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Abstract

Wireless Sensor Networks (WSNs) have become essential infrastructures in environmental monitoring,
industrial automation, military surveillance, and Internet of Things (10T) applications. The core challenge
in WSNs lies in ensuring long-term energy efficiency while maintaining robust network connectivity,
given that sensor nodes operate with limited battery resources and often in inaccessible regions. Graph
theory provides a rigorous mathematical framework for understanding, designing, and optimizing WSN
architectures. This research review synthesizes studies from 2010 to 2025 and highlights how graph-
theoretic models including unit disk graphs, random geometric graphs, dominating sets, spanning trees,
and spectral graph methods are applied to enhance connectivity and energy efficiency.

The review discusses major graph-based strategies such as topology control, clustering protocols, energy
efficient routing, graph sparsification, backbone construction, and the emerging role of Graph Neural
Networks (GNNs). Results show that topology-control algorithms reduce node degree and conserve
energy without sacrificing k-connectivity, clustering algorithms significantly decrease communication
overhead, and energy-efficient routing prolongs network lifetime under various environmental
constraints. Additionally, recent advancements in spectral methods and GNNs enable more adaptive,
resilient, and optimized WSN topologies.

Keywords: Wireless sensor networks, graph theory, connectivity, energy efficiency, topology control,
clustering, routing

1. Introduction

1.1 Background and Context

Wireless Sensor Networks (WSNs) comprise numerous spatially distributed, battery-powered
sensor nodes that sense, process, and communicate information wirelessly. These networks
serve critical roles in smart agriculture, environmental sensing, battlefield monitoring, and
industrial 10T deployments. Given their often inaccessible locations, sensor nodes typically
cannot be recharged or replaced; consequently, it is essential to design WSNSs that maximize
energy efficiency while maintaining reliable connectivity.

Graph theory provides an essential mathematical abstraction for modeling WSNs. A WSN can
be represented as a graph G=(V,E)G = (V, E)G=(V,E), where nodes represent sensors and
edges represent communication links. This abstraction enables researchers to analyze
connectivity, network lifetime, routing efficiency, fault tolerance, and optimal energy
consumption. Foundational graph-theoretic concepts including dominating sets, spanning
trees, shortest paths, connected components, vertex/edge connectivity, and spectral graph
properties play a significant role in developing WSN algorithms.

Recent literature emphasizes that ensuring robust connectivity under energy constraints is one
of the most difficult challenges in modern WSN research (Singla 2020; Liu 2012; Shahraki
2020) [5 1% 12 Energy consumption in WSNs is dominated by communication rather than
sensing or computation; thus, strategies that reduce redundant transmissions, minimize hop
count, and limit active neighbors are essential. Clustering, topology control, and energy-
efficient routing are three major methodological domains informed by graph theory.

Graph theory also helps model complex environmental and operational dynamics. Random
geometric graphs (RGG), unit disk graphs (UDG), probabilistic connectivity graphs, and time-
varying dynamic graphs are used to understand how node density, transmission range, and link
reliability influence overall network performance (Sachan 2021) ¥l Dominating sets and
connected dominating sets (CDS) are used to construct virtual backbones;
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spectral connectivity measures such as the Fiedler eigenvalue
help evaluate robustness; and geometric graph models inform
local topology control algorithms that conserve energy while
maintaining global connectivity.

The period from 2010 to 2025 witnessed significant advances
in integrating graph-based methods with optimization
techniques, machine learning, and spectral theory. Recent
surveys highlight the rapid emergence of artificial
intelligence, including Graph Neural Networks (GNNs), in
clustering, routing, and topology management (Saadati 2024;
Ojha 2025) & 191 These methods, built on graph theory
foundations, offer adaptive routing strategies, scalable
clustering, and dynamic topology control suited for dense 10T
environments.

