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Selecting the advanced communication system for the rescue department is piv-
otal for enhancing coordination, operations, and effectiveness in today’s dynamic
environment. Addressing the complexities arising from uncertainty and periodic-
ity, the Complex g-rung Orthopair Fuzzy Set theory emerges as adept, encapsu-
lating comprehensive problem specifications. This study introduces two innova-
tive aggregation operators within the Cq-ROFS framework: the Complex g-rung
Orthopair Fuzzy Dynamic Weighted Averaging (Cq-ROFDWA) and the Complex
g-rung Orthopair Fuzzy Dynamic Weighted Geometric (Cq-ROFDWG) operators.
Some important characteristics of the newly defined operators are established.
Moreover, these operators contribute to a systematic framework for handling
Multiple Attribute Decision Making (MADM) problems involving complex g-rung
Orthopair fuzzy information. The article exemplifies their application in resolving
a MADM problem, determining the optimal option of an advanced communica-
tion system. Finally, to validate the derived methodologies, a thorough compari-
son study is carried out, demonstrating the superiority of the presented operators
against various existing operators.

1. Introduction

To dispose unknown or undetermined information in the field of decision making, Zadeh [1] pro-
posed the innovative concept of fuzzy set (FS) in 1965, which is characterized by a membership function
limited to [0, 1], and it has been proven to be a very powerful tool to deal with uncertain information
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in real-life problems. Now there are many extensions of fuzzy sets such as. Although fuzzy sets offer
numerous benefits, there are instances where it is challenging or unfeasible to resolve the problem
solely using a membership function. To address this limitation, Atanassov [2] introduced the concept
of intuitionistic fuzzy sets (IFS) as an extension of fuzzy sets (FS). IFS is characterized by a membership
function, a non-membership function, and a degree of indeterminacy or uncertainty, all of which be-
long totherange [0, 1]. Akey restriction of IFS is that the sum of the membership and non-membership
degrees must be less than or equal to 1. The IFS concept provides a more robust framework than FS for
tackling uncertain issues and offers a more effective means to represent human opinions. Addition-
ally, this concept has gained significant interest and has been successfully applied across fields such
as mathematics, engineering, information sciences, and multi-criteria decision-making (MCDM) prob-
lems [3-6]. Particularly in the context of multi-attribute decision-making (MADM) problems, intuition-
istic fuzzy sets (IFS) have become a crucial method for addressing various decision-making challenges
across different domains[7-11]. Yager [12] introduced the concept of Pythagorean fuzzy sets (PyFS),
which is defined by the condition that the sum of the squares of the membership degree and the
non-membership degree must be less than or equal to 1. Garg[13] introduced several novel general-
ized Pythagorean fuzzy information aggregation methods using Einstein operations and explored their
applications in decision-making processes. Peng and Yang [14] introduced the Pythagorean fuzzy Cho-
quet integral and the MABAC method, both of which are grounded in Pythagorean fuzzy information.
For additional details regarding PyFSs, one may refer to [15, 16]. Yager [17]presented the idea of g-rung
orthopair fuzzy sets (q-ROFS), which offer greater flexibility and generality compared to intuitionistic
fuzzy sets (IFS) and Pythagorean fuzzy sets (PyFS). This method is intended to manage intricate and
ambiguous data within the context of fuzzy set theory. Additionally, Liu and Wang[18] introduced g-
ROF aggregation operators to average the assessment data. Nevertheless, many scholars raised the
question of what would occur if the co-domain of fuzzy sets (FS) were altered to a set of complex num-
bers instead of the range [0, 1]. The response to this inquiry was provided by Ramot[19] in 2002, who
defined the concept of complex fuzzy sets (CFS) as an extension of FS. The concept associated with
CFSs has also been proposed in [20-22]. The development of the relationship between complex and
fuzzy set theory led to the suggestion that the range of the membership function be confined to the
complex unit circle. This modification enables complex fuzzy sets (CFS) to represent two-dimensional
information, incorporating both amplitude and phase components. Both the amplitude and phase
components are real-valued functions that can take values from the unit interval, capturing the un-
certainty in both dimensions. By applying the concept of CFS, a variety of physical problems have
been successfully addressed. This theory holds significant relevance in numerous fields, particularly
in the prediction of periodic events and advanced control systems. These events involve multiple
fuzzy variables that are interrelated in ways that traditional fuzzy operations cannot adequately han-
dle. Dynamic aggregation operators on CIF were introduced in [23]. Akram and Naz [24] proposed an
innovative decision-making approach based on CPFS theory. This set serves as an extension of both
CFS and CIFS. The intricate fuzzy geometric aggregation operators and sophisticated fuzzy arithmetic
aggregation operators were introduced in [25] and [26]. Garg and Rani [27] introduced CIF arithmetic
and geometric aggregation operators. Within the framework of the CPFS environment, various op-
erators, including Einstein geometric operators. For example, CQROFS theory is capable of managing
two-dimensional data, whereas IFS, PFS, and FFS are unable to process such data. Additionally, the
CIFS and CPFS theories do not account for situations where the sum of the squares of membership and
non-membership degrees exceeds 1. In contrast, CQROFS can easily handle such cases. This research
stands apart from prior studies due to its specific emphasis on incorporating time periods. It is es-
sential to develop robust, efficient dynamic aggregation operators that can address decision-making
challenges with evolving uncertainty, imprecision, and vagueness. By enabling the integration of in-
formation across different time periods, the proposed study provides a clearer and more accurate
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understanding of the issues. Therefore, it is crucial to conduct research focused on the challenges of
dynamic complex fuzzy MADM. These factors drive us to propose dynamic operators within the CFF
framework and offer a solution to the MADM problem. Dynamic aggregation operators are utilized
to address uncertainties and imprecise information that change over time. Existing research on CFF
is not equipped to evaluate time-dependent data. It is also crucial to recognize that without incorpo-
rating the time factor, shifts in the significance or value of various data points may not be accurately
reflected in the aggregated results. This lack of responsiveness can lead to erroneous outcomes, es-
pecially in cases where the importance of data points fluctuates over time. Dynamic weighted ag-
gregation operators are ideal for scenarios that require immediate decision-making. Their capacity to
quickly adapt to changes in the environment or input data makes them particularly effective for time-
sensitive decision processes. However, in numerous decision-making contexts, such as dynamic med-
ical diagnostics, multi-period investment choices, the real-time evaluation of defense mechanisms,
and ongoing personnel assessments, the key information needed for decisions is often gathered at
different times.Our main goal is to develop and assess operators tailored to the distinct features of
CFFS. These operators are specifically designed to improve flexibility and responsiveness in decision-
making within complex and unpredictable situations. By incorporating these operators, the system
gains the ability to dynamically modify membership functions and aggregation processes in response
to changing conditions, fluctuating data, and evolving preferences of decision-makers. This adapt-
ability is crucial in managing scenarios with varying degrees of uncertainty, making traditional static
operators significantly less effective. Our study focuses on the following primary objectives within the
theoretical framework:

1. Two novel aggregation operators, namely Cq-ROFDWA and Cq-ROFDWG operators, developed
for decision making situation that incorporate complex g-rung orthopair fuzzy information.

