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Abstract - The rapid adoption of cloud computing has significantly increased data center energy consumption but has also 

heightened the risk of data integrity in the multi-tenant setup. Current alternatives usually cover the issues of energy efficiency 

and security separately, which results in a non-optimal compromise of sustainability and integrity maintenance. The paper 

proposes an Integrated Energy Integrity Cloud Optimization Framework, which will reduce the energy usage and the risk of data 

distortion simultaneously with a single multi-objective optimization framework. The model integrates integrity-conscious virtual 

machine aggregation, machine learning workload forecasting, and dynamic auto-scaling in a cloud-native AWS setup. The formal 

mathematical formulation integrates energy minimization with integrity risk constraints while ensuring SLA compliance. The 

system is deployed with the help of Amazon EC2, Auto Scaling, Lambda, Cognito, SageMaker, and CloudWatch services, and 

tested on the publicly available dataset of Google Cluster Workload Trace with a known control of the integrity events simulation. 

The experimental results show a 20%–25% reduction in energy consumption. Comparative analysis proves that the suggested 

framework is more efficient than energy-only and security-only frameworks, as it is possible to optimize sustainability and data 

integrity at the same time with the help of predictive and risk-aware resource management. 

Keywords - Energy-Efficient Cloud Computing, Data Integrity, Virtual Machine Consolidation, Machine Learning-Based 

Scaling, Multi-Objective Optimization, Green Cloud Architecture, AWS Cloud Implementation, Sustainable Data Centers. 

1. Introduction  

1.1. Background of Cloud Computing 

Cloud computing has become the dominant paradigm for 

delivering computing services over the Internet, providing on-

demand access to configurable resources such as compute 

instances, storage systems, networking infrastructure, and 

software platforms. It provides scalability, elasticity, and cost 

efficacy to organizations in different fields such as healthcare, 

finance, education, manufacturing, and government systems. 

The services are usually provided under Infrastructure as a 

Service (IaaS), Platform as a Service (PaaS), and Software as 

a Service (SaaS) models. The key reason that has led to a fast 

adaptation of cloud platforms is their dynamic nature, as they 

are able to dynamically allocate resources based on the 

demand of the workload, thus reducing capital costs and 

enhancing agility in operations [3, 31]. The current cloud data 

centers have thousands of Physical Machines (PMs) that 

contain various Virtual Machines (VMs) or containers.  

Multi-tenancy is facilitated by the virtualization 

technologies, with multiple users being allowed to use the 

same physical infrastructure, which enhances the use of 

hardware and helps in consolidating the workloads 

dynamically [1, 19]. The openness, distributed, and highly 

dynamic quality of cloud environments, however, poses 

serious challenges in terms of energy efficiency, security, and 

the management of data integrity [10, 11]. Scaling in size and 

complexity, due to the use of cloud infrastructures, has 

become a hot research topic towards attaining sustainable and 

secure operation [12, 21]. 

 

1.2. Workload of Cloud Data Centers 

The high rate of development of cloud services has also 

led to an increase in the number and size of data centers all 

over the world. These amenities use large quantities of 

electricity to power servers, networked devices, and cooling 

systems. Research shows that data centers are one of the 
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largest energy consumers in the world, and the number is 

likely to grow as new technologies emerge that include 

Artificial Intelligence, Internet of Things (IoT), Big Data 

Analytics, and Edge Computing [14, 20]. Several factors, such 

as the degree of utilization of servers, patterns in the 

distribution of workload, virtualization overhead, and 

efficiency of cooling, determine the energy used in cloud 

environments [2, 25]. The idle power that servers consume is 

high even in conditions of low workload, thus resulting in 

wastage of energy when resources are not fully utilized.  

 

Other problems like the virtual machine sprawl, 

ineffective provisioning of resource schedules, and task 

scheduling all contribute to energy wastage [18, 23]. This has 

prompted more and more research on the development of 

energy-efficient resource management techniques, including 

the dynamic VM consolidation, workload-sensitive 

scheduling, and predictive auto-scaling techniques [4 - 6]. 

