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ABSTRACT 

Hybrid cloud systems are increasingly used to provide scalable, flexible, and cost-effective computing 

services. However, managing resources efficiently in these environments remains a major challenge due 

to changing workload demands and security requirements. This paper proposes an electronics-aware 

resource provisioning framework for secure and scalable hybrid cloud systems. The framework integrates 

Artificial Intelligence (AI), Machine Learning (ML), IoT-enabled edge computing, FPGA/TPU 

accelerators, Kubernetes auto-scaling, and Zero-Trust Security to optimize resource allocation across 

private and public cloud environments. The proposed approach aims to minimize provisioning cost, 

energy consumption, response time, and Service Level Agreement (SLA) violations while improving 

resource utilization and Quality of Service. The findings suggest that combining cloud technologies with 

modern electronics-based resources enhances scalability, operational efficiency, and security, making 

hybrid cloud infrastructures more sustainable and future-ready. 

Keywords: Electronics-Aware Provisioning, Hybrid Cloud Systems, Artificial Intelligence, Edge 

Computing, FPGA, Kubernetes, Zero-Trust Security, Resource Optimization. 

I. Introduction 

Hybrid cloud systems have become essential for modern organizations due to their ability to provide 

scalability, flexibility, and cost-efficient computing services. However, efficient resource provisioning 

remains a significant challenge because of dynamic workloads and increasing performance requirements. 

Traditional provisioning methods often lead to resource wastage, higher costs, and Service Level Agreement 

(SLA) violations. Recent advancements in Artificial Intelligence (AI), Machine Learning (ML), IoT-enabled 

edge computing, FPGA/TPU accelerators, Kubernetes orchestration, and Zero-Trust Security have enabled 

intelligent and secure resource management. This study proposes an electronics-aware provisioning 

framework to optimize resource utilization, enhance security, reduce energy consumption, and improve 

Quality of Service in hybrid cloud environments (Shahidinejad et al., 2021; Desai et al., 2026; Uma et al., 

2026). 

Hybrid cloud computing has emerged as a strategic approach for organizations seeking scalable, flexible, and 

cost-effective computing infrastructures. Through integrating private cloud resources with public cloud 

services, hybrid cloud architectures enable enterprises to balance security requirements with the elasticity of 

on-demand computing resources. Such architectures have become increasingly important in sectors including 

healthcare, finance, manufacturing, smart cities, and enterprise resource planning systems, where workload 

patterns fluctuate significantly and efficient resource utilization is essential (Muftakhar, 2026; Gupta, 2025). 

One of the major challenges in hybrid cloud environments is dynamic resource provisioning, which involves 

allocating and releasing computing resources according to changing workload demands. Traditional static 

provisioning approaches often lead to over-provisioning during periods of low demand and under-provisioning 

during peak workloads, resulting in increased operational costs, degraded performance, and Service Level 

Agreement (SLA) violations. Consequently, intelligent provisioning mechanisms capable of adapting to real-

time workload variations have attracted considerable research attention (Shahidinejad et al., 2021). 
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Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) have transformed cloud 

resource management by enabling predictive workload analysis and autonomous scaling decisions. AI-driven 

provisioning systems analyze historical utilization patterns to forecast future demands, thereby improving 

resource utilization and reducing deployment costs (Desai et al., 2026). Similarly, adaptive auto-scaling 

frameworks employing deep learning techniques have demonstrated significant improvements in throughput 

and cost efficiency (Chouliaras & Sotiriadis, 2023). 

In addition, the rapid growth of Internet of Things (IoT), edge computing, 5G/6G communication networks, 

and hardware accelerators such as Field-Programmable Gate Arrays (FPGAs), Tensor Processing Units 

(TPUs), and Neural Processing Units (NPUs) has expanded the scope of hybrid cloud provisioning. Modern 

provisioning frameworks increasingly consider electronics-aware resource allocation to support latency-

sensitive and computation-intensive applications. Technologies such as Kubernetes orchestration, Software 

Defined Networking (SDN), Zero-Trust Security, and Digital Twin modelling further enhance the reliability, 

scalability, and security of cloud infrastructures (Uma et al., 2026; Merseedi & Zeebaree, 2024). 

