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Abstract

In this study, we introduce and build on the concept of complex neutrosophic soft graphs (CNSGs),
which provide a sophisticated framework for modeling vagueness, uncertainty, and indeterminacy in
complex systems. A strong complex neutrosophic soft graph (SCNSG) is defined as one in which, under
soft set parameters, both edges and vertices have complex-valued memberships and high levels of
neutrosophic uncertainty. We provide a new metric that considers the cumulative strength and
uncertainty of connections within graph attributes, as well as the complements of a complex
neutrosophic soft graph and a strong complex neutrosophic soft graph. In uncertain networks,
complement operations reveal information on inverse behaviors and dual linkage. We expand on the
concept of isomorphism and propose criteria for structural equivalence under complicated neutrosophic
incorrect mappings. Examples are presented to show how the proposed concepts can be put into
practice. The theoretical findings presented in this study will lead to additional research into complex
uncertain networks, notably in information fusion, cognitive modeling, and decision support systems.

Keywords: Soft Graph; Neutrosophic Soft Graph; Complex Neutrosophic Soft Graph.

1. INTRODUCTION

Zadeh [22] proposed fuzzy set theory to tackle uncertainty. Numerous researchers have subsequently
investigated fuzzy logic and fuzzy set theory in an attempt to solve a wide range of real-world problems
involving uncertain situations. Smarandache’s [15] notion of neutrosophic sets (NSs) is a powerful
mathematical tool for dealing with inconsistent, ambiguous, and incomplete data in the real world.
Neutrosophic sets are distinguished by a truth-membership function (T), an indeterminacy-membership
function (I), and a falsity-membership function (F), each of which can take values in the standard or
non-standard interval of 0 to 1.

Akram [4, 5, 6, 7] differentiates between two soft computing approaches for conveying ambiguity
and uncertainty: fuzzy sets and soft sets. They used soft computing models to investigate graph
ambiguity and uncertainty. Several features of regular fuzzy soft graphs were investigated. He then
discussed intuitionistic fuzzy soft graphs, their applications, and neutrosophic soft graphs. Soft graphs
have parameters for each vertex and edge. Satham Hussain [14] suggests that fuzzy sets and
neutrosophic soft sets are excellent methods for representing data with information. This method
resulted in neutrosophic soft graphs. This allows decision-makers to adjust their judgments to their own
areas of competence.

Satham Hussain [13] introduced the notions of neutrosophic graphs and strong neutrosophic graphs,
which served as a framework for further in-depth research. This novel theoretical framework
incorporates features of both neutrosophic graphs and graphs. In this case, the total of the membership
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values for truth, indeterminacy, and falsity is between 0 and 2, because truth and falsity are considered
dependent variables. Neutrosophic graphs are considered equivalents in this theory. This theory is being
developed to help with applications in operations research and tackling issues in social networks. A
particularly important issue in the latter arena is the rise of phony or fraudulent profiles. The
neutrosophic graph model provides a fresh technique for addressing such difficulties. The study
examined the qualities of strong, complete, and self-complementary neutrosophic graphs and provided
examples to demonstrate the suggested notions.

A combination of neutrosophic and soft sets, the complicated neutrosophic soft set model was
proposed by Said Broumi [12]. It presents and illustrates the fundamental operations of set theory along
with other concepts related to this model structure. To demonstrate the use of this paradigm, a decision-
making problem including subjective and ambiguous information is given. This illustration shows how
well the model works to deal with ambiguity and support well-informed decision-making. Moreover, it
provides opportunities for further investigation to enhance the approach and examine its consequences
in other domains, including artificial intelligence and decision science.

This study includes complex neutrosophic soft graphs, strong complex neutrosophic soft graphs, and
constant complex neutrosophic soft graphs. Following careful examination, we identified several
amazing properties of the complement and self-complement of the complicated neutrosophic soft graph.
These discoveries offer up new paths for study in the discipline, perhaps leading to improved
applications in network theory and decision-making processes. Our research emphasizes the importance
of these graph types in simulating ambiguity and vagueness in a variety of real-world circumstances.

To clearly highlight the value of the complex neutrosophic soft graph model, we give a method-
specific comparison with existing neutrosophic-based techniques:

» Standard Neutrosophic Graph: Standard neutrosophic graphs differ from classical graphs in that
they give three membership degrees to each vertex and edge—truth (T), indeterminacy (I), and falsity
(F), with each value lying between [0, 1]. Their capacity to handle complex ambiguity or many criteria
is limited, but they are essential for modelling simple uncertain interactions.

* Neutrosophic Soft Graphs: Neutrosophic soft graphs enable parameter-based modelling by
combining the concept of a soft set with neutrosophic graphs. Each vertex or edge is based on a variety
of soft properties, increasing flexibility without addressing the vagueness issue.

* Neutrosophic Graphs: Neutrosophic graphs combine the features of neutrosophic logic and set
theory. In addition to the T, I, and F components, each connection is described by imprecise degrees
(truth-membership and falsity-membership constrained by a degree of hesitation or ambiguity). This
model is particularly useful for making judgments since it gives a more accurate depiction of various
real-world uncertainties, such as hesitancy or insufficient knowledge.

