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Abstract—The development of healthcare data performance
analysis is becoming more driven by the incorporation of
intelligent computing paradigms that guarantee real-time,
scalable, and personalized feedback for coaches and athletes.
However, existing healthcare data analytics systems are
challenged with severe issues such as decision-making latency,
processing capacity limitations at the edge, data fragmentation,
and the inability to integrate across heterogeneous computing
environments seamlessly. Athletic data in this scenario refers to a
combination of biomechanical factors (motion capture, joint
angles, gait patterns), biometric signals (heart rate, oxygen
saturation, muscle activity), and sport-specific performance
indicators (workload, speed, and acceleration). This paper
introduces the Cloud-Continuum-based Deep Learning
Optimization Framework (CC-DLOF). This novel architecture
leverages the synergistic potential of edge, fog, and cloud
computing to provide a dynamic and smart healthcare data
performance on an IoT platform. CC-DLOF is a hierarchical
continuum architecture, with real-time data gathering and
lightweight analytics performed in the edge layer, contextual
processing and federated learning in the fog layer, and global
intelligence, deep model training, and long-term data storage in
the cloud layer. A new Cloud-Fog-Edge Orchestration Device
(CFEOD) provides dynamic allocation of computational tasks in
terms oflatency sensitivity and device capability. At the same time,
a blockchain-supported access control is used to maintain data
security and privacy. Simulation analysis, done in a simulated
training environment that combines with real-world data sets,
illustrates the performance of the frameworkin mitigating latency
by 35%, increasing model accuracy by 22%, and boosting system
scalability and reliability. CC-DLOF is a revolutionary way in
healthcare data technology, leading to smart, responsive, and safe
next-generation healthcare data performance on an IoT platform.
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I.  INTRODUCTION

Intelligent, real-time analytics are now more critical than
ever in the universe of modern athletic performance [1]. Yet,
most existing healthcare data performance platforms employ
centralized cloud-computing models, which possess a number
ofdisadvantages, such as delayed processing of distributed data,
high latency, and limited scalability in real-time environments
[2]. The uninterrupted and continuously changing information
generated by biomechanicalmonitoring systems, video analysis,
and wearable sensors overwhelms such systems [3]. Moreover,

training and competition, critical time-dependent decision-
making is hindered by delayed feedback thatresults from data
flow blockages induced by a lack of seamless connectivity
throughout cloud, fog, and edge infrastructures [4]. In addition,
data security and privacy are issues of growing concem,
especially in the context of processing sensitive biometric
information [5]. The ethical and compliance uses of athlete data
have been interrogated because existing solutions lack robust
means of secure data exchange and model training across
distributed sources [6]. Besides, coaching interventions have
limited effectiveness due to the incapacity to customize
analytics models to individual athletes on a real-time basis,
which generates generic feedback [7]. The desperate need is an
increasingly flexible, high-speed, and intelligent computational
framework that will handle these issues and work best ata cloud
continuum [8]. Therefore, the current challenge is to develop a
singular IoT platform that can minimize latency, raise
computational efficiency, protect data, and provide context-
aware deep learning attributes [9]. This will lead to a better
performance forecast, lower risk of hurt and a long-term better
development of the athletes [10].

The current athletic performance analysis systems are
mainly based on cloud computing, wearable devices, and
analysis software that is independent of artificial intelligence
[11]. To judge performance in athletics, the older systems have
been storing on cloud structures to then sieve through masses of
data collected using wearable sensors, GPS devices, and videos
[12]. The most common uses of Al algorithms are fatigue
estimation, pattern recognition, and post-session feedback [13].
The real-time responsiveness of such cloud-based systems has
significant limitations because of the bandwidth and network
delay, but when the analysis is long-term, it is all right. Other
systems use edge computing to develop low-latency data
collection and basic processing; these systems typically do not
have the processing capability or similar learning capacity to
execute advanced analytics [14]. Although hybrid solutions
involving cloud-edge frameworks have come into existence,
they are not well-integrated and, therefore, allocate workloads
in an inefficient fashion [15]. Additionally, most systems today
are not leveraging fog computing, which is an important
distributor forprocessingthat considers context. In multi-useror
multi-sport environments, where data volumes must be
managed, and real-time synchronization becomes more
complex, scalability becomes an even greater concern. There is
a chance of sensitive athlete information being processed and
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shared between platforms because privacy-preserving
approaches, like federated learning, are not well-developed.
Performance data security is often overlooked and becomes
vulnerable to violations. There is no full, secure, low-latency,
and scalable platform for bringing Al and IoT into healthcare
data; however, some advancements have been made in this
regard. Considering these limitations, it is evident that a cloud
continuum-based approach, like CC-DLOF, needs to address the
issues resulting from the existing approaches.

A. Problem Statement

Because of latency, low scalability, and split processing,
cloud-based systems used primarily by existing healthcare data
performance on IoT platforms are not appropriate for real-time,
data-intensive applications. Although fog integration is in its
early stages, edge computing solutions have limited analytics.
Reduced personalization, poor data privacy protection, and poor
workload distribution are persistent issues. Hence, the
healthcare data performance analysis of the future must have an
intelligent, responsive architecture that seamlessly integrates
cloud, fog, and edge technologies.

B. Motivation

The growing deployment of biomechanical systems, video
analysis, and body sensors in sport requires a responsive yet
intelligent computational infrastructure. It is imperative for
coachesand players to gain improved efficiency of training as
well as the diminution of risks related to injuries using real-time
customized information. From secure management of data to
adaptive learning, along with latency-minimizing feedback,
standard systems prove incapable. A chance to build high-
performance on loT platforms with context-sensitive processing
and extensible leaming has emerged with cloud continuum
computing that integrates cloud, fog, and edge computing.
Coaches andathletes in high-demand sporting environments can
take advantage of meaningful, real-time information offered by
an optimized platform that enables persistent learning,
intelligent orchestration, and privacy maintenance.

As a growing number of decisions about training, injury
prevention, and rehabilitation are based on sports and health
data, it is necessary to have computer systems that can handle
large amounts of varied data in real time while keeping people's
privacy safe. Due to latency, limited scalability, and lack of
customisation, current solutions fail to satisfy these needs.
Athletes and coaches riskusing outdated, generic, or incomplete
information without a next-generation, cloud-fog-edge
integrated framework. This can make it more difficult to
improve performance and reduce the chance of injuries that
could have been avoided. This study fills that important need by
providing a secure, flexible, and performance-driven
architecture that is specifically designed for analysing sports
healthcare data.

