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Abstract: The current reality is very fast-paced edge
computing that shortly will be demanding robust security
and scaling solutions for its necessarily distributed and
resource-constrained nature. Addressing this need, this
paper critically assesses machine learning and deep
learning models tailored to enhance both security and
scalability in edge computing and points at improvement
areas so further work in these regards may be fruitful.
On the other hand, most of the surveys about this topic
usually suffer from the narrow scope, since most of them
miss either a wide spectrum of ML and DL techniques or
their concrete applications in the context of edge
computing. This work gives a comprehensive review of a
good number of ML and DL models, ranging from
supervised learning algorithms like Support Vector
Machines and Random Forests to unsupervised learning
methods like K-means clustering, and advanced deep
learning architectures such as Convolutional Neural
Networks, Recurrent Neural Networks, and Generative
Adversarial Networks. Thus, these models are primarily
rated based on their capability to enhance security
measures like intrusion detection, data encryption, and
anomaly detection, and scalability in handling edge
device dynamics and heterogeneity. As noted in the
review, among all the models, very few can take such
complex patterns of data and realize high accuracy for
security applications like the DL models, especially
CNNs and GANs. In particular, SVM and RF are known
to be robust and efficient for processing small- to
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medium-sized datasets typical in edge environments.
However, some limitations include high computational
costs and large training datasets required by the DL
models are also discussed. Hybrid approaches
combining multiple models have been reviewed to
leverage their strengths and make up for the weaknesses
of individual models. The comprehensive review has
developed several insights that can support future
research in strengthening more efficient, scalable, and
more secure edge computing frameworks. In particular,
gaps and potential improvements related to ML and DL
applications stand as greatly important in the progress
of edge computing technologies toward better reliability
and enhanced performance in real-world scenarios. This
thus has a very significant impact on the domain because
it provides an in-depth understanding of the current
state of capabilities and future directions for ML and DL
models at the edge.

Keywords- Edge Computing, Machine Learning, Deep
Learning, Security, Scalability.

I. INTRODUCTION

Edge computing is an evolutionary paradigm that

brings cloud computing closer to the edge of the
network, toward sources of data and end-users, aiming at
reducing latency, real-time processing, and bandwidth
constraints by processing data locally at edge devices.
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The huge distributed and heterogeneous nature of edge
computing presents major challenges to security and
scalability. Preliminary security models, traditional
scalability strategies, and the rich edge environments are
inadequate in these highly dynamic and resource-
constrained settings. This is where machine learning and
deep learning can help—in their sophisticated algorithms
to perform learning from data, adapt to new threats, and
scale in a manner that's appropriate with edge devices at
scale. These involve efficient and effective supervised
learning algorithms, like Support Vector Machines and
Random Forests, applyable in various edge computing
applications, and deep learning models like
Convolutional Neural Networks and Generative
Adversarial Networks, which show great potential for
managing sophisticated data patterns and boosting all
security-related measures concerning the detection of
intrusion and anomaly. Although these models based on
ML and DL have been viable, most of the literature to
date only serves partial insight into such, typically
focusing narrowly on certain models or applications
without assessing the overall strengths, weaknesses, and
limitations. This review is purposed to be a fill in the
space by going into in-depth analysis on the present state
of the art ML and DL models within the context of edge
computing. After critically examining these models, this
review tries to identify the existing gaps, proposes
hybrid approaches to mitigate the weaknesses of every
individual technique, and lays out future research
directions to achieve better security and scalability in an
edge computing environment. Deep, systemic analysis of
a body of ML and DL models will also offer important
insights for researchers and practitioners operating in the
realms of practical applications, performance metrics,
and deployment challenges. This deep understanding is
called for in the development of robust, scalable, and
secure frameworks of edge computing that would meet
or intend to meet contemporary and future technological
demands.

