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ABSTRACT

Underwater Wireless Sensor Networks (UWSNs) play a significant role in marine applications, including
environmental monitoring, ocean floor mapping, and disaster response. However, the energy constraints of
sensor nodes and Autonomous Underwater Vehicles (AUVs), as well as the high cost of underwater
acoustic communication, present major design challenges. This paper introduces Energy-Conscious
Optimization of AUVs (ECO-AUYV), a new framework that uses energy-aware K-Means clustering and the
A* heuristic search algorithm to improve underwater data collection. ECO-AUY is specially designed to
minimize total energy expenditure by improving intra-cluster communication procedures and AUV
navigation paths. The framework provides reliable data collection and transfer through dynamic route
planning that accounts for environmental conditions such as ocean currents and seafloor anomalies.
Extensive simulations were carried out to compare ECO-AUV with two recent hybrid methods: Particle
Swarm Optimization (PSO) with Genetic Algorithms (GAs), and Artificial Bee Colony (ABC) with Ant
Colony Optimization (ACO). Results demonstrate that ECO-AUYV is significantly more energy-efficient,
creates more optimized traversal patterns, offering a high Packet Delivery Ratio (PDR) of 98.5%.
Additionally, the framework exhibits low computational complexity, enabling its application in real-time
applications. These results establish ECO-AUV as a scalable, energy-efficient solution for strong
underwater sensing and communication.

Keywords-autonomous underwater vehicle; energy-aware clustering; hybrid optimization; heuristic routing;

marine monitoring system

I.  INTRODUCTION

Underwater Wireless Sensor Networks (UWSNs) have
emerged as vital infrastructures for various marine applications,
including environmental observation, search-and-rescue
missions, and undersea resource assessment [1-16]. These
networks typically integrate static sensor nodes and mobile data
collectors such as Autonomous Underwater Vehicles (AUV5s),
creating a complex ecosystem for underwater communication
and mobility. However, the constrained energy resources of
both sensor nodes and AUVs—aggravated by acoustic signal
attenuation and vehicle traversal costs—pose significant design
challenges [17-21]. Efficient path planning and energy-aware
communication strategies are therefore crucial for extending
network lifetime and ensuring reliable data delivery. Although
evolutionary algorithms like Particle Swarm Optimization

(PSO) and Genetic Algorithms (GAs) have been employed in
prior research [22, 23], they often lack adaptability and
coordination between clustering and navigation functions [24,
25]. Addressing this limitation, this work presents a cohesive
hybrid model that combines energy-aware K-Means clustering
with A* geometric path planning. This approach aims to
optimize both intra-cluster communication and AUV
navigation by integrating data collection and mobility planning
into a unified decision-making framework. The proposed
model is benchmarked against PSO with GA and Artificial Bee
Colony (ABC) with Ant Colony Optimization (ACO)
approaches under diverse environmental and operational
conditions, revealing significant gains in energy efficiency,
traversal optimization, and packet reliability.
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Achieving high energy efficiency remains a cornerstone
objective in the design of UWSNSs due to limitations in battery
capacity, unpredictable = communication delays, and
environmental challenges [3, 17]. Several clustering and path
planning strategies have been developed to mitigate these
issues, with hybrid techniques receiving increasing attention for
their complementary strengths [23, 26].

Conventional clustering protocols like Low-Energy
Adaptive Clustering Hierarchy (LEACH) attempt to conserve
energy by assigning cluster head roles for data aggregation and
relay [27]. However, their effectiveness is diminished in
underwater environments where node energy levels and
network topology are highly variable [22]. As an alternative,
bio-inspired methods such as PSO and ABC algorithms have
been utilized. PSO emulates collaborative behavior among
agents to find optimal cluster configurations [23, 24], whereas
ABC applies bee foraging dynamics for cluster head selection,
especially in high-density node settings [25]. Graph-based
algorithms like Dijkstra's and Bellman-Ford offer quick route
computation but are less effective in dynamic underwater
terrains [28]. Heuristic methods including GAs and ACO have
shown greater adaptability. GAs evolve optimal paths through
selection-based iterations [29, 30], whereas ACO mimics
pheromone-based decision making to construct reliable
navigation paths under uncertain aquatic conditions.

