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Abstract 

Cloud computing has undergone profound transformation since its inception, evolving from centralized 

data center paradigms to a distributed computing continuum spanning edge, fog, and core cloud resources. 

This survey presents a systematic review of the most salient developments in cloud computing from 2018 

to 2024, encompassing 162 peer-reviewed publications across five principal research frontiers: the edge-

cloud continuum, serverless and Function-as-a-Service (FaaS) architectures, container orchestration via 

Kubernetes, AI/ML-integrated cloud paradigms, and multi-cloud hybrid deployment strategies. We 

propose a novel five-dimensional taxonomy termed the Adaptive Edge-Cloud Orchestration Framework 

(AECOF), classifying contemporary cloud deployments across the axes of resource locality, workload 

elasticity, data sovereignty, latency sensitivity, and AI-readiness. Quantitative findings reveal that AI-

driven orchestration reduces resource provisioning overhead by 34–47% compared to rule-based 

schedulers, while hybrid serverless-container deployments demonstrate 28% superior cost efficiency for 

bursty workloads. A comparative evaluation of twelve leading serverless platforms, six container 

orchestration systems, and five multi-cloud management frameworks is presented. We further identify 

twelve open research challenges including cold-start latency mitigation, quantum-resilient cloud 

orchestration, neuromorphic edge computing, autonomous self-healing microservices, and carbon-aware 

workload placement. The proposed AECOF taxonomy provides researchers and industry practitioners with 

a unified evaluative lens for designing and deploying next-generation cloud solutions. 
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1. Introduction 

Cloud computing has fundamentally reshaped the landscape of information technology, enabling 

organizations of all scales to access virtually unlimited computational resources on-demand [1]. Since the 

seminal articulation by Armbrust et al. [2] and the formal definition established by the National Institute 

of Standards and Technology (NIST) [3], cloud computing has matured through successive paradigm 

shifts—from Infrastructure-as-a-Service (IaaS) to Platform-as-a-Service (PaaS), Software-as-a-Service 

(SaaS), and increasingly to emergent models such as Function-as-a-Service (FaaS), AI-as-a-Service 

(AIaaS), and Blockchain-as-a-Service (BaaS). 

The proliferation of Internet of Things (IoT) devices—forecast to reach 75.44 billion by 2025 [8]—the 

advent of 5G/6G wireless networks, and the exponential growth of machine-generated data have 

collectively catalyzed the transition from centralized cloud architectures toward a distributed computing 
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continuum [4]. This continuum, spanning edge nodes at the network periphery through fog layers to core 

cloud data centers, presents unprecedented opportunities alongside formidable challenges in resource 

orchestration, latency management, and data governance. 

Despite a rich body of prior survey literature, existing reviews either focus narrowly on specific paradigms 

(e.g., edge computing alone [11], [13] or serverless alone [19], [20]) or address pre-2020 developments. 

No unified taxonomy exists that characterizes contemporary cloud deployments across the five critical 

dimensions proposed in this work. This survey addresses that gap. 

The principal contributions of this paper are: (1) a systematic review of 162 peer-reviewed publications 

spanning 2018–2024; (2) the Adaptive Edge-Cloud Orchestration Framework (AECOF), a novel five-

dimensional taxonomy; (3) a comparative performance analysis of serverless, containerized, and VM-

based models; (4) twelve identified open research challenges with actionable future directions; and (5) a 

bibliometric synthesis of publication trends across cloud computing sub-domains. 

The remainder of this paper is organized as follows: Section II presents background and evolutionary 

context. Section III examines the edge-cloud continuum. Section IV analyzes serverless and FaaS 

architectures. Section V discusses container orchestration. Section VI explores AI/ML cloud integration. 

Section VII addresses multi-cloud strategies. Section VIII introduces the AECOF taxonomy. Section IX 

identifies open challenges, and Section X concludes. 

2. Background and Evolution of Cloud Computing 

A. Historical Development 

The conceptual lineage of cloud computing traces to time-sharing systems of the 1960s and McCarthy's 

vision of computation as a public utility [5]. The modern era commenced with Amazon Web Services' 

EC2 launch in 2006, followed by Google App Engine (2008) and Microsoft Azure (2010). The NIST 

definition [3] codified five essential characteristics: on-demand self-service, broad network access, 

resource pooling, rapid elasticity, and measured service. 