2. Construct a dynamic operational system that is necessary for the execution of CQ-ROFSs. This
involves the formation of mathematical model that decpite the relationships between different
Cg-ROFNs.

3. Develop a systematic approach to address the MADM problem involving Cq-ROF data.

4. Conduct a comprehensive analysis of Cq-ROFDWA and Cq-ROFDWG operators, establishing their
unique attributes and specific applications to foster a deeper comprehension of their capabili-
ties.

Section 2 introduces several concepts, while the subsequent section 3 elaborates on various Cq-ROF
operators. Segment 4 presents the development of the algorithm tackling MADM method. An exam-
ple is demonstrated in Section 5, followed by comparative analysis in Section 7. The article concludes
in Section 8, addressing limitations and offering suggestions for future study.

2. Some basic concepts

In this section, we defined fundamental principles associated with Complex g-rung orthopair fuzzy
sets (C, — ROFYS). [28]LetY = {y1, Y2, ys, ..., yn } be any ordinary set, then a g-rung orthopair fuzzy
set (¢ — ROF'S) @) defined on Y is expressed as follows:

Q = {(Yi, (mq (v:) ,nq (W) lyi € Y}, (1)

where mq (y;) : Y — [0,1] and ng (y;) : Y — [0, 1] denote membership and non-membership
degree of the element y € Y to set @, satisfying 0 < (mq (v:))? + (ng (v:))* < 1but (¢ > 1). [29]
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The degree of indeterminacy of element to set () is expressed as

Q=

Mg (yi) = (1 = (mq ()" + (nq (¥:))7) (2)
Obviously 0 < Il < 1, (y; € Y) . For convenience ) = (mg, ng) is called as a g-rung orthopair fuzzy
number (¢ — ROF N) which van be denoted as a = (m,n). [29] Let Y = {y1, y2, ys3, ..., yn} be any
ordinary set, then a complex g-rung orthopair fuzzy set (Cq — ROF'S) C defined on Y is expressed
as follows:

C = {yi, (mg (i) ,ne (i) lyi €Y} ,g > 1 (3)

where my, (y;) = m (y) e*™mw and nl, (y;) = n (y) €™~ denote the complex-valued membership
and non-membership degrees of the element y € Y to the set C, satisfying 0 < (m (y))?+(n (y))* <
land 0 < (n(y))?*+ (n(y))* < 1wherem (y) and u,, (y) represent the real and imaginary parts of
the complex-valued membership degree, n (y) and u, (y) represent the real and imaginary parts of
the complex-valued non-membership degree. [30] Degree of indeterminacy of set C' is expressed as
follows:

Q=

1(5) = (1— (m(u))" — (n(y))")s (= (om)" (o)) (@)
A complex g-rung orthopair fuzzy number (Cq — ROF N) can be defined as:
C = (m(y) e*™mw n(y)e?™nw) . (5)

It can also be denoted as :
C — (m€i27rum(y) 7 nei27run(y)) ]

[31] For two Cq-ROFN, A = (me®™ma ne??™na) and B = (mpe'?™ms npe™ns) then,
1. ACBifma <mp,na>ngand uy,, < Ung,Un, > Ung,
2. A=Biff my = mp,na =npand Uy, = Uny, Un, = Uny,
3. A€ = (nAe’Q”“”A 7 mAeiZ”umA) .

[32] Score function S and accuracy function A on a Cq-ROFN, A = (m 4e"?™ma n 4e'?™n4) are defined
as:

5 (A) = 5 ((mh ) + (ut, —u,)) )
A(A) = % ((m% +n%) + (uh, +ui,))- (7)

where S (A), A(A) € [-1,1]. An order relation between two Cq-ROFNs A and B is of the form:
1. If S(A) > S (B)then A > B,
2. If S(A) = S (B) then

(@) If A(A) > A(B) then A > B;
(b) If A(A) = A(B)then A= B.

For two Cq-ROFNs, A = (m4e?™ma n e®™na), B = (mpe®™ms npe?™5)and A > 0 be any real
number,

Ac _ (nA€i27runA ’ mAeiQWUmA ),
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AUB= (ma:c (ma,mp) ermmar(umgsing ) in (na,np) i2rmin(uns ’“"B)>,

ANB= (min (ma, mp) i2mmin(m gt ) ,max (na,ng) gi2mmaz(un g ’u"5)>.

[33] Let o) = ((mg, €™ ), (ng, €™ ) ) for k=1,2,3,...,n be a collection of n Cq-ROFNs and let
w = [wy,ws,...,w,]T represent the weight vector associated with oy, such that, w, € [0,1] and
> i, wy = 1. Then a Cq-ROF weighted averaging (Cq-ROFWA) operator is a function C¢— ROFW A :
0" — o, defined as:

Cq - ROFWA (0'1, 09, ..., O'n) —
(1 -JJa- mz)wk> (1T (1-u, )™
k=1

Let oy = ((my, €™ | (ny, €277 ) ) for k=1,2,3,...,n be a collection of n Cq-ROFNs and let w =
(w1, wa, ..., w,]" represent the weight vector associated with o, such that, wy, € [0, 1] and >_}'_ wy, =
1. Then a Cq-ROF weighted geometric (Cq-ROFWG) operator is a function Cq — ROFWA : ¢ — o,
defined as:

m»a

Han 127r Hk 1unk) . (8)

Cq — ROFWG (017 02, -y Un) =
1
1 n q wpy L
Hm 227r Hk 1“”% q ( H 1 _nk > '67,'271'(171—12:1(17’!1,%]6) k)q . (9)
k=1

3. Dynamic aggregation operators on Complex g-rung orthopair fuzzy
numbers

In this section, our aim is to develop dynamic aggregation operators in Cq-ROF environment.

[34] Let ¢ denote the time variable. A Cg-ROF variable is represented as o; =

((my, €2™ume) | (ny, 2™ ) where my, U, , N, un, € [0, 1], subject to the conditions 0 < m{ +
n{ <land0 < ul, +ul < 1.ForCq-ROF variable o if t = (t1,ts,...,ts) thenoy,, 0y,, ..., 0y, indicate s
Cg-ROFNs collected at s different periods. Consider two Cq-ROFNs, oy, = ((mtl,en’”‘mtl) , (ntl, eiQ””"t1>>
and oy, =

((mt2, em”%) , (ntz, ei2”“”t2>> . The essential ordering principal governing their interactions
as follows:
op, < oy, ifmy, <my,,ny, > my, and Uy, < Uy Uny, 2 Un,y, and oy, = oy, ifand only if oy, C oy,

) ) 2 27
and Oty - Oty Let o, = ((mt, 61271—“7"’5) , (nt,eﬂm"t)) y Ot = <<mt1; e t1> y (ntl,el i tl)) and

i27rumt2 7L27'runt2

) be three Cq-ROFNs and +; > 0. The dynamic operational
laws for these Cq-ROFNs are defined as follows:

Oty = ((mtzae 7<nt276

_ q q q q 2r {/ud, 4ul,  —ul, ul 2T Un,, , U
® 0y Doy, = (({‘/mtl +myg, —mg my e /1 gy =Wy Wy , (Mg, gy, €5 a2 ) )

_ P27 U, U q q q.q i2n{/ul, +ub,—ud, up
® Oy X Oy = ((mtlmt2>e it mt2)7 ({I/nm + Ny = Ny Ny € V [ ’
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2t 2 41— (1—ud )"
° U;yt — ((m;’t,eZ%“mt) ’ ( a/1 — (1 _ n;])’Yt) 7€z T ( unt) .