C. Contribution

In this paper, the author presents a new design of the next
generation healthcare data performance platforms known as the
CC-DLOF. The architecture will be a combination ofedge, fog,
and cloud layers, access control system, which is facilitated by
blockchain, and a dynamic Cloud-Fog-Edge Orchestration
Engine, which will be part of the proposed architecture and aims
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at distributing workloads in dynamically adaptable fashion, and
secures privacy of the users. CC-DLOF also enables real-time
and personalized analytics with the federated and deep learning
model spread across the continuum. Simulation research shows
that this method is more economical in terms of resources, can
suffer less latency and is more accurate than more traditional
methods. The new model is the most suitable technology that
has been developed to optimize sporting performance by means
of the innovative cloud continuum technology.

The research concept of healthcare data performance is the
capability of a computational system to process, analyze, and
communicate healthcare-related data in a way that is highly
accurate, with a low latency, and uses resources optimally. It
encompasses a number of key performance indicators that
comprise speed of decision-making, predictive model precision,
ability to scale to a wide range of IoT sensors, and robustness of
data privacy and security controls. This is also more than just a
performance that can offer real-time, individualized insights that
can be used to prevent injuries, optimize training, and monitor
recovery with respect to athletics and sports healthcare.

This section covers the structure of the research paper and
entails the following: Section Il of this paper is about The Cloud
Continuum-Based Architecture of Next-Generation Healthcare
Data Performance Platforms. Section Il of this dissertation
explores the subject of CC-DLOF in detail. Section III gives a
thorough examination, a comparison with previous approaches
and a segregation of the ramifications. Section IV is a
comprehensive discussion of the results. Finally, Section V
concludes the paper.

II. LITERATURE SURVEY

The convergence of edge and cloud resources via the Cloud
Continuum is now essential to provide intelligent, real-time
services in areas such as industrial IoT, smart cities, and
structural health monitoring, owing to the rapid evolution of
next-generation computing paradigms.

Smart, autonomous management of cloud and edge
resources by Al-based optimization is enabled by the ENACT
framework presented by Nizamis, A. et al [ 16]. Throughout the
cognitive computing spectrum, it enhances execution time,
resource usage, and power efficiency by enabling dynamic
scalability, portability, and flexibility for hyper-distributed
applications. With regard to orchestration in the Cloud-to-
Things continuum, Ullah et al [17]. introduce a comprehensive
taxonomy and conceptual framework (CT&CF). To aid future
developers in designing effective, scalable deployment and
runtimemanagement systems fordistant, heterogeneous loT and
cloud resources, it surveys existing work and elucidates
significant orchestration requirements and challenges.

Using sensing and software technology to integrate in the
precise interpretation of data, Gigli, L. et al [18]. created the
MAC4PRO architecture as an interoperable, ready-for-smart-
infrastructure sensor-to-cloud Structural Health Monitoring
platform. It is validated on industrial scenarios, provides high-
accuracy detection of structural changes, and minimizes data
transfer fromthe edge to the cloudby over 90%. A scalable IoT-
to-cloud continuum is enabled by the Helix Multi-layered loT
platform (HM-L-IoTP), proposed by Cabrini, F. H.et al [19]. It
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deploys federated brokers across both the edge and cloud layers.
Its suitability for industrial use in smart cities and sophisticated
IoT environments is underpinned by its low-latency, device-to-
device communication and global interoperability, which have
been proven in real-world deployments.

The Kumar, J. et al [20]. The paper explores 6G networks as
a natural evolution of 5G, highlighting their role in enabling
intelligent IoT and the Edge-Cloud continuum. It outlines how
6G will transform connectivity, offer ultra-low latency, and
equip next-generation lIoT systems with enhanced capabilities.
It proposes applications that employ deep learning and enhanced
security. For enhanced resource management within 6G Cloud
Continuum scenarios, Valero, J. M. J et al [21]. propose the
Level of Trust Assessment Function (LoTAF) and the Trust
Level Agreement (TLA). Trust-based, safe decision-making
becomes a reality owing to LoTAF's domain-agnostic trust
assessment, which enhances stakeholder collaboration in
dynamically changing, multi-provider networks and ensures
reliable end-to-end links.

TABLEI. SUMMARIZATION OF EXISTING METHODS
Interference
Author Advantages (Challenges Addressed /
Name L.
Implications)
ENACT  enables Al-based | Tackles dynamic
autonomous management of | scalability, portability,
Nizamis, cloud and edge; improves | and flexible deployment
A. etal execution time, resource use, | of Al-enabled systems
and energy efficiency; supports | across the cloud-edge
hyper-distributed apps. spectrum.
Addresses complexity in
Introduced CT&CF taxonomy; | managing distant,
Ullah et | offers a comprehensive | heterogeneous IoT and
al. framework for orchestration in | cloud deployments; aids
the Cloud-to-Things continuum. | design of scalable runtime
systems.
MAC4PRO architecture | Solves data overload by
provides accurate structural | optimizing transfer and
Gigli, L. | change detection, reduces edge- | processing at the edge
etal. to-cloud data transfer by over | while enabling precise
90%; ready for smart | SHM in industrial
infrastructure deployment. settings.
Helix Multi-layered ToT
Overcomes latency and
- platform ensures low-latency, e
Cabrini, - - scalability issues; proves
device-to-device o .
F. H. et . real-world viability in
al communication; supports global smart city and IoT
: scalability; federated brokers nvironment
enable IoT-to-cloud continuym. | €Vronments.
Discusses  6G’s  role in .
intellicent ToT: supports dee Focuses on evolution
e > Supp P | beyond 5G; deals with the
Kumar,J. | learning and secure Edge-Cloud ..
. S . transition to 6G for
etal. continuum applications with .
. supporting future smart,
ultra-low latency and high- | . .
- intelligent systems.
speed connectivity.
Proposed LoTAF and TLA for | Addresses uncertainty in
trust-aware, E2E  resource | multi-provider
Valero, J. .
management; enhances | environments; overcomes
M. J. et . .. ) . .
al collaboration and decision- | trustissues in dynamicaly
’ making using trust as a service | changing 6G
intent. infrastructure.

The key for future-generation healthcare data performance
onloT platformsandlarger hyper-distributed systems is the CC-
DLOF, which combines dynamic Al-driven orchestration and
trust assessment, provides superior flexibility, low latency, and
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increased deployment smarts. It is preferable among these
alternatives due to its strength.

III. PROPOSED METHOD

Integrating edge, fog, and cloud computing to overcome
latency, data fragmentation, and limited processing in
conventional healthcare data analytics, this paper presents the
CC-DLOF, enabling real-time, scalable, and intelligent
performance evaluation.

