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Abstract

Data management is developing rapidly, and we need solutions that can handle massive volumes of diverse data.
Especially for cloud-based data fusion and global network designs. Our research offers a fresh solution. Each
difficult formula in this manner improves the system. Standardizing, matching, translating, and merging data from
several sources is the fundamental strategy for data integration and management. We found that this alternative is
superior to standard data management systems for growing, working fast, consistently, securely, and accurately
integrating data, as well as cost-effectiveness. Data's visual presentation enhances the method's advantages and
shows its potential. This research proves the technique works and illustrates how it may be utilized to advance the
field. Supporting today's sophisticated data systems is a major advance. It's a solid, scalable data management
solution that can evolve.
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1. Introduction

Cloud-based data fusion solutions improve data management in multi-node networks. This study examines these
new technologies' recent advances, fundamental principles, viable solutions, and significant achievements [1].
Cloud computing and data fusion in distributed networks revolutionize data management, making it quicker, more
flexible, and safer. The data management setting is expanding rapidly. Data is expanding rapidly, and network
systems are becoming more complex. Recent years have seen a shift toward distributed systems, which process
and store data in several locations [2]. Cloud computing technologies provide flexible, scalable, and affordable
data storage and processing, speeding up these changes. With cloud-based data fusion, this tendency should
continue. These systems provide a cohesive image from several inputs. Modern data-driven decision-making
requires rapid and accurate data source comparisons; therefore, this connection is crucial. Cloud-based data fusion
systems use distributed networks for autonomous processing and storage. Centralized systems analyze and archive
data [3]. However, distributed systems distribute these tasks among several nodes. Reduces latency, improves
dependability, and simplifies information access. These systems collect data from several sources utilizing
advanced algorithms and machine learning. This fusion strategy seeks insights via complex screening,
categorization, and association in addition to data collecting. These ideas include data types, breadth, security,
and real-time processing [4]. Cloud-based data fusion solutions supervise several data sources and ensure data
accuracy across networks. Capacity expansion is crucial to these systems. These systems can automatically expand
resource capacity to meet demand as they collect data. Resource addition and removal are flexible with cloud
computing. Therefore, growth is possible. Security is crucial while handling sensitive data. Data confidentiality
and integrity may be achieved by access limits, encryption, and secure data transfer. Fast decision-making requires
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real-time processing [5]. The gadgets' sophisticated CPUs and specific functions rapidly analyze and evaluate
data, giving consumers valuable information.

A comprehensive look at how the latest cloud- and distributed network-based data integration tools effect data
management [6]. More Complete Understanding of Basic Ideas: Learn autonomous processing, data fusion,
machine learning, and data integration. Evaluation of Suggested Remedies: Assesses how effectively solutions
handle data kinds, capabilities, and security. Real-world examples demonstrate how these technologies are
employed in many aspects of life. Future musings and suggestions: A prediction of progress, including advice for
researchers and practitioners [7]. Detailed investigation of the technologies and procedures that power these
locations. Policy and Regulation: This article examines the policy and regulatory implications of cloud-based data
fusion in distributed networks. It manages data control and compliance [8]. The merits and downsides of cloud-
based data fusion platforms and traditional data management solutions are compared.

Implementation tips: These help firms employ these technologies. Risk management, best practices, and
technology use are covered [9]. This work bridges theoretical and practical knowledge, contributing to academic
and industry understanding. Finally, this research examines cloud-based data fusion systems in dispersed
networks. It advances data management and provides relevant information [10]. When combined, these
technologies might transform how we store, handle, and analyze data, making data-driven choices more efficient
and effective.

2. Related Works

Data management becomes tougher as the globe develops. In cloud-based data fusion platforms and distributed
network topologies, several novel solutions have been developed to address these issues [11]. Distant data storage
systems manage massive volumes of data at distant locations because they are dependable, scalable, and efficient.
Data lakes store diverse kinds of data in its original condition for deeper analysis. They are flexible and can handle
massive data sets. Fast, real-time stream processing frameworks are crucial in today's fast-paced data settings.
Cloud-based data warehouses are stable and can manage massive volumes of data, making them ideal for analytics
and hard data fusion. The versatile and agile Microservices Architecture allows for scalable and efficient data
management solutions.