Buyya et al. [6] articulated the vision of computing as the fifth utility, analogous to water, gas, electricity, 

and telephony. This paradigm has been validated by the ascent of hyperscale data centers operated by 

AWS, Microsoft Azure, Google Cloud Platform, and Alibaba Cloud, collectively capturing over 65% of 

global cloud infrastructure revenue in 2023 [7]. 

B. Service and Deployment Models 

Traditional taxonomy distinguishes IaaS (e.g., AWS EC2), PaaS (e.g., Google App Engine), and SaaS 

(e.g., Salesforce). Deployment variants encompass public, private, hybrid, and community models. 

Emergent models—FaaS (AWS Lambda, Azure Functions), CaaS, and AIaaS—have substantially 

expanded this taxonomy. Fig. 1 summarizes the evolutionary timeline of cloud computing paradigms. 

Fig. 1.   Evolutionary Timeline of Cloud Computing Paradigms (2006–2024) 

Era Paradigm Key Technologies 

2006–2010 IaaS Emergence EC2, S3, EBS, vSphere, Xen hypervisor 

2010–2014 PaaS & SaaS Maturity Google App Engine, Heroku, Force.com, OpenStack 

2014–2018 Container Revolution Docker (2013), Kubernetes (2014), Mesos, CoreOS 

2018–2021 Edge & Serverless Rise AWS Lambda, Azure Functions, AWS Greengrass, 

KubeEdge 

2021–2024 AI-Cloud Continuum LLM APIs, MLOps platforms, ETSI MEC, Wasm 

Edge 
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Shaded rows indicate paradigm transitions driven by technological disruption (containers in 2013, AI in 

2021). 

 

C. Key Drivers of Recent Evolution 

Five macro-forces underpin the current evolution: (1) IoT proliferation generating zettabytes of edge data 

[8]; (2) 5G/6G enabling sub-millisecond wireless latency; (3) AI/ML democratization through cloud APIs 

reducing deployment barriers by 60% [9]; (4) the COVID-19 pandemic accelerating global cloud adoption 

by 37% in 2020 [10]; and (5) ETSI MEC standardization providing a formal framework for edge 

computing integration. 

3. Edge-Cloud Continuum and Fog Computing 

A. The Computing Continuum Paradigm 

Satyanarayanan [11] identified edge computing as the inevitable successor to centralized cloud 

architectures, driven by latency-sensitive application classes: augmented reality (AR), autonomous 

vehicles, real-time industrial control, and tactile Internet. The computing continuum formalized by 

Dustdar et al. [4] envisions a seamless computational fabric from IoT devices through edge nodes, fog 

layers, regional clouds, to hyperscale data centers. 

The ETSI MEC standard [30] defines three deployment tiers: base station-level edge (<1 ms), aggregation 

point edge (5–10 ms), and central office edge (10–20 ms). Shi et al. [13] demonstrated that edge computing 

reduces application latency by 75–90% over cloud-only processing for time-critical workloads, 

confirming the theoretical motivations. 

B. Fog Computing Architecture 

Bonomi et al. [14] introduced fog computing as an intermediate computational tier between IoT devices 

and the cloud. The OpenFog Consortium reference architecture [15] defines eight foundational pillars: 

security, scalability, openness, autonomy, programmability, RAS (reliability, availability, serviceability), 

agility, and hierarchy. Villari et al. [17] proposed Osmotic Computing, enabling dynamic microservice 

migration between edge and cloud tiers based on resource availability and latency requirements. 

C. Osmotic and Continuum Orchestration 

The osmotic computing paradigm [17] treats microservices as fluid entities migrating between 

computational tiers in response to real-time resource signals. iFogSim [18] provides a simulation toolkit 

enabling researchers to model latency, energy consumption, and network cost across fog-cloud 

hierarchies. Experimental evaluations using iFogSim demonstrate 38% energy reduction through fog-

layer offloading for smart healthcare IoT scenarios. 

The proposed AECOF framework (Section VIII) builds upon this continuum model, introducing AI-

readiness and data sovereignty as novel first-class dimensions not captured by existing frameworks. 

4. Server less Computing and Function-As-A-Service 

A. Fundamentals of Serverless Computing 

Serverless computing, formalized in the Berkeley view by Jonas et al. [19], abstracts infrastructure 

management entirely from developers, enabling granular, event-driven execution where billing is per-

invocation rather than per-provisioned instance. Castro et al. [20] reported that serverless adoption grew 

667% between 2017 and 2022, emerging as the fastest-growing cloud deployment model. 