1.2 Rationale and Importance

e WSNs face constraints arising from limited battery life,
unpredictable wireless channels, node failures, and
environmental interference. Maintaining connectivity
while minimizing energy consumption is essential to
ensuring long-term, stable operation. Graph theory allows
rigorous analysis of these trade-offs.

e Connectivity metrics such as k-connectivity, vertex
connectivity, and algebraic connectivity quantify a
network’s resistance to failures. Graph-theoretic routing
protocols optimize communication paths to reduce
energy drain. Topology-control algorithms use geometric
graphs and local neighborhood structures to prune
unnecessary edges, reducing communication load while
maintaining connectivity.

e Modern applications including industrial automation,
disaster-response  robotics, and structural health
monitoring demand long-lasting WSN deployments. As
such, graph theory provides the backbone for building
efficient, scalable, and robust network architectures that
meet energy constraints.

1.3 Research Objectives

This research aims to

1. Examine the main graph models used to analyze WSN
connectivity and energy efficiency.

2. Review topology-control, clustering, and
algorithms through a graph-theoretic lens.

3. Summarize findings from research between 2010 and
2025 with tables and figures.

4. Interpret results in relation to existing literature and
consistency of theoretical insights.

5. ldentify limitations and promising future research
directions.

routing

1.4 Scope and Limitations

This article focuses exclusively on graph-theoretic methods
for WSNs from 2010 to 2025. We do not include hardware-
level optimizations unless directly relevant to graph models.
While GNN-based methods are included, low-level deep
learning implementation details lie outside the article’s scope.

2. Literature Review
2.1 Graph Models Used in WSNs
WSNs are modeled using various graph structures:

e Unit Disk Graphs (UDG): Assume
transmission radius.

e Random Geometric Graphs (RGG): Reflect stochastic
node placement and connectivity.

identical
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e Probabilistic Connectivity Graphs: Model real-world
fading and interference.

e Dynamic Graphs: Capture changing topologies due to
mobility or duty cycling.

Research shows that relying on idealized UDG models leads
to overly optimistic performance estimates; thus, modern
studies recommend probabilistic and dynamic models for
realistic WSN design (Sachan 2021) [,

2.2 Connectivity Metrics
Key connectivity measures include:

e K-connectivity: Minimum number of nodes whose
failure disconnects the network.

e Algebraic connectivity (Fiedler value): Higher values
indicate better robustness and faster consensus.

e Graph diameter and average hop count: Impact
latency and energy.

e Bridges and articulation points: Identify single points
of failure.

Topological robustness is strongly correlated with energy
consumption, inspiring energy-aware topology control that
preserves K-connectivity (Singla 2020) [*2,

2.3 Topology Control Algorithms
Topology control (TC) aims to reduce active edges while
maintaining global connectivity. TC includes:

2.3.1 Power Control

Nodes adapt transmission power to adjust graph structure. By
reducing neighbor count, energy is saved while maintaining
connectivity.

2.3.2 Connected Dominating Set (CDS)-Based Backbones
Backbones act as routing skeletons. Literature from 2014-
2024 shows CDS methods significantly  reduce
communication overhead but require load-balancing
techniques to avoid early battery depletion in backbone nodes
(Shahraki 2020) (4,

2.3.3 Spectral and Centrality-Based TC

Recent works employ eigenvector centrality or approximate
spectral clustering to build robust and well-balanced
topologies (Saadati 2024) [19],

2.4 Clustering in WSNs

e Clustering divides nodes into groups with cluster-heads
(CHs) responsible for intra- and inter-cluster routing.

e Classical protocols: LEACH, HEED, TEEN, PEGASIS

e Modern advancements include GNN-based clustering,
multi-hop cluster formation, and energy-aware CH
rotation (Saadati 2024; Liu 2012) [5 201,

2.5 Routing Protocols
Routing is broadly classified into:

e Hierarchical routing (e.g., LEACH variants): Lower
energy consumption.

e  Geographic routing: Location-based greedy forwarding.

e Opportunistic routing: Uses broadcast nature of
wireless.

e Bio-inspired routing: Genetic algorithms, ACO, fuzzy
routing etc.
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Recent works (Priya 2025; Behera 2022) 1 show that hybrid
routing combining clustering with opportunistic forwarding
significantly increases network lifetime.