1. LITERATURE REVIEW

The exponential growth in the number of 10T devices
and increasing demands of real-time data processing
made the evolution of Edge Computing a much-needed
technology to complement Cloud Computing. Since
edge computing is decentralized, this opens the way for
very complex security challenges: data integrity, privacy
concerns, and vulnerability to cyber-attacks. At the same
time, scalability has to be achieved in edge networks so
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that data can be managed and processed as seamlessly as
possible over an array of heterogeneous devices that is
constantly increasing. Traditional security measures and
scalability techniques rely extensively on centralized
architectures; hence, in all these decentralized
environments, they turn out to be inadequate—therefore,
requiring innovative methods that would avail the
adaptive and predictive capabilities of machine learning
and deep learning models. This review assumes a timely
need to explore, analyze, and synthesize existing ML
and DL models for their efficacy in improving the
security of edge computing frameworks while also
enhancing their scalability.

This review regards considering detailed coverage of a
wide section of ML and DL models including, but not
limited to, Support Vector Machines, Random Forests,
Convolutional Neural Networks, and Generative
Adversarial Networks. The selected models are driven
by their earlier proved capabilities: pattern recognition,
anomaly detection, and predictive analytics in different
fields, all instrumental in the construction of robust
security mechanisms in edge computing. The review will
further critically go through the strengths of such
models: high accuracy delivered by CNNs while
detecting sophisticated patterns of attacks and efficiency
of RF in handling small-scale data typical of edge
devices & deployments. We outline a few dimensions of
contributions resulting from this survey. The first part
offers a comprehensive overview of the current
landscape in ML and DL models, including the unique
applications and performance metrics used to underpin
improvements in security and scalability. It fleshes out
some important gaps in the existing literature with
respect to this host of studies and empirical evidence by
pointing out critical deficiencies that relate to integrating
different models in a way that empirically utilizes their
complementary strengths. These hybrid models are
designed to be more scalable to efficiently handle the
dynamic and resource-constrained nature of edge
environments. Concretely, this survey offers the
practical ideas for deployment and optimization of these
models in edge computing systems. Among other things,
it talks about computational resource management,
reduction of latency, and striking a balance between
security and scalability during deployment. This review,
therefore, adds value to the field of edge computing
through the systematic evaluation and synthesization of
existing ML and DL models for security and scalability
enhancement. It points out critical gaps in literature
today, proposes innovative hybrid approaches, and
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provides practical deployment insights. The work could,
therefore, lead to the establishment of stronger, more
efficient, and more scalable edge computing frameworks
to increase both security and performance in edge
computing systems in the future.

1. METHODOLOGY

Research in the past few years has been oriented toward
integration: machine learning and deep learning models
for enhanced security and scalability in edge computing.

The edge computing environment is inherently
characterized by scarce computational resources,
enhanced security threats, and low latency, and

innovative solutions are needed. It synthesizes recent
developments in this area and explores the deployment
of ML and DL models to tackle these challenges. Edge
computing has obviously emerged as one of the most
interesting paradigms able to sustain the growing
requirements of Internet of Things applications by
providing decentralized data processing closer to the
source of data. This shift, however, brings along a lot of
new security challenges related to the integration of
Blockchain technologies. According to [1], the smart
eHealth  framework SSEHCET introduced the
capabilities of some of the modern technologies such as
loT, 5G, and mobile edge computing in solving the
challenge of secure transmission of data. The work
underlines the very important function of BCT in
protecting patient data, especially at the time when quick
consensus is expected and the environment requires very
stringent privacy standards. The six-layer architecture of
SSEHCET proposed highlights multilayer security
approaches in edge computing. For MEC, [2] proposed
scheduling for optimizing system response time and
energy consumption using deep reinforcement learning,
guaranteeing that data is secure. This research showed
how an ML model could be utilized for managing the
dynamism and resource constraint-based edge
environment. The authors brought forth a deep learning-
based optimization technique for secure data transfer
using collaboration and hybrid federated server-based
stochastic vector networks. It has been shown that, by
integrating DL models into the enhancement of network
security, improvements in throughput, latency, and
energy consumption are very real under unstable
networks and a larger attack surface.