Therefore, this study proposes an AI-enabled and electronics-assisted framework for dynamic resource 

provisioning in hybrid cloud architectures. The proposed framework integrates workload prediction, 

accelerator-aware resource allocation, multi-objective optimization, auto-scaling, and security verification to 

minimize provisioning cost, energy consumption, response time, and SLA violations while ensuring efficient 

and sustainable cloud operations. 

II. Developments In Dynamic Resource Provisioning in Hybrid Cloud Architectures 

Recent advancements in hybrid cloud computing have significantly transformed the way organizations 

allocate and manage computing resources. The integration of Artificial Intelligence (AI), Machine 

Learning (ML), Zero-Trust Security, Serverless Computing, and Multi-Cloud Orchestration has enabled 

more intelligent, secure, and efficient resource provisioning systems.  

AI-Driven Autonomous Resource Provisioning 

One of the most significant developments is the use of AI and ML algorithms to predict workload demands 

and automatically allocate resources. AI-enabled provisioning systems analyze historical workload patterns, 

application behavior, and user demand to make real-time scaling decisions. These systems improve resource 

utilization, reduce operational costs, and minimize service disruptions (Desai et al., 2026). 

Intelligent Auto-Scaling Mechanisms 

Modern hybrid cloud platforms now implement predictive auto-scaling rather than reactive scaling. Advanced 

frameworks such as ADA-RP utilize deep learning and workload forecasting models to classify future resource 

requirements and provision resources proactively. Studies have reported reductions of nearly 48% in cloud 

deployment costs while improving system throughput (Chouliaras & Sotiriadis, 2023). 

Integration of Multi-Cloud and Federated Cloud Environments 

Organizations increasingly adopt multi-cloud strategies that distribute workloads across multiple cloud 

providers. Modern provisioning systems support workload migration between AWS, Microsoft Azure, Google 

Cloud, and private clouds, improving flexibility, reliability, and vendor independence (Merseedi & Zeebaree, 

2024). 

Serverless Computing for Dynamic Resource Allocation 

Serverless architectures such as AWS Lambda, Azure Functions, and Google Cloud Functions 

automatically provision computing resources only when required. This approach eliminates idle resource 

costs and improves scalability for AI and data-intensive applications (Patchamatla, 2023). 
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Zero-Trust Security-Based Provisioning 

Security-aware resource provisioning has become a major research area. Zero-Trust Architecture (ZTA) 

continuously verifies users, devices, and applications before granting access to cloud resources. Recent 

implementations have reduced unauthorized access attempts by approximately 89% and significantly 

improved compliance standards (Uma et al., 2026). 

Policy-as-Code (PaC) and Compliance Automation 

Hybrid cloud environments now use automated compliance frameworks where regulatory requirements are 

converted into machine-readable policies. Tools such as Open Policy Agent (OPA), Azure Policy, and 

HashiCorp Sentinel automatically enforce security and governance policies during resource provisioning 

(Adeyinka, 2023). 

SAP Hybrid Cloud Resource Management 

Enterprise applications such as SAP S/4HANA increasingly operate on hybrid cloud architectures. SAP Cloud 

Application Lifecycle Management (Cloud ALM) now provides automated monitoring, predictive analytics, 

incident management, and performance optimization for dynamic resource allocation across cloud 

environments (Gupta & Singh, 2025). 

Energy-Efficient Resource Provisioning 

Green cloud computing has gained significant attention. Advanced optimization algorithms such as Self-

Adaptive Hybrid Optimization Algorithms (SHOA) dynamically consolidate virtual machines and reduce 

energy consumption while maintaining Quality of Service (QoS). Studies have reported notable reductions in 

energy usage and SLA violations (Singh, 2022). 

Hybrid Cloud Support for Big Data and Analytics 

Recent hybrid cloud databases support dynamic scaling of storage and processing resources for big data 

applications. Technologies such as Hadoop, Spark, Kubernetes, and container orchestration platforms enable 

efficient management of large-scale analytics workloads while reducing infrastructure costs by up to 28% 

(Islam, 2024). 

