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Abstract

The modern global financial architecture operates as a highly interconnected complex system where transactional
relationships between financial institutions create expansive, dynamic networks. As recent historical events have
demonstrated, localized shocks within these networks can rapidly propagate, leading to systemic crises. This paper presents
a comprehensive protocol evaluation of complex systems indicators designed for crisis detection within financial
transaction networks. By conceptualizing financial markets through the lens of network theory, we investigate how
topological configurations, node behavior, and edge weight variations serve as early warning signals for systemic
instability. We evaluate a standardized protocol that systematically monitors network indicators such as node centrality
fluctuations, clustering coefficient deterioration, and systemic entropy maximization. Through extensive theoretical
analysis and simulated environment testing, the study assesses the efficacy, sensitivity, and latency of these indicators in
detecting anomalous structural shifts that precede financial contagion. The findings suggest that dynamic protocol
evaluations utilizing multi-layered network indicators significantly outperform traditional static econometric models in
identifying emergent crises. This research provides a foundational framework for macroprudential regulators and systemic
risk managers to implement robust, real-time surveillance mechanisms, ultimately enhancing the resilience of the global
financial ecosystem against unforeseen systemic shocks.
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1. Introduction
1.1 The Context of Global Financial Networks

The contemporary global financial system has evolved into an extraordinarily intricate web of interconnected institutions,
markets, and payment systems. This evolution, driven by rapid globalization, financial deregulation, and the advent of
high-frequency digital trading platforms, has fundamentally transformed the nature of financial risk. In this environment,
financial institutions no longer operate in isolation; rather, they are embedded within dense transaction networks
characterized by continuous, high-volume exchanges of liquidity, credit, and assets. Viewing these networks through the
paradigm of complex systems theory provides a critical vantage point for understanding how micro-level interactions
between individual market participants give rise to macro-level systemic phenomena. Traditional econometric models,
which often rely on linear assumptions and normal distributions, have repeatedly proven inadequate for capturing the non-
linear dynamics, feedback loops, and emergent properties inherent in these complex financial structures [1]. Consequently,
there is an urgent and growing consensus among researchers and policymakers regarding the necessity of developing
advanced, network-based methodologies capable of monitoring systemic stability and predicting catastrophic failures
before they cascade through the entire global economy.

1.2 The Concept of Systemic Risk and Complexity

Systemic risk in financial networks refers to the probability that the failure of a single entity, or a cluster of interconnected
entities, will trigger a chain reaction of defaults, ultimately threatening the stability of the entire financial system. This
contagion effect is highly dependent on the topological structure of the transaction network. For instance, networks with a
core-periphery structure, where a few highly connected money center banks serve as the core while numerous smaller
institutions form the periphery, exhibit unique vulnerabilities. While such structures can be robust against random node
failures, they are exceptionally fragile when targeted shocks affect the core hubs [2]. The complexity of these systems is
further exacerbated by the opacity of over-the-counter derivative markets and interbank lending agreements, which obscure
the true extent of counterparty exposure. To address these challenges, researchers have begun to adapt concepts from
statistical mechanics, ecology, and information theory to construct sophisticated indicators of network health. These
complex systems indicators aim to quantify the structural integrity of the financial web, measuring parameters such as
connectivity density, systemic entropy, and the velocity of liquidity circulation across the network [3].
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1.3 The Need for Protocol Evaluation

Despite the theoretical advancements in complex systems indicators, there remains a significant gap in the practical
implementation and rigorous evaluation of these tools in real-world crisis detection scenarios. A protocol, in this context,
refers to a standardized, systematic procedure for collecting transactional data, computing network indicators in real-time
or near-real-time, and triggering alerts based on predefined threshold criteria. Evaluating such protocols is essential to
determine their operational viability, computational efficiency, and accuracy. An effective protocol must balance the trade-
off between sensitivity, the ability to detect genuine nascent crises, and specificity, the ability to avoid false positive alarms
that could inadvertently trigger market panic. The evaluation must also consider the latency of the detection mechanism;
in modern algorithmic trading environments, a crisis can unfold in a matter of hours or even minutes, rendering delayed
indicators virtually useless for intervention purposes. This paper seeks to address this gap by proposing and rigorously
evaluating a comprehensive protocol for deploying complex systems indicators in the surveillance of financial
transaction networks.