* Complex Neutrosophic Soft Graph: The complex neutrosophic soft graph represents a
comprehensive mix of complex neutrosophic numbers, sets, and soft sets. It captures truth,
indeterminacy, and falsity with complex values while modeling ambiguity and a variety of criteria. As
a result, CNSG is well adapted for high-dimensional, dynamic decision-making systems, such as
medical diagnostics, big data analysis, and intelligent transportation systems.
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2. PRELIMINARIES

This section provides a basic description and example to support the key findings.

Definition 1. [4] A fuzzy soft graph G = (G*, &, &, L) is defined as an ordered quadruple that
satisfies the following conditions:

* G* =(V, E) is a simple graph,

* L is a non-empty set of parameters,

* (8, L) is a fuzzy set defined over the vertex set V,

* (&, L) is a fuzzy set defined over the edge set E,

* For each a € L, the pair (& (a), & (a)) forms a fuzzy graph associated with G*, such that:

f(a)(xy) < min{€ (a)(x), 8(a)(y)}
holds for all x,y € V.

For ease of use, H(a) is used to represent the fuzzy graph (& (a), & (a)). A fuzzy soft graph may
therefore be thought of as a family of fuzzy graphs that are parameterized by L. S(G*) represents the
class of all fuzzy soft graphs over G*.

Definition 2. [6] An intuitionistic fuzzy soft graph G = (G*, €, K&, L) is defined as an ordered
quadruple that satisfies the following conditions:

* G* =(V, E) is a simple graph,

* L is a non-empty set of parameters,

* (&, L) constitutes an intuitionistic fuzzy set defined over the vertex set,
* (&, L) represents an intuitionistic fuzzy set defined over the edge set E,

* For each a € L, the pair (& (a), & (a)) forms an intuitionistic fuzzy graph based on G*. Specifically,
W (o) (Xy) < min{WYg(q) (%), We(a) ()}

Cqa)(xy) = max{Cg(y)(x), Cg o) (V) }

For ease of use, H(a) is used to represent the intuitionistic fuzzy graph (& (a), & (a)). An intuitionistic
fuzzy soft graph may therefore be thought of as a family of intuitionistic fuzzy graphs that are
parameterized by L. € (G*) represents the class of all intuitionistic fuzzy soft graphs over G*.for all a
€Llandx,y € V.

Definition 3. [7] A neutrosophic soft graph G = (G*, €, &, L) is defined as a quadruple satisfying the
following conditions:

* G*x = (V, E) represents a simple (i.e., undirected and without loops or multiple edges) graph,
* L is a non-empty collection of parameters,

* (&, L) denotes a neutrosophic set defined over the vertex set V,

* (K&, L) denotes a neutrosophic set defined over the edge set E,

* For every a € L, the pair (& (a), & (a)) forms a neutrosophic subgraph of G*. Specifically, the
following conditions hold:

W () (xy) < min{Wg(q) (X), Ug (o) (W)}
B (o) (xy) < min{Bgq)(x), Bo) (1)},

Cqa)(xy) = max{Cg(y)(x), €0y (V) }
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For ease of use, H(a) is used to represent the neutrosophic fuzzy graph (& (a), & (a)). A neutrosophic
fuzzy soft graph may therefore be thought of as a family of neutrosophic fuzzy graphs that are
parameterized by L. & (G*) represents the class

of all neutrosophic fuzzy soft graphs over G*.foralla € Qand x,y € V.
Definition 4. [10] Assume U/~ ¢. A complex fuzzy set A is an entity with the following structure:

A= {(x' pA(x))3 X € U} = {x, Q[u(x)eiwA(x)}

wherei=+—-1, Ay (x) €[0,1] and 0 < w,(x) < 2T
Definition 5. [1] Assume U/~ ¢. An item of the type complex intuitionistic fuzzy set A
A= {(x,Uy(x), Cy(x)): x € U}
A= {(x,Uy(x)e!*® €, (x)eV2a®): x € U}
wherei =+/—-1, QIf(x), Cix) €[0,1], ag(x), ya(x) €[0,2m] and 0~ < A, (x) + €4(x)
<1".
Definition 6. [1] Assume U/~ ¢. An object with the shape of a complex neutrosophic set A is
A= {(x, Uy (1), B, (), €6(0)): x € U}
A= {(x,Uy(x)e!*® B, (x)eP1® €, (x)e"®): x € U}
wherei =v—1, Wy (x),B4(x),C4(x) € [0,1], (%), B4(x),ya(x) € [0,27] and
0" < Wy(x) +Bz(x) + C4(x) < 3%,

Definition 7. [9] When A is a complex neutrosophic set on X and B is a complex neutrosophic
relation in X, then G = (A, B) is a complex neutrosophic graph on X = ¢.

