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Abstract

Uncertain mathematical systems frequently involve ambiguous graph relationships, incomplete connectivity structures,
nonlinear uncertainty propagation, and dynamically evolving graph interactions that cannot be effectively represented using
classical deterministic graph theory. To address these limitations, this research proposed a hybrid Fuzzy-Neuromorphic
Graph Framework (FNGF) integrating fuzzy graph theory, adaptive neuromorphic spike propagation, entropy-aware graph
optimization, and spectral graph stability analysis within a unified mathematical architecture. The proposed framework
incorporates adaptive fuzzy membership modeling, spike-driven graph learning, synaptic graph optimization, and entropy-
guided graph sparsification mechanisms for intelligent uncertainty-aware graph computation. Experimental evaluations
were conducted using 5000 synthetically generated uncertain graph instances under varying graph perturbation levels and
uncertainty densities. The proposed framework achieved uncertainty classification accuracies of 97.82%, 94.12%, and
90.37% under low, medium, and high graph noise environments, respectively. Furthermore, the framework demonstrated
95.84% graph stability prediction accuracy, approximately 60.29% entropy reduction, and nearly 79% reduction in graph
computational energy consumption compared to conventional graph neural systems. The entropy-aware graph pruning
mechanism significantly improved graph sparsification and graph robustness against topological perturbations, while
sparse spike-driven graph propagation substantially enhanced adaptive convergence efficiency. The proposed framework
establishes a mathematically rigorous, scalable, interpretable, and energy-efficient intelligent graph architecture suitable
for future uncertain intelligent systems, adaptive optimization environments, neuromorphic communication systems, and
large-scale uncertainty-aware computational networks.
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1. Introduction

Mathematical modeling of complex systems frequently
involves uncertainty, ambiguity, incomplete information,
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nonlinear interactions, and dynamically evolving relation-
ships. Classical graph theory has long served as one of the
most important mathematical tools for representing rela-
tional structures in communication systems, transportation
networks, biological systems, optimization environments,
and intelligent computational frameworks [1], [2]. However,
traditional crisp graph models assume deterministic vertex
and edge relationships, making them inadequate for rep-
resenting uncertain real-world systems where connectivity
and interactions cannot always be expressed using binary
structures [5], [23].

To address these limitations, fuzzy graph theory emerged
as an extension of classical graph theory through the in-
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Mathematical symbols and notations.

Symbol Description

G Hybrid fuzzy-neuromorphic graph structure
V Set of graph vertices/nodes
E Set of graph edges
σi Fuzzy membership degree of graph node i

νi Fuzzy non-membership degree of graph node i

πi Hesitation degree associated with intuitionistic fuzzy
representation

µij Fuzzy edge membership between graph nodes i and j

A = [aij ] Fuzzy graph adjacency matrix
aij Adjacency membership value between graph nodes
D Graph degree matrix
di Degree of graph node i

L Graph Laplacian matrix
λi Eigenvalues of graph Laplacian matrix
λ2(L) Algebraic connectivity of graph
Rg Graph robustness coefficient
Eg Spectral graph energy
Si(t) Spike activation state of graph node i at time t

Wij Adaptive synaptic weight between graph nodes
Xj(t) Incoming graph signal to node j

α Spike decay coefficient
β Membrane decay coefficient
γ Adaptive synaptic learning coefficient
η Adaptive uncertainty learning rate
θ Spike activation threshold
H(G) Graph entropy function
pi Probability distribution associated with graph uncer-

tainty
Pij Entropy-aware graph pruning function
τ Entropy threshold parameter
U(t) Graph uncertainty propagation error
Eu Graph uncertainty energy function
Ru Graph uncertainty reduction ratio
J Optimization objective function
Ŝi Optimal stable graph activation state
Pn Graph perturbation probability
Np Number of perturbed graph edges
Ac Uncertainty classification accuracy
Re Entropy reduction ratio
O(|E|) Graph edge propagation computational complexity
O(n2) Synaptic learning computational complexity
O(n3) Spectral graph optimization complexity

corporation of fuzzy set principles introduced by Zadeh
[17]. Rosenfeld later formalized fuzzy graphs by integrat-
ing fuzzy membership functions into graph vertices and
edges, enabling the representation of uncertain and par-
tially connected systems [5]. Since then, fuzzy graph models
have evolved considerably and have been applied in trans-
portation systems, communication networks, social systems,
decision support environments, healthcare analytics, opti-
mization systems, and intelligent control frameworks [6],
[7], [16], [28].

Modern uncertain systems often involve multidimen-
sional uncertainty, indeterminacy, conflicting information,
and dynamically changing graph structures. Consequently,
several generalized fuzzy graph models have been intro-

duced, including intuitionistic fuzzy graphs, Pythagorean
fuzzy graphs, neutrosophic graphs, cubic fuzzy graphs,
bipolar fuzzy graphs, and plithogenic graph structures
[4], [6], [21], [22], [27], [35]. These advanced fuzzy graph
formulations significantly improve uncertainty representa-
tion capability by incorporating hesitation, indeterminacy,
interval-valued memberships, and contradiction measures
within graph structures [3], [15].

Simultaneously, neuromorphic computing has emerged
as a promising computational paradigm inspired by bio-
logical neural systems and event-driven spike-based infor-
mation processing mechanisms [10]. Neuromorphic sys-
tems emulate adaptive synaptic learning, temporal sig-
nal propagation, and energy-efficient parallel computa-
tion, making them highly suitable for large-scale intelligent
graph processing and adaptive uncertainty modeling [12],
[25]. Recent advances in Spiking Graph Neural Networks
(SGNNs) and entropy-driven graph learning architectures
have demonstrated remarkable improvements in energy ef-
ficiency, adaptive graph learning, robustness against topo-
logical noise, and dynamic graph optimization [13], [30].

The integration of fuzzy graph theory with neuromor-
phic graph architectures has recently attracted significant
research attention because of its ability to combine sym-
bolic uncertainty reasoning with adaptive graph intelligence
[2], [15]. Hybrid fuzzy-neural graph systems provide en-
hanced interpretability, adaptive learning capability, robust
uncertainty propagation, and scalable graph optimization
mechanisms compared to traditional graph models [2], [14].
Such frameworks are particularly important for uncertain
mathematical systems involving temporal graph evolution,
nonlinear interactions, and noisy relational environments
[9], [31].

Despite significant advancements, the mathematical
integration of fuzzy uncertainty representations with adap-
tive neuromorphic graph propagation mechanisms remains
insufficiently explored [42], [43]. Most existing graph neu-
ral models focus primarily on deep learning optimization
rather than rigorous uncertainty-aware graph-theoretic for-
mulations [14]. Furthermore, several advanced fuzzy graph
models still lack scalable adaptive learning mechanisms
and efficient neuromorphic implementations for real-time
uncertain graph processing [3], [12], [32].

Therefore, this research proposes a hybrid fuzzy neuro-
morphic graph framework for uncertain mathematical sys-
tems by integrating adaptive fuzzy membership structures,
spike-driven graph propagation, entropy-aware learning
mechanisms, and uncertainty optimization models within
a unified mathematical architecture.

1.1. Background and Motivation
The rapid growth of intelligent systems, Internet-of-

Things (IoT) infrastructures, autonomous transportation
environments, communication systems, and large-scale so-
cial networks has generated unprecedented volumes of un-
certain relational data [24], [28]. In such systems, relation-
ships among entities are often imprecise, dynamic, incom-
plete, and highly nonlinear. Conventional deterministic
graph representations are unable to effectively model uncer-
tainty propagation, adaptive connectivity evolution, and
partial interactions observed in real-world networks [5],
[17].
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Fuzzy graph theory provides a flexible mathematical
mechanism for modeling uncertain relationships by assign-
ing membership values to graph vertices and edges [6]. Over
time, the field has evolved toward advanced uncertainty
frameworks such as intuitionistic, neutrosophic, cubic, and
plithogenic fuzzy graphs, enabling multidimensional uncer-
tainty representation and enhanced graph intelligence [4],
[15], [21], [27]. These models have demonstrated strong
applicability in optimization systems, routing problems,
medical diagnosis, network security, and decision-making
environments [7], [16], [29].

At the same time, neuromorphic computing has emerged
as an energy-efficient intelligent computing paradigm in-
spired by biological neural systems [10]. Spiking neural
architectures and neuromorphic graph systems enable adap-
tive graph learning through event-driven spike propaga-
tion and synaptic optimization mechanisms [13], [25]. Re-
cent entropy-driven spiking graph frameworks have demon-
strated significant reductions in energy consumption and
improved robustness against topological noise and adver-
sarial perturbations [13], [30].

The motivation of this work arises from the necessity to
develop mathematically rigorous and computationally scal-
able frameworks capable of integrating fuzzy uncertainty
reasoning with adaptive neuromorphic graph learning. Such
integration is expected to improve uncertainty handling,
graph stability prediction, dynamic optimization capability,
and intelligent decision-making in uncertain mathematical
systems.

1.2. Research challenges
Although significant progress has been achieved in fuzzy

graph theory and neuromorphic graph learning indepen-
dently, several important research challenges remain unre-
solved.

First, most traditional fuzzy graph models are static
and do not support adaptive graph evolution under dynam-
ically changing uncertainty environments [8], [23]. Real-
world intelligent systems frequently exhibit continuously
evolving graph structures requiring adaptive uncertainty
propagation mechanisms.

Second, advanced fuzzy graph formulations such as
plithogenic graphs, neutrosophic graphs, and superhyper-
graphs introduce substantial computational complexity and
scalability challenges for large-scale graph optimization [3],
[12], [32]. Efficient mathematical and computational frame-
works are therefore required for scalable uncertainty-aware
graph processing.

Third, existing graph neural network frameworks pri-
marily emphasize feature learning and classification tasks
while providing limited support for rigorous symbolic uncer-
tainty representation and interpretable graph reasoning [14].
The lack of integration between fuzzy logic and adaptive
graph learning restricts the robustness and interpretability
of intelligent graph systems.

Fourth, uncertainty propagation and graph stability
analysis remain difficult in noisy and adversarial graph
environments [13]. Although entropy-driven graph learn-
ing approaches have improved robustness, further mathe-
matical formulations are needed for adaptive uncertainty
minimization and resilient graph optimization.

1.3. Research contributions
The major contributions of this research are summarized

as follows:
• A hybrid fuzzy-neuromorphic graph framework is pro-

posed for modeling uncertain mathematical systems in-
volving nonlinear and adaptive relational structures.

• Advanced fuzzy uncertainty representations incorporat-
ing adaptive membership functions and dynamic graph
propagation mechanisms are formulated mathematically.

• A spike-driven neuromorphic graph learning mechanism
is introduced for adaptive uncertainty propagation and
graph optimization.

• Entropy-aware graph learning and synaptic optimization
models are developed for improving graph robustness
and uncertainty minimization.