2. Literature Review and Background
2.1 Evolution of Financial Crisis Prediction Models

The endeavor to predict and detect financial crises has a long and storied history within economic literature, evolving
through several distinct paradigms as the nature of financial markets has changed. Early generation models primarily
focused on macroeconomic fundamentals, analyzing indicators such as foreign exchange reserves, domestic credit
expansion, and real exchange rate misalignments to predict currency and sovereign debt crises [4]. While these models
provided valuable insights into structural imbalances at the national level, they were largely ill-equipped to handle the
nuances of modern banking panics and liquidity crunches. The subsequent generation of models attempted to incorporate
microeconomic variables, focusing on bank balance sheets, leverage ratios, and capital adequacy metrics [5]. However,
these approaches still suffered from a fundamental flaw: they treated financial institutions as independent entities, ignoring
the intricate web of interbank liabilities and derivative exposures that bind them together. The limitations of these
independent-entity models were laid bare during severe global market downturns, prompting a paradigm shift toward
methodologies that could capture the interconnectedness of the financial ecosystem.

2.2 Network Theory Applications in Finance

The integration of network theory into financial economics represents a significant leap forward in systemic risk analysis.
Pioneering studies in this domain demonstrated that the interbank lending market could be accurately modeled as a directed,
weighted graph, where nodes represent banks and edges denote credit exposures [6]. This conceptualization allowed
researchers to apply established algorithms from graph theory to measure the systemic importance of individual institutions.
Subsequent research expanded on this foundation by exploring different network topologies and their implications for
financial contagion. Studies identifying scale-free properties in payment systems highlighted how the disproportionate
concentration of transaction flows through a small number of super-nodes creates systemic fragility [7]. Furthermore, the
application of bipartite networks to model bank-asset exposures revealed how overlapping portfolios can lead to fire-sale
spillovers, where the distressed liquidation of assets by one institution depresses market prices, thereby triggering mark-
to-market losses and subsequent liquidations by other institutions [8]. These theoretical advancements have firmly
established network analysis as a cornerstone of modern macroprudential oversight.

2.3 Current Challenges in Indicator Protocols

Despite the rich theoretical foundation, the translation of network metrics into actionable early warning protocols faces
numerous practical challenges. One primary obstacle is the dynamic nature of financial networks. Unlike static
infrastructure networks, financial transaction graphs exhibit extreme temporal volatility; edges are continuously formed
and dissolved as institutions execute trades and settle obligations [9]. A static snapshot of the network topology is therefore
insufficient for capturing the rapid escalation of systemic stress. Consequently, researchers have begun investigating
temporal networks and dynamic indicators, though these approaches require massive computational resources and high-
frequency data access [10]. Another significant challenge lies in the calibration of warning thresholds. Establishing the
precise point at which a routine structural fluctuation transitions into a critical systemic anomaly remains a contentious
issue in the literature. Previous protocol evaluations have often relied on historical case studies, which may suffer from
overfitting and lack predictive power for unprecedented shock scenarios [11]. This paper addresses these gaps by evaluating
a protocol designed specifically for high-frequency dynamic networks and utilizing generalized complex systems indicators
that are robust across various shock morphologies.

3. Theoretical Framework of Complex Financial Systems

3.1 Network Topology and Market Microstructure

Vol. 1, Issue 1 (2026) 26



Network Science and Complex Systems | https://nscs-journal.org

To establish a rigorous protocol for crisis detection, it is imperative to first define the theoretical framework governing the
complex financial system under observation. We model the financial transaction environment as a time-varying, weighted,
directed graph. The nodes within this graph represent the diverse array of participating entities, including commercial
banks, investment funds, clearinghouses, and central banking authorities. The directed edges between these nodes represent
the flow of capital, assets, or liquidity, with the weight of the edge corresponding to the monetary volume or the duration
of the exposure. The microstructure of this network is heavily influenced by the regulatory environment and the specific
clearing mechanisms in place. For example, a market transitioning from a decentralized over-the-counter structure to a
centralized clearing counterpart model will experience a radical topological shift from a highly clustered, decentralized
graph to a rigid star topology. Understanding these baseline topological states is crucial, as the complex systems indicators
evaluated in this study rely on measuring deviations from expected structural norms rather than absolute values [12].