In the subsequent definition, we introduce Cq-ROFDWA operator. Let us consider a collection of Cg-
ROFNs denoted as 0y, = (<mtk, em“mtk> , (ntk, 622””%» for k=1,2,...,s, at distinct time periods t;.
Furthermore, lety:, = [1,, Yty - fytS]T be the weight vector that is linked to time period ¢;,, subject to

the conditionsy;, € [0,1]and>";_, 7, = 1.The Cq-ROFDWA operator denoted as C¢q— ROFDW A :
0® — o defined as follows:

Cq — ROFDWA (Utlaatga "'7Uts) =

[ s

k=1

t

(an,fk, M- 1""%) . (10)

Leto, = ((my, ™), (ny, e ™% ) ) for k=1,2,...,s, present a collection of Cg-ROFNs at s dif-
k k k

ferent time periods ¢;.. Additionally consider the weight vector with s time period v, = [v4,, V1,5 -+ 1.]7,

where vy, € [0,1]and >";_, v, = 1. The aggregated value of these Cq-ROFNs using the Cq-ROFDWA
operator is itself a Cg-ROFN, expressed as:

Cq — ROFDW A (Ut1aat27 "'7Uts) =

vt

al 1 _ﬁ (1 _mt )’Ytk \/ -IT;= 1 1 uh, )Wk | <f[nz;k,enk lunt’z)
k=1

k=1

The mathematical induction is employed to illustrate the proof of this result.
Let s=2;
Cq— ROFDW A (01,,0t,) = Vt,-0t, D Vty-Oty

where;
; / Tty vt
% i2m {1 1_u$nt Tt 2mup
(’ytl'o-tl = <<\/1_ - 176 ( 1> ) ntllve 1
Yt
7,27r 1= l—u?,,,t 2 Yt i27ru%2
(’YtQ‘O-tQ = ((\/1 - 1 - th 7 ( 2) ) <nt2276 nt2>
Therefore

o 2w {/1—(1—uk, T 2t
(’ytl'atl)@<7t2'0't2 - <<\/1_ 1_mt )7176 ( ! ) >7<n31t17€2 ntl))

; Tta vt
vt 27 [ 1—(1—uh, Tt iomut2
’ ((f/l_ (1_mg2) ‘e < 2) ) ntzQ’6 "2
Tt t
ion 14/1—(1—uq ) 1 (1—u‘1 ) 2 I
— <<</1 _ (1 _ gl)'\/tl (1 o ;]2)'%276 miqy Mo (nzltl n"/tg el?ﬂ'untl untQ)

t27
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Consequently,

'Ytk

2
Cq—ROFDWA (Ut170t2) — a1 — H 1 o mtk)”/tk \/ Hk 1 1 umt
k=1

Vi Hk 1“nzk
(H My *

Hence, the base case is proven for s=2.
Suppose that the statement holds fors = r» > 2, we can express it as follows

Cq— ROFDW A (0,04, ..., 04,)

r r ’Yt

k=1

Moreover, if s=r+1, then

Cq — ROFDW A (Ut17 Oty ooy Oty O-tr+1) = Yt,-0t; D Yto-Otg---- D Yt -Ot, D fytr+10-tr+1

r+1 \/ rt1 ”k T+l Yt
vt —[Tel; (1—uh Ve, TE unk
(- Ty d T (e e

k=1

Consequently, we may conclude that the claim is true for any positive integer s.  The subsequent
theorem investigates the idempotent characteristic of the Cq-ROFDWA operator. Consider a set of

12T U, 2T U,
Cq-ROFNs o, = <<mtk,@Z mu %) ’ (nt’weZ i tk)) for k=1,2,...,s. If 0y, = oy, for all k and some

l€{l,2,..., s}, whereo, = ((mtl, 6i27r“m”> : (ntl, e )) andv,, = [V, Vs, - 1.]” represents
the weight vector associated with time periods ¢, such that v, € [0, 1] and ZZ=1 7, = 1, then
Cq — ROFDW A (O—tl,O_tQ, ceey Uts) = 0y

Given that 0, = oy, for allk=1,2,...,sand some [ € {1, 2, ..., s} we can deduce that m;, = m,, Uy, =
Uy, s Nty = Ny and Up,, = Un,,. NOW let use delve into mathematical formulation of Cq-ROFDWA:

Cq — ROFDWA (Utlao-tga "'7Uts) =

s Yt s
Hk 1 u k ~ s Tty
1 TT (e, oV (i)™ ) (T il

k=1

; i1 Z v
. q q k=1 "tk s k=1 "ty
_ q q E Z 17t 127 \/1 1 ’U,Mt § =1 ’Ytk i2
—((\/l—(l—mtl) —he ( l) T

_ << of1 _ (1 B mgl)76i27r§1/1—(1—ugntl)> , (nt“ ei27runtl>>

; q .
. [ q 127 gfum, 127 Un,
a ((qmtl’e l)7<ntzve "

Consequently,
Cq — ROFDWA (O-tla O't2, ceey Uts) = O-tl'
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The subsequent theorem investigates the boundedness characteristic of the Cq-ROFDWA operator.
Let o, = ((mm {ms, },min {eﬂmmtk }) , <max {n:,}, max {elzmntk })) and
of = ((ma:z: {my,}, max {eiz”“mtk }) , (mm {ny,},min {ei%“"% }>> be the lower and upper
bound of the Cg-ROFNs 0, = <(mtk, e 2 mume > , (ntk, /2 muney >> fork=1,2,....s. Let v, = (Viys Yooy ) V22 )"
be the weight vector such that v, € [0,1]and > ;_, v, = 1. Then,

O'; < Cq — ROFDW A (Ut17at27 ...,O'ts) < O';r.