API-Driven Data Integration is the simplest to use and integrate, allowing cloud services and applications to
communicate. This is crucial for creating sensible and effective data management solutions. Machine Learning
and Artificial Intelligence for Data Fusion advanced data analysis by employing complicated ways to extract
meaningful information from vast and tough datasets. While blockchain is less versatile and simpler to use, it
offers the best security and accuracy, making it a vital technique for data consistency. Edge Computing for
Distributed Data Processing analyzes data closer to its collection, speeding up processing. It excels in real-time
processing and resource optimization. Hybrid Cloud Solutions may be utilized for many data management
purposes due to its security, size, and flexibility. A combination of private, public, and on-premises cloud services
gives contemporary data management independence.

These approaches are compared for their capacity to expand, be dependable, save money, keep data secure, be
adaptable, and manage massive volumes of data [12]. Distributed Data Storage Systems and Cloud-Based Data
Warehousing are trustworthy and can manage a lot of data. For real-time data processing, edge computing and
stream processing frameworks prioritize speed. Blockchain technology is the safest method to safeguard dispersed
network data, but it's less versatile and costs more. When assessing these approaches' usefulness and efficiency,
simplicity of use, integration, real-time processing, data correctness, maintenance, flexibility, and resource
utilization are considered. Microservices Architecture and API-Driven Data Integration get excellent marks for
ease of use and customization. Stream Processing Frameworks and Edge Computing excel in real-time processing,
which is crucial for fast data processes. Despite being more difficult to use, blockchain technology is excellent at
data correction, which is critical for trustworthy and secure data management. The combination of these strategies
makes data management easier on cloud-based data fusion platforms and dispersed network topologies. Each
system has advantages and disadvantages, addresses distinct problems, and introduces new data management
methods. Different approaches to dispersed network topologies and cloud-based data fusion have had a significant
influence on contemporary data management complexity.

Dispersed data storage technologies are enabling a more adaptive paradigm. These systems provide a viable
alternative to centralised data storage and aggregation across several networked locations. Using this method, it
is feasible to improve data availability and error tolerance. Because of their scalability, distributed storage systems
can easily support huge data flows, making this storage structure unique. This is a crucial feature of this storage
design. They are especially useful when data from several places must be accessed in a timely and consistent way.
A "data lake" is a repository that retains a large amount of raw data until it is required from another source. In
contrast to hierarchical data warehouses, which store information in files and directories, data lakes store data
simply. Each data component included in a data lake is assigned a unique identification and connected to a set of
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enhanced metadata tags. If a business issue arises, it is feasible to search the data lake for relevant information.
As a result, to assist in answering the question, it is possible to analyse this data inside a more manageable dataset.
Stream processing frameworks make it possible to handle streaming data in an efficient and low-latency manner
[13]. Social media feeds and financial transaction monitoring programs are two applications that might profit
tremendously from real-time data processing. Stream processing reduces lag time when compared to batch
processing. This allows for real-time data processing and analysis, which leads to improved knowledge and
solutions. The Solution for Cloud-Based Data Warehousing: Cloud-hosted data warehouse solutions provide
scalable, adaptable, and cost-effective data storage. Even though they have the potential to store and analyse large
amounts of data, they save organisations the initial costs and ongoing maintenance associated with conventional
on-premises data warehouses. Data insights are easy to get since these systems often include analytics capabilities.
You construct an application as a collection of independent services when employing a microservices architecture.
When compared to other systems, the ability to build, deploy, and update each service independently boosts agility
and scalability. Microservices are advantageous in complex, dynamic environments because they enable the
continuous addition and upgrade of new functions.