3.2 Dynamics of Contagion and Cascade Mechanisms

The theoretical modeling of financial crises within this framework necessitates an understanding of how localized stress
amplifies into systemic contagion. We categorize contagion mechanisms into two primary channels: default cascades and
liquidity hoarding. Default cascades occur when a significant node fails to meet its obligations, inflicting direct credit losses
on its counterparties. If these counterparties subsequently fall below their required capital thresholds, they too default,
propagating the shock through the network along the directed edges of liability. This process is highly dependent on the
severity of the initial shock and the interconnectedness of the nodes involved [13]. Conversely, liquidity hoarding
represents a behavioral contagion mechanism. In times of uncertainty, institutions may preemptively cease lending and
begin stockpiling liquid assets to ensure their own survival. This defensive behavior severs the edges of the transaction
network, dramatically reducing market liquidity and causing otherwise solvent institutions to fail due to short-term funding
constraints [14]. A robust crisis detection protocol must utilize indicators capable of identifying the early stages of both
mechanical default cascades and behavioral liquidity hoarding.

3.3 Complexity Science Perspectives on Stability

From the perspective of complexity science, a stable financial network exists in a state of dynamic equilibrium,
characterized by continuous but bounded fluctuations in its topological parameters. A systemic crisis is conceptually
equivalent to a phase transition, wherein the system abruptly shifts from a stable, fluid state to a frozen, illiquid state, or a
fragmented, disconnected state. Complex systems theory posits that such phase transitions are often preceded by observable
phenomena, most notably critical slowing down and increased spatial correlation. Critical slowing down implies that as the
system approaches a tipping point, its ability to recover from minor perturbations diminishes, leading to prolonged periods
of structural distortion [15]. Increased spatial correlation suggests that the behavior of individual nodes becomes highly
synchronized; in a financial context, this translates to institutions simultaneously adopting similar risk profiles or
directional exposures. The indicators evaluated in the proposed protocol are theoretically grounded in these concepts,
designed to quantify systemic resilience by measuring the network's recovery time from ambient noise and the degree of
topological synchronization among its constituent nodes.

4. Methodology for Protocol Evaluation and Network Construction
4.1 Synthetic Data Generation and Simulation Environment

Given the strict confidentiality surrounding high-frequency proprietary transaction data, this study employs a sophisticated
simulation environment to generate realistic synthetic financial networks for protocol evaluation. The simulation utilizes
an agent-based modeling approach, where each node is programmed with a set of behavioral heuristics governing its
liquidity management, risk appetite, and counterparty selection. The network generation algorithm initializes the system
by establishing a core-periphery topology, calibrated to mimic the empirical degree distributions observed in global
interbank markets [16]. Transaction flows are then simulated continuously over discrete time steps. The simulation engine
introduces stochastic noise to represent normal market volatility and seasonal liquidity demands. Crucially, the
environment allows for the controlled injection of specific stress scenarios, including targeted node failures, systemic asset
devaluation shocks, and network-wide confidence crises. By generating a vast corpus of synthetic networks operating under
both normal and stressed conditions, we create a robust testing ground for evaluating the performance characteristics of the
crisis detection protocol.

Table 1: Configuration Parameters for the Synthetic Network Simulation Environment

Parameter Category Specific Variable Baseline Value Stress Scenario Variation
Network Topology Number of Nodes 1500 Unchanged
Network Topology Core-Periphery Ratio 0.05 ]S)h}(/)r;imlc adjustment during
Node Attributes Initial Capital Bufter Normal Distribution Extreme Left Skew
Edge Dynamics Transaction Frequency 50000 per hour -40 percent to +200 percent
Contagion Rules Loss Given Default 0.45 0.85
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4.2 Implementation of the Evaluation Protocol

