3.9 (Monotonicity) Let (9(t1), p(t2), ..., (1)) and (p* (1), §*(t2), ..., §* (1))
be two collections of the IVPHFEs collected from k different periods ty, (k = 1,2, ....,r). If
Pt) < ) forallk = 1,2, ..., r then

1. GDIVPHFW Ao (@), §(12), ... §(t;)) <= GDIVPHFW Aoy (9* (1), §*(12),

s ().
2. GDIVPHFWGu@) (@), (1), ... §(t;)) < GDIVPHFWG 1) (9" (1), % (12),
s O (1)),
Proof By considering Egs. (3.11) and (3.12), they can be interpreted similar to the proof of
Theorem 4.8. o

Theorem 3.10 (Commutativity) Let (£(t1), 9(t2), ..., §(t)) be a collections of IVPHFEs
collected from k different periods 1, (k = 1,2,...,r). In addition, let ©,(t1,), Pn(t2,),
cees P (tr,) be a new permutation of §(11), §(t2), ..., (1) then

L. GDIVPHFWAu(®(t1), §(12), ... (1)) = GDIVPHFWAyy (9 (11,), B (t2,),

coes P (1,)).

2. GDIVPHFWG y)(®(t1), 9(12), ... 9(t;)) = GDIVPHFWG 1y (90 (t1,), 0 (12,)
very @n(trn))~

Proof Tt can be easily seen by Theorem 3.6 (3) and (4). ]

4 Dynamic interval-valued picture hesitant fuzzy weighted
aggregation operators based on Einstein operations

In this part, we derive the dynamic interval-valued picture hesitant fuzzy weighted aggregation
operators based on Einstein operations to fuse interval-valued picture hesitant fuzzy tools
acquired at different time-moments.
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Einstein operations include the Einstein sum and Einstein products (Klement et al. 2004).
Einstein sum @ is a t-conorm and Einstein product ®. is a t-norm, where for all (x, y) €
[0, 1] x [0, 1]

X+y X+y
X D =—— and x® = .
T T rxty VT a0 -y
Definition 4.1 Let $(r1) = {@(t1), B(11), P(t)} and H(2) = {@(r2), B(12), P(12)} be two
IVPHFEs and ¢ be any positive real number (i.e., o > 0). Then, the Einstein operations of
IVPHEFEsS are described as

(@)
H(11) Be H(12)
U 4l
H: (t|)+a(t2> (r1)+ (tz) ]}
L ’
1+a('|)a(tz) l+“(r1) (1)
U LU
= U <r1> i) )
B +d- bu = b)) 1+(1=b( )(1=b( )
L all ea L aV leq 1 2) (1) ()
[a(11> (’1)]Ea(t1) [a(fz) (12)]Ea(t2) (r1) <tz) gl) (1)
L U
(b B, [b(’2> (’2)]6/3([2) 1+ C(r1))(1 C(L,Z))’ I+(1— t(z]))(l ng))
[C(rl)v%l)]e)’(tl), [C(fz) t2>]€y(t2)
“4.1)
(b)
Bb\(tl) ®e 8’5([2)
(1) " (1p) (i) %)
9
14+(1— a(,l))(l a(,z)) 1+(1—af{l))(1—a(l{2))
= U b(f1>+b(t2) b(t])+b(;2) i“
- L >
L .U e L U 1ea 1+b(r1>b<r2> 1+b(fl)b<,2)
Lag,-aqy)leatn). lag,). <r2>]6“(12) (t|)+c(t2) (t|)+c(tz)
L U 13 L
[b(fl)’b(fl)]gﬁ(”)’ [b(tz) (,2)16;302) 1+c(11) (sz)7 1+cY Sy (zz)
L U = L
legpy Caplev ), leg,ys (Q)]E)/(Q)
4.2)
(©
u U
{ |:(]+a(Lrl))m7(lia(l;l))m (tag))" —(—ag)" ] }
T s T 7
(1+a(rl))m+(nll—a(rl))m (I+ag ));j(l_%w)m
2L ) 20
3] )
o= U : .43
P L LU H:(2 b ))m+(b ))n - b(ll))’”+(b<[ " :” *3)
[agl),agl)]eti(n) 2(6“1))"1 2(%1))
(b)) -bay 1€ ) @k (el Y e (T
AN T2
1)
(d)

{ 2(a51))m 2(agl))'" ] }

- “<r1>) H“m))m’ - ”(Lrjpzlm““(r]))m

PO (bl " =(=bf " (bl Y =(1=bT )

@ = U i b‘))m“ e
[“m (l{])]éi(fl) (el ==l " (el] M —(1=cf )"
[b(sy) ey <P 11) [(Hcﬁ yr(I=cf ) (kel] ) —cf] )]}
[c‘{;l),c'f{l)]ef(tl) (1) ) () ()
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Example 4.2 We consider £(11) and £(2) given in Example 3.3. Also let 0 = 2. Then, we
obtain

1) @ H(tp)
{[0.2941, 0.475], [0.3883, 0.5188]}
= { {[0.0055, 0.0312], [0.0084, 0.0491], [0.0116, 0.0689], [0.0116, 0.0384], [0.0178, 0.0604], [0.0243, 0.08451} ] .
{10, 0.01161])
Pt) @ H(t2)
{[0.0116, 0.0338], [0.0184, 0.0397]}
= ’ {[0.198, 0.4285], [0.2463, 0.5116], [0.2941, 0.5909], [0.2941, 0.4716], [0.3398, 0.5504], [0.3846, 0.625]} ] s
{[0.1,0.29417)

26(11) = {{[0.3846, 0.6236], [0.5505, 0.6896]}, {{0.0055, 0.04], [0.0243, 0.06041}, {{0.0055, 0.02431}},
53([2)2 = {{[0.0055, 0.013]}, {[0.198, 0.3846], [0.2934, 0.5504], [0.3846, 0.6896]}, {[0, 0.198]}}.

Proposition 4.3 Let ), = (@1, B1, 71} and §> = {@2, B2, 7} be two IVPHFEs and > 0.

P (1) Be P(2) = P(12) Be P(11).

(1) Qe P(12) = P(12) ®e H(11).

o (B(t1) e H(12) = 0P(11) De T (12).
B (1) ®e §(12))° = (9(11))° B (P(12))°.

bl e

Proof It is trivial from Definition 4.1. ]

Considering the above Einstein operation laws of IVPHFEs, we develop the following Ein-
stein weighted aggregation operators.

Definition 4.4 Let p (1) (k = 1, 2, ..., r) be the IVPHFEs collected from k different periods
fr (k = 1,2, ...,r). Inaddition, let w (7) = ((11), @(12), ..., »(t,))T be the weighted vector
of iy (k=1,2,...,r), withw(f) €[0,1]and Y ;_; @(fx) = 1, and A > 0.

(a) A dynamic interval-valued picture hesitant fuzzy Einstein weighted average (DIVPH-

FEWA) operator is a mapping DIVPHFE WA?(” : P — P, such that
DIVPHFEWALY (©(11). §(12), ... §(11))

= @6 0P ) = o tNP (1) Be @(L)P(12) e ... e w(1)Ptr) (4.5)
k=1

(b) A dynamic interval-valued picture hesitant fuzzy Einstein weighted geometric (DIVPH-
FEWG) operator is a mapping DIVPHFE WG?(I) : P" — P, such that

DIVPHFEWG?Y (§(11). §(t2). ... §(1r))

= Q) E@)* ™ = G ®c H(12)" ™ ®c ... ®c (H(1)*" (4.6)
k=1

(c) A generalized dynamic interval-valued picture hesitant fuzzy Einstein weighted average
(GDIVPHFEWA) operator is a mapping GDIV PHFEWA?"” : P — P, such that

GDIVPHFEWA®D(G(1), H(12), ..., P(t,))

: 4
- (EBG w(m)(@(rk)ﬂ) = @) Be 0 H1) Be .. De (1) EHNY)*
k=1

4.7
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(d) A generalized dynamic interval-valued picture hesitant fuzzy Einstein weighted geomet-

ric (GDIVPHFEWG) operator is a mapping GDIVPHFE WG(:U) : P — P, such
that

GDIVPHFEWG? Y (5(1), §(12), ... §(1r)

r

! _ PN _ _
=5 geumk»w(’k) = S OEON” 8 M) ®c .. @ M)
(4.8)

Theorem 4.5 Let p(1) (k = 1,2, ..., r) be the IVPHFEs collected from k different periods
th (k =1,2,....r). Also, let o(t) = (w(11), @(£2), ..., 0(t))T be the weighted vector of t;

(k=1,2,....r), withw(tx) € [0, 11and > w(t) =1, and A > 0.
k=1

(1) The aggregation value of IVPHFEs by using the DIVPHFEWA operator is also an
IVPHFE, and

DIVPHFEWA? (H(11), §(12), ... §(tr))

r

=P, 0w
k=1
[Tz (g )% =TTisy @ "(/ P Tz (agy )% [Ty (1—a )%
nk71(1+(l( ))m11k1+nk71(] a( ))m (1) » l_[kq(]*“(z ))MU")JFH;EI(]*”gk))w“")
21-[( l(bﬁk])m(xk) 20T 1<b<lf;<))[0('k)
= Mz, 2= h(, ))w(rk)Jrl—[;(:l(b(Ltk))w(lk) * Tl 2= b(Ltf ))w(lk)Jr]—“;:I(b(l{k))w(/k)
[ak ('U a“k)]eoc(tk) (k=1,2,. 2[4 I(C(l;k))w(’k) 2[5 I(C(l{k))w(rk)
[b(,“ (,k)]eﬂ(tk) (k=1,2,. r[iv:l(zfﬂﬁ,{))w(’k“rnizl(0{7,())'"“"’ B 1_[2:1(2*03,())“)("‘)+H;:I(Cgk))w“")

lef )l 1eP (@) (k=1.2,.