API-Driven Data Integration makes use of APIs to allow software applications to interact and share data. This
enables data exchange between apps. API-driven integration facilitates system integration, allowing data to move
more freely across an organisation's digital environment. Machine learning and Al are becoming increasingly
prevalent in modern culture. These technologies uncover patterns and relationships in large datasets automatically,
enhancing data integration, analysis, and technique efficacy. As a data security solution, blockchain technology
is gaining traction in information management. This is correct, since blockchain technology offers excellent
security. Blockchain technology records all transactions in a distributed, unchangeable ledger, providing data
integrity and traceability. Because trust and data security are critical in supply chain management and financial
services, this is critical. In cloud computing, a hybrid cloud system mixes public and private cloud infrastructure.
This solution allows you to move data and apps across cloud storage types. This technique provides businesses
with additional deployment options and flexibility. This feature enables you to build a model that combines private
cloud administration and security with the scalability and affordability of public cloud computing. Each data
management strategy has advantages and addresses distinct challenges. The kind of data, needs, and objectives
will influence whether an organisation adopts and employs such systems. Data management technology includes
data fusion systems for cloud computing and distributed networks. This shift is the result of many processes.
Hybrid cloud systems and distributed data storage are examples of such options. These techniques offer several
advantages and address numerous difficulties. Modern distributed network data management systems rely heavily
on distributed data storage systems. These systems spread data storage over several network nodes, improving
data dependability and accessibility. Despite node failures, the system's distributed architecture allows for speedy
access to data. Its fault tolerance and low data loss rate are two of its most significant advantages. Data lakes can
store massive volumes of organised or unstructured data. Unlike traditional databases, you can preserve data in
its original format. The versatility of data lakes benefits big data applications considerably. The huge, diversified,
and frequently changing volumes of data created by these applications are incompatible with traditional data
storage methods.

Real-time data processing is possible using stream processing frameworks. Without these frameworks, platforms
for financial trading and social media analytics cannot analyse data quickly. Because of their capacity to handle
high-throughput data streams, organisations can react quickly to new information. Cloud data warehousing blends
the cloud's scalability and flexibility with the benefits of conventional data warehouses. Aside from data
management, traditional data warehouses provide further advantages. These platforms can spare enterprises from
storing and analysing vast amounts of data in expensive and inefficient on-premises data warehouses. They let
organisations remotely store and analyse large volumes of data. The term "microservices architecture" refers to a
method of application development that makes use of multiple discrete services linked together via loose
couplings. This design paradigm works well in clouds since each microservice may evolve independently.
Therefore, cloud applications are more powerful and adaptable. API-Driven Data Integration makes it easier to
combine applications and data sources by using an "application programming interface.” Simplifying the
integration process allows an organisation to have a better knowledge of its data environment. API-driven
integration boosts the value of data in dispersed networks. Machine learning, artificial intelligence, and data fusion
use complicated algorithms to investigate enormous data quantities. Technology facilitates decision-making by
identifying patterns and insights that people cannot. More data-fusion approaches employ Al and machine
learning to increase performance. You gain more understanding and practical knowledge. The distributed ledger
of blockchain provides a novel solution to protecting sensitive information. Blockchain technology is being used
in healthcare and finance because it is open and trustworthy. This is because the technology creates an immutable
distributed ledger for every transaction involving data transfers. The phrase "edge computing” refers to data
processing that takes place locally rather than in the cloud. This technology's low latency is helpful for Internet of
Things applications and real-time data processing. Edge computing improves bandwidth and response times by
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moving processing and data storage closer to the point of demand. "Hybrid cloud solutions” mix public cloud
computing with private cloud services on-premises. These technologies provide organisations with more
flexibility and adoption choices. This allows enterprises to use the public cloud for scalable, cost-effective
operations while keeping sensitive data on-site. Data management is evolving because of the convergence of
numerous networked technologies. In our increasingly digital age, these critical technologies help businesses
make the most use of their data. Businesses benefit from this technology, which also ensures data security and
increases data processing and storage capacity. Technological advancements are already influencing a broad
spectrum of businesses, and their influence will grow as they develop. Data-driven planning and decision-making
are increasingly approaching. Edge Computing and stream handling frameworks handle data in real time, which
is crucial for fast data operations. Blockchain isn't simple to use, but it's amazing at verifying data for secure and
accurate data management.
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Figure 1: A Process Flowchart of Edge Computing for Distributed Data Processing, illustrating the journey from
data generation at edge devices to decision-making and feedback loops.