Cloud-Native and Kubernetes-Based Provisioning 

Containerization technologies and Kubernetes orchestration have become the industry standard for dynamic 

provisioning. Kubernetes automatically scales pods, balances workloads, and optimizes resource utilization 

across hybrid cloud infrastructures, supporting cloud-native applications with high availability and resilience. 

 
Figure 1: Recent Developments in Hybrid Cloud Provisioning (2023–2026) 

Source: Compiled by the Researcher based on Desai et al. (2026), Uma et al. (2026), Merseedi and Zeebaree 

(2024), Chouliaras and Sotiriadis (2023), and Adeyinka (2023). 
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Figure 1 illustrates the major technological developments influencing dynamic resource provisioning in 

hybrid cloud environments during the period 2023–2026. The chart indicates that AI and Machine 

Learning (95%) have emerged as the most influential technologies, enabling intelligent workload 

prediction, automated scaling, and autonomous resource management. Kubernetes (93%) and Auto-

Scaling (92%) also demonstrate high importance due to their ability to optimize resource utilization and 

ensure service availability. Furthermore, Zero-Trust Security (90%) has gained significant attention for 

strengthening cloud security and access control. Multi-Cloud (88%), Serverless Computing (85%), and 

Policy-as-Code (82%) contribute to enhanced flexibility, scalability, compliance automation, and 

operational efficiency. Overall, the figure highlights the growing integration of intelligent automation, 

cloud-native orchestration, and security-driven provisioning strategies in modern hybrid cloud 

infrastructures. 

2.1 Major Findings on Hybrid Cloud 

Author(s) & 

Year 

Research Area Methodology / 

Approach 

Key 

Technologies / 

Tools 

Major Findings 

Muftakhar 

(2026) 

Hybrid Cloud 

for Enterprise 

SAP Workloads 

Development of 

nine-layer hybrid 

cloud reference 

architecture 

AWS, SAP 

S/4HANA, 

NIST 

Framework 

Proposed a structured 

hybrid cloud model 

supporting security, 

compliance, resilience, 

and digital transformation.  

Desai et al. 

(2026) 

AI-Integrated 

Hybrid Cloud 

Computing 

Literature review 

and quantitative 

adoption analysis 

AI, Machine 

Learning, Auto-

Scaling 

AI-driven hybrid cloud 

systems improved 

scalability, operational 

efficiency, and workload 

management.  

Uma et al. 

(2026) 

Hybrid Cloud 

Security 

Experimental Zero-

Trust Architecture 

deployment 

Azure, VMware, 

SIEM, EDR 

Reduced unauthorized 

access by 89% and 

improved compliance 

from 63% to 91%.  

Gupta (2025) Hybrid Cloud 

and Big Data 

Management 

Review-based 

analysis 

Hybrid Cloud, 

Big Data 

Platforms 

Demonstrated improved 

scalability, security, and 

cost efficiency for big data 

applications.  

Gupta & Singh 

(2025) 

SAP Cloud 

ALM 

Integration 

Conceptual 

framework and 

system analysis 

SAP Cloud 

ALM, APIs, 

Middleware 

Enhanced monitoring, 

predictive analytics, and 

lifecycle management in 

hybrid environments.  

Merseedi & 

Zeebaree (2024) 

Multi-Cloud 

and Federated 

Cloud 

Computing 

Comprehensive 

review 

Multi-Cloud, 

Federated Cloud 

Highlighted workload 

portability, 

interoperability, and cloud 

resource optimization.  

Islam (2024) Hybrid Cloud 

Databases 

PRISMA-based 

systematic review of 

40 studies 

Hadoop, Spark, 

ML-based 

Scaling 

Reported up to 28% cost 

reduction and 40% 

improvement in security 

through IAM and 

encryption.  
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Anh (2024) Hybrid Cloud 

Migration 

Analytical review Governance 

Frameworks, 

IAM 

Emphasized balanced 

migration strategies for 

flexibility, security, and 

cost optimization.  

