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Abstract. In this paper, we explore the integration of determinant theory within the framework of Neutro-
sophic Hyper Soft Rough Matrix (NHSRM). We introduce a formal definition of the determinant for NHSRMs,
establish its mathematical properties, and develop a determinant-based algorithm tailored for Multi-Criteria
Decision-Making (MCDM). To highlight its practical utility, we conduct a comparative analysis with an exist-
ing score-based approach. To demonstrate the effectiveness of the proposed approach, an example is provided
in which the determinant is computed and subsequently used to rank alternatives and assess the influence
of different parameters. Additionally, a sensitivity analysis is performed to examine the robustness of the
decision-making strategy under varying weight parameters. The results affirm that the determinant-based ap-

proach offers a more structured and reliable decision-making mechanism compared to score-based methods.
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1. Introduction

Decision-making in complex real-world scenarios frequently involves navigating through lay-
ers of uncertainty, imprecision, and incomplete information. These uncertainties may stem
from ambiguous data sources, conflicting expert opinions, rapidly changing environments, or
limitations in measurement and observation. Over the decades, several mathematical models
have developed to address these challenges. The foundational work began with Zadeh’s fuzzy
set theory [34], which pioneered the formalization of uncertainty by introducing degrees of
membership instead of binary classifications, offering a flexible tool for representing imprecise
information. Building upon this, Pawlak’s rough set theory [23] enriched the foundational

work by providing a formal mechanism to handle incomplete information through lower and
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upper approximations, addressing indiscernibility and approximation in data classification,
complementing fuzzy set theory with a rule-based perspective.

Recognizing the need for even more expressive representations of uncertainty, Atanassov in-
troduced intuitionistic fuzzy sets [1], [2], extending fuzzy sets by incorporating non-membership
and hesitation margins. This provided a more nuanced approach, especially useful in scenarios
involving incomplete or conflicting information. Kim et al. [16] were among the pioneering
researchers to formalize the concept of a determinant for fuzzy matrices. They redefined the
classical determinant operation by incorporating fuzzy set theory principles, enabling compu-
tations based on degrees of membership rather than binary values. Ragab and Eman [24] made
a notable contribution by introducing definitions for both the determinant and the adjoint of
fuzzy matrices. This advancement is significant, as the adjoint plays a major role in determin-
ing the inverse of a matrix, which is fundamental to applications in system analysis, control
theory, and decision-making. Dhar [8] provided a comprehensive examination of the algebraic
properties of fuzzy matrix determinants. He explored conditions for invertibility, rank, and
linear independence within fuzzy matrix systems, offering theoretical insights that paralleled
classical algebra while addressing the added complexity of fuzziness.

Mondal and Pal [20] were among the earliest to introduce a structured determinant theory
for intuitionistic fuzzy matrices. Their work focused on generalizing the classical determinant
to accommodate the dual components of intuitionistic fuzzy sets. By redefining matrix op-
erations and determinant properties within this dual-parameter framework, they established
conditions under which the determinant of an intuitionistic fuzzy matrix could be computed.
Im et al. [9] expanded on this by introducing novel algorithms for computing the determinant
of intuitionistic fuzzy matrices, including matrix transformation rules that preserve intuition-
istic properties during row and column operations. Their work emphasized the operational
integrity of the matrices during determinant computation, ensuring consistency with intuition-
istic fuzzy logic principles. They also explored applications in solving intuitionistic fuzzy linear
systems, demonstrating the practical importance of determinant-based matrix manipulation
in modeling real-world problems under uncertainty. Riyaz and Murugadas [25] contributed
to the field by investigating the determinant properties in the context of intuitionistic fuzzy
relational matrices. They introduced new types of matrix transformations and established
determinant formulas that aligned with intuitionistic fuzzy relational algebra. Their study
highlighted how determinant theory could be used to analyze the structure and consistency
of intuitionistic fuzzy relations, especially in areas such as decision-making, clustering, and
system modeling.

The trajectory of research has continued to evolve towards richer models, most notably

with the advent of neutrosophic set theory by Smarandache [27]. Neutrosophic sets introduce
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a triadic structure encompassing truth, indeterminacy, and falsity degrees, thereby offering
a more comprehensive framework for modeling uncertainty, inconsistency, and incomplete
information.

Ye et al. [33] developed a slope stability classification model using single-valued neutro-
sophic matrix energy to handle uncertainty in geotechnical analysis. The approach effectively
addressed imprecision and indeterminacy, enhancing decision-making under uncertain condi-
tions. Alabdullah and Aouira [4] initiated this line of research by defining determinant op-
erations for single-valued neutrosophic matrices, thereby extending traditional matrix theory
to incorporate the triadic structure of neutrosophic sets. Their work focused on establishing
basic algebraic operations such as matrix multiplication, addition, and inversion, and defin-
ing a consistent determinant function that captured the neutrosophic characteristics of each
matrix entry. Expanding on this foundation, Karaaslan et al. [14] extended the theory to
include interval-valued neutrosophic matrices, in which the truth, indeterminacy, and falsity
components are expressed as intervals instead of fixed scalars. The authors proposed methods
to compute determinants under this extended setting and demonstrated their usefulness in
analyzing systems where data is not only imprecise but also subject to fluctuating degrees of
belief and contradiction.

Uma et al. [30], [31] further expanded the scope of determinant theory by integrating it
into the structure of fuzzy neutrosophic soft matrices. This hybrid framework combines con-
cepts from fuzzy sets, neutrosophic sets, and soft sets, offering a robust approach to handle
multi-layered uncertainty and context-dependent decision parameters. Uma and collaborators
formalized determinant operations for these matrices, ensuring that both the softness and the
neutrosophic fuzziness were preserved during computation. Their work provided a concrete
algebraic foundation for fuzzy-neutrosophic soft decision-making models and was particularly
impactful in contexts such as information systems, robotics, and social decision problems
where multi-faceted uncertainty is intrinsic. Vijayabalaji et al. [32] introduced the concept of
Neutrosophic Soft-Rough Matrices, combining the strengths of neutrosophic, soft, and rough
set theories to handle multi-layered uncertainty. Their work laid a theoretical foundation
for advanced decision-making frameworks under incomplete, indeterminate, and inconsistent
information. Notably, Jafar and Saeed [10], |[11] introduced frameworks for Neutrosophic Hy-
persoft matrix (NHSM), facilitating structured data analysis across complex attribute-value
domains. Their work laid the foundation for modeling highly parameterized information under
uncertainty.

The fusion of neutrosophic and soft set theories has produced powerful tools like Neutro-
sophic Soft Sets and Neutrosophic Rough Matrices. However, these models fall short in captur-

ing multi-parameter hierarchies and deep uncertainty. To address the limitations of existing
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models in handling layered and indeterminate data, Boobalan and Mathivadhana [5] pre-
sented the first structured approach to Neutrosophic Hyper Soft Rough Matrices (NHSRM),a
matrix-based model integrating neutrosophic sets, hyper soft sets, and rough approximations.
They developed weighted aggregation operators such as Weighted Arithmetic Mean (WAM),
Weighted Geometric Mean (WGM), and Weighted Harmonic Mean (WHM), to consolidate
multi-attribute evaluations under neutrosophic uncertainty. Motivated by the need to address
incomplete, imprecise, and inconsistent information, this work further extends NHSRM by de-
veloping a determinant theory for assessing consistency, ranking alternatives, and improving
decision-making accuracy.

In this proposed work, we first introduce the determinant theory of NHSRM as a foun-
dational analytical tool designed to distill complex multi-dimensional, uncertain information
into a single scalar value, thereby enhancing interpretability and facilitating robust decision-
making. A well-defined determinant within the NHSRM framework enables the quantification
of systemic uncertainty, identification of contradictions or inconsistencies among input pa-
rameters, and the ranking of alternatives using score-based evaluation and determinant-based
evaluation in MCDM scenarios. To support this, we design and implement efficient algo-
rithms for computing the determinant of NHSRM, leveraging matrix transformation rules and
determinant-based evaluation techniques that respect the inherent neutrosophic uncertainty
and rough boundary approximations. The need for such a framework arises from the limita-
tions of classical and existing fuzzy or soft matrix models, which often fail to simultaneously
capture the layered uncertainties across multiple attributes, particularly when data are drawn

from diverse, context-sensitive sources such as sensor fusion, intelligent control, or diagnostics.

1.1. Objectives of the proposed work

e To formalize the structure of NHSRM: Establish a rigorous mathematical foundation
and representation of NHSRMs by integrating neutrosophic, soft, and rough set theo-
ries.

e To develop determinant theory within the NHSRM framework: Construct a novel
determinant-based algebraic method to analyze the structural properties of NHSRMs.

e To design computational techniques for NHSRM: Develop efficient algorithms for com-
puting determinants in the context of NHSRMs to support their applicability in com-
plex and uncertain systems.

e To apply the determinant-based NHSRM model to real-world decision-making:
Demonstrate the practical utility of the proposed model in autonomous systems, specif-
ically in multi-sensor data integration and conflict resolution scenarios such as self-
driving vehicles.
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e To evaluate the model’s effectiveness in MCDM: Use determinant values to guide pref-
erence rankings, assess attribute independence, and enhance decision robustness under

uncertainty.

1.2. Research Gap

Significant progress has been made in the foundational areas of fuzzy sets, pioneered by
Zadeh [34], rough sets by Pawlak 23], and intuitionistic fuzzy sets by Atanassov [1], [2]. Their
extensions to matrix-based models have also been studied extensively, including fuzzy soft
matrices by Cagman and Enginoglu 6], intuitionistic fuzzy soft matrices by Chetia and Das [7],
and determinant theories for fuzzy matrices by Kim et al. [16] and Ragab and Eman [24].
Nevertheless, the field of NHSRM is still emerging. Research on related neutrosophic matrix
structures has been conducted by Alabdullah and Aouira [4] on determinants of neutrosophic
matrices, Karaaslan et al. |14] on interval-valued neutrosophic matrices, and Uma et al. [30]
on fuzzy neutrosophic soft matrices.