WAp (xy)e®s*Y) < min{AW, (x), A, (y)}eiminea().aa(}
B, (xy)ePs™) < min{B, (x), B, (y)}eiMinba) ()}
Cp(xy)elVs(Y) < max{€, (x), €4 (y)}e! max¥a)ya(}

3. COMPLEX NEUTROSOPHIC SOFT GRAPHS.

Definition 8. A Complex Neutrosophic Soft Graph (CNSG) is defined as an ordered quadruple
G =(G*, G, K, P) that satisfies the following conditions:
* G*=(V, E) is a simple graph.
* L is a non-empty set of parameters.
* (&, L) constitutes a complex neutrosophic soft (CNS) set over the vertex set V.
* (K, L) represents a CNS set over the edge set E.
* For each parameter 1 € L, the pair (S (1), & (1)) forms a complex neutrosophic graph (CNVG) on G*.
Let V= {11, o, - - -, In}, and consider the functions:
Q[G(I): V- [0,1], %G(I): V- [0,1], @g([): V- [0,1]
The degrees of truth-membership, indeterminacy-membership and falsity-membership for each vertex
pi€ V under the parameter 1 € L are represented by these functions, respectively.
Furthermore, in [0, 2], let Xg(;) , Yoy and Zg(;) represent the corresponding argument functions for
every membership function. Afterward, for every vertex pi:

2666
Suriyakumar G et al. 2663 - 2681



Journal of Computational Analysis and Applications VOL.33,NO0.7,2024
10.48047/jocaaa.2024.33.07.29

0 < gy (py)e X0 + Be gy (py)e 0P + Gy (py)e Ze0 @ < 2
For the edge set E € V x V, the corresponding functions are defined as:
Q'Iﬁ(l): E— [0;1]; 23ﬁ([): E— [0!1]’ G:R(I):E - [011]

With regard to parameter 1, these functions indicate the degrees of truth-membership, indeterminacy
membership and falsity-membership for every edge pip; € E. The functions Xg(, Yy and Zg() €

[0,27] are argument functions. Also correspond to the corresponding membership functions.
For each edge pip; € E, the following conditions must be satisfied:

s (o (pipy)e 5O PPs) < min{Usq (), Us oy (p;)}e Mo @D X @)}
B (pip;)e V20 PP) < min{Bs (9), B (p)) o' MmO Yew(®)))
Cae(pipj)eZs0PiPi) > max{Cey (py), Coqy (p)) el M e @D Zew(P))
Furthermore, each edge satisfies the bounded magnitude condition:
0 < Ug(p (pipy)e *sOPP1) + By (pip;)eYsOPPI) + oy (pip;)e 250 (PP < 2

For simplicity, the pair (& (1), & (1)) is known as the complex neutrosophic graph G. Thus, a CNSG is
a parameterized structure that expands on the idea of a complex neutrosophic graph.

Example 1. Assume the set of vertices be V = {p;,p,,p3, 04} and the set of edges be E =
{p1P2, P23, P3P+, P1P4}, Which together form a graph denoted as G*. Consider (S, L) to be a complex
neutrosophic soft set (CNSS) over V , and let L = (1, 1) be a parameterized set. S : L = L(V ) is the
definition of the complex neutrosophic approximation function.

({p1, (. 60e™17), 401 30eim(17))}
{p2, (.50e™15), 30ei"(16) 50ein(18))}
{p3, (.70e™13), 50ei"(17) 20eim(16))}
(D4, (506D, 40ei™15) 20¢i"(16))}

6(11) =

(P1, ( 4-0ei"(1'2), ] 80ei1'[(1.4-)’ _ 50€i“(1'8))}
(P2, (:30e(17, 50ein(13), 60ein(16))}
{p3, (2019, 70¢i™(15), 70ein(15))
\{Ps, ( 40ei"1D  goeim(16) 50ei1t(1.7))}

S(l,) =1

Let (8, L) be a CNSS over E and let L = (11, l,) be a set of parameters. The complex neutrosophic
approximation function & : L — L(E) is defined by

{p102, ( 4Oeiﬂ(1'5), .ZOei“(1'4), .6Oei“(1'8))}
{p2p3, ( 3Oeiﬂ(1'2), .20€i“(1'5), _7061'11(1_9))}
(D3P4, (. 40eT™13), 406D, 40eim(7))
{104, ( 50ei™(14) 3(0ein(13) _5Oein(1.8))}

K =
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{(p1p2, (:20e™12), 4013 60eim(19))}
{p2ps, (. 102D, 30012, goeim(17)))

ﬁ(ZZ) = {p3p4; ( 206i1‘[(1.3)' .50@in(1'4), .80ei1'[(1.8))}
{p1p4' ( 306in(1'2), .SOeiT[(l.3)’ .706,1'1'[(1.8))}

Y P3p4 7oy 7\ P3p4 LN\
(P4 ) { P3 v; \ P4} \P3 )
PPy P2pP3 PipPa P2pP3
(p1) (p2) (m) (p2)
PPz A=A P1p2 N
G(l) (13)

Figure 1: CNSG {G(l,), G(1)}

Definition 9. Strong complex neutrosophic soft graph (SCNSG) are defined as CNSG G = (G*, &, ],
L) of G¥=(V, E) if
g (pip;)eX20PP) = min(Wsq) (), Usr) (p)) e ™ Fe0 P X (P)))

B (pipj)eiYa(l)(Pil’j) = min{8Bgy) (), B (p],)}eimin{Ye(z)(Pi).Ye(z)(Pj)}
Cam (pip].)eila(o(pipj) - max{(‘lg([) (o), Cs) (pj)}eimax{Zea)(pi),Zea)(p;)}

Example 2. Assume the set of vertices be V = {p;,p,, 03,04} and the set of edges be E =
{P1P2, P23, P3P+, P1P4}, Which together form a graph denoted as G*. Consider (&, L) to be a strong
complex neutrosophic soft set (SCNSS) over V and let L = (I;, |,) be a parameterized set. S : L —»L(V)
is the definition of the strong complex neutrosophic approximation function.