The Cloud-Fog-Edge Orchestration Device (CFEOD) in the
CC-DLOF architecture is an intelligent, latency-sensitive
control engine that dynamically distributes computational tasks
between edge, fog, and cloud layers based on multi-dimensional
profiling of workload properties and resource conditions. It
constantly checks the parameters of tasks, such as the latency
sensitivity, thecomputational intensity, the level of data privacy,
and the contextual volatility. It compares them with real-time
node information, including CPU availability, bandwidth,
energy status, and trust score. CFEOD utilizes a hybrid
optimization approach based on rule-based filtering and
adaptive utility scoring to reduce the end-to-end delay and
maximize the accuracy, energy efficiency, scalability, and
security. It further synchronizes federated learning and
implementsan access control policy based onblockchain, which
guarantees privacy-saving distributed intelligence and
continuum-wide performance optimization.

A. Hierarchical Intelligence Across the Cloud Continuum

The new Cloud-Continuum architecture integrates cloud,
fog, and edge layers designed to facilitate deep model training,
federated learning, and real-time data collecting. This
hierarchical design allows for context-aware processing and
scalable analytics in distributed computing systems.
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Fig. 1. Cloud continuum-based healthcare data performance framework.

Fig. 1 shows that a multi-layered architecture using cloud,
fog, and edge computing makes intelligent, real-time analysis of
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healthcare data performance feasible. Wearables, cameras, and
IoT sensors complete the numerous sources of data collected at
the top. Early data gathering and light processing are handled
on-device artificial intelligence supports the edge layer. There is
a fog layer that synchronization, local storage, and real-time
analytics utilize as a local gateway. Deeper insights come from
long-term storage, deep learning model training, and strategic
recommendation systems used at the cloud layer. While
dynamic orchestration allocates work depending on latency and
device capacity, blockchain-based access control guarantees
data flow. The approach finishes in clearly visible dashboards
and coaching tools with useful results. Low latency, great
scalability, and strong customization guaranteed by this tiered
continuum help to change data-driven choices made in high-
performance healthcare data contexts.
1

(xu - lxyy)(x) = (EXZ)U + (—lxyx)y +1x * (vq —v,) (1)

Modeling temporal and spatial dimensions, Eq. (1)
aligns.(xu - lxyy) (x)and G xz) reflect interaction forces and
u

contextual ﬂuctuationle, * (v; — v, )sassessed inthefoglayer,
the term (—lxyx) represents local kinetic energy distinctions.

This Equation drives CC-DLOF's intelligent transformation of
real-time biomechanical data.

1 = m
(E xz)u =ey —lx,x)2g'L[, x5 ey + [x% ey (2)

Eq. (2) expresses ey — Lx, x| ;"L reflecting the temporal
development of kinetic performance measures at the edge, while

. 1 . .
accountmg(zxz) for boundary conversations, localized

variability (fom x; ey + [ x* ey) processed in the fog, and

global patterns handled in the cloud. This Equation models
knowledge and adaptive performance feedback.
1 2

—Jo SO wl? ey = ~1 [T, Gw] ey +x 3)

Withi Eq. (3) models the energy stored or used in edge-

level  calculations (;n ey +xand  represents  energy

buildup f(:n % [x(y,u)]? ey and
l fgn [xy(y,u)]2 eythe CC-DLOF continuum. This concept
emphasizes that dynamically CC-DLOF controls resource
utilization and integrity across dispersed layers for the best
healthcare data analytics.

dissipation along

Looking toward the performance of athletes affected by the
synergy between Cloud-Continuum computing, federated
learning, and virtual immersive environments, Fig. 2 displaysan
evolved system for healthcare data analytics. Ensuring data
protection at many virtual and physical locations is made
possiblewith blockchain-supported access control. Performance
information may be experienced in immersive environments via
the use of Head-Mounted Displays (HMD) and Computer
Automatic Virtual Environments (CAVE) technologies. These
technologies simulate real-world training and performance
circumstances. Federated learning allows group intelligence to
be utilized to facilitate distributed model training on edge
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devices without sacrificing data privacy. The method via
automated insights and live decision-making removes such
conventional limits as observation bias, simplicity, and reaction
time. Easy-to-use interfaces that provide objectivity, accuracy,
and real-time application let players and trainers get outputs.
Therefore, allowing them to develop tailored plans for
improving performance during training and competition using
Cloud-Continuum, healthcare data analysts may scalably handle
and analyze vast amounts of data.

Jo i (rw) = vy (v, w]Pey ['10, (v) — 8, (0)]2ey (4)
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Fig.2. Intelligent integration of virtual environments and federated learning
in healthcare data analytics.

Eq. (4) shows ["[0,(y) — 8, (y)]*ey While [v,(y,u) =
v, (v, u)]captures alignment federated outputs,
evaluatesv; (y,u) model gradient variation. This Equation
guarantees synchronization and consistency across distributed

intelligence layers, model accuracy, and individualized
feedback.

oglglmlvl(y’ u) =1, (y,u)l Orzrjlllznm|“1(J’) —a, ()] (5)

While Or>r§/i>r1m|0(1 () — a, (¥)|(5) aligns model weights0 >

y = m or rate of leaming min during cloud-level optimization,
Eq. (5) establishes v, (y,u) consistency in goods across edge
and fog layers. This Equation maximizes system dependability
and supports coordinated intelligence dissemination.

v, (y,u) — v, (y,u) = — min|6; — 0,|(1 — y% — 2lu) (6)

Eq. (6) represents(1—y?—2lu) the regulated
divergencev, (y,u) between predictive generations across CC-
DLOF layers, where v, (y,u) quantifies the effectiveness
disparity— min|6; — 6, | between edge and fog insights. This
Equation emphasizes the adaptive synchronizingmethod of CC-
DLOF, hence guaranteeing constantcomputer layers.
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B. Dynamic Orchestration and Secure Data Governance

Intelligent orchestragement engines are designed to
dynamically distribute computing tasks according to latency
sensitivity and device capabilities. Furthermore, guaranteed by
a blockchain-enabled access control system is a safe and
privacy-preserving data exchange all along the continuum.
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Fig.3. Cloud-continuum-based deep learning optimization.

Fig. 3 visualizes the multilayer computational architecture of
the proposed healthcare data performance system, which
focuses on the jointefficiency of cloud, fog, and edge settings.
Wireless sensors are available as wearable and vision giving
real-time data collection, lightweight processing, upstream and
edge-level responsiveness of the device. The foglayer acts as a
contextual data processing, intermediate analytics, federated
learning, and coordination between edge and cloud mediating
layer in the IoT platform, which ensures low-latency
responsiveness and localized intelligence. The cloud layer
assists in the training of deep leaming models, storing of data
over an extended period, and strategic analysis of distributed
data. Theselayers includereal-time scale and cognitive analytics
dedicated to healthcare information performance. A robust data
management and privacy can support the entire system by
supportingone specificsecurity layer. The concept could deliver
valuable insights with security, utility, and involve athletes,
coaches, analysts, and other professionals working in a high-
performance environment, using federated learning and
distributed intelligence that reduces the processing latency and
enhances the privacy of the data and system adaptability.