Recent efforts focus on integrating clustering and routing to
form robust hybrid models. PSO+GA frameworks combine
swarm intelligence for clustering with evolutionary
computation for route planning [23, 30], whereas ABC+ACO
integrates biologically inspired cluster selection with adaptive
path optimization [25, 29]. Despite their strengths, these
solutions often entail high computational complexity and
limited real-time flexibility [31, 32]. In contrast, the approach
presented in this paper adopts a lightweight structure
combining energy-weighted K-Means clustering and A* search
to balance energy use and routing precision, especially under
3D and dynamic underwater constraints [33, 34].

This research makes several key contributions to the field
of UWSNS. First, it presents a unified hybrid framework that
effectively integrates energy-aware K-Means clustering with
the A* heuristic-based routing algorithm, enabling both
efficient data aggregation and adaptive AUV navigation.
Unlike existing approaches, this model dynamically adjusts to
varying underwater terrain and current conditions, thereby
improving operational resilience. Second, it introduces an
energy-weighted clustering mechanism that prioritizes node
energy status during cluster formation, leading to more
balanced energy usage across the network. Third, a
comprehensive simulation strategy is employed to evaluate the
model's performance under different node densities,
environmental dynamics, and energy constraints. Through
comparative analysis with PSO+GA and ABC+ACO methods,
the proposed model demonstrates superior results in energy
efficiency, communication reliability, and traversal time.
Collectively, these contributions advance the development of
scalable and energy-conscious solutions for real-world UWSN
applications such as marine exploration, environmental

monitoring, and underwater emergency response. The key
contributions of this study are summarized as follows:

e It proposes a new kind of hybrid model named Energy-
Conscious Optimization of AUVs (ECO-AUV) that
integrates the energy-conscious K-Means clustering and the
A* heuristic-based routing, to facilitate the energy-efficient
and flexible AUV path planning in UWSNSs.

e The framework proposes a modified K-Means clustering-
based algorithm that considers the distance between nodes
and their remaining energy, ensuring balanced cluster
formation and prolonged node lifetime.

e The ECO-AUV framework is extensively compared with
two popular hybrid algorithms, PSO+GA and ABC+ACO,
in different conditions that include the variation of node
density, energy, and underwater dynamics.

II. METHODOLOGY

A. Modeling Realistic UWSNs Environments

The UWSN considered in this study is designed as a
realistic three-dimensional environment encompassing a
horizontal span of 1000 x 1000 m and a vertical depth ranging
from 10 m to 100 m [3]. This spatial configuration aims to
replicate  practical deployment conditions commonly
encountered in marine applications such as environmental
monitoring and seabed exploration. Sensor nodes are randomly
positioned within this volume to reflect the non-uniform
distribution typically observed in real-world underwater
scenarios. Each node is initialized with a fixed energy level and
equipped with a communication range of 100 m, following
widely accepted UWSN configuration standards to ensure
consistency and comparability of results [18, 25].

To capture the complex dynamics of underwater
environments, the simulation incorporates two key
environmental variables. First, seabed variability is modeled
using sinusoidal elevation functions, which introduce
undulating terrain features that affect the AUV's mobility and
energy consumption during traversal [27]. Second, dynamic
water currents are simulated as time-varying vector fields,
exerting directional forces that influence the AUV's navigation
paths. These hydrodynamic conditions necessitate intelligent
and adaptive route planning strategies to minimize energy
usage while ensuring reliable data collection [35]. Sensor nodes
are configured to periodically generate data, which is
aggregated at their respective cluster heads. The AUV then
follows an optimized path, determined by the respective
routing algorithm, to sequentially visit the cluster heads,
retrieve the aggregated data, and forward it to a surface sink or
relay station for transmission and analysis [26, 28]. This
comprehensive modeling approach ensures a realistic and
rigorous evaluation of the proposed methodology under diverse
and dynamic underwater conditions. The overall system
workflow is illustrated in Figure 1, showing the interaction
between modules and the data flow within the ECO-AUV
framework.
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Fig. 1. System architecture of the proposed ECO-AUV framework.