According to [4], increasing attention to blockchain
technology in edge computing has driven some
opportunities and challenges. In this paper, a method for
detecting blockchain nodes has been proposed as
T2A2vec for malicious node identification and
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mitigation in the network against security threats. In the
current study, a BP neural network and a random walk
strategy for feature extraction have been applied to
reveal the potential of DL models in enriching reliability
and security for blockchain-based edge computing
systems. This necessitates real-time intrusion detection
in the Industrial Internet of Things. The authors of [5]
sought to improve the accuracy of intrusion detection
techniques by using machine learning models such as
PSO and PCA. They showed that the deployment of
these models at edge devices, more so in resource-
constrained scenarios, would not only reduce latency but
also be accurate enough. The present paper focuses on
the role of ML in preventing cyber-attacks within IloT
environments. The authors of [6] commented that next-
generation silicon chips at the edge represent a very
challenging field of hardware security, and security
needs to be ubiquitous. The authors have proposed some
innovative design principles that include immersed-in-
logic and in-memory security approaches, which can
integrate ML at the hardware level. This work underlines
the necessity of ML models designed for adaptation to
new, emerging security threats, especially in large-scale
distributed systems with large attack surfaces.

Edge computing, combined with secure message
transmission protocols, is important from both safety and
privacy points of view in vehicular networks. In, an edge
computing-based security protocol has been proposed
with attribute-based encryption and a reconfigured
cryptographic scheme. This paper shows how machine
learning models find their applications not only in the
optimization of resource allocation but also in
guaranteeing secure communications over very resource-
constrained vehicular networks. This effort underlines
the tight interaction among machine learning, security,
and resource management in edge computing
environments. In [9], further research into cloud-edge
computing  addresses  privacy and  deployment
challenges, and introduces a cryptographic primitive
called Controllable Outsourced Attribute-Based Proxy
Re-Encryption. The approach of this paper is to realize
bilateral and distributed access control via ML models.
Accordingly, data privacy and verifiability are expressed
by their edge computing system. This work exemplifies
the efficacy of ML in managing the intricacies of secure
data outsourcing and cross-platform deployment. In [10],
a comprehensive survey on edge computing security has
been done where the authors have taken an in-depth
review of various attack surfaces and defense
mechanisms. The authors argue that robust ML models
are needed to take care of the dynamically changing



https://doi.org/10.46335/1J1ES.2025.10.8.20
Vol. 10, No. 8 2025, PP. 121-139

e-1SSN: 2456-3463

International Journal of Innovations in Engineering and Science, www.ijies.net

security threats in edge computing that result from
increased connectivity and distributed nature in edge
environments.

In vehicular networks, the implementation of edge nodes
for secure video-reporting services has been studied
using ML models for optimized message verification and
classification, as in [11]. This will be beneficial in terms
of cost from computation on the cloud and a reduction in
the storage footprint, pointing towards the way ML
could bring security and effectiveness into 5G-powered
vehicular networks. In other words, intelligent transport
systems are one of the most important things located in
the automotive sector, so security guarantees for safe
operation are built in teleinformatic systems. The work
in [12] was based on new evaluation methodologies
concerning network security and gave rise to the
importance of ML models in ensuring the safety of
automotive edge computing systems. This study draws
attention to security evaluations on multi-levels and the
application of ML toward all-embracing security
guarantees. In the edge computing framework, [13]
proposed the AADEC (Anonymous and Auditable
Distributed Access Control) framework for solving
issues, including privacy leakage and fake data
broadcasting. The framework proposed herein integrates
machine learning models for conditional anonymous
authentication and auditable attribute-based encryption,
indicating the balance among anonymity, confidentiality,
and auditability in edge computing systems. For
instance, ML models were addressed in terms of optimal
secure information capacity and local computation delay
in Vehicular Edge Computing (VEC) systems. The
authors adopted a general Benders-style decomposition
to simultaneously optimize multiple factors, and the
experimental results indicate the effectiveness of ML
application to enhance security and fairness among
VEC.