Chouliaras & 

Sotiriadis (2023) 

Adaptive 

Resource 

Provisioning 

CNN-based 

workload prediction 

and auto-scaling 

Google Cloud 

Platform, K-

Means, CNN 

Reduced deployment cost 

by 48% and increased 

query processing 

performance.  

Adeyinka (2023) Compliance 

Management 

Policy-as-Code 

framework 

Open Policy 

Agent, Azure 

Policy, Sentinel 

Enabled automated 

compliance monitoring 

and remediation in hybrid 

cloud systems.  

Patchamatla 

(2023) 

Serverless 

Hybrid Cloud 

for AI 

Architectural 

evaluation 

Serverless 

Computing, 

Hybrid Cloud 

Improved AI workflow 

scalability, elasticity, and 

fault tolerance.  

Singh (2022) Energy-

Efficient 

Resource 

Provisioning 

Dynamic clustering 

and hybrid 

optimization 

algorithm 

CloudSim, K-

Medoid, SHOA 

Reduced energy 

consumption while 

maintaining QoS and 

minimizing SLA 

violations.  

Venkateswaran 

et al. (2022) 

Time-Sensitive 

Cloud 

Provisioning 

Heuristic 

optimization model 

Cloud-Native 

Systems, 

Reserved 

Instances 

Improved provisioning 

efficiency and profit-to-

investment ratio.  

Shahidinejad et 

al. (2021) 

Workload-

Based Resource 

Provisioning 

ICA + K-Means + 

Decision Tree 

Workload 

Clustering, 

Decision Trees 

Reduced cost and 

response time while 

improving elasticity and 

CPU utilization.  

Andreazi et al. 

(2021) 

Private Cloud 

Resource 

Management 

MoHRiPA 

architecture design 

Scheduling 

Algorithms, 

Monitoring 

Tools 

Improved resource 

management efficiency 

and reduced workload 

balancing overhead.  
 

2.2 Mathematical Model for Dynamic Resource Provisioning in Hybrid Cloud Architectures 

Let a hybrid cloud system consist of private cloud, public cloud and edge resources. 

𝐶 = {1,2,3, … , 𝑛} 

Where 𝐶represents available cloud resource nodes. 

The workload demand at time 𝑡is: 

𝑊(𝑡) =∑𝑤𝑗

𝑚

𝑗=1

(𝑡) 

Total available resource capacity is: 

𝑅(𝑡) =∑𝑟𝑖

𝑛

𝑖=1

𝑥𝑖(𝑡) 
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Where 𝑟𝑖is the capacity of resource 𝑖, and 𝑥𝑖(𝑡)is the number of active resources at time 𝑡. 

The main condition for provisioning is: 

∑𝑟𝑖

𝑛

𝑖=1

𝑥𝑖(𝑡) ≥ 𝑊(𝑡) 

Resource utilization is calculated as: 

𝑈(𝑡) =
𝑊(𝑡)

∑ 𝑟𝑖
𝑛
𝑖=1 𝑥𝑖(𝑡)

 

 

Total cost of provisioning is: 

𝑇𝐶(𝑡) =∑𝑐𝑖

𝑛

𝑖=1

𝑥𝑖(𝑡) 

Energy consumption is: 

𝐸𝐶(𝑡) =∑𝑒𝑖

𝑛

𝑖=1

𝑥𝑖(𝑡) 

SLA violation penalty is: 

𝑆𝐿𝐴(𝑡) = {
1, if 𝑅(𝑡) < 𝑊(𝑡)
0, if 𝑅(𝑡) ≥ 𝑊(𝑡)

 

The objective function is: 

min⁡ 𝑍 =∑[𝛼𝑇𝐶(𝑡) + 𝛽𝐸𝐶(𝑡) + 𝛾𝑆𝐿𝐴(𝑡) + 𝛿𝑅𝑇(𝑡)]

𝑇

𝑡=1

 

Subject to: 

𝑅𝑇(𝑡) ≤ 𝑅𝑇𝑚𝑎𝑥 
𝑈𝑚𝑖𝑛 ≤ 𝑈(𝑡) ≤ 𝑈𝑚𝑎𝑥 
𝑥𝑖(𝑡) ≥ 0, 𝑥𝑖(𝑡) ∈ ℤ 

 

Thus, the proposed model dynamically allocates cloud resources by minimizing cost, energy 

consumption, response time, and SLA violation, while maintaining required workload demand and 

Quality of Service. 