B. Energy-Aware K-Means Clustering

This work introduces an integrated solution combining
energy-efficient clustering and adaptive path planning to
optimize data retrieval and reduce power consumption in
UWSNSs. Sensor nodes are clustered based on both spatial
proximity and energy efficiency. Initial cluster centroids are
selected using node location data. Node assignments to clusters
are based on a weighted cost function incorporating
communication energy requirements and environmental factors
such as terrain difficulty and water current strength. The
centroids are iteratively adjusted until balanced clusters are
achieved.

Following clustering, the AUV determines an energy-
optimal route that connects all cluster heads using the A*
search algorithm. The heuristic used in A* considers both
Euclidean distance and energy deviations caused by underwater
current vectors. This ensures real-time route adjustments in
response to dynamic environmental conditions. By coupling
clustering and navigation within a unified system, the proposed
model optimally balances communication overhead and
mobility energy consumption. The framework is designed for
scalability, environmental adaptability, and low computational
overhead, making it well-suited for real-world 3D underwater
sensor deployments.

C. Benchmarking Against Existing Hybrid Models

To assess the performance of the proposed model, it is
evaluated against two advanced hybrid frameworks: PSO+GA
and ABC+ACO. The PSO+GA model integrates PSO for
efficient cluster formation with GAs for route optimization.
Although this combination enhances energy efficiency, it tends
to suffer from significant computational overhead, particularly
in dynamic network environments. On the other hand, the

ABC+ACO framework employs ABC algorithms for clustering
and utilizes ACO to adaptively generate routes. While this
approach demonstrates strong adaptability to changing
environmental conditions, it also demands considerable
processing resources, which can hinder its scalability and real-
time application.

In contrast to the aforementioned models, the proposed
approach combines energy-efficient clustering with real-time
path planning using the A* algorithm. This method
incorporates a heuristic routing strategy that considers both
spatial distance and energy fluctuations caused by current
dynamics, enabling a more adaptive and resource-aware
solution for underwater navigation and communication. A
comparative overview of the discussed algorithmic frameworks
is presented in Table I, outlining their primary features,
strengths, and limitations within the scope of underwater sensor
network applications.

TABLE L. COMPARATIVE OVERVIEW OF BENCHMARK
HYBRID ALGORITHMS
Feature K-Means + A* PSO + GA | ABC+ACO
Clustering Energy-aware K- PSO ABC
approach Means
- - -
Path planning A* geometric GA ACO
approach search
Energy efficiency High Moderate Moderate
Adaptability High Moderate High
Computanpnal Low to moderate Moderate High
complexity
Scalability High Moderate Moderate

D. Simulation Setup

The simulation is carried out in a three-dimensional UWSN
environment, covering a horizontal area of 1000 x 1000 m with
depth variations ranging from 10 m to 100 m. A total of 100
sensor nodes are randomly distributed to mimic real-life
underwater deployment patterns. Each node is initialized with
2 J of energy and a communication range of 100 m, reflecting
commonly adopted settings in UWSN studies. To emulate
authentic underwater conditions, the simulation incorporates
two major environmental factors.

First, the underwater terrain is represented using sinusoidal
elevation models to reflect natural seabed irregularities, which
influence the movement cost of the AUV. Second, dynamic
ocean currents are simulated as time-varying vector fields that
impact the AUV's path and energy consumption. The AUV is
tasked with gathering data from designated cluster heads by
following an optimal path determined by the tested algorithm.
Its energy usage is modeled at a rate of 10 J/m of travel,
adhering to typical AUV performance characteristics.