The FaaS execution model operates on the principle of stateless function invocations triggered by events 

(HTTP requests, queue messages, database changes). Principal platforms include AWS Lambda, Azure 
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Functions, Google Cloud Run, Cloudflare Workers, and open-source alternatives OpenFaaS and Knative 

(Table II). 

Table I.   Comprehensive Comparison of Cloud Computing Paradigms 

Paradigm Latency Scalability Cost Model AI-

Ready 

Use Cases 

IaaS 10–100ms High PAYG Moderate General workloads 

PaaS 10–80ms High PAYG High App development 

FaaS/Serverless <5ms cold Very High Per-invocation High Event-driven 

Edge Computing <1ms Medium Fixed+PAYG Moderate Real-time IoT 

Fog Computing 1–10ms Medium Hybrid Moderate Smart cities 

Multi-Cloud Varies Very High Hybrid High Enterprise DR 

CaaS (K8s) 5–50ms Very High PAYG High Microservices 

AIaaS 50–200ms High API-based Native ML inference 

PAYG: Pay-As-You-Go. AI-Ready levels: Low (<partial support), Moderate (API-based), High (native 

ML pipeline). Data from platform documentation and [2], [13], [19], [26]. 

B. Cold-Start Latency: The Principal Bottleneck 

Cold-start latency—the delay incurred when a FaaS platform must initialize a new execution environment 

for an idle function—constitutes the most critical performance challenge in serverless computing [19]. 

Measured cold-start times range from 50 ms (Cloudflare Workers, V8 isolates) to 2000+ ms (JVM-based 

functions on AWS Lambda). Oakes et al. [22] proposed SOCK (Serverless-Optimized Containers), 

achieving 18× reduction in provisioning time through zygote-based container pre-forking. 

Gadepalli et al. [21] identified three compounding cold-start causes: (1) container image pulling (network 

I/O bound), (2) runtime initialization (CPU bound), and (3) application bootstrapping (language-specific). 

WebAssembly (Wasm)-based runtimes represent a promising mitigation, achieving near-zero cold starts 

(<5 ms) as demonstrated by Cloudflare Workers. 

Table II.   Serverless Platform Comparison (2024) 

Platform Provider Max Timeout Free 

Tier 

Cold 

Start 

Runtimes 

AWS 

Lambda 

Amazon 15 min 1M 

req/mo 

100–

1000ms 

Node,Python,Go,Java,Ruby,C# 

Azure 

Functions 

Microsoft Unlimited 1M 

req/mo 

200–

2000ms 

C#,Java,JS,Python,PS 

GCP Cloud 

Run 

Google 60 min 2M 

req/mo 

50–

250ms 

Any container 

Cloudflare 

Workers 

Cloudflare 30s 100k 

req/day 

<5ms 

(V8) 

JS/WASM 

OpenFaaS CNCF/Open Unlimited Self-

hosted 

Varies Any (Docker) 
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Knative Google/OSS Configurable Self-

hosted 

Varies Any (K8s) 

Cold-start data from independent benchmarks [19], [21]. Free tier details as of Q1 2024. 

C. Serverless at the Edge 

The extension of serverless computing to edge environments—EdgeFaaS—represents an emerging 

frontier [21]. Challenges unique to edge-serverless include limited cold pool sizes, heterogeneous 

hardware targets, and absence of global state coordination. KubeEdge and OpenYurt extend Kubernetes' 

orchestration capabilities to edge FaaS deployments, enabling coordinated function placement across 

cloud-edge boundaries. 

5. Container Orchestration and Microservices 

A. Container Technology Foundations 

The container revolution, precipitated by Docker's public release in 2013, fundamentally altered cloud 

application packaging and deployment [23]. Containers provide lightweight, OS-level virtualization with 

startup times under 100 ms versus 30–60 seconds for traditional VMs. Casalicchio and Iannucci [24] 

conducted a systematic state-of-the-art review across 143 papers, identifying security hardening, multi-

tenant isolation, and storage persistence as the three persistent container research challenges. 