• Spectral graph formulations and uncertainty propaga-
tion equations are introduced for stability analysis in
uncertain graph environments.

• Experimental evaluations are conducted using synthetic
uncertain graph datasets to analyze classification accu-
racy, graph stability prediction, uncertainty reduction,
and energy-efficient graph learning performance.

• Comparative analysis demonstrates the effectiveness of
the proposed framework compared to conventional fuzzy
graph and graph neural network approaches.

1.4. Paper organization
The remainder of this paper is organized as follows.
Section II presents the theoretical foundations of fuzzy

graph theory and discusses the evolution of modern fuzzy
graph extensions including intuitionistic, neutrosophic, cu-
bic, and plithogenic graph models. Section III reviews
neuromorphic graph architectures and adaptive spiking
graph neural systems. Section IV introduces the proposed
hybrid fuzzy-neuromorphic mathematical framework and
uncertainty propagation formulations. Section V presents
the optimization algorithm and adaptive graph learning
mechanisms. Section VI describes the experimental frame-
work and dataset generation methodology. Section VII
discusses the experimental results and comparative perfor-
mance analysis. Section VIII presents major applications
of the proposed framework in intelligent systems and uncer-
tain network environments. Finally, Section IX concludes
the paper and outlines future research directions involving
quantum fuzzy graph systems, scalable neuromorphic graph
architectures, and explainable uncertainty-aware graph in-
telligence.

2. Theoretical foundations of fuzzy graph theory

Fuzzy graph theory represents one of the most signif-
icant extensions of classical graph theory for modeling
uncertain, imprecise, incomplete, and ambiguous relational
systems [5], [17]. Unlike crisp graph structures where ver-
tices and edges possess deterministic binary relationships,
fuzzy graph models allow partial memberships and uncer-
tain connectivity structures using fuzzy set principles [33],
[36] . Over the past several decades, fuzzy graph theory
has evolved into a comprehensive mathematical framework
integrating multiple uncertainty paradigms, matrix-based
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spectral formulations, algebraic graph operations, and ad-
vanced combinatorial optimization structures [6], [12].

The development of modern intelligent systems, adap-
tive communication networks, uncertain transportation
systems, and nonlinear decision environments has sub-
stantially accelerated research into advanced fuzzy graph
models capable of handling multidimensional uncertainty
and dynamic graph evolution [24], [28], [34]. This section
presents the theoretical foundations underlying fuzzy graph
theory and discusses major developments involving gener-
alized fuzzy graph structures, spectral graph formulations,
metric frameworks, and algebraic graph operations.

2.1. Evolution of fuzzy set extensions
The origin of fuzzy graph theory can be traced to the

pioneering work of Zadeh, who introduced fuzzy set theory
for modeling uncertainty using graded membership func-
tions [17]. In fuzzy sets, elements belong to a set with
varying degrees of membership between 0 and 1, thereby
enabling the mathematical representation of partial truth
and imprecise information. Building upon these principles,
Rosenfeld formally introduced fuzzy graphs by integrating
fuzzy memberships into graph vertices and edges [5]. A
fuzzy graph is generally represented by (1)

G = (V, σ, µ) (1)

In (1),
• V denotes the set of vertices,
• σ : V → [0, 1] represents fuzzy vertex memberships,
• µ : V × V → [0, 1] represents fuzzy edge memberships.

The edge membership satisfies (2), which ensures con-
sistency between edge uncertainty and associated vertex
memberships [6].

µ(u, v) ≤ min(σ(u), σ(v)) (2)

Although classical fuzzy graphs significantly improved
uncertainty representation compared to crisp graphs, many
real-world systems involve additional forms of uncertainty
including hesitation, indeterminacy, inconsistency, contra-
diction, and interval-valued ambiguity. Consequently, sev-
eral generalized fuzzy graph structures have been intro-
duced.

Intuitionistic fuzzy graphs (IFGs) extend conventional
fuzzy graphs by incorporating both membership and non-
membership functions simultaneously [4]. In IFGs, each
vertex and edge possesses a degree of membership µ and
non-membership ν satisfying:

0 ≤ µ(x) + ν(x) ≤ 1 (3)

The remaining portion represents hesitation uncertainty,
enabling improved modeling of ambiguous environments
[4], [12].

Pythagorean fuzzy graphs further generalize intuition-
istic fuzzy systems by relaxing linear constraints using
squared memberships [6]. The Pythagorean condition is
expressed as:

µ2(x) + ν2(x) ≤ 1 (4)

which allows greater flexibility in representing uncer-
tainty and contradictory information. Such models have
demonstrated strong applicability in decision-making sys-
tems, optimization frameworks, and uncertain network
analysis [6], [27].

Neutrosophic graph theory introduced a third indepen-
dent component known as indeterminacy, enabling simul-
taneous representation of truth, falsity, and indeterminate
information [21]. Neutrosophic graphs are particularly
effective for modeling conflicting and inconsistent relation-
ships frequently observed in social systems, communication
networks, and uncertain intelligent environments [15], [18].

Further advancements led to cubic fuzzy graphs, bipolar
fuzzy graphs, and plithogenic graph structures. Cubic fuzzy
graphs combine interval-valued fuzzy memberships with
conventional fuzzy representations for modeling multidi-
mensional uncertainty ranges [22]. Bipolar fuzzy graphs si-
multaneously represent positive and negative relationships,
making them useful in trust-distrust systems and social
interaction modeling [20]. Plithogenic graph structures ex-
tend neutrosophic systems by incorporating contradiction
functions and multi-valued attributes for highly complex
uncertain systems [3], [32].

The evolution of fuzzy graph extensions demonstrates
the increasing necessity for mathematically robust frame-
works capable of handling diverse uncertainty structures
in modern computational and intelligent systems.

2.2. Intuitionistic and Pythagorean Fuzzy Graphs
Intuitionistic and Pythagorean fuzzy graphs represent

two of the most widely investigated extensions of fuzzy
graph theory for advanced uncertainty modeling. These
frameworks significantly improve graph representation ca-
pability by integrating hesitation and nonlinear uncertainty
characteristics into graph structures.

In intuitionistic fuzzy graphs, each graph element pos-
sesses both membership and non-membership functions.
Let:

G = (V,E) (5)

be a graph where every vertex vi ∈ V is associated with:

(µi, νi) (6)

In (6), µi denotes membership degree and νi denotes non-
membership degree.

The hesitation degree is computed as (6). This hesita-
tion component enables improved uncertainty characteri-
zation and graph distinguishability in incomplete environ-
ments [4].

πi = 1− µi − νi (7)

Several recent studies introduced valent-based metric
frameworks for IFGs to improve graph distance measure-
ments and resolving set analysis in uncertain systems [4].
Such frameworks enable efficient identification of graph
structures and critical nodes under uncertain relational
conditions. Pythagorean fuzzy graphs provide enhanced
uncertainty representation by employing quadratic con-
straints between membership and non-membership val-
ues. Compared to intuitionistic fuzzy graphs, Pythagorean
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fuzzy systems offer larger feasible uncertainty regions and
improved flexibility for representing highly nonlinear un-
certain environments. Recent studies demonstrated that
Pythagorean fuzzy graphs significantly improve optimiza-
tion accuracy and decision reliability in uncertain network
systems, alliance partner selection, project management,
and intelligent routing applications [6]. Furthermore, cubic
Pythagorean fuzzy graph structures have recently emerged
as promising frameworks for multidimensional uncertainty
analysis and higher-order graph reasoning [27]. These gen-
eralized fuzzy graph frameworks collectively establish the
mathematical basis for uncertainty-aware graph modeling
and adaptive graph optimization systems.

2.3. Neutrosophic and Plithogenic Graph Models
Neutrosophic graph theory extends fuzzy graph sys-

tems by introducing indeterminacy as an independent un-
certainty component [21]. Unlike classical fuzzy systems
that primarily focus on membership uncertainty, neutro-
sophic graphs simultaneously represent truth, falsity, and
indeterminate relationships within graph structures.

A neutrosophic graph component can be expressed as
(8), where, T represents truth-membership, I denotes inde-
terminacy, and F denotes falsity-membership.

(T, I, F ) (8)

This representation enables highly flexible modeling
of contradictory, incomplete, and inconsistent graph re-
lationships commonly observed in social systems, com-
munication environments, and uncertain intelligent sys-
tems [15], [18]. Recent studies introduced trapezoidal neu-
trosophic shortest-path optimization frameworks integrat-
ing deep neural networks with neutrosophic reasoning for
uncertainty-aware graph optimization [15]. Such hybrid
systems demonstrated strong robustness and improved de-
cision reliability in uncertain transportation and routing
environments. Plithogenic graph models further generalize
neutrosophic systems by incorporating contradiction func-
tions and multi-valued attribute structures [3]. Plithogenic
graphs provide highly expressive mathematical frameworks
for modeling complex uncertainty interactions and higher-
order graph structures.

Theoretical developments involving meta-fuzzy graphs,
meta-neutrosophic graphs, and superhypergraph systems
indicate the growing trend toward hierarchical and multi-
dimensional uncertainty-aware graph architectures [3], [32].
These advanced graph structures are expected to play a
critical role in future intelligent graph learning systems and
neuromorphic uncertainty modeling frameworks.

2.4. Spectral and matrix-based fuzzy graph formulations
Matrix and spectral formulations constitute one of the

most important theoretical foundations of modern fuzzy
graph theory. Matrix-based graph representations enable
rigorous mathematical analysis of graph connectivity, un-
certainty propagation, algebraic stability, and network re-
silience [1], [12].

For a fuzzy graph, the adjacency matrix is generally
represented by (9), which denotes fuzzy edge memberships
between graph vertices.

A = [aij ] (9)

aij = µ(vi, vj) (10)

The degree matrix is defined as:

D = diag(d1, d2, . . . , dn) (11)

where:

di =

n∑
j=1

aij (12)

The fuzzy graph Laplacian matrix is then expressed as:

L = D −A (13)

Spectral analysis of fuzzy graph Laplacians provides
valuable information regarding graph connectivity, uncer-
tainty propagation, resilience, and algebraic stability [1].
Recent studies established generalized Perron-Frobenius
spectral bounds for intuitionistic fuzzy graphs and demon-
strated their applicability in evaluating uncertain network
robustness [12].

Entropy-based graph formulations have also emerged
as important mathematical tools for analyzing uncertainty
complexity and graph information flow. Graph entropy is
generally represented as:

H(G) = −
n∑

i=1

pi log(pi) (14)

where pi denotes probabilistic graph uncertainty mea-
sures.

Recent entropy-driven spiking graph learning frame-
works demonstrated substantial improvements in adaptive
graph optimization and noise reduction in uncertain graph
environments [13], [30]. Such formulations establish strong
mathematical foundations for integrating fuzzy graph the-
ory with neuromorphic graph architectures.