 

These methods are intended to maximize the use of 

resources and reduce the amount of energy used. Lack of 

energy efficiency not only leads to the high cost of operations 

by the cloud service providers but also adds to the carbon 

emissions and environmental impact. Thus, sustainable cloud 

computing requires that the energy-conscious optimization 

strategies be incorporated so as to ensure that the performance 

is not compromised, as well as safeguard the service level 

agreements (SLAs) [8, 27, 33]. 

 

1.3. Data Integrity Challenges in Cloud Environments 

Even though energy efficiency is an issue of great 

concern, cloud computing environments are still highly 

challenged concerning data integrity and security. Data 

integrity is defined as the guarantee that data is correct, 

consistent, and unchanged in the lifecycle or storage, 

processing, transmission, and migration stages [7, 9]. On the 

cloud, data is often copied, transferred, and shared between a 

large number of tenants, which leads to a significantly higher 

likelihood of accidental corruption or other forms of malicious 

interference [29, 38]. 

 

Several factors contribute to integrity risks in cloud 

infrastructures: 

 

 Multi-tenancy and shared infrastructure expose systems 

to insider threats and cross-tenant attacks [37, 38]. 

 Vulnerabilities during live Virtual Machine (VM) 

migration, where data transfer processes may introduce 

security weaknesses [28, 36]. 

 Improperly secured APIs and management interfaces, 

increasing exposure to unauthorized access [11]. 

 Misconfigured access control mechanisms, leading to 

privilege escalation or data leakage [34]. 

 Log tampering and incomplete audit trails weaken 

forensic traceability and accountability [10, 35]. 

 

Integrity verification mechanisms, including 

cryptographic hashing, encryption, remote attestation, and 

auditing, introduce additional computational overhead [29, 

30]. While they enhance security, they can increase processing 

latency and power consumption. Therefore, cloud computing 

often faces the challenge of maintaining high integrity, as it 

aims to provide an energy-efficient solution [18, 27]. 
 

1.4. Necessity of Integrated Energy and Integrity 

Optimization 

Current literature views energy efficiency and data 

integrity as different research fields to a large extent. The 

strategies of energy-aware scheduling and VM consolidation 

are mainly concerned with the reduction of power use, and the 

maximization of server use without a conscious consideration 

of security overhead and integrity threats [1, 19, 25]. On the 

other hand, integrity-preserving solutions focus on encryption, 

authentication, anomaly detection methods, and secure 

migration methods and do not always take into consideration 

the effects they have on resource use and energy consumption 

[28, 36, 37]. Systemic inefficiencies may arise out of this 

separation. To use an example, a vigorous VM consolidation 

may lead to the saving of energy but may cause additional 

overloading risks and reduce the speed of integrity verification 

and undermine the security guarantees [23, 26]. Similarly, the 

checking and verifying of integrity should be performed on a 

regular basis, which may consume excessive computational 

power, and this increases the total energy consumption and 

operation costs [29, 30]. 
 

It follows that there is a need to have in place a single 

framework that is able to take care of energy optimization and 

data integrity simultaneously. This type of structure has to 

strike a balance between various goals, which include: 

 

 Minimizing energy consumption 

 Maintaining strong data integrity protection 

 Preserving Service Level Agreement (SLA) compliance 
 

The incorporation of Machine Learning (ML) for 

predictive workload management further enhances 

adaptability under dynamic cloud conditions [31, 32]. The 

basis of the research consists of combining green computing 

concepts with a secure cloud architecture that can allow 

sustainable, secure, and scalable cloud-based operations via 

integrity-aware resource consolidation [20, 21]. 
 