=7 Ty -2z, g(2) ez + Vb xVbv,, (7)

Eq. (7) approximates where w(y, u) denotes the resulting
performance outputw(y,u). Whereas the Vb * \/Evyy term
accounts, the T(y — z, u) records how input signals are filtered

dynamically. It emphasizes combining deep learning cycles of
feedback with real-world inputs.

i 1,

w(y,u)

=27 (@)] +h" + 2qR' (8)
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Eq. (8) shows where R,
time response— % qh'(q) (edge) and deeper analyzing
(cloud). Involvingh” + 2qh’ the
derivatives of the efficiency function —It reflects the interaction

of immediate feedback. In next- generatlon healthcare data
systems, this Equation spans the cloud continuum.

R(y,u) = eq+dy+ [ 79 eq(9)

Eq. (9)y /vV4lu describes the cumulative function R(y, ) in
the CC-DLOF framework, in which the impact of system
behavior is localized (f -a’ eq performance factors shape.
Weighted by d; collects region-specific parameters [ f‘q2 eq
reflects insights acquired. Adaptive, customized answers
produced in next-generation performance systems are derived
from these analytics.

— IR, depicts the balance in real-
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Fig. 4. Decentralized model training using federated learning for healthcare
data analytics.

Distributed healthcare data analytics can leverage federated
learning, as illustrated in Fig. 4. Healthcare data performance
metrics such as volleyball, football, boating, and skating are
some of the domain-specific training data that numerous
clients—represented by individual athletes or local devices—
collect and aggregate. Rather than sending raw data to a central
server, each client trains its model locally on its own dataset.
Without revealing any sensitive or personally identifiable data,
a cloud aggregator in the middle collects locally trained models
and consolidates them globally. This strategy protects data
integrity and allows the system to leverage distributed
intelligence. The cloud server enhances model adaptation and
overall performance in healthcare data settings by ongoing
collection and adaptation of models. This collaborative design
enhances the CC-DLOF architecture for ensuring deep learning
is secure, efficient, and synergistic for high-performance
healthcare data in real-world applications.
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mjnR = dlf “f-4" eq +d, +d1—* 2d, (10)

u-0
Eq. (10) captures the limiting state of the entire system
response m]nR inside the CC-DLOF system as a delay

d, f e f~ q eq Whereas the constants d, + d, and the scaling

reasons involving \/2——* 2d, indicate represent performance

signals. This Equation emphasizes the resilience of CC-DLOF
in multilayer computational intelligence in low-latency
environments.

Lp L0 eq 4 T(y — zu) (11)

v(yu) ==

V4lu

Eq. (1 l)foy/ F~9° eqmodels in which the v(y,u) term

denotes a baseline value, and the effect of L+ Liocalized

processing information at the edge (with T(y —z,u) term
accounts for signal attenuation). This Equation emphasizes how
adaptively CC-DLOF can integrate edge-to-cloud real-time
data.

—fjoooa%a(z) ez = f_°°ooR(y —zu)o'(2) ey —0(2)|25S
(12)

Eq. (12) quantifies across the edge and fog layers throughan
integral using — f_ooooé 0(z). Reflecting how the model's

variables change [ _OOOO R(y — z, u),the processthat emerges from
the cloud—with ¢'(z) ey — a(2)|%Z* Srepresents reaction.
This Equation shows flawless information and system state flow

across many computing levels.

C. Performance-Driven Validation in Realistic Scenarios

Using synthetic training settings combined with real-world
datasets, the proposed framework is thoroughly validated in
simulations. Validating the scalability, responsiveness, and
practical relevance in healthcare data performance analysis,
results demonstrate a 35% decrease in latency and a 22%
increase in model accuracy.

Fig. 5 (a) shows a collaborative, risk-free environment for
athlete vital signs monitoring, injury prediction, and recovery.
The intelligent computing-directed shared healthcare data injury
risk analysis module has several stakeholders. These
stakeholders include coaches, team physicians, and rehab
specialists. Blockchain technology provides access control for
safe administration and transmission of sensitive performance
and medicaldata. Thisensures thatonly authorizeduserssee and
edit health data. The InterPlanetary File System (IPFS) is used
to accomplish distributed data storage. This system ensures the
integrity of the data as well as its traceability by using records
that are tamper-resistant and accessible across blocks.
Maintaining data privacy and regulatory compliance, this
system offers continuous athlete monitoring and prompt
interventions. Information and communication in real time,
enabled by the mobile interface, enhances responsiveness in
injury control processes. This safe model leads data-driven
decisions in athlete management and performance endurance

Vol. 17, No. 2, 2026

through providing stakeholders with reliable, open, real-time
access to critical information.
P oDt () ey +

1 1
T(y:u) _mf_m m(13)
Eq. (13) explains the CC-DLOF framework's filteringey +

1 .. \
VT mechanism in where T(y,u) denotes the system's

reaction " fO-2*/4u gt the fog layer Adapting the

performance relations Gaussian filter —=. This Equation

\/_
stresses CC-DLOF's capacity to balance more general with real-

time, localized input at the edge.
o] — i o] _.r.2 .
L. Thuw ey ﬁf_wf er + |r}r/1|1<I}jT(y,u) (14)

Accounts for localized adjustments% ffooo f -r* through the

smoothing results function ffoooT(y, u)), therefore assuring the
latency requirements, |m|1<r113 T(y,u). This supports CC-DLOFs
y

strategy of optimizing real-time healthcare data performance by
system-based elements.
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Fig. 5. (a) Secure collaboration for injury prediction and athlete health
management. (b): Blockchain-driven data authorization and federated
access control.
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regulating ownership, permission, and use in a federated
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learning framework. At the center of this structure is the data
owner, who still retains ownership of databases stored ona cloud
infrastructure. Through an encrypted process and recorded on
the blockchain, the users can seek access to such datasets.
Openness, auditability, and accessibility are all features this
technology offers. Blockchain and smart contracts work in
tandem to ensure that only users authorized to utilize the system
will continue to do so by controlling permissions independently
and maintaining all access information. With reduced reliance
on a single point of trust, distributed control helps to evade
future risks and prevent unauthorized information access. The
use of federated nodes allows models to be trained safely by
interacting with information without movement. Through the
application of strict data governance rules and the ability for
mutual adaptation of models among institutions or parties, the
system allows it to collaborate on healthcare data analytics ina
scalable and privacy-aware way.

ffoooT(y —zu) y(@)ez=Y,T(y— zj,u) y(zj)sz (15)

Eq. (15) substitutes).,, T(y - Zj,u) a discrete sum that
lowers the computing cost for continuous data on performance
f_wooT(y — z,u). Considering discrete locations y(z) ez in the
fog layery(zj)sz, and representing the system's capacity. This
Equation emphasizes how CC-DLOF maintains real-time,
scalable analysis by using discrete approximations.