Figure 1 shows the "Edge Computing for Distributed Data Processing." After edge devices provide data, local
screening and pre-processing begin. After processing, this data is stored locally. Since local data is evaluated in
real time, edge judgments are made swiftly. Data is combined, compressed, and safeguarded before being
delivered to the central computer. More data processing in the cloud leads to global choices. This process generates
feedback that edge devices use to improve their operations. The circle is over and ready to start again.
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3. Proposed Method

An entire system with multiple carefully built algorithms that intends to dramatically transform cloud-based data
fusion and distributed network data management is our solution [19]. Each algorithm is a gear in this complicated
system, working together to tackle current data management difficulties. This approach illustrates how far
technology has progressed and may be used to forecast future development. Data integration algorithm Our
strategy uses formulae, the foundation of excellent data management. First, data is collected from several sources,
understanding the relevance of data quantity and kind in current data systems. The computer normalizes this data
to ensure consistency and comparability across datasets. To protect and optimize data value, this step is crucial.
Once normalized, the computer utilizes association to find hidden connections. This may reveal vital information.
The next critical step is data transformation. This alters data before analysis and integration. Data integration from
several sources is challenging and must be done properly to avoid data loss or damage. The program verifies data
accuracy using rigorous testing and a quality and consistency standard. Integration preserves space and data
accessibility by compressing and duplicating data. Merging is recorded and monitored to provide a transparent
data management system. Quality control ensures data correctness and completeness throughout its life.
Integration technique efficiency and effectiveness improve with time. Anomaly detection protects data against
errors and absurdities next. Integration difficulties are solved via parameter rewriting and change. Performance
reviews and merger numerical assessments are included. Program maintenance and growth depend on this period.
The program is adjusted depending on user input and system efficiency. Data integration, recording, and
implementation are completed in the algorithm's last phases to ensure accountability and future usage. Run the
application to analyze or act on one file.

Algorithm 1: Data Integration, final Our response uses a complicated but reliable formula. It manages the most
advanced data systems and ensures data safety, accuracy, and integration. This procedure underpins all system
activities. It enables improved cloud-based and distributed network data management.

Algorithm 1: Data Integration Algorithm
1. Start
2. Data Collection:

e  Collect data from sources: D1,D2,...,Dn.
3. Normalization:

e Normalize each data point x in dataset: N(x)=max(x)—min(x)/X—min(x) (D)
4. Correlation:

e Calculate correlation coefficient rxy between datasets.
5. Data Transformation:

e  Apply transformations: T(y)=ey 2
6. Data Merging:

o  Merge datasets: M=D1uD2uU...uDn 3)
7. Mean Calculation:

e Calculate mean x of merged data: n) xi 4)
8. Variance Calculation:

e Compute variance 02 of merged data: 62=n—1(xi—x")2 (5)

9. Data Integrity Validation:

o Validate data integrity: V=if s2<threshold (6)
10. Data Storage:
e  Store integrated data S=MxR @)

where R is redundancy factor.
11. Compression Application:
e  Apply compression ratio C.
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12. Integration Log Update:

e Update log with current timestamp.
13. Quality Monitoring:

e  Monitor data accuracy Q1 and completeness Q2.
14. Integration Process Optimization:

e  Optimize using processed data O2 and total processing time O3.
15. Anomaly Detection:

e Detect anomalies A.
16. Parameter Adjustment:

e  Adjust parameters P.
17. Reprocessing Decision:

o Decide on reprocessing R1 and select method R2 if needed.
18. Performance Evaluation:

e Evaluate integration success E1, data quality score E2, and integration time E3.
19. Feedback Loop:

e Implement feedback received F.
20. Finalization:

e  Confirm final dataset F1 and data quality F2.
21. Documentation:

e Document completeness D1, accuracy D2, and timeliness D3.
22. End

Algorithm 1 integrates data from multiple sources, normalizing and transforming it for consistency. It merges
datasets, ensuring data integrity and quality. The algorithm optimizes the integration process, evaluates
performance, and incorporates feedback for continuous improvement.