1.5. Problem Statement 

Although there are major improvements in the area of 

green cloud computing and secure cloud architectures, no one 

has yet developed an integrated model that would achieve both 

data integrity and energy savings in acute cloud computing 

systems. The current solutions tend to prioritize either 

reduction in the number of resources via aggressive resource 

consolidation [1, 24] or the enhancement of security based on 

cryptography and monitoring tools [28, 37] without 

sufficiently addressing the interrelation between them.  
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This means cloud systems might pay an extravagant 

overhead of energy in their bid to maintain integrity or be 

exposed to security risks in their bid to adopt aggressive 

energy-saving measures. This is where the gap arises, as there 

is a need to have an integrated cloud architecture that can do: 

 Reducing energy consumption through intelligent 

consolidation 

 Ensuring data integrity using lightweight validation 

mechanisms 

 Leveraging predictive anomaly detection 

 Maintaining performance and SLA compliance. 
 

 Despite extensive research in energy-efficient cloud 

computing and secure cloud architectures, existing solutions 

fail to jointly optimize energy consumption and data integrity 

within a unified framework. Most approaches treat these 

objectives independently, leading to suboptimal trade-offs. 

This highlights a critical research gap in designing an 

integrated, multi-objective optimization framework that 

simultaneously addresses sustainability, security, and SLA 

compliance." 
 

1.6. Proposed Solution Overview 

To address this research gap, this paper proposes an 

integrated secure and energy-efficient cloud architecture that 

combines: 

 Integrity-aware resource consolidation [19, 28] 

 Machine learning-based predictive scaling [31, 32] 

 Dynamic VM placement optimization [18, 24] 

 Real-time monitoring and validation mechanisms [29, 36] 

 

The suggested architecture is based on the principles of 

cloud-native design that would guarantee a high level of 

scalability and the feasibility of practical deployment. It 

presents a lightweight multi-objective optimization model that 

deals with a balance of energy consumption, integrity risk, and 

performance constraints at the same time.  

 

Incorporating the assessment of the integrity risk as a 

direct part of the resource distribution process, the framework 

manages to uphold a sustainable cloud operation without the 

need to compromise the security levels or even the adherence 

to the SLA. 

 

In this case, Figure 1 illustrates the proposed Integrated 

Energy Integrity Cloud Optimization Framework that will 

present a layered and closed-loop architecture that will 

optimize the collaborative data integrity as well as energy 

efficiency in a cloud computing environment. The architecture 

begins with user service requests, which are processed through 

authentication and access control mechanisms.  

 

The authentication and Access Control layer verifies the 

identity and develops an access policy providing access to the 

system. The Data Integrity and Security layer then verifies the 

requests and encrypts, verifies their integrity, logs, and detects 

anomalies to maintain the correctness and integrity of data at 

all steps in its lifecycle.

 

 
Fig. 1 Integrated Energy–Integrity Cloud Optimization Framework  
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The architecture is also enhanced with a Machine 

Learning-Based Prediction and Control layer that predicts 

workload patterns, predicts integrity risks, and makes 

estimates of resource demand by which proactive and 

intelligent decisions can be made. According to these 

predictions, the Energy-Efficient Resource Management layer 

implements optimized load balancing, auto-scaling, and 

virtual machine consolidation policies and ensures that the 

SLA is not violated and that needless energy utilization is 

reduced.  

 
Such decisions eventually impact the layer of Physical 

Infrastructure controlled by servers, storage systems, 

networking elements, and power units, where real energy is 

utilized. It has a constant Monitoring and Feedback system 

that traverses all the layers and collects the energy 

measurements, integrity warnings, and performance data and 

injects this into the predictive control system to such an extent 

that real-time adaptive optimization can be attained.  

 
The layers are vertical, and the feedback loop is 

horizontal, resulting in only one smart and sustainable cloud 

architecture that balances the confidence of security and 

energy efficiency in a coordinated system. 
 

1.7. Research Contributions 

This paper makes the following contributions: 

 An Integrated Secure and Energy-Efficient Cloud 

Architecture: A single framework that tackles both data 

integrity assurance and energy-efficient management of 

the resources in the cloud environments together [28, 36].  

 A Lightweight Integrity-Aware Resource Consolidation 

Algorithm: A multi-objective optimization model, which 

works to reduce energy usage and ensure an integrity risk 

at or below specified limits [13, 28]. 