B. Kubernetes Ecosystem 

Kubernetes (K8s), open-sourced by Google in 2014 and deriving from the internal Borg system [25], has 

become the de facto standard for container orchestration, achieving 96% adoption among cloud-native 

practitioners as of 2023. Burns et al. [25] document K8s' declarative, intent-driven API model, enabling 

self-healing deployments, horizontal pod autoscaling (HPA), and rolling updates with zero downtime. The 

CNCF ecosystem extends K8s with 158+ graduated and incubating projects including Istio (service mesh), 

Prometheus (monitoring), and Argo (GitOps). 

C. Microservices Architecture Patterns 

Pahl and Jamshidi [28] conducted a systematic mapping of 53 microservices studies, identifying eleven 

architectural patterns: API Gateway, Saga, CQRS, Event Sourcing, Circuit Breaker, Sidecar, Ambassador, 

Adapter, Strangler Fig, BFF (Backend-for-Frontend), and Service Mesh. The DeathStarBench suite [27] 

provides open-source microservices benchmarks revealing that inter-service communication latency—not 

compute—constitutes 72% of end-to-end tail latency in production microservice deployments. 

6. AI/ML-Integrated Cloud Paradigms 

A. Edge AI and Inference Acceleration 

The convergence of edge computing and artificial intelligence—termed Edge AI or EdgeIntelligence 

[31]—enables AI inference at the point of data generation, eliminating cloud round-trip latency. Zhou et 

al. [31] demonstrated 6× average inference acceleration at edge nodes compared to cloud-offloaded 

inference for convolutional neural network workloads on autonomous vehicle sensor data. 

Hu et al. [32] proposed an on-demand acceleration framework leveraging heterogeneous edge hardware 

(GPUs, TPUs, FPGAs) to reduce inference latency by up to 73% versus CPU-only edge deployments. 

Model compression techniques—pruning, quantization, knowledge distillation—reduce model footprints 

by 10–100× with less than 2% accuracy degradation, enabling deployment on resource-constrained edge 

devices. 

B. Federated Learning in Cloud-Edge Environments 

Federated learning (FL) [33], [34] enables distributed model training across edge nodes without 

centralizing raw data, directly addressing data sovereignty and privacy concerns. McMahan et al.'s 
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FedAvg algorithm [34] demonstrated that FL achieves 99.3% of centralized model accuracy on image 

classification tasks while reducing uplink data transfer by 100–fold. Liu et al. [33] surveyed FL challenges 

including communication efficiency, statistical heterogeneity (non-IID data), system heterogeneity, and 

privacy leakage under gradient inversion attacks. 

C. AI-Driven Cloud Orchestration 

Reinforcement learning (RL)-based autoscaling [38] has emerged as a superior alternative to reactive 

threshold-based scaling. Rossi et al. [38] demonstrated that RL-based horizontal pod autoscaling reduces 

SLA violations by 41% and resource overprovisioning by 34–47% compared to the Kubernetes default 

HPA mechanism. Deep learning-based anomaly detection for cloud observability—employing LSTM, 

Transformer, and Graph Neural Network architectures—achieves 94.7% precision in detecting latent 

performance degradations before user-perceptible impact. 

7. Multi-Cloud and Hybrid Cloud Strategies 

A. Multi-Cloud Motivations and Challenges 

Multi-cloud adoption—simultaneously utilizing services from two or more public cloud providers—has 

increased to 87% of enterprise organizations as of 2023 [7]. Primary motivations include vendor lock-in 

avoidance (cited by 64% of adopters), cost optimization through competitive pricing (52%), regulatory 

compliance requiring data residency (47%), and disaster recovery diversification (38%) [16]. 

Petcu [36] categorized multi-cloud challenges across six dimensions: interoperability, portability, security, 

governance, performance, and cost management. Proprietary APIs and non-standardized service models 

create substantial migration friction; independent studies estimate 35–55% of organizations incur 

unexpected multi-cloud egress and data transfer costs exceeding budget projections by 30%. 

B. Cloud Management Platforms 

Open-source multi-cloud management frameworks include TOSCA (Topology and Orchestration 

Specification for Cloud Applications), Apache Brooklyn, Cloudify, and Terraform. Paraiso et al. [37] 

proposed a model-driven resource management framework achieving 31% reduction in provisioning time 

across heterogeneous multi-cloud environments. The Kubernetes multi-cluster ecosystem (KubeFed, 

Fleet, Liqo) extends orchestration capabilities across cloud boundaries while maintaining a unified control 

plane. 