({(p1, (. 60e™17, 40em18), 30eim(17)}
(D2, (.50€i™(15), 30¢im(16) 50¢in(18))}
{p3, (7013 50eim(17), 20eim(16))}

(P4 (.50e™1D, 40¢im(15), 40ein(16))}

6([1) =1

((p1, (14012 g0ein(14) 50ein(18))}
(P2, ( 30ein(1.7)’ . 50ei1r(1.3)’ . 60ei”(1-6))}
(p3, ( Zoein(l.S)’ . 70ei1r(1.5)’ . 70ei”(1-5))}
(P4 ( 40ein(1.4)’ . 60ei1r(1.6)’ . 50ei”(1-7))}

S(ly) =«

Let (&, L) be an SCNSS over E and let L = (1;, 1) be a set of parameters. The strong complex
neutrosophic approximation function & : L — L(E) is defined by
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({P1p2, (- 5061, 30¢™16), 50ein(18))}
{23, (.50em13), 30¢im(16) 50ein(18))y
{p3p4, (-50eT19), 4015 40 im(16))y
{p1P4, (- 500D, 40e15), 40im1N)}

K(l1) =

{p1p2. (. 30e™(12) 5peim(13) .606“‘(1'8))}
{paps, (- 20e™15) 5(eim(13) .70ei“(1'6))}
{p3p4, (.20e™1H), 60e ™15, 7017}
e 40ei™(12) gQeim(14), .50ei“(1'8))}

K(ly) =1

/ /I“[); / N ‘[):{I) 4 v 4O
(P4 i P3 ) [ P4 } \P3 )
P1pPs P2ps P14 P2p3
(p1) (p2) (m) {p2)
PP Ao/ PipP2 \__/

r: ( /| ) (1 y )

Figure 2: SCNSG {G(1,),G(15)}
Definition 10. A CNSG G = (G*, &, &, L) is considered complete if
U (pip;) e 20 PPi) = min{Wsq) (), s (p)) }e ™ "Fe0 P X (#)))
By o (pip;) eV *0PiPi) = min{Beq) (), Beq) (p)) e ™0 @) ¥ew i)
Can (pipj)es0 (Pip)) = max{Cep (), C(p (p;)}e' e @ Lo (i)
forallp;,p; €V andp;p; € E.

Example 3. Assume the set of vertices be V = {pi, p2, ps, ps} and the set of edges be E =
{P1D2, P203, P3P4) P1P4, P1P3, P2P4}> Which together form a graph denoted as G*. Consider (S, L) to be
a complete complex neutrosophic soft set over V and let L = (1}, |2) be a parameterized set. S : L — L(V
) is the definition of the complete complex neutrosophic approximation function.
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({p1,(.60e™17)
{p2, (5015 .
{p3, (.70 .
{pq, (.50eTAD

6([1) = A

{p1, (140D
{p2, (.30,
{p3, (2015,
(P4, (140D

6(12) =1

40e'm(18)
30¢'"(16) .
50em(17),
40e'm(15)

80ei™(14),
50em(13)
70e'm(15)
60e'm(16) .
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30ei1t(1.7) )}
50ei1t(1.8) )}
20ei1t(1.6) )}
4_0ei1t(1.6) )}

50e™(18))}
60e'™(16))}
70e'm(15))}
50e™(17)}

Let (K, L) be a complete CNSS over E and let L = (1, 1) be a set of parameters. The complete complex
neutrosophic approximation function & : L — L(E) is defined by

({p1p2, (. 500D, 30¢im(16) 50in(18))y
(P23, (502713, 300716, 50¢in(18))}
(P34, (.50e7(15), 4015, 40¢im(16))}
{(P1D4 ( SOei”(l-“‘), _4Oein(1.5), _4Oein(1.7))}
{p1ps, (.60e™13), 407, 30¢in(17))}
(P24, (.50eT1D), 30115, 50eim(18)))

K(ll) =9

{p1p2. (. 30ei"(12) 5eim(13) .60ei”(1'8))}
{png’ ( Zoein(l.s)’ .SOein(l'g), .7Oein(1.6))}
{p3p4, ( 206in(1.4)’ .6Oein(1'5), .706,1'71:(1.7))}
{p1pa, (. 40em(1.2) gQeimr(14), .506“’“'8))}
{p1p3, (.20e™12), 701D, 7018}
L{P2P4, ( 3061'1'[(1.4)’ .SOeiT[(l'B), _60ei1'r(1.7))}

K(l,) = -

Ve —‘\.I P3pP4 ["/-_ E2% ; ’,"'-._ "'»‘ Papa ’v,x"' N\
:, IJ‘ ) 1 1)‘; | ( [I] } |. P:i ’|
€8 = \}.; 3 "'\_1 = _,./'\\ :}_» £ 4
/ 4 ‘ \ ,./’/
e // N - /
N ™ / = S
& & P
" 4 4
N M
\_/ \./
1Py X ppa Piba W P23
/'/ \ / 4 \,
S/ \ / &3
/ v 4 N
& d
/ % //
o P i s A na,

7N Y v,,-' ~

{ 1 P2 | { P1} \ P2 )
pip2 == Pip2

G(l4) G(ly)

Figure 3: Complete CNSG{G(l,), G(15)}
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Definition 11. The complement of an CNSG G = (G*, &, &, L) on G* is an CNSG G* where

L@ =9

2.
WUy (p)e*0®) = Agy (p;)eXew @)
B (peYeu®) = Bem (ppeYew®)
Csq) (pyeZen®) = Ceq (p;)eZew @)

3.