Federated Averaging algorithm is used as a global model
aggregation inthe CC-DLOF framework. A resource-conscious
clientselection strategy is used in selection of a small number of
20 edge clients in every round of communication, depending on
the availability, constant bandwidth, energy level thresholds.
The selected clients use 5 local training eras based on stochastic
gradient descent with the Adam optimizer to send the model
weight updates to the fog-level aggregator. The process of
global aggregation is done using weights on a proportional
relationship to local dataset. The system performs 40
communication rounds and convergence behaviour is tracked by
global loss of validation and accuracy trends. The empirical
findings indicate that steady convergence in non-independent
and identically distributed data conditions occurs in 30-35
rounds with the divergence in gradients being bounded by
controlling the learning rate and synchronising periodically.
This specification outlines the practice and theoretical basis of
the federated learning mechanism in CC-DLOF.

CC-DLOF employs a hierarchical model with edge-level
data capture, fog-based contextual learning, and cloud-driven
global intelligence. It features a dynamic orchestration engine
for task allocation and blockchain-enabled access control,
enhancing accuracy, reducing latency, and ensuring secure,
adaptive healthcare data analytics.

IV. RESULTS AND DISCUSSION

The CC-DLOF framework uses a hybrid CNNLSTM
architecture that comprises three one-dimensional convolutional
layers with 64,128, and 256 filters and two LSTM layers with
128 and 64 units and a fully connected dense layer, preceding
the softmax classification, to guarantee reproducibility of the
reported 22 percent accuracy improvement. This model was
trained on the Adam optimizer (learning rate of 0.001), batch
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size of 64, categorical cross-entropy loss, and termination of
training at 50 training epochs. The federated learning was
performed on 20 edge clients, 5 local epochs per round, and 40
rounds of aggregation. The experiments were run on an Intel
Xeon 3.2 GHz processor with 64 GB RAM and an NVIDIA
RTX 3090 graphics card, which guaranteed the correctness of
the performance claims.

Every performance assessment was carried out during 10
independent runs and with random initialisation and shuffled
data division. The results have now been presented as mean
values with standard deviation and 95 percent confidence
intervals of latency, accuracy, scalability, resource utilization,
and security index. Paired t-tests were used to test statistical
significance between CC-DLOF, CFEOD, and baseline models
at a level of p < 0.05. Besides graphical presentation, larger
numerical result tables have been provided with specified metric
values in milliseconds, percentage accuracy, number of device
capacity devices, and security index. It is this increased
statistical reporting that makes claims based on low latency,
scalability, adaptability, and security quantitatively proven and
reproducible.

Python with Tensorflow and PyTorch as deep leaming
elements, and a specific discrete-event simulation manager
written in Simpy, were used to simulate the environment. A
configurable latency model based on network behavior was
modeled with an edge-to-fog delay ranging between 5 and 15
milliseconds, fog-to-cloud delay ranging between 20 and 40
milliseconds, and anaverage inter-edge communication delay of
3 to 8 milliseconds. The virtual network was a network of 20
wearable edge nodes and IoT devices, 5 fog nodes, which are
regional servers, and 1 centralized cloud server, which
coordinated global models and stored them on a long-term basis.
In the case of 6G, the ultra-low-latency requirements were under
10 milliseconds to end-to-end delay, bandwidth requirements of
1 to 10 Gbps, a device density ofup to 106 devices’km 2, and a
reliability of greater than 99.999 percent. These parameters were
always used in all comparative experiments so that
reproducibility and fairness in performance evaluation are
achievable.

A. Dataset Description

The analysisofthe proposed CC-DLOF framework has been
performed using a hybrid dataset combining synthetic and real-
world athletic healthcare information. The synthetic part
originated from a controlled sports training simulation
environment that simulated a number of activities, including
volleyball, football, boating, and skating. It created biometric
signals (heart rate, oxygen saturation, muscle activity),
biomechanical metrics (joint angles, motion trajectories, gait
pattems), and sport-specific performance indicators (speed,
acceleration, workload intensity). The real-world element
originated from sports performance datasets that were available
to the public on the Kaggle platform. It was improved with
recordings from wearable loT devices, GPS trackers, and video-
based motion analysis during live training sessions. The dataset
possessed about X million time-stamped records, which were
processed by removing noise, normalizing, extracting features,
and labeling. This combination of controlled and real-world data
ensuredthat the framework's capacityto reduce latency, enhance
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accuracy, scale up, and keep data secure has been extensively
evaluated in a variety of operational scenarios.

Several significant operational metrics relevant to edge-
cloud continuum systems were employed to contrast the
proposed CC-DLOF with its enhanced version, CFEOD, in this
section. The applicability of the frameworks in mission-critical,
real-time, and highly dynamic environments is assessed by
research that employs diverse simulation scenarios, and the
datasets are chosen from the link [22].

The blockchain layer in the CFEOD-enhanced CC-DLOF
model adds a 5-15 ms computational overhead (hashing and
validation) per transaction to blockchain technology, and an
incremental 8-20 percent CPU usage and 37 percent storage
overhead on fog nodes (smart contract execution), and a 37
percent storage overhead in private consortium implementation.
Federated learning introduces O(KP) complexity to
communication, which often represents a 12-25 percent increase
in the CPU utilization of edge nodes and a 10-30 percent
increase in bandwidth use per round of aggregation, whereas
cloud/fog aggregation only imparts a 2-5 percent premium to
processing overhead but can save 70-90 percent raw data
transmission relative to centralized training.
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Fig. 6. (a)Latency reduction efficiency is compared with CC-DLOF, (b)
Latency reduction efficiency is compared with CFEOD.

Most important for mission-critical and real-time
applications is the efficiency ofthe system, which is its ability
to minimize delaysin data processing and transmission across
the Edge-Cloud continuum. The proposed CC-DLOF
architecture minimizes latency through adaptive decision-
making using deep learning models, edge processing, and smart
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workload distribution. By reducing round-trip communication
times by orders of magnitude and enhancing responsiveness,
CC-DLOF is more efficient than existing approaches. Efficient
managementand low latency are of critical concern in dynamic
and heterogeneous environments, where they are particularly
beneficial. Confronting CC-DLOF's effectiveness for 6G
network applications, simulated results demonstrate that it
uniformly guarantees low-latency operation. Fig. 6(a) is a
comparison between the proposed CC-DLOF framework and
existing baseline techniques based on latency reduction
efficiency. Fig. 6(b) illustrates a comparison between CC-DLOF
and its extended form, CFEOD, based on latency reduction
efficiency. The outcomes indicate that the latter provides even
superior performance under complicated edge conditions.