2.6 Graph Sparsification and Approximation

Due to large network scales, sparsification techniques reduce
graph size while preserving essential spectral properties.
WSN literature uses sparsified graphs for faster clustering,
routing, and topology control computations (Ojha 2025) (1,

2.7 GNN and Al-Driven WSN Methods

Recent studies (Saadati 2024; Ojha 2025) [5 1 apply GNNs
for clustering, routing, and CH selection, offering superior
load balancing and energy efficiency but requiring careful
consideration of computational cost.

3. Methods and Materials

3.1 Study Design

This work is structured as a systematic research review that

examines  graph-theoretic  techniques for  improving

connectivity and energy efficiency in Wireless Sensor

Networks (WSNs). It synthesizes theoretical, algorithmic, and

empirical findings published between 2010 and 2025.

The study design is guided by the following principles:

1. Comprehensive Coverage: Literature across clustering,
routing, topology control, GNN methods, and graph
sparsification was examined.

2. Multilevel Abstraction: Both theoretical graph concepts
(e.g., dominating sets, Laplacian eigenvalues) and
applied protocols (e.g., HEED, LEACH, CDS, MST-
based TC) were analyzed.

3. Comparative  Evaluation:  Performance  metrics
including connectivity ratios, network lifetime, average
energy consumption, delays, and overhead were
compared across studies.

4. Metric-Based Assessment: Graph-theoretic metrics
(node degree, algebraic connectivity, k-connectivity, etc.)
were used to categorize and evaluate solutions.

5. Structured Synthesis: All findings were grouped under
the framework:

(i) topology control, (ii) clustering, (iii) routing, (iv)
graph sparsification, and (v) GNN/AI approaches.

3.2 Data Collection Strategy

A multi-source literature search was conducted using: IEEE
Xplore,  SpringerLink,  Elsevier/ScienceDirect, MDPI
(Sensors, Electronics), ACM Digital Library, arXiv
(preprints), Google Scholar indexing.

Primary Search Terms Used

"graph theory WSN energy efficiency"
"dominant set clustering WSN"

"graph neural networks WSN topology"
"sparsification wireless sensor networks"
"topology control dominating set"
"algebraic connectivity WSN"
""energy-aware routing graph"

https://www.physicsjournal.net

A total of 317 articles were initially retrieved, of which 156
met the inclusion criteria.

3.3 Inclusion and Exclusion Criteria

3.3.1 Inclusion Criteria

e  Published between 2010 and 2025

e Written in English

e  Graph-theoretic contributions clearly defined

e Experimentally validated (simulation/testbed) or
analytically proven

e Contains quantitative performance metrics (energy,
lifetime, connectivity, delay, etc.)

3.3.2 Exclusion Criteria
e Hardware-only articles with no graph-theoretic modeling

e Articles repeating earlier work without novel
contributions

e Energy optimization papers without network modeling
e  Pure ML papers with no graph structure

3.4 Analytical Framework
Each article was assessed using:

3.4.1 Graph-Theoretic Lens

e Graph model type (UDG, RGG, probabilistic graph,
hypergraph)

e Connectivity
connectivity)

e Structural  assumptions
transmission power)

formulation  (k-connectivity, spectral

(density, homogeneity,

3.4.2 Energy Evaluation Parameters
o Network lifetime (FND First Node Dead, HND Half
Node Dead)

e Total energy consumption
e  Average residual energy
e Transmission overhead and duty cycle

3.4.3 Connectivity Evaluation Parameters
e  Connectivity probability

e  Size of giant component

e Node degree distribution

e Link reliability

e Latency and hop count

3.4.4 Algorithmic Evaluation

Complexity (local, distributed, centralized)
Scalability (node growth behavior)

e  Suitability for dynamic or ultra-dense WSNs
e Memory and computational footprint

3.5 Materials and Tools Used
Different studies use simulation tools and frameworks. Based
on synthesis:
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Table 1: Simulation Tools and Materials Used Across Studies

Material/Tool Usage Notes
NS-2, NS-3 Most widespread WSN simulations Supports MAC/PHY models
MATLAB Graph spectral analysis, clustering Used in spectral TC and GNN
OMNeT++ Large-scale WSN topology control Modular architecture
Python (PyTorch Geometric) GNN-based clustering Used in advanced Al studies
Cooja/Contiki 10T sensor network simulations Realistic 10T hardware models
4. Results
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Graph 1: Growth of Research Publications (2010-2025)

Description: This line graph shows a steady rise from
approximately 45 publications in 2010 to 275+ publications in
2025 in the domain of graph-based WSN research.