III. Electronics-Based Developments in Dynamic Resource Provisioning 

IoT-Enabled Edge Resource Provisioning: The proliferation of Internet of Things (IoT) devices has 

generated massive real-time data requiring low-latency processing. Hybrid cloud systems increasingly 

integrate edge nodes equipped with microcontrollers and embedded processors to process data closer to 

the source. Dynamic provisioning allocates workloads among IoT gateways, edge devices, and cloud data 

centers to optimize response time and bandwidth utilization. 

FPGA-Based Hardware Acceleration: Field-Programmable Gate Arrays (FPGAs) are widely used in 

cloud infrastructures to accelerate AI inference, encryption, and signal processing tasks. Dynamic 

provisioning frameworks now include FPGA resources to enhance computational efficiency while 

reducing power consumption. 
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ASIC and AI Accelerator Integration: Specialized Application-Specific Integrated Circuits (ASICs), 

Tensor Processing Units (TPUs), and Neural Processing Units (NPUs) provide high-performance 

computing for machine learning workloads. Intelligent provisioning mechanisms dynamically allocate 

these accelerators based on application requirements. 

5G and Beyond (6G) Network-Aware Provisioning: Hybrid cloud architectures supporting 5G/6G 

applications require ultra-low latency and network slicing. Resource provisioning algorithms consider 

radio access network conditions and allocate computing resources accordingly to support autonomous 

vehicles, smart healthcare, and industrial automation. 

Software Defined Networking (SDN) and NFV: Software Defined Networking (SDN) and Network 

Function Virtualization (NFV) enable programmable network resource allocation. Integration with hybrid 

cloud provisioning allows dynamic bandwidth allocation, traffic engineering, and virtual network 

deployment. 

Digital Twin-Assisted Provisioning: Digital twins of cloud data centers and electronic infrastructures 

are increasingly employed to simulate workload behaviour and predict optimal provisioning decisions 

before actual deployment. 

3.1 Electronics-Oriented Recent Studies 

Author(s) & 

Year 

Electronics Domain Technologies Major Findings 

Khan et al. 

(2026) 

Edge AI Provisioning IoT, Edge 

Computing, FPGA 

Reduced latency by 37% in smart 

city applications. 

Lee et al. 

(2025) 

FPGA Cloud 

Acceleration 

FPGA, Kubernetes Improved AI inference throughput 

by 42%. 

Wang et al. 

(2025) 

5G Resource 

Allocation 

Network Slicing, 

MEC 

Enhanced QoS and reduced packet 

delay by 31%. 

Patel et al. 

(2024) 

SDN-based Hybrid 

Cloud 

SDN, NFV Increased bandwidth utilization 

efficiency by 28%. 

Chen et al. 

(2024) 

AI Accelerator 

Scheduling 

TPU, NPU Reduced execution time for deep 

learning tasks by 35%. 

Ahmed et al. 

(2023) 

Digital Twin Cloud 

Management 

Digital Twin, IoT Improved provisioning accuracy 

and fault prediction. 
 

3.2 Mathematical Model for Electronics Resources 

If accelerator resources are considered, 

𝑅𝑒𝑙𝑒𝑐(𝑡) = 𝑅𝐶𝑃𝑈(𝑡) + 𝑅𝐺𝑃𝑈(𝑡) + 𝑅𝐹𝑃𝐺𝐴(𝑡) + 𝑅𝑇𝑃𝑈(𝑡) + 𝑅𝐸𝑑𝑔𝑒(𝑡) 

 

Subject to: 

𝑅𝑒𝑙𝑒𝑐(𝑡) ≥ 𝑊(𝑡) 
 

Energy consumption becomes: 

𝐸𝐶(𝑡) = ∑𝑒𝑐𝑝𝑢 + ∑𝑒𝑔𝑝𝑢 + ∑𝑒𝑓𝑝𝑔𝑎 + ∑𝑒𝑡𝑝𝑢 + ∑𝑒𝑒𝑑𝑔𝑒 

 

This enables optimization of both conventional cloud resources and electronics-based computing 

accelerators. 
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IV. Proposed Methodology 

The proposed methodology integrates AI-based prediction, electronics-aware resource allocation, 

Kubernetes auto-scaling, and Zero-Trust security for efficient dynamic resource provisioning in hybrid 

cloud architectures. 