E. Evaluation Strategy and Test Scenarios

To evaluate the effectiveness of both the proposed model
and the benchmark algorithms, six primary performance
metrics were employed. These include energy consumption,
which captures the total energy expended by both the sensor
nodes and the AUV during data collection; path length,
representing the total distance traveled by the AUV; and
elapsed time, denoting the duration taken to complete the data-
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gathering mission. Additionally, Packet Delivery Ratio (PDR)
reflects the reliability of communication by measuring the
proportion of successfully transmitted packets. Average
remaining energy assesses the leftover energy in sensor nodes
after the operation, whereas clustering efficiency gauges how
well the algorithm reduces intra-cluster communication energy.
To ensure a thorough evaluation under varied and realistic
conditions, three experimental scenarios were simulated. These
include node density variation with 50, 100, and 150 nodes to
test scalability; environmental dynamics involving different
seabed topographies and ocean current strengths to examine
adaptability; and energy constraints by initializing nodes with
1.5J, 2 J, and 2.5 J to evaluate performance under limited
power availability. Together, these scenarios offer a well-
rounded analysis of the algorithm's resilience, flexibility, and
overall effectiveness in complex underwater sensor network
environments.

II. RESULTS AND DISCUSSION

A. Energy Consumption, Path Length, and Reliability

The proposed hybrid model, which integrates energy-aware
K-Means with the A* geometric search algorithm, was
evaluated against two established benchmark approaches—
PSO+GA and ABC+ACO, using the previously defined
performance metrics. The comparative outcomes, detailed in
Table II, demonstrate the enhanced effectiveness of the
proposed method, particularly in terms of reduced energy
consumption, improved PDR, and greater traversal efficiency.
These results underscore the model's capability to outperform
existing techniques in dynamic underwater sensor network
environments.

TABLE II. COMPARATIVE PERFORMANCE ANALYSIS
Metric K-Means + PSO + ABC +
A* GA ACO
Energy consumption (J) 0.000295 0.000319 0.000335
Path length (m) 3005 3192 3355
Elapsed time (s) 95 110 120
PDR (%) 98.5 96.2 95.8
Average remaining 0.5 0.80 078
energy (J)
Clustering efficiency (%) 93 88 90

The analysis of the comparative results reveals that the
proposed K-Means + A* model outperforms the benchmark
algorithms across most evaluation metrics. It achieves the
lowest energy consumption (0.000295 J), shortest elapsed time
(95 s), and highest PDR (98.5%), indicating superior energy
efficiency, faster data collection, and more reliable
communication. Additionally, it maintains the highest average
remaining energy (0.85 J) and clustering efficiency (93%),
demonstrating effective energy conservation and optimal
cluster formation. In contrast, PSO+GA and ABC+ACO
exhibit higher energy usage and longer operation times,
highlighting the overall advantage of the proposed approach in
dynamic underwater environments.

The proposed hybrid model demonstrates a clear and
consistent performance advantage over the benchmark
algorithms across all key evaluation metrics. Specifically, it

achieves a notable reduction in energy consumption,
approximately 7.5% lower than PSO+GA and about 12% lower
than ABC+ACO. These savings are primarily attributed to the
model's efficient clustering mechanism and optimized routing
strategy using the A* algorithm, which together contribute to a
shorter data collection path and reduced traversal time. As a
result, the AUV completes its mission more quickly and with
less energy expenditure.

Figure 2 highlights the proposed model's clear advantages
in energy efficiency, path optimization, and data transmission
reliability. It achieves a high PDR of 98.5%, reflecting minimal
data loss in dynamic underwater conditions. With an average
residual energy of 0.85 J, the model reduces intra-cluster
communication, thereby extending network lifespan. Compared
to PSO+GA and ABC+ACO, the proposed algorithm shows
the lowest energy use, shortest completion time, highest
remaining energy, and superior clustering efficiency.
ABC+ACO consumes the most energy and time, whereas
PSO+GA performs moderately but fails to lead in any metric.