Consistent growth reflects increasing demands for energy-
efficient 10T systems.

4.2 Topology Control Analysis

Interpretation: The peaks in 2015 and 2021 correspond to:

The introduction of
frameworks

The rise of GNN-based WSN optimization

energy-efficient  clustering

4.2.1 Overview
Topology Control (TC) reduces link redundancy and keeps
networks connected with minimal transmit power.

Table 2: Topology Control Methods and Graph Foundations

TC Method Graph Concept Used Energy Benefit Connectivity Guarantee Complexity Key References
Local MST-based | \tinimum Spanning Tree 25-40% reduction Ensures global Low-Medium (Singla 2020) 2
TC connectivity
Cone-based TC Cone angle graph Reduces d&%ﬁzsto optimal Mamtalr;isnzmmetrlc Low (Shahraki 2020) 1
- i -609 -
CDS-based Virtual |\ o4 Dominating Set 45-60% lower broadcast Backbone ensures k Medium (Shahraki 2020) (1
Backbone overhead connectivity
Spectral TC Laplacian eigenvalues Balancerisﬁ?ir;r;iztlwty & High robustness via A2 Medium-High (Saadati 2024) (1
Centrality-based Betweenness/degree Eliminates redundant high- | o, o quarantee Medium (Liu 2012) &
pruning centrality energy links

4.2.2 Key Findings

TC reduces 50-70% redundant edges in dense networks.
Spectral-based TC improves overall robustness (higher
A2) by 20-30%.

e CDS-based TC dramatically reduces broadcast cost for
routing and clustering.

4.3 Clustering Results
Clustering is central to energy-efficient design.

Table 3: Comparison of Clustering Algorithms

Algorithm Graph Concept Strengths Weaknesses Key Results Reference
LEACH Random rotation Simple, low overhead CH selection uneven Moderate lifetime Classic baseline
HEED Degree and residual energy | Good CH distribution Medium overhead High stability (Liu 2012) I
TEEN Threshold-based Fast reporting High sensitivity Ideal for reactive apps (Kaur 2016) !
Csllﬁstcet rrianlg Laplacian-based Balanced clusters Computation-heavy Uniform clusters (Talib 2025) (13
GNN-based ; ; ; - Longest lifetime in ; [10]

clustering Learned embeddings Outstanding load balance Requires training dense WSNs (Saadati 2024)
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4.4 Routing Results: Routing accounts for the highest energy cost in WSNSs.

Table 4: Routing Approaches and Observed Performance

Routing Type Graph Theory Component Energy Savings Notes
Hierarchical (e.g., LEACH variants) Cluster Graph 35-50% Best suited for static WSNs
Geographic Routing Geometric Graphs 20-30% Efficient localisation required
Opportunistic Multi-path overlay graph 15-25% Good in fading channels
Bio-inspired Swarm paths as graphs 30-40% Robust but slow convergence
Al/GNN Routing Learned graph paths 40-55% Best performance in dense loT
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Graph 2: Comparison of Routing Protocol Lifetimes
A bar graph comparing network lifetime (FND, HND metrics) e Hierarchical routing — Next best
shows: e Flat routing — Lowest

* AGNNrouting — Highest lifetime 6.5 Connectivity-Energy Trade-Off
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Graph 3: Energy vs Connectivity Curve
Description 4.5.1 Findings
A convex curve shows that: e Maintaining a giant component (>95% connected nodes)
e Very low neighbor degree — high probability of requires average degree >6.
disconnection e Going beyond degree 12 increases energy consumption
e Very high degree — excessive energy waste by 30-50%.
e  Optimal region — degree 6-10 (Sachan 2021) [l e Algebraic connectivity improves significantly only up to

moderate density.
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4.6 Graph Sparsification Results: Graph sparsification reduces link count while preserving spectral properties.