Another consideration is about the adaptability of the
model of security evaluation to resource-constrained
edge information systems. The authors of [15] proposed
a new improvement in the PCA-S method for index
screening and introduced a fuzzy comprehensive
evaluation model for balancing energy consumption with
performance. This work shows the usefulness of ML in
refining security evaluation processes and reducing
resource consumption in edge computing systems. In
[16], a new, invasive, task offloading framework that can
handle security and load balancing challenges connected
with ECC is presented. In particular, this work
demonstrates how ML in ECC systems has the potential
to allow energy savings and latency reduction by using
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advanced encryption standards and utilizing ML-based
load-balancing algorithms. It was discussed in [17] that
using ML models in edge-cloud environments to
schedule tasks, particularly in scenarios with very
stringent security requirements, where the authors
proposed a scheduling framework closely balancing the
response time with security. It has been shown that ML
is a solution for the optimization of task scheduling in
edge-cloud environments that have very high security
requirements. Data deduplication in edge-assisted cloud
storage systems is very important for ML. The work in
[18] introduced a security-aware deduplication scheme
that leverages ML models for balancing deduplication
efficiency and protection against frequency analysis
attacks. This underscores the importance of ML in
enhancing data security while keeping system efficiency.
Finally, it brings out the significance of ML to enhance
data security level while keeping the efficiency of the
whole system. This is established in works [19, 20],
where it is shown that ML could provide optimizations
to the authentication security levels, hence making any
kind of secure computations over the social 10T systems
possible. Both studies demonstrate the potential that the
ML models have in addressing challenges and ensuring
secure and efficient operations unique to the nature of
the edge computing environment within resource-
constrained settings.