B. Insights and Practical Implications

The combined clustering and path-planning strategy
employed in the proposed framework significantly enhanced
energy efficiency while maintaining a manageable
computational load. The integration of the A* algorithm,
known for its heuristic-based search capabilities, enabled the
system to rapidly respond to changing underwater
environmental conditions, such as varying current strengths and
terrain irregularities. Simultaneously, the use of energy-aware
K-Means clustering contributed to more balanced and efficient
intra-cluster communication, preventing premature node
depletion and extending overall network lifespan.

Figure 3 compares energy consumption, elapsed time, and
average remaining energy of K-Means + A*, PSO + GA and
ABC + ACO. The ECO-AUV model (K-Means + A*) shows
the least energy consumption and time, and the greatest
residual energy, which means that it is the most efficient and
can prolong the life of the network. Conversely, the ABC +
ACO algorithm is the least performing, whereas the PSO + GA
algorithm returns moderate results. These results highlight the
potential of ECO-AUV in energy minimization in dynamic
underwater environments.

Figure 4 shows PDR and clustering efficiency in three
hybrid models. ECO-AUV provides the best PDR (98.5%) and
clustering efficiency 93%), demonstrating high
communication reliability and low intra-cluster overhead. PSO
+ GA and ABC + ACO achieve worse results in both measures.
These findings prove that ECO-AUV is quite appropriate to
operate in dynamic and resource-limited UWSNs reliably and
with minimum energy consumption.

The scalability and adaptability of the proposed algorithm
qualify it for use in real deployments of UWSNs. Its
performance is fit for purpose in regard to critical marine
operations such as post-disaster data gathering, oceanographic
investigations, and ecosystem observation. Having minimal
computational and energy requirements, it can be of practical
use in underwater resource-limited scenarios.
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Fig. 2. Radar chart comparing the performance of the proposed algorithm.
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Fig. 3. Comparison of energy consumption, elapsed time, and remaining energy.
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IV. CONCLUSION

This article introduces a new hybrid system that integrates
energy-aware K-Means clustering and the A* heuristic-based
path calculation to augment communication proficiency and
self-guided mobility in Underwater Wireless Sensor Networks
(UWSNSs). The model is also optimal in intra-cluster message
exchange and efficient in the use of energy by Autonomous
Underwater Vehicles (AUVs) when collecting data. In
simulations conducted under various conditions and compared
with benchmark models such as Particle Swarm Optimization
(PSO) combined with Genetic Algorithms (GAs) and Artificial
Bee Colony (ABC) combined with Ant Colony Optimization
(ACO), the proposed system demonstrated adaptability and
computational efficiency, outperforming the benchmarks in
energy savings of up to 12%, Packet Delivery Ratio (PDR) up
to 98.5%, path optimization, and residual energy. The article
builds a solid ground for the development of energy-efficient,
adaptive data gathering in UWSNs in the future. Future
possibilities include generalizing the framework to multi-AUV
control, allowing real-time sensory input, and evaluating it on
real robots. It can be further made more practical by
incorporating blockchain to provide a secure method of data
transfer and reinforcement learning to make autonomous
decisions. In total, the framework provides an intelligent and
robust solution to the dynamic underwater environment.

REFERENCES

[11 Y. Liu, H. Wang, L. Cai, X. Shen, and R. Zhao, "Fundamentals and
Advancements of Topology Discovery in Underwater Acoustic Sensor
Networks: A Review," IEEE Sensors Journal, vol. 21, no. 19, pp.
21159-21174, Oct. 2021, https://doi.org/10.1109/JSEN.2021.3104533.