 Machine Learning-Based Predictive Resource Scaling: A 

predictive workload estimation system that allows 

making scaling decisions in advance and minimizing the 

needless use and activation of resources, as well as 

enhancing energy efficiency [16, 32]. 

 Experimental Validation Using AWS Cloud Services: An 

application and testing on actual cloud infrastructure, 

with real results of energy-saving and integrity 

maintenance [23, 26]. 

 Comparative Analysis with Existing Green Cloud 

Approaches: A systematic comparison against traditional 

energy-aware scheduling and security-focused 

mechanisms, highlighting the advantages of integrated 

optimization [1, 19, 25]. 

 Unlike existing approaches, the proposed framework 

uniquely integrates integrity-aware risk modeling into 

energy-efficient VM consolidation, enabling 

simultaneous optimization of sustainability and security 

within a single predictive control architecture. 

1.8. Key Challenges Addressed 

Table 1 provides an overview of the major operational 

issues within cloud computing and the unique influence they 

have on energy use, data security, and the limitations of the 

current research. Due to overprovisioning and underutilization 

of the virtual machines, VM sprawl contributes to high idle 

energy usage, but has relatively low direct effect on the 

integrity of data; in most consolidation strategies, integrity 

considerations are not incorporated in the consolidation action 

plan [19, 25].  

 

The moderate energy overhead with moderate risks to 

integrity associated with frequent virtual machine migration, 

as commonly applied to achieve load balancing and fault 

tolerance, has not been modeled jointly in energy security 

models to date, although this would be valuable since it can 

result in the exposure of data or transmission vulnerabilities to 

adversaries [37, 38].  

 

Issues of data protection through encryption and 

validation can be very strong, but they are accompanied by 

high rates of CPU usage and computing load, and most 

research does not focus on the energy cost. Providing 

resources in a static way leads to high energy waste through 

over-provisioning, and has little direct integrity consequence, 

but cannot make improvements in efficiency as much because 

predictive scaling techniques are not available.  

 

Lastly, multi-tenancy environments have moderate 

implications of energy consumption since they share resource 

contention but are susceptible to high integrity risks as a result 

of cross-tenant attacks and isolation failures; however, current 

security mechanisms are seldom considered with energy-

awareness. In general, the table highlights that existing studies 

normally discuss energy efficiency or integrity separately, and 

therefore, there is a need to have a concerted approach where 

both aspects can be managed within a single framework. 

 

Most of the existing methods, as indicated in Table 1, 

optimize a single dimension of the problem. This gives reason 

to work on a holistic approach addressing both the energy and 

the integrity in one. The rest of the paper is arranged in the 

following way. Section 2 is a literature review of recent 

articles on energy-efficient cloud computing, secure 

architectures, and machine learning-based resource 

management.  

 

In Section 3, the mathematical model and optimization 

problem are formulated. Section 4 gives the proposed 

architecture and consolidation algorithm that is integrity-

aware. Section 5 explains the experimental design and the 

assessment procedure. Section 6 is about results and 

comparison. Lastly, we have the conclusion to the paper, 

where Section 7 gives the future areas of research. 
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Table 1. Key challenges in cloud computing [1, 19, 24, 37] 

Challenge 
Impact on 

Energy 

Impact on 

Integrity 
Research Gap Challenge 

VM Sprawl 
High idle energy 

[1, 24] 

Low 

direct impact 

No 

integrity consideration 
VM Sprawl 

Frequent 

VM Migration 
Moderate [28] Increased risk 

Lack of 

joint modeling 

Frequent 

VM Migration 

Encryption 

& validation 

Increased CPU 

usage 

[29, 30] 

Strong protection 
Energy 

overhead ignored 

Encryption 

& validation 

Static 

Resource Provisioning 

High waste 

[2, 25] 
Neutral No predictive scaling 

Static 

Resource Provisioning 

Multi-tenancy 
Moderate 

[24] 
High risk 

Security not 

energy-aware 
Multi-tenancy 

2. Related Work 
The emergence of cloud computing has rapidly triggered 

studies in the area of security assurance, effective resource 

management, and intelligent optimization of workload. 