Consider the result of applying the Cq-ROFDWA operator to the collection of Cg-ROFNs, denoted as

Cq — ROFDWA (Utl 1 Otgs ooy Uts) = ((mtv emﬂumt) ) (nt, €i2ﬂunt))

For each
min{ms, } < my, < mazx {my, }
= min{m{ } <m{ <maz{mf }
— 1—maz{m{ } >1—m >1—min{m{ }
SN H (1 — max {mfk})%’“ > H (1 — m?k)%’“ > H (1 — min {m?k})%’“
k=1 k=1 k=1
— (1 —maz {mf })==" > T (1 —mf) "™ > (1 - min {mf }) ==
k=1
— (U mmar o }) > T] ()™ 2 (1= min . })
k=1
S
= min {m?k} <1- H (1 — mgk)“/tk < max {mfk
k=1
— {/min{m{ } < 1- H (1—mi )™ < {/max{m{ }.
k=1
So,

min{ms, } < m; < max {my,}

_—
For each ¢"“™"™t% , we have

= min { eizm‘g”tk} < MUy < mag {emm%%}

i2mud 2mud . i2mud
— 1—max{e mfk} >1—e" Zl—mm{e Mty

S

s s
: q Tt : q Tt . q Tt
— H (1 — max {6127rumtk }) k Z (1 . 6127rumtk) k Z H <1 — min {ezQﬂumtk }) k
k=1 k=1
S s
H (1 — ¢y, >7tk > (1 — min {6i27mgntk })Zk:l%k
k=1

i
I

v

— (1 — max {eiZﬂ—uZ“tk })Zk:l T
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S
. . o7 )
— (1 — mazx {elzmg’”k }) > | | (1 — QZQWU;IW%) "> (1 — min {eﬂmg”tk })
k=1

[ 2l
— mm{eZ i ik} <

»

i2mud Vg i2mud
(1 —e' ”“mtk) < maz e

k=
Vg i q
\/mm 127rumt S \l l I 1 o 6z27rumtk S (/max {elzﬂ-umtk}

Therefore,
min {ei2ﬂ'umtk } S 6i27rumt S max {eiQﬂumtk }
Moreover,
min{ng } < ny, < max{ng}
S S S
— H (min {ng, })"* < H (ng, )" < H (max {ng, })"
k1 k=1 k=1
S
= (min {ng })==7% < T ()" < (maz {ng, })>4=
k=1
min{ng } < ny, < max{ng}
Furthermore

min {6127runtk } S ez?ﬂuntk S max {eﬂﬂu"fk }
° Tt > Tt 5 3
(e (G R (T
k=1 k=1 k=1
; D h—1 Vg ° : Vg , D=1 Y
(i) E ST () < (e )

k=1
— mm {ei27runtk } S €i27runtk S max {6i27runtk }
Hence by applying Definition 15, we obtain that

o, <Cq— ROFDW A (04,,0t,,...,01,) < 0} .

The subsequent theorem investigates the monotonic characteristics of the Cq-ROFDWA operator.

Consider sets of two Cq-ROFNs, denoted as o, = <<mtk, ei%“mtk) , <ntk, ei%""tk)) and o,
((m/ ezZﬂumtk) 7 ( ’

tk7 ntk7€

vector associated with time periods ¢;, such that v, € [0,1] and > ;_, v,
! I

, o , o

my, < m;k, e 2mumy, < " and N, > n, L€, > "My Then,

Cq— ROFDW A (0y,,04,, ... 0,,) < Cq — ROFDW A (0—;1, o

).
Based on the provided description atkcmda; , we have
Cq — ROFDW A (Utl s Otoy veey Uts) — ((mtk, ei27rumtk) 7 <ntk, ei27runtk >)
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and

Cq— ROFDWA (021, 0;2, o a;S) = ((m;k, €i2wumtk> 7 <n;k7 2, >)

Since m,, < m;k, which implies that m,, 9 < m;Z, we can deduce that

q ‘q
L=my >1—my

— [[a-mi)™ =T (1-ms)"
k=1 k=1

S S

— 1Lt <1 (1 m)™
k=1 k=1
— LTI ey < =TT (- m)™
k=1 k=1

Hence we can deduce that
! i
my, < my, = My <m,

li
. e o, 2, .
Similarly, by considering "™ ™t < "™ we derive

’

. ql1_T175 _ .4 Tty ; d1=T7° —u,d Ttk
ez27r\/1 Hk:1(1 umtk) < ezZW\/l szl(l umtk)

. . /
ez27rumt S ez27rumt

By adopting the above procedure, we obtain the following inequalities,
un Z n;

and /
ei27rut Z eiZTrut

Therefore, utilizing Definition 15 , we obtain that

Cq— ROFDWA (0,,,04,,...,01.) < Cq — ROFDW A (0;1, o,

Thus, the monotonicity property is established.

’
,O_ts .

In the ensuing definition, we present a dynamic geometric aggregation operators developed for the
Cg-ROFNs, namely Cq-ROFDWG operator. Let us consider a collection of Cq-ROFNs denoted as
i ((mt“ 612”“"‘%) , (ntk, 622”“"%)) for k=1,2,...,s, at distinct time periods t;. Furthermore, let
Yo = [Vers Veay s 7:.]T be the weight vector that is linked to time period t;, subject to the conditions
Y, € [0,1] and >;_, v, = 1.The Cq-ROFWG operator denoted as C¢ — ROFDWG : 0° — o

defined as follows:

Cq — ROFDWG (O-tlao-tga "'7Uts> =

5 5 vt
Yt q 171—13 17u(1 k
Ve Tlreq tm? p q \Vtg \/ k:l( ne,
(”mtk,e ko 1-—- (1—ntk) , €
k=1

k=1
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Let oy, = ((mtk, em“’”fk) , (ntk, ei%“"tk» for k=1,2,...,s, at distinct time periods t;. Further-

more, let v, = [V, Vs ...,%S]T be the weight vector that is linked to time period ¢;, subject to
the conditions ;, € [0,1] and >";_, v, = 1. The aggregated value of these Cq-ROFNs using the
Cq-ROFDWG operator is itself a Cg-ROFN, expressed as follows:

Cq — ROFDW@ (Ut170t27 "'70ts> -

S

tk q 1_HS 1_uq ’Ytk
T Tl u q \ 7ty \/ k:l( nt
(IImtk, M2 I I (1—ntk) ,€ k

k=1
We will use mathematical induction to prove this theorem . Let s=2, then
Cq— ROFDWG (0y,,0,) = 0" @ 0,

Exploring the components,

’Ytl
Y1 V1 ZQﬂ'umt %1 "tl
oyt = ((mt1 ,€ /1 —

N—

Then,

Tt
P 2w 41— (1—ud 1
Vi1 To Y1 27w q q \Vt1 ( ”t1>
oy, ® oy, —<<mt1,e mt1>7< 1—(1—nt1) , €
vt
i2m 41— (1—u 2
Yeo  Vto q q\v2 J? ( ”t2>
® (( Uy ’Umtz)’ (\/1_ (1_nt2) €

2
Cq—ROFDWG (0y,,04,) = (H m:;k7el_[i:1 u:nfk> NI H (1 _pnd )%k,e 1—Hi:1(1—untk)

Hence the assertion holds true for s=2.
Next we suppose the theory is valid s = n > 2 then:

Cq — ROFDW@ (Utl,atg, "'70tn) =

n vt n ’Ytk
" n Umk Yt 1-TTi= 1 1 —Uun
(H mtkkaenk_l B I N H (1—nf )™, o)
k=1

k=1

Next, if s=n+1, then

Cq— ROFDWG (04,015, ..., 01, Oty ) = 0RO ®.. Q0" ® atn"“

1 1
nt Yy, n+1u7tk = wk ?/ HnH e )vtk
k 1 7mg q k
= | | my" e ko 1 | | (1 ntk

k=1
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This illustrates that the theorem holds for s=n+1. As a result, we can conclude that statement true
for for all positive integers s. The subsequent theorem investigates the idempotent characteristic of

the Cq-ROFDWG operator. Consider a set of Cq-ROFNs o, = <<mtk, em“m%> : (ntk, eﬂ”“”%)) for
k=1,2,...,s. If 0y, = oy, forallkandsomel € {1,2,...,s},whereg;, = ((mt“e“’”‘mtl> , (nt“ el'?TFUntl))
and e, = [Ver, Veas s fyts]T represents the weight vector associated with time periods ¢;, such that
Y, € [0,1]and > 7, v, = 1, then

Oq — ROFDWG (O'tl, Otgyens O-ts) = Oy

Proof can be obtained by using the same approach employed in Theorem 2. The subsequent theorem
investigates the boundedness characteristic of the Cq-ROFDWG operator.