(4.9)

(2) The aggregation value of IVPHFEs by using the DIVPHFEWG operator is also an
IVPHFE, and

DIVPHFEWG?D(§(t1), §(12), ... (1))

,
=@ @)™
=1
{ ZH;;:I(“(er))m“k) 21—]1::](“(1’/“)10(/‘)
TTiz1 @—afy )+ iy (af ,)”('“’ [Tk @=ay )W + Tz (agy, )
[Ti=1 (140 ))”’('k) [T (= b ))ww ITizs (1+bU )P —TTrz 1(1 b”))“w)
- U {[Hk:1<1+” (1) )+ oy (1= ”’ PO Ty (1+bU, )+ oy (1 hL, o) }

L aU V@t (k= .
[a“k).a(/wjeu(u)(I»-I,Z....,r) H;:]<1+C(L,A))m(yk)_nzzl(I_Cbk>)(,)(rk) i ](1+L( ))t)(f;\) Mo, (- L( ))uw,()
L pU 1B — . - s
[b(,k‘,b“k)Jeﬂ(tk)(k71,2,...,;) n]f(:]<1+L.(I;k))w(/k)+1—[2:l(I_L,(I;k))w(tk) ]-[Z 1(1+Llfk,)‘““k)+nk (1= LU )m(u)

(66 Clp JEV W) (k=1.2.....7)

(4.10)

(3) The aggregation value of IVPHFEs by using the GDIVPHFEWA operator is also an
IVPHFE, and

GDIVPHFEWA®D (§(11), $(12), .... (1))
r

= (), o @)

k=1
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1
x
e )w(rk»,l'-[(vl_ Yot
k=1 “p k=1 )

T T

<1_[('7 L et 43 l_l @, " )w(lki> (l_[(ﬂ . )w“"‘*l'_[(ﬁaL )w“H) r
k=1 %)

, ; x
A T v O -—TIw o Houw
k=1 ) k=1 )

T I
r r * r r
How YOIy 2% ) + [Toe - 1—[ @ U )m(!k)
U k=1 ‘) k=1 ‘) 4

k=1 k=1

|:(1L[<c,L e +%1‘1(9L M') (ﬁ(u -] wL w“ﬂ)

M@, e +3l_l(9L )M(zk)) +(I_I(ZL Yol — l_I(GL )wk>>
— U k=1 k=1 )
[a(,k)u”kﬂe&(m(k 1,2,...r)
[hﬂw (,k)]eﬁ(rk)(k 1.2....7)
[C(’k’ w)]sy(u)(ls:l,z ..... r)

T @u )% +3 16, )"'“k‘) n<:u )““N H(ou )““k')
k=1 ") k=1 ") k=1

I

r 3
« " )muk),l—[(ghu yolur)
" k=1 V)

ﬁ({ v )mm)ﬂ l‘[(gl )m(lk)) <
k=1

|:(1L[<5L Yo +%1‘1(m e

Mer )w“wm Wt )“"k) (e - n«n )w“w)“

T

e,
(f[m Yol l'lm M)V

r r r r x
(l‘[({v #0043 T (0 >M>> (1‘[(5 v )R -T] W >""’“)
1 () k=1 (1) k=1 ") k=1 ()

r r r r x
e w043 [Ty e + JEy =Ty 7w
k=1 ‘() k=1 ‘) k=1 ‘() k=1 ‘)

(.11
where
s s A A
_ _ L L — L _ L
%F(z afy) +3(ek) ”’W—(z afy) — (abo) "
A A A A
_ _ U U _ U _ U
"affk)—@ afyy) +3(afy) ”’a&.)—(z atyy) = (ally) "
L A L A L A L A
§b6k>:<1+b<w> +3(1-5f,) O, (1+6) —(1=26) "
A A A A
__ U U _ U U
ay, = (1000,) +3(1=00) b = (1+60) = (1-06,) "
A A A A
_ L _ L _ L _ _ L
Ecéw—(”c(tw) +3(1-cfy) ’wvﬁw—(”‘f«w) (1-ct) -
A A A A
_ U _ U _ U _ _ U
écﬁk)—<1+c<tk>) +3(1-cf))) ””v&)—(”%)) (1-ct) -
(4.12)

4. The aggregation value of IVPHFEs by using the GDIVPHFEWG operator is also an
IVPHFE, and

GDIVPHFEWG?D (5(1), §(12), ..., §(t,))

= % (®E x(@(zm‘"(’“)

k=1
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1
1'[A 1o >“<'k #3101 w“k’) (l‘[izlwuL )9 [Ty 0, ) )
(o) (@)
1
l_[A I(” L )w(lﬂ+3nk 11’L )w(lk)> (l—h l(n L )w(lk) l_[A I(')L )wu,‘)
(l—[ O )""’“HI'IZ:.W“u )/.,(rk.) *,(H;:‘(nuu )”'““*“’L:x(ﬂuu )mm))A
() (1) (1) (1)
T T
(l—[ S Op )OI 0,0 )muk,) ur(ﬂ{:!(”yd )2 [Ty (0,0 )w\rk)>
() () () (1)
x
2(“’::1((17'- )"’(’“*I'IL:N",,L )muk))
( ()
l T
l_[A |(5L )"’““+3l'lk 1(9L )w(lk)) (HL:I([;,L )‘”“"LHZ:M@,L )wmz)
— U (1) . (1)
lag;, )afy ) 1€@u) (k=1.2.....r) 2 TTici Guu )% —TTiey G ) :
(k A) . Bty b
b ) bly 1P (k=1.2,...r) T T
[('f;k,.rf,“]ef(u)(k:l,Z,....r) Mici G R3], 0,0 )W) 4 Moy G ) [Ty 6,0 )@@
) = ) )
1
2(1‘[;:.(le Y Ty (1 )"’“U)V
() ()
¥ T
<l‘[L:.<§(,L )43 iy Wz )““k)) +(n;:1<s(,L )0 Tz (Wt )““k))
W) ) ) | )
x
2(]1;:.(5(1,' )"’“’"*]_[;:MWLU )"’“")
) )
T T
(ﬂiv:.(au )20 +3 Ty 0 >‘“*‘k’> +(H;:.<s(u o =Tl (0, >‘“"“’>
() (1) () ()
(4.13)
where
A A A A
_ L _ L _ L _ _
Nal: | = (1 +a(lk)> +3 (1 “(m) > Ul = (1 +a(tk)) (1 “m) ’
A A
_ U _ U U (1 _ U
Nay | = (1 +“(zk>) +3 (1 “(m) > Uy = (1 +“(rk)) (1 “m) :
X A A
— _ L L _ L _ L
Gt = (2 b(m) +3 (%)) > O = (2 b(m) (bm))
U % v\ % (4.14)
=(2— =(2 —
gbffk) ( b(tk) +3 b(tk) ’ gbffk) b(tk) b(tk) ’
A X X X
_ L L _ _ L _ L
Sty = ( C(tw)A +3 (%w)A o (2 C(tw)A (Cm)k’
_(r_ U U _(r_ U (.U
= (2=ely) +3(el) s v, = (2-el) - ()

Proof Let us prove (3), the others can be demonstrate similar to this.
We use the induction technique for proof.

e Forr =1:

Then we obtain the following

GDIVPHFEWA®Y (@(11)) = (0(t)@(1)")F = ().

Because from Definition 4.1 (d) we calculate ($(z1))" as

U

Bn)* =

lag).af @)
L U Y
[bf,,.bY, eBln)

2(a(Lll))A 2(51([{1))"A } }
Q-af; )P +(af )" 2 agl)>~+<agl,>
(1+(h51>>k—(1—(h5 P A ) (1= )
(1+@k ))w]_(,, ))*’ <1+<b(,l))*+<1 <b<,]))A
<1+<c(,,)> -(- (c(,1)> (14l ) =1 =(cf] )
(1+(C(I‘t|)))‘+(1—(c(l;l)))" (l+(c'gl))k+(lf(c(l{1>)

i

AN S
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Since w(t;) = 1, we have w(f)(®(1))* = (H(t1))* by Definition 4.1 (c). Then, we
obtain that (from Definition 4.1 (d))

~ Syt
() (@)™ *

1 1
AR x i by
) "uwv 2( Z“’o ) )
2—a, () / —a, * +(a, e
Cafy P+l ) —al )y
T T T
(@ A x a: A 2(a' A x* (@ v x
. Z“UNL g 4 L“‘ «:.)‘L . ‘up’ 4 2 u,)’ B
% x - P Vs U i@l . al -
e uul)) +ag)y @-ay M +ag )y @ IHI)J + “H @ “‘v +L1““J
+b - b b, pU ) b, 2
( ll+h““) —(1- h“”) ) ( a IU”) ~(1— I”]] ) <l+«1+r(” - 1(‘ ‘1 (l u+l”) —(1- ’u; )
7 7 b0 %
_ U H+/> ‘} (11 V)“) It I)U‘)J +(1 Ir( )7 U+b ) +(1 I) U (I+hﬁ )) +(1— ,(I))
L yh_ v A
3 [l+/> Ye—(1— bk )» (1+b, ) =1 oL ) (|+I) —(1— »U )
L U -~
lag,y-aq,) 1€t (1) ) +1- 2w w i (v|)
(I+I)( 7y/+(| I)”‘

L % 7 ok y
(8 b0 1B u+/>( PRIy ( (b Dh+(=0f
(AUl
L
. [ (“|>'
(el ) PF+0=cfy )P

; ;
. H+b”HJ —a I;H,J

¥

U g b

b pr+a=of] ) )
v v

L0 uﬂw) —a- ‘u]‘) ) . (IHUIJ) —(1— ‘U])

( u+'( Y= ,( )M)

1

¥

U=l
“*('177 +(1— (”)7

€ < / —c "
m (ef] )~ (,ﬂ

LU qes
[((,I),((,”\sym

L

«mu)» a lul)»

H+(“ Pri=ch

L
u.)' a ‘u.)‘ —

7~ 7
P+ (1— (“”\

1+ 4

e
A U U i U
M +(1-c (HL“,7 +(1 1”1

a+cl “”

*'|>' —(1- <”|);
n /
u+:“”» +1- (“H»
U h—a=cl
u+“”7 - mJ’
* L )

) o)

‘We demonstrate that

1 A+l 1
NEEUDERY 2y
Q@-af ) +ag )t o (@af Pl )

1 1~ 1 oL 1

5 2(af;, )" x N 2(af; )" B 28(@=af )M E+((ag )M
R O DA -
(2_061))A+(0(Lt1))}\ (Z_a(Lt]))AJ'_(a(L?]))A ((2—11<Lt1)))‘-|-(f1(%l)))‘)X

_ 2%) oL
- Ay

and
1 1
- (1+b<,1))A (1— b(m))‘ r 1 (1+h(,l))A (1- bm))A x
(l+b<,1))l+(1 b(m)ﬁ (l+h(,l))k+(l b(,l))A