Us ) (pipy)e™* 0P = min[Ug (b)), W (py)] € ™" F0POX0 @) — g (pp;)e s Pirs)

Baw (Pipj)eiyﬂ(’)(pip") = min[Bgq) (P, Be (p;)] etminew @) BS(p))) —
Bam (Pipj)eiy"(’)(p"p")

Caq(pipj)e™s® (pip))
= max[Cg(p (), € () (Pi)] eimax{Zeq @) Zsy ()} — 400 (Pip,-) eiZsw(Pivj)
forallp;pj€ Eandl€ L.

Definition 12. Let G = (G*, &, K, L) be a CNSG on G*. The complement of the complement of the
complex neutrosophic soft graph G = (17}, E on G* then gives G, according to the description above,
where V = V and

A (pipj)eixﬁ(l)(pipj)

0
= min [Q’IG(I) (pi), Q’IG(I) (p])] ei min{XG(l) (pi)rXG(l)(pj)} —_ Q’Iﬁ(l) (pipj)eixﬁ(l) (pipj)

%R(l)(pip DEREC (pipj)
= min[Bg) (1), B (p))] eimin{Yey@)Yew)(P)} — B &(0) (pipj)eiyg(l)(pmj)

Cac(pipj)e*s0PP) = max[Ce (p), Ceqy (py)] ' M 70 PO Ze0 i) — G4 (pip; ) e 250 (PiPs)

and
Q=Ig(l) (pipj)eng(l)(Pin) = Uy (pip}) o iXs(Pip))

%R(l) (pipj)eimu)(mpj) = B (7)) oi¥sw(pi))
Eﬁ(z) (ip)) eiZa)(Pipj) — S (pip;) oiZaw(pi))

where the complex neutrosophic relation on V is denoted by E. Since G is an SCNSG, G C G
is also an SCNSG.

Proposition 1. If G is the complement of the complement of SCNSG G, then G is an SCNSG
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G = G).
Proof: Let SCNSG G.

Let (S, L) be a SCNSS over V and let L = I be a set of parameters. The strong complex neutrosophic
approximation function S : L — L(V ) is defined by

{p1, ((40e™17), 701D, 50eim(15))}
{p2,(.30e™1Y), 50¢in(16) gpeim(17))}
{p3, (.20e™16), 80eimn(13) gpeim(1h)}
{p4, (.50e™13), 70eim(15) 70eim(16))}

8 =

Let (K, L) be a SCNSS over E and let L =1 be a set of parameters. The strong complex neutrosophic
approximation function K : L — L€ is defined by

(P14, (.40e™(13), 7014 70¢im(16))y
K1) = { {p1ps, (. 20e'™16), 70¢im(13) goein(15))}
{(p2p3, (- 20e™0D), 50eim13) goeim(17))}
:‘ P ) f P

{'/(x}

(P1Pa) X (P2p3)

(1) (P2 )
Figure 4: G - SCNSG.

Take the complement for a strong complex neutrosophic soft graph.
Let (&, L) be a complement of SCNSS over V and let L =1 be a set of parameters. The complement of
the strong complex neutrosophic approximation function G : L — L(V ) is defined by

{(p1, (.40e"17, 70" (14, 50ein(15))}
{p2, (301D 50eim(16) 60eim(17))}
{p3, (. 20ei™(16), 8peim(13) goeim(10))}
(P4, (.50e713), 70¢im(15) 70¢in(16))}

s =

Let (K, L) be a complement of SCNSS over E and let L = | be a set of parameters. The complement of
the strong complex neutrosophic approximation function & : L — L(E) is defined by

(P12, (.30e™0Y), 50014 g0eim(17)}
ﬁ(l) = < {p2DP4, ( 3Oei“(1'3), _5Oeiﬂ(1-5), _7Oein(1.7))}
{(p3pa, (. 20e™13), 70¢im(13), g(ein(16)))
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AN (papa) 2N\
( P4 ) { P3 )
(P2pa N .
\
\\
? S (mp2) YN
( P1 } { P2 )
N \ A

Figure 5: G - Complement of SCNSG.

Take the complement of the complement of a strong complex neutrosophic soft graph.

Let (S, L) be a complement of the complement of an SCNSS over V and let L =1 be a set of parameters.
The complement of the complement of a strong complex neutrosophic approximation function S : L —
L(V) is defined by

(D1, (40ei™17), 70im(14) | 50ein(15))}
(- | 2 (300704, 50619 om0,
{p3, (.20€i7(16), 80ein(13) goein(14))}
t{m, (.50e™(13), 70¢im(15) 70ein(16))}

Qll

Let (&, L) be a complement of the complement of an SCNSS over E and let L =1 be a set of parameters.
The complement of the complement of a strong complex neutrosophic approximation function & : L —
L(E) is defined by

{p1P4, (. 402713, 7071, 70¢im(16))}
&) =< {p1p3, (. 20e™16), 70713, gpein(1.9))}
{p2p3, ( ZOei"(lA'), .508in(1'3), _8Oeirr(1.7))}

\P1) Ps )

%)

(P1pa) X (P2p3)

() (p2)
Figure 6: G- Complement of the complement of an SCNSG.