Let o, = ((mm {my, },min {em’m""% }) , <ma:r {n },max {ei%""% }))
and o} = ((maw {my, },max {ei%“mtk }) : (mm {ny },min {ei%“”tk })) be the lower and upper
bound of the Cg-ROFNs oy, = ((mtk, emum%) ) (ntk, eiQ”“”fk>> , where k takes on values form 1 to

s.Let v, = (Yers Yoy - 1:.)T represents the weight vector associated with time periods ¢, such that
Y, € [0,1]and > 7, v, = 1. Then,

o, <Cq— ROFDWG (04,,04,,...,00,) < 0} .

Let us apply Cq-ROFDWG operator on Cq-ROFNs o, for all k.
CC] — ROFDW{dG (Ut1 y Otoy veey Jts) = ((mt, €i27rth) s (nt, eim‘"f))

For each m,,
min{mq, } < my, < mazx{my,}

s

- H (mm {mtk})%k < H (mtk>%k < H (ma:c {mtk})%k

k=1

S
— (min {mtk})zz:ﬂt"' < H (my,)"* < (max {7ntk})zzzl%c
k=1
= min{my, } < my < max{m}
For each

Urn,,

mm {eiQﬂ'umtk } < €i27rumtk S max {ei27rumtk }

S S S
; 2T Um T (2T U, Ttk 12U, Vi
= H <mm {e’ Mg }) < H (eZ s tk) < H <maw {eZ Thmy, })
k=1

min {€i27rumtk } S €i27rumtk S max {€i27rumtk }

E} S s
- (mzn {eigﬂumik })Zkl%k < H <6i2ﬂumtk>%k < <max {e’iQﬂ'umtk })Zkl%k
k=

1
. 127U, 127U,
= min {6 M } < Uy, < Mazx {e mtk}
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Moreover,
min{ng } < ny, < max{n,}
= min{n} } <n} < max{n]}
— 1—maz{n{ } >1—n{ >1—min{nf }
= H (1 —max {nf })" > H (1—nd)" > H (1 —min{nd })™
k=1 k=1 k=1
— (L —maz {n })Z=" > T (1 -0l )™ > (1 —min {nf })==""
k=1
e (U mar{u}) = [] (- )™ = (1= min )
k=1
= min {ngk} <1- H (1 — ngk)%k < max {n;]k}
k=1
= ¢min{n] } < o 1- H (1—ni)™ < ¢Ymaz{ni}
k=1
Therefore,
min{ng } < ny < max {n }
Furthermore,

min {untk} < Up,, < MaT {untk}
; q ; q ; q
= min {elzwu"%} < ™ < mag {elgm”tk}

- q - q . q
— 1 —max {ezzm"tk } >1— ™ > 1 — min {eﬂm”tk }
Yt 5 Tt
- q - q
1— elzm"fk) > H (1 — min {ezgm’”k }) *
k=1

— <1 — mazx {ewmg‘% }) ke > <1 - ei%uz%>m > <1 —min {eiQﬂ—u?Ltk }) ke
(1 — ¢!y, )W > (1 — min {eﬂm%tk })

S

. q Yt
- H <1 — max {elzmntk }) f >

k=1 k=1

V)

Therefore,

min {e’%“"% } < ™ < max {em“"ik }
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Hence by employing Definition 16, we obtain that
o, <Cq— ROFDWG (04,,04,,....,0¢,) < 0.

The subsequent theorem investigates the monotonic characteristic of the Cq-ROFDWG operator.
Consider sets of two Cq-ROFNs, denoted as o, = <<mtk, e M > , (ntk, e ))

’ ’
A )
and o;, = <(m;k, 62%’"%) : (n;k, e W“%)) for k=1,2,...,s.Let v, = [Vi,, V0, -, Ve.|T represents

the weight vector associated with time periods ¢;, such that v, € [0,1]and > ;_, vy, = 1. If for each

!/

’ i2 27 ’ i2 27
temy, <my e M <et M and g, >y e M > e e Then,

Cq— ROFDW A (oy,, 0y, ...,01,) < Cq— ROFDW A <a't1,0;2, ...,U;S> .

Proof of this theorem is similar to Theorem 4.

Remarks: Linguistic and metaphysical interpretation of above theorems.

In Theorem 1 and 5, it is proved that when we apply DWA and DWG operators to a finite collection
of Cg-ROFNs, their aggregated value give a Cq-ROFN. Theorem 2 to 6 verify the idempotency property,
this property ensures that applying the weighted aggregation operator to the same input Cg-ROFS mul-
tiple time produces the same result as applying it once. This consistency and stability are essential in
decision making process, providing predictability and reliability in the aggregated outcome. Theorem
3 and 7 satisfy the monotonicity property, this property ensures the output of the aggregation op-
eration behaves consistently with changes in the input fuzzy sets membership and non-membership
values. This property also guarantees the preservation of order in the aggregation process. If the input
Cg-ROFS exhibits certain order in terms of their membership and non-membership values, the mono-
tonicity property ensures that the order is maintained in the aggregated output. The boundedness
property is established in Theorem 4 and 8. This property guarantees that the results generated by
the weighted aggregation operator are contained within specific limits. It is important to ensure that
the aggregation process produces meaningful and precisely defined outcomes.

4. Algorithm of newly defined complex g-rung orthopair fuzzy dy-
namic aggregation operators in multi attribute decision making prob-
lem

In this section, we develop a method based on proposed aggregation operators to deal with MADM
issue.

o Letd; = {01,0,,...,0,,} be a discrete collection of alternatives.

e Suppose that §; = {01, 0, ..., §,} denotes the set of attributes and w = [wy, wy, ..., w,]" is the
associated weighted vector, where w; € [0, 1] such that > 77 wj, = 1.

o Lett;, wherek=1,2,...,s, denote s number of time periods with weight vector v, = [%17%2 3o %S]T
such that v, € [0, 1] and 2221 Y = 1.

127U, .