1 1
1+ (1+b<,]) —(1- bW) x +(i- (1+b(r| Y—(1— bm) x
(1+b<,]))A+(1 b(”))* (1+b(t|))*+(1 b([]))

<2<1+b(, I —@-bE )

=

B (ET b(,)ﬂ)X Zb(m L
- L= 9 (t1)

<2(1+b(,]))*)x @-bk ) )A

1
(+bE 2 —(1=bE )H)*

and also others are demonstrated similarly.
Therefore, we have GDIVPHFEWA?(t)(ﬁ(tl)) = (w(tl)(ﬁ(tl))*)% = p(t) and so
Eq. (4.11) holds for r = 1.
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e Forr =2:

By considering Eq. (4.12) for k = 1, 2, we have (from Definition 4.1 (c) and (d))

o @0) =
lagy sy €@ (1)
[bG,)-b(l,)1€B (1)
lef,) el e @)

and

o) B0 =

laf;,).a)\ €@ (n)
L U Y
b6y bir,)1€B12)
[¢(;,)-Cry) 1€V (12)

[, )W=@ 1 )@ (o y )W =@,y )2
(1) (1) “) “p)

(L " +@ L P Gy D+ y )
(1) () (r) ()

(1) (1)
(c L )‘”(’1)+(9L )‘”(’1)’ Gu )+, u yeun)
(t
2(1# )“’”” " 2 v )”’"11)
(11> (1)
&L )W L ) (& y Dy g )@0D)
L “ap ) ) )

[z )@= 3D Oy 3D =@, )
('2 () (2) ('2)
& IREEES L >w<’2)’ ny )+, a) )@

(2) (12)
= 2(0 (L ))m(tz) 2(9 g} )w(rz)
l I
€L >w<’2)+<0,,L )20 (gy P +6,y )00
L () () (1) (17)
201 ))‘““2) 2(111651))’”(’2)
n n
EL D+ )PP Ey )P+ )00
L () () (t7) (1

Then, we obtain that (from Definition 4.1 (a))

o) (E1) ®e (1) (H(12))*

Mo, L )wu.)(,, p ), i )m(/]‘(DL yo2)

(,1 U >m(r|\(n U @) —
()

7(9/L Yol (91_ )m(rz)

() (1) (1) (1)
o, n )“’“')(77 n D1, L Y, p @ o, u )m(!|)(7,) ) )n(h)+(0 v )ma,»(], v )u(lz)
D (12) 1) G “

(1)

D
2(9 L )wm)(g l/ yolr2)
(G ()

U

[aﬁk).uf{k)le&A(m(k:1.2) L "
[bL ,bf{“]e[i(zk) (k=1,2)

@, L )i, bl )"’ ”)+(9 L )‘””')(9 bl )"’ )7 (g, U )"’”"(( U )“’(Z +, U )"’
Py

Z(W I

o, v )wzx

)1)1f|)(¢' )u(nl 2(‘# U ) U.)W v )wth

(1)

lefyclleran k=12 || | €k

)w(n)(g(,

72
[Ti=1 (L
)

)m(IzLHw L

)W‘)*nk:ﬁl’”l. Yo l'hzu(n(,u )MW*HL:ML‘)‘,U Yol
(1) (1) (%)

Tl O,
L (i)
= 2“%—1“’/1- )wup

)mr:,)w, L )m(lz) G ” )w\f|)(g v )m(lz)+ W, U )m(l])(wl
)wUUJrl—[z:I(DUL Yol HE:MW(,” )‘““”Jrl_[z:lw”l/ Yo li)

(1) @) ()

21T, 6, U )/.,A/k»

ﬂk |((L

laf, ).al €@ (k=1.2)
b, )bl JeBl) (k=1.2)

Zl_lk 1('1/L

)"’(”‘)H_[k 1, L om0 T2 1, U )mwﬂ-[k |(91 Yo
1) )

)muk)

eyl JEP 1) (k=1.2)

and thus

(@) @0 De ()@

@ Springer f bMA

Y >w<‘w+nA:1<v/‘L )
L () ()

Zl'h Wy ) )
oo )“’mnk:.wx(_b )o )
) )

U

[a(rk) a ,k)JEDlUk) (k=1,2)
[b("k’ (, Jéﬁ(fk) (k=1,2)
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i
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(1) (1) (1) (1)
T T
x b
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(1) (1) (1) (1) (1) () . (1) ()
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< ip) Utp) ip) “dz)
1 1
A A
< ny )wuw(m >“)"2’+3<19U )wm‘«u )“"”') +<(n0u Wy D@ )”’“')(ﬂnu )°’<f2>>
(1) (1)) (1) (1
1
x
(:L )m(lﬁ(;-L )m(:z)Jrg(oL )ml] ((_)L )w(lz)) 7((§’7L )m(:l)(:hL )(1»(12)7(9},[4 )mu,)(th )mm))
(1) (1) (1)
1
({L )m(q)({L )m(/z)+3<(.]L Yo (9L )m(lz)) +(({L )m(/l)([L )m(h) (9L )wu|)(9L mm)
1)
1 1
<({ U )qu)(“ )l()(/z)+3(9b'l{ )40(1])(9!)(/ )m(!z)) <( tu )wul)(“ )w(rz)_(ybv )w(l|J(9hU )10(727)
1) (1) () ()
1
*
<( (N )M”@u >“‘“2'+3<9b )‘“(")(9,)1,' >“"'2’) ((cu )"'“!‘@u )‘“"2)—<9u )““”(9 a )""'z))
(1)
4 1
(SL )(1»(1|)(€L )"’“2’+3(1ﬁL )mu])(,/, )(,.(;2))A <(§L )“.(1,)(51_ )m(lz) (VlL )m(:])(‘/l )m(lz))
0y 0y
1 1>
(sL )“'“I‘(EL >“'“2’+3<m )‘““I’(m Wz))* <S‘L U E L e~y )W )WZ’)‘
() @) (2)
3 i
<(s v )E u )“‘“2’+2<w u >“’“l>(w v )w"2’> ((s v )P E y )w“z) ~, y )“'“l’wz u )““z>>
<s31')“““({52))”"’2'+3<w,.gl))""'l’(%gﬂ)”’“ﬁ’) +<(s v ) E, y )”'(”' (wu >“'“1'<1/zb )”“ﬂ)

=GDIVPHFEWA®D(5(1)), §(1)).

So, Eq (4 11) is valid for r = 2.
e Forr
If Eq. (4 11) is valid, we have the following

GDIVPHFEWA?D (®(1), §(12). ... §(t;))

[a(L,A).a
[b(L/k>'b(lljk)]Eﬂ(ik)(k:l,Z,,...s)

[eby) el P |=1,2,....5) (

1

x
2 Mici e ” 0 =TTz (2, )@
(1) (1)

I T

x x
(H;:.(n,,L 3T, (0,1 )‘““ﬂ’) +<n2:.<nuL ) [Ty (0,1 )w“k))
() (1) (73] (73]

X
2<n;:.<nuu )R —[Tizy @, v )‘““k))
(1)

T

=1, y )m“k)‘*'ql_[;. 1@, v )(u(’A)) (nk 1y G )w“k) [l @, & )I“Uk))

Hk m, ) 43T i ,(e, )w“k

iz Gpr )R =TTz G )W
(1) (1)

Hk G PR3t Gy )w“k) (m R IO W)
1 1

U

ea(ty)(k=1,2,...,s

(b,,] T @ R3O, )2 Mo @ @ —TTi, 6,0 )@@
K b(rw b«rk) b(rk) b(rk)

T ‘((bé/))m(/k>+3l—[2:1(9h(u))m(u()) <l_[1 1@, U )w(t,\) - \@, b )m(r,k))
0 4

r[]( |(5l (rk)+3]_[i:|(‘//(.{- )m(/k)) (l—[k 1(5, )w(rk) 1—[‘L |(‘/’I )w(rk)
%)

T
Z x
Hk I(E L )w(lk)+3 ni:|(W,,L )w(lk)) +(n;:1(s‘L )w(r")*ﬂ)‘(:ﬂ‘ll‘L )w(lk)>
%) (%) ) (%)

x

1
x
Ti= ,(EU )“‘“’<’+3l_h 1(\// )“’““) *(]‘[L;.(E(,(v))""'“*l‘[{:l(t//c(u))“’“‘")
I I

* x
1_[}‘;:1(511/ YU 43 nI::I(‘I/(U yolk) + l'li:ﬁé‘.u )“’('k)_l_[izl(‘//l,ll yol)
(1) () (1) )

Now let’s demonstrate that Eq. (4.11) holds when r = s + 1.
In Eq. (4.15), s is substituted for 2 and also by Eqs. (4.3), (4.4), we write

o) (B Be 0(L)H(02))* e .. Be 0 (1) (B (1)) Be 0ty ) Hltgr1))*
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[lict (e D% =TTy 0, % Thy o ) =i @0 )W
(1) (1) (1) (1)

izt (e DO +[Timy @ 7% Tl o )+ Ty @0 )W
(1) ) () ()
2Mie @, )7 2Micr Gy %

Mo, L >“’"“+l_[k @, L )w(q\’ Mo, v )”’“k”rnk |(9(u Yo
(1) )

De

U

lak .aY Nea(y) (k=1.2,....s)
()" tg) 2 W m(t“ 2 (1)
Iy 1YL ) W, z/ )
[, b, 1B (k=12,...9) “k Wt [Ti=s
lehy )€l 1€7 ) (k=12,...5) HL:I(E((% J>”“‘“+l’li:1('ﬁ<5 ))"’““ ’ 1_12:1(565 RS ’“+l_lk:1(1ﬁ(.(br' ))”"’“
'k 'k 'k 'k
(%L )w17‘+|) (,9 L )w(rﬁl) (’7,,!/ )m\/x+1‘ (19 U )w(/r+1’
(tg41) (1 +1) (rg41) (1, 1)
WL )m(r\+|)+(l9 L )(.,(xw,) ('7 v )l,;(:v+1;+(ﬁ v )u)(l‘+|)
Utgq1) Utgg1) Utg41) Utgr1)
2(9,7(L’ )mr\ﬂj 2(9[;” )th,)
U s41) Uyq1)
R R A L L (S R RN S EL
lal .l el Plissn) RO Py by
541077 g h " -
1l 1B 2y D 2y
s+1)77 U4 ? “Usq1) U5 41)
[LJ-‘ L-UA 1€7(ts11) 20 +;J)r w(i511) * 20 +‘|T (51 1)
(g4 1) Clgy 1€V Ustl L )V ) Eu U@y )
(5 41) (ts41) (t541) s 1) B
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H;i‘l(m,L )w(r‘)JrI—[HI (1) L >w1/]‘i ’ H»l (” U )m(u)+Hv+l (,, U )u)(l]()
) )
2H:.(9bL ) 2nk 10, u )““N
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21—[€+|
l—[\+1 «, L )mukurl—[wr] (1//