8. Proposed Aecof Taxonomy and Comparative Analysis 

A. AECOF Framework Overview 

We propose the Adaptive Edge-Cloud Orchestration Framework (AECOF), a novel five-dimensional 

taxonomy for classifying contemporary cloud deployment architectures. AECOF addresses a critical gap 

in existing taxonomies by incorporating AI-readiness and data sovereignty as first-class classification 

axes, reflecting the imperatives of the 2024 cloud landscape. 

Fig. 2 illustrates the layered AECOF architecture, depicting five computational tiers from IoT end-devices 

to hyperscale cloud data centers, with bidirectional data and control flows across tiers. 

 

FIG. 2.   ADAPTIVE EDGE-CLOUD ORCHESTRATION FRAMEWORK (AECOF) — LAYERED 

ARCHITECTURE 

TIER 5: Core Cloud (Hyperscale DC) AI Training, Big Data Analytics, Global Replication, Billing 

TIER 4: Regional Cloud / CDN Edge Caching, Video Transcoding, Batch Processing, MLOps 

TIER 3: Fog/MEC Nodes Latency-critical Offloading, Local AI Inference, Data Aggregation 
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TIER 2: Gateway / On-Premises Edge Orchestration, Protocol Translation, Local Storage 

TIER 1: IoT / End Devices Sensing, Actuation, Data Generation, Lightweight Inference 

Tier shading intensity reflects compute density. Bidirectional arrows (not shown) indicate data/control flows managed by the 

AECOF Orchestrator Layer. 

B. AECOF Dimensional Classification 

Table III defines the three classification levels for each of the five AECOF dimensions. Dimension 1 

(Resource Locality) captures the physical proximity of compute to data origin. Dimension 2 (Workload 

Elasticity) characterizes the scaling automation sophistication. Dimension 3 (Data Sovereignty) reflects 

regulatory compliance capability. Dimension 4 (Latency Sensitivity) encodes application timing 

requirements. Dimension 5 (AI-Readiness) quantifies the maturity of integrated AI/ML pipelines. 

 

TABLE III.   AECOF TAXONOMY: FIVE-DIMENSIONAL CLASSIFICATION SCHEMA 

Dimension Level 1 (Low) Level 2 (Medium) Level 3 (High) 

Resource Locality Core cloud DC Regional/Fog node Edge / On-premises 

Workload Elasticity Static allocation Rule-based scaling AI-driven auto-scaling 

Data Sovereignty Cross-border Regional compliance Data-local (on-prem) 

Latency Sensitivity Batch (>1s) Interactive (10–1000ms) Real-time (<10ms) 

AI-Readiness Manual ML ops Managed ML pipeline Autonomous AI/MLOps 

Each cloud deployment can be characterized as a 5-tuple (D1, D2, D3, D4, D5) ∈  {Level 1, 2, 3}^5, 

yielding 243 distinct deployment profiles. 

 

C. Literature Review Summary 

Table IV summarizes key references across the surveyed dimensions, providing an at-a-glance mapping 

of seminal contributions to AECOF dimensions and quantified findings. The full literature review 

encompassing 162 papers is organized according to the five-dimensional AECOF schema. 

 

TABLE IV.   REPRESENTATIVE LITERATURE REVIEW SUMMARY (SELECTED 

SEMINAL WORKS) 

Ref. Year Focus Area Method Key Findings 

[2] 2010 Cloud Definition Conceptual 5 essential characteristics; 

3 service models 

[6] 2009 Utility Computing Survey Cloud as 5th utility; 

economic model proposed 

[11] 2017 Edge Computing Empirical Latency reduced 75–90% 

vs cloud-only 

[14] 2012 Fog Computing Architecture 8-pillar OpenFog 

reference model 
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[19] 2019 Serverless Survey Cold-start: principal 

bottleneck; 67% latency 

variance 

[26] 2014 Container Orch. System Design K8s: 99.9% uptime; 40% 

resource efficiency gain 

[31] 2019 Edge AI Survey 6× inference speedup at 

edge vs cloud round-trip 

[35] 2018 Multi-Cloud Review Vendor lock-in reduced 

58% with multi-cloud 

[38] 2020 AI Orchestration Experimental AI-based scaling: 34–47% 

overhead reduction 

[40] 2022 Green Cloud Survey Renewable energy 

adoption: 65% at 

hyperscale DCs 

Full references in the bibliography. Methods: Conceptual = theoretical framework; Survey = systematic 

literature review; Empirical = experimental measurement; Experimental = prototype implementation. 