Zj(tk)) ’ (nij(tk)J €i2mhlij(tk)>) Is the Cq-
mxn

e Suppose that Z;, = [2ijt,)mxn = ((mij(tk),e
12T U, , .
ROF decision matrix at ¢;,. Here (mij(tk), e ”(tk)> shows how much alternative 6; meets the
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127run

requirement for attribute 4; during time interval t;, and (nij(tk) i(tx) ) shows how much

alternative 0; doesn’t meet the requirement for attribute ¢; during time interval ¢;,. Additionally,
Mij(13) U,y s Mis(ts)» Uny g,y € [0, 1] such that MG + My < 1 and u, a7t w <1,

ij (¢ ij(ty)
where i varies from 1to m and j varies from 1 to n.

By utilizing the aforementioned decision data, we devise an operational approach to rank and
choose the most favorable choice.

A. Procedure for Cq-ROFDWA
Step 1: Apply Cg-ROFDWA operator on the matrix

7,27rum 27Uy, .
2y, = Zij(ty) = ((mz‘j(twa “’“’) , (nu‘(tk), e ”(tk)>)

= Cq— ROFDW A (2ij41)s Zij(ta) - Zij(t.))
= @Zzl%kFtk'

Apply Theorem 1 to above relationship:

S

Vt S
Y1-TTi=, (1—u? > k s Tty
. — al 1 — _ 7% \/ kzl( " VeI Te=1 tng
Zij(tn) = L= —mi)™ e A Ll net e r
k=1

k=1

This aggregation combines all the Cq-ROF decision matrices Z;,, as a collective decision matrix Z,
wherevy:, = [Ve,, Veos s %S]T denotes the associated weight vector for the time period ¢;.
Step 2: Apply Cg-ROFWA operators on collective Cq-ROF information given in matrix Z as follows:

J =z = ((mi, ei%“mi) , (ni, eiQWU”i)) =Cq— ROFW A (zi1, zi2y -y Zin)

-

»Q

| |nw;C 1271’ ] 1“%)

This action derive the collective overall preference value z; for the alternatived;, where w = (wy, wy, ..., w, )T
and w; € |0, 1] are the weight vectors for the attributes. Step 3: Use Definition to calculate score for

each attribute.

Step 4: Rank all the alternatives and identify the optimal one.

B.Procedure for Cg-ROFDWG

Step 1. Apply Cq-ROFDWG operator on the matrix Z;, :

127rum 12T Un .
L. = Zij(n) = ((mmtk) “’c’) : (m-j(tk), e ”W))

=Cqg— ROFDWA (Zij(t1)7 Zij(ta)y -+ Zij(ts))

1
n q
) (1_H<1—m?>“’j> (T (1, )

J=1

= @Zzlvtk Ftk .

Apply Theorem 1 to above relationship:

s

tr s q \7t
Tt U Vt Y1-Tlh_ (1 k
= (”mtkk, i mfk>, a 1—||(1—ngk) ’“,e\/ [Tie (1))

k=1
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This aggregation combines all the Cq-ROF decision matrices Z,,, as a collective decision matrix Z.
Step 2: Apply Cg-ROFWG operators on collective Cq-ROF information given in matrix Z as follows:

J =z = ((mi, ei%“m’i) , (ni, eizwu’li)) = Cq— ROFDWG (21, Zig, s Zin)

1
1 n q wiy 1
Hm i L27T um q H 1—n w, ‘€i27r(1— ;‘:1(1—uzi) J)q
Jj=1

This action derive the collective overall preference valuez; for the alternatived;, where w = (wy, wo, ..., wn)T
and w; € [0, 1] are the weight vectors for the attributes.

Step 3: Use Definition to calculate score for each attribute.

Step 4: Rank all the alternatives and identify the optimal one.

5. lllustrative Example

When a rescue department is contemplating an upgrade to their communication system to bolster
coordination and effectiveness during emergencies, they undertake a comprehensive and intricate
decision-making journey. This process begins with a careful assessment of their current communica-
tion infrastructure, which involves a thorough examination of existing equipment, technologies, and
protocols. They scrutinize how well these components support their operations in real-life emergency
scenarios, identifying any limitations or gaps that may hinder their response capabilities. This initial
evaluation is often informed by feedback from personnel who regularly use these systems, offering
insights into the practical challenges and inefficiencies they encounter on the ground. As they move
forward, the department engages in a deep dive into the latest advancements in communication tech-
nology. This exploration includes researching a wide range of options, from the most recent advance-
ments in radio and satellite communication to state-of-the-art mobile data terminals and software
solutions for incident management. They explore the potential benefits and drawbacks of emerging
technologies, seeking innovations that could enhance real-time information sharing, improve signal
reliability, and integrate seamlessly with existing systems. This stage also involves consultations with
technology vendors and experts, attending industry conferences, and reviewing case studies from
other rescue departments that have successfully implemented new systems. Following are the key
criterias in this regard, these criteria help ensure that the upgraded communication system effectively
meets the department’s needs for emergency response and management.
01=Technological Advancement: Modernity and capability of the technology.
d-=Reliability: Consistency and dependability of the system under various conditions.
03=Coverage and Range: Geographic and operational area coverage.
d,=Ease of Use: User-friendliness and intuitiveness of the system.
05=Cost: Initial investment, maintenance, and long-term operational expenses.

When considering alternatives for upgrading a rescue department’s communication system, there are
various technologies and approaches that can be explored. Here are several alternatives, each ad-
dressing different aspects of communication needs:

0,=Land Mobile Radio Systems (LMR): A standardized digital radio system used for public safety com-
munications. Offers secure, reliable, and interoperable communication.

f,=Satellite Communication Systems: Provide reliable communication in remote areas where other
systems might not reach. Useful for high-mobility scenarios but can be expensive.

f;=Mesh Network Systems: Create self-healing, decentralized networks that can expand dynamically.
Useful for establishing communication in disaster zones or large areas with limited infrastructure.
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0,=Emergency Management Software: Software for real-time tracking and visualization of incidents
and resources.

0s=Public Safety Answering Point (PSAP) Upgrades: Upgrading or integrating advanced systems for
better incident management and resource allocation.

These alternatives provide a range of solutions from traditional radio systems to cutting-edge technol-
ogy, allowing departments to choose the best fit for their specific operational needs and constraints.
The evaluation of the five potential alternative can be conducted by utilizing the Cq-ROF data offered
by the decision maker for the five attributes during the specified time intervals ¢, t, and t3 presented
in table 1, 2 and 3. Define the weight vector ;, = [0.25,0.45, 0.30] corresponding to the time interval
tr, where k=1,2,3 and the weight vector w; = [0.22,0.15,0.28,0.16, 0.19] relating to the attributes J;
where j=1, 2, 3, 4, 5. To choose the optimal communication system upgrade for a rescue department,
we follow a structured algorithm that incorporates the identified criteria and evaluates various alter-
natives. This methodical approach ensures that we choose a solution that not only meets immediate
requirements but also supports long-term operational goals.