21—[)+l (l// U )w(rk)
(1)
l—[H» (E I’ )m(lk)+1—[3+l(w( )w(lk)

b, )bl 1€Bx) (k=1.2
[c6r) €l 1€V (00 k=12,

)m(l,\

Then, we obtain that (from Definition 4.1 (d))

@B Be 0B e .. B 0(ts) Bt De (153 @ty 1))*)F

1

X
2(1'[22‘.<nuL ) TR @, )w<'k>>
) (1)
T T

+< iiln(’l,,(L Yol — 2+1(0L )m(lk))
1)
I

< ot (V]L )m(:k)Jr;l—[wl(ﬁL )(,‘<xk>>

Z(HZi‘l(n,,u))W"k)— W@, o >'""k’)
(1%

L
l—[v+1 (n U )w(rk)+3 l—lr+l(15 U >m1u\) <l'li§<'7,,u ))w(tk)7 r+l (z} U )w(rk)
(g

([ L )Muw“ 1-[‘+1 )muk;) B 7( s+| e, L )w(rp, s+1<9 L )Lu(rk
w

) !
I I
(ﬂZiM,ﬁk))“""’*} l_[iil‘(gbﬁk))muk;) " +( M, L )m @[T e, : )u)(lk)> "

U

laf; ).al) 1@ (h=1.2.....5+1)

by bl 1B EI (=1 205D :

[”(Lu;-c(b,,()]el/(w)(k:l,Z ..... s+h l_[Hl(CU )“’“k’+3nr+1<9u )“m")> ( H‘(C Lr )“’UU l_[v+1(9 )wlm‘)‘
e

g ‘.@L >"’“k>+%r[‘*‘<m >“"’k') < ‘*'<sL )““H ;*‘w/ >"’“k’)

[

i€y )43 TRL vy )w“w)

(nifl(f,,(l/ ))“’“k)+3l_[fi=<9,,u ')w(rk)> ( M, 0 )w(rk) e, o )zu(rk)) x
I (1

Mifi€g " -Thk vy )w"k’>

<l—l. (EL )(A)(Ik)+;l—[3+1(¢L >w(1k)) +< (EL )m(l;\) I_[‘H(VIL )m(lk))

(r[‘*‘@u )3 [T (v, y )w“w) +

(o
(o

ey ew- Y*'(v/u )w“k))
(U3

=GDIVPHFEWA®D (&(1)), §(12), ...

B (ts41))

Thus, Eq. (4.11) is true forr = 5 + 1.

Consequently, we say that Eq. (4.11) holds for all values of r.
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Note 3. If A, = 1 then GDIVPHFEWA and GDIVPHFEWG operators reduce to DIVPH-
FEWA and DIVPHFEWG operators, respectively. Therefore, we will investigate the results
of GDIPHFWA and GDIVPHFWG operators.

Theorem 4.6 (Idempotency) Let o(tx) (k = 1,2, ...,7) /I\ae the IVPHFEs collected from k
different periods ty (k = 1,2, ...,r). If p(tx) = ={a, B, V) forallk = 1,2, ..., r then

o~

1. GDIVPHFEWAun(9(11), (1), ..., (tr)) = .

o~

2. GDIVPHFEWG ) (®1), (t2), ... P(12)) = §.

Proof Let us prove GDIVPHFEW Ay ($ (1), §(12), ..., 9(t:)) = §€, the other can be

demonstrated similar to thls
Considering (1) = o = {@, ﬂ 7}, by Theorem 4.5 (3) we have

GDIVPHFEW Auin(H(11), §(12), ..., §(tr))
= ((EO) B AL B ... B MBI F
2( [Tt 0, =iy 9,07 ) :
| (Tl 0,020 +3 [Ty (0,207 * +(IT 01,0 ® =TT 9,)°)) *
2( [l (10 >‘”"k’fl_[Z—1(l’ U)M'“)%
(TTics 0,0 ®+3 [T 9,0 >""'k’) (Tt )% Ty (9,007 )

(HA , C[,L)‘U("‘)+31_[A |(9;,L)m") (Hk ]({bL>wU/<i Ty 6,0) w(:,())
1
x
1

s

>

e >

s

T
U (nkzl(tbL)m“k +3[Tiey 0,)°®)) (1_11\'—1(§1L)m(/k)—l_[kzl((’/L)WA )

[aL .aVea,[bL bV 1eB.[cL U ley (1'12:. (6u) W +3 [Ty Gy ) ')

1

(l-[k (G Yo T 16, U)u)(lk)) P

T

l—uzl € o) 43 n;(:l 0,0 Yl W

( [Tt G )% =TTz By )w(rp)
; (l'lk L EL)OW T 1(\I’L)”"k’)
; (im0 Ty (W) )

(M €0 Ty (W) 0) *

+(TTiz) )0 Ty (G ) 0) *

(TThey )™ +3 [Ty ()
L (Tl )" 43 [Ty (w00
1

1

s

|

[

(1_12:1 (6,0)° % 13Ty (Wu )“.(zk))
(T o)W +3 Ty (h 0 )7 0) *

T T T
M, +39,L) %+, =0,0)%  (u+30,0)* +(,u —D,u)*
1 1 1 1
@ +30,) * = (G =60,) % (Gu +30,u) * —=(Gu —O,u) *
T T T T
P > PN QL +30,) * +(&r =0,1) % (Gu +30,0) * +(Gu —O,u) *
[al,aV)eq,[bL bV ]eB,[cL,cVey b N 1 1 T
EL+3y ) —Er—y)* Eutdvu)*—Gu—yu)*

T ) T T
E L3V ) +E L~V ) Gu+3Vu)h+Eu—du)*

1 !
200, =0,L)* 2(n,u =P,u)* }

[ak,aY]
= U [b4, Y1} ¢ (by considering Eq. (4.12))

[k aV1ea. bt bU1ep ek v iep | {leh, Y1}

Hence, the proof is completed. O

Theorem 4.7 (Boundedness) Let 9(ty) (k = 1,2, ...,r) be the IVPHFEs collected from k
different periods ty, (k = 1,2, ...,r).

1L @min =< GDIVPHFEWA@(I)(KS(II)v @\(tZ)a ceey 8;3([}")) =< Ksmax
2. Pmin < GDIVPHFEWG(U(;)(KJ(H), @(Q)y wns (1)) < Pmax

where
Finin = (@mins Bnans Tinaxt = {{ [ %] b | [Pns D |} {[
L o] - { [

a

U
Cmin> €min

Springer fm

@max = {amam ,/B\mim ?min} = “[ Amaxs max]
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for

L _ _ . U
an = J  minfag)am = |J  minfag)),
laf; ). \l€@ () laf; ). \le@(n)

L _ L
Amax = U max{a(fk)}’
L U ~
[a(,k),a(,k)Jeot(tk)

afn]ax = U max{aY}, bmm = U min{b(L,k)},
laf, ).all 1€ () [b,, )b\ 1€B )

U : U
by = J  minfp{,)
(bt )bl 1Bt

L U
biax = U max{b(,k)} pY = U max{b, },
(b, )b ) 1€B @) (b, )b, 1€B )

L . L
cn= J  minie)
(e <) €7 @)

U _ _ L
Cmin = | ] mm{c(tk)} ek = l max{cg,},
L U N L U >
[y ) 1€V () () €l 1€V (W)

U _ U
Cmax = U max{c(tk)}.
(e <) €7 @)

Proof By considering Eqgs. (4.11) and (4.13), they can be interpreted similar to the proof of
Theorem 3.8. O

Theorem 4.8 (Monotonicity) Let (9(t1), 9(t2), ..., 9(t)) and (9*(t1), P*(t2), ..., P* (1))
be two collections of the IVPHFEs collected from k different periods ty, (k = 1,2, ...,r). If
Pt <P ) forallk = 1,2, ..., r then

1. GDIVPHFEW A, (§(t1), 6;5(12), ) < GDIVPHFEWA,x»H(@* (1),
P*(t2), s 7 (1)).
2. GDIVPHFEWGw(,)(@\(ﬁ), P, ... 00) < GDIVPHFEWGw(,)(ﬁ*(tl),
P (12), . 9 (1))
Proof 1. The function f(y) = % is the decreasing function, where y e [0,1]
and A > 0. Since p(t;) < *(tx) forall k = 1,2, ...,r, we have 0 < a(Ltk) < (rk) for all
. @—ab )=k )
_ L L _ (1) (1)
k=1,2,..,r. Then, f(a(tk)) > f(a([k)) forallk =1,2,...,r,1. €., (2—"5,())1"‘3(“5,{))* >
L* \1 L* \A YL s L
Q-ag)" —lag,) ) (rk>
g Y (where 1 and ¢ are notations given in Eq. (4.12)).
(276{(2‘/()) +3(“(’k)) na(l;k) (lk)
Let w(?) = (w(t)), w(f2), ..., ()T be the weighted vector of #; (k = 1,2, ...,r), with
o () €[0,11and Y}, (i) = 1. Then, we have

Zy(I(L w(ty) ﬁa(L* w(ty) : 0 ‘L w(ty) i ﬂa(L*) w(ty) ﬂ (
— =z — < —_— > <143 —)"
() ) u ) up u“

>1+2]‘[k ] Jety Yo

“w )

@ Springer f bMA




Page310of52 127

Dynamic aggregation operators and Einstein operations

(4.16)

o) o(tx)
[T gz, )7 +3TTem @ @ Tl ('7,,5;,) +3 [T (19 L,;)
'k
>

N
[Ttz 7 - } o
(1 — L*
[Ti=i n"ow
W)
ﬂi:ﬂlz“f ))wm [Tk |(’7 L* )
i -
e O [y 0, o) = ) w)
@ ) Mo (ner ) Tl (2,00
(1) (1)