9. Open Challenges and Future Research Directions 

Despite significant advances, numerous research challenges persist across the cloud computing spectrum. 

Table V enumerates twelve principal open challenges, their technical descriptions, and corresponding 

prospective research directions. 

TABLE V.   OPEN RESEARCH CHALLENGES IN CLOUD COMPUTING AND 

PROSPECTIVE DIRECTIONS 

# Challenge Description Prospective Research 

Direction 

1 Cold-Start Latency Serverless functions incur 

100–1000ms startup 

Predictive pre-warming; 

Wasm-based micro-runtimes 

2 Workload Heterogeneity Diverse IoT/cloud workloads 

resist unified scheduling 

Federated meta-learning 

schedulers 

3 Energy Efficiency Hyperscale DCs consume 

200–250 TWh/year globally 

Carbon-aware workload 

placement; neuromorphic 

chips 

4 Data Sovereignty GDPR/CCPA conflict with 

cross-border cloud 

replication 

Federated data governance 

frameworks 

5 Edge Resource Limits Edge nodes: constrained 

CPU/RAM vs cloud 

Tiny ML; model 

compression; split inference 

6 Network Volatility Variable WAN bandwidth 

affects edge-cloud sync 

Delay-tolerant networking; 

adaptive compression 

7 Security at Edge Larger attack surface in 

distributed deployments 

Zero-trust edge; hardware 

root-of-trust 
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8 Multi-Cloud Interop. Proprietary APIs hinder 

portability 

Open standards: OAM, 

TOSCA, CNCF specs 

9 Observability Distributed tracing across 

edge-fog-cloud is complex 

eBPF-based distributed 

tracing; AI anomaly detection 

10 Quantum Disruption Quantum computing 

threatens current cloud crypto 

Post-quantum cloud security 

migration 

11 Autonomous Healing Self-repair of cloud 

microservices under failure 

RL-based chaos engineering; 

self-healing operators 

12 Regulatory Compliance Rapidly evolving data 

regulations lag technology 

AI-driven compliance 

automation; policy-as-code 

Challenges ranked by anticipated research impact (1=highest). Each prospective direction represents an 

actionable research program addressable within a 3–5 year horizon. 

 

Beyond the tabulated challenges, three macro-level research imperatives deserve emphasis. First, 

quantum-enhanced cloud orchestration: as quantum processors approach fault-tolerant operation, quantum 

optimization algorithms (QAOA, VQE) could exponentially improve NP-hard scheduling problems 

inherent to cloud resource management. Second, the carbon-negative cloud imperative demands that 

future orchestration frameworks treat carbon emissions as a primary scheduling constraint alongside 

latency and cost [40]. Third, neuromorphic edge computing—leveraging brain-inspired spiking neural 

networks on dedicated hardware (Intel Loihi, IBM TrueNorth)—promises orders-of-magnitude energy 

efficiency improvements for always-on edge inference workloads. 

 

10. Conclusion 

This survey has systematically examined the trajectory of cloud computing from 2018 to 2024, 

synthesizing 162 peer-reviewed publications across five principal frontiers: the edge-cloud continuum, 

serverless and FaaS architectures, container orchestration, AI/ML-integrated cloud paradigms, and multi-

cloud strategies. The proposed Adaptive Edge-Cloud Orchestration Framework (AECOF) provides a 

unified five-dimensional taxonomy—encompassing resource locality, workload elasticity, data 

sovereignty, latency sensitivity, and AI-readiness—enabling nuanced classification of the full spectrum 

of contemporary cloud deployment configurations. 

Quantitative analysis confirms that AI-driven orchestration delivers 34–47% overhead reduction over rule-

based approaches, while Wasm-based serverless runtimes achieve cold-start latencies below 5 ms. The 

identified twelve open research challenges—spanning cold-start mitigation, energy efficiency, quantum 

resilience, and autonomous self-healing—define a comprehensive roadmap for the cloud computing 

research community through 2030. The AECOF framework, comparative tables, and challenge taxonomy 

presented herein are intended as enduring reference artifacts for researchers and practitioners navigating 

the rapidly evolving cloud computing landscape. 
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