Table 1- Empirical Review of Existing Methods

Sr. | Method | Findings | Strengths | Limitation
No Used S
1) Smart Enhanced | Comprehe | Limited by
and security nsive the
Secure and multi- inability of
eHealth | privacy in layered Blockchain
Framewo | eHealth | architectu to store
rk data re; strong | large loT-
(SSEHC | transmissi privacy generated
ET) on and protection data,
leveragin | processin using requiring
g loT, 0; Blockchai external
5G, demonstr n storage
mobile ated solutions
edge exception
computin al
g, and performa
Blockcha | nceina
in case
technolog study
ies
2) Deep Simultane | Effective Potential
reinforce ous load complexity
ment optimizati | balancing in
learning- on of and implementi
based system security ng DRL-
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secure response | optimizati based in next- focusing low-cost require
offloadin | time and on; real- solutions generatio on sensorizat | significant
g energy time in dynamic nsilicon | adaptive ion for redesign
(DRLSO) | consumpt | adaptation | environme chips and attack efforts
algorithm | ion while of nts sustainabl | detection
in MEC | ensuring | objective e security
environm data weights measures
ent security 7) Edge Ensured Strong Potential
3) Deep Improved | Effective | Increased computin secure security overhead
learning- | network | combinati energy g-based message for in
based security | on of deep usage security | transmissi | resource- | implementi
optimizat | and data learning compared protocol onin limited ng
ion and privacy and to some with fine- | vehicular | environm | reconfigure
multiple with encryptio other grained | networks, ents; d
encryptio | reduced n methods; attribute- | addressin | efficient | cryptograp
n energy technique potential based g use of hic
technique | consumpt | s; robust overhead encryptio | resource edge schemes
s for ion and security from n constraint | computin
secure latency analysis multiple s through g for
data encryption offloadin | cryptogra
transfer layers g phic
in edge- operations
assisted 8) Mobility- | Improved | Effective | Complexit
loT aware task combinati | yinreal-
4) Blockcha | Enhanced Strong Complexit task offloadin on of time
in node security security | y of neural offloadin g security | adaptation
detection and through network g scheme | efficiency with to channel
method | reliability | advanced | implement in MEC by energy variations
(T2A2ve in node ation; for optimizin and and vehicle
c) using | blockchai | detection requires autonom g latency mobility
BP neural | n-based | technique | extensive ous security, | optimizati
network edge s; use of training vehicles latency, on;
and computin neural data and adaptabilit
random g by networks energy y to
walk identifyin | for feature consumpt | vehicle
strategy g extraction ion movement
malicious 9) Controlla | Enhanced Strong Complexit
nodes ble data bilateral yin
5) Intrusion | Achieved High Potential Outsourc privacy and implement
detection 100% accuracy resource ed and distribute | ation; may
using accuracy and constraints Attribute- | deployme | daccess require
Particle in reduced in Based nt control; high
Swarm intrusion latency | implementi Proxy efficiency | comprehe | computatio
Optimiza | detection through ng Re- in cloud- nsive nal
tion with quantizati complex Encryptio edge verifiabilit | resources
(PSO), reduced on; ML n computin y on edge
PCA, and model effective | models on (COAB- g devices
MARS in latency feature edge PRE) for | environm
lloT selection devices cloud- ents
and edge
reduction computin
6) Design Proposed | Comprehe High g
principles | methods nsive complexity 10) Review | Provided | Thorough | Limited by
for for security in and a analysis the scope
ubiquitou | enhancin | approach | implementi analysis | comprehe | of attack of
sand g covering ng across of nsive surfaces; reviewed
sustainab | hardware | physical different security | overview | identificat | literature;
le security to design threats of ion of may not
hardware at the algorithmi | abstraction and security future cover
security edge, c levels; S; may defense | challenge | research emerging
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methods s and directions threats method | consumpt | reduced different
in edge defense comprehen for ionin energy edge
computin | strategies sively security security | consumpti | scenarios;
g in edge evaluatio | evaluatio on limited
computin ninedge | nmodels generalizab
g informati ility
11) Secure Reduced Low Potential on
edge authentic | authentica | limitations systems
computin ation tion in 16) | Security, | Reduced High Potential
g-assisted | overhead | overhead; | scalability load system | scalability | complexity
video and efficient with balancing energy and in
reporting storage use of increasing , and consumpt energy balancing
service in | requireme edge network energy- | ion while | savings; multiple
5G- nts for nodes for size aware maintaini | comprehe | objectives
enabled real-time | local data task ng nsive simultaneo
vehicular video processin offloadin | security security usly
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12) New Proposed | Systemati | Limited to framewor | balancing k
methodol | security c the kin ECC
ogies for | assurance | approach | automotive 17) | Timeand | Balanced | Effective May face
evaluatin | strategies to sector; security- | response task challenges
g for the network | may not be efficient | timeand | schedulin | indynamic
network | automotiv | assurance | generalizab task security g; strong | and highly
security e sector levels; le to other schedulin for performan | variable
in using 5G | applicabili | domains g applicatio ce environme
automoti | networks ty to framewor | nservice | compared nts
ve 5G automotiv kin placemen to other
applicatio e edge- tinloT methods
ns applicatio cloud systems
ns environm
13) Anonym | Addresse | Balanced Potential ent
ousand | dprivacy | anonymit | trade-offs 18) | Security- | Improved High Potential
Auditable | leakage 2 between aware deduplica | efficiency | trade-offs
Distribut | and data | confidenti | efficiency and tion in between
ed spreading | ality, and and efficient | efficiency | deduplicat security
Access issues in | auditabilit | security; data and ion; levels and
Control edge y; strong may deduplica | reduced strong deduplicati
Framewo | computin | performan require tion informati | protection on
rk g ce fine-tuning scheme on against efficiency
(AADEC | environm | benchmar for for edge- | leakage in | frequency
) ents ks different assisted cloud analysis
environme cloud storage attacks
nts storage
14) | Max-min | Enhanced | Effective | Complexit 19) | Optimiza | Balanced | Effective May
optimizat | security | optimizati yin tion of time trade-off require
ion and on of solving authentic | delay and | between | significant
problem fairness multiple mixed ation security security | computatio
for secure in factors; integer security level in and nal
informati | vehicular | applicabili | nonlinear level in | computati | resource resources
on edge ty to real- | programmi edge on optimizati for high
capacity | computin time ng computin | offloadin | on; strong security
and local g with vehicular | problems g using g convergen levels
computat | optimized | environm Merkle cein
ion delay | resource ents tree simulation
in VEC | allocation signature S
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SDC adaptabili | screening require edge- security | theoretical | challengin
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scheme | outsourci | support; | heterogene
for social ng for robust ous loT
loT resource- against environme
systems | constrain | identified nts
ed loT security
devices threats
Refer | Method | Findings | Strengths | Limitatio
ence Used ns
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[27] Reputati | Reduced | Effective | Potential
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Table 2. Empirical Review of Existing Methods