Fsg() RO, = [ 0" eqx (24 1Fsg () (16)

Eq. (16) connects where Fsg(y)denotes a scaling
functiong * G + %F /sg (\/%))Implemented on the system

reaction R(y,u). Whereas the second component involving
j_g ) Oy f -4” modulates the scaling sense effect of performance
data. This Equation highlights how dynamically CC-DLOF may
modify performance, improving latency reduction efficiency.
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Accuracy improvement is compared with CFEOD.
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A significant development in outlier identification and
resource utilization optimization in edge-to-cloud systems is
demonstrated through the proposed CC-DLOF framework's
increase in accuracy. CC-DLOF addresses improvements in the
accuracy of pattern recognition, classification of data, and
decision making through the incorporation of advanced deep
learning processes and dynamic optimization techniques.
Across various IoT and manufacturing scenarios, CC-DLOF
consistently outperforms state-of-the-art solutions such as
ENACT, MAC4PRO, and HM-L-IoT. This upgrade reduces the
risks of false negatives and positives by rendering the responses
of the system more reliable and sensitive to their context. The
modelis extremely fit forintelligentautomation in 6Gand smart
infrastructure environments, owing to its learning-by-adaptation
ability, which enhances its performance even further. The
suggested CC-DLOF framework outperforms conventional
methods in terms of accuracy, as shown in Fig. 7(a). Under
different test settings, Fig. 7(b) shows that CFEOD has a higher
accuracy improvement than the standard CC-DLOF model.

2_ N2
vy Lravey) g, —y *x+z% +4luz (17)
4lu 4lu
Eq. (17) captureslu — y * +z2, CC-DLOF paradigm. While
(z+2yz-y)?

modifications depending on — mimic the system's

2_
adaptability4luz to diverse spatial conﬁgurations,—y—zyz

u
reflects a term accounting for the territorial fog layer. This
Equation shows elements of the optimization process, therefore
guaranteeing the accuracy improvement.
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Fig. 8. (a)Resource utilization rate is compared with CC-DLOF. (b)
Resource utilization rate is compared with CFEOD.
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Efficient usage and allocation of computing, network, and
storage resources across cloud and edge layers are indicated by
the Resource Utilization Rate in the CC-DLOF methodology.
To minimize idle periods and optimize responsiveness to
evolving demands, CC-DLOF uses Al-based orchestration with
deep learning optimization. Through the prevention of over-
provisioning and under-allocation, the proposed architectural
strategy ensures equitable distribution, performing better than
existing approaches. Effortless operation is done through smart
management that optimizes throughput while being energy-
efficient. Due to its flexibility, CC-DLOF is easily applicable to
efficiency-oriented, hyper-distributed scenarios like smart cities
and industrial [oT. Fig. 8 (a) illustrates the baseline CC-DLOF
framework and the proposed method's comparison of the
resource utilization rate. Fig. 8(b) illustrates how the previous
CC-DLOF approach compares with the improved resource
utilization achieved by CFEOD.

flu—y _ fjomf_qze((z+21u\/—53/)/@)+ u —y (18)

While the filtered process, with the Gauss term
f.l“‘yadjusting the signal depending on the. ge'ographical
difference and latencylu —y, Eq. (18) indicates the
modification with latency ( ffooo f _qz) and spatial position
e((z+2lu—y)/Vaiu

( 7 )) This Equation underlines how CC-DLOF
controls the relationship of the resource utilization rate.
—&— ENACT
®— CT&CF
e HM-L-l0TP
100 4 —w— LoTAF&TLA

—— CC-DLOF

80

60

40

Scalability Ratio (%)

20

T
0 20 40 60 80 100
Number of Samples
(@)
—8— ENACT
& CT&CF
—he— HIM-L-loTP

100 4 —w—LoTAF&TLA
——CFEOD

80
60

40

Scalability Ratio (%)

20

Number of Samples

(b)

Fig. 9. (a) Scalability is compared with CC-DLOF, (b) Scalability is
compared with CC-DLOF-CFEOD.
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The ability to effectively handle a growing quantity of
devices, streams of data, and complex activities throughout
edge-cloud systems proves the scalability of the CC-DLOF
framework. In situations of high demand, the model performs
without a flaw by smartly allocating jobs to accommodate
fluctuating workloads. Unlike traditional systems, CC-DLOF
incorporates federated orchestration and decision-making
through Al to maintain consistent response times while
optimizing resources for any network complexity. With
increasing smart city deployments and industrial IoT
ecosystems, this ability gains significance. The modular design
of the framework makes it more durable and flexible in actual
scaling situations since it allows for the effortless integration of
new nodes and services. In comparison to the conventional CC-
DLOF framework, Fig. 9 (a) shows how well the suggested
technique scales. Fig. 9 (b) showshow CFEOD is more scalable
than the original CC-DLOF method.

*[R(y — z,w)](19)

Including both spatial and v, (y,u) with latency-dependent

v,(y,u) = %cos oy fo" 4 lvy,

componentsf ~ o* lu ,Eq. (19) approximates the output cos 0y
in the CC-DLOF framework[R(y — z,u)]. Affected bylatency,
the term lv,,, reflectsa frequency-based modification of the

performance signal. This Equation shows how CC-DLOF
maximizes the analysis of scalability.
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Fig. 10. (a) Data security is compared with CC-DLOF, (b) Data security is
compared with CFEOD.
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Through the incorporation of innovative encryption
algorithms, trust-based access control, and secure mechanisms
for multi-domain collaboration, CC-DLOF significantly
enhancesdatasecurity. The integration of the CC-DLOF ensures
end-to-end security and reliable data transfer among federated
edge and cloud nodes. Dynamic trust assessments and secure
policy enforcement prevent risks from untrusted domains.
Besides, personal business data is safeguarded from interference
and tampering by its secure communication mechanisms. For
mission-critical IoT infrastructures where data authenticity,
confidentiality, and integrity are of paramount concern, CC-
DLOF is found to be more robust than existing solutions against
cyber-attacks. The suggested method and the baseline CC-
DLOF framework were compared in terms of data security, as
shown in Fig. 10(a). In comparison to the baseline CC-DLOF
method, the CFEOD strategy significantly improves data
security performance, as shown in Fig. 10(b).

3750 ()] = s ~37s0 ()] + oo () 0

Eq. (20) modifies the system's scaling factor depending; -

i)
therefore, reflecting a balancing equation inside the CC-DLOF

framework where [%Fsg (\/%)] With the system's

unpredictable scaling function. The performance-based strategy
of dynamic analysis of data security.