The Data Integration Algorithm, the first algorithm, gathers and handles data from several sources. To make
datasets more comparable, data from various sources is gathered and normalised. The technique calculates the
correlation coefficient between datasets to understand their relationships in integrated analysis. Data
transformation is necessary for future research. Following that, the script aggregates all the data into a single large
dataset. The script computes the mean and variance of this dataset to appreciate its unique qualities. First, check
the combined data's quality and integrity, then store it properly. Data compression aids in the management of
storage space. To ensure data quality, the approach entails checking the correctness and completeness of the data.
For better integration, we use performance comments and data. To discover and correct data conflicts, the
approach employs anomaly detection. Furthermore, the software optimises data integration settings. Performance
assessment determines integration success, and feedback improves the algorithm.

Integrated Data Reception: The procedure begins with the combination of integrated data (M) from several
sources. M = D1+D2+...+Dn (8)

This first stage creates the data handling and storage capabilities of the system.

Calculations determine the mean (x) and variance of integrated data. This facilitates understanding of data
distribution, which affects storage optimisation and anomaly detection. Mean calculation formula:

X =1nxi. )

Determine Storage Requirements: The technique computes storage S based on data M and a predefined
redundancy factor.

S=MR (10)
This guarantees that the data has adequate storage space.
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Data availability and integrity need redundancy.
R=1TU (11)

where TU stands for total consumption. Redundancy strikes a balance between resource utilisation and data
protection.

Allocation of Storage Space The allocated storage space consists of main storage (Al) and secondary storage
(A2).

To get A1, multiply Shy R, and to find A2, multiply S by (1R).

This method assures data storage across media by multiplying n by S, the total of the allocations Data
Distribution: To enhance access time and load, data distribution is dependent on storage space. To load balance
storage nodes, apply the equation L=ni=1nxi. 12)

This uniformly distributes data and avoids node overload.

Monitoring the Health of the Storage System Monitoring the storage system's utilisation (H1) and error rate (H2)
aids in the prevention and maintenance of problems. Optimisation of storage: Using the formula O, the
optimisation measure O is the ratio of total redundancy to employed redundancy.

O=R used R total (13)
This is critical for storage effectiveness.

Update of the Storage Log: Updated timestamp, status, and error logs assist in auditing and analysis. Data Backup:
Regular backups with a frequency (B1) and success rate (B2) assure data safety. Anomaly Detection: The
application constantly scans the storage system for abnormalities in order to detect possible problems. This
theoretical explanation presents the Scalable Storage Algorithm's systematic approach to distributed network data
storage management. This strategy places a premium on efficiency, data integrity, and system health. The Scalable
Storage Algorithm (Algorithm 2) manages and distributes storage resources across heterogeneous networks. Data
collection from multiple sources is the first step in preparing data for processing and storage. You must understand
integrated data distribution in order to optimise storage. Here you may get the data mean and variance. Data
volume and redundancy have an influence on storage requirements. This allows for enough storage without
wasting resources. Data availability and integrity have an impact on redundancy estimation. The approach divides
storage into two parts: main and secondary. Storage-based data distribution may enhance network load balancing
and access time. To minimise overloading, distribute the load equally among storage nodes. Continuous storage
system monitoring enables proactive maintenance and rapid issue resolution. Storage optimisation saves
resources, and having up-to-date data helps with audits and analysis. Backups are successful and routinely checked
in order to secure data. The application uses anomaly detection to identify storage system issues in real time. The
systematic approach to distributed network data storage prioritises efficiency, data integrity, and system health.
This method ensures high system performance and data availability.

