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ABSTRACT

The convergence of edge and cloud computing paradigms has emerged as a critical
architectural approach for real-time system optimization. This research synthesizes
recent developments in edge-cloud synergy, examining how the combination of edge
computing's ultra-low latency capabilities with cloud computing's massive
computational resources addresses the growing demands of real-time applications in
industrial systems, smart cities, and Internet of Things (IoT) environments. Through
comprehensive analysis of contemporary research from 2021 to 2025, this study
identifies four primary research trajectories: architecture and orchestration patterns, Al
optimization and predictive maintenance, resource scheduling mechanisms, and
vertical domain applications. Quantitative evidence demonstrates that hybrid edge-
cloud architectures achieve 10-15% latency reduction compared to cloud-only
approaches, bandwidth savings exceeding 90%, energy efficiency improvements of 22-
42%, and detection accuracy rates approaching 90% in anomaly detection scenarios.
However, significant challenges persist in resource management, security frameworks,
and standardization efforts. This comprehensive review provides insights into the
current state of edge-cloud synergy and identifies critical research directions for
advancing real-time system optimization in next-generation networks.

Keywords: Artificial Intelligence, Cloud Computing, Edge Computing, Hybrid
Architecture, Real-Time Systems, Resource Optimization.

INTRODUCTION

The exponential growth of Internet of Things (IoT) devices and real-time
applications has fundamentally challenged traditional cloud-centric computing
paradigms. Contemporary systems in industrial automation, smart cities,
autonomous vehicles, and healthcare monitoring demand sub-millisecond
response times, high reliability, and efficient resource utilization that pure cloud
architectures struggle to provide (Li et al., 2024; Sharma, 2025). The inherent
trade-off between computational capacity and latency has driven researchers
and practitioners toward hybrid solutions that leverage the complementary
strengths of both edge and cloud computing.
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Edge computing brings computation and data storage closer to the source
of data generation, enabling rapid local processing and decision-making with
minimal latency (Zhou et al., 2021). Conversely, cloud computing offers virtually
unlimited computational resources, advanced analytics capabilities, and
centralized management that edge devices cannot match due to their constrained
resources (Bellala, 2025). The synergistic integration of these two paradigms —
termed edge-cloud synergy—has emerged as a promising architectural
approach that combines ultra-low latency processing at the edge with the
computational power and global insights of the cloud (Chennupati, 2025;
Muralidharan, 2025).

Recent research indicates a substantial acceleration in edge-cloud synergy
investigations, particularly from 2024 onwards. This surge reflects the
maturation of enabling technologies including 5G networks, machine learning at
the edge, and sophisticated orchestration frameworks (Sharma, 2025; Trigka &
Dritsas, 2025). The integration of artificial intelligence across the edge-cloud
continuum has opened new possibilities for intelligent resource allocation,
predictive maintenance, and adaptive system reconfiguration (Sathupadi et al.,
2024; Srinivas & Kompally, 2025).

Despite these advances, significant challenges remain unresolved.
Resource management across heterogeneous edge and cloud environments
requires sophisticated scheduling algorithms that can balance competing
objectives of latency, energy efficiency, and computational accuracy (Naeem et
al., 2025; Wu et al.,, 2025). Security and privacy concerns are amplified in
distributed edge-cloud architectures where sensitive data traverses multiple
processing tiers (Wrona et al., 2025). Furthermore, the absence of standardized
interfaces and orchestration mechanisms hinders interoperability and scalability
across diverse edge-cloud ecosystems (Li et al., 2025; Trigka & Dritsas, 2025).

This research addresses these gaps through a comprehensive synthesis of
recent literature on edge-cloud synergy for real-time system optimization. The
primary objectives are threefold: first, to systematically categorize the
architectural patterns and mechanisms employed in contemporary edge-cloud
systems; second, to quantify the performance benefits and trade-offs of hybrid
approaches compared to edge-only or cloud-only alternatives; and third, to
identify critical research challenges and future directions for advancing edge-
cloud synergy in next-generation real-time applications.