However, most of the research has been addressing these 

dimensions individually, and this has led to piecemeal 

solutions. The section represents a critical literature review of 

prior studies that have been conducted in the four related fields 

of security in cloud computing, energy-efficient cloud 

computing, machine learning-based cloud optimization, and 

the gap in the literature that led to the creation of the proposed 

integrated framework. 

 

2.1. Security in Cloud Computing 

One of the main issues related to cloud computing has 

been security because cloud computing involves a multi-

tenant architecture, distributed infrastructure, and is accessible 

remotely [37, 38]. Initial studies were on the security of 

virtualization, isolation of tenants, as well as secure hypervisor 

design to avoid cross-VM interference [36, 37]. Security 

models based on virtualization increased the logical isolation 

with the help of secure virtual machine monitors and 

sandboxing. Nevertheless, these methods enhanced tenant 

isolation but failed to resolve the issues of data integrity 

completely as the dynamic operation, like live VM migration 

went on [28, 36]. A lot of research efforts have focused on the 

concept of secure Virtual Machine (VM) migration, especially 

when load balancing and fault tolerance need to be provided 

in the environment [28, 35, 37]. Researchers have put forward 

encrypted migration paths, integrity checks during migration, 

and state transfer secure methods to avoid the exposure of 

data.  

 

Though these techniques are helpful in improving 

protection in the case of VM relocation, they tend to add more 

computation overhead to the process, which elevates 

processing latency and consumes resources [28, 29]. There is 

also a common study of encryption and cryptographic 

verification to provide integrity and confidentiality of data 

[29, 30]. The hash-based message authentication codes 

(HMAC), Public Key Infrastructures (PKI), and secure key 

management systems are some of the techniques that offer 

high protection against unauthorized modification [11]. 

Nevertheless, constant encryption, decryption, and validation 

create additional workloads on the CPU and have an indirect 

effect on the total energy efficiency [27, 29]. Recent works 

integrate frameworks of anomaly detection and log analysis to 

identify malicious and illegal access attempts [35, 38].  

 

RNNs and advanced AI-based scheduling and detection 

systems are some examples of deep learning methods that 

have proven useful in detecting abnormal cloud behavior [31, 

32]. Although such mechanisms lead to better accuracy in 

detection, they are not commonly incorporated in resource 

optimization models that take into account energy constraints 

[28, 36]. In general, current studies in security focus on 

preserving integrity, authentication, and mitigation of threats 

[37, 38], but seldom consider the energy potential of 

implementing security-related solutions to large-scale cloud 

solutions [27, 29]. 

 

2.2. Energy-Efficient Cloud Computing 
Just like the security issues, energy-efficient cloud 

computing is also becoming a critical area of research as a 

result of the environmental and economic consequences of 

high-scale data centers [21, 24]. The current studies in this 

field are mainly aimed at minimizing the amount of power 

used by applying smart resource management methods. One 

of the strategies that has received the greatest adoption 

regarding the enhancement of energy efficiency is virtual 

machine consolidation [1, 19, 24]. Idle servers can be shut 

down or put in low power mode by dynamically migrating 

workloads and consolidating VMs onto a smaller number of 

physical machines at times of low demand [25]. VM 

consolidation optimization methods consist of heuristic 

algorithms, metaheuristic algorithms such as genetic 

algorithm and particle swarm optimization [2, 25], and 

reinforcement learning-based strategies [18].  
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Other research areas of green cloud computing include 

Dynamic Voltage and Frequency Scaling (DVFS), workload-

aware scheduling, and energy-proportional computing [20, 

25]. Several multi-objective optimization models are also 

offered to decrease energy consumption without violating the 

SLA and ensuring the efficiency of resource utilization [23, 

26]. Irrespective of these innovations, the majority of energy-

based solutions consider workloads without any links to 

security mechanisms [1, 19]. The overhead of integrity 

verification, encryption and security caused overhead of the 

computation costs are not often included in the energy 

optimization models [28, 29, 40]. Consequently, energy 

saving measures with violent implementation can unwillingly 

diminish security or misjudge the actual security energy 

footprint of security-conscious operations. 