The Scalable Storage Algorithm, on the other hand, offers a complete approach for managing and distributing
storage resources in a dispersed network. Its goals include balanced load distribution across storage nodes, storage
technique optimisation, and data integrity. This strategy is particularly significant in high-data-volume
applications, where storage management is critical for system performance.

4. Result

In important performance areas, the proposed method beats existing data management solutions. This technology
enhances data accuracy, scalability, processing speed, security, and reliability. It assists cloud-based data fusion
systems and dispersed network topologies in overcoming their inherent limitations and hurdles. According to
recent research, the recommended approach is superior in terms of data recovery, backup, accuracy, flexibility,
resource utilisation, and user experience. Its complete success in several key data management areas makes it an
excellent answer to contemporary data issues. The proposed method is more beneficial with photographs of these
outcomes. Bubble charts illustrate processing speed and scale. The size of each circle indicates data accuracy.
This holistic perspective clarifies success measurements. Using a heat map, you can simply compare success
measurements among strategies. Darker hues indicate greater values. This image immediately shows how well
each strategy performs in various regions. Lastly, a box plot shows how success is measured among
methodologies. It clearly depicts the median, quartiles, and potential outliers, revealing how each metric varies
and stabilizes. These visual tools fully demonstrate how the proposed data management method works better when
used together.
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Figure 2: Comparative Performance Evaluation of Various Data Management Methods versus the Proposed
Method

Figure 2 illustrates that the recommended method constantly outperforms alternatives in dependability, security,
processing speed, data merging efficiency, data accuracy, and cost. The proposed method solves data management
issues in cloud-based data fusion platforms and multi-node networks.

Table 1: Comparative Evaluation of Data Management Methods versus the Proposed Method

Method Data Latenc | Flexibility Resource User Data Recovery Proposed
Accuracy y Utilization | Experie and Backup Method
nce Performance
Distributed 8 7 7 7 7 8 9
Data
Storage
Systems
Data Lakes 7 6 8 6 6 7 9
Stream 7 9 6 8 6 8 10
Processing
Framework
S
Cloud- 9 7 6 7 7 9 9
Based Data
Warehousi
ng
Microservi 8 7 9 6 8 8 9
ces
Architectur
e
245

Dot: https://doi.org/10.54216/FPA.150119
Received: August 27, 2023 Revised: December 27, 2023 Accepted: March 15, 2024



https://doi.org/10.54216/FPA.150119

Fusion: Practice and Applications (FPA) 1ol 15, No. 01. PP. 238-249, 2024

API-Driven 7 6 9 6 9 7 9
Data
Integration

Machine 9 8 8 7 5 8 10
Learning
and Al for
Data
Fusion

Blockchain 10 5 4 5 4 10 9
for Data
Security

Edge 8 9 7 9 7 8 10
Computing
for
Distributed
Data
Processing

Hybrid 8 7 8 7 8 7 9
Cloud
Solutions

Proposed 10 9 10 10 10 10 10
Method

Table 1 illustrates that the recommended method regularly outperforms alternatives in data correctness, time,
freedom, resource utilization, user experience, backup and recovery, and data truth. The recommended method
solves data management challenges in cloud-based data fusion platforms and multi-node networks.
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Figure 3: Processing Speed vs. Scalability with Data Accuracy as Size

Figure 3 demonstrates the relationship between processing speed and scalability. The size of each circle indicates
data accuracy, providing a more thorough view of success measurements.
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Figure 4 links success metrics and techniques. Darker colors indicate larger numbers, making it simple to evaluate
each approach in many areas.
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Figure 5: Distribution of Performance Metrics

Figure 5 demonstrates how various strategies distribute success measures. The median, quartiles, and probable
extremes indicate how diverse each metric is.