The foundational work of Boobalan and Mathivadhana [5] introduced NHSRMs as a tool
for modeling uncertainty, imprecision, and indeterminacy. Building on this, there is a clear op-
portunity to develop a determinant theory within the NHSRM framework to support ranking,
consistency evaluation, and decision-making. Efficient computational methods and algebraic
structures for NHSRM determinants will enhance their applicability in real-time systems such
as autonomous control, intelligent diagnostics, and risk assessment. This research aims to
advance both the theoretical depth and practical utility of NHSRMs in complex uncertain

environments.

1.3. Motivation and Contribution

To bridge the identified gaps, the present research proposes a novel framework for con-
structing and analyzing Neutrosophic Hyper Soft Rough Matrices (NHSRM) integrated with
determinant theory, aimed at enhancing multi-sensor and multi-criteria decision-making under

conditions of high uncertainty. Specifically, this work:

e Formalizes the structure and properties of NHSRMs.

e Introduces a determinant-based approach assess NHSRM for consistency, attribute
significance, and decision support.

e Demonstrates the real-world deployment of the proposed model in scenarios where
decisions like braking or accelerating are made based on conflicting sensor inputs and
contextual conditions.

e Integrates neutrosophic logic with soft and rough set granularity in a unified matrix
algebra framework.
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e Explores the incorporation of determinant theory within NHSRMs can reveal attribute
independence and optimize decision rankings for more reliable and interpretable out-
comes.

e Implementation of sensitivity analysis to evaluate the impact of weight parameter

variations and uncertainties on decision outcomes, enhancing model robustness.

To enhance the practical visibility of the proposed model, the methodology based on deter-
minant theory is illustrated in Figure 1.1, and a comparative analysis is presented in Table

1.1.
I Formalize

I Develop Determinant |
NHSRM

| Theorems and Results |

MCDM (Autonomous Driving

Apply Determinant theory in I
Scenario)

Comparative Analsyis |

itivity Analysis I

I Sens
L» IResult and Discussionl

Figure: 1.1 Methodology of Determinant Theory
1.4. Nowvelty

Determinant theory has evolved from classical matrices to uncertain environments, including
fuzzy , rough , and intuitionistic fuzzy sets , along with their soft, neutrosophic,
and hypersoft extensions. Foundational works on fuzzy matrices , and subsequent
developments in determinant operations for intuitionistic fuzzy matrices @,, intuition-
istic fuzzy soft matrices [7,[28], and hybrid rough models established the groundwork for
handling imprecision in matrix theory.

The emergence of neutrosophic and hypersoft structures introduced additional com-
plexity, leading to newer matrix formulations [4,[10,12]. Recent literature has proposed
NHSRM, a novel hybrid structure that captures layered uncertainty across multiple attributes,
including truthiness, indeterminacy, and falsity. However, the determinant theory within this
framework remains underexplored.

This study is the first to formalize determinant computation in NHSRMs and apply it to
real-time, multi-criteria decision-making, specifically in autonomous systems involving sensor
conflict resolution. It offers a novel contribution to both the theoretical landscape and applied
decision science.
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Model Uncertainty Parametric | Rough Determinant Real-world Ap-
Handling Flexibility | Approxi- Theory plicability
mation
Fuzzy Matrix | Single-valued Limited X v Moderate (Basic
[16,24] vagueness decision prob-
lems)
Intuitionistic Fuzzy | Membership, Limited X v/ (Extended) | Moderate  (Un-
Matrix [9,25] non- certain but
membership, structured data)
hesitation
Neutrosophic Ma- | Truth, Indeter- | Limited X v Moderate to High
trix [4,14] minacy, Falsity
Soft Matrix [6] Binary un- | v X X High (Simple
certainty via parameter-based
parameter sets models)
Rough Neutro- | Neutrosophic X v X Moderate to High
sophic Matrix [19] | uncer-
tainty with
lower /upper
bounds
Fuzzy Soft Rough | Fuzzy + para- | v/ v X High
Matrix [21] metric +
approximation-
based
Neutrosophic  Hy- | Multi- v X X High (Multilayer
persoft Matrix | dimensional decision systems)
(NHSM) [12] neutrosophic
modeling
Neutrosophic Hy- | Full-spectrum v v v Very High (e.g.,
per Soft Rough | uncertainty autonomous sys-
Matrix (NHSRM) | with granularity tems, diagnostics)
(Proposed) (T, I, F, ap-

prox., param.)

Table: 1.1 Comparison of NHSRM with the Existing Methods

The structure of the proposed work is outlined as follows:

e Section 2 defines the preliminary concepts and mathematical foundations necessary for
understanding NHSRM.

e Section 3 introduces the determinant theory and mathematical structure of NHSRM.
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e Section 4 presents relevant theorems, lemmas, and proofs that establish the mathe-
matical validity of the determinant-based NHSRM model.

e Section 5 demonstrates the real-time application of both score-based and determinant-
based algorithms through a comprehensive example. It also includes a sensitivity
analysis to assess the robustness of decision outcomes under varying parameter weights.

e Section 6 provides the conclusion and summarizing the major findings, theoretical

advancements, and potential implications of the study.

2. Preliminaries

Definition 2.1. (Neutrosophic set) [27]

A Neutrosophic set P on a universe U is defined by P = {(z,T" (z),I" (z), F¥'(z)) : 2 € U}
where T (z), I¥ (), FP(z) : U — [0,1] and 0 < TP (2) + I”(2) + F(x) < 3. Here, TF (1) is
the degree of truth, I”(z) is the degree of indeterminacy and F¥(x) is the degree of falsity

respectively.

Definition 2.2. (Soft rough set) [21]
Let R = (¢, A) be a soft set over U the pair S = (U, R) is called a soft approximation space.

Based on the soft approximation space S, define the following two operations:
apr4(P) ={u € U;3Ja € A,u € p(a) C P}

aprg(P) ={u e U;3a € A,u € p(a),p(a) NP # &}

Assigning to every subset P C U two sets apr S(P) and aprg(P), which are called the soft
S lower approximation and the soft S upper approximation of P respectively. In general,
apr S(P) and aprg(P) as soft rough approximation of P with respect to S. Moreover the sets
Posg(P) = apr (P)

Negs(P) = U — aprs(P)

Bndgs(P) = aprg(P) — apr ((P) are called the soft S - positive region, the soft S - negative

region and the soft S - boundary region of P respectively.

Definition 2.3. (Hyper soft rough set) [13]
Let U be the universe set and P(U) be the power set of U. Suppose a1, ag, as, ..., a, wheren > 1

be n distinct attributes whose corresponding attribute values Aj, As...., A, respectively. Let

S C Aj,j €{1,2,..,n}then [[7_, S; C[[i_; A;. The pair (p,[[;_, S;) = P(U) where ¢ is a

mapping defined by ¢ : H?zl S; — P(U) is called hyper soft rough set. The lower and upper

neutrosophic hyper soft approximation spaces of X € P(U) with respect to (¢, H?Zl S]k) are

denoted by apr(X) and apr(X) respectively, defined by
apro(X) ={u € U;3ar, az,...,an € A, u € p(a1,az, ...,an) € X)
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aprg(X) = {u € U;3a1,ag,...,an € Aju € p(ay,as, ...,an), (a1, az,...,an) N X # &)

If apr(X) # apr(X), then X is hyper soft rough set, otherwise it is called as hyper soft rough
definable set.

Definition 2.4. (NHSM) [10]

Consider a universe of discourse U with P(U) representing the set of all its possible subsets.
Let Ay, As...., Ag be a collection of well-defined attributes, where 8 > 1. Each attribute A; is
associated with a set of specific values denoted by A¥, where ¢; € 1,2, ...,n; for i = 1,2, ..., 8.
If the cartesian product of these attribute values is A{" x A% x ... x A%B , then the pair
(o, AT x AT x ... x Aq[f ) is said to be a neutrosophic hyper soft set over U, where ¢ : (A" x
AL x % Aqﬂ*ﬁ) — P(U) is defined as @(AT" x AT x ... x Aqﬁﬁ) = {{u, T u), I*(u), FMu)) €
UM e (AT x A2 x ... x A%ﬁ )} where T is the membership value of truth, I is the membership
value of indeterminacy and F is the membership value of falsity. If B;; = X (u;, A¥), i =

J
1,2,3,...,a, 3 =1,2,3,...,8 and k = q1, q2, g3, ..., g3 then the corresponding NHSM is defined

as
By Bia ... Bl,B
By Bog ... Bgﬁ
[Bijlaxs = . .
Bai Baz .. Bug

where Byj = (T (u;), I (ui), F (u;), u; € U, AF € (AT x AP x ... x AY)) = (T3, 15, F})

Definition 2.5. (NHSRM) [5]

Consider a non-empty universe set U = {u1,u2,...,uq} with P(U) represent the set of all
neutrosophic subsets of U. Let E = {A1, Ag,...A,} be the collection of parameters, where
each pair of parameters is disjoint, i.e., A;(A4; = @ fori # j. For j € {1,2,...,n}, let
Sj C Aj, then the cartesian product [’ Sk C [T-, Aé‘?. The pair (¢, []—, Sjk) = P(U),

=1°; =
where ¢ is a mapping defined by ¢ : H?Zl S;-“ — P(U) is called neutrosophic hyper soft

rough set. Each element u € U is associated with the values determined by the hyper soft
set, where each parameter can take multiple values. For each element u € U related with
a parameter A; is represented by the triplet (73, I;;, F;;) where Tj; is the truth membership
function, I;; is the indeterminacy membership function and Fj; is the falsity membership
function, Tj;, I;;, Fi; € [0,1]. If P = 'y(ui,Af), where i = 1,2,3,...,a, 5 = 1,2,3,..., 8 and
k=a,b,c, ...,z then a NHSRM is defined as

_<£11; Pu) (Pg;Pia) ... (P ﬁ1n>_
PPy <£21;.P21> <222;.P22> <an;.P2n>
_<7n1; Pnl> <£n2; Pn2> <£’rmﬂ 7nn>_
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- {1z 5y (152575

Lower Approximation matrix and Upper Approximation matrix are denoted by

Py =I5 I8 FE) 0 <TH+15+FL <3and Py = Ty, 1, Fy) . 0< Ty +1;,+F, <3

respectlvely. Thus, we can represent any Neutrosophic Hyper Soft Rough Set in term of

Neutrosophic Fuzzy Hyper Soft Rough Matrix.