9L
‘) {73}
since 1 — [T} ,(n’:‘ )l > 1 Iz (5 m o) &
) )

X
() ()
l'h 100 )7 43 Tey O )“"’“ [Tz (m,g;,) + 3Tz (19 ol ,) 41
Hk O, BECE TTn )w(lk) = ) . o) 4.17)
R [Tzt (N2> = ezt | P
() i
o) o) \ %
ey 2 43T, @, )@@ \ & l'[lf.(n Lo ) +31‘['k:|<0 L )
) ) “) “p)
o ( Tt ) +12 | e (4.18)
i (X ey <n‘,,,* ) T (m« )
i (i)
<n£71 (ﬂa("k‘)(l)(ﬂ) — 1_[;:] (19”(1/“)(0(&))
< 1 1
7 %
(ﬂk 1 (7 Y@ +31'[Z:1<19a5“)‘”““) + (szl('ia(’;k))“’“” = Temi @Dz V"““)
(1) o)\ *
Mo (ng) - Tiet (24
(4.19)
(ty) (tr) x (1) o(tx)
- r - r
[Tezt (M2 +3 [Ty (e + | [Tezt (M2 | N
o o o) o
L
2 (Mm@ )™ = TTimy (P2 )@
- () o)
1 1
N x *
(Hk 1 (e )2 +3 H}:l(f’a{;“)m“‘)) + (Hizl ('ia[;k})"'('“ = [Ti=1 @Ot )"’“‘))
1
(4.20)

() ) (1)
2| [Tzt (')uf,* > — [Tz (ﬂa“ )
o )

S 1
w(ty) wy)\ * w(ty)
[Tt (’%ﬁ) +3[Tim (1?(,5:1) + (M= (’%ﬁ:,) k=i (

W)\ +
1?aru )

Likewise, it is obtained that

r (1) r (i) \ *
(A (4,) A1 ()
k=1 (fk) k=1 (fk)

<:> 1 1
r o (t) r o)\ * r o (t) r o)\ *
3 s — D
knl ('7 (‘fk)) * kl;ll ( a“”) * l_[ ( “k)) kl;ll < a(‘{k))
r () r () *
2 * D yx
kl;[l (n“gk)) knl < ffk))
r () r (tr) % r w(tx) r () %
() 21 () )+ (1 ()= 1 (o)
1 () k=1 (1) k=1 \ ‘@ k=1 \ ‘@
(4.21)

k=

is the decreasing function, where z € (0, 1] and A >
b(t) > 0 for all k =
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0. Since p(fy) < p*(t) for all k = 1,2, ..., r, we have b(LIU
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B . (1+b(,k))*+3(1 b(w)A
1,2, ...,r. Then, g(b(t)) < g(b(t)) forall k = 1,2,...,r, 1. e, Q3oL —(sL =
) ()

(g

(bl 4301-b" Sk Sl _ o
k& < K (where ¢ and 6 are notations given in Eq. (4.12)).
(1-"_b(tk)))L (1= b(tk))A Qb(l}k) Qb(tk)

Let w(7) = (w(f1), w(t2), ..., w(t,))T be the weighted vector of tx (k = 1,2, ..., r), with
w () €[0,11and Y ;_; w (i) = 1. Then, we have

;bftk) o (tr) Cbék) o (tr) gbﬁk) (tr) Hbéz) (tr) P 9}75 ) o (tr)
_ ) < PZN > <143 1_[ k
6h(le> eb(LzZ> é‘b(Lw é‘]’(LI; k=1 b(le>
- 0 L (ty)
> 143 K0
k=1 gb(Lr;

By proceeding similar to the calculations in (4.16), (4.17), (4.18), (4.19),

r w(ty) r w(tx) /l
2 [
A) - fi)
, o) . o\ E [, o) 0\ *
IT (¢ +3 11 (0. +IT (g =TT (bar
k=1 (1) k=1 ) k=1 (9] k=1 ()
. o) o\ ¥
2\ (%ﬁ) L (%ﬁ)
k=1 L k=1 L
, : (4.22)
, () , o)\ * , o) o)\ *
I (R +3 7] 0,1 + (| I1 (R - 11 0,1
k=1 () k=1 (1) k=1 () k=1 )
, w(ty) r o(tk) X
2 2 - 2
kl;ll ({”‘I’k’) kzll <9"{’k’)
r o(tk) r (tg) »l r (k) r w(tr) Al
kl;ll (511"?’) * 31(1;[1 (6""5“> * kl;ll (511"?’) kl;ll (0 "'A’>
r (tg) r (ty) /l
2( 11 (;) 1 (9)
k=1 (%) k=1 \ "%
- : o (4.23)
r (ty) r w(te)\ * . (ty) r o)\ *
« 3 0 1+ * 0
kl;[l (C“(L’k)> * kl;[l ( ”<L’A)> - k=1 (C“(L’N) kI;[] ( “KL‘H)
r () () % r () r (k) %
IT (¢ +3 OpL — | IT (e IT ( 6,z
k=1 \ "0 k=1 \ " k=1 \ "0 =1\
g 1
» o(t) o)\ *
(l_[ ({bL ) +3 ( 0L ) >
k=1 () pul ()

<

=~

=~

k
(1) x r o(tx) r
b)) ()™ i
%) k=1 (%) k=1
r o(ty) r (tg) % r o (ty) r (1) {
o)™ i) ) (o)™ o)
k=1 (1) k=1 (1) k=1 (1) k=1 ()
- : . (424
r o (ty) r o)\ * r o (ty) r o)\ *
IT ({b > +3 171 (9[)1*) +{ 11 ({bl'> - 11 (le.*>
k=1 () k=1 (1) k=1 (1) k=1 ()

Note that Eq. (4.24) is valid even if b = b ) =O0forallk =1,2,.
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Likewise, it is obtained that

, (1) , o\ 1 , (1) . 0@\ *
I1 ({bu > +3 7] (Gbu > —| I ({bu ) -1 (9171/ )
k=1 (tx) k=1 (1) k=1 (tg) k=1 ()

< 1 1
r (1) r o)\ * r () , o)\ *
I1 (i’b” > +311 (Obu ) +| 11 ((b” ) - 11 (617“ )
k=1 () k=1 (1) k=1 () k=1 )

r (tg) r (tg) /l r (tg) r (ty) /L
<k1:[1 (;b5*>) +3 kljl ( bg*’) ) N <k1:[1 (51)5:)) N kljl <0b8:>> )
> - , - - - (4.25)
r (tg) r o)\ * r (tg) r o)\ *
<1_[ ({bl*) +3H(bu*> ) +<l_[ ({bl*) H<91*> )
k=1 () k=1 () k=1 (1) by
Similarly, by considering the above function g, we have that
. ot N ot 0\ *
(1) 5 0)™) ()™ 000)™)
k=1 %) k=1 () k=1 (l;\J k=1 (1)
< 1 1
r (tg) r o)\ * r o(tk) r o)\ *
(e )™ st oe)™) ()™ ) ™)
k=1 (1) k=1 (1) k=1 (l;\J k=1 (1)
r (tr) /l r (1) r (1) ‘l
(n(EL sl (WC(L*)) ) -\ <$”<L;> -1 (w”f;) >
= U3 — ! _ 0
> k=1 : k=1 k=1 : (426)
r o(tk) o)\ * r () r w(te)\ *
(fes) ™ i) ™) ()™ o))
k=1 ) "k k=1 ) k=1 )
and
r [2169) r () »l r () r w(ty) %
() o in) ™) () A 0)”)
k=1 (1) 17“ k=1 (1) k=1 (1)
r (ty) r (1) /l r o(ty) r w(ty) %
(e i on) ) (e ) )
k=1 %) @) k=1 ()] k=1 (1)
r (k) r (ty) % r (tg) r (ty) /l
(k“ () +21 () ) - (ﬂ () =1 () )
> = = - N C%1))
(tg) r w(te)\ * r w(ty) r o)\ *
(A Gea) ™ ot () ™) = (0 G = 1 (o))
k=1 (1 k=1 ) k=1 (1) k=1 (1)
Thus, the proof of (1) is completed.
2. It can be shown similar to (1), therefore, omitted. ]

Theorem 4.9 (Commutativity) Let (1), (), ..., § () be a collection of the IVPHFEs col-
lected from k different periodsty (k = 1,2, ..., r). Inaddition, let £, (11,), §n(t2,)s > §n (tr,)
be a new permutation of §(t1), P (t2), ..., §(t,) then

1. GDIVPHFEW A, (@ (t1), §(12), ..., §(t;)) = GDIVPHFEW Ay (Bn(11,),
On(t2,)s oes o0 (17,)).
2. GDIVPHFEWG,u)(§(t1), §(12), ..., §(t,)) = GDIVPHFEWG,u) (on(t1,),

on(t2,), ey P (11,)).

Proof Tt can be easily seen by Theorem 4.5 (3) and (4). ]
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5 The approaches to multi-period decision making under IVPHF
environments

The MCDM is an important part of modern decision science. It has been extensively applied to
various areas such as economics, society, management, military, etc., and has been receiving
more and more attention in recent years. To date, however, most research has focused on
single-period MCDM in which all the original decision information is collected at the same
period and several methods have been proposed to solve this kind of problem. However, some
complex DM problems have to consider the current and past performance of alternatives.
This kind of DMs is called multi-period decision making (MPDM) and the original decision
information is usually collected at different periods or refers to different moments in time.
When the decision-making information takes form as interval-valued picture hesitant fuzzy
information and is collected at different periods, the dynamic interval-valued picture hesitant
fuzzy (Einstein) aggregation operators are suitable for dealing with such situations. In this
part, we develop two approaches, using the proposed dynamic interval-valued picture hesitant
fuzzy aggregation operators and dynamic interval-valued picture hesitant fuzzy Einstein
aggregation operators, to multi-period multi-criteria decision making under the interval-
valued picture hesitant fuzzy information.

The following notations are utilized to depict the possible numerical problems:

Let O = {q1,92, ..., qn} be a set of alternatives, and L = {1, €>, ..., £;,} be a set of
parameters (criteria) and its weight vector be = (w1, w2, ..., wm)T, where w ;€ [0,1]
(G=12,....,m), Z'f:l wj = 1.In addition, 7 = {#1, t2, ..., t;} be a set of time variables
(or periods) and its weight vector be w (1) = (w (1), (1), ..., w ()T where w(#,) € [0, 1],
Yo o) = 1.