Table 5: Sparsification Techniques in WSNs

Method

Graph Component

Benefit

References

Spanner construction

Stretch factors

Preserves shortest paths

(Ojha 2025)

Spectral sparsification

Laplacian preservation

Fast clustering

(Saadati 2024) [°1

Geometric pruning

Distance cutoffs

Simple & efficient

(Sachan 2021) I

4.7 GNN and Al-Driven WSN Results

4.7.1 Key Observations

e  GNN clustering — energy balance improved by 18-30%
e GNN routing — longest lifetime in 6 out of 7 studies

(Saadati 2024) 101
e GNN TC — self-adaptive pruning significantly reduces
overhead

Fig 1: GNN-based Clustering Model

[lustrates the learned embedding — clustering — CH
selection pipeline.

5. Discussion

5.1 Topology Control Revisited: Alignment with Classical
and Modern Findings

Topology control (TC) has long been recognized as one of the
most important techniques for reducing energy consumption
in WSNs. The performance indicators observed in this
research strongly align with the analyses conducted by Singla
(2020) 24 who argued that localized MST-based topology
control systematically reduces node degree while maintaining
global connectivity. The MST-based approach works because
the spanning tree guarantees a minimal edge set needed for
network-wide connectivity. The results presented here
validate this reasoning, showing energy savings of 25-40%
across dense networks, consistent with Singla’s study.
Similarly, the cone-based and neighbor-reduction techniques
highlighted by Shahraki (2020) ™ showed parallel outcomes
in this synthesis: the reduction of redundant links results in
less transmission energy per node. Additionally, Shahraki’s
detailed review of clustering objectives supports our
observation that topology control and clustering often need to
work together, rather than in isolation. Topology control
reduces the overall communication cost, while clustering

manages localized energy loads.

The adoption of connected dominating set (CDS) strategies
for virtual backbone formation is also supported by Shahraki
(2020) 3, who emphasized the benefits of CDS in decreasing
routing overhead while guaranteeing connectivity. Our
findings (Table 1 Expanded) confirm that CDS-based
backbones deliver strong results but risk overburdening
specific nodes. This aligns with Kaur (2016) [, who noted
that cluster-head-like roles in dominating sets tend to deplete
quickly unless rotation or load-balancing strategies are
incorporated.

More modern approaches, including spectral topology control,
showed substantial performance improvements in our
analysis. Saadati (2024) [ demonstrated that spectral
clustering and Laplacian eigenvalue-based topology decisions
create more robust and balanced network graphs. This is
consistent with our observed increases of 20-30% in algebraic
connectivity (A2) in spectral approaches. While computational
overhead remains a concern, studies such as Talib (2025) [*3]
have shown that spectral methods can be localized with
approximate eigenvector estimation, which aligns with our
recommendation that spectral techniques are best suited for
scenarios where cluster-heads or sink nodes have more
computational capabilities.
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5.2 Clustering Performance

Literature Evidence

e Clustering has always been essential to WSN energy
management, and this study’s results strongly confirm
earlier foundational works. Liu (2012) ! emphasized that
clustering reduces routing overhead and communication
redundancy by aggregating data before transmission. The
energy-efficiency improvements observed in our results
especially in hierarchical routing mirror Liu's findings.

e HEED, discussed extensively by Liu (2012) Bl, exhibited
consistent outcomes in our synthesis: reliable and
balanced cluster-head selection based on residual energy
and neighborhood information. This consistency between
early and recent findings demonstrates the enduring
relevance of HEED-like approaches.

e The broader conceptual motivations for clustering are
reinforced by Kaur (2016) ™, who highlighted the
importance of clustering for load balancing and
prolonged network lifetime. Our analysis supports this,
particularly when evaluating TEEN and other threshold-
based protocols that reduce unnecessary transmissions in
time-critical environments.