METHODOLOGY

This study employs a systematic literature review methodology to analyze
recent advances in edge-cloud synergy for real-time systems. The review
encompasses peer-reviewed publications from March 2021 through November
2025, focusing specifically on research that addresses the integration of edge and
cloud computing for real-time optimization scenarios. The literature search
targeted academic databases and conference proceedings using keywords
including "edge computing," "cloud computing," "edge-cloud synergy," "real-
time systems," "hybrid architecture," and "resource optimization."
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The selected papers were analyzed across multiple dimensions including
architectural patterns, application domains, optimization techniques,
performance metrics, and implementation challenges. Quantitative results
reported in the literature were extracted and synthesized to identify consistent
performance trends and benchmark comparisons. The analysis categorized
research contributions into four primary thematic areas: architecture and
orchestration, Al-driven optimization, resource scheduling, and vertical domain
applications.

The temporal distribution analysis revealed distinct research evolution
patterns, with early foundational work in 2021 by Zhou et al. establishing the
theoretical groundwork for on-device learning systems, followed by accelerated
research activity from 2024 onwards reflecting the maturation of enabling
technologies and practical implementation experiences (Zhou et al., 2021). The
concentration of publications in 2025, particularly in March and May, indicates
heightened research interest driven by emerging 5G networks and advanced Al
capabilities.

RESULTS AND DISCUSSION
Research Landscape and Temporal Distribution

The analysis of 20 peer-reviewed publications spanning 2021 to 2025 reveals a clear
acceleration of research activity in edge-cloud synergy, particularly from 2024 onwards.
Table 1 presents the temporal distribution of publications, demonstrating that 85% of the
reviewed papers were published in 2024 and 2025, reflecting the recent maturation of
enabling technologies and growing practical deployment experiences.

Table 1. Temporal Distribution of Edge-Cloud Synergy Research (2021-2025)

Year Month Number of Key Contributors
Publications

2021 March 1 Zhou et al.

2024 February 1 Xu et al.

2024 March 1 Li et al.

2024 December 1 Sathupadi et al.

2025 January 1 Lietal.

2025 February 1 Lilhore et al.

2025 March 5 Oladejo et al.;

Chennupati;
Srinivas &

Kompally; Rana;
Trigka & Dritsas

2025 May 4 Muralidharan;
Bellala; Feng; Wu

etal.

2025 August 1 Sharma

2025 October 1 Wrona et al.

2025 November 2 Chen et al.; Naeem

etal.
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The surge in publications during March and May 2025 indicates concentrated
research efforts coinciding with the widespread deployment of 5G infrastructure and
advanced Al capabilities at the edge. This temporal pattern suggests that edge-cloud
synergy has transitioned from theoretical exploration to practical implementation and
optimization phases.

Research Focus Areas and Contributions

The reviewed literature encompasses four primary research trajectories, each
addressing distinct aspects of edge-cloud synergy for real-time systems. Table 2
categorizes the major research contributions by focus area, highlighting the diversity of
approaches and application contexts.

Table 2. Primary Research Focus Areas in Edge-Cloud Synergy

Focus Area Core Contributions Representative Studies
Architecture & Bidirectional patterns Muralidharan (2025);
Orchestration (Edge Inference-Cloud Chennupati (2025);

Remediation; Cloud Srinivas &  Kompally
Insight-Edge (2025); Sharma (2025)

Reconfiguration); 5G-MEC
integration; Microservices-
based frameworks
Al Optimization & Hybrid Al models Sathupadi et al. (2024);
Predictive Maintenance (KNN+LSTM); Edge Srinivas &  Kompally
inference  with  cloud (2025); Xuetal. (2024); Liet
training; LLM integration; al. (2025)
Federated learning
Resource Scheduling & Reinforcement  learning Lilhore et al. (2025); Wu et
Optimization (DQN, PPO); al. (2025); Naeem et al.
Mathematical optimization (2025); Chen et al. (2025)
(Benders decomposition);
Hybrid heuristics (EDF,

EDZL)
Vertical Domain Smart cities; Oladejo et al. (2025); Feng
Applications Telecommunications; Live (2025); Sharma (2025);
video streaming; Industrial Trigka & Dritsas (2025);
IoT; Quantum-edge Rana (2025)
synergy

Contemporary research has identified distinct bidirectional patterns in edge-cloud
synergy that fundamentally reshape how real-time systems are architected. The edge
inference to cloud remediation pattern enables lightweight machine learning models
deployed at the edge to perform initial event detection and classification, with the cloud
coordinating comprehensive enterprise-level responses when anomalies or complex
scenarios are identified (Muralidharan, 2025). This pattern proves particularly effective
in industrial monitoring where immediate local decisions prevent equipment damage
while cloud analytics optimize long-term maintenance strategies.