2.5. Metric and connectivity measures
Metric and connectivity analysis represent fundamental

components of fuzzy graph theory because they enable the
characterization of graph structure, path reliability, node
distinguishability, and uncertainty propagation.

Several recent studies introduced advanced metric frame-
works for intuitionistic fuzzy graphs using valent-based
distance formulations [4], [11]. These approaches improve
resolving set analysis and graph distinguishability in uncer-
tain systems compared to classical graph metrics. Connec-
tivity analysis in uncertain graphs often involves probabilis-
tic and possibility-based formulations. Local connectivity
indices have recently been developed for uncertain random
graphs to evaluate the probability of graph connectivity
under simultaneous uncertainty and randomness conditions
[31]. Such formulations are particularly important for com-
munication systems, intelligent transportation networks,
and adaptive distributed systems. Domination theory also
plays a critical role in uncertain graph optimization. Sev-
eral advanced domination frameworks including broadcast
domination, edge domination, fuzzy bridge domination,
and m-polar interval-valued domination have been pro-
posed for uncertain graph systems [21], [24], [37], [38].
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These formulations enable efficient identification of critical
graph nodes and optimized graph coverage under uncer-
tain environments. Additionally, fuzzy graph coloring and
edge distinguishing methods have recently attracted sub-
stantial research attention for communication scheduling,
resource allocation, and intelligent network optimization
[19], [20]. Such combinatorial optimization frameworks
significantly contribute to scalable graph intelligence and
adaptive uncertainty-aware graph processing. Overall, the
theoretical foundations of fuzzy graph theory establish a
comprehensive mathematical basis for modeling uncertain
relational systems and provide essential structural compo-
nents for the development of hybrid fuzzy-neuromorphic
graph architectures.

3. Neuromorphic graph architectures

Neuromorphic graph architectures represent an emerg-
ing interdisciplinary research domain combining graph
theory, neuromorphic computing, spiking neural systems,
and adaptive graph learning mechanisms for intelligent
uncertainty-aware computation. Inspired by biological neu-
ral systems, neuromorphic computing employs event-driven
spike-based processing and adaptive synaptic learning mech-
anisms capable of achieving highly energy-efficient and
scalable intelligent computation [10], [12].

Traditional graph processing systems and graph neural
networks generally rely on continuous-valued computation
and static propagation frameworks. Although these ap-
proaches have demonstrated strong performance in graph
classification and relational learning tasks, they often suffer
from high computational complexity, large energy consump-
tion, limited interpretability, and reduced robustness under
uncertain or adversarial graph environments [14]. Neuro-
morphic graph architectures attempt to address these limi-
tations by integrating biologically inspired spiking dynam-
ics, adaptive synaptic optimization, entropy-aware learning
mechanisms, and uncertainty-driven graph propagation
structures [13], [30].

Recent developments in spiking graph neural systems,
entropy-based graph learning frameworks, and fuzzy-neural
graph architectures demonstrate the growing importance
of neuromorphic graph intelligence for uncertain mathe-
matical systems, intelligent communication networks, au-
tonomous transportation environments, and adaptive opti-
mization systems [2], [13], [15]. This section presents the
major theoretical foundations and emerging architectures
of neuromorphic graph systems.

3.1. Spiking graph neural networks
Spiking Graph Neural Networks (SGNNs) represent

one of the most advanced neuromorphic graph learning
paradigms integrating graph neural structures with biologi-
cally inspired spike-based communication mechanisms [13],
[25]. Unlike conventional graph neural networks that em-
ploy continuous-valued signal propagation, SGNNs utilize
discrete event-driven spikes for graph information trans-
mission and adaptive graph learning.

In SGNNs, graph nodes behave similarly to biological
neurons where information is propagated through spike

activation events. Let the spike activation state of node i
at time t be represented as (15).

Si(t) (15)

The adaptive spike propagation mechanism is generally
expressed as (16), where α denotes spike decay coefficient,
represents synaptic graph weights and Xj(t) denotes in-
coming graph signals. Such spike-based propagation frame-
works enable highly sparse event-driven graph communi-
cation and significantly reduce computational overhead
compared to conventional graph learning systems [13].

Si(t+ 1) = αSi(t) +

n∑
j=1

WijXj(t) (16)

Recent studies introduced the Spike-based Structural
Entropic Learning (SSEL) framework for SGNNs, which
combines entropy optimization with spike-driven graph
learning [13], [30]. The SSEL minimizes graph structural
entropy to identify sparse and robust graph topologies while
simultaneously suppressing noisy and adversarial graph
connections. Experimental evaluations demonstrated that
SSEL achieves approximately 97% reduction in energy con-
sumption compared to conventional graph neural systems
while substantially improving robustness against topologi-
cal perturbations [13].

The entropy-aware graph learning mechanism is gener-
ally represented as (17).

H(G) = −
n∑

i=1

pi log(pi) (17)

In (17), pi represents graph uncertainty probabilities asso-
ciated with graph nodes or edges.

The integration of entropy minimization within SGNNs
enables adaptive graph sparsification, noise elimination,
uncertainty reduction, and robust graph optimization [13],
[30]. These characteristics make SGNNs highly suitable
for intelligent uncertain systems involving dynamic graph
evolution and large-scale graph processing.

3.2. Neuromorphic spike propagation
Neuromorphic spike propagation mechanisms emulate

biological neuronal communication using event-triggered
signal transmission and adaptive synaptic learning. Unlike
continuous-valued neural systems, spike-based architec-
tures process information only when significant activation
events occur, thereby improving computational efficiency
and reducing energy consumption [10], [25].

In graph-based neuromorphic systems, each graph node
behaves as a spiking neuron interconnected through adap-
tive graph synapses. The membrane potential of a graph
neuron evolves dynamically according to incoming graph
spikes and synaptic interactions. A generalized neuromor-
phic graph propagation equation may be expressed as (18).
In (18), Vi(t) denotes membrane potential, β represents
membrane decay factor, Wij denotes adaptive synaptic
connectivity and Sj(t) denotes incoming spike activations.

Vi(t+ 1) = βVi(t) +

n∑
j=1

WijSj(t) (18)
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When the membrane potential exceeds a threshold value:

Vi(t) ≥ θ (19)

the neuron generates a spike event and propagates infor-
mation to neighboring graph nodes.

Neuromorphic spike propagation provides several ad-
vantages for uncertain graph systems, such as sparse graph
communication, adaptive temporal learning, low-power
computation, real-time graph optimization and robustness
against graph noise and uncertainty.

Recent neuromorphic graph frameworks also incorpo-
rate temporal graph dynamics and adaptive graph evolu-
tion mechanisms, enabling efficient modeling of dynamic
uncertain systems such as transportation networks, IoT
infrastructures, and intelligent communication systems [9],
[14]. Furthermore, entropy-driven spike gating mechanisms
selectively restrict graph propagation through optimized
graph pathways, thereby reducing uncertainty propaga-
tion and adversarial graph interference [13]. Such adaptive
propagation structures significantly improve graph stability
and intelligent uncertainty handling.

3.3. Fuzzy-neural graph integration
The integration of fuzzy graph theory with neuromor-

phic neural systems has emerged as a promising research di-
rection for developing interpretable and uncertainty-aware
graph intelligence frameworks [2], [15]. Hybrid fuzzy-neural
graph systems combine symbolic fuzzy reasoning with adap-
tive graph learning, enabling improved uncertainty repre-
sentation and graph optimization capability.

Conventional graph neural networks primarily focus on
relational feature extraction and graph embedding learning.
However, they often lack rigorous symbolic uncertainty rep-
resentation mechanisms and interpretable graph reasoning
structures [14]. Fuzzy-neural graph integration addresses
these limitations by embedding fuzzy membership struc-
tures directly within graph learning architectures. A fuzzy-
neural graph node is written as (20). In (20), µi denotes
fuzzy membership, denotes fuzzy non-membership and Si

represents spike activation state.

Ni = (µi, νi, Si) (20)

Recent studies introduced Fuzzy Logic Graph Neural
Networks (FL-GNNs) integrating fuzzy inference systems
into graph neural message passing architectures [2]. In
FL-GNNs, graph propagation is guided using fuzzy logical
rules and uncertainty-aware graph reasoning mechanisms.
This integration significantly improves interpretability, ro-
bustness, and adaptive graph learning performance. The
fuzzy message propagation function may be expressed as:

Mi(t) =

n∑
j=1

µijWijSj(t) (21)

In (21), µij represents fuzzy edge memberships associated
with graph uncertainty.

Hybrid fuzzy-neural architectures are particularly suit-
able for uncertain graph systems involving ambiguous graph
connectivity, incomplete graph information, and dynamic

graph evolution [15]. Such systems have demonstrated
strong performance in shortest-path optimization, decision
support systems, intelligent transportation systems, and
adaptive communication networks [7], [15], [16].

3.4. Entropy-driven graph learning
Entropy-driven graph learning represents one of the

most important developments in modern neuromorphic
graph architectures. Entropy measures quantify graph
uncertainty, graph information flow, and structural com-
plexity, thereby enabling adaptive graph optimization and
uncertainty minimization [13], [39]. For a graph probability
distribution is given by (22).

P = {p1, p2, . . . , pn} (22)

the graph entropy is computed as:

H(G) = −
n∑

i=1

pi log(pi) (23)

Entropy minimization enables identification of stable
graph structures with reduced uncertainty and optimized
graph connectivity. In neuromorphic graph systems, en-
tropy optimization is frequently integrated with spike prop-
agation and adaptive synaptic learning mechanisms [13].
The SSEL framework introduced entropy-driven gating
mechanisms restricting graph propagation to entropy opti-
mized graph pathways [30]. Such adaptive graph sparsifica-
tion significantly improves graph robustness against topo-
logical noise and adversarial graph perturbations. Entropy-
based graph learning also contributes to graph compression,
adaptive graph pruning, uncertainty reduction, graph sta-
bility optimization, and resilient graph communication.
Recent studies involving vague fuzzy graph energy and
fuzzy graph complexity functions further demonstrated the
importance of entropy-driven graph analysis for uncertain
network optimization and intelligent graph systems [39].

3.5. Energy-efficient adaptive graph systems
Energy efficiency represents a major challenge in large-

scale graph processing and intelligent network learning
systems. Conventional deep graph learning architectures
often require substantial computational resources and high
energy consumption, limiting their applicability in edge
computing and real-time intelligent systems [14]. Neuro-
morphic graph architectures address this challenge using
sparse event-driven graph communication and adaptive
spike processing mechanisms [10]. Since computations
occur only during spike events, unnecessary graph pro-
cessing operations are eliminated, resulting in substantial
reductions in computational power consumption. Recent
entropy-driven SGNN architectures demonstrated energy
reductions exceeding 97% compared to traditional graph
neural systems while simultaneously improving uncertainty
robustness and adaptive graph optimization performance
[13], [30]. These results highlight the effectiveness of neu-
romorphic graph intelligence for scalable uncertain system
modeling. Adaptive graph systems additionally employ
synaptic learning mechanisms for dynamic graph optimiza-
tion. A generalized adaptive synaptic update rule may
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be represented as (24).Such adaptive learning mechanisms
enable continuous graph optimization and dynamic uncer-
tainty minimization under evolving graph environments.
Neuromorphic graph architectures therefore establish a
powerful foundation for future uncertain intelligent sys-
tems involving adaptive graph reasoning, energy-efficient
graph learning, scalable graph optimization, and real-time
uncertainty-aware computation.