The crisis detection protocol under evaluation operates through a continuous, multi-stage pipeline. In the first stage, the
protocol ingests the raw transactional data stream and constructs a temporal network representation, updating the graph
topology at predetermined sliding window intervals. The selection of the window size is a critical parameter; it must be
short enough to capture high-frequency anomalies but long enough to filter out transient microstructural noise. In the
second stage, the protocol computes a suite of complex systems indicators for the current network snapshot. These
indicators span local, mesoscale, and global network properties. The third stage involves a statistical normalization process,
where the current indicator values are compared against a rolling historical baseline to calculate standardized deviation
scores. Finally, the protocol aggregates these deviation scores into a composite systemic risk index. If this index breaches
a pre-calibrated threshold, the protocol generates a crisis alert [17]. The evaluation methodology assesses this entire
pipeline, focusing on computational efficiency, data throughput capacity, and the statistical reliability of the alert generation
mechanism.

4.3 Definition of Baseline and Stress States

To quantify the performance of the protocol, we must rigorously define the baseline normal state and the target stress states
within the simulation. The baseline state is characterized by uninterrupted liquidity flows, stable institutional capital
buffers, and a network topology that exhibits standard daily and weekly cyclical patterns without long-term structural drift.
The protocol is expected to maintain a low composite risk index during these periods, avoiding false positives. We define
three distinct stress states for evaluation: a localized shock, a correlated sector shock, and a systemic liquidity freeze. The
localized shock simulates the sudden collapse of a single, highly central core institution. The correlated sector shock
simulates a simultaneous decline in the asset values held by a specific cluster of peripheral nodes. The systemic liquidity
freeze simulates a network-wide panic where institutions simultaneously increase their liquidity hoarding parameters,
rapidly degrading the network's connectivity [18]. The protocol's effectiveness is judged by its ability to accurately classify
the network state and provide early warning signals prior to the culmination of these stress events.

5. Crisis Detection Mechanisms and Indicator Design
5.1 Local and Mesoscale Network Indicators

The protocol relies on a carefully curated selection of network indicators to detect emergent crises. At the local level, the
protocol monitors variations in node centrality measures. While traditional degree centrality provides a basic measure of
activity, the protocol emphasizes more sophisticated metrics such as eigenvector centrality and PageRank, which account
for the systemic importance of a node's counterparties. Sudden, uncharacteristic shifts in the distribution of eigenvector
centrality across the network serve as a strong indicator that liquidity is being rerouted, often a precursor to localized stress.
At the mesoscale level, the protocol analyzes the clustering coefficient and network modularity. The clustering coefficient
measures the degree to which nodes tend to cluster together, while modularity quantifies the strength of division of a
network into distinct communities. A rapid increase in modularity, coupled with a decrease in inter-community edges,
strongly suggests that the financial network is fragmenting into isolated subgroups as institutions sever ties with riskier
sectors, a classic symptom of behavioral contagion and trust breakdown [19].

5.2 Global Structural and Entropy Indicators

Beyond local and mesoscale metrics, the protocol incorporates global indicators that assess the holistic state of the complex
system. One crucial metric is the average shortest path length, which represents the minimum number of transactions
required to transfer liquidity between any two nodes. In a healthy financial network, this path length is typically small,
facilitating efficient capital allocation. A sudden elongation of the average shortest path signifies a breakdown in the core
intermediation channels, drastically reducing the system's overall efficiency. Furthermore, the protocol heavily utilizes
network information entropy. Entropy, in this context, measures the degree of disorder or unpredictability in the distribution
of edge weights and node connections. During stable periods, financial networks exhibit a structured, predictable flow of
transactions, resulting in relatively low entropy. However, as a crisis approaches and normal operational procedures break
down, transaction patterns become highly erratic and decentralized, leading to a sharp spike in systemic entropy.
Monitoring the rate of change of network entropy provides one of the most sensitive mechanisms for detecting the onset
of a phase transition within the financial ecosystem.
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Figure 1: Comprehensive Schematic of Dynamic Network Indicator Evolution
5.3 Threshold Calibration and Alert Generation