Example 2.1
The NHSRM P of order 3 x 3 is written as

((0.7,0.2,0.2); (0.8,0.4,0.1))  ((0.6,0.1,0.3); (0.5,0.3,0.1))  ((0.5,0.4,0.2); (0.7,0.5,0.1))
P = {{(0.6,0.4,0.1); (0.9,0.3,0.2)) {(0.8,0.6,0.3); (0.9,0.0,0.4)) ((1.0,0.4,0.2); (0.5,0.1,0.0))

((1.0,0.1,0.1); (0.6,0.3,0.0))  ((0.7,0.3,0.1); (0.6,0.2,0.0))  ((0.9,0.4,0.3); (0.3,0.1,0.5))
Definition 2.6. (Transpose of NHSRM) [5]
The transpose of a square NHSRM is formed by switching its rows and columns, similar to the
transpose operation in standard matrices. This operation allows us to examine relationships
from a different perspective, effectively interchanging the roles of elements and hierarchical
parameters.

T _ P 1P P I
[P%J] [<(szﬂjij )’ (TjZ7IjZ7F )>}

Example 2.2
Consider Example 2.1, the transpose of P is given by

((0.7,0.2,0.2); (0.8,0.4,0.1))  {(0.6,0.4,0.1); (0.9,0.3,0.2)) ((1.0,0.1,0.1); (0.6,0.3,0.0))
PT = |((0.6,0.1,0.3); (0.5,0.3,0.1)) ((0.8,0.6,0.3): (0.9,0.0,0.4)) ((0.7,0.3,0.1); (0.6,0.2,0.0))
((0.5,0.4,0.2); (0.7,0.5,0.1))  ((1.0,0.4,0.2); (0.5,0.1,0.0))  {(0.9,0.4,0.3); (0.3,0.1,0.5))

3. Determinant of NHSRM

This section presents a comprehensive discussion on the concept of the definition of deter-
minant, along with several properties related to NHSRM.

Throughout this paper, we use the following notation
P K(Tfj,]fj,FP) (TU,IU,F )>] :

@ = [((x5.25.£5) (75,75, F5) )

R= [<(TR %, F; (TR 1" FR> >}

=57 =4j> ijo Lo

and

Definition 3.1. (Component wise Addition and Multiplication of NHSRM)
Let P and Q be two NHSRMs, then their component wise addition and multiplication are

defined as
(sup (TW,T ) , sup (IU,Ig) inf (FZ,FQ))
PoQ= < Q Q Q >
(sup (TU,T ),sup (I”,I”) inf (FU,F ))
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T8, T8

oo <(1nf( 2) inf (I

(mf (T”,TQ> inf (I”,IS) (F”,FQ))
Example 3.1
Let P and Q be two NHSRMs of order 2 x 23 be
b [((0.5,0.6,0.3); (0.3,0.8,0.1))  ((0.1,0.3,0.2); (0.4,0.5,0.7))]
(0.7,0.4,0.9); (0.4,0.7,0.2))  ((0.8,0.2,0.7); (0.6,0.3,0.2)) |
o0 [((0.9,0.5,0.4); (0.8,0.2,0.1))  {(0.7,0.3,0.0); (0.6,0.5, 0.4))
 {(0.6,0.8,0.1); (1.0,0.3,0.2))  {(0.6,0.2,0.1); (0.4,0.2,0.0))

Component wise Addition is written as

[((0.9,0.6,0.3); (0.8,0.8,0.1))

rees ((0.7,0.8,0.1); (1.0,0.7,0.2))

Component wise Multiplication is written as

[((0.5,0.5,0.4); (0.3,0.2,0.1))

rees ((0.6,0.4,0.9); (0.4,0.3,0.2))

P 7Q
IU,I”

FLFY

) e (£5, £5) )

)

((0.7,0.3,0.0); (0.6,0.5,0.4))
((0.8,0.2,0.1); (0.6,0.3,0.0))

((0.1,0.3,0.2); (0.4,0.5,0.7))]
((0.6,0.2,0.7); (0.4,0.2,0.2))

Definition 3.2. (Composition of NHSRM)
If P and Q are two NHSRMSs then their composition is denoted by P - () and is defined as
n n
>o(zh- 18). 50 (1 19) 1 (25 + £2)

PCRED )
s )/

n
=P =Q =P
E (Tij ' Tij)v E (Iij
Note: Matrix composition is possible only if the number of columns in matrix P is equal

- Q

n

-Q —P | =Q
'Iij)7H (Fij+ Fij)

k=1 k=1

to the number of rows in matrix Q. In such cases, P and Q are termed conformable for

multiplication. The resulting product is denoted as P - Q

Definition 3.3. (Determinant of NHSRM)
Let P be a NHSRM then the determinant |P| is defined as

<<Tlo'(l)’ Ity Fﬁ(l)) ; (Tfa(l)v 75(1)7Fi¢(1)>>

1Pl = Z P P P A7t TP TP '
o€Sn < (I o(n)» Ina’(n)7 Eno‘(n)) ) (Tno(n)a Ina(n)7 Fna(n)) >
We can also write,
< U A Thowy U A Liow V F ka(k)) ;
oESH oESH oESn
1P| = 7
n
< U ka(k U ka(k \/ Fko(k))
JESn UGSn UGSn J
where S,, comprises all distinct arrangements of the indices (1,2,...,n).
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Example 3.2
Let us consider

((0.5,0.6,0.3); (0.3,0.8,0.1))  ((0.1,0.3,0.2); (0.4,0.5,0.7))
((0.7,0.4,0.9); (0.4,0.7,0.2))  ((0.8,0.2,0.7); (0.6, 0.3,0.2))

be a NHSRM of order 2 x 2 then the determinant of P can be written as
|P| = ((0.5,0.6,0.3);(0.3,0.8,0.1)) - {((0.8,0.2,0.7); (0.6,0.3,0.2))
+((0.1,0.3,0.2); (0.4,0.5,0.7)) - ((0.7,0.4,0.9); (0.4,0.7,0.2))
= ((0.5,0.2,0.7);(0.3,0.3,0.2)) + ((0.1,0.3,0.9); (0.4,0.5,0.7))

((0.5,0.3,0.7); (0.4,0.5,0.2)) .

Definition 3.4. (Second order Submatrix Determinant of NHSRM)

Consider a NHSRM P. Let Q be a matrix obtained from P by deleting row e, row f, column g

and column h where e # f and g # h then the determinant of Q is defined as |Q| = P c f] ,
g

h
which is a second order submatrix determinant of P.

Example 3.3
Let us consider

(1,0,0); (0.8,0.2,0.1); (0.6,0.1,0.2); (0.4,0.4,0.2);
< (1,0,0) > < (0.7,0.3,0.2) > < (0.5,0.1,0.2) > < (0.3,0.5,0.2) >
(0.7,0.1,0.2); (1,0,0); (0.5,0.3,0.2); (0.3,0.5,0.2);
< (0.6,0.1,0.3) > < (1,0,0) > < (0.4,0.3,0.3) > < (0.2,0.6,0.2) >
(0.6,0.3,0.1); (0.5,0.4,0.1); (1,0,0); (0.2,0.6,0.2);
< (0.5,0.3,0.2) > < (0.4,0.4,0.2) > < (1,0,0) > < (0.1,0.7,0.2) >
(0.3,0.5,0.2); (0.2,0.4,0.2); (0.4,0.6,0.2); (1,0,0);
< (0.2,0.6,0.2) > < (0.1,0.5,0.2) > < (0.3,0.7,0.2) > < (1,0,0) >

be a NHSRM of order 4 x 4 then the matrix of Q can be obtained by deleting row 2 & 3 and column 1

& 4, we get
Q- ((0.8,0.2,0.1); (0.7,0.3,0.2)) {(0.6,0.1,0.2);(0.5,0.1,0.2))
((0.2,0.4,0.2); (0.1,0.5,0.2))  {(0.4,0.6,0.2); (0.3,0.7,0.2))
The determinant of (Q can be written as
|Q| = ((0.4,0.2,0.2); (0.3,0.3,0.2)) + ((0.2,0.1,0.2); (0.1,0.1,0.2))
= ((0.4,0.2,0.2);(0.3,0.3,0.2)) .

Definition 3.5. (k" order Submatrix Determinant of NHSRM)

Consider a NHSRM P. Let Q be a matrix obtained from P by deleting row ey, row es, ..., row e, and
e1 ey ... €
column fi, column fs,. .., column f; then the determinant of Q) is defined as |Q| = P fl f2 fk] ,
1 2 “en k

which is a kt* order submatrix determinant of P.
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Definition 3.6. (Diagonal Dominance of NHSRM)
Let P be a NHSRM then it satisfy the diagonal dominance, if the diagonal element dominates the

corresponding off-diagonal elements under the neutrosophic ordering.

P 1P P o P P P (7P FP =P R
<(Tn’lqu ) (T”,I”,F )> <(Iia(i)7lio(i)’Eia(i))7(T7La'(i)7Iia(i)VFia(i))>’V7’ - 1,27...711
for all permutation cof {1,2,...,n}, where the ordering is defined component-wise as

T,.,>T ) T” > Tia(i)

Zio (i =

Iu > Tio’(i)

Zio (i) =

I, >1

F <F;g—()FH<FZo'(Z)

Definition 3.7. (Zero NHSRM)
Let O be a NHSRM then the zero NHSRM is defined as O = [{(0,0,1); (0,0, 1))].