1 y . . y
> Fsg (\/TW) on latency and spatial circumstancesFsg (

The mathematical equations (Equations 1-20) are based on
well-known principles of distributed system modeling,
federated optimization theory, and multi-objective resource
scheduling, as opposed to non-abstract standalone formulations.
In particular, the early equations model the workload dynamics
and energy used, based on bounded queuing and edge
computing power models; the federated learning equations are
associated with usual FedAvg convergence assumptions given
non-i.i.d. data and bounded gradient divergence; the
orchestration-related equations model the task placement as a
constrained multi-objective user behavior minimization
problem based on latency and power usage, and maximization
of accuracy and trust. The equations directly correspond to
modules that are implemented in CC-DLOF, such as the
CFEOD module, the federated aggregator module, the resource
monitor module, and the blockchain-based access control layer,
hence providing theoretical consistency and practical
applicability to the proposed cloud-fog-edge continuum
architecture.

Compared to more traditional methods, the simulation
results demonstrate that the CC-DLOF framework significantly
enhances performance along all dimensions measured.
Moreover, the CFEOD variant is more robust and adaptable in
edge-dominant computing environments, and it consistently
outperforms the baseline CC-DLOF. In the future, as trust,
precision, and quickness are the top priorities in the 6G-driven
world, CFEOD will be a great option for these enhancements.
Table Il shows the comparative analysis of the proposed work.
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TABLE II. COMPARATIVE ANALYSIS
Feature / Edge-FL CC-DLOF
BC-F 1
Metric Only C-Fog Only Proposed
Real-Time Task | Limited Limited Fully Aopt1m1zed
Orchestration support support dynamic
orchestration
Inference  and | Primarily .. Joint optimization
- . No training .
Training Co- | training- inteera tion of inference and
Optimization focused mtegratio training
Latency Not fully E(t)(i integrated Core optimization
Awareness adaptive scheduling objective
Block‘cham Optional Integrated for Integrated. with
Security . . . orchestration
. integration data security
Integration control
Multi-Tier Primarily Primarily fog- End-to-end edge
Resource . . fog cloud
edge-centric centric L
Management coordination
. Federated Blockchain- Combined .
Privacy . federated learning
. learning- based access .
Preservation . and  blockchain
based privacy | control
governance

To ensure a simple comparison, the performance
characteristics of the proposed CC-DLOF and its developed
CFEOD framework have been assessed using well-defined
metrics, each of which has been paired with its corresponding
unit. Scalability has been defined by the maximum number of
simultaneous devices or data streams supported while
maintaining a response time of less than 100 ms. Data security
has been evaluated usinga composite security index based on
encryption strength, access control effectiveness, and intrusion
prevention success rate. Latency reduction efficiency was
measured in milliseconds (ms) to quantify the average decrease
in decision-making delay. Accuracy improvement was
expressed as a percentage gainin correct predictions. These
metrics have been selected because they directly address the
main problems with the current systems for healthcare and
sports data analytics. These problems include high latency from
centralized processing, limited scalability in multi-device
environments, generic analytics that reduce model accuracy,
inefficient resource allocation across cloud, fog—edge layers,
and vulnerabilities in data security and privacy. It is simpler to
understand experimental results and more effectively connect
them to the practical requirements of sports healthcare data
performance when results are presented in standardized units.
Each metricis related to the particular problem it addresses.

The evaluation dataset is a hybrid comprising 2.84 million
time-stamped records, with 1.76 million artificially created
sampleson thebasisof controlled sport training simulations, and
1.08 million real-world samples taken on the basis of publicly
available sport performance datasets and wearable [oT devices.
There are four classes of activities in the dataset, which are
volleyball (27.3%), football (29.1%), boating (21.4%), and
skating (22.2%). A stratified division was employed where 70
percent were used in training, 15 percent in validation, and 15
percentin testing to ensure a balance in the representation of the
classes—preprocessing involved eliminating noise with a
fourth-order Butterworth low-pass filter of 20 Hz cutoff with
biomechanical signals, z-score normalization with biometric
features, and min-max scaling with kinematic parameters.
Missing values were eliminated using linear interpolation, and
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features were extracted using a sliding window with a 2 -second
cutoffand 50 percent overlap. The information is included so
that the entire experimental reproducibility of the CC-DLOF
framework is achieved.

V. CONCLUSION

With the proposed CC-DLOF, this paper has presented an
in-depth Cloud Continuum-Based Architecture for Next-
Generation Healthcare data Performance on IoT platforms,
which will help to bridge the limitations of traditional cloud-
based systems. For enabling intelligent, scalable, and real-time
analytics for athletic performance improvement, the framework
has successfully integrated cloud, fog, and edge layers. Lower
latency, enhanced model precision, resource optimization, and
secure data were all results of the simulations. CC-DLOF has
achieved maximum performance while maintaining user data
safety through the assistance of federated learning and
blockchain-based access control. The work will be extended in
the future to encompass adaptive reinforcement learning
algorithms, enable cross-domain integration for multi-sport
analytics,and explore augmented and virtual reality applications
for immersive coaching environments. Systems will be even
more interactive and responsive with the assistance of real-time
feedback loops provided by 5G and future networks. The
framework will be experimentally tested in real-world
healthcare data environments to test how well it functions and
how easily players, coaches, and trainers can work with it.

Nevertheless, there are some qualifications to this study.
Though functional, the simulation environment of today is short
of providing a proper reflection of the complexity of real-world
healthcare data ecosystems. Real-world system stability may be
affected by hardware diversity and uncertain network states.
Integration with real-time biometric feedback for deep learning
models may also require further tuning to ensure device
compatibility and energy efficiency. To ensure CC-DLOF
becomes a robust, pervasive smart healthcare data performance
solution, these problems will be addressed in future versions.

REFERENCES

[1] Juric, R. (2023). Intelligent computational edge: from pervasive
computing and internet of things to computing continuum. Handbook of
Human-Machine Systems, 241-256.

[2] Kozub, M., Jansen, M., & Bonetta, D. Survey of Function Offloadingand
Serverless Functions in the Computing Continuum. decision-making, 86,
2.

[3]1 Militano, L., Arteaga, A., Toffetti,G., & Mitton,N. (2023). The cloud-to-
edge-to-IoT continuum as an enabler for search and rescue
operations. Future Internet, 15(2), 55.

[4] Biot, F. M., Fornes-Leal, A., Vafio, R., Simén, R. R., Lacalle, I.,
Guardiola, C., & Palau, C. E. (2025). A Novel Orchestrator Architecture
for Deploying Virtualized Services in Next-Generation IoT Computing
Ecosystems. Sensors (Basel, Switzerland), 25(3), 718.

[S] Morichetta, A., Spring, N., Raith, P., &Dustdar, S. (2023, July). Intent-
based management for the distributed computing continuum. In 2023
IEEE International Conference on Service-Oriented System Engineering
(SOSE) (pp-239-249). IEEE.