5. Discussion

Our research proposes a novel data management method for cloud-based data fusion and distributed network
architectures that will revolutionize data management. The sophisticated formula-based strategy works well in
many aspects. The method's core, the Data Integration Algorithm, processes vast amounts and diversity of data
while ensuring consistency and comparability. Data security and usefulness depend on its ability to standardize,
link, transform, and integrate data from multiple sources. Benefits include handling massive volumes of data
rapidly, consistently, inexpensively, securely, and properly. Our solution routinely outperforms alternative data
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management technologies. Bubble charts, heat maps, and box plots illustrate performance measures in several
ways, helping us comprehend their benefits and downsides. The recommended method's ablation analysis
demonstrates that each program is crucial to the framework. Eliminating or modifying a program affects system
performance. This relationship highlights how crucial each aspect is to data management success.

6. Conclusion

The response improves data management, particularly for cloud-based data fusion and distributed networks. It’s
complicated and well-developed approaches handle many current data management concerns, raising the standard
for dependability, security, and speed. Our comparative analysis demonstrated that the strategy functioned well
across several criteria, supporting its claim as a better alternative to conventional procedures. This investigation
reveals that the recommended solution works technically and offers future data management improvements. This
research will assist in creating more sophisticated data management systems that can adapt to changing conditions.
Thus, the recommended strategy may lead future data management system advancements in various sectors.

References

[1] Bubeck, A.; Wilkinson, M.; Roberts, G.P.; Cowie, P.A.; Mccaffrey, K.J.W.; Phillips, R.; Sammonds, P. The
tectonic geomorphology of bedrock scarps on active normal faults in the Italian Apennines mapped using
combined ground penetrating radar and terrestrial laser scanning. Geomorphology 2015, 237, 38-51.

[2] Zbhang, D.; Wu, Z.; Li, J.; Liu, S.; Ma, D.; Lu, Y. The delineation of three-dimensional shallow geometry of
active fault based on TLS and GPR: A case study of an normal fault on the north margin of Maoyaba Basin
in Litang, Western Sichuan Province. Seismol. Geol. 2019, 41, 377-399.

[3] Zhang, D.; Li, J.; Wu, Z.; Ren, L. Reconstructing the Geometry of the Yushu Fault in the Tibetan Plateau
Using TLS, GPR and Trenching. Remote Sens. 2023, 15, 1994,

[4] Colucci, R.R.; Forte, E.; Boccali, C.; Dossi, M.; Lanza, L.; Pipan, M.; Guglielmin, M. Evaluation of Internal
Structure, Volume and Mass of Glacial Bodies by Integrated LiDAR and Ground Penetrating Radar Surveys:
The Case Study of Canin Eastern Glacieret (Julian Alps, Italy). Surv. Geophys. 2015, 36, 231-252.

[5] Spahic, D.; Exner, U.; Behm, M.; Grasemann, B.; Haring, A. Structural 3D modeling using GPR in
unconsolidated sediments (Vienna basin, Austria). Trab. Geol. 2010, 29, 250-252. [Google Scholar]J.
Kotwal, Dr. R. Kashyap, and Dr. S. Pathan, "Agricultural plant diseases identification: From traditional
approach to deep learning," Materials Today: Proceedings, vol. 80, pp. 344-356, 2023. [Online]. Available:
https://doi.org/10.1016/j.matpr.2023.02.370

[6] Edwin Ramirez-Asis, Romel Percy Melgarejo Bolivar, Leonid Aleman Gonzales, Sushovan Chaudhury,
Ramgopal Kashyap, Walaa F. Alsanie, G. K. Viju, "A Lightweight Hybrid Dilated Ghost Model-Based
Approach for the Prognosis of Breast Cancer," Computational Intelligence and Neuroscience, vol. 2022,
Avrticle ID 9325452, 10 pages, 2022. Available: https://doi.org/10.1155/2022/9325452

[7] L.FengandB. Liu, "Low-Energy Data Fusion Privacy Protection Algorithm for Three-Dimensional Wireless
Sensor Network," Mobile Information Systems, vol. 2022, Article ID 3580607, 10 pages, 2022.