Hence, G = G.
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Example 4. Consider a CNSG G* =(V, E). Take a look at an SCNSG G as shown in figure 7, the
complement of SCNSG as shown in figure 8 and the complement of the complement of SCNSG as
shown in 9, which shows it clearly.

Let strong complex neutrosophic soft graph G.

tPapg)
U:”v,J

|}»l‘[.-.| |/;_.{;:‘|

mp2)

Figure 7: G - SCNSG.
[{pl' (. 70ei™15), 301, 20eim(1.7))}

{2, ( 50eim(1:6) 20eim(16), .50ei“(1-6))}
6([) = {p3, ( 7Oei“(1'3), .4Oein(1.5)’ .3Oei“(1'8))}
(P4, ( 60ei“(1'8), .306“1(1'7), _4Oein(1.8))}
(5 (80619, 506114), 206719

((P1p2, (.50eT(19), 20em(14) 50¢m(17))}

{p2p3, ( 50ei“(1'3), _Zoei‘r[(l.s)’ _SOein(l_g))}
KD = 3 (3P4, (6013, 302im(15), 40em18))}
(P45, ( 60ei“(1'4), _30ein(1.4)’ -406iﬂ(1'9))}
{p1ps, (. 70eT1D, 301D, 20¢m19)}

Take the complement for a strong complex neutrosophic soft graph.
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(mpa)/ \ (p2pa)

() (Ps)
— (pPaps) .

\ ~P1ps)

(P 1 V ( p2
Figure 8: G-Complement of SCNSG.

({p1, (7065, 3019, 20eim(17))}

{p,, ( 506in(1.6)’ .ZOei”(l'G), .50ei”(1-6))}
S = {ps, ( 7Oei”(1'3),.4Oei"(1'5),.3Oei”(1-8))}
(P4 ( 6Oei”(1'8), .3Oei”(1'7), .4Oei”(1'8))}
{ps, (.80e™(1H, 501, 20ein(19))y

{p1ps, (. 70e™(13), 30014 30¢im(18))3
{P1p4 ( 60e™(1:5) 30ein(14) _406,1'11(1.8))}
HOERS % ( 506”[(1-6),,2061'1'[(1-6)’_50ein(1.8))}
{p.ps, ( 50eim(14) 7pein(l4) 5061‘11(1.9))}
{P3ps, (. 70eiM(13), 401D, 30¢m19)}

Take the complement of the complement of a strong complex neutrosophic soft graph.

tPapa)
',J'l/":J'

(i ps) \ (papa)

\mp2)

Figure 9: G- Complement of the complement of an SCNSG.
({p1, (. 70e™(15), 3019, 20eim(17))}

{p, ( SOei”(l'ﬁ), .ZOei”(l'ﬁ), _5Oein(1.6))}
@(l) =< {ps, ( 7Oei”(1'3),.4Oei”(1'5),.3Oei"(1'8))}
(P4, ( 6Oein(1.8)’ lgoein(li), _40ein(1.8))}

L{ps, (.80em(14), 50¢im(14) 20¢im(19))}
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[{Pﬂ?z, (.50em(19), 2019, 50¢im17)}
{p,p3, ( 50ei"(13), 20eim(15) _50€in(1.8))}
&) = {P3p4, ( 6Oei”(1'3),.3Oei”(1'5),_4031'”(1-8))}
{Daps, ( 60em™(14) 30ein(14) _4031'77(1-9))}
{p1ps, ( 70e™(14) 30eim(14) .ZOei”(l-g))}

Definition 13. A SCNSG G is said to be self-complementary if it is isomorphic to its complement,
denoted by G. In this context, G represents the complement of the CNSG G.
Proposition 2. Let G = (G*, S, &, L) be a strong complex neutrosophic soft graph if

Az (Pipj)eixﬁ(”(p"p") = min[Usp (), Ysy (p;)] € imin{Xe (P Xew (1))}

Bam (Pipj)eiyﬁ(”(p"p") = min[Bgp (p), Be (p;)] € tmin{Yem @) Yew (@)}

Caq (pipy)e#0PP1) = max[Cey (), Ceqp (py)] e Mo P Zew(Ps)

forallp;pj €Vandl € L.
Then G is self-complementary.

Proof: Let G = (G*, S, K, L) be a SCNSG such that
Us (pipj)e X0 PP1) = min[As ) (p), sy (p;)] e MinFew POXe (P1)
Bs (pip;)esOPP) = min[Be) (p), Be (p;)] el Mnrew P Yew (P1)
Cae(pipj)eZs0PiP)) = max[Cey(py), Co (p;)] e M Zew @DZe (P))

for all pipj € V and 1 € L. Then G ~ G under the identity map I: V — V.
Hence, G is self-complementary.