Table 1
Decision matrix Z;,
Alternatives / Attributes 0, 6y 03 04 05
5] ((0‘5 1270 6) (0 6 £i270- 2)) ((0 7. £i2m0- 1) (0 5, £i2m0. 2)) ((0‘3 £i270. 8) (0 7 e 2#01)) ((0‘5 £i2m0. 6) (0 5, £i270. 3)) ((0 2. ¢ i2m0. () (0 4 £i270- %))
52 ((0_67621,‘21\'0 U) (0 2. £12m0. 2)) ((0 2 €L21\'0 1) (0 5, ¢ i270. 7)) ((0.6 €L21\' ) (0 1,¢ i270. 7)) ((0_47 eLZﬂ'O u) (0 5, ¢ i270. 1)) ((0 2 €L210 u) (0_3 e zml))
0‘3 ((04‘ 6;‘2?0.5) (0.2‘(:L27TU.L)>) ((O 3, (;LZ’VTO 5) (0 2 e i270. -1)) ((0.2‘&2?0.6) (0 7 e i270.. 5)) (<U4, 8;2?0.4) (0 5,¢ i270.. -1)) ((UB‘BLZWO.G) (0 _1 e i270.. 5))
54 (((].L Cl!ﬂ(]7) ((] 5, et i270. 1)) ((() () C:!ﬂ(] i) ((] 4 e 27r(J-1)) ((().8, C(!’r(] ) ((] ; e i270.3 5)) ((0.4 e 27(17) ((] 5,¢ 27r(JZ)) ((().3’ Cl!ﬂ(]- ) ((] 6 e i270.3 s))
J5 ((0.4,¢2704), (0.5, €2m0€))  ((0.3,¢2706), (0.7,€270%))  ((0.8,€2™4), (0.2,¢2™0%))  ((0.6,¢2704), (0.3,e2701))  ((0.1,¢2m04), (0.8, e270))
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Table 2
Decision matrix Z,

Alternatives  Attributes Values

8 0, ((0.4,¢2™3) (0.6,¢12705))

(51 82 ((0 5, i270. 3) 5 (O 4 6127r0 7))

51 63 ((O 9, i270. 6) s (O 2 6127!'0 5))

o 6, ((0.4,62706) (0.5,¢2709))

& 65 ((0.6,¢2702) (0.5,¢2706))

5 6, ((0.3,¢277) (0.6,¢1270%))

(52 82 ((O 1, i270. 7) s (O 6 6127r0 4))

52 63 ((O 2, i270. 3) s (O 9 612#0 1))

3 6 ((0.5,e708) (0.4, ?70))

5 65 ((0.8,¢2702) (0.7,¢2706))

8 6, ((0.6,¢272) (0.5,¢12705))

53 B ((0.6,¢2702) (0.8, ¢2702))

53 63 ((0 7, i270. 3) s (O 4 612#0 9))

0y 6, ((0.2,62709) (0.7,¢2709))

3 65 ((0.6,¢2704) (0.4,¢2707))

84 0, ((0.4,¢275) (0.8,¢2701))

B By ((0.4,6P705) (0.7,2703))

84 By ((0.2,707) (0.4, ¢2703))

0y O, ((0.5,6270%) (0.3,¢2706))

0y B (04,6270 (0.5,¢2702))

s 6 ((0.4,¢2707)(0.2,¢2707))

5 6, ((0.1,e78) (0.3,¢2702))

(55 83 ((O 5 61271—0 5) 3 (O 4 ez27r0 6))

s O, ((0.2,€279) (0.1,¢270%))

s 65 ((0.4,62709) (0.6,¢2702))

Table 3
Decision matrix Z,,
Alternatives / Attributes 0 0, 0 0 05

8 ((0.2,€™0), (0.4, ¢27))  ((0.6,€270%), (0.5,*74))  ((0.1,€270%), (0.4,270%)) (0.2, ¢7C), (0.5,¢270%))  ((0.7,704), (0.1, 7))
ba ((0.5,€2m02), (0.4, em0%))  ((0.6,€™70%), (0.5,e>™0))  ((0.3,e™70T), (0.2,e201)) - ((0.4,70%), (0.5,€2704))  ((0.6,e270%), (0.4, ¢770))
b3 ((0.6,€2704), (0.3,€02))  ((0.2,€2704), (0.7,€2700))  ((0.4,€™2703), (0.2,€2707))  ((0.5,€270%), (0.6,€™204))  ((0.3,€202), (0.6, €77))
¥ g ) 08 conod) EESZ;ZIEQ; o ono) EES_Z;ZIE;; o conos) ggg;g:ﬁ:ﬂ S on o) 10 b erony S3e

Step 1: Apply the Cq-ROFDWA operator to consolidate all the Cq-ROF decision matrices Z;, into a

unified Cg-ROF decision matrix Z displayed in Table 4.

Table 4
Decision matrix Z using Cg-ROFDWA

Alternatives / Attributes

o1 ((0.3987, ¢i2r0-5141 ((0.3987, e270-0%00) (0.5 S000)) - ((0.5 %), (02
5 ((04747 206063 ((0.4513, ¢’ ), (0.45: o) ((06 ), (
b ((0.5651, ((0.4880, %), (0, ) (04 ). (0.
& ((0.3104, e e (05179, 020 712) (0 ) (0. ), (
05 ((0 3622, FZ”U‘ 59 ((O 5045, £i2707802) (0. 21v6 £i270.5843) (0. 33 »O pz 70.5 m) (05
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Step 2: Apply the Cq-ROFWA operator on the values of the matrix Z to obtain the overall values of
all the alternates.
0, = ((0.6200, ¢?2m0-5600) ' (().4034, €™270-3831)) 9, = ((0.5158, €270-2559) /((.4198, ¢*270-3119))
03 = ((0.5223, ¢?270-4228) 1 (().4349, €?270-5211)) 9, = ((0.6077, e?270-6115) /(0.4523, ¢?270-2611))
05 = ((0.4793, i270-6193) ' (().3275, £270-4736)),
Step 3: Determine the ranking of all the alternatives by calculating the score values of the Cq-ROF
values: Sl (91) = 01460, SQ (02) = 009752, Sg (93) = —000294, S4 (94) = 01730, 55 (05) =
0.1212.

Step 4: Since Sy (0;) > S1(01) > S5(65) > S2(62) > S;5(03), as a result the following is the
alternative ranking order: 6, > 6, > 65 > 0 > #5. Hence, LMR is the best option.

015  0.146
0.1212
0.1 0.0975
0.05
—0 0029
0.00
0 ) 65

Alternatlves

Score
o

Fig. 1. Ranking Based on Scores Values by using Cqg-ROFDWA

In a similar way, the above mentioned MADM problem is resolved as follows within the context of
Cg-ROFDWG operator.

Step 1: Apply the Cq-ROFDWG operator to consolidate all the Cq-ROF decision matrices Z;, into a
unified Cg-ROF decision matrix Z displayed in table 5.

Table 5
Decision matrix Z using Cq-ROFDWG

Alternatives / Attributes

0.3435, FZ 70.4392
04153 12m04625

((
(
ds ((0:
((
(«

((0.5744, 2703223
((0.2036, ei2m0470
((0.3629, 8097
(
(«

0.5000, €270 27%)
99. 0.4610, ¢ 051&9)
1), (0.6348, (ZOJbQ)
)
)

08166, ¢
0.3249, 2706056

0.4060, e
0.1995, 2705547

0.5992, 2705957
0.5843, ei2r06810

0.4582, e'*™
0.2594, 2701995

0.4198, ez 05020

0. -1826 ci2r0.6651
0.4949, ¢270-3667
0. 6428 62 70.3320

Step 2: Apply the Cq-ROFDWG operator on the values of the matrix Z to obtain the overall values
of all the alternates.