Assume that the IVPHF decision matrix created by the expert (decision maker) at the
periods 7 (k = 1,2,...,r) to measure the degrees of the alternative ¢; (i = 1,2, ...,n)
satisfies the parameter £; (j = 1,2, ...,m)is D() = (d,-j (tk)) where

nxm

L U
ak a”
[[ U’ ’J(lk)]]

dij (1) = U |25, .24, ]} 5.1)

)’ "
lak &Y @) L U
U)o Y Cijay’ Cilay
L U . k k
[bi-f(fk).bij([k)]Eﬂlj([k)
L U >
[Cij(tk)’Cij(tk)]eyu(tk)

fori =1,2,...,n,j=1,2,....mandk =1,2, ..., r.
Algorithm 1.

Step 1. Construct the decision matrix D(tx) = (di T (tk))nxm and construct the idealized
decision matrix D (%) = (0 (%)),,.,,-
Generally, there are two types for the criteria: benefit criteria (such criterion has a
positive effect on the decision and the value of IVPHFE(s) is taken as is) and cost
criteria (such criterion has a negative effect on the decision and the complement
of the value of IVPHFEC(s) is taken to include this criterion in the decision). We
may transform the criterion values from cost type to benefit type: in such a case,
the IVPHF decision matrix D(#;) = (di j (tk)) , Can be transformed into matrix
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D) = (0ij (1))

nxm

where fori =1,2, ...,

{[ l/(tk> lj(tk)]}

U

0 () =

@5 i )18 @)
[,L](,k) ,j“)eﬁ,,(m
(665 ¥ €725 00)
{[a,-Lﬁ(rk),
bL |
[k .,-U-U ey () ﬁ L
LB % il
16}, b, 1P 1)
_ [’Lf(’k> ,/<tk)]€)’ij(tk)
- L
U EC’Z““’
[a; gy | gl
U ”<> ! {[auak)’
[,L/Uk) o 1B @)
C”(fk> C”<t )]G}’ij(lk)

a:’
L (1)
U

co
0N
U

{ z](,k) lj(,k)]}

{ 1]<, )’ l](,k)]}

U
i)
U
)
U

i)
U

i ()

n,j=172,..,

1}
1}

1)
1}

mandk=1,2,..,r

, if £; is the benefit criterion

(5.2)

, if £; is the cost criterion

Step 2. Utilize the dynamic interval-valued picture hesitant fuzzy aggregation operators
(DIVPHFWA, DIVPHFWG, GDIVPHFWA, GDIVPHFWG) to aggregate all the

idealized decision matrix (0,- j (tk))

matrix (Di./)n xm®

If we use the GDIVPHFWG operator then we take for i

1,2,....m
Vij = GDIVPHFWGu (0t k=1,2,...,r)

I

Il

U ﬁ
g [{< k=1 (
(@, €00 (=12,
AL
Bij b /[,,]eﬁ/(u)(k 1.2,.... 1'_[(
i
(€5 TH ) 16707 ) (h=1.2,. I

nxm

UW

'M )

k=12, ..,

_k"l(] (-

A

L

')
")

)

U(IL))

()
) ( 1‘[(1 u(,_))“(’“)

))‘)mm>)l - (I _AI:[I (1 - (1

r) into the collective decision

1,2, ..,

n and j

)

—al
1)

|
|

1

) )rv'(fL)) 7:|

( ﬁu-(bfj
) "

(5.3)

Step 3. Utilize the interval-valued picture hesitant fuzzy aggregation operators (IVPHFWA,

IVPHFWG) to find the collective overall preference values 9; (i = 1,2, ...,

alternatives ¢; (i = 1,2, ...,

n).

If we use the IVPHFWG operator then we take fori = 1,2, ...,n

9, = IVPHFWG, (0ij; j =1,2,....m)
B m
(@)
-]=1
m
= U 1— (
(af.aY 1t (j=1.2....m) I
~ ~ ~ m
(5.6 1eB;j (j=1,2,....m) 1— (
[afj,afjjey,-/ (j=1.2....,m) L j=1

(2]

—

—

n) of the
)]
—5E)7 - ]1"-:’[1 (1-84)" (5.4)
—ah)” - j]in[l (1-a9)”
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Step 4. Calculate the score values S(0;) of 0; (i = 1,2, ..., n).

When two score values S(9;) and S(9;7) are equal, calculate the accuracy values
A(0;) and A(0;7). If A(D;) and A(0;/) are qual, calculate the certainty values C(0;)
and C(0;7).

Step 5. Rank all the alternatives {q1, g2, ..., ¢»} and select the optimal one(s) by the score
values (the accuracy values in the case of equality of score values, the certainty values
in the case of equality of accuracy values).

Algorithm 2.

Step 1. Same as Step 1 of Algorithm 1.

Step 2. Utilize the dynamic interval-valued picture hesitant fuzzy Einstein aggregation opera-

tors (DIVPHFEWA, DIVPHFEWG, GDIVPHFEWA, GDIVPHFEWG) to aggregate
all the idealized decision matrix (D ij (tk)) (k =1, 2, ..., r) into the collective deci-

sion matrix (Uij)n xm

nxm

If we use the GDIVPHFEWA operator then we take for i

j=12,...m

2ij =GDIVPHFEW Ay (0 ()i k=1,2, ...,r

1,2,...,n and

r *
2< [T - l_l @,L )""’“)
k=1 ") k=1 ‘l(rk>
T T
) 5 . b
l'—l . )P +3 l—[ 0,1 Yol l_l 1, Yol l'—l @ )P
k=t g k=t i) k=t g k=t i
1
, x
2 ]_[(Uau T @y )P
k=1 i) k=1 i)
I
.
(1-[ ('7( v P43 l-[ (l» U )tu‘lk)) (n (” U Yol — 1-[ (19 I (,k)>
k=1 "1 (15) k=t i k=1 g k=1 i)
(ﬁ @ PW43 [ 651, )“*’U> (ﬁ( Gro )P0 — (9 L )w“k’)
k=1 ") k=1 ’/UU k=1 ’/(rk) k=1 'j(fk)
, ,
M 0+ e ow 4 TG 200 1‘[ @ )”"W)
_ U k=1 Vi g k=1 ’](‘k) k=1 Vi ) k=1 ’/up
,— r r
[]“ ]Eatj(tk) (k=1.2,....r) Mgy H°w+3 H(H,;u )oK H( ) —TT 6 ) “’
hL(k) fel2. k=1 i) k=1 i) k=1 '/(: ) k=1 i)
[ u @ ,,( )]Eﬁ,/(m( ) ; ; ;
[ck i '/ leyij ) (k=1,2,....r) [1 @ Yol 43 I1 6 yo ) l—[ Gy Yol — l_l o )”’“k)
w ") k=1 i) k=1 Vi k=1 Piiy) k=1 Piiy)
r , , i
&L P31 )““w (s »w-May oo
k=1 g k=1 S k=1 Ty k=1 i)
1 [
r x r r x
[T °w+3 1'[(1// @) [T )R- W )%
k=1 T k=1 ) k=1 G k=1 iy
1 1
r * r r x
[MEy Hw+3 l_[ o W) —(TTEw Y-y
k=1""ii () k=1 '/(,k) k=1 ”(W k=1 i/(’k'
1 1
, ’ x r x
Mew rwaloe ) +(Meo r®-Muy »w
k=1 “ij(gy) k=1 i) k=1 i) k=1 ”‘fk)
where
x x x *
e, ) 2, ) g, =, ) ()
i) (1) () i) J ) (1)
x 3 P *
= (2-ay, )3y, ) e =(-ay, ) -(@,)
i) (1) (1) i) (1) 1)
L X L X . x L x
g =18k ) +3(1-0h, ) e = (1485, ) - (1-5h,)
’i(‘k’ J ) !(rk> ,','“k) J ) T (5 6)
- X - x - x - x .
Gu = (148Y, ) +3(1=8Y ) o =(1+88 ) -(1-5Y, )
i (1) J () T i (1) T )
=L * <L » <L » =L *
» =(1 L ) +3(17c1.. ) L =(1+c,.. ) 7<17,.. )
i) J () J ) i () J () J )
* * * x
o =+ Y+s3(1-a Y v =1+ ) - (1= )
i) T T () Uy T () J ()
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Step 3. Utilize the interval-valued picture hesitant fuzzy aggregation operators IVPHFWA,
IVPHFWG) to find the collective overall preference values 0; (i = 1, 2, ..., n) of the
alternatives ¢; (i = 1,2, ...,n).

If we use the IVPHFWA operator then we take fori = 1,2, ...,n

0;

IVPHFWA, (0j;j =1,2,....,m)

J

- [Ta-abe,1-[1a —a};)wf”
i=1 =1

m - m N
- U [T @5 T1 G5 } .57
ah.a1eq; (j=1,2,....m) /=1 j=1
il PUVE. (i m m
[h,'.,' bilepij (j=1.2,....,m) l—[ (EL Y l_[ (EU)(U/' }
L/=1 j=1

-] ~ ~ . ij ij
(k. emi; (i=1,2,...m) / !

Step 4. Same as Step 4 of Algorithm 1.
Step 5. Same as Step 5 of Algorithm 1.

To clarify the organization of the proposed algorithms, we present the the combined frame
diagram of Algorithm 1 and Algorithm 2 in Fig. 2.