[6] Furutanpey, A., Barzen,J., Bechtold, M., Dustdar, S., Leymann, F., Raith,
P., & Truger, F. (2023, July). Architectural vision forquantum computing
in the edge-cloud continuum.In 2023 IEEE International Conference on
Quantum Software (QSW) (pp. 88-103). IEEE.

628 |Page

www.ijacsa.thesai.org



(7]

(8]

[°]

[10]

(11]

[13]

(14]

[15]

[16]

[17]

(IJACSA) International Journal of Advanced Computer Science and Applications,

Anisetti, M., Berto, F., & Banzi, M. (2022, July). Orchestration of data-
intensive pipeline in 5G-enabled edge continuum. In 2022 IEEE World
Congress on Services (SERVICES) (pp. 2-10). IEEE.

Rahman, M. S., Khalil, I., &Atiquzzaman, M. (2021). Blockchain-
enabled SLA compliance for crowdsourced edge-based network function
virtualization. IEEE Network, 35(5), 58-65.

Mourtzis, D., Angelopoulos, J., & Panopoulos, N. (2022). Operator 5.0:
A survey on enabling technologies and a framework for digital
manufacturing based on extended reality. Journal of Machine
Engineering, 22.

Pusztai, T., Marcelino, C., & Nastic, S. (2024, December). Hyperdrive:
scheduling serverless functions in the edge-cloud-space 3d continuum.
In2024 TEEE/ACM Symposium on Edge Computing (SEC) (pp. 265-
278). IEEE.

Szmeja, P., Fomés-Leal, A., Lacalle, I., Palau, C. E., Ganzha, M.,
Pawlowski, W., ... &Schabbink, J. (2023). ASSIST-IoT: A modular
implementation of a reference architecture forthe next generation Intemet
of Things. Electronics, 12(4), 854.

Adame, T., Amri, E., Antonopoulos, G., Azaiez, S., Berne, A., Camargo,
J. S., ... &Shumaiev, K. (2024). Presenting the COGNIFOG Framework:
Architecture, Building Blocks and Road toward Cognitive
Connectivity. Sensors, 24(16), 5283.

Sofia,R. C., Salomon,J., Ferlin-Reiter, S., Garcés-Erice, L., Urbanetz, P.,
Mueller, H., .. & Jahn, M. (2024). A framework for cognitive,
decentralized container orchestration. IEEE Access.

Mehmood, H., Khalid, A., Kostakos, P., Gilman, E., &Pirttikangas, S.
(2024). A novel edge architecture and solution for detecting concept drift
in smart environments. Future Generation Computer Systems, 150, 127-
143.

Townend, P., Marti, A. P., De La Iglesia, 1., Matskanis,N., Timoudas, T.
O., Hallmann, T., ... & Abdou, M. (2023, July). Cognit: Challenges and
vision for a serverless and multi-provider cognitive cloud-edge
continuum. In 2023 IEEE International Conference on Edge Computing
and Communications (EDGE) (pp. 12-22). IEEE.

Nizamis, A., Neises, J., Ospina, D., Wajid, U., Lopez, C. 1. V., Trakadas,
P., ... & Palau, C. (2024, June). ENACT-A Framework for Adaptive
Scheduling and Deployments of Data Intensive Workloads on Energy
Efficient Edge to Cloud Continuum. In 2024 IEEE International
Conference on Engineering, Technology, and Innovation (ICE/ITMC)
(pp. 1-9). IEEE.

Ullah, A., Kiss, T., Kovacs, J., Tusa, F., Deslauriers, J., Dagdeviren, H.,
... & Hamzeh, H. (2023). Orchestration in the Cloud-to-Things compute

Vol. 17, No. 2, 2026

continuum: taxonomy, survey and future directions. Journal of Cloud
Computing, 12(1), 1-29.

[18] Gigli, L., Zyrianoff,I.,Zonzini, F., Bogomolov, D., Testoni, N., Di Felice,
M., ... &Marzani, A. (2023). Next generation edge-cloud continuum
architecture for structural health monitoring. IEEE Transactions on
Industrial Informatics, 20(4), 5874-5887.

[19] Cabrini, F. H., Valiante Filho, F., Rito, P., Barros Filho, A., Sargento, S.,
Venancio Neto, A., &Kofuji, S. T. (2021). Enabling the industrial Internet
of Things to cloud continuum in a real city environment. Sensors, 21(22),
7707.

[20] Kumar, J., Samriya, J. K., Bolanowski, M., Paszkiewicz, A., Pawlowski,
W., Ganzha,M.,, ... & Palau,C. E. (2022, October). Towards 6G-enabled
edge-cloud continuum computing—initial assessment. In International
Conference on Advanced Communication and Intelligent Systems (pp. 1-
15). Cham: Springer Nature Switzerland.

[21] Valero, J. M. J., Lucena,J. A. O., Perales, A. A. P., Lopez, D. R., Pérez,
M. G., & Pérez, G. M. (2024, June). Building Trust in the Era of 6G: A
Level of Trust Assessment Function for Cloud Continuum.In 2024 Joint
European Conference on Networks and Communications & 6G Summit
(EuCNC/6G Summit) (pp. 812-817). IEEE.

[22] https://www.kaggle.com/datasets?tags=4141-Sports

AUTHORS’ PROFILE

G.Aravindh pursuing his PhD degree in the area of

wireless sensor networks. He obtained his M.E Degree in

VLSI Design in 2015. Currently, he works as an Assistant

Professor in the Department of Electronics and

| / - Communication (ECE) at P.A College of Engineering and

| 4 A | Technology, Pollachi, Coimbatore. His research interests

include Embedded Systems, Wireless Sensor Networks, and VLSI Signal

Processing. He has secured a grant of ¥23,00,000 for the MSME Hackathon

4.0. He published 10 articles in the IEEE conference. ORCID ID:
https://orcid.org/0000-0003-3831-5414

K.P Sridhar, Professor & Head, Centre for
Interdisciplinary Research, Karpagam Academy of Higher
Education Coimbatore, TamilNadu, India. He obtained his
Ph.D. degree in Robotics. His research interest includes
Robotics, Artificial Intelligence, IoT and Deep learning. He
received research grants of More than 4 Crore from the
Department of Science and Technology, New Delhi, India.
He has 80 patents through his research outcomes. He published more than 60+
SCI, SCIE and Scopus Indexed articles. He is the reviewer of IEEE Access,
Wiley Black and Springer Journals and also, he is a recipient of 14 awards for
his credit. ORCID ID: https://orcid.org/0000-0001-9377-7182

i ~
o

629 |Page

www.ijacsa.thesai.org


https://www.kaggle.com/datasets?tags=4141-Sports
https://orcid.org/0000-0003-3831-5414
https://orcid.org/0000-0001-9377-7182