The complementary cloud insight to edge reconfiguration pattern leverages
centralized cloud analytics to dynamically adjust edge device configurations, update
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models, and redistribute computational workloads based on global system state and
emerging patterns (Chennupati, 2025; Muralidharan, 2025; Srinivas & Kompally, 2025).
This bidirectional intelligence flow creates adaptive systems that continuously optimize
themselves based on both local real-time conditions and global analytical insights.

AI-Driven Optimization and Hybrid Intelligence

The integration of artificial intelligence across the edge-cloud continuum
represents a transformative shift in real-time system optimization. Hybrid Al
approaches partition machine learning workloads according to computational
constraints and latency requirements, deploying lightweight models such as k-Nearest
Neighbors (KNN) and small Long Short-Term Memory (LSTM) networks at the edge
while reserving deep learning model training and complex analytics for cloud resources
(Sathupadi et al., 2024; Xu et al., 2024).

Sathupadi et al. (2024) present a comprehensive predictive maintenance
framework that exemplifies effective edge-cloud Al integration. Their system deploys
KNN classifiers at edge sensors for real-time anomaly detection while LSTM networks
in the cloud perform predictive analytics on aggregated time-series data. This hybrid
approach achieved approximately 90% detection accuracy for equipment failures while
reducing false positives by 50% compared to edge-only or cloud-only alternatives. The
framework demonstrated bandwidth savings exceeding 90% through intelligent edge
filtering that transmits only anomalous events and aggregated statistics to the cloud.

The application of reinforcement learning (RL) for dynamic resource optimization
has shown promising results in edge-cloud environments. Xu et al. (2024) explore the
fusion of deep reinforcement learning with edge computing for real-time monitoring
and control optimization in IoT environments. Their approach learns optimal task
placement and resource allocation policies through continuous interaction with the
environment, adapting to changing workload patterns and network conditions.
Similarly, Wu et al. (2025) propose an RL-based optimization framework that achieved
35% latency reduction and 42% energy efficiency improvement compared to static
scheduling approaches.

The emergence of large language models (LLMs) at the edge represents a frontier
in edge-cloud Al synergy. Li et al. (2025) provide a comprehensive survey of LLM
integration with edge-cloud computing, identifying novel applications in conversational
interfaces, intelligent assistants, and context-aware services. The extreme computational
requirements of LLMs necessitate innovative partitioning strategies where model
inference is distributed across edge and cloud resources, with techniques such as early
exit mechanisms and speculative execution enabling responsive performance.

Resource Scheduling and Optimization Mechanisms

Effective resource scheduling across the edge-cloud continuum presents
substantial algorithmic challenges due to the heterogeneity of computational resources,
dynamic workload characteristics, and conflicting optimization objectives. Recent
research has explored diverse approaches including deep reinforcement learning,
mathematical optimization, and hybrid heuristics to address these challenges.

Naeem et al. (2025) propose an intelligent job scheduling mechanism for edge-
cloud continuum in next-generation networks that co-optimizes task placement and
resource allocation decisions. Their approach formulates the scheduling problem as a
multi-objective optimization that balances latency minimization, energy efficiency, and
quality of service constraints. Experimental results demonstrate that their intelligent
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scheduling achieves superior performance across diverse workload scenarios compared
to conventional first-come-first-served or round-robin approaches.

The application of Deep Q-Networks (DQN) and Proximal Policy Optimization
(PPO) algorithms for edge-cloud scheduling has gained traction due to their ability to
learn near-optimal policies without explicit system models (Lilhore et al., 2025; Wu et
al., 2025). These reinforcement learning approaches treat the scheduling problem as a
Markov Decision Process where the agent learns to make placement decisions that
maximize long-term cumulative reward. Wu et al. (2025) report that their RL-based
framework achieved 69% latency reduction and 22% energy savings compared to greedy
scheduling heuristics in real-time IoT data processing scenarios.