Example 5.1 (For Algorithm 1) Suppose that a high-level committee has been formed to
investigate the impacts of COVID-19 in daily life for the four major cities g1, g2, g3, and g4
(extendable) in a country. This committee consists of COVID-19 board members appointed
by the ministry of health, economy and society (government departments). The committee
is directed to explore the cities based on the three most important parameters /;-Healthcare,
I,-Economic, and /3-Social throughout the two significant lockdown periods #; and t,. The
committee is analyzing the Challenges in the diagnosis, Quarantine, and remedy of suspected
or confirmed cases, High burden of the functioning of the present medical system, Patients
with different disorder and fitness troubles are getting neglected, Overload on doctors and
different fitness care professionals, Overloading of medical shops, and Disruption of the
medical supply chain under the parameter /;-Healthcare. Slowing the production of crucial
goods, Disrupt the supply chain of products, Loss in countrywide and global business, Poor
cash flow in the market, and Significant slowing down in the sales boom under the param-
eter /-Economic. Service quarter isn’t always being capable of offering their right service,
Cancellation or postponement of large-scale sports activities and tournaments, Avoiding the
countrywide and global traveling and cancellation of services, Disruption of the celebration
of cultural, spiritual, and festive events, Undue strain most of the population, Social dis-
tancing with our friends and own circle of relatives members, Closure of the hotels, eating
places and religious places, Closure of places for leisure which include film and play theaters,
sports activities, clubs, gymnasiums, and swimming pools, Postponement of examinations
under the parameter /3-Social. Assume that v = (0.2, 0.3, 0.5) be the weightage of criteria
1, 1> and I3 and w(t) = (0.6, 0.4) be the weightage of the time periods #; and t>. Suppose
that experts create the idealized decision matrix table (see Table 1) which has the dynamic
interval-valued picture hesitant fuzzy variables/numbers. We can find the mostly affected
city in daily life by COVID-19. It is being executed through Step 1 to Step 5 of Algorithm 1
as follows.

The values provided in Table 1 consistent with the committee evaluations for the effects of
COVID-19 can be interpreted as follows. From the topmost access {{[0.15, 0.90]}, {[0.01,
0.02], [0.02, 0.03]}, {[0.04, 0.05]}} of Table 1, we apprehend that 4—5% of Healthcare sec-
tor is affected, 1—2% or 2—3% of Healthcare sector is neither affected, nor benefited, and

@ Springer f DMAC



127  Page 38 of 52 H. Kamaci et al.

!

Construct
IVPHF decision matrix

D(ty) = (dij(t:))nxm

All criteria are benefit
type

Somecriteriaare
cost type

Construct
Idealized IVPHF decsion
matrix
D(ty) = B{ti)nxm

No change in IVPHF decsion
matrix

D(ty) = (ds;(tx))nxm

Final IVPHF decision matrix (D(t; ) = (b;; (¢, orD(t;) = (d;;(t;
( k ( u( k))nxm ( k ( l]( k))nxm) - Algorithm 1
J
' ‘ B Algorithm 2
Obtain Obtain )
collective decision matrix (d; ;) pxm collective decision matrix (d;;) nxm
using using
DIVPHFWA/DIVPHFWG/ DIVPHFEWA/DIVPHFEWG/
GDIVPHFWA/GDIVPHFWG GDIVPHFEWA/GDIVPHFEWG
Operator Operator 5/
( ~N

Find collective overallpreference values b; using IVPHFWA/IVPHFWG Operator

L g

Calculate score functions Scr(d;)
(when Scr(b;) = Ser(dy,), calculate accuracy functions Acr(d;) and Acr(dy,))

¥y ¥

Rank all aternatives and select optimal one(s)

Fig.2 Frame diagram of Algorithm 1 and Algorithm 2

15—90% of Healthcare sector is not affected during the period #; for the city g; due to COVID-
19. From the second one topmost access {{[0.08, 0.80]}, {[0.01, 0.02]}, {[0.14, 0.16]}} of
Table 1, we recognize that 14—16% of Economic sector is affected, 1—2% of Economic
sector is neither affected, nor benefited, and 8—80% of Economic sector is not affected
during the period #; for the city g; due to COVID-19. From the third topmost access
{{[0.07, 0.701}, {[0.10, 0.11]}, {[0.01, 0.02]}} of Table 1, we understand that 1 —2% of Social
sector is affected, 10—11% of Social sector is neither affected nor benefited, and 7—70% of
Social sector is not affected during the period #; for the city g; due to COVID-19. Similarly,
we can interpret all of the values of Table 1 as well. We can find the mostly affected city due
to COVID-19 through executing the Step 1 to Step S of Algorithm 1 as follows.

Step 1. The idealized decision matrix D () = (0;; (tk))4x3 (i=1,2,3,4j=1273k=
1, 2) is constructed from Table 1 .
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Table 1 Table for idealized decision matrix

Time-
moment

Para- Alternative
meter q1

5]

I {{10.15, 0.901}, {[0.01, 0.02], [0.02, 0.03]}, {[0.04, 0.051}}
I {{10.08, 0.801}, {[0.01, 0.02]}, {[0.14, 0.16]}}
Iy {{[0.07, 0.701}, {[0.10, 0.111}, {[0.01, 0.02]}}
I {{[0.04, 0.851}, {[0.01, 0.03]}, {[0.01, 0.03], [0.07, 0.081}}
{{[0.01, 0.701, [0.08, 0.811}, {[0.08, 0.091]}, {[0.01, 0.031}}
{{10.07, 0.651}, {[0.09, 0.10]}, {[0.08, 0.10]}}
q2
{{10.04, 0.301}, {[0.22, 0.33], [0.28, 0.40]}, {[0.28, 0.301}}
{{[0.13,0.501, [0.41, 0.48]}, {{0.11, 0.201}, {[0.18, 0.307}}
{{[0.18, 0.301}, {[0.12, 0.181}, {[0.17, 0.507}}
{[0.17, 0.501}, {[0.11, 0.301}, {[0.08, 0.20]}}
{{10.27, 0.38]}, {{0.23, 0.40]}, {[0.14, 0.20], [0.11, 0.12]}}
{{10.05, 0.601}, {[0.04, 0.201}, {[0.01, 0.20]}}
q3
{{10.31, 0.501}, {[0.11, 0.14], [0.04, 0.207}, {[0.21, 0.281}}
{{[0.28, 0.401}, {[0.23, 0.401}, {[0.01, 0.20]}}
{{[0.01, 0.201, [0.17, 0.18]}, {[0.20, 0.30]}, {[0.21, 0.331}}
{{
{{
{

1)
I3

{

[0.03, 0.201}, {[0.33, 0.48]}, {[0.01, 0.20]}}

[0.31, 0.501}, {[0.13, 0.18]}, {[0.08, 0.20]}}
{[0.11, 0.201}, {[0.22, 0.401}, {[0.14, 0.40], [0.11, 0.33]}}
q4

{10.11, 0.501}, {[0.11, 0.301}, {{0.05, 0.20]}}
{{[0.17, 0.301}, {[0.11, 0.30], [0.11, 0.14]}, {[0.17, 0.401}}
{{[0.61, 0.801}, {[0.08, 0.101}, {[0.01, 0.10], [0.02, 0.091}}
{{[0.14, 0.201}, {[0.17, 0.201}, {[0.41, 0.60]}}
{{10.26, 0.501}, {[0.13, 0.26]}, {[0.01, 0.10]}}

{{[0.22, 0.40], [0.18, 0.28]}, {[0.13, 0.30]}, {[0.04, 0.30]]}}

Step 2.

Step 3.

Step 4.

The collective decision matrix (Di.i)4x3 (i =1,2,3,4,j = 1,2,3) is constructed
from Table 2 by utilizing the dynamic interval-valued picture hesitant fuzzy weighted
average (DIVPHFWA) operator (Algorithm 1).

The collective overall preference values 0; (i = 1,2,3,4) of the alternatives g;
(i = 1,2,3,4) are obtained from Table 3 by utilizing the interval-valued picture
hesitant fuzzy weighted average IVPHFWA) operator.

The score functions S(0;) of 0; (i = 1, 2, 3, 4) are obtained as mentioned in Table 4.
Therefore, we get the ranking order of given alternatives is ¢ > g4 > ¢2 > q3
according to DIVPHFWA operator.

If we apply DIVPHFWG operator, we get the score values and ranking order of
alternatives as mentioned in Table 4. The score values and ranking order of alternatives
using the GDIVPHFWA and GDIVPHFWG operators for different values of A are
displayed in Table 5. By considering the dynamic aggregation operators: DIVPHFWA
and DIVPHFWG and the generalized dynamic aggregation operators: GDIVPHFWA
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Fig.4 Comparison chart for GDIVPHFWA-GDIVPHFWG operators with different values of A

and GDIVPHFWG, we point out that the score values for the alternatives are different,
but the ranking order of the alternatives is the same. It is clearly visible in Figs. 3 and
4.

Example 5.2 (For Algorithm 2) To illustrate the steps of Algorithm 2, we deal with the
investment opportunities selection problem. A fund manager Mr. M in a wealth management
firm is assessing three potential investment opportunities g1, g2, ¢3. The firm mandates that
the fund manager has to evaluate the following three parameters /; and /5, where /1 stands
for the ‘risk’ and I, stands for the ‘growth’. For each parameter /; (i = 1, 2) , Mr. M invites
two expert groups to evaluate the ¢; (j = 1,2, 3) with respect to /; (i = 1,2) in three
different periods of time 71, 2, #3. Assume that = (0.3, 0.7) be the weightage of criteria /;
and [, and w(¢) = (0.1, 0.3, 0.6) be the weightage of the time periods ?1, t>, and 3. Suppose
that experts create the idealized decision matrix table (see Table 6) which has the dynamic
interval-valued picture hesitant fuzzy variables/numbers. The most suitable parameter can
be selected for investment through the Step 1 to Step 5 of Algorithm 2 as follows.