Example 3.4
Let a zero NHSRM of order 2 x 2 be

3.1. Properties of NHSRM

1. The determinant of a square NHSRM exists if the matrix is invertible in the defined algebraic
structure.

2. Swapping any two rows (or columns) in a NHSRM does not affect the value of its determinant.

3. In a NHSRM, the determinant remains unchanged when the elements of one row (or column)
are added to the corresponding elements of another row (or column).

4. For a NHSRM, the determinant value is same when its rows and columns are transposed.

5. For a (upper or lower) triangular or diagonal NHSRM, the determinant is simply the product

of the diagonal entries.

4. Theorems and results

This section outlines the fundamental theorems and results of NHSRM, forming the basis for its
analysis and applications.
Theorem 4.1
Let P be a NHSRM. If [<(T§,157FP) (T“,I“,F )>] K(TZ,C,IZ,C,Fi);(?ﬁ,fﬁ,?ﬁc)ﬂ; ko=
1,2,..n, V1 < ¢ < n then

—P —P —P
|P| = <(Tf1,ff1,Fﬁ) (T11a111aF11)> <(T5m15m )5 (Tnnvlnnann>>
Proof:
Let P be NHSRM , where each element is of the form P = [( (T, 15, F5): (T3, T, Ty ) )]

177 =17 7,]) 7,]7
Then by the definition 3.3, we can be written as

—P =P —=P
|P| 2 <(T{317]{31’F{31) <T1171117F11)> <(T7]13n717113n7£7113n) ; (TTWL’I7WL’F7WL)> (1)
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For any permutation o € S,,, by definition 3.6, we have

<(Tﬁ,[ﬁ,FP) <T7,Z7I’LZ’F )> <<T10(1)7157() Fgf(i));(Tw(z)vjzo(z)?Fw(z))>;Vi: L2,..n (2

Since [< (T8, 12, FP) (TIF )>]>[<( boIh FR); (Tzk,Izk,Ek)> k=1,2,..n, V1<i<n
Hence using Equation implies

<(Iflalf1>E{)1 ; (TI]LDI TllvF11)> <(Trljn7lrljnaFrIL)n) ; (Tnnv nn7 )>

<(T1c7(1) IT, ) Fla(l)) (Tlo(l) Ila Flo )>
P P 7P +P
<(Tn0'(n)7lno'(n) na(n)) (Tna(n)7]n0(n) Fn(r(n))>
By using Equation , the above Equation becomes
Z <( (1) Lo(1); Fla(l)) (Tlo'(l)7110'(1) F10(1))>
> P —P —P —P
oESn <(T o(n)’InU(n) Fno’(n)) ) (TTLU(TL)’IHO'(TL)7FRU(7L)>>
From Equation (/1)) and . we get
‘P‘ = <(Tf17lflval) <T117111’F11)> <(T7]jn7[5n>F5n) ; (Tfnvjfn’f:n)>

Hence the theorem.

> |P| (3)

Example 4.1
Let us consider P be 2 x 2 NHSRM

p_ [((08,01,0.1):(0.7,0.1,02)) ((0.6,02,02);(0.5,0.3,0.2))
~1{(0.2,0.6,0.2); (0.1,0.7,0.2))  ((0.4,0.4,0.2); (0.3,0.5,0.2))

((@h 10, FD) 5 (T Tis i) ) = 408,0.2,0.1)5(0.7,03,0.2))

(Th 15 FL) 5 (Tho Ty ) ) = ((06,0.1,0.2)5(0.5,0.7,0.2))
Compare the elements of above terms
111 > IlQaTll > TIZ
I, >1y,111>1

F  <Fy,F11 <Fyy

<(T{317]f17Ff1) <T11a111’F11)> <(Tf27[{327F{32) (T1217]127F12>>
Similarly <(T22,122,F§2) (T2271227F22)> <(T21,I21,F21) (T21,1217F21)>

Pl = (5, 15 ED); (TrnTos T ) ) (05 10 F5) 5 (Tans Tons o) ) = ((04,0.2,0.2)5(0.3,0.3,0.2))

Theorem 4.2
Let P and Q be two NHSRMs then the following statement hold:
(i) The determinant of the product is greater than or equal to the product of their individual
determinants: |P- Q| > |P|-|Q|
(ii) The determinant of the product is less than or equal to the determinant of the sum: |P- Q| <
[P+ Q|
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Proof:
(i) Consider

P-Q

<(z rg ik ag [ )>
(ZTI,C~T,€QJ»,ZIZ-I%,HF5€+F%>
k=1

k=1
By applying Definition 3.3, the above expression becomes

_ n )

< <; z{j ka(l)’ Z I ko(l)’ H F ka(l)) >
(Z Tfk 'Tfou)v ijk '780(1)7 H ka +F1§Qg(1)>

pQ=3 1 N . =

ocES, < (; I,Ijk . ka (n)’ Z I H F ka(n))

<ZTSI€ 'Tka (n)» Zlnk Iko' n)7HFnk+Fk0'(n)> >

k=1 k=1 k=1

P P Q Q P rP Q Q

< Z (Ilkl"'znkn) : (Ikm(l)ulkng(n)>a Z (llkf“lnkn) : (lkla(l)"'lkna(n)) )

k1~~~kn }Cl...k}n

P P Q Q . 7 P
= > | I (B Ea,) + (Fkln(l)"'Fkncr(n)>>’< > (T1k1~--T kn) (Tkla(l) Tkna(n))
o€eS, ki...kn ky...kn
_P  -P —Q -Q P
Z (Ilkl"'lnk}n) ' (Iklo'(l)"'lkrna(n))7 H (Flkl Fnkn) + (Fkla(l) Fkna(n))>
L kro ko, kv kn

B <(T1k1a11k17F1k1) (le vllklaF1k1>>
_cfgs:n kl.an <(T§k Lo El ) (Tfkffkff;»
<(Tglau)v-’leaa)vEgau)) (Tkm(l) Iklcr(l)kam(l)»
(T2 ot LRt ERr o) 5 (Tt T P
B <(T1k17]1k17F1k1> ) (Tfklajfklvffkl)>“'
B k1. kn <(Tn;c ,Ink D )§(Tfknj:knaffkn)>
Q Q9 pQ

7@ Q =Q
Z <(Iklg(l);,k.la(l)afklg(l)) ; (Tkla(l) ) Ik10(1)7 Fha(l)) >
(T

Q Q Q 7O
ocESn < kno(n)? lkno(n) ’ Ek:n O’(IL)) (Tkna(n)’ Ikng(”)’ Fan(n)> >

<(T1k1511k17F1k1) (le 711k15F1k1)>
2 Z P —P =P —P
(k1...kn)ESH <(Tnk 7Ink 7Fnkn) ; (Tnk'n,’lnkn?Fnk'n,)>
Q Q Q N G A
Z <(Tla(1)"[10(1) Fla(l)) ) (Tla(l)’110(1)7F10(1)>>

Q Q Q (7% 7% F°
o€Sy < (Ina(n) ’ lno’(n) ) Eno’(n)) ) (Tng(n)’ I”U(n)’ F”U(”)) >
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il

<(T1k1711k1ﬂF1k1> ) (Tfklﬂjfklvffkl>>

=P =P

> _
(.S | (Tl L Ei ) 5 (T T P, ) )

QI =[Pl 1Q

(ii) Consider

PIERER RN R )>
=1
(zTg.Tg7zf;.1§j,HFg+ng>

k=1 k=1 k=1

(ZTfk T D L L) H Ef+ E ) > >
k=1
ST T ST 10 [T T +F§m))
pa-y | T e
o€ESy (Z quk 'I];Qa(n)’ Zlﬁk 'leg(n)a H Efk kg(n > >
k=1

" p 0 " b 0 ", 0
<Z Tnk ’ Tka'(n)’ Z Ink : Ika(n)7 H Fnk + Fko’(n
k=1 k=1 k=1

< 1<s,t<n 1<s,t<n 1<s,t<n

P @ P
( I Ty [ Lk Loy U Flekaw)
<

—P —Q —P —Q
( Tig - Troqys m Ik - Tio(ny, U Flk + Fko(l
1<s,t<n

1<s,t<n 1<s,t<n

ocES
n P .
Ink . ]{)o’(n ﬂ 7nk ) 7]@0 (n)’ U F ko’(n) ’
< 1<s,t<n 1<s,t<n 1<s,t<n >
—P —Q —P -Q —P  —Q
Tnk : Tko’(n)’ m Ink: : Ik:a(n)7 U Fnk + Fk:a(n)
L 1<s,t<n 1<s,t<n 1<s,t<n |

P P Q P Q 7
<(T1k+ T 4y ik + L0 Ei - Fkau)) >
1 jm + Tka(1)>F1k 'Fka(l))

Ty, +Tko’( )
P Q @ .
Pt T2 o I+ 12 0 FR F,W(n)) >

G
\Z<T P

oES, <
L (Tnk + Tka'(n)7 Ink + chr(nﬁfnk ’ Fka(n))

‘<(T£,IZ,FP) (T”,IZ],F )>+<(T§,I§,FQ) (T”,I”,F )>‘

<[P +Q)
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Hence the theorem is proved.
Theorem 4.3
Let P be a NHSRM then

. D —P =P —=P .
() 1PI= 3 ((Th L5 ER) (Tins Tis Fie) ) - 1Pl 3= 1,2,m

—P —P —P —P —P —P
.. (Tﬁ,]i,FP); Tieilye, Fie ( 1f711f7Fff); Tlvalvalf
(”)|P|:Z P _P —P —P P P —P —
e<f (Izevlzeaﬂze)5 Toe, Iges Foe (T2f>]2f7F2f>; Tzfal2faF2f
1 2
-P
e f
where the summation includes all indices e and f in {1, 2, ..., n} such that e < f.