Mathematical optimization techniques including Benders decomposition have
been applied to the complex task and resource co-optimization problem in edge-cloud
systems. Chen et al. (2025) develop a logic-based Benders decomposition approach for
networked control systems that decomposes the intractable joint optimization into
manageable subproblems. Their method guarantees optimal or near-optimal solutions
while achieving computational tractability for practical system sizes.

Quantitative Performance Benefits

Empirical evidence across diverse application domains demonstrates consistent
performance advantages of hybrid edge-cloud architectures compared to edge-only or
cloud-only alternatives. Table 3 summarizes the quantitative benefits reported in recent
research across key performance metrics.

Table 3. Quantitative Performance Benefits of Edge-Cloud Synergy

Performance  Improvement Range Representative Comparison
Metric Studies Baseline
Latency 10-15x Muralidharan Cloud-only
Reduction improvement<br>35- (2025)<br>Sathupadi systems<br>Static
69% reduction et al. (2024)<br>Wu scheduling
et al. (2025)
Bandwidth >90% reduction Muralidharan Cloud-centric IoT
Savings (2025)<br>Sathupadi
et al.
(2024)<br>Srinivas &
Kompally (2025)
Energy 22-42% improvement Sathupadi et al. Traditional
Efficiency (2024)<br>Lilhore et approaches
al. (2025)<br>Wu et
al. (2025)
Operational ~17% reduction Sathupadi et al. Cloud-only
Cost (2024) deployment
Detection ~90% Sathupadi et al. Single-tier systems
Accuracy accuracy<br>50% (2024)<br>Srinivas &
reduction in false Kompally (2025)
predictions

Latency reduction represents the most frequently reported metric, with hybrid
approaches achieving 10-15% improvements over cloud-only systems (Muralidharan,
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2025). More nuanced comparisons reveal that optimization frameworks incorporating
intelligent scheduling and Al-driven placement can further reduce latency by 35-69%
compared to static or naive edge-cloud configurations (Sathupadi et al., 2024; Wu et al.,
2025).

Bandwidth optimization through edge processing yields substantial infrastructure
cost savings. By filtering, aggregating, and preprocessing data at the edge before cloud
transmission, hybrid architectures achieve bandwidth reductions exceeding 90% in
typical IoT monitoring scenarios (Muralidharan, 2025; Sathupadi et al., 2024; Srinivas &
Kompally, 2025). This bandwidth efficiency proves particularly critical for large-scale
deployments where communication costs dominate total system expenses.

Energy efficiency improvements ranging from 22% to 42% have been documented
across various edge-cloud implementations (Lilhore et al., 2025; Sathupadi et al., 2024;
Wu et al, 2025). These energy savings result from optimized task placement that
minimizes data transmission energy, selective use of high-power cloud resources only
when necessary, and intelligent scheduling that consolidates workloads to enable low-
power sleep states.

Vertical Domain Applications

The practical impact of edge-cloud synergy manifests distinctly across diverse
application domains, each presenting unique requirements and constraints that shape
architectural choices and optimization priorities. Smart cities represent a prominent
application domain where edge-cloud synergy enables integrated management of
heterogeneous urban systems including traffic control, environmental monitoring,
public safety, and energy management (Oladejo et al., 2025; Trigka & Dritsas, 2025). Edge
devices deployed throughout urban infrastructure perform local data aggregation and
immediate decision-making for latency-critical functions such as traffic signal
optimization and emergency response, while cloud platforms provide city-wide
analytics, long-term planning, and cross-system coordination.

Telecommunications infrastructure modernization through edge-cloud
integration has emerged as a critical enabler for advanced network services. Oladejo et
al. (2025) examine Al-driven cloud-edge synergy in telecommunications, demonstrating
how distributed intelligence enables real-time data processing and latency optimization
essential for 5G and emerging 6G networks. The integration of 5G and Multi-Access
Edge Computing (MEC) infrastructure has catalyzed substantial improvements in edge-
cloud orchestration capabilities. Research by Sharma (2025) demonstrates that 5G-MEC
integration reduces latency from tens of milliseconds to sub-millisecond ranges for
enterprise Al applications, enabling new classes of real-time services previously
infeasible with conventional network architectures.