Wij(t+ 1) = Wij(t) + η(Si − Sj) (24)

In (24), η denotes adaptive learning rate and Si and Sj

represent graph spike activations.

4. Proposed fuzzy-neuromorphic mathematical frame-
work

The increasing complexity of uncertain intelligent sys-
tems requires mathematical frameworks capable of simulta-
neously handling nonlinear uncertainty propagation, adap-
tive graph learning, dynamic graph evolution, and energy-
efficient computation [51]. Existing fuzzy graph models
provide effective uncertainty representation but generally
lack adaptive learning mechanisms and real-time graph
optimization capability [5], [6]. Conversely, neuromor-
phic graph architectures and graph neural systems enable
adaptive graph learning but often provide limited sym-
bolic uncertainty representation and interpretable graph
reasoning [13], [14]. To address these limitations, this re-
search proposes a hybrid fuzzy-neuromorphic mathematical
framework integrating fuzzy graph theory, adaptive spike
propagation, entropy-aware graph learning, and dynamic
uncertainty optimization into a unified graph intelligence
architecture. The proposed framework combines symbolic
uncertainty representation with biologically inspired graph
learning mechanisms for modeling uncertain mathematical
systems involving evolving relational structures, incomplete
graph information, and nonlinear graph interactions.

The overall framework integrates the following major
components:
• Fuzzy graph representation layer,
• Adaptive uncertainty membership modeling,
• Neuromorphic spike propagation engine,
• Synaptic graph learning module,
• Entropy-aware graph optimization mechanism,
• Dynamic uncertainty propagation analyzer,
• Graph stability evaluation framework.

The proposed framework is designed to achieve:
• adaptive graph learning,
• scalable uncertainty modeling,
• robust graph optimization,
• energy-efficient graph computation,
• interpretable graph reasoning,
• resilient uncertainty propagation.

4.1. Hybrid graph representation
The proposed framework models uncertain relational

systems using a hybrid fuzzy-neuromorphic graph repre-
sentation integrating symbolic uncertainty structures with
adaptive spike-based graph propagation mechanisms.

The uncertain graph system is represented as (25),
where V denotes the set of graph vertices, E represents
graph edges, σ denotes fuzzy vertex memberships, µ repre-
sents fuzzy edge memberships, S denotes spike activation
states and W represents adaptive synaptic graph weights.

G = (V,E, σ, µ, S,W ) (25)

Each graph node possesses both uncertainty member-
ship characteristics and neuromorphic activation properties.
A graph node is therefore represented as (26), where σi de-
notes fuzzy membership degree, νi denotes non-membership
degree, Si represents spike activation state and Wi denotes
adaptive synaptic weight. This hybrid graph representation
enables simultaneous uncertainty-aware graph reasoning
and adaptive graph learning.

Ni = (σi, νi, Si,Wi) (26)

4.2. Adaptive fuzzy membership modeling
The proposed framework incorporates adaptive fuzzy

membership functions for modeling uncertain graph connec-
tivity and dynamically evolving graph relationships. The
fuzzy membership function associated with graph nodes
is defined as (27), where xi represents graph feature in-
formation and λ denotes adaptive membership sensitivity
coefficient.

σi =
1

1 + e−λxi
(27)

The fuzzy edge membership between graph vertices is
expressed as (28), which ensures consistency between graph
node uncertainty and edge uncertainty structures [5], [6].

µij = min(σi, σj) (28)

To improve adaptive uncertainty representation, the
framework dynamically updates graph memberships accord-
ing to graph propagation states and uncertainty evolution
patterns. The adaptive fuzzy update rule is defined as (29).

σi(t+ 1) = σi(t) + ηUi(t) (29)

In (29), η denotes adaptive uncertainty learning rate
and Ui(t) represents graph uncertainty propagation signal.

This adaptive membership mechanism enables continu-
ous graph uncertainty refinement under dynamically chang-
ing environments.

4.3. Spike-based graph propagation
The neuromorphic propagation engine performs adap-

tive graph information transmission using spike-driven
graph communication mechanisms inspired by biological
neuronal systems [10], [25].

The spike activation state of graph node i is represented
as (30) and the adaptive spike propagation model is defined
as (31).

Si(t) (30)

Si(t+ 1) = αSi(t) +

n∑
j=1

µijWijXj(t) (31)
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In (31), α denotes spike decay coefficient, µij represents
fuzzy edge memberships, Wij denotes synaptic graph weights
and Xj(t) denotes incoming graph information.

A spike event occurs when:

Si(t) ≥ θ (32)

where θ denotes graph spike threshold.
The incorporation of fuzzy edge memberships within

spike propagation enables uncertainty-aware graph learning
and adaptive graph communication.

4.4. Synaptic weight optimization
Adaptive synaptic optimization is employed to continu-

ously refine graph connectivity and uncertainty propagation
pathways according to evolving graph learning conditions.

The synaptic graph weight update rule is defined by
(33), where γ denotes adaptive graph learning coefficient
and Si and Sj denote graph spike activations.

Wij(t+ 1) = Wij(t) + γ(Si − Sj) (33)

The optimization objective aims to minimize graph un-
certainty propagation and maximize graph stability under
noisy graph environments. The synaptic optimization ob-
jective function is written as (34), where Ŝi denotes optimal
stable graph activation state. This adaptive graph learning
mechanism enables robust graph convergence and dynamic
graph optimization.

J =

n∑
i=1

(Si − Ŝi)
2 (34)

4.5. Dynamic uncertainty propagation
Uncertainty propagation represents one of the most crit-

ical challenges in uncertain graph systems. The proposed
framework introduces a dynamic uncertainty propagation
analyzer for evaluating graph uncertainty evolution and
graph stability behavior.

The uncertainty propagation function is defined as (35),
where U(t) denotes uncertainty propagation error, Si(t)

denotes current graph activation state and Ŝi(t) denotes
stable graph activation state. The graph uncertainty energy
function is expressed as (36). Lower uncertainty energy
indicates improved graph stability and reduced uncertainty
propagation.

U(t) =
1

n

n∑
i=1

|Si(t)− Ŝi(t)| (35)

Eu =

n∑
i=1

(Si − Ŝi)
2 (36)

The framework additionally incorporates entropy-aware
uncertainty minimization using graph entropy optimization
as expressed by (37), where pi denotes graph uncertainty
probabilities. Entropy minimization enables adaptive graph
sparsification and elimination of noisy graph pathways [13],
[30].

H(G) = −
n∑

i=1

pi log(pi) (37)

4.6. Graph stability formulation
Graph stability analysis is performed using spectral

graph formulations and adaptive uncertainty evaluation
mechanisms. The fuzzy graph adjacency matrix is repre-
sented by (38) and the graph degree matrix is expressed as
(39).

A = [aij ] (38)

aij = µij (39)

D = diag(d1, d2, . . . , dn) (40)

di =

n∑
j=1

aij (41)

The fuzzy graph Laplacian matrix is then computed as
(42).

L = D −A (42)

Spectral graph stability is evaluated using Laplacian
eigenvalue analysis. Let:

λ1, λ2, . . . , λn (43)

represent Laplacian eigenvalues.
Graph stability is quantified using algebraic connectiv-

ity:

λ2(L) (44)

Higher algebraic connectivity indicates stronger graph ro-
bustness and improved uncertainty resilience [1], [12].

The proposed framework therefore integrates fuzzy
uncertainty modeling, adaptive neuromorphic learning,
entropy-aware optimization, and spectral graph stability
analysis into a unified intelligent graph architecture for
uncertain mathematical systems.

5. Adaptive neuromorphic graph optimization al-
gorithm

The proposed fuzzy-neuromorphic framework employs
an adaptive graph optimization algorithm integrating fuzzy
uncertainty modeling, spike-based graph propagation, entropy-
aware graph learning, and spectral graph stability opti-
mization. The primary objective of the algorithm is to
minimize uncertainty propagation while simultaneously
maximizing graph robustness, adaptive convergence, and
energy-efficient graph learning.

Unlike conventional graph optimization methods that
primarily focus on static graph structures or deterministic
graph learning, the proposed algorithm dynamically adapts
graph connectivity according to evolving uncertainty distri-
butions and spike-driven graph interactions [13], [14]. The
optimization process continuously updates graph member-
ships, synaptic graph weights, graph entropy structures,
and spike activation states for achieving adaptive uncer-
tainty minimization and robust graph intelligence.

The proposed optimization algorithm consists of the
following major stages:
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• fuzzy graph initialization,
• uncertainty membership assignment,
• spike-based graph propagation,
• adaptive synaptic graph learning,
• entropy-aware graph optimization,
• graph stability evaluation,
• uncertainty convergence analysis.

5.1. Training procedure
The initial graph membership assignment is represented

as (45), where xi denotes graph feature information and λ
represents uncertainty sensitivity coefficient.

σ
(0)
i =

1

1 + e−λxi
(45)

The graph synaptic weight matrix is initialized as (46)
and initial spike activation states are represented as (47).

W (0) = [W
(0)
ij ] (46)

S
(0)
i = 0 (47)

The training process iteratively performs adaptive graph
propagation and graph optimization until convergence con-
ditions are satisfied.

5.2. Spike propagation and graph learning
The neuromorphic propagation engine performs spike-

based graph information transmission according to adaptive
graph uncertainty structures.

The spike propagation dynamics are computed using:

Si(t+ 1) = αSi(t) +

n∑
j=1

µijWijXj(t) (48)

where:
• α denotes spike decay coefficient,
• µij denotes fuzzy edge memberships,
• Wij denotes adaptive graph synaptic weights,
• Xj(t) represents incoming graph information.

Spike activation occurs when:

Si(t) ≥ θ (49)

where θ denotes graph spike threshold.
The graph propagation mechanism enables:

• adaptive graph communication,
• uncertainty-aware graph learning,
• sparse graph activation,
• dynamic graph evolution.

Compared to dense graph neural architectures, sparse
spike-driven propagation substantially reduces graph com-
putational overhead and energy consumption [13], [30].

5.3. Adaptive synaptic update
Adaptive synaptic learning continuously refines graph

connectivity according to graph propagation behavior and
uncertainty evolution patterns.