[8] K. Pramod, S. Pierluigi, and C. Domenico, "Distributed Detection in Wireless Sensor Networks Under
Multiplicative Fading via Generalized Score Tests," IEEE Internet of Things Journal, vol. 8, no. 11, pp. 9059—
9071, 2021.

[9] I. Nasurulla and R. Kaniezhil, "Integration of Fault-Tolerant Feature to OMIEEPB Routing Protocol in
Wireless Sensor Network," International Journal of Intelligent Computing and Cybernetics, vol. 15, no. 3,
pp. 414-424, 2022.

[10] V. Roy et al., “Detection of sleep apnea through heart rate signal using Convolutional Neural Network,”
International Journal of Pharmaceutical Research, vol. 12, no. 4, pp. 4829-4836, Oct-Dec 2020.

[11] Zhang, J.; Lin, X. Advances in fusion of optical imagery and LiDAR point cloud applied to photogrammetry
and remote sensing. Int. J. Image Data Fusion 2017, 8, 1-31.

[12] Ghamisi, P.; Rasti, B.; Yokoya, N.; Wang, Q.; Hofle, B.; Bruzzone, L.; Bovolo, F.; Chi, M.; Anders, K.;
Gloaguen, R. Multisource and Multitemporal Data Fusion in Remote Sensing. IEEE Geosci. Remote Sens.
Mag. 2018, 7, 6-39.

[13]Liu, W.; Zang, Y.; Xiong, Z.; Bian, X.; Wen, C.; Lu, X.; Li, J. 3D building model generation from mls point
cloud and 3D mesh using multi-source data fusion. Int. J. Appl. Earth Obs. Geoinf. 2023, 116, 103171.

248
Dot: https://doi.org/10.54216/FPA.150119
Received: August 27, 2023 Revised: December 27, 2023 Accepted: March 15, 2024



https://doi.org/10.54216/FPA.150119

Fusion: Practice and Applications (FPA) 1ol 15, No. 01. PP. 238-249, 2024

[14]P. Giri, K. Ng, and W. Phillips, "Wireless Sensor Network System for Landslide Monitoring and Warning,"
IEEE Transactions on Instrumentation and Measurement, vol. 68, no. 4, pp. 1210-1220, 2019.

[15] K. Roopakumar, "Novel Energy-Efficient Secure Routing Protocol for Wireless Sensor Networks with
Mobile Sink," Peer-to-Peer Networking and Applications, vol. 12, no. 4, pp. 881-892, 2019.

[16]Liu, L.; Qian, R. Ground Penetrationg Radar: A critical tool in near-surface geophysics. Chin. J. Geophys.
2015, 58, 2606-2617

[17]S. Stalin, V. Roy, P. K. Shukla, A. Zaguia, M. M. Khan, P. K. Shukla, A. Jain, "A Machine Learning-Based
Big EEG Data Artifact Detection and Wavelet-Based Removal: An Empirical Approach,” Mathematical
Problems in Engineering, vol. 2021, Article ID 2942808, 11 pages, 2021. Available:
https://doi.org/10.1155/2021/2942808

[18]S. Ji, Z. Gui, T. Zhou, H. Yan, and J. Shen, "An Efficient and Certificateless Conditional Privacy-Preserving
Authentication Scheme for Wireless Body Area Networks Big Data Services," IEEE Access, vol. 6, pp.
69603-69611, 2018.

[19]K. Renuka, S. Kumar, S. Kumari, and C. M. Chen, "Cryptanalysis and Improvement of a Privacy-Preserving
Three-Factor Authentication Protocol for Wireless Sensor Networks," Sensors, vol. 19, no. 21, p. 4625, 2019.

249
Dot: https://doi.org/10.54216/FPA.150119

Received: August 27, 2023 Revised: December 27, 2023 Accepted: March 15, 2024



https://doi.org/10.54216/FPA.150119