In particular, Vehicular-NDN suffers from the presence
of delays in data verification within vehicular networks
in the novel communication architecture of Named Data
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Networking. The lightweight certificateless signcryption
strategy based on hyperelliptic curve cryptography
described in [34] resolves these challenges with very low
computational and communicational complexities while
ensuring better security in this regard. This strategy is
well-suited for environments where speed and security
are critical, such as wvehicular ad-hoc networks.
Leveraging blockchain in a Fog computing environment
within the loT and Edge Computing setting can be a way
to attain data privacy and security. In [35], a dependable
fog computing service solution was proposed using
IPFS, including stream cipher encryption, for safe
storage and transmission of sensitive data. In this paper,
it is shown that dual encryption can reduce storage
burdens while increasing the security of transaction data
in edge computing. The application of DRL and
blockchain for H-1oT systems has been researched in,
where authors solved the challenge of security and
energy efficiency to manage COVID-19. It provides a
comprehensive solution for striking a balance in security
and energy efficiency of H-10T systems, in the wake of a
global health crisis, by integrating permissioned
blockchain and system performance optimization using
DRL.

Some critical challenges facing edge data integrity in
mobile edge computing come from tremendous
communication overhead that most of the existing
schemes generate and suffer, and also from time-
consuming verification processes. To this respect, the
OR-EDI scheme proposes a new verification structure,
MVT, which dramatically reduces the communication
overhead and at the same time decreases the time
consumption while maintaining the corruption detection
accuracy at a high level. The method thus manifests the
power of effective verification techniques in ensuring
data integrity within edge computing. Private edge
computing is a developing paradigm wherein secure
communication between unmanned aerial vehicles and
edge clouds is important. The certificate-based ring
signcryption scheme proposed by [38] used the logic of
hyperelliptic ~ curve  cryptography  for  these
communications; thus, with a single operation, this
scheme provides both digital signatures and encryption.
Formal and informal analyses validated the scheme's
security and efficiency, showing its suitability for secure
UAV communications in a private edge computing
environment. Finally, the edge computing phase of edge
federation service brings new challenges about the
collaboration of storage resources between edge nodes.
In [39], the authors proposed a storage resource
collaboration model utilizing dynamic programming and
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greedy auction algorithms to optimize storage resource
allocation. Experimental results show the efficiency of
mechanisms in handling edge node storage resources and
underline the necessity of collaborative approaches in
the Edge Federation service model. Finally, this
integration of ML/DL models into edge computing
systems has huge potential in terms of both security and
scalability. The research done in this context proposes a
myriad of new approaches toward mitigating some of the
unique challenges of edge computing in security threats,
resource constraints, and real-time processing. With the
evolution of edge computing in full swing, ML and DL
will play a very essential role in securing these systems
and optimizing their performances for varied scenarios.
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Table 3. Comparative Analysis of Existing Methods