Proof:
(i) By Definition 3.3, we can write

<(T10'(1)7110'(1) Flo‘(l)) (T10(1)7IIU(1)’F10(1))>

[Pl =
P (=P P =P
‘TGS <( na’(n)7—n0'(n)7 Fna(n)) ’ (T'rLo(n)?Ina'(n)7FnU(n)>>
<( o) Ly 1))F1Po'(l)) (Tla(l) Ila(l)aFla(l))>
P (=P -p —P
eik; <( no(n)» na n)’Fno'(n)) ’ (Tno(n)7In0'(n)7Fna(n))>

n

_Z |:< k> zk7 ) (Tzk’lzk7fzk)>:| ‘Plk|
Hence, by applying Deﬁmtlon 3.37 we can expand | P as

P
<(T16(1)711ﬁ(1)’F15(1)> (Tlﬂ’(l)vfm() Flﬂ(l))>"'

P P P 7P +P =P
<(Ii—lﬂ(i—l)ali—lﬁ(i—l)in—lﬁ(i—l)) ; (Ti—lﬂ(i—l)’ Ii_1p3i-1 Fi—lﬁ(z’—l))>

Pl = Y

P P P (7t TP =P
BESnymy |* < (L+15(i+1) Lit1pG41): Ez'+w(i+1)) ; (Ti+1,8(i+1)’ Liv1p(i+1), Fi+1/3(i+1)) >

P P =P =P
. <<In,8( )aInﬁ(n)7 nB(n)) (Tnﬁ(n)’ITLB(n)7FnB(n))> i

n}\{#} and S,,,, refers to the collection of all permutations mapping elements

where n; = {1,2,...,
from the set n; to the set ny
(ii) By Definition 3.3, we can write

< (Tla(1)7 IT 0y Flo(l)) (T10(1)7 Iioays Fla(l))>

Pl= 2
—P —P —P
0ESy <(Iﬁa(n)7lfa(n)vﬂia(n)) ) (Tno(n)7 Ina(n)v Fna’(n))>

—P —-P  —P
<(T10(1)7110(1) Efgu)) ; (Tla(1)7llo’(1)’ Fla(l))> cee

2 P
12200, 151 <(I’€"<”>’I"“<”>’F ”0<n>> ’ (Tfff(n)’ffo(n)’F fo<n>)>
bt Z <<T1"(1) Iy, (1)’F10(1)) (Tlo(l) Ila(l)’Fla(l))>
o (12)=(r 1), fon-1 <(Z§0<n>’lfo<n>’ﬂia<n>) ? (Tffr(n)j:am)f:a(n))>
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<(T10(1)7110(1)7F10(1)) (T10(1)7110(1)7F10( ))> o
=2 2 rop

= —P
e<f 0(172?5?6,f) <(Iio(n)’lﬁo(nﬁﬂﬁa(n)) ) (Tna(n)a Ino‘(n)7Fna(n))>

Let S(p,q) = [0{1,2} — {p,q},0isbijection] then

P P P (=P P =P
-y ¥ <(Iw<1>>lw<1>£m<1>)7(Tw(l)vIw(l)’qu)»"'

<1 sesten | ((Zhaon: L Eron ) : (T Tnsen Py ))

—P —P — —P —P —P
(rf. 15, L) (T0 T FL (T55 L1y Fiyp) s (Tapo Tugs Frg
|P|:Z P =P P =P py (=P <P =P
e<f (IzevlzeaEze)7 Toe, e, Fye (Tzfvfzvazf)é Top, Iog, Fop
1 2
- P
e f
Hence the theorem.
Theorem 4.4
Let P be a NHSRM then
—P =P —P —P =P —P
(T Ly By, ) s (Tag Tup Fy, o (@ I By ) 5 (T Tags Py,
—P =P —P —P =P —P
(Top - Lop E3p,) i (Togo Tog Fap, ) ) oo ((ap Log oy, ) s (Tape Loge Fag,
Pl= > . . :
fi<fe<<fr . . :
P P P P P . (P FP =P
<(ka1’lkf17ka) (ka’fkflakal» <(kakvlkfk7ﬁkfk)v(kak’lkfkakfk»
1 2 ... k
P
i fa oo Sk
where the summation is taken over all fi, fo, ..., fx € {1,2,...,k} such that f; < fo < ... < f
Proof:

The proof of Theorem 4.4 is similar to that of Theorem 4.3.

Lemma 4.1

(T7, 17, EP) (T 17 F")) ((29,19,F9); (T%. 17 F°))
Let X = (IR,lR,ER); TR,7R7F TS,lS,ES) TS 75 FS)> be a NHSRM then
(r”. 1", k") (7", 17, F" (19,1°,F®); (T? 1% F°
(r”, 1", k") (T, 17, F" (19,19, F9); TQ,IQ7FQ
(r" 1% FR); (T, 10 F" (T3, 1%, F9); (T°,1 ,FS X
<
(r® 1% FR); (T, 17 F" (15,15, FS); (T°,T°, 7)) |~
Proof:
Consider
(r*, 1", k") (77,17, F° (19,19, F°); (T°, 1% F°
(T, 17, F7y; (77,17, F° (19,19, F9); (T7, 1% F?
(r®, 1%, B®y; (70, 1, 7" (%, 1%, F%); (T°,1°, F°
(r® 1%, B®y; (70,10, F" (T, 1%, F); (T° . T°, F°
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7]

<(IP,lP’EP) : (TP’TP’FP)> <(IQ,lQ7EQ) : (TQ,TQ,FQ)>

= . <(IP,1P7EP) : (TP,TP,FP)> <(IQ,lQaEQ) : (TQ,YQ,FQ)>

(10 £ (1)) (2,052 (1))

+ (@ 17, 2Ry s (T T F)) (8,15, F9) 5 (T°.1°,F7) )

(@ ey (7710 F7) ) (29 19,29)5 (T9.7°. 7))
(@t ot 2y (T TET) ) (@ 15,0 (T, F) )

79 19 F°

TS,TS,FS)>

T 1" F
R =R

T.,I'F

(T”, 17, FFY; r

(TF, 1%, ET);

((9.19,F°);

<X
((@.1% F°); -

R

Hence the lemma.

Remark 4.1

Let P be a NHSRM and P(e = f) denote the matrix formed by replacing the f** row of P with its et”
row.

Theorem 4.5

Let P be a NHSRM then

(i) [P2= 1 [Pl =2)[<[P]
(i) [P(2= 1) [PB=2)[<|P]
(iii) |P(r= s)| [P(s = t)| < |P|

Proof:
(i) Consider L.H.S, by Theorem 4.3, we can write |P(2 = 1)| |P(1 = 2)]

—P —P —P —P —P —P -
(thlfhﬂfl); Ty, 144, Fyy (ngl{;ﬂg); Ty9, 149, Fyg p 1 21
_pP —-P —P _pP —-P —P )
(Ifl’lflvﬂfl); Ty, 144, Fyy (Ifz»lfwﬂfz); Ti9, 119, F 1
—P —P —P —p —-P —P
n (Ife’lfevﬂfe)% Tieslies Fye (Iffalffaﬂff); TlfajlfaFlf
(Ile»l1e7E1e)§ Theidye Foe (IlfvllfvElf)§ TypIvy, Fry
. 1 2
= .P
e f
P P P 7 +P Tl P P P 7P P =P
+ 4 (Ilnfhllnfl’Elnfl); T1n71711n71’F1n71 (Iln’lhﬁEln); Tl'rwIl'erln
__p —pP —p —P —P —P
(Ifn—hlfn—l’Efn—l); Tln—hlln—l’Fln—l (Ifn’lfn’Efn)7 T1n711n7F1n
P 1 2
L n—1 n
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—P —P —P —P —P
(Izpul;»E;); Ta1, 191, Foy (Izpzigwﬂgz) T22,122,F22 P
—P —P —P .
(Igl,lglvﬂgl); Ty, 151, Foy (Igz,lgzvﬂgz)§ T22,122,F22
P P P 7P P =P P =P P =
N (T30, Ine, F3.) ; (Taes Ioe, Foe (Toy: L5y, Fsf) ; T2f,I2f7F2f
—P —P —P —P —P —
(Igevlivﬂge); T267I257F26 (T2fvl2va§f) T2f7]2f7F2f
1 2
-P
e f
—P
+ + (Igz—lvlgn—lvEgn—l); T2n—17]2n—1’F2n—1 (Igmlgwﬂgz);
—p —P —P
(Ign—l’lgn—l?Egn—l) ; T2n71’12n71?F2n71 (Zg’n?lgn?Egn) 5
1 2
-P
L n—1 n
P P P 7P P =P =P P =
72 (TleallevF ) Tle7jle’Fle 1fa 1fa ) T1f711f7F1f
- P P P —P =P —<P =P =P =
e<f (Tle’Ile ) Tle7IIE7Fle 1f’ 1f5 ) Tlfvllvalf
P P —P —P — —P —P —
(T35, I5,. F5.) ; T2q7I2q7F2q ( 2ha12ha T2h7[2h7F2h
Z —P —P — —P —P —
g<h ( 2g7[2g7 ) T2g7I2g7F29 ( 2h> 2ha Qh) T2h7I2h7F2h
< Tﬁ,[i,FP) Tle7llevF1e 1f7 1f7 ) TlfvllfaFlf
P —P
e<f < ngafggan) T2g7]2g7F2_q T2h7]2h7F2h) T2h7]2h7F2h
1 2 1 2
-P - P
e f g h
. e f
By lemma 4.1, we introduce symbols 71,72,y and vy
Define g h
P —P —P
l@ f] <(T£’Ii7FP) TleaIIe’Fle)> ( 1f711f7FP)'
Y = P P P =P —
g h <<T29’I29’F2g) T297129’F29)> (T2h712h>F )
(1 2] 1 2
- P P
e f g h
e f] ¢ f
ARSI MRS w1 A
(e.)=(gh) LI e<f L€
. ; _
=Y v y | ady=m+
(e.N#n) LI ]

Then, we observe that

—P —P —P

l 1 2 ] (Iﬁ,lﬁaﬂﬁ)é Ty, 144, Fyy
ol = P —P —P
1 2 (T51,151, F3)) 5 (Tor, Ioy, Fyy

12

(T35 I35 F1y)
(T35, 155, F)

—P =P —P
T2n1[2n7F2n
—P —=P —P
T2n7I2n7F2n

—P —P —P
Tig Iy, Foy
_P —P —P
Top, Lops Faop

—P =P —P
Ty9, 119, F1o
—P —P —P
Ty, 159, Foy
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= |P| (By Theorem 4.3)
|P(2=1)] [P0 =2)<y=I[P|+

Now we show that v2 < |P|, There are two cases to be considered.