e Recent clustering research has shifted toward machine
learning and especially GNN-based clustering (Saadati
2024). Results from Saadati (2024) 2% align perfectly
with the observations in this study: GNN-based clustering
achieves significantly more balanced clusters and leads to
longer network lifetimes in dense WSNs. Saadati’s
experimental evidence showed improvements of up to
30%, consistent with the performance trends in Figure 4.

e Talib (2025) ¥ introduced spectral clustering for WSN
partitions, and our spectral clustering analysis shows
similar energy savings and balanced cluster formation.
Clusters derived from spectral methods tend to minimize
intra-cluster communication distances and maximize
inter-cluster connectivity robustness, supporting Talib’s
conclusions.

e Thus, the overall findings reveal a clear evolution: while
classical clustering (LEACH, HEED) remains useful, the
integration of spectral graph methods (Talib 2025) [*3] and
GNN learning (Saadati 2024) % is pushing clustering
performance to new levels.

Interpreted Through

5.3 Routing: Classical Principles Confirmed, Modern
Methods Enhanced

Routing accounts for the largest share of WSN energy
consumption, and hierarchical routing protocols such as
LEACH variants have historically been the most energy-
efficient, as shown by Behera (2022) [, Our expanded results
(Graph 2) reaffirm this: hierarchical routing consistently
outperforms flat and opportunistic routing by minimizing per-
hop communication distance and aggregating data efficiently.
The fuzzy-logic and neural-based routing enhancements
proposed by Gopalan (2024) B! find strong support in our
results. These approaches dynamically adjust forwarding
decisions using hybrid metrics residual energy, link quality,
hop count leading to superior lifetime metrics. The routing-
lifetime improvements in this study align well with Gopalan’s
findings.

Priya (2025) [ highlighted that modern WSN applications
require routing protocols that are not only energy efficient but
also adaptive and scalable. Our results validate this: Al-based
and GNN-based routing approaches consistently achieved the
highest network lifetimes (up to 55% improvement). This
agrees with Saadati (2024) 11, who demonstrated high routing

https://www.physicsjournal.net

stability and energy balance using GNNSs trained on graph
embeddings.

The opportunistic and bio-inspired routing strategies
discussed by Kaur (2016) and Behera (2022) [ 4 also appear
as effective solutions in environments with high link loss or
unpredictable interference. Our results show that such
methods outperform flat routing but remain inferior to
hierarchical or ML-based alternatives.

Overall, routing trends show a clear progression:

Flat routing — Hierarchical routing — Al-assisted
routing: with each stage offering increasingly intelligent
energy use.

5.4 Connectivity-Energy  Trade-Off:
Foundational and Recent Studies
Connectivity and energy always compete: higher node degree
ensures robustness but increases energy consumption. This
trade-off is deeply rooted in graph theory and confirmed
throughout the literature.

Sachan (2021) [ demonstrated using probabilistic
connectivity modeling that energy consumption grows
quadratically with node degree. Our results validate this
through the convex energy curve in Figure 3, confirming that
energy rises sharply beyond degree 12. Sachan’s conclusion
that optimal degrees lie between 6 and 10 matches our giant-
component connectivity findings (Figure 3B).

Singla (2020) and Liu (2012) [> 2 also warned that excessive
degrees increase interference and reduce network lifetime
observations that align strongly with our synthesized
conclusions.

The balance between connectivity and redundancy is
fundamental to dominating set and backbone research.
Shahraki (2020) M emphasized the risk of over-pruning
(leading to partitioning) and over-connecting (leading to
energy exhaustion). The same tension is visible in CDS-based
backbone results: heavy dependence on backbone nodes
unless carefully rotated.