Live sports video distribution exemplifies the stringent real-time requirements
that edge-cloud synergy effectively addresses. Feng (2025) proposes a cloud-edge
cooperation mechanism for fast live sports video distribution that strategically caches
popular content at edge servers near viewers while leveraging cloud resources for
encoding, transcoding, and global content distribution. Industrial IoT and predictive
maintenance applications demonstrate substantial benefits from edge-cloud integration,
where the combination of edge-based sensor data filtering with cloud-based advanced
analytics enables cost-effective monitoring of distributed industrial equipment
(Sathupadi et al., 2024; Srinivas & Kompally, 2025).
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Challenges and Future Research Directions

Despite substantial progress, significant challenges constrain the full realization of
edge-cloud synergy potential. Table 4 summarizes the primary challenges identified in
recent research along with proposed solutions and their limitations.

Table 4. Key Challenges and Research Directions in Edge-Cloud Synergy

Challenge Specific Issues Proposed Limitations Representativ
Domain Solutions e Studies
Resource Heterogeneous RL-based Training Chen et al
Management resource co- scheduling; overhead; (2025); Naeem
optimization; Benders Sample et al. (2025);
Dynamic decompositio  inefficiency; Lilhore et al.
workload n; Hybrid Scalability (2025); Wu et
distribution; heuristics constraints al. (2025)
Scalability
Security & Multi-tier data Zero-trust Computational Muralidharan
Privacy traversal; Trust architectures; overhead; (2025);
management; Federated Communicatio ~Chennupati
Privacy learning; n costs (2025); Wrona
preservation Differential et al. (2025)
privacy
State Distributed Hybrid Application Muralidharan
Consistency state consistency dependency; (2025); Trigka
synchronizatio  models; Complexity & Dritsas
n; CAP theorem Application- (2025)
trade-offs specific
designs
Standardizatio Multi-cloud Kubernetes for Incomplete Li et al. (2025);
n integration; edge; Open coverage; Srinivas &
Vendor lock-in; MEC Fragmentation Kompally
Interoperability frameworks (2025); Trigka
& Dritsas
(2025)

Resource management complexity across heterogeneous edge and cloud
environments remains a fundamental obstacle. The co-optimization of task placement,
resource allocation, and network routing across a continuum of computing resources
with varying capabilities, costs, and latencies presents a computationally intractable
problem that current algorithms address only partially (Chen et al., 2025; Naeem et al.,
2025; Trigka & Dritsas, 2025). Reinforcement learning approaches, while promising, face
practical challenges including long training times, sample inefficiency, and difficulty
transferring learned policies across different deployment contexts (Lilhore et al., 2025;
Wu et al., 2025).

Security and privacy concerns are amplified in distributed edge-cloud
architectures where sensitive data traverses multiple processing tiers with varying trust
levels. Current approaches including zero-trust architectures, federated learning, and
differential privacy provide partial solutions but introduce substantial computational
and communication overhead (Chennupati, 2025; Muralidharan, 2025, Wrona et al,,

42 Technologia Journal, Vol. 3 No.1, February 2026



2025). The development of lightweight security mechanisms specifically designed for
resource-constrained edge devices represents a critical research priority.
Standardization and interoperability remain significant barriers to large-scale
edge-cloud deployment. The proliferation of proprietary edge platforms, cloud APIs,
and orchestration frameworks hinders portability and vendor lock-in concerns constrain
adoption. Industry efforts toward standardized interfaces, including initiatives around
Kubernetes for edge orchestration and open MEC frameworks, represent important
steps, but comprehensive standardization across the full edge-cloud stack remains
incomplete (Li et al., 2025; Srinivas & Kompally, 2025; Trigka & Dritsas, 2025)..

CONCLUSION

This comprehensive analysis of edge-cloud synergy for real-time
system optimization reveals that hybrid architectures combining edge and
cloud computing capabilities consistently outperform single-tier approaches
across critical metrics including latency, bandwidth efficiency, energy
consumption, and operational costs. The synthesis of research from 2021
through 2025 demonstrates rapid maturation of the field, with substantial
advances in architectural patterns, Al-driven optimization, resource
scheduling mechanisms, and vertical domain applications. Quantitative
evidence demonstrates that optimized edge-cloud systems achieve 10-15x
latency improvements, bandwidth savings exceeding 90%, and energy
efficiency gains of 22-42% compared to traditional architectures.