Proposition 3. Consider the SCNSG G = (G*, S, &, L). Then

Z ﬂg(l)(pipj)eixﬁ(l)(pipi) =1/2 Z min[%g(l)(pi),%ga)(pj)]eimi“{XG(l)(Pi)'XG(l)(Pj)}
DiEDj Pi#D;j

Z %g(l)(pipj)eiyﬁ(l)(pipi) =1/2 Z min[SB@(I)(pi),%g(I)(pj)]eimi“{ye(l)(l’i)rye(l)(l’j)}
DiEDj Pi#D;j

Z (Sga)(pipj)eizﬁ(l)(pipf) =1/2 z max[(ig(l)(pi),(ig(l)(pj)]eimaX{ZG(l)(pi)rZG(l)(Pj)}
pi*Dp;j Pi*Ppj

Proof: If G is a complex neutrosophic soft graph self-complementary. Then, an isomorphism f: V1 —
V2 that satisfies
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Us W (f(Pi)) eXew(f0)) = Us (f(Pi)) eXe () = s () e Xe@ (@)
B (f (p)e =0T P) = By (f(p)e Yo PD) = B (p)eYew @D

ey (F(p0)e 20U ®D) = Gy (£ (py))e 2w PD) = Gy (p)e Zew @D
and

Us(n) (f(Pi)f(pj)) eiXR(l)(f(pi)f(pj)) = g (f(Pi)f(pj)) eiXR(l)(f(pi)f(pj))
= Ug(pip;)eXsw(Pip))

B (f(Pi)f(Pj)) eiYﬁ(l)(f(pi)f(pj)) = By (f(Pi)f(Pj)) eiYg(l)(f(pi)f(pj))
= %R(I)(pipj)eiyﬁ(l)(pipj)

Cay (f(Pi)f(Pj)) eizﬁ(l)(f(pi)f(p]')) = Cgp (f(pi)f(pj)) eiZg(l)(f(pi)f(pj))
= Gﬁ(l) (pipj)eizﬁ(l)(l’ipj)
for all (pip;) € Ei
we have

Q_Ig(l) (f(pl)f(p])) e X (f(Pi)f(Pj))
= min [Q_Ie(l) (F)), Ay (f(Pj))] eimin{XG(l)(f(pi)),XG(l)(f(pj))}
—Us (f (p)f (pj)) o Xsw(F@DF ()

1.€.

mg(l) (f(pl)f(p])) eixﬁ(l)(f(pi)f(pj))
= min [Q[G(I) (f(pl.))' QIG(I) (f(p]))] eimin{Xes(l)(f(Pi)),Xea)(f(pj))}
—Us (f (p)f (pj)) o Xsw(F@DF ()

Ag(n ((pi)(pj)) eng(l)((Pi)(Pj)) = min [ﬂg(l)((pi)), s ((p]))] eimin{Xe(z)((Pz)),XG(l)((pj))}
—Aszq ((Pi)(pj)) o X5 (@()))

D Bso(pp))e 0P + 3 g (pipy e Hro e

Pi#Pj Pi*D;j
= Z min[?lg(l)(pi),%ga)(pj)] et min{Xen) ).Xew) (p)}
Di#Dj
D BroEw)e 0w P) 4 ) By (o )e o)
Pi#Pj Di*D;j
= Z min[SBg(I)(pi),SBG(I)(pj)] eimin{Yeq)().Yew)(p))}
Di#Dj
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z Cxep (pip;)e 0 PPI) + Z Csp (pepy)e 0 Ps)

Pi#Pj Pi#Dj

= Z maX[Gg(I) (pi)’ G:G(I) (p])] ei maX{ZG(l) (pi),Zg(l) (pj)}
1251
Then,

Z Ugey (pip; e 50 @) = 172 Z min[Ue (py), Us (p;)] e ™M @D Xew (P}
Pi*Dj Pi#Pj

Z B (pip))e 0 P®i) = 172 Z min[Beq (1), Beq (p;)] ¢! Ve @DES(P))}
Pi*Pj Pi#pj

Z Caq(pipj)e50P®s) = 1/2 Z max[Ceq (), sy (p;)] e M e ®DZew(@s))
Di*Dp;j Pi*Pj
Proposition 4. Consider the complement of SCNSG G, ~ G, (isomorphism) and G; and Go.

Proof: There exists a bijection f: Vi — V; such that the graphs G; and G; are isomorphic under this
mapping.

Us, (i (p)eXe10®P) = A o (f(p))eXe0(?D)

forall (p; € ),
and

g, (pip; )e Xm0 PP = g (f(Pi) f(pj)) o X5, (121 (7))
Be, o (pip;)e "0 PP = Be ) (f(Pi)f(pj)) oY (F@0f ()

Cq,n(pip;)e PP = g¢ o ( Fo) f(pj)) o 1Z8,0(F@0F()))

Forall pjpj € Rand l € L
We have

Q_Igﬂl) (pipj)eixﬁ(l)(pipj)
= min[ﬂel(l) @), s, (Pj)] eimin{Xe, ) @) Xe) (1)} — s o (pipj)elxﬁ(l)(pmj)

= min [%[GZ(I) (f(pi)); Q*[(52(1) (f(p]))] eimin{x@z(l)(f(pi))'xe(l)(f(pj))}
e (FRf (p;)) eXo0 @0 )
= U, ) (f (p)f (pj)) o X5 (F@Dr(@)))