The synaptic graph weight update equation is defined
as:

Wij(t+ 1) = Wij(t) + γ(Si − Sj) (50)

In (50), γ denotes adaptive graph learning coefficient and
Si and Sj denote graph spike activation states.

The adaptive graph learning process attempts to mini-
mize graph propagation instability while maximizing graph
convergence and graph robustness. The optimization objec-
tive function is expressed as (51), where Ŝi denotes stable
graph activation states.

J =

n∑
i=1

(Si − Ŝi)
2 (51)

The optimization objective is therefore:

min J (52)

The adaptive graph learning mechanism dynamically
strengthens stable graph pathways while suppressing un-
stable graph connections.

5.4. Entropy minimization
Entropy-aware graph optimization is incorporated to

reduce graph uncertainty and improve graph structural
stability [13]. The graph entropy function is defined as
(53), where pi denotes graph uncertainty probabilities.

H(G) = −
n∑

i=1

pi log(pi) (53)

The optimization process attempts to minimize graph
entropy by (54). The entropy-based graph pruning function
is represented as (55), where Hij denotes edge entropy
and τ denotes entropy threshold. This adaptive graph
pruning mechanism removes noisy graph edges and unstable
graph pathways, thereby improving graph robustness and
adaptive convergence.

minH(G) (54)

Pij =

{
1, Hij < τ

0, Hij ≥ τ
(55)

5.5. Graph stability evaluation
The framework evaluates graph stability using spec-

tral graph formulations and algebraic graph connectivity
measures.

The graph Laplacian matrix is computed as (56), where
D denotes graph degree matrix and A denotes fuzzy adja-
cency matrix.

L = D −A (56)

The Laplacian eigenvalues are represented as:
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λ1, λ2, . . . , λn

Graph stability is evaluated using algebraic connectiv-
ity:

λ2(L) (57)

Higher algebraic connectivity indicates stronger graph
resilience against uncertainty propagation and graph per-
turbations [1], [12].

The graph robustness coefficient is computed using (58).

Rg =
λ2(L)

λn(L)
(58)

The spectral graph energy is defined as (59).

Eg =

n∑
i=1

|λi| (59)

These spectral measures enable quantitative evaluation
of graph convergence behavior and uncertainty resilience.

5.6. Convergence analysis
The convergence behavior of the proposed optimization

algorithm is evaluated using uncertainty propagation error
minimization.

The uncertainty propagation function is defined as (60).

U(t) =
1

n

n∑
i=1

|Si(t)− Ŝi(t)| (60)

The uncertainty reduction ratio is computed as (61),
where U0 denotes initial graph uncertainty and Ut denotes
graph uncertainty after optimization.

Ru =
U0 − Ut

U0
× 100 (61)

Convergence is achieved when:

|U(t+ 1)− U(t)| < ϵ (62)

In (62), ϵ denotes convergence threshold.
The proposed optimization algorithm therefore enables

adaptive graph learning, entropy-aware uncertainty mini-
mization, robust graph convergence, and energy-efficient
intelligent graph optimization for uncertain mathematical
systems.

6. Experimental framework

The proposed fuzzy-neuromorphic graph framework was
experimentally evaluated using synthetic uncertain graph
datasets designed to emulate dynamically evolving intelli-
gent network environments involving uncertainty propaga-
tion, noisy graph interactions, adaptive graph evolution,
and nonlinear connectivity behavior. The experimental
framework was specifically designed to evaluate the effec-
tiveness of the proposed model in terms of uncertainty
classification accuracy, graph stability prediction, entropy

minimization, adaptive convergence, robustness against
topological noise, and energy-efficient graph optimization.

Unlike conventional graph learning experiments relying
solely on deterministic graph datasets, the proposed exper-
imental environment incorporates multiple uncertainty dis-
tributions, graph perturbation mechanisms, and dynamic
graph evolution patterns for evaluating real-world uncertain
graph behavior [13], [15], [31].

The experimental framework consists of:
• synthetic uncertain graph generation,
• fuzzy uncertainty injection,
• adaptive spike-based graph learning,
• entropy-aware graph optimization,
• graph stability evaluation,
• comparative performance analysis.

6.1. Uncertain graph dataset
A large-scale synthetic uncertain graph dataset was gen-

erated to simulate complex uncertain graph environments.
The dataset contains dynamically evolving graph struc-
tures with varying uncertainty densities, graph sparsity
conditions, and topological perturbation levels.

The generated dataset consists of:
• 5000 uncertain graph instances,
• graph sizes ranging from 100 to 2500 nodes,
• sparse and dense graph connectivity structures,
• varying uncertainty membership distributions,
• dynamic temporal graph perturbations.

Each graph instance was generated according to the
probabilistic uncertain graph model:

P (Eij) = ρ · σiσj (63)

In (63), ρ denotes graph density coefficient and σi and σj

represent fuzzy graph memberships.
The generated graphs included:

• random uncertain graphs,
• scale-free uncertain networks,
• temporal evolving graph systems,
• noisy graph environments,
• adversarial graph perturbation models.

The uncertainty membership values were initialized
using random fuzzy distributions:

σi ∼ U(0, 1) (64)

This dataset generation strategy enabled realistic simu-
lation of uncertain intelligent graph systems.

6.2. Noise injection model
To evaluate graph robustness and uncertainty resilience,

the framework incorporates graph perturbation and uncer-
tainty injection mechanisms.

Topological graph noise was introduced using edge per-
turbation probability:

Pn =
Np

|E|
(65)

In (65),
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• Np denotes perturbed graph edges,
• |E| represents total graph edges.

Three uncertainty noise levels were evaluated:
• Low uncertainty: Pn = 0.10
• Medium uncertainty: Pn = 0.25
• High uncertainty: Pn = 0.40

The perturbation process dynamically modifies graph
connectivity and graph uncertainty structures during graph
learning iterations.

6.3. Experimental environment
The proposed framework was implemented using Python

3.11 with integrated graph processing and numerical com-
putation libraries. The experimental environment detailed
are given in Table 1.

Table 1: Experimental environment configuration.

Parameter Configuration

Programming Language Python 3.11
Processor Intel Xeon 3.2 GHz
RAM 64 GB
Operating System Ubuntu Linux 22.04
Graph Processing Library NetworkX
Numerical Framework NumPy, SciPy
Learning Iterations 200
Learning Rate (γ) 0.01
Spike Decay Factor (α) 0.82
Entropy Threshold (τ) 0.35
Graph Nodes 100–2500
Graph Instances 5000

6.4. Evaluation metrics
The framework was evaluated using the following per-

formance metrics:
• uncertainty classification accuracy,
• graph stability prediction accuracy,
• uncertainty propagation error,
• graph entropy reduction,
• adaptive convergence rate,
• energy consumption efficiency,
• robustness against graph perturbation.

The graph classification accuracy was computed as:

Ac =
Nc

Nt
× 100 (66)

In (66), Nc denotes correctly classified graph instances
and Nt denotes total graph instances.

The graph entropy reduction ratio was computed as
(67), where H0 denotes initial graph entropy and Ht denotes
optimized graph entropy.

Re =
H0 −Ht

H0
× 100 (67)

7. Results and discussion

This section presents the experimental evaluation and
performance analysis of the proposed Fuzzy-Neuromorphic
Graph Framework (FNGF) for uncertain mathematical
systems. The proposed framework was experimentally com-
pared against several existing graph intelligence approaches
including:
• Classical Fuzzy Graph Model (CFG),
• Probabilistic Graph Neural Model (PGNN),
• Conventional Graph Neural Network (GNN),
• Spiking Graph Neural Network (SGNN),
• Proposed FNGF.

The experimental evaluations were conducted using syn-
thetically generated uncertain graph datasets consisting
of 5000 graph instances with varying uncertainty distribu-
tions, graph perturbation levels, temporal graph evolution
patterns, and noisy graph environments.

The reported results correspond to the average values
obtained from 20 independent simulation runs conducted
under controlled uncertainty conditions. Since no stan-
dardized benchmark dataset currently exists for hybrid
fuzzy-neuromorphic uncertain graph systems, synthetic un-
certain graph environments were employed for evaluating
graph uncertainty propagation, adaptive graph learning
capability, entropy-aware optimization performance, graph
stability robustness, and energy-efficient graph computa-
tion.

The experimental evaluations focused on the following
performance criteria:
• uncertainty classification accuracy,
• graph stability prediction,
• uncertainty propagation convergence,
• entropy reduction capability,
• energy-efficient graph learning,
• robustness against topological graph noise,
• graph sparsification performance,
• adaptive convergence behavior.

7.1. Uncertainty classification accuracy
The uncertainty classification accuracy evaluates the

capability of the proposed framework to correctly classify
uncertain graph structures under varying graph perturba-
tion levels.

Table 2 presents the uncertainty classification accu-
racy achieved by different graph-learning frameworks under
varying noise conditions. The proposed FNGF framework
consistently outperformed all benchmark methods across
low-, medium-, and high-noise environments, demonstrat-
ing superior robustness to uncertainty propagation.

Specifically, the proposed framework achieved classifi-
cation accuracies of 97.82%, 94.12%, and 90.37% under
low-, medium-, and high-noise conditions, respectively. In
comparison, the best competing model, namely the Spiking
GNN, achieved accuracies of 94.27%, 89.44%, and 84.51%
under the corresponding noise levels. The results indicate
that the integration of fuzzy uncertainty modeling, neu-
romorphic spike propagation, entropy-aware optimization,
and adaptive synaptic graph learning significantly improves
classification reliability in noisy graph environments.
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Table 2: Uncertainty classification accuracy comparison.

Method Low noise (%) Medium noise (%) High noise (%)

Classical Fuzzy Graph 88.41 81.26 73.92
Probabilistic Graph Neural Model 90.85 84.73 77.44
Conventional GNN 93.12 87.51 81.63
Spiking GNN 94.27 89.44 84.51
Proposed FNGF 97.82 94.12 90.37

Furthermore, although all methods experienced perfor-
mance degradation as the noise level increased, the pro-
posed FNGF framework exhibited the smallest reduction
in accuracy, highlighting its capability to maintain stable
decision-making performance under highly uncertain graph
conditions.

The improved performance is primarily attributed to
the integration of adaptive fuzzy uncertainty representa-
tion and entropy-aware spike-driven graph propagation
mechanisms. Unlike conventional graph neural systems
that employ deterministic graph propagation, the proposed
framework dynamically adapts graph memberships and
suppresses noisy graph pathways during graph learning.

7.2. Graph stability prediction analysis
Graph stability prediction performance was evaluated

using spectral graph connectivity analysis and adaptive
graph robustness measurements. Table 3 presents the
comparative graph stability results.