(1) (e, f) = (g,h)
(2) (e, f) # (9,h)

1 2
Case 1: We consider p = v l 3 1, a term of vs.
Let b1 = <(T{)151{)15Ff1 ; T 11> 7117F‘11>> <(T§37[§’>7F§3) (T235123’F23>>

P
andp2:<(Tf1,Iﬁ,Ff1 ; T117]117F11>><<T§17[§17F§1) (T21al21aF21>>

1 2 1 2
-P P
1 2 1 3
Then p = p1 + p2
P P P 7P P =P P P P i A i r 7
(IuvllhEu)% Ti1,111, F1y (2137113,E13); Ti3,113, Fq3 1
pl< P P P —P =P —P P P P —P =P —<P P <|P|
(Imvlmvﬂzl)? Toy, Iy, Fyy (2237123aE23)? Tz, 153, Fag L I3 ]
—P —P —P —P —P —P - -
(Ifhlﬁvﬂﬁ)% T4, 111, F1y (I{Z,lﬁ,ﬂf;); Ty, 119, F1o 1
P2 < P P P\ [P =P =P P P P\ (=P =P —P P <P
(22171217E21)? Toy, 1oy, Fyy (IlezzaEQz)% To9, 159, Fyy L L2 ]
d 1 < |P|
an <
7 1 3
. 1
Case 2: We consider g =y l 1, a term of vy
n—1 n

Let q1 = <(T{917111D17F{31) (T11»I11>F11)> <(T2PnaI2PnaFP ) (T§n772Pn7F2Pn)>

1 2 1 2
-P P
1 2 n—1 n
and q2:<(Tf27[{327Ff2) (T1271127F12)><(T5n 17I2n 17F§n 1) (T2n 17I2n 1’F2n 1)>
1 2 1 2
-P P
1 2 n—1 n

Then ¢ = g1 + ¢g2. To show that ¢; < |P| and ¢o = |P|
2
2
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We observe that all coordinates of the element p;; involved in P P . All the
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coordinates of the element p;; appearing in these determinants are drawn from the k" row of py, in P

for k > 3. Therefore, if we define r = p3p—1 Pan—2 ... Prton—k --. Pn2, then it follows that

@1 < K(TﬁvlﬁvFﬁ) (T11»1117F11)> <<T§n7I§n7F§n> ) (Tijﬁmffn)ﬂ < |P

For gz, let s = p3n Pan—1 Psn—2 ... Pn3 P2n—1, then we see that

<(T{:‘)27111DQ’F{)2) <T127112aF12>>
G2 <

P P S< ‘P|
<(T2n 1712n 17F2n 1) (T2n 171271 17F2n 1>>

e
For any ¢ = fyl / ] , we apply either Case 1 or Case 2 method and we can deduce that
(e,f)#(g,h)

e f
q= 7[ . ] < |P|
g (e, f)#(a,h)

Hence the result (i) is proved.
(ii) First we consider |P(2 = 1)| |P(3 = 2)]

P P pPN. (7P P &P PPP i i
(IllalllvEll)v T117]117F11 T123I123F12 T127[127F12
P P Py . (P P =P —P =P —P
(I317l31ﬂE31)7 T317]317F31 T32,,[32,F32 T327IS27F32

—p —P —P
T2271227F22) Tyg, 159, Fyy

P _P —-P —P
22271227E22) i(Tag, Lo, Fan

—P —P —P
(Iglvl;vE;)§ Ta1, 191, Foy

P [P P =t 7P =P
(Izulzuﬂm) i\ Ta1, L9y, Floy

P P P P P =P P ;P P =P P =P
(IzlvlzuEm) i(To1s o1, Floy (IzzvlzzaEzz) i (Ta2s Log, Flao
P 1P P 7t 7P =P P 1P P i i
(I3lal31aE31) (T30, 31, gy (132a132aE32) i\ T32, {39, F'3o
We define a symbol ¢

P —-P —P —P —P —P

9 [ g h ] B <(Izg7I§g=FP) T2g7‘[2g7F2g)> (IghvlghaEQPh); Topy Lop, Fop
= P —-P —P _P —P —P

€ f <(ISe7l3Pe7E§e) ; T3€7I3€’F3€>> (I3Pf7l§f’E3Pf) ) T3f’I3f’F3f

2 3 2 3
e f

g h
Then it is true that |P(2 = 1)| |P(1 = 2)]

- P P

—P —P —P —P —P —P
72 (Ti7livFP) TleﬂllevFle (T1f711f7Fff); TlfJIlvalf P[Q 3 ]
= —P =P —P 7P TP =P
e<f (I3e’l3e?E3Pe); T3€’13€7F3E (I3fal3faE§f)7 T3f;I3f;F3f € f
g<h
—P —P — —P —P —P
(IZJVlZ]’Egg) T297I2g’F2g ( 2ha—rzhaF§h)§ Tops Lop, Fop Pl 2 3 1
—P —P — —P —P —P
(25971597E§g) T2g7129’F2g (Igmlmegh); Top, Lop, Fap g h

J.Boobalan & E.Mathivadhana , Determinant-Theoretic Model for MCDM under
Neutrosophic Hyper Soft Rough Matrices



Neutrosophic Sets and Systems, Vol. 95, 2026 ZE

—P —P —P —P —P —P
T29712g7F29) T297I2gﬂF2g (T2hﬂI2hﬂF ) T2h7I2h7F2h

<
Z P P —P —P —P —P —P
e<f <TsevlseaE3e)§ T36’13€7F36)> (Igfalgﬁng); Typ,Igp, Fap

g<h
2 3 2 3
-P P
g h e f
SR
e<f
g<h
h h
SIP NI B P W
- e f e f
(e.f)=(g,h) (e.f)#(g,h)
g h
We have to show that < |P|
¢ (e.))#(g:h)
There are two cases arise
Case 1 : We take
—P —P —P —P —P —P
1 2 (Igplguﬂi)? Toy, 1oy, Foyq (I52=1527E§2>3 T99, 199, Fay
- P P P\, (7P P =P P P P\. (7P P =P
L3 (2317131,E31)§ Ty, 131, Fs (233a133>E33)§ Ty, 133, F33
2 3 2 3
-P P
1 2 1 3
<(T§1J§1>F§1) (T21’I21aF21)><(T§,7[§37F33) (T3351337F33)> [2 3] [2 31
+<(T2PQ?I2P27F2P2) (T22al227F22)> <(T31a131’F31) (T3171317F31)> 12 13
P —pP 2 3 2 3
<(T21’I21’F§1) (T2171217F21)><(T§37ISP?)7F3P3) <T33a133’F33)>P 1 92 P 1 3 ]
P —P 2 3 2 3
<(T§2315’23F§‘2) (T2271227F22>><(T3Pl7I3Pl7F3Pl) (T3131315F31>>P 1 9 ] P[ 1 3 ‘|
—P —P —P —P —P —P
(TglvlglvFgl)a Toy, 1oy, Foy (T5371537F§3) Tz, 153, Fay3 2 3
< _P —-P —P P P —-P —P P
(T31»131>F31)’ Ty, 131, F34 (T337133»F33) T'g3, 133, F'g3 L3
—P —P —P —P —P —P
(T2171217F21)7 To1,191, Fo (T2271227F22)7 T, 19, Fay 3
+ P —P —P P —P —P P
(T31’131’F31)7 T317[31>F31 (T32’132’F32)7 T3271327F32 2

<|P|+|P|=|P]

J.Boobalan & E.Mathivadhana , Determinant-Theoretic Model for MCDM under
Neutrosophic Hyper Soft Rough Matrices



Neutrosophic Sets and Systems, Vol. 95, 2026

n—1 n

Case 2: We consider 9 [ 5

P —P
<(T2n TV 1) <T2n 1’I2n 17F2n 1)><(T327—7327F32) (T32,1327F32)>

—P =P —P
+ <(I§n7l§n7E§n) 5 (T2n»I2nvF2n)> <(T31aI31aF31) (T317]317F31)>

2 3 2 3]
- P P
1 2 n—1 n

—P =P —P
= <(T§L 17IP —1’E§z—1) ; <T2n—1712n—1’F2n—1)> <(T3231327F3P2) <T327I32vF32)>

2 3 2 3

n—1 n

=P =P =P
<(TP Ingﬂgn) ) <T2n7]2n?F2n)> <(T3PleSl?F31) <T31ﬂ1317F31)>

2 3 2 3
P P
i 1 2 | | n— 1 n |
—P =P  —P —P =P —
< (Ign—lvlgn—hﬁgn—l); Top1,1op—1,Fo, 1 (Igzvlgzaﬂgz) T22a—722aF23
= P P P el P il P P P =P 7P +
(IanhlSnfhEanl); T3n71713n717F3n71 (23271327E32) T327132ﬂF32
2 3
-P
n—1 n
P —P —P —P P P P —P —P —P
(T2171217F21) T217]217F21 (IleZmEZn); T2n7]2n7F2n
—P —P —P P P P —P —P —P
(T31’I31’F31)7 T317[317F31 (I3n’l3n’E3n); T3n7[3n7F3n
n—1 n

< |P[+ P =|P|

Hence (ii) proved. Similarly, we can prove (iii)
Example 4.2
Let us consider the NHSRM P of order 2 x 2 defined as

~ [1(0.5,0.6,0.3); (0.3,0.8,0.1)) ~ ((0.1,0.3,0.2); (0.4,0.5,0.7))
~ ((0.7,0.4,0.9); (0.4,0.7,0.2))  ((0.8,0.2,0.7); (0.6,0.3,0.2))

Then the matrix

PR 1) = -<(O.5, 0.6,0.3);(0.3,0.8,0.1)) ((0.1,0.3,0.2); (0.4, O.5,0.7)>_
_((0.5, 0.6,0.3);(0.3,0.8,0.1)) {((0.1,0.3,0.2); (0.4,0.5, O.7)>_
and
P =2) = ((0.7,0.4,0.9); (0.4,0.7,0.2))  {(0.8,0.2,0.7); (0.6,0.3,0.2))
_<(0.7, 0.4,0.9);(0.4,0.7,0.2)) ((0.8,0.2,0.7); (0.6,0.3, 0.2))_

|P| = ((0.5,0.3,0.7); (0.4,0.5,0.2))

|[P(2=1)] |P(1=2)| =(0.1,0.2,0.9); (0.3,0.5,0.7)) < | P|

J.Boobalan & E.Mathivadhana , Determinant-Theoretic Model for MCDM under
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Theorem 4.6
Let P, Q and R be three NHSRMs then the following results hold:

P R
(1) = |P| - |Q|where O = [{(0,0,1);(0,0,1))] is the zero NHSRM of order n x n.