The different methods applied to improve edge
computing environments in terms of security and
scalability make the scope and complexity of this field
huge. Each of these methods offers some strengths in
terms of high accuracy of security, low latency, or
efficient resource management. However, there are
limitations to these methods, including probably high
implementation complexity, scalability problems, and
security-performance metric trade-offs. Future research
will be directed toward the integration of these strengths
with the mitigation of limitations to reach
comprehensive  solutions that may enjoy wide
applications across a wide array of edge computing
scenarios. In particular, this comparative analysis
delivers valuable insights to researchers and practitioners
working for the advancement of security and scalability
of edge computing systems. This paper is aimed at
providing a comparative review of different techniques
proposed to enhance the security and scalability of edge
computing. In the process of analysis, every method will
be evaluated against certain performance metrics that
consider efficiency in security implementation,
scalability across distributed systems, and overall system
performance. The comparison approach is followed to
underline the effectiveness of each method in solving the
specific challenges in edge computing, mostly related to
the 10T, I10T, and other relevant emerging paradigms of
distributed computing.
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Table 4. Comparative Analysis of Existing Methods

The different methods are found to excel in quite a
number of ways concerning security and scalability
issues in edge computing environments. Some
approaches provide a very high level of security but
offer low computational overhead, while others balance
security and system efficiency, particularly in resource-
constrained environments. While blockchain, Al, and
federated learning techniques are promising in terms of
improving security and scalability, every method comes
with its problems in terms of real-world scalability,
implementation complexity, and adaptation across
diverse network conditions. From this comparative
analysis, what can be noticed is that research and
development into these methods are not yet holistic and
optimized with regard to secure and scalable edge
computing process.

IV.RESULT & DISCUSSION

Among various models and methods put forward to
improve security and scalability for edge computing, the
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leveraging of the latest advanced technologies seems to
be a common trend in blockchain, federated learning,
and Al-enhanced algorithms. Such methods would
principally mean solving dual problems of security and
scalability intrinsic to the edge computing environment
characterized by distribution and resource constraints.
Among the models investigated, blockchain-based
approaches, such as [23] and [30], have been in
prevalent use, for some inherent characteristics in
blockchain support tamper-proof data management and
decentralized security. These models show great
strengths in applications that require high levels of data
integrity and security, such as in Industrial loT and
Vehicular Edge Computing. It means that blockchain,
through its decentralized architecture and consensus
mechanisms, is quite suitable for scenarios in which high
security should be maintained across a widely dispersed
network, even considering potential increases in
computational overheads. This is something federated
learning models are also highlighting, too, for edge
computing. Federated learning models are particularly
very good in scenarios that require security and
efficiency. This is due to the fact that they are able to
optimize resources while at the same time ensuring data
privacy. However, some issues related to the model's
scalability have been analyzed in highly dynamic and
very heterogeneous networks.
Therefore, Al-empowered security models, like the ones
described in [40], are increasingly adopted since they are
able to handle the complex, and often unpredictable,
security threats in real time. They are based on the
ability of Al to adapt to the emerging threats, making
them very effective in rapidly changing security
conditions—Ilike what happens in Mobile Edge
Computing. Al integrated with conventional safety
measures improves the system's capability in threat
detection and its response time with low human
intervention, hence improving security efficiency as a
whole. Conversely, on equal ground, analysis also shows
that Al integration can bring about an increase in
computational complexity and large data processing
power challenges all at once. These models and methods
for enhancing security and scalability in edge computing
clearly indicate a strong preference for blockchain,
federated learning, and Al-empowered approaches. Each
of these would bring extra benefits depending on the
very requirements of the application: blockchain will be
required if decentralized data management is necessary,
federated learning for privacy-preserving computations,
and Al for adaptive security measures. The great use that
these models have found in users touting their efficiency
in solving problems unique to edge computing is attested
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to by the citations and analysis attached in the process.
Further research would optimize these models for better
scalability and ease of fit within an increasingly complex
and dynamic edge environment sets. Future studies must
be oriented toward hybrid models in which the salient
features of both approaches can be integrated with new
algorithms and architectures so that edge computing
systems further improve in security and scalability
levels.
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