The proposed framework achieved the highest graph
stability prediction accuracy of 95.84% and demonstrated
a graph robustness coefficient of 0.81. The reduced con-
vergence iterations indicate faster adaptive graph learning
and improved graph stabilization capability. The superior
graph stability is mainly due to:
• entropy-aware graph pruning,
• adaptive synaptic graph optimization,
• spike-driven graph sparsification,
• spectral graph stability learning.

7.3. Uncertainty propagation convergence analysis
Figure 1 illustrates the uncertainty propagation conver-

gence behavior during graph optimization.
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Figure 1: Uncertainty propagation convergence analysis.

The proposed framework demonstrated significantly
faster uncertainty convergence compared to conventional
graph neural systems. The uncertainty propagation er-
ror reduced from 0.23 to 0.052 during graph optimization,
representing approximately 77.39% uncertainty reduction.
The faster convergence behavior is primarily attributed to
adaptive fuzzy graph learning, entropy-guided graph opti-
mization, spike-based graph communication and dynamic
graph pruning mechanisms.

7.4. Entropy reduction performance
Entropy reduction analysis evaluates the capability of

the framework to minimize graph uncertainty and eliminate
unstable graph structures. Table 4 presents the entropy
reduction performance.

Figure 2 illustrates entropy reduction behavior during
graph optimization. The proposed framework achieved
approximately 60.29% entropy reduction, indicating ef-
fective uncertainty minimization and graph sparsification.
Entropy-aware graph pruning successfully eliminated un-
stable graph edges and noisy graph pathways, thereby
improving graph robustness and adaptive graph stability.

Table 4: Entropy reduction performance.

Method Initial entropy Final entropy

Classical Fuzzy Graph 2.81 2.16
Probabilistic Graph Model 2.76 1.94
Conventional GNN 2.73 1.71
Spiking GNN 2.68 1.49
Proposed FNGF 2.72 1.08
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Figure 2: Entropy-aware graph optimization performance.
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Table 3: Graph stability prediction results.

Method Stability accuracy (%) Robustness coefficient Convergence iterations

Classical Fuzzy Graph 79.26 0.43 172
Probabilistic Graph Model 84.73 0.51 148
Conventional GNN 88.67 0.59 131
Spiking GNN 90.42 0.66 117
Proposed FNGF 95.84 0.81 92

7.5. Graph robustness evaluation
Graph robustness analysis evaluates the capability of

the proposed framework to maintain graph stability under
uncertainty perturbations. Figure 3 presents the graph
robustness coefficient comparison.
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Figure 3: Graph robustness coefficient comparison.

The proposed framework demonstrated the highest ro-
bustness coefficient due to:
• adaptive graph pruning,
• entropy-guided graph learning,
• spectral graph optimization,
• uncertainty-aware graph propagation.

The spectral graph optimization mechanism substan-
tially improved graph resilience against noisy graph pertur-
bations.

7.6. Energy efficiency evaluation
Energy efficiency analysis was performed to evaluate

graph computational efficiency. Figure 4 illustrates graph
energy consumption analysis.

Table 5 presents the energy efficiency comparison.

Table 5: Energy efficiency comparison.

Method Energy
consumption (J) Reduction (%)

Conventional GNN 100 –
Probabilistic Graph Model 81 19.00
Spiking GNN 34 66.00
Proposed FNGF 21 79.00
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Figure 4: Energy consumption comparison of graph learning
models.

The proposed framework achieved approximately 79%
energy reduction compared to conventional graph neural
systems. This substantial reduction is primarily attributed
to sparse spike-driven graph communication where graph
computation occurs only during graph spike activation
events.

7.7. Adaptive graph stability improvement
Figure 5 illustrates the adaptive graph stability improve-

ment during graph optimization. The algebraic connec-
tivity increased steadily during graph learning, indicating
improved graph resilience and graph structural stability.
The entropy-aware graph optimization mechanism effec-
tively strengthened stable graph pathways while eliminating
unstable graph structures.
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Figure 5: Adaptive graph stability improvement analysis.
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7.8. Ablation study
An ablation study was conducted to analyze the con-

tribution of individual framework components. Figure 6
presents the ablation analysis.
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Figure 6: Ablation study of proposed fuzzy-neuromorphic
framework

The ablation analysis demonstrates that:
• fuzzy uncertainty modeling contributes significantly to

uncertainty classification,
• entropy-aware graph optimization improves graph ro-

bustness,
• spike-based graph propagation enhances energy efficiency

and adaptive convergence.
The complete framework consistently achieved superior

performance compared to partial framework configurations.

7.9. Graph sparsification analysis
Graph sparsification performance evaluates the capabil-

ity of the framework to eliminate redundant graph edges
while maintaining graph connectivity. Figure 7 presents
graph sparsification analysis.
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Figure 7: Entropy-driven graph sparsification analysis.

The proposed framework reduced active graph edges
from 1450 to 641 while preserving graph connectivity and

graph stability. This graph sparsification capability sub-
stantially improved graph efficiency and reduced unneces-
sary graph computations.

7.10. Discussion
The experimental results clearly demonstrate the effec-

tiveness of integrating fuzzy uncertainty reasoning with
neuromorphic graph intelligence for uncertain mathemat-
ical systems. The proposed framework consistently out-
performed conventional graph learning models across all
evaluation metrics due to the following major factors:
• adaptive fuzzy uncertainty representation,
• entropy-aware graph pruning,
• spike-driven graph communication,
• adaptive synaptic graph learning,
• spectral graph stability optimization.

The entropy-aware graph optimization mechanism sig-
nificantly reduced graph uncertainty and eliminated unsta-
ble graph pathways. Simultaneously, sparse spike-based
graph communication substantially reduced graph com-
putational overhead and improved energy-efficient graph
learning. The spectral graph stability analysis further im-
proved graph resilience against topological perturbations
and uncertainty propagation.

Overall, the proposed fuzzy-neuromorphic framework
establishes a scalable, interpretable, and mathematically
rigorous graph intelligence architecture suitable for future
uncertain intelligent systems, adaptive graph optimization
environments, neuromorphic communication systems, and
large-scale uncertainty-aware computational frameworks.

8. Applications of the proposed framework

The proposed FNGF possesses strong applicability across
several intelligent computational and uncertainty-aware
graph environments due to its adaptive uncertainty model-
ing capability, energy-efficient graph learning architecture,
and robust graph optimization mechanisms [46], [51]. In
intelligent transportation systems, the framework can be
utilized for adaptive traffic flow optimization, uncertain
route prediction, autonomous vehicular communication,
and dynamic congestion management where graph con-
nectivity structures continuously evolve under uncertain
environmental conditions [44], [45], [49]. The integration
of fuzzy uncertainty reasoning with adaptive spike-driven
graph learning enables real-time intelligent traffic optimiza-
tion and resilient transportation network analysis.

In communication and networking systems, the pro-
posed framework can support uncertainty-aware routing,
adaptive wireless network optimization, cognitive commu-
nication systems, and resilient graph-based network man-
agement. Entropy-aware graph sparsification and spectral
graph stability optimization significantly improve commu-
nication reliability under noisy and dynamically changing
network environments [26]. The framework is also highly
suitable for IoT infrastructures and distributed intelligent
systems involving uncertain sensor interactions, incom-
plete graph connectivity, and adaptive network evolution.
The sparse spike-based graph communication mechanism
substantially reduces computational overhead and energy
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consumption, thereby supporting large-scale low-power in-
telligent network deployments [50].

In healthcare and biomedical systems, the framework
may be applied for uncertain biological network analy-
sis, adaptive disease propagation modeling [48], medical
decision-support systems [41], [47] neural connectivity anal-
ysis, and intelligent diagnostic graph systems involving
ambiguous and incomplete relational information.

The proposed architecture additionally provides strong
applicability in cybersecurity and anomaly detection sys-
tems where dynamically evolving attack graphs, uncertain
threat propagation, and adversarial graph perturbations
require adaptive graph intelligence and robust uncertainty-
aware graph optimization [12], [39]. Furthermore, the
framework may support intelligent social network analysis,
recommendation systems, financial risk modeling, uncertain
supply-chain optimization, autonomous robotic coordina-
tion systems, and large-scale decision-support environments
involving multidimensional uncertainty propagation and
adaptive graph evolution [40]. The integration of fuzzy
graph theory with neuromorphic graph intelligence there-
fore establishes a scalable and interpretable graph comput-
ing paradigm suitable for future intelligent autonomous sys-
tems, adaptive optimization frameworks, uncertainty-aware
artificial intelligence environments, and next-generation
neuromorphic computational infrastructures.

9. Conclusion

This research presented FNGF for uncertain mathemat-
ical systems by integrating fuzzy graph theory, adaptive
neuromorphic spike propagation, entropy-aware graph op-
timization, and spectral graph stability analysis within a
unified graph intelligence architecture. The proposed frame-
work addressed major limitations of conventional graph
learning systems involving uncertainty representation, adap-
tive graph evolution, graph robustness, energy-efficient
computation, and uncertainty propagation optimization.

Experimental evaluations conducted using 5000 syn-
thetic uncertain graph instances demonstrated that the
proposed framework significantly outperformed conven-
tional graph learning and uncertainty modeling approaches.
The proposed FNGF achieved uncertainty classification ac-
curacies of 97.82%, 94.12%, and 90.37% under low, medium,
and high uncertainty environments, respectively. Addition-
ally, the framework demonstrated 95.84% graph stability
prediction accuracy and achieved approximately 60.29%
graph entropy reduction and nearly 79% graph energy con-
sumption reduction compared to conventional graph neural
architectures. The entropy-aware graph pruning mecha-
nism successfully eliminated unstable graph pathways and
improved graph sparsification efficiency, while adaptive
spike-driven graph communication substantially enhanced
graph convergence behavior and reduced computational
overhead. Spectral graph stability analysis further im-
proved graph robustness and resilience against topological
perturbations and uncertainty propagation.

Declarations and Ethical Statements

Conflict of interest: The authors declare that there is
no conflict of interest.

Funding statement: The authors declare that no specific
funding was received for this research.
Artificial Intelligence usage statement: During the
preparation of this manuscript, the authors utilized Chat-
GPT solely for language refinement and grammatical cor-
rections. The authors carefully reviewed and revised the
generated content and take full responsibility for the accu-
racy, integrity, and originality of the final manuscript.
Availability of data and materials: The data and/or
materials that support the findings of this study are avail-
able from the corresponding author upon reasonable re-
quest.

CRediT authorship contribution statement

A Sudha: Conceptualization, Investigation, Writing –
review & editing. P Jeyanthi: Conceptualization & Vali-
dation. Kavitha Chinnathambi: Data curation & Visu-
alization. K. Kalaivani: Data curation & Visualization.
Devika Dabke: Formal analysis.

Publisher’s note

Krrish Scientific Publications Pvt. Ltd. and the
Journal of Computing and Data Technology remain
neutral with regard to jurisdictional claims in published
maps and institutional affiliations.