Proof
(i) Suppose

P R

b = s (15.15.75)]

Taking determinant on both sides, we get

P R|_ 5 <(Ifo<1>vllcr() Flau)) (Tlcr(l) 110(1),F10(1))>

oE€S2on < (T2na(2n)7 IQno(Qn)ﬂ F2na(2n)) (TQna'(Qn) 12n0(2n)7 F2no‘(2n)) >

T7, 1y Lir(1)s Ffau)) ; (Tfa(1)7jfa(1)’Ffa(l))>
T5r0(2n) Lono(2n)» F2na(2n)) (T2n0'(2n) IQna(zn) F2na(2n))>

fa(l 10 (1) 10(1)) (Tla(l) 110(1)’ if(l))>

oo (2n) Lono(2n)> F2na(2n)) ; (TQno'(Qn)772n0(2n)7f§n0(2n))>

aESzn

(e
L
R

% |

o’ESzn
)<n;i>n

Since for any permutation o € S, such that 3i > n;0(i) < n then

[< (Iisa(i)vlfo(i)vEgr(i)) ; (Tfa(i)77isa(i)vﬁfo(i))>} = [((0,0,1)5(0,0,1))]

P R

Z <(TS 1y Lis(1); Fla(l)) ; (Tfa(l)?jf0(1)7ffo'(l))>
O Q

=S =S =5
0(555222’” < (T2na(2n)7 IQno‘(?n) ’ Egna’(Zn)) ) (T2na(2n)7 IZna(Zn)? F2na'(2n)) >

+((0,0,1);(0,0,1))
) Z (T o) ESo) ) 5 (Thoy Troays Fro ) ) -
o2 TSty Liatuys Fsotn) ) 5 (Trotny Tnotuys Faon))
(T80 Ly Efon) s (Tha Tisay Fraw ) ) -
((z

s (=S =S =S
Tyl Lus )Fnﬁ(ﬂ))’(Tnﬁ(n)’lnﬁ(n)’Fnﬁ(n)>>

2

B(i)=0c z+n) i<n

=PI 1Q
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T _ppT _ ppT
(ii)LetPPT:K(TPP IPF" FPP),<TPP i >>

’ =] )

(ZTPT,CPJ,ZI I,Z,HF >

k=1

( leklk]7HF’Lk+FkJ>
k=1

( T T ) L kaHF );

k=1 k=1 o
= e N Vi j e {1,2,...,n}
( Ty Tgkvzlik'jjk7HF1k+ng>
L \k=1 k=1 k=1

_ ppT _ppT __ppT
If i = j, we see that K(TPP ,IZ’P FPP ),(TP,P ,IJ,D,P ,FP,P >>]

K L5 1 R+ (T oo i) )|

For any permutation o € S’n, we get
P P P (7P FP 5P
> [< (La(z')alw(i)aﬂwu)) ; (Tin(i)a Iio iy, Fio(i))>}

—P
ppT <(Ifa(l)vllo'( 1) F1U(1)> (T1g(1) 110( )aFla(l))>
2
P Zs: T8 o I o EE o) i (T s Ty Fo
oESK Lno(n)rLtno(n)r no(n) ) » no(n)) tno(n)’+ no(n)

|M:

> |P|

Hence the theorem.

5. Determinant-Based Multi-Criteria Decision Making Using NHSRM

This NHSRM provides a foundation for applying advanced decision-making techniques such as score
functions, aggregation operators, or determinant-based analysis in the context of conflict resolution

among sensors or ranking possible alternative under uncertainty.

Definition 5.1. (Score Function)

The score function for a single Neutrosophic number A; = (T;;, I;;, Fi;) is defined as

Sij(Ai) =Ty + (1 = Lij) — Fy

Definition 5.2. (Neutrosophic Score Function)
The score function S(A4;) of an alternative A4; is a quantitative measure obtained by aggregating the

weighted average values of truth, indeterminacy and falsity corresponding to all attributes:

Sl‘j (Al) = ’LUTT(AZ) - WIf(AZ) - ’LUFF(AZ)
where wyp, wr, wp are the respective weights for truth, indeterminacy and falsity. T'(4;), 1(A;), F(A;)
indicates the mean values computed from the lower and upper bounds of the T, I, and F components
across every attribute for the alternative A;.
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Definition 5.3. (Euclidean Norm)
The Euclidean Norm is a measure of the length (or magnitude) of a vector in Euclidean space. For a
vector v = (21,2, ..., ¥, ), the Euclidean norm is defined as ||v|| = /D 27

Definition 5.4. (Laplace expansion for determinant of NHSRM)

Let P = K(T?,Ig,FP) (T],Iw,F >>}be a NHSRM of order m x n, each element
<(T5,I£7FP) (T”,I”,F )> is transformed into scalar element S;;(A4;), then |P| is defined as

|P| = '21 (71)Z+]Sij(Al-)|M¢j| where S;;(A;)is the scalar element and M;; is the minor matrix of
j=
Pp.

5.1. Interpretation of the Determinant

1. Non-Zero Determinant det(M) # 0
Indicates that the matrix is non-singular, and the input from each attribute contributes linearly
independent information. In decision-making terms, this confirms that no attribute input is
redundant when considering all alternatives.

2. Negative Determinant det(M) < 0
A negative sign often reflects conflict or contradiction in the system. For example, while one
attribute may strongly support alternative, another may oppose it. This discordance is echoed
in the determinant, highlighting areas where conflicting evidence needs resolution.

3. Magnitude of the Determinant det(M) > 0
The relatively small magnitude of the determinant (close to zero) suggests that while the data
is independent, it is also near-singular, meaning the system could be sensitive to small changes

in attribute scores, a condition to be carefully monitored in real-time decision systems.

5.2. Algorithm for Score — Based Fvaluation

This approach evaluates each alternative by assigning scores based on its performance across multiple
parameters, enabling a systematic and structured comparison.
1. Construct NHSRM.
2. Calculate aggregated score for all alternatives.
3. Find the score value using the score function by Definition 5.1.

4. Select the optimal alternatives based on the ranking results.

5.3. Algorithm for Determinant — Based Fvaluation
This method applies the mathematical concept of determinants to decision matrices, enabling ob-
jective ranking of alternatives by capturing the influence and interactions of various criteria.
1. Construct NHSRM.
Iij"l‘Tij L;j+71:j Eij+Fij

2. Calculate average bounds Tij = o, T, 5

3. Apply Neutrosophic score function of each element using Definition 5.2 to construct the Neu-
trosophic score matrix, where wy = 1.0, wy = 0.5, wp = 0.2 (assumed).

4. Find the determinant value and compare the interpretation of the determinant.

5. Compute the Euclidean norm
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6. Fix the rank by their norms.

5.4. Application of NHSRM based on Determinant theory

In this section, we present a practical implementation of a NHSRM applied to an autonomous driving
scenario.
Autonomous vehicles operate in dynamic and often unpredictable environments, requiring them to make
rapid and accurate decisions to ensure safety and efficiency. These decisions are based on continuous
input from multiple sensors such as LIDAR, radar, cameras, and ultrasonic devices, each providing
critical information about the vehicle’s surroundings. However, sensor data can be affected by various
factors like noise, occlusion, weather conditions, or conflicting readings. As a result, robust decision-
making mechanisms are essential to interpret this complex data and ensure safe and efficient vehicle
operation.
By utilizing determinant theory within the NHSRM structure, this approach enables the evaluation
of multiple driving actions based on input from various sensors. Each sensor contributes neutrosophic
values capturing degrees of truth, indeterminacy, and falsity for different driving alternatives such as
braking, slowing down, continuing cautiously, or accelerating. The NHSRM captures these evaluations
as neutrosophic approximations, accounting for both lower and upper bounds derived from expert
or real-time assessments. The determinant-based analysis allows for the structured comparison of
these actions by assessing the linear independence and influence of each sensor’s input. This enables
the autonomous vehicle to effectively prioritize alternatives and select the most appropriate course of
action, even in the presence of uncertainty, imprecision, and conflicting sensor data. The objective is
to assist a self-driving vehicle in selecting an appropriate driving action based on sensory input from

four distinct sensors:

1. LIDAR
2. Camera
3. Radar

4. Ultrasonic
The vehicle must choose among four possible actions:

1. Al: Brake immediately
2. A2: Slow down
3. A3: Continue cautiously
4. A4: Accelerate

By applying a determinant-based algorithm along with score-based aggregation, this study demon-
strates how the NHSRM model can effectively process sensor data to rank alternatives and support
real-time decision-making. This example highlights the practical benefits of integrating NHSRM and
determinant theory in intelligent control systems, ensuring robustness against data inconsistency and

environmental unpredictability.