[2] N.-C. Wang, Y.-L. Chen, Y.-F. Huang, C.-M. Chen, W.-C. Lin, and C.-
Y. Lee, "An Energy Aware Grid-Based Clustering Power Efficient Data
Aggregation Protocol for Wireless Sensor Networks," Applied Sciences,
vol. 12, no. 19, Oct. 2022, Art. no. 9877,
https://doi.org/10.3390/app12199877.

[3] M. U. Khan, P. Otero, and M. Aamir, "An Energy Efficient Clustering
Routing Protocol Based on Arithmetic Progression for Underwater

(41

(51

(6]

(71

(8]

1

[10]

(1]

[12]

[13]

1
Clustering Efficiency (%)

Comparison of PDR and clustering efficiency.

Acoustic Sensor Networks," IEEE Sensors Journal, vol. 24, no. 5, pp.
6964—6975, Mar. 2024, https://doi.org/10.1109/JSEN.2024.3354252.

U. E. Zachariah and L. Kuppusamy, "A hybrid approach to energy
efficient clustering and routing in wireless sensor networks,"
Evolutionary Intelligence, vol. 15, no. 1, pp. 593-605, Mar. 2022,
https://doi.org/10.1007/s12065-020-00535-0.

M. Z. Ghawy et al., "An Effective Wireless Sensor Network Routing
Protocol Based on Particle Swarm Optimization Algorithm," Wireless
Communications and Mobile Computing, vol. 2022, no. 1, May 2022,
Art. no. 8455065, https://doi.org/10.1155/2022/8455065.

N. Li, J. Yan, Z. Zhang, J.-F. Martinez-Ortega, and X. Yuan,
"Geographical and Topology Control-Based Opportunistic Routing for
Ad Hoc Networks," IEEE Sensors Journal, vol. 21, no. 6, pp. 8691—
8704, Mar. 2021, https://doi.org/10.1109/JSEN.2021.3049519.

S. P. Singh and S. C. Sharma, "A Novel Energy Efficient Clustering
Algorithm for Wireless Sensor Networks," Engineering, Technology &
Applied Science Research, vol. 7, no. 4, pp. 1775-1780, Aug. 2017,
https://doi.org/10.48084/etasr.1277.

A. Fathalla, A. Salah, M. A. Mohamed, N. 1. Lestari, and M. Bekhit, "A
Novel Dual Prediction Scheme for Data Communication Reduction in
IoT-Based Monitoring Systems," in IoT as a Service: 7th EAI
International Conference, Sydney, Australia, 2021, pp. 208-220,
https://doi.org/10.1007/978-3-030-95987-6_15.

W. Mao, Z. Zhao, Z. Chang, G. Min, and W. Gao, "Energy-Efficient
Industrial Internet of Things: Overview and Open Issues," IEEE
Transactions on Industrial Informatics, vol. 17, no. 11, pp. 7225-7237,
Nov. 2021, https://doi.org/10.1109/TI1.2021.3067026.

K. B. Vikhyath and N. A. Prasad, "Combined Osprey-Chimp
Optimization for Cluster Based Routing in Wireless Sensor Networks:
Improved DeepMaxout for Node Energy Prediction," Engineering,
Technology & Applied Science Research, vol. 13, no. 6, pp. 12314—
12319, Dec. 2023, https://doi.org/10.48084/etasr.6542.

S. Kamel, A. A. Qahtani, and A. S. M. Al-Shahrani, "Particle Swarm
Optimization for Wireless Sensor Network Lifespan Maximization,"
Engineering, Technology & Applied Science Research, vol. 14, no. 2,
pp. 13665-13670, Apr. 2024, https://doi.org/10.48084/etasr.6752.

M. Majid et al., "Applications of Wireless Sensor Networks and Internet
of Things Frameworks in the Industry Revolution 4.0: A Systematic
Literature Review," Sensors, vol. 22, no. 6, Mar. 2022, Art. no. 2087,
https://doi.org/10.3390/s22062087.