References

[1] Mohammad AA, Yogeesh N, Mohammad SI, Raja N, Lingaraju,
William P, Vasudevan A, Alshdaifat N, Hunitie MF. An In-
tuitionistic Fuzzy Graph Model: Matrix Representations and
Applications. Cybernetics and Information Technologies. 2025
Dec 1;25(4):3-19. Available from: https://doi.org/10.2478/ca
it-2025-0030

[2] Du B, Zhou J, Liu L, She X. FL-GNN: Efficient Fusion of
Fuzzy Neural Network and Graph Neural Network. InECAI
2024: 27th European Conference on Artificial Intelligence, 19–24
October 2024, Santiago de Compostela, Spain–Including 13th
Conference on Prestigious Applications of Intelligent Systems
(PAIS 2024) 2024 (pp. 1768-1775). 1 Oliver’s Yard, 55 City Road,
London, EC1Y 1SP: SAGE Publications Pvt. Ltd. Available from:
https://doi.org/10.3233/faia240687

[3] Fujita T, Smarandache F. Theoretical Foundations of Super-
hypergraph and Plithogenic Graph Neural Networks. arXiv
(Cornell University). 2024 Dec 2; Available from: https:
//doi.org/10.48550/arxiv.2412.01176

[4] Komathi J, Meiyappan D, Anitha K. A valent-based metric
framework for analyzing intuitionistic fuzzy graphs in uncer-
tain environments. Ain Shams Engineering Journal. 2026 Jan
1;17(1):103817. Available from: https://doi.org/10.1016/j.
asej.2025.103817

[5] Fujita T, Smarandache F. Advancing Uncertain Combina-
torics through Graphization, Hyperization, and Uncertainiza-
tion: Fuzzy, Neutrosophic, Soft, Rough, and Beyond (Sec-
ond Volume). Infinite Study; 2024 Nov 1. Available from:
https://doi.org/10.31224/4196

[6] Akram M, Dar JM, Naz S. Certain graphs under Pythagorean
fuzzy environment. Complex & Intelligent Systems. 2019
Jun;5(2):127-144. Available from: https://doi.org/10.100
7/S40747-018-0089-5

https://krrishpub.com/index.html
https://journal.krrishpub.com/index.php/jcdt/index
https://doi.org/10.2478/cait-2025-0030
https://doi.org/10.2478/cait-2025-0030
https://doi.org/10.3233/faia240687
https://doi.org/10.48550/arxiv.2412.01176
https://doi.org/10.48550/arxiv.2412.01176
https://doi.org/10.1016/j.asej.2025.103817
https://doi.org/10.1016/j.asej.2025.103817
https://doi.org/10.31224/4196
https://doi.org/10.1007/S40747-018-0089-5
https://doi.org/10.1007/S40747-018-0089-5


Sudha et al. Journal of Applied Sciences and Modelling, Volume 2, Issue 1, Jan–Jun 2026, pp. 83–100 99

[7] Neumann T. Routing planning as an application of graph the-
ory with fuzzy logic. TransNav, International Journal on Ma-
rine Navigation and Safety od Sea Transportation. 2016 Dec
1;10(4):661-664. Available from: https://doi.org/10.12716/1
001.10.04.17

[8] Drakopoulos G, Kanavos A, Tsakalidis K. Fuzzy random walkers
with second order bounds: An asymmetric analysis. Algorithms.
2017 Mar 30;10(2):40. Available from: https://doi.org/10.3
390/A10020040

[9] Yadegari M, Seyedin SA. Rule-based joint fuzzy and proba-
bilistic networks. Iranian Journal of Fuzzy Systems. 2020 May
1;17(3):135. Available from: https://doi.org/10.22111/ijfs.
2020.5354

[10] Mohammad SI. Fuzzy Line Graphs and Their Extensions: Math-
ematical Properties and Applications. International Journal
of Applied Mathematics. 2025 Oct 22;38(7s):519-540. Available
from: https://doi.org/10.12732/ijam.v38i7s.498

[11] Nazir N, Shaheen T, Jin L, Senapati T. An Improved Algorithm
for Identification of Dominating Vertex Set in Intuitionistic
Fuzzy Graphs. Axioms. 2023 Mar 9;12(3):289. Available from:
https://doi.org/10.3390/axioms12030289

[12] Penaganti R. Graph Neural Network-Based Framework for Real-
Time Financial Fraud Detection in Digital Payment Ecosystems.
Journal of Computing and Data Technology. 2025;1(2):91-7.
Available from: https://doi.org/10.71426/jcdt.v1.i2.pp91
-97

[13] Yang S, Wu Y, Chen B. SSEL: spike-based structural entropic
learning for spiking graph neural networks. Frontiers in Neu-
roscience. 2025 Nov 28;19:1687815. Available from: https:
//doi.org/10.3389/fnins.2025.1687815

[14] Volosova AV, Matyukhina EN, Morozov EA. Implementation
of Secure Traffic Light Management Using a Neuromorphic
Computing Base Based on Fuzzy Graphs. Computational Nan-
otechnology. 2025 Jun 19;12(1):11-16. Available from: https:
//doi.org/10.33693/2313-223x-2025-12-1-11-16

[15] Kalaiselvi B, Sivakumar K, Selvakumari K, Pathmavathi VR,
Kalarani P, Kesavan A. Deep Neural Network-Enhanced Trape-
zoidal Neutrosophic Shortest-Path Optimization in Uncertain
Graph. In 2025 3rd International Conference on Sustainable
Computing and Data Communication Systems (ICSCDS) 2025
Aug 6 (pp. 1988-1993). IEEE. Available from: https://doi.or
g/10.1109/icscds65426.2025.11166880

[16] Koam AN, Akram M, Liu P. Decision-Making Analysis Based on
Fuzzy Graph Structures. Mathematical Problems in Engineering.
2020;2020(1):6846257. Available from: https://doi.org/10.1
155/2020/6846257

[17] Yoga S, Selvapriya S, Maheshwari K, Varshini LM. Fuzzy Semi-
Directed Graphs: A Novel Approach for Modeling Complex
Networks. International Journal of Science, Mathematics and
Technology Learning. 2025 Apr 4; Available from: https://doi.
org/10.5281/zenodo.15147636

[18] Masood Malik H, Akram M, Smarandache F. Soft Rough Neu-
trosophic Influence Graphs with Application. Mathematics. 2018
Jul 18;6(7):125. Available from: https://doi.org/10.3390/ma
th6070125

[19] Qu J, Wang Q, Deji A. Fuzzy Edge Chromatic Number of the
Join of Fuzzy Graphs and Its Applications. Axioms. 2025 Nov
6;14(11):822. Available from: https://doi.org/10.3390/axio
ms14110822

[20] Gong Z, Zhang C. Adjacent Vertex Distinguishing Coloring of
Fuzzy Graphs. Mathematics. 2023 May 10;11(10):2233. Available
from: https://doi.org/10.3390/math11102233

[21] Bera S, Pal M. A novel concept of domination in m-polar interval-
valued fuzzy graph and its application. Neural Computing and
Applications. 2022 Jan;34(1):745-56. Available from: https:
//doi.org/10.1007/S00521-021-06405-9

[22] Shi X, Kosari S, Sadati SH, Talebi AA, Khan A. Special concepts
of edge regularity in the cubic fuzzy graph structure environment
with an application. Frontiers in Physics. 2023 Aug 8;11:1222150.
Available from: https://doi.org/10.3389/fphy.2023.1222150

[23] Fujita T, Smarandache F. A Review of the Hierarchy of

Plithogenic, Neutrosophic, and Fuzzy Graphs: Survey and Ap-
plications. UNM Digital Repository. Available from: https:
//digitalrepository.unm.edu/math_fsp/780

[24] Noppakaew P, Hengthonglert K, Sakuntasathien S. Dominating
Broadcasts in Fuzzy Graphs. Mathematics. 2022 Jan 17;10(2):281.
Available from: https://doi.org/10.3390/math10020281

[25] Shahzadi S, Sarwar M, Akram M. Decision-Making Approach
with Fuzzy Type-2 Soft Graphs. Journal of Mathematics.
2020;2020(1):8872446. Available from: https://doi.org/10
.1155/2020/8872446

[26] Poulik S, Ghorai G. New concepts of inverse fuzzy mixed graphs
and its application. Granular Computing. 2022 Jul;7(3):549-59.
Available from: https://doi.org/10.1007/S41066-021-00284
-0

[27] Muhiuddin G, Hameed S, Maryam A, Ahmad U. Cu-
bic Pythagorean Fuzzy Graphs. Journal of Mathematics.
2022;2022(1):1144666. Available from: https://doi.org/10
.1155/2022/1144666

[28] Muneera A, Rao TN, Rao RV, Rao JV. Applications of Fuzzy
Graph Theory Portrayed in Various Fields. Research Square.
2021 Mar 19. Available from: https://doi.org/10.21203/RS.3.
RS-298268/V1

[29] Bhattacharya A, Pal M. Fuzzy covering problem of fuzzy graphs
and its application to investigate the Indian economy in new
normal. Journal of Applied Mathematics and Computing. 2022
Feb;68(1):479-510. Available from: https://doi.org/10.1007/
S12190-021-01539-4

[30] Poulik S, Ghorai G. Estimation of most effected cycles and busi-
est network route based on complexity function of graph in fuzzy
environment. Artificial Intelligence Review. 2022 Aug;55(6):4557-
74. Available from: https://doi.org/10.1007/s10462-021-101
11-2

[31] Li H, Zhang B, Peng J, Ge X. Local Connectivity of Uncertain
Random Graphs. IEEE Access. 2020 Jun 22;8:115548-58. Avail-
able from: https://doi.org/10.1109/ACCESS.2020.3004242

[32] Fujita T. Meta-Fuzzy Graph, Meta-Neutrosophic Graph, Meta-
Digraph, and Meta-MultiGraph with some applications. Avail-
able from: https://doi.org/10.31224/5126

[33] Santhimaheswari NR, Sekar C. On strongly edge irregular
fuzzy graphs. Kragujevac Journal of Mathematics. 2016 Jan
1;40(1):125-35. Available from: https://imi.pmf.kg.ac.rs/kjm
/pub/kjom40/kjm_40_1-11.pdf

[34] Vasuki M, Shanmugapriya R, Mahdal M, Cep R. A study on
fuzzy resolving domination sets and their application in network
theory. Mathematics. 2023 Jan 7;11(2):317. Available from: ht
tps://doi.org/10.3390/math11020317

[35] Parimala M, Jafari S. Spherical Linear Diophantine Fuzzy
Graphs: Unleashing the Power of Fuzzy Logic for Uncer-
tainty Modeling and Real-World Applications. Axioms. 2024
Feb 27;13(3):153. Available from: https://doi.org/10.3390/ax
ioms13030153