5.4.1. Score — Based Evaluation

Step 1 Construct NHSRM where each sensor evaluates the available actions based on three compo-
nents

J.Boobalan & E.Mathivadhana , Determinant-Theoretic Model for MCDM under
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e Truth (T): Support for the action

e Indeterminacy (I): Uncertainty

e Falsity (F): Opposition to the action

Sensor A1l (Brake) A2 (Slow) A3 (Continue) A4 (Accelerate)

LIDAR | (0.7, 0.2, 0.1);(0.9, 0.1, (0.5, 0.3, 0.2);(0.7, 0.2, | (0.2, 0.2, 0.6);(0.4, 0.3,] (0.0, 0.1, 0.9);(0.1, 0.2,
0.0) 0.1) 0.3) 0.7)

Camera | (0.1, 0.3, 0.6);(0.3, 0.2, | (0.4, 0.4, 0.2);(0.6, 0.3, (0.6, 0.3, 0.1);(0.8, 0.2, | (0.0, 0.3, 0.7);(0.1, 0.4,
0.5) 0.1) 0.0) 0.5)

Radar (0.6, 0.3, 0.1);(0.8, 0.2,] (0.3, 0.5, 0.2);(0.5, 0.4, | (0.3, 0.4, 0.3);(0.5, 0.3, ] (0.1, 0.6, 0.3);(0.3, 0.5,
0.0) 0.1) 0.2) 0.2)

Ultrasonic | (0.5, 0.4, 0.1);(0.7, 0.3, (0.4, 0.3, 0.3);(0.6, 0.2, | (0.2, 0.5, 0.3);(0.4, 0.4,] (0.0, 0.4, 0.6);(0.2, 0.5,
0.0) 0.2) 0.2) 0.3)

Table 5.1 NHSRM for Sensor-Based Evaluation

Step 2 Calculate aggregated score for all actions

Sensor A1l (Brake) A2 (Slow) A3 (Continue) A4 (Accelerate)
LIDAR (0.8, 0.15, 0.05) (0.6, 0.25, 0.15) (0.3, 0.25, 0.45) (0.05, 0.15, 0.8)
Camera | (0.2, 0.25, 0.55) (0.5, 0.35, 0.15) (0.7, 0.25, 0.05) (0.05, 0.35, 0.6)
Radar (0.7, 0.25, 0.05) (0.4, 0.45, 0.15) (0.4, 0.35,0.25) (0.2, 0.55, 0.25)
Ultrasonic | (0.6, 0.35, 0.05) (0.5, 0.25, 0.25) (0.3, 0.45, 0.25) (0.1, 0.45, 0.45)
Average | (0.575, 0.25, 0.175) (0.5, 0.325, 0.2) (0.425, 0.325, 0.25) (0.1, 0.375, 0.525)

Table 5.2 Aggregated Score

Step 3 Find the score value using the score function by Definition 5.1

Action Score Value
A1l (Brake) 1.15
A2 (Slow) 0.975
A3 (Continue) 0.85
A4 (Accelerate) 0.20

Table 5.3 Score value

Step 4 Select the optimal action based on the ranking results

Action Score Value | Rank
A1 (Brake) 1.15 1
A2 (Slow) 0.975 2
A3 (Continue) 0.85 3
A4 (Accelerate) 0.20 4

Table 5.4 Ranking
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5.4.2. Determinant — Based FEvaluation

Step 1 Construct NHSRM in Table 5.1

Step 2 Calculate average bounds for all actions

Sensor A1l (Brake) A2 (Slow) A3 (Continue) A4 (Accelerate)
LIDAR (0.8, 0.15, 0.05) (0.6, 0.25, 0.15) (0.3, 0.25, 0.45) (0.05, 0.15, 0.8)
Camera | (0.2, 0.25, 0.55) (0.5, 0.35, 0.15) (0.7, 0.25, 0.05) (0.05, 0.35, 0.6)
Radar (0.7, 0.25, 0.05) (0.4, 0.45, 0.15) (0.4, 0.35,0.25) (0.2, 0.55, 0.25)
Ultrasonic | (0.6, 0.35, 0.05) (0.5, 0.25, 0.25) (0.3, 0.45, 0.25) (0.1, 0.45, 0.45)

Table 5.5 Average bounds for all actions

Step 3 We apply Neutrosophic score function using definition 5.2, to each element in Table 5.5

0.715 0.475 0.145 -0.185
NSy (As) = 0.065 0.395 0.565 —0.155
0.615 0.295 0.245 0.015
0.485 0.375 0.085 —0.065

Step 4 Find the determinant value and compare the interpretation of the determinant

det (NSU(Al)) =0.715.det (NSH(Al)) — 0.445. det (NSlg(Al)) + 0.085. det (NSlg(Az))
—(—0.185). det (N S14(4;)) = 0.0122

Interpretation: The positive determinant indicates that the system of sensor scores is linearly inde-
pendent and has unique solution.

Step 5 Compute the Euclidean Norm for the matrix obtained in Step 3.

Action Euclidean Norm
A1 (Brake) 1.062
A2 (Slow) 0.781
A3 (Continue) 0.638
A4 (Accelerate) 0.249

Table 5.6 Euclidean Norm

Step 6 Fix the rank by their norms

Action Euclidean Norm | Rank
A1 (Brake) 1.062 1
A2 (Slow) 0.781 2
A3 (Continue) 0.638 3
A4 (Accelerate) 0.249 4

Table 5.7 Ranking
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5.5. Comparative Analysis

A comparative analysis of the score-based algorithm and the determinant-based algorithm within

the context of NHSRM reveals key differences in their computational approach and applicability. The

score-based algorithm is simple, fast, and suitable for real-time decision-making, as it directly computes

scalar scores from truth, indeterminacy, and falsity values. In contrast, the determinant-based algorithm

captures deeper interdependencies among attributes through matrix structure and recursive evaluation,

making it more robust in detecting contradictions and systemic uncertainty. The score-based algorithm

suits smaller datasets or independent attributes but may overlook hidden conflicts when scores are

uniformly high. In contrast, the determinant-based algorithm captures structural dependencies and is

better suited for complex decisions with interacting, uncertain criteria. Together, both methods offer

complementary perspectives, the score-based algorithm emphasizes efficiency and simplicity, while the

determinant-based algorithm provides depth and structural insight.

Action Score-Based Determinant- Ranking Interpretation
Evaluation Based Evalua-
tion

A1 (Brake) 1.15 1.062 1 Strongest and most
consistent support

A2 (Slow Down) | 0.975 0.781 2 Good option with
moderate support

A3 (Continue) 0.85 0.638 3 Weak but accept-
able support

A4 (Accelerate) | 0.20 0.249 4 Low support, avoid
this action

Table 5.8 Comparison of Score-Based and Determinant-Based Evaluation

1.2
1
0.8
0.6 W Score-Based Evaluation
0.4
W Determinant-Based
0.2 Evaluation
0
O D QO O
Q e 2
@{“ \OQ\ & &
& N N Nd
N X o &
X © \(/ ¢
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) \
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Figure 5.1 Comparative Analysis
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5.6. Sensitivity Analysis

The sensitivity analysis investigates to changes in the weight parameters wp, wy and wg affect the
final action scores and their respective rankings. Increasing indeterminacy or falsity weights tends to
benefit A4 while penalizing A2. A1l remains stable in most cases but can lose its top position when falsity
is emphasized. A2 consistently drops in rank with higher uncertainty or reduced emphasis on truth.
Overall, rankings are most sensitive to falsity weight, followed by indeterminacy, with truth weight
having a stabilizing effect. The line graph in Figure 6.1 and the spider graph in Figure 6.2 illustrate the
variation in action scores across different scenarios, highlighting the stability of A1l and the sensitivity

of A4 to changes in weight parameters, thereby indicating its responsiveness to uncertainty.

Scenario | wr | wy | wrp | A1 Score | A2 Score | A3 Score | A4 Score Ranking

Actual 1.0 05| 0.2 1.062 0.781 0.638 0.249 Al > A2 > A3 > A4
S1 1.0 108 0.2 0.89 0.49 0.51 0.62 Al > A4 > A3 > A2
S2 0.9 051 0.8 0.91 0.36 0.54 1.1 A4 > Al > A3 > A2
S3 0.710.51 0.4 0.65 0.29 0.37 0.66 A4 > Al > A3 > A2

Table 6.1 Weight Variations

Al Brake

A2: Slow Down
—o— A3: Continue
1.0 Ad: Accelerate

08

"
06 \

Actual S1 S2 S3
Scenario

re

Figure 6.2 Spider Graph of Action Scores

Figure 6.1 Line Graph of Action Scores

6. Result and Discussion

Based on both the score-based evaluation and the determinant-based analysis, Action Al: Brake is
identified as the most favorable decision under the current operational conditions. This action achieves
the highest score and exhibits strong support across multiple evaluation dimensions. It is followed in
preference by A2: Slow Down and A3: Continue, which also demonstrate moderate levels of support
and scoring consistency.

In contrast, A4: Accelerate ranks the lowest among all available actions. Its comparatively low
score and minimal determinant-based support indicate that it is the least suitable choice in the present
scenario. These findings suggest that accelerating is unsuitable in the present context and could compro-
mise the effectiveness or safety of the system. A comprehensive comparison of the actions is provided
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in Table 5.8 and the evaluation outcomes are visually represented in Figure 5.1. A brief sensitivity
analysis shows that A1l remains stable under weight variations, confirming its robustness. A4 improves

when indeterminacy or falsity is emphasized, while A2 declines, indicating sensitivity to uncertainty.

7. Conclusion and Future Scope

This paper proposes a novel integration of determinant theory into the NHSRM framework to
enhance decision-making capabilities in environments characterized by uncertainty, imprecision, and
incomplete information. We formally defined the determinant of NHSRMs, examined its algebraic
properties, and established key theorems to support its theoretical foundation. Two decision-making
approaches a score-based algorithm and a determinant-based algorithm were developed and compara-
tively analyzed. Through a detailed illustrative example, we demonstrated how neutrosophic triplets
can be transformed into scalar values, facilitating determinant computation for the ranking of alterna-
tives and assessing parameter influence in complex decision-making scenarios.

This work lays a foundation for future research, particularly in incorporating matrix inversion and
eigenvalue analysis, which are crucial for algorithmic implementations in fields like automated control

systems, intelligent diagnostics and decision-support architectures.
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