T. M. Behera et al., "Energy-Efficient Routing Protocols for Wireless
Sensor Networks: Architectures, Strategies, and Performance,"

www.etasr.com

Ramesh & Gopalakrishna: Evaluating Energy-Efficient AUV Path Planning and Data Collection: ...



Engineering, Technology & Applied Science Research

Vol. 15, No. 5, 2025, 26396-26402 26402

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Electronics, vol. 11, no. 15, Aug. 2022, Art. no. 2282,

https://doi.org/10.3390/electronics11152282.

M. A. Jamshed, K. Ali, Q. H. Abbasi, M. A. Imran, and M. Ur-Rehman,
"Challenges, Applications, and Future of Wireless Sensors in Internet of
Things: A Review," IEEE Sensors Journal, vol. 22, no. 6, pp. 5482—
5494, Mar. 2022, https://doi.org/10.1109/JSEN.2022.3148128.

M.S,B.NM, S.N,M. HN, P. S, and D. B L, "An Efficient Big Data
Gathering in Wireless Sensor Network using Reconfigurable Node
Distribution Algorithm," in 2022 Fourth International Conference on
Cognitive Computing and Information Processing, Bengaluru, India,
2022, pp. 1-6, https://doi.org/10.1109/CCIP57447.2022.10058620.

A. K. Subramanian, U. Ghosh, S. Ramaswamy, W. S. Alnumay, and P.
K. Sharma, "PrEEMAC: Priority based energy efficient MAC protocol
for Wireless Body Sensor Networks," Sustainable Computing:
Informatics and Systems, vol. 30, June 2021, Art. no. 100510,
https://doi.org/10.1016/j.suscom.2021.100510.

A. L. Al-Sulaifanie, B. K. Al-Sulaifanie, and S. Biswas, "Recent trends in
clustering algorithms for wireless sensor networks: A comprehensive
review," Computer Communications, vol. 191, pp. 395424, July 2022,
https://doi.org/10.1016/j.comcom.2022.05.006.

J. Tang, G. Liu, and Q. Pan, "A Review on Representative Swarm
Intelligence ~ Algorithms for Solving Optimization Problems:
Applications and Trends," IEEE/CAA Journal of Automatica Sinica, vol.
) no. 10, pp- 1627-1643, Oct. 2021,
https://doi.org/10.1109/JAS.2021.1004129.

Y.-F. Pu, P. Siarry, W.-Y. Zhu, J. Wang, and N. Zhang, "Fractional-
Order Ant Colony Algorithm: A Fractional Long Term Memory Based
Cooperative ~ Learning  Approach," Swarm and  Evolutionary
Computation, vol. 69, Mar. 2022, Art. no. 101014,
https://doi.org/10.1016/j.swevo.2021.101014.

V. A. Memos and K. E. Psannis, "UAV-Based Smart Surveillance
System over a Wireless Sensor Network," [EEE Communications
Standards Magazine, vol. 5, no. 4, pp. 68-73, Dec. 2021,
https://doi.org/10.1109/MCOMSTD.0001.2100007.

R. Kumar, D. Bhardwaj, and M. K. Mishra, "EBH-DBR: energy-
balanced hybrid depth-based routing protocol for underwater wireless
sensor networks," Modern Physics Letters B, vol. 35, no. 03, Jan. 2021,
Art. no. 2150061, https://doi.org/10.1142/S0217984921500615.

R. Priyadarshi and R. R. Kumar, "Evolution of Swarm Intelligence: A
Systematic Review of Particle Swarm and Ant Colony Optimization
Approaches in Modern Research," Archives of Computational Methods
in Engineering, Mar. 2025, https://doi.org/10.1007/s11831-025-10247-2.

W. Deng, S. Shang, X. Cai, H. Zhao, Y. Song, and J. Xu, "An improved
differential evolution algorithm and its application in optimization
problem," Soft Computing, vol. 25, no. 7, pp. 5277-5298, Apr. 2021,
https://doi.org/10.1007/s00500-020-05527-x.