0, = ((0.2355, ¢?2m0-5966) 1 (().5518, €?270-5713)) 9, = ((0.2249, €?270-5701) 1(0.6073, ¢?270-6372)),
03 = ((0.2209, ?270-5535) | ((0.6227, €?270-6766)) 9, = ((0.2355, €?270-6527) '((.6388, e?2™0-4531)),
05 = ((0.1295, e™m5773) [ (0.6685, ¢'706559))

Step 3: Determine the ranking of all the alternatives by calculating the score values of the Cqg-
ROF values. Sy (6,) = —0.06597, S, (02) = —0.1430, S3(65) = —0.1854, Sy (A4) = —0.03134,
Ss (05) = —0.1337.

Step 4: Since Sy (0;) > S1(01) > S5(65) > Sa(62) > S;5(03), as a result the following is the
alternative ranking order: 6, > 01 > 05 > 0y > 03.
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Fig. 2. Ranking Based on Scores Values by using Cq-ROFDWG

6. Influence of the parameters

This section focuses on conducting a sensitivity analysis to assess how different parameters affect
the ranking outcomes. Table 6 and 7 showing the results of ranking using different values for qg.

Table 6
Results with different values of ¢ for the Cq-ROFDWA operator
Value of ¢ Ranking

q:5 94>91>(95>92>93
q:].2 01>64>95>92>93
q:18 91>94>95>92>93

Table 7
Results with different values of ¢ for the Cq-ROFDWG operator
Value of ¢ Ranking

q:5 64>91>05>93>92
q:12 61>94>65>03>02
q:18 61>94>95>93>92

While different values of the parameter g can lead to slight changes in the rankings, these varia-
tions are generally not significant enough to alter the overall order or interpretation of the results. This
indicates that the ranking system is robust to changes in g, and the relative positions of the entities re-
main stable across a range of parameter settings. Given the minimal impact of these fluctuations, we
can confidently conclude that the results are valid and reliable, suggesting that the conclusions drawn
from the rankings are not overly sensitive to the choice of q.The results indicate that varying the values
of the parameters did not significantly alter the overall rankings, suggesting that the model’s perfor-
mance is robust to changes in these parameters. This consistency across different parameter settings
highlights the stability of the system, demonstrating that the rankings are not overly sensitive to mi-
nor adjustments in the input values. Such behavior suggests that the underlying relationships being
modeled are not heavily dependent on specific parameter configurations, and the system maintains
its effectiveness regardless of these variations. Therefore, the parameters exhibit a degree of flexibil-
ity and reliability, which can be advantageous for practical applications where slight variations in input
settings are expected. This stability reinforces the consistency and dependability of the findings.
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7. Comperative Analysis

To examine the proficiency and validity of the explored operators in this study we compare these
dynamic operators with some other aggregation operators.The findings of this study strongly align with
the proposed technique, demonstrating its accuracy and effectiveness in addressing the research ob-
jectives. Through systematic comparison and rigorous analysis, the results consistently corroborate
the predictions made by the technique, highlighting its robustness in real-world applications. The
methodology employed ensured that all variables were controlled, and the outcomes remained con-
sistent across different testing conditions. This reinforces the reliability of the proposed technique,
suggesting that it provides a valid and reliable approach to the problem at hand. The alignment of
the findings with the proposed technique confirms its potential as an effective tool in the given con-
text, further validating its application in future research or practice. Table 8 is showing the results and
rankings using different operators.

Table 8
Comparison of proposed operators with existing approaches
Methods Score Values Ranking
Cq-ROFFWA [35] 0, = 0.8584, 0y = 0.8326,65 = 0.7342,0, = 0.8739, 05 = 0.8209 0y >0, > 05 >0y > 03
Cg-ROFFWG [35] 0, = —0.7798, 60, = —0.8605,03 = —0.8711,0; = —0.6621,6; = —0.7973 61 > 04 > 05 > 0y > 05
CPg-ROFWFA [36] 0; = 0.1547, 6, = 0.1381, 65 = —0.0090, 65 = 0.2114, 65 = 0.1373 0, > 01 >0y > 05 > 04
Cq-ROFYWA [37] 0, = 0.3214, 0 = 0.2587, 03 = 0.2125, 64 = 0.3505, 65 = 0.3394 0, >0, > 05> 60, > 0
Cg-ROFYWG [37] 0, = —0.1889, 0, = —0.3127,05 = —0.3813,0, = —0.2586,05 = —0.3534 61 > 0, > 05 > 05 > 03
Cg-ROFEWA [38] 91 = 02756, 62 = 026127 93 = 00699 94 = 03691, 95 = 0.3070 94 > 91 > 95 > 92 > 93

Cq-ROFEWG [38] 0, = —0.1098, 0, = —0.2922, 03 = —0.3067, 04 = —0.0568, 05 = —0.1915
Proposed Cq-ROFDWA 01 = 0.1460, 6, = 0.09752, 03 = —0.00294, 6, = 0.1730, 05 = 0.1212
Proposed Cq-ROFDWG ¢, = —0.06597, 0, = —0.1430, 05 = —0.1854, 0, = —0.03134, 05 = —0.1337

91>94>92>95>93
94>91>95>92>93
94>91>95>92>93

The results of the comparative study demonstrate that the proposed method performs consis-
tently. The robustness of the proposed method, in contrast, provides evidence of its reliability and
flexibility, offering an advantage over traditional approaches. This consistency under varying condi-
tions strengthens the validity of the proposed method, highlighting its potential for real-world appli-
cations where parameter adjustments are common.

.‘.\0’//.\. Method

- CPg-ROFWFA
0.0 i

Cg-ROFEWA
Cg-ROFEWG
Co-ROFFWA
Co-ROFFWG
Co-ROFYWA
Co-ROFYWG
Proposed Cg-ROFDWA

.\'_./\‘ Proposed Cg-ROFDWG

8, 8, 8- B, £
Alternatives

Score Values
IC

¢

Fig. 3. Comparison of Proposed Operators with Existing Approaches
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8. Conclusion

This research explores MADM using CqROF dynamic knowledge. To tackle the complexities of
MADM challenges, we have developed two innovative aggregation operators: the CQROFDWA and
CqROFDWG. A new evaluation system has been created to rank and select the optimal option. We
have demonstrated several key properties of these operators. Furthermore, a structured method to
address MADM issues within the CqQROF dynamic aggregation operators framework has been intro-
duced. We also highlighted the practical effectiveness of these operators by suggesting methods to
overcome real-world challenges in multi-attribute decision making. In addition, this study offers the
most effective approach for selecting the optimal communication system in rescue department based
on the newly introduced dynamic aggregation operators. The outcome of this experiment indicates
that emergency management software is the top model. Lastly, a comparative analysis has been con-
ducted to highlight the dependability and efficiency of the proposed techniques compared to existing
methods.
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