The emergence of bidirectional edge-cloud patterns, including edge
inference with cloud remediation and cloud insight with edge reconfiguration,
provides flexible frameworks that adapt to diverse application requirements.
The integration of artificial intelligence across the computing continuum
enables sophisticated capabilities including predictive maintenance, adaptive
resource allocation, and intelligent service orchestration that were previously
unattainable.  The  practical deployment across smart cities,
telecommunications, industrial IoT, and live streaming demonstrates the
versatility and effectiveness of edge-cloud synergy across diverse real-time
application domains.

However, significant challenges persist that constrain broader adoption
and scalability. Resource management complexity, security and privacy
concerns, state consistency requirements, and standardization gaps represent
critical research frontiers that demand innovative solutions. Future research
should prioritize the development of more efficient learning algorithms for
dynamic resource optimization, comprehensive security architectures tailored
to edge-cloud environments, and standardized interfaces enabling seamless
interoperability across heterogeneous platforms. As enabling technologies
continue to mature and research addresses current limitations, edge-cloud
architectures are positioned to become the dominant paradigm for real-time
system optimization across industrial, urban, and networked environments.

Technologia Journal, Vol. 3 No.1, February 2026 43



(Moch. Fachrurozi 1™)

REFERENCES
Bellala, K. (2025). Al at the Edge: Cloud-Edge Synergy. International Journal of
Innovative Science and Research Technology.

https:/ /doi.org/10.38124 /ijisrt/ 25may967

Chen, M,, Liang, Y., Li, H., Zheng, J., Zhu, S., & Guan, X. (2025). Real-Time Task and
Resource Co-Optimization in Edge-Cloud Computing for Networked Control
Systems via Logic-Based Benders Decomposition. IEEE Transactions on Services
Computing, 18, 4125-4138. https:/ /doi.org/10.1109/tsc.2025.3622659

Chennupati, S. (2025). Edge-Cloud Synergy in Real-Time Al Applications:
Opportunities, Implementations, and Challenges. International Journal of
Scientific Research in Computer Science, Engineering and Information
Technology. https://doi.org/10.32628/ cseit25112740

Feng, J. (2025). Cloud-Edge Cooperation Mechanism for Fast Live Sports Video
Distribution. Internet Technology Letters, 8. https://doi.org/10.1002/itl12.70041

Li, H., Wang, X, Feng, Y., Qi, Y., & Tian, J. (2024). Driving Intelligent IoT Monitoring
and Control through Cloud Computing and Machine Learning. ArXiv,
abs/2403.18100. https:/ /doi.org/10.48550/ arxiv.2403.18100

Li, X, Li, H,, Sun, C., Fan, Q., Han, Z., & Leung, V. (2025). Edge-Enhanced Intelligence:
A Comprehensive Survey of Large Language Models and Edge-Cloud Computing
Synergy. IEEE Communications Surveys & Tutorials.
https://doi.org/10.1109/comst.2025.3587225

Lilhore, U., Simaiya, S., Sharma, Y., Rai, A., Padmaja, S., Nabilal, K., Kumar, V.,
Alroobaea, R., & Alsufyani, H. (2025). Cloud-edge hybrid deep learning
framework for scalable IoT resource optimization. Journal of Cloud Computing,
14. https:/ /doi.org/10.1186/s13677-025-00729-w

Muralidharan, K. (2025). Edge-Cloud Orchestration Patterns for Real-Time Adaptive
Enterprise Systems. European Journal of Computer Science and Information
Technology. https:/ /doi.org/10.37745/ ejcsit.2013 /vol13n347987

Naeem, A., Senapati, B., Rasheed, J., Baili, J.,, & Osman, O. (2025). An intelligent job
scheduling and real-time resource optimization for edge-cloud continuum in next
generation networks. Scientific Reports, 15. https:/ /doi.org/10.1038 /s41598-025-
25452-7

Oladejo, A., Olufemi, O., Kamau, E., Mike-Ewewie, D., Olajide, A., & Williams, D. (2025).
Al-driven cloud-edge synergy in telecom: An approach for real-time data
processing and latency optimization. World Journal of Advanced Engineering
Technology and Sciences. https://doi.org/10.30574 / wjaets.2025.14.3.0166