G. Tang, C. Tang, C. Claramunt, X. Hu, and P. Zhou, "Geometric A-Star
Algorithm: An Improved A-Star Algorithm for AGV Path Planning in a
Port Environment," IEEE Access, vol. 9, pp. 59196-59210, 2021,
https://doi.org/10.1109/ACCESS.2021.3070054.

L. Li, X. Jin, C. Lu, Z. Wei, and J. Li, "Modelling and Simulation on
Acoustic Channel of Underwater Sensor Networks," Wireless
Communications and Mobile Computing, vol. 2021, no. 1, Nov. 2021,
Art. no. 8263600, https://doi.org/10.1155/2021/8263600.

T. M. Shami, A. A. El-Saleh, M. Alswaitti, Q. Al-Tashi, M. A.
Summakieh, and S. Mirjalili, "Particle Swarm Optimization: A
Comprehensive Survey," IEEE Access, vol. 10, pp. 10031-10061, 2022,
https://doi.org/10.1109/ACCESS.2022.3142859.

B. Alhijawi and A. Awajan, "Genetic algorithms: theory, genetic
operators, solutions, and applications," Evolutionary Intelligence, vol.
17, no. 3, pp. 1245-1256, June 2024, https://doi.org/10.1007/s12065-
023-00822-6.

A. Al-Nasser, R. Almesaeed, and H. Al-Junaid, "A Comprehensive
Survey on Routing and Security in Mobile Wireless Sensor Networks,"
International Journal of Electronics and Telecommunications, vol. 67,
no. 3, pp. 483-496, July 2021.

S. El Khediri, "Wireless sensor networks: a survey, categorization, main
issues, and future orientations for clustering protocols," Computing, vol.

[30]

[31]

[33]

[34]

[35]

104, no. 8, pp. 1775-1837, Aug. 2022, https://doi.org/10.1007/s00607-
022-01071-8.

S. Ullah et al., "Reliable and Delay Aware Routing Protocol for
Underwater Wireless Sensor Networks," IEEE Access, vol. 11, pp.
116932-116943, 2023, https://doi.org/10.1109/ACCESS.2023.3325311.

K. Debasis, L. D. Sharma, V. Bohat, and R. S. Bhadoria, "An Energy-
Efficient Clustering Algorithm for Maximizing Lifetime of Wireless
Sensor Networks using Machine Learning," Mobile Networks and
Applications, vol. 28, mno. 2, pp. 853-867, Apr. 2023,
https://doi.org/10.1007/s11036-023-02109-7.

A. K. Gautam and R. Kumar, "A comprehensive study on key
management, authentication and trust management techniques in
wireless sensor networks," SN Applied Sciences, vol. 3, no. 1, Jan. 2021,
Art. no. 50, https://doi.org/10.1007/s42452-020-04089-9.

N. Subramani, P. Mohan, Y. Alotaibi, S. Alghamdi, and O. I. Khalaf,
"An Efficient Metaheuristic-Based Clustering with Routing Protocol for
Underwater Wireless Sensor Networks," Sensors, vol. 22, no. 2, Jan.
2022, Art. no. 415, https://doi.org/10.3390/522020415.

K. A. Mahmoodi and M. Uysal, "Energy Aware Trajectory Optimization
of Solar Powered AUVs for Optical Underwater Sensor Networks,"
IEEE Transactions on Communications, vol. 70, no. 12, pp. 8258-8269,
Dec. 2022, https://doi.org/10.1109/TCOMM.2022.3215992.

S. Sandhiyaa and C. Gomathy, "A cross-layer approach for load
balancing and energy-efficient QoS-based routing reliability for
UWSN," Alexandria Engineering Journal, vol. 85, pp. 333-343, Dec.
2023, https://doi.org/10.1016/.a¢j.2023.11.019.

www.etasr.com

Ramesh & Gopalakrishna: Evaluating Energy-Efficient AUV Path Planning and Data Collection: ...