The final component of the detection mechanism involves the calibration of the alert thresholds. The protocol utilizes an
adaptive thresholding mechanism based on extreme value theory rather than static limits. Because financial networks are
inherently non-stationary, static thresholds quickly become obsolete as the system grows or evolves. The adaptive
mechanism continuously updates the probability distribution of the composite risk index using a moving window of
historical data. Alerts are triggered only when the current index value exceeds a dynamic threshold corresponding to a
highly improbable statistical event, such as a deviation beyond the 99th percentile of the adjusted historical distribution.
This approach significantly minimizes the occurrence of false positives during periods of benign structural evolution while
remaining highly sensitive to the abrupt, catastrophic structural deformations characteristic of genuine systemic crises [20].

6. Results and Discussion
6.1 Protocol Performance Under Stress Scenarios

The evaluation of the protocol across the simulated environments yielded extensive data regarding the efficacy of complex
systems indicators. During the localized shock scenario, involving the failure of a core money center institution, the
protocol demonstrated exceptional diagnostic capability. The local indicators, specifically the sudden redistribution of
eigenvector centrality, flagged anomalous activity within minutes of the simulated shock, well before the default cascaded
to peripheral nodes. In the correlated sector shock scenario, the mesoscale indicators proved most valuable. The rapid
increase in network modularity accurately mapped the isolation of the distressed sector as healthy institutions
systematically withdrew their liquidity provisions. The most challenging scenario, the systemic liquidity freeze, highlighted
the importance of global indicators. As the behavioral contagion spread and nodes began hoarding capital, the average
shortest path length increased exponentially, and network entropy spiked dramatically. The composite risk index breached
the critical threshold significantly earlier than traditional aggregated capital metrics, providing a crucial window for
theoretical regulatory intervention.

Table 2: Performance Evaluation of Network Indicators Across Simulated Shock Scenarios

Indicator Type Localize.d Core Shock Sector Shock Detection Systemic Freeze Detection
’ Detection Latency Latency Latency
Eigenvector Centrality Shift Very Low Moderate High
Modularity Variance High Very Low Moderate
Network Entropy Rate Moderate Low Very Low

6.2 Analysis of Indicator Sensitivity and Specificity

A critical aspect of the protocol evaluation is the analysis of the trade-off between sensitivity and specificity. The results
indicate that relying on any single complex systems indicator produces suboptimal outcomes. For instance, relying solely
on local centrality measures resulted in a high rate of false positives, as large block trades or routine portfolio rebalancing
by major institutions often triggered localized structural alerts. Conversely, relying exclusively on global entropy metrics
sometimes resulted in delayed detection, as localized distress took time to perturb the macroeconomic structure sufficiently
to register on a global scale. The protocol's strength lies in its multi-layered approach, aggregating signals from local,
mesoscale, and global indicators. By requiring simultaneous, correlated deviations across multiple topological dimensions,
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the composite risk index achieved a remarkably high specificity rate, virtually eliminating false alarms generated by
ambient market noise, while maintaining sufficient sensitivity to detect genuine pre-crisis phenomena.

6.3 Operational Viability and Computational Constraints

While the theoretical performance of the protocol is highly promising, the evaluation also addressed the operational realities
of implementing such a system on massive, real-world financial transaction networks. The computation of complex
network metrics, particularly global indicators like average shortest path length and exact eigenvector centrality, is
computationally intensive. In a high-frequency environment processing millions of transactions per second, calculating
these metrics across a large sliding window presents a significant bottleneck. The evaluation demonstrated that while exact
calculations are computationally prohibitive for real-time surveillance, the application of approximation algorithms and
localized graph sampling techniques can reduce the computational burden by orders of magnitude without significantly
degrading the statistical reliability of the alert mechanism. This finding is crucial for bridging the gap between theoretical
complex systems research and practical macroprudential regulation, suggesting that scalable approximation protocols are
the most viable path forward for real-world deployment.