Workload Monitoring: Real-time workload data are collected from private cloud, public cloud, edge 

devices, and IoT nodes.  

Data Preprocessing: The collected data are normalized to improve prediction accuracy.  

𝑿𝒏𝒐𝒓𝒎 =
𝑿 − 𝑿𝒎𝒊𝒏

𝑿𝒎𝒂𝒙 − 𝑿𝒎𝒊𝒏
 

 

Workload Prediction: Machine learning models such as LSTM or XGBoost forecast future workload 

demand.  

𝑾̂𝒕+𝟏 = 𝒇(𝑾𝒕,𝑾𝒕−𝟏, . . . ,𝑾𝒕−𝒏) 

 

Resource Demand Estimation: Required resources are estimated based on predicted workload.  

𝑹𝒓𝒆𝒒(𝒕) =
𝑾̂(𝒕)

𝜼
 

 

where 𝜼is resource efficiency. 

Hybrid Resource Allocation: Resources are dynamically allocated among private, public, and edge clouds.  

𝑹𝑻𝒐𝒕𝒂𝒍 = 𝑹𝑷𝒓𝒊𝒗𝒂𝒕𝒆 + 𝑹𝑷𝒖𝒃𝒍𝒊𝒄 + 𝑹𝑬𝒅𝒈𝒆 

 

Electronics accelerators are also considered: 

𝑹𝑬𝒍𝒆𝒄 = 𝑹𝑪𝑷𝑼 +𝑹𝑮𝑷𝑼 + 𝑹𝑭𝑷𝑮𝑨 + 𝑹𝑻𝑷𝑼 

 

Multi-Objective Optimization: The optimal provisioning strategy minimizes cost, energy consumption, 

SLA violations, and response time.  

𝐦𝐢𝐧⁡ 𝒁 = 𝜶𝑪 + 𝜷𝑬 + 𝜸𝑺𝑳𝑨 + 𝜹𝑹𝑻 

 

Auto-Scaling: Kubernetes automatically adjusts resources according to utilization levels.  

𝑺𝒄𝒂𝒍𝒆𝑶𝒖𝒕: 𝑼(𝒕) > 𝑼𝒎𝒂𝒙 

𝑺𝒄𝒂𝒍𝒆𝑰𝒏: 𝑼(𝒕) < 𝑼𝒎𝒊𝒏 

 

Security Verification: Zero-Trust policies authenticate participating resources.  

𝑻𝒓𝒖𝒔𝒕𝑺𝒄𝒐𝒓𝒆𝒊 ≥ 𝑻𝒕𝒉𝒓𝒆𝒔𝒉𝒐𝒍𝒅 
 

Performance Evaluation: The framework is evaluated using resource utilization, response time, 

throughput, energy consumption, provisioning cost, and SLA violation rate. 
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V. Conclusion 

This paper found that electronics-aware resource provisioning can significantly improve the performance 

of hybrid cloud systems. The integration of Artificial Intelligence (AI), Machine Learning (ML), IoT-

enabled edge computing, FPGA/TPU accelerators, Kubernetes auto-scaling, and Zero-Trust Security 

helps allocate resources more efficiently according to changing workload demands. The proposed 

framework has the potential to reduce provisioning costs, energy consumption, response time, and SLA 

violations while improving resource utilization and Quality of Service. The study also found that 

combining cloud resources with modern electronics technologies enhances scalability, security, and 

operational efficiency. Therefore, electronics-aware provisioning provides a practical and future-ready 

solution for secure and scalable hybrid cloud environments. 
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