[36] Mahamud Z, Ahmad T. POSSIBLE PATHS IN AUTOCAT-
ALYTIC AND FUZZY AUTOCATALYTIC SETS. International
Journal of Pure and Applied Mathematics. 2017;115(1):43-58.
Available from: https://doi.org/10.12732/IJPAM.V115I1.4

[37] Bujtás C, Henning MA. On the domination number of graphs
with minimum degree six. Discrete Mathematics. 2021 Aug
1;344(8):112449. Available from: https://doi.org/10.1016/j.
disc.2021.112449

[38] Manjusha OT, Sunitha MS. Notes on domination in fuzzy graphs.
Journal of intelligent & fuzzy systems. 2014 Dec;27(6):3205-12.
Available from: https://doi.org/10.3233/IFS-141277

[39] Li S, Wan C, Talebi AA, Mojahedfar M. Energy of Vague
Fuzzy Graph Structure and Its Application in Decision Mak-
ing. Symmetry. 2022 Oct 6;14(10):2081. Available from: https:
//doi.org/10.3390/sym14102081

[40] Pothireddy SR. Cloud-Native AI-Driven Enterprise Automation
for Scalable Digital Process Transformation in Multi-Industry
Ecosystems. Journal of Applied Sciences and Modelling. 2025
Dec. 31;1(1):60-74. Available from: https://doi.org/10.71426
/jasm.v1.i1.pp60-74

https://doi.org/10.12716/1001.10.04.17
https://doi.org/10.12716/1001.10.04.17
https://doi.org/10.3390/A10020040
https://doi.org/10.3390/A10020040
https://doi.org/10.22111/ijfs.2020.5354
https://doi.org/10.22111/ijfs.2020.5354
https://doi.org/10.12732/ijam.v38i7s.498
https://doi.org/10.3390/axioms12030289
https://doi.org/10.71426/jcdt.v1.i2.pp91-97
https://doi.org/10.71426/jcdt.v1.i2.pp91-97
https://doi.org/10.3389/fnins.2025.1687815
https://doi.org/10.3389/fnins.2025.1687815
https://doi.org/10.33693/2313-223x-2025-12-1-11-16
https://doi.org/10.33693/2313-223x-2025-12-1-11-16
https://doi.org/10.1109/icscds65426.2025.11166880
https://doi.org/10.1109/icscds65426.2025.11166880
https://doi.org/10.1155/2020/6846257
https://doi.org/10.1155/2020/6846257
https://doi.org/10.5281/zenodo.15147636
https://doi.org/10.5281/zenodo.15147636
https://doi.org/10.3390/math6070125
https://doi.org/10.3390/math6070125
https://doi.org/10.3390/axioms14110822
https://doi.org/10.3390/axioms14110822
https://doi.org/10.3390/math11102233
https://doi.org/10.1007/S00521-021-06405-9
https://doi.org/10.1007/S00521-021-06405-9
https://doi.org/10.3389/fphy.2023.1222150
https://digitalrepository.unm.edu/math_fsp/780
https://digitalrepository.unm.edu/math_fsp/780
https://doi.org/10.3390/math10020281
https://doi.org/10.1155/2020/8872446
https://doi.org/10.1155/2020/8872446
https://doi.org/10.1007/S41066-021-00284-0
https://doi.org/10.1007/S41066-021-00284-0
https://doi.org/10.1155/2022/1144666
https://doi.org/10.1155/2022/1144666
https://doi.org/10.21203/RS.3.RS-298268/V1
https://doi.org/10.21203/RS.3.RS-298268/V1
https://doi.org/10.1007/S12190-021-01539-4
https://doi.org/10.1007/S12190-021-01539-4
https://doi.org/10.1007/s10462-021-10111-2
https://doi.org/10.1007/s10462-021-10111-2
https://doi.org/10.1109/ACCESS.2020.3004242
https://doi.org/10.31224/5126
https://imi.pmf.kg.ac.rs/kjm/pub/kjom40/kjm_40_1-11.pdf
https://imi.pmf.kg.ac.rs/kjm/pub/kjom40/kjm_40_1-11.pdf
https://doi.org/10.3390/math11020317
https://doi.org/10.3390/math11020317
https://doi.org/10.3390/axioms13030153
https://doi.org/10.3390/axioms13030153
https://doi.org/10.12732/IJPAM.V115I1.4
https://doi.org/10.1016/j.disc.2021.112449
https://doi.org/10.1016/j.disc.2021.112449
https://doi.org/10.3233/IFS-141277
https://doi.org/10.3390/sym14102081
https://doi.org/10.3390/sym14102081
https://doi.org/10.71426/jasm.v1.i1.pp60-74
https://doi.org/10.71426/jasm.v1.i1.pp60-74


Sudha et al. Journal of Applied Sciences and Modelling, Volume 2, Issue 1, Jan–Jun 2026, pp. 83–100 100

[41] Kalnoor G, Dasari KS, Waddenkery N, Pragathi B. Enhanced
brain tumor detection from MRI scans using frequency domain
features and hybrid machine learning models. Journal of Modern
Technology. 2024:141-9.

[42] Jeyanthi P, Gomathi R, Lau GC. Analytic odd mean labeling
of Corona graphs. Malaya Journal of Matematik. 2020 Jun
24;8(3):898-902. Available from: https://doi.org/10.26637/M
JM0803/0028

[43] Jeyanthi P, Sudha A. Total edge irregularity strength of disjoint
union of wheel graphs. Electronic Notes in Discrete Mathematics.
2015 Jul 1;48:175-82. Available from: https://doi.org/10.101
6/j.endm.2015.05.026

[44] Sheetal AP, Khalaf MI, Zaidi A, Dutta AK, Alam MS, Yogi
KS, Pathak N, Abdullayev A, Krishna VM. Blockchain-Based
Anomaly Detection in Vehicular Ad-Hoc Networks Using Deep
Reinforcement Learning. Transactions on Emerging Telecommu-
nications Technologies. 2025 Oct;36(10):e70282. Available from:
https://doi.org/10.1002/ett.70282

[45] Krishna VM, Fotouhi H, Cheruku R, Wahid A, Tran TA. Edito-
rial Article (Special Issue) Measurement, Control and Security
of Systems for Smart Cities. Measurement: Sensors. 2026 Jan
13:101990. Available from: https://doi.org/10.1016/j.meas
en.2026.101990

[46] Penaganti R. Security-Trust-Determinism Co-Design Using Hy-
brid Intrusion Detection With Temporal Modeling for Real-
Time Publish-Subscribe Middleware. IEEE Communications
Standards Magazine. 2026 Apr 1. Available from: https:
//doi.org/10.1109/MCOMSTD.2026.3676622

[47] Akuthota S. Enhanced Breast Cancer Classification Using
Attention-Augmented CNN and Multi-View Learning on the
Inbreast Dataset. In 2025 International Conference on Comput-
ing Technologies & Data Communication (ICCTDC) 2025 Jul
4 (pp. 1-5). IEEE. Available from: https://doi.org/10.1109/
ICCTDC64446.2025.11159034

[48] Shahzad T, Saqib SM, Mazhar T, Jiang W, Ouahada K. Tumor-
Swin Transformer model for brain Tumor classification using
MRI. Array. 2026 Jul 1;30:100954. Available from: https://do
i.org/10.1016/j.array.2026.100954

[49] Cao CY, Bao YX, Jiang W, Shi Q. An Adaptive Semantic
Pattern Matching Transformer for Traffic Flow Prediction. IEEE
Internet of Things Journal. 2026 May 22. Available from: https:
//doi.org/10.1109/JIOT.2026.3695887

[50] Saripudi K. Dynamic LSTM-Based Energy Consumption Predic-
tion for Smart Home Applications. In 2025 IEEE International
Conference on Smart Power, Energy, Renewables, and Trans-
portation (SPERT) 2025 Dec 22 (pp. 1-5). IEEE. Available from:
https://doi.org/10.1109/SPERT67079.2025.11469423

[51] Mohanta KK, Sharanappa DS, Dabke D, Mishra LN, Mishra VN.
Data Envelopment Analysis on the Context of Spherical Fuzzy
Inputs and Outputs. European Journal of Pure and Applied
Mathematics. 2022 Jul 31;15(3):1158-79. Available from: https:
//doi.org/10.29020/nybg.ejpam.v15i3.4391

https://doi.org/10.26637/MJM0803/0028
https://doi.org/10.26637/MJM0803/0028
https://doi.org/10.1016/j.endm.2015.05.026
https://doi.org/10.1016/j.endm.2015.05.026
https://doi.org/10.1002/ett.70282
https://doi.org/10.1016/j.measen.2026.101990
https://doi.org/10.1016/j.measen.2026.101990
https://doi.org/10.1109/MCOMSTD.2026.3676622
https://doi.org/10.1109/MCOMSTD.2026.3676622
https://doi.org/10.1109/ICCTDC64446.2025.11159034
https://doi.org/10.1109/ICCTDC64446.2025.11159034
https://doi.org/10.1016/j.array.2026.100954
https://doi.org/10.1016/j.array.2026.100954
https://doi.org/10.1109/JIOT.2026.3695887
https://doi.org/10.1109/JIOT.2026.3695887
https://doi.org/10.1109/SPERT67079.2025.11469423
https://doi.org/10.29020/nybg.ejpam.v15i3.4391
https://doi.org/10.29020/nybg.ejpam.v15i3.4391

	Introduction
	Background and Motivation
	Research challenges
	Research contributions
	Paper organization

	Theoretical foundations of fuzzy graph theory
	Evolution of fuzzy set extensions
	Intuitionistic and Pythagorean Fuzzy Graphs
	Neutrosophic and Plithogenic Graph Models
	Spectral and matrix-based fuzzy graph formulations
	Metric and connectivity measures

	Neuromorphic graph architectures
	Spiking graph neural networks
	Neuromorphic spike propagation
	Fuzzy-neural graph integration
	Entropy-driven graph learning
	Energy-efficient adaptive graph systems

	Proposed fuzzy-neuromorphic mathematical framework
	Hybrid graph representation
	Adaptive fuzzy membership modeling
	Spike-based graph propagation
	Synaptic weight optimization
	Dynamic uncertainty propagation
	Graph stability formulation

	Adaptive neuromorphic graph optimization algorithm
	Training procedure
	Spike propagation and graph learning
	Adaptive synaptic update
	Entropy minimization
	Graph stability evaluation
	Convergence analysis

	Experimental framework
	Uncertain graph dataset
	Noise injection model
	Experimental environment
	Evaluation metrics

	Results and discussion
	Uncertainty classification accuracy
	Graph stability prediction analysis
	Uncertainty propagation convergence analysis
	Entropy reduction performance
	Graph robustness evaluation
	Energy efficiency evaluation
	Adaptive graph stability improvement
	Ablation study
	Graph sparsification analysis
	Discussion

	Applications of the proposed framework
	Conclusion