6.4 Implications for Macroprudential Regulation

The successful evaluation of this complex systems protocol carries profound implications for the future of financial
regulation. Traditional regulatory frameworks, such as the initial iterations of the Basel Accords, were overwhelmingly
focused on microprudential regulation, ensuring the soundness of individual institutions based on static balance sheet
snapshots. The findings of this study reinforce the emerging consensus that such approaches are fundamentally insufficient
for mitigating systemic risk. By adopting continuous protocol evaluations based on dynamic network indicators, regulatory
authorities could transition from reactive crisis management to proactive systemic surveillance. A fully implemented
protocol would provide regulators with a real-time dashboard of network health, allowing them to identify critical
vulnerabilities, simulate the potential impact of targeted interventions, and implement countercyclical measures, such as
adjusting capital requirements or providing targeted liquidity injections, before a localized disruption metastasizes into a
global economic catastrophe.

7. Conclusion
7.1 Summary of Protocol Evaluation Findings

This paper has presented a comprehensive evaluation of a protocol utilizing complex systems indicators for the detection
of crises within financial transaction networks. By conceptualizing the financial ecosystem as a dynamic, weighted, and
directed network, the study demonstrated that systemic vulnerabilities manifest as quantifiable topological deformations
long before they are reflected in traditional macroeconomic indicators. The rigorous evaluation across simulated stress
scenarios revealed that a multi-layered approach, incorporating local centrality measures, mesoscale clustering analytics,
and global entropy indicators, provides a highly sensitive and specific early warning mechanism. The implementation of
an adaptive thresholding system further enhances the protocol's robustness, allowing it to differentiate between benign
structural evolution and critical systemic phase transitions. The evaluation confirms that dynamic network analysis is not
merely a theoretical exercise but a deeply practical and urgently needed tool for modern financial surveillance.

7.2 Future Directions for Research and Implementation

While the current protocol evaluation demonstrates significant success in simulated environments, further research is
required to transition these methodologies into active regulatory infrastructure. Future studies must focus on evaluating the
protocol using massive, highly obfuscated real-world datasets, necessitating the development of privacy-preserving
network computation techniques that allow regulators to monitor systemic structure without exposing proprietary
institutional trade secrets. Additionally, the integration of machine learning algorithms to automate the calibration of
detection thresholds and the classification of specific crisis typologies presents a promising frontier [21]. As global financial
networks continue to increase in complexity and speed, driven by decentralized finance and algorithmic trading, the
ongoing refinement and rigorous evaluation of complex systems protocols will remain a paramount priority in the enduring
effort to safeguard global economic stability.

References

1. Feng, K.-M.; Wu, C.-Y.; Yan, J.-H.; Lin, C.-Y.; Peng, P.-C. Fiber Bragg Grating-Based Three-Dimensional Multipoint Ring-Mesh Sensing System
with Robust Self-Healing Function. IEEE J. Sel. Top. Quantum Electron. 2012, 18, 1613-1620.

2. Arockiyadoss, M.A.; Dehnaw, A.M.; Manie, Y.C.; Hayle, S.T.; Yao, C.-K.; Peng, C.-H.; Kumar, P.; Peng, P.-C. Self-healing fiber Bragg grating sensor
system using free-space optics link and machine learning for enhancing temperature measurement. Electronics 2024, 13, 1276.

3. Heinzelman, W.R.; Chandrakasan, A.; Balakrishnan, H. Energy-efficient communication protocol for wireless microsensor networks. In Proceedings
of the 33rd Annual Hawaii International Conference on System Sciences, Maui, HI, USA, 7 January 2000.

4. Luo, Y.; Jiang, Y.; Xu, J.; Lan, X.; Feng, J.; Yu, J.; Long, Q.; Jiang, T.; Zhang, H.; Wu, Y. A Flexible Photonic Method for Angle-of-Arrival and
Frequency Measurements. Photonics 2025, 12, 423.

Vol. 1, Issue 1 (2026) 30



Network Science and Complex Systems | https://nscs-journal.org

5. Islam, M.N.; Wang, T.Q.; Wade, S.; Bessell, T.; Spitzer, T.; Hallett, J. Doppler and Angle of Arrival Estimation from Digitally Modulated Satellite
Signals in Passive RF Space Domain Awareness. In Proceedings of the Advanced Maui Optical and Space Surveillance Technologies (AMOS)
Conference, Maui, HI, USA, 14—17 September 2021; pp. 1-10.