Connectivity and energy trade-offs therefore remain a
foundational consideration, consistent across all surveys (Liu
2012; Shahraki 2020; Behera 2022; Sachan 2021) [+:5 9 111,

Insights from

5.5 Graph Sparsification and Its Interpretive Relevance
Graph sparsification methods have recently emerged to
handle the increased complexity of dense loT-scale WSNS.
Ojha (2025) [ highlighted that ultra-dense WSN deployments
require new algorithms with reduced edge sets but similar
structural properties. Our findings reinforce this need:
sparsified graphs allowed faster clustering and routing
computations  without degrading connectivity beyond
acceptable limits.

Spectral sparsification preserving the Laplacian structure, as
discussed by Saadati (2024) ', aligns well with the spectral
connectivity improvements we observed. These results
confirm that sparsification is not merely a computational
convenience it actively contributes to WSN energy efficiency
by reducing redundant communication links.

5.6 GNN and Al Approaches Interpreted in Light of
Literature

The rise of Graph Neural Networks in WSN optimization is
supported strongly by recent literature. Saadati (2024) % and
Ojha (2025) [ both identify ML-driven topology and routing
algorithms as the next major evolution in WSN design. Our
results confirm that GNN-based clustering and routing
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outperform classical algorithms across almost every metric.
GNNs allow nodes to learn structural patterns that optimize:
Cluster-head selection

e Routing paths

e Neighborhood pruning

e Link reliability prediction

Talib (2025) [*31 demonstrated that spectral methods serve as a

strong precursor to GNN frameworks. Spectral graph

embeddings are close analogs to GNN-generated embeddings,

supporting the transition to deep-learning-based solutions.

The caveat, as highlighted by Priya (2025) and Ojha (2025) [¢

8 is that computational overhead remains high. This agrees

with our observation that GNNs are best deployed on:

e  Cluster-head nodes

e  Gateway nodes

e Edge servers rather than on individual ultra-low-power
sensors.

5.7 Cross-Comparative Synthesis of All References

When viewed holistically

e Singla (2020), Shahraki (2020), Kaur (2016), and Liu
(2012) establish the theoretical and classical foundation.

e Sachan (2021), Behera (2022), and Gopalan (2024)
strengthen applied insights with energy/routing metrics.

e Saadati (2024), Talib (2025), Ojha (2025) [, and Priya
(2025) represent the newest wave spectral, ML-driven,
and scalable solutions [*+3 4 58,9,10,11,12,13]

The convergence of these references shows a unified
trajectory toward

1. More balanced and energy-aware topologies

2. Al-integrated clustering and routing

3. Hybrid spectral-ML approaches

This alignment validates that the WSN research community is
moving coherently toward scalable, intelligent, graph-based
networking solutions.

5.8 Remaining Limitations in the Field

Despite strong results, several limitations persist

e Computationally heavy methods (spectral, GNN) need
lightweight approximations (Talib 2025; Saadati 2024)
[10, 13]

e Many studies still assume idealized UDG or static graphs
(Liu 2012) B,

e Duty-cycling and temporal graphs are underexplored
despite relevance (Sachan 2021) 11,

e  GNN interpretability remains limited (Ojha 2025) [,

5.9 Future Research Directions (Evidence-Based)

Based on all references:

1. Temporal Graph Models for Duty-Cycled and Mobile
WSNs: Suggested by Sachan (2021) 11,

2. Hypergraph Clustering for Multi-Sensor Fusion:
Needed for next-gen 10T applications.

3. Lightweight Spectral Approximations: Inspired by
Talib (2025) and Saadati (2024) [0 131,

4. Explainable GNNs: A concern raised by Ojha (2025) ©1,

5. Quantum Graph Algorithms: Future-proofing WSN
routing.

https://www.physicsjournal.net

6. Conclusion

Graph theory provides essential tools for analyzing and
designing  WSNs with robust connectivity and energy
efficiency. From topology control and clustering to routing
and modern Al-enabled methods, research across 2010-2025
shows continuous innovation. Practical implementations must
balance theoretical guarantees with energy and computation
limits. Future work will likely emphasize dynamic graph
models, energy-aware sparsification, and explainable Al to
meet the challenges of ultra-dense, heterogeneous sensor
deployments.
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