Rana, M. (2025). Quantum-Edge Synergy: A Novel Framework for Real-Time IoT
Analytics Beyond Cloud and Edge Computing. Journal of Information Systems
Engineering and Management. https://doi.org/10.52783 /jisem.v10i37s.6746

Sathupadi, K., Achar, S., Bhaskaran, S., Faruqui, N., Abdullah-Al-Wadud, M., & Uddin,
J. (2024). Edge-Cloud Synergy for AI-Enhanced Sensor Network Data: A Real-Time
Predictive Maintenance Framework. Sensors (Basel, Switzerland), 24.
https:/ /doi.org/10.3390/524247918

Sharma, V. (2025). Real-Time Intelligence at the Network Edge: A Comprehensive Study
of 5G-MEC Integration for Enterprise Al Applications. International Journal of
Scientific Research in Engineering and Management.
https://doi.org/10.55041/ijsrem51707

44 Technologia Journal, Vol. 3 No.1, February 2026


https://doi.org/10.38124/ijisrt/25may967
https://doi.org/10.1109/tsc.2025.3622659
https://doi.org/10.32628/cseit25112740
https://doi.org/10.1002/itl2.70041
https://doi.org/10.48550/arxiv.2403.18100
https://doi.org/10.1109/comst.2025.3587225
https://doi.org/10.1186/s13677-025-00729-w
https://doi.org/10.37745/ejcsit.2013/vol13n347987
https://doi.org/10.1038/s41598-025-25452-z
https://doi.org/10.1038/s41598-025-25452-z
https://doi.org/10.30574/wjaets.2025.14.3.0166
https://doi.org/10.52783/jisem.v10i37s.6746
https://doi.org/10.3390/s24247918
https://doi.org/10.55041/ijsrem51707

Srinivas, V., & Kompally, K. (2025). A Microservices-Based Hybrid Cloud-Edge
Architecture for Real-Time IloT Analytics. Journal of Information Systems
Engineering and Management. https://doi.org/10.52783 /jisem.v10i16s.2567

Trigka, M., & Dritsas, E. (2025). Edge and Cloud Computing in Smart Cities. Future
Internet, 17, 118. https:/ /doi.org/10.3390/£i17030118

Wrona, Z., Wasielewska-Michniewska, K., Ganzha, M., Paprzycki, M., & Watanobe, Y.
(2025). Frugal Self-Optimization Mechanisms for Edge-Cloud Continuum.
Sensors (Basel, Switzerland), 25. https://doi.org/10.3390/525216556

Wu, H., Sun, J., & Cai, G. (2025). Edge Computing Optimization Framework for Real-
Time IoT Data Processing: A Reinforcement Learning-Based Approach. 2025 2nd
International Conference on Electronic Engineering and Information Systems
(EEISS), 1-6. https:/ /doi.org/10.1109/ eeiss65394.2025.11085612

Xu, J.,, Wan, W,, Pan, L., Sun, W., & Liu, Y. (2024). The Fusion of Deep Reinforcement
Learning and Edge Computing for Real-time Monitoring and Control
Optimization in IoT Environments. 2024 3rd International Conference on Energy
and Power Engineering, Control Engineering (EPECE), 193-196.
https:/ /doi.org/10.1109/ epece63428.2024.00042

Zhou, Q., Qu, Z.,, Guo, S., Luo, B., Guo, J., Xu, Z., & Akerkar, R. (2021). On-Device
Learning Systems for Edge Intelligence: A Software and Hardware Synergy
Perspective. ~ IEEE  Internet of Things Journal, 8,  11916-11934.
https:/ /doi.org/10.1109/7i0t.2021.3063147

(2025). Edge Vs Cloud Computing Performance Trade-Offs for Real-Time Analytics.

International  Journal of Science and Engineering Applications.
https:/ /doi.org/10.7753 /ijseal406.1007

Technologia Journal, Vol. 3 No.1, February 2026 45


https://doi.org/10.52783/jisem.v10i16s.2567
https://doi.org/10.3390/fi17030118
https://doi.org/10.3390/s25216556
https://doi.org/10.1109/eeiss65394.2025.11085612
https://doi.org/10.1109/epece63428.2024.00042
https://doi.org/10.1109/jiot.2021.3063147
https://doi.org/10.7753/ijsea1406.1007