6. Khalighi, M.A.; Uysal, M. Survey on Free Space Optical Communication: A Communication Theory Perspective. IEEE Commun. Surv. Tutor. 2014,
16, 2231-2258.

7. Arbula, D.; Ljubic, S. Indoor Localization Based on Infrared Angle of Arrival Sensor Network. Sensors 2020, 20, 6278.

8. Yetgin, H.; Cheung, K.T.K.; El-Hajjar, M.; Hanzo, L. A Survey of Network Lifetime Maximization Techniques in Wireless Sensor Networks. IEEE
Commun. Surv. Tutor. 2017, 19, 828—854.

9.Raza, S.; Faheem, M.; Guenes, M. Industrial wireless sensor and actuator networks in industry 4.0: Exploring requirements, protocols, and challenges—
A MAC survey. Internet J. Commun. Syst. 2019, 32, e4074.

10. Somappa, A.A.; Qvsthus, K.; Kristensen, L.M. An industrial perspective on wireless sensor networks—A survey of requirements, protocols, and
challenges. IEEE Commun. Surv. Tutor. 2014, 16, 1391-1412.

11. Yilmaz, K.; Kara, R.; Katircioglu, F. Energy-Efficient Hybrid Adaptive Clustering for Dynamic MANETSs. IEEE Access 2025, 13, 51319-51331.

12. Zhao, S.; Zhu, L.; Shen, S.; Du, H.; Wang, X.; Chen, L.; Wang, X. Angle of Arrival for the Beam Detection Method of Spatially Distributed Sensor
Array. Sensors 2025, 25, 1625.

13. Li, H.; Cheng, Z. Angle-of-Arrival Estimation Using Difference Beams in Localized Hybrid Arrays. Sensors 2021, 21, 1901.
14. Constantine, B.; Forget, G.; Geib, R.; Schrage, R. Framework for TCP Throughput Testing. Internet Eng. Task Force 2011, 1, 1-27.

15. Wu, C.Y.; Feng, K.M.; Peng, P.C.; Lin, C.Y. Three-dimensional mesh-based multipoint sensing system with self-healing functionality. IEEE
Photonics Technol. Lett. 2010, 22, 565-567.

16. Dahj, J.N.M.; Ogudo, K.A.; Boonzaaier, L. A hybrid analytical concept to QoE index evaluation: Enhancing eMBB service detection in 5G SA
networks. J. Netw. Comput. Appl. 2024, 221, 103765.

17. Roy, P.K.; Bhattacharya, A. SDIWSN: A Software-Defined Networking-Based Authentication Protocol for Real-Time Data Transfer in Industrial
Wireless Sensor Networks. IEEE Trans. Netw. Serv. Manag. 2022, 19, 3465-3477.

18. Veena, R.S.; Khambra, G.; Sayal, R.; Singh, N.; Veerasamy, V.B.; Sar, S.K. An Energy Efficient IPv6 Packet Delivery Outline for Industrial [oT
Over G.9959 Protocol Based Wireless Sensor Network (WSN). SN Comput. Sci. 2024, 5, 813.

19. Nguyen, V.H.; Bui, D.T.; Tran, T.L.; Truong, C.T.; Truong, T.H. Scalable and resilient 360-degree-video adaptive streaming over HTTP/2 against
sudden network drops. Comput. Commun. 2024, 216, 1-15.

20. Zhang, W.; Lan, Y.; Lin, A.; Xiao, M. An Adaptive Clustering Routing Protocol for Wireless Sensor Networks Based on a Novel Memetic Algorithm.
IEEE Sens. J. 2025, 25, 8929-8941.

21. Arun Mozhi Devan, P.; Ibrahim, R.; Omar, M.B.; Bingi, K.; Abdulrab, H.; Hussin, F.A. Improved Whale Optimization Algorithm for Optimal
Network Coverage in Industrial Wireless Sensor Networks. In Proceedings of the 2022 International Conference on Future Trends in Smart Communities
(ICFTSC), Kuala Lumpur, Malaysia, 7-8 December 2022; pp. 124-129.

Vol. 1, Issue 1 (2026) 31