B, o (PP j)e“’ﬁ(z)(zﬂm i)
= min[Bg, () (1), Be,m (p))] e ™M 0@IVew Pl — B oy (pip)) e s PiP))
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= min [2362(0 (f®D), Bs, 1) (f(pj))] ol min{¥e, o (fF@))Yew(f(2)))
~Bs,0 (F@)f () LV (f @01 ()

=Bg,0) (f(Pi)f(Pj)) oY (r@dr(®)))

G%(l) (pipj)eizﬁ(l)(mpj)
= min[@el(l) @), Cs, 0 (Pj)] el min{Ze, 1y, Ze(P1)} — Cst0 (pipj)elzﬁ(l)(pmj)

= min [GGZ(I) (f(Pi)). Ce,m (f(Pj))] el'min{Zsz(l)(f(pi)),Ze(l)(f(pj))}
—Ceq, (f ()f (p,-)) eiZs(F@0f ()

=Cq,0) (f(Pi)f(Pj)) eizﬁ(l)(f(pi)f(pj))

Forall p;p; € Rand L € L
Hence (G; = G,).

Definition 14. Let G = (G*, S, &, L) be a complete complex neutrosophic soft graph, where G* = (V,
E). The complement of G, denoted by G = (@, ﬁ), is defined as another complex neutrosophic soft
graph over the same underlying structure G* = (V, E), where:

(1) The vertex set remains unchanged, i.e.,V = V.

(2) The complex neutrosophic soft values on vertices are preserved:
iT3’6(1)(Pi)eiy@“)(pi) = B (pl.)eiye(z)(m)’
Cop(p)eZen®d = Gy (p)e %0 @),

(2) The complex neutrosophic soft edge functions of the complement & are defined as:

U (pip) ) eXsw @ip))

= min[QIG(I) (o), As (Pj)] et min{Xen ®@).Xew)(P))} — DI (pipj)eixﬁ(l)(pipj)’
B (Pipj)eiyﬁ(z)(mp i)

= min[Be (p1), Be (p))] ! ™MV ew®DYew®)) — B o (pip))eYswPips),

(_gﬁ(l) (Pipj)eizﬁ(z) (pipj)
= max|[Cgp (1), Ce(p (p;)] el max(Ze (P Zew (P} — @ o@Dy eiZsw(®ip)),
for all pipj € E and for each 1 € L.

Proposition 5. Consider the complement of a complete complex neutrosophic soft graph that contains
no edges. In this case, if G is a complete graph, then its complement G contains no edges, i.e., the edge
set of G is empty.

Proof: Consider the graph G = (G*, S, &, L), which represents the complement of a complete complex
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neutrosophic soft graph.
sy (pipj)e 50 wipj) = min[Ugy (), Ue(p (p;)] e ™ Few PO Xew @)
Q_sﬁ(l) (pipj)eiYg(l)(Pipj) = min[‘Bg(I) (), Bs (pj)] eimin{Yeqy@).Yew) (pj)}

Eﬁ(l) (pipj)eiXﬁ(l)(pipj) = max[fig(l) @), Csq (p].)] eimax{Zewy ). Zsw) (p))}

Forall p;jp; € Vandl €L
Hence in G

ﬁg(l)(pipj)eixﬁa)(mpj) = min[Ws (01), Y (p))] e i min{Xe) @).Xew(P;)} — Ay (pipj)eixg(z)(mpj)

= min [Q’IS(D (pl.), Q’IS(I) (p])] e i min{XG(l) (pi)rXG(l) (p])}
— min[Wg g (p), U (p))] € min{Xg(p) (). Xe)(P))}

=0,Vi,j,-,n

Baw (pip;)e X0 @)
= min[%G(I) (ro), 236(1) (pj)] eimin{XG(l)(Pz),XG(D(pj)} B %R(I) (pipj)eixﬁ(l)(pmj)

= min[%g(n (pl.), %6(0 (p])] e i min{XG(l)(pi):XG(l) (p])}
— min[Bgq) (1), B (p))] € min{Xg() (). Xew) (P))}

=0,vij,-,n

Cac (pipj)e*s0PP) = min[Co(p (1)), Coy (p;)] e MK POFew P} — Gy (pip;)e ¥ Pir))

— min[Ceq (01, Cy(p;)] € min{Xgp) (P Xe)(P))}

=0,Vij,,n

Thus
a (pipy)es0PiPs), Bg ) (pip))eXsoPiv)), By (pip; ) e 50 @iP) = (0,0,0)

Consequently, if G represents a complete complex neutrosophic soft graph, then the edge set of its
complement, denoted by G, is void.

4. CONCLUSION

This work focuses on the innovative concept of complex neutrosophic soft graphs. Additionally, it
explores several fundamental properties of strong, complete, complementary, and self-complementary
types of complex neutrosophic soft graphs. The introduced notions are further elucidated through
pertinent examples. Future work will emphasize operations related to complex neutrosophic soft graphs,
particularly their regular forms and other variants. The framework of complex neutrosophic soft graphs
holds potential for diverse applications, such as social network analysis, recommendation systems,

traffic modeling, and transportation systems.
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