Step 1. The idealized decision matrix D () = (Dij(tk))3X2 (i =1,23j=12k=
1, 2, 3) is constructed from Table 6.
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Table 4 Table of score values-ranking order for DIVPHFWA-DIVPHFWG operators

Operators Score values Ranking order
DIVPHFWA 0.5828568 0.4845111 0.4584353 0.5454265 q1 > q4 > q2 > q3
DIVPHFWG 0.569065 0.4593005 0.432204 0.50235 q1 > q4 > q2 > q3

Table 5 Ranking order of alternatives for GDIVPHFWA-GDIVPHFWG operators with different values of A

Operators A Score values Ranking order
1 0.5828568 0.4845111 0.4584353 0.5454265 q1 > q4 > q2 > q3
2 0.5834922 0.4885244 0.4613326 0.5508532 q1 > q4 > q2 > q3

GDIVPHFWA 3 0.5839548 0.4923313 0.4635947 0.5556214 q1 > g4 > q2 > q3
4 0.5843024 0.4957437 0.4654296 0.5596157 q1 > 94 > q2 > q3
5 0.5845858 0.4987449 0.4669893 0.5629243 q1 > q4 > q2 > q3
1 0.569065 0.4593005 0.432204 0.50235 q1 > q4 > q2 > q3
2 0.5650235 0.4530838 0.4278411 0.4910611 q1 > q4 > q2 > q3

GDIVPHFWG 3 0.5623685 0.4479962 0.424282 0.4816923 q1 > q4 > q2 > q3
4 0.5606428 0.4439221 0.4214459 0.4744388 q1 > 94 > q2 > q3
5 0.5594333 0.4406658 0.4191625 0.4688665 q1 > g4 > q2 > q3

Table 6 Table for idealized decision matrix

Time—moment Parameter Alternative g1
1 I {{[0.05, 0.101}, {[0.10, 0.30]}, {[0.12, 0.20], [0.10, 0.301}}
153 {{[0.14, 0.30]}, {[0.21, 0.40]}, {[0.15, 0.30]}}
1) I {{[0.14, 0.401}, {[0.03, 0.10]}, {[0.02, 0.03], [0.01, 0.10]}}
I {{[0.21, 0.301], [0.18, 0.211}, {[0.32, 0.40]}, {[0.01, 0.101}}
3 I {{[0.22, 0.401}, {[0.03, 0.20]}, {[0.01, 0.04]}}
I {{[0.21, 0.501}, {[0.05, 0.101]}, {[0.03, 0.201}}
q92

{{10.14, 0.30]}, {[0.02, 0.13], [0.08, 0.20]}, {[0.18, 0.20]}}
{{[0.02, 0.101}, {[0.01, 0.10]}, {[0.19, 0.20]}}
{{10.16, 0.501}, {[0.01, 0.201}, {[0.05, 0.10]}}
{{[0.17, 0.18], [0.16, 0.301}, {[0.04, 0.201}, {[0.15, 0.301}}
{{10.13, 0.301}, {[0.13, 0.281}, {[0.01, 0.10]}}
{{10.21, 0.401}, {[0.13, 0.28]}, {[0.08, 0.30]}}

93
{{[0.01, 0.201}, {[0.04, 0.30]}, {[0.11, 0.18], [0.04, 0.201}}
{{[0.18, 0.201}, {[0.03, 0.10]}, {{0.02, 0.21]}}
{{10.03, 0.10]}, {[0.13, 0.18], [0.21, 0.40]}, {[0.01, 0.10]}}
{{00.21, 0.401}, {[0.13, 0.18], [0.12, 0.27]}, {[0.08, 0.101}}
{{10.03, 0.10]}, {[0.13, 0.281}, {[0.01, 0.30]}}
{{10.01, 0.201}, {[0.03, 0.281}, {[0.08, 0.10]}}
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Step 2.

Step 3.

Step 4.

The collective decision matrix (aij)3><2 (i =1,2,3,j = 1,2) is constructed from
Table 7 by utilizing the interval-valued picture hesitant fuzzy Einstein weighted
average (IVPHFEWA) operator (Algorithm 2).

The collective overall preference values 0; (i = 1, 2, 3) of the alternatives ¢; (i =
1, 2, 3) are obtained from Table 8 by utilizing the interval-valued picture hesitant
fuzzy weighted average (IVPHFWA) operator.

The score functions S(0;) of 0; (i = 1,2, 3) are obtained as mentioned in Table 9.
Therefore, we get the ranking order of given alternatives is g1 > g2 > g3 according
to DIVPHFEWA operator.

If we apply DIVPHFEWG operator, we get the score values and ranking order of
alternatives as mentioned in Table 9. The score values and ranking order of alterna-
tives using the GDIVPHFEWA and GDIVPHFEWG operators for different values
of A are displayed in Table 10. By considering the dynamic aggregation operators
based on Einstein operations: DIVPHFEWA and DIVPHFEWG and the general-
ized dynamic aggregation operators based on Einstein operations: DIVPHFEWA
and DIVPHFEWG, we point out that the score values for the alternatives are differ-
ent, but the ranking order of the alternatives is the same. It is visible through Figs. 5
and 6.

Limitations of the proposed approaches:
To reveal the limitations of the proposed approaches, we analyze Algorithm 1 and Algorithm
2 critically and give their drawbacks as follows.

In the above examples, possible dependencies between criteria (parameters) are neglected.
It is practically not always possible to assume in the MPDM that each parameter is indepen-
dent of other parameters. Any parameter in the MPDM could be related to, or dependent on
other parameters. In the proposed MPDM approaches, evaluating the dependencies among
parameters should contribute to the objectivity of decisions. The considering dependency in
the interval-valued picture hesitant fuzzy MPDM may improve the quality of decision-making
process.
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Table 9 Table of score values-ranking order for DIVPHFEWA-DIVPHFEWG operators

Operators Score values Ranking order
DIVPHFEWA 0.5252736 0.4906648 0.4757781 q1 > @ > q3
DIVPHFEWG 0.5070679 0.4755731 0.4598301 q1 > 92 > q3

Table 10 Ranking order alternatives for GDIVPHFEWA-GDIVPHFEWG operators with different values of

A

Operators A Score functions Ranking Order
1 0.5252736 0.4906648 0.4757781 q1 > q > q3
2 0.5279883 0.4937191 0.4819029 q1 > q2 > q3

GDIVPHFEWA 3 0.5307157 0.4960927 0.4861892 q1 > q2 > g3
4 0.5331643 0.4980722 0.4895613 q1 > q2 > q3
5 0.5353295 0.4998603 0.4924096 qQ > q2 > q3
1 0.5070679 0.4755731 0.4598301 q1 > 9 > q3
2 0.4918949 0.4703409 0.4553754 q1 > 9 > q3

GDIVPHFEWG 3 0.4795927 0.4658424 0.4516602 q1 > q2 > q3
4 0.4703139 0.4618056 0.4486142 q1 > 92> g3
5 0.4630513 0.4581448 0.4460911 q1 > q2 > q3

Score Values
e o0 o e o
N w o~ o D
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L i . mAlternative2
N9 Y % 9 NCo9Y Y X 9 n Altemative3

&V‘
N
Q‘?‘

S

e
—_
L
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Aggregation Operators with different values of A
Fig.6 Comparison chart for GDIVPHFEWA-GDIVPHFEWG operators with different values of A

6 Comparative study

To show the feasibleness of the proposed MPDM strategies, the rankings of our pro-
posed operators DIVPHFWA, DIVPHFEWA, DIVPHFWG and DIVPHFEWG are com-
pared with the rankings obtained by the existing MPDM methods as presented in
Table 11. The hesitant fuzzy set could be a special case of IVPHFS. For instance,
the component (Y1, G;) = (0.2,0.4,0.7) in Table 1 of Xia and Xu (2011) will be
viewed as an IVPHFE as {{(0.2, 0.2), (0.4, 0.4), (0.7, 0.7)}, {(0, 0)}, {(0, 0)}}. A dual hes-
itant fuzzy set is a special case of IVPHFS due to the fact the element (A;, C;) =
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{{0.3, 0.4}, {0.6}} in Table 1 of Ju et al. (2014b) can be converted into IVPHFE as
{{(0.3,0.3), (0.4,0.4)}, {(0,0)}, {(0.6, 0.6)}}. The interval-valued dual hesitant fuzzy ele-
ment (Ag, C;) = {{[0.3,0.4],[0.4,0.5],[0.5, 0.6]}, {[0.2,0.3],[0.2, 0.4]}} in Table 1 of
Zhang et al. (2014) is transformed to IVPHFE as {{[0.3, 0.4], [0.4, 0.5], [0.5, 0.6]}, {[O, 01},
{[0.2, 0.3], [0.2, 0.4]}}. The picture fuzzy element (A1, G1) = (0.2, 0.1, 0.6, ) in illustrative
Example of Garg (2017) is modified to IVPHFE as {{(0.2, 0.2)}, {(0.1, 0.1)}, {(0.6, 0.6)}}.
Moreover, Picture hesitant fuzzy element (A1, C1) = {{0.4, 0.5, 0.7}, {0.05}, {0.1, 0.2}} in
Table 2 of Wang and Li (2018) also can be modified to IVPHFE as {{(0.4, 0.4), (0.5, 0.5),
(0.7,0.7)}, {(0.05, 0.05)}, {(0.1, 0.1), (0.2, 0.2) }}. It leads to comparing our proposed model
IVPHFS with the existing models HFS, DHFS, IVDHEFES, PFS, and PHFS. Our proposed
operators DIVPHFWA, DIVPHFEWA, DIVPHFWG and DIVPHFEWG provide the iden-
tical ranking in evaluating with the prevailing operators GHFWA |, GHFWA; Xia and Xu
(2011), DHFHHA, DHFHHG (y = 1,2,5) Ju et al. (2014b), IVDHFWA, IVDHFEWA
Zhang et al. (2014), PFWA Garg (2017), GPHFWA, GPHFWA (1 = 1) Wang and Li (2018)
of the models HFS, DHFS, IVDHEFS, PES, and PHFS, respectively. It is proven in Table 11.

7 Conclusion

In this paper, we studied and described the notions and operations of IVPHFSs and I[VPH-
FEs. Some basic properties of the IVPHFEs were also introduced and investigated. We
discussed the MPDM problems under interval-valued picture hesitant fuzzy environment.
Then, motivated by the idea of traditional dynamic aggregation operators and Einstein
operations, some dynamic interval-valued picture hesitant aggregation operators: DIVPH-
FWA operator, DIVPHFWG operator, DIVPHFEWA operator, DIVPHFEWG operator, and
their generalized versions were proposed to aggregate the interval-valued picture hesitant
fuzzy information collected at different periods. In addition, we proposed these dynamic
aggregation operators to develop new approaches to deal with the interval-valued picture
hesitant fuzzy multi-period decision-making problems. The practical examples and a com-
parison study were presented to verify the practicality and effectiveness of newly proposed
approaches.

The IVPHFS introduced in this paper is quite an extensive version of many (extended)
fuzzy sets, and hence the proposed aggregation operators for IVPHFVs are more inclusive
than those of many fuzzy variables. In addition, the novelty of the interval-valued picture
hesitant fuzzy aggregation operators proposed in this paper is that they can realize the syn-
thesis of the interval-valued picture hesitant fuzzy information collected at different periods,
so they develop and enrich the theories of dynamic aggregation operators for hesitant fuzzy
elements, picture fuzzy elements, picture hesitant fuzzy elements.

In the future, we will extend the theory of aggregation operators for IVPHFVs and inves-
tigate information measures to deal with the decision-making problems in medical diagnosis
and pattern recognition under interval-valued picture hesitant fuzzy environment.
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