 

2.3. Cloud Optimization using Machine Learning 

Predictive and adaptive optimization has been made 

possible by the integration of Machine Learning (ML) with 

cloud management systems [31, 32]. Workload prediction, 

anomaly detection, dynamical allocation of resources, and 

auto-scaling decisions are also being performed using ML- 

based techniques [23, 31]. Time-series forecasting methods 

that are common in predictive scaling models include Long 

Short-Term Memory (LSTM) networks and deep learning 

networks to predict changes in workloads [31, 32]. Such 

predictions would allow proactive provisioning of resources, 

minimize SLA breaches, and unwarranted resource activation 

[23]. Dynamic VM placement and energy-aware scheduling 

have also been implemented using reinforcement learning, so 

that systems could learn good policies of resource allocation 

by reacting to environmental feedback [18, 19]. These 

methods enhance scalability in dynamic clouds. In addition to 

workload prediction, ML systems can be used to detect 

anomalies and integrity, and monitor system logs as well as 

detect strange patterns of behavior [31, 35]. These predictive 

and detection models are, however, normally deployed as 

disjointed units instead of being incorporated into extensive 

optimization models [28, 36]. Despite the fact that ML is more 

flexible and predictive, there is a lack of research that can be 

used to jointly predict integrity risk and energy-aware 

decision-making using a single optimization model [1, 28]. 

The current literature focuses on optimizing the energy 

consumption with the help of ML [23, 31] or improving 

security with the assistance of anomaly detection [35]; 

however, it rarely combines these two tasks into a unified 

control system. 

 

Table 2 summarizes representative prior studies across 

security, energy efficiency, and ML-driven optimization 

domains [28, 31, 37]. The proposed framework advances 

existing research by integrating integrity-aware validation and 

energy-efficient resource consolidation within a single multi-

objective optimization model. By combining ML-based 

workload forecasting, integrity risk prediction, and dynamic 

scaling decisions, the framework achieves balanced trade-offs 

between sustainability, data integrity, and performance 

guarantees. This approach directly addresses the fundamental 

limitation of prior studies, namely, the absence of 

comprehensive energy-security integration policies.

  
Table 2. Summary of prior research in cloud optimization 

 

Category Representative Focus Methods Used Primary Objective Limitation 

Virtualization 

Security 

VM isolation and secure 

hypervisors [36, 37] 

Secure VMM, 

sandboxing 

Strengthen tenant 

isolation 

Energy impact not 

considered 

Secure 

VM Migration 

Encrypted state transfer 

[28, 35, 37] 

Secure channels, 

integrity checks 

Protect data during 

migration 

Increased computational 

overhead 

Encryption & Key 

Management 

Data confidentiality and 

validation 

[29, 30] 

Cryptographic 

hashing, PKI 
Ensure data integrity 

CPU-intensive, energy 

cost ignored 

VM Consolidation 

Energy reduction in data 

centers 

[1, 19, 24] 

Heuristics, MILP, 

metaheuristics 

Minimize power 

consumption 
No security integration 

Green Scheduling 
SLA-aware resource 

allocation [23, 25] 

Multi-objective 

optimization 

Balance energy and 

QoS 

Integrity risk is not 

modeled 

ML-based Scaling 
Workload prediction 

[31, 32] 

LSTM, ARIMA, 

RL 

Improve scalability 

and efficiency 

Security-energy trade-off 

ignored 

ML-based Anomaly 

Detection 

Intrusion detection  

[31, 35] 

Deep learning 

models 

Detect malicious 

activities 

Not linked with energy 

management 

Proposed Integrated 

Energy–Integrity 

Framework (This 

Work) 

Joint optimization of 

energy efficiency and 

data integrity 

Multi-objective 

integrity-aware 

VM consolidation 

+ ML-based 

predictive control 

Simultaneously 

minimize energy 

consumption and 

integrity risk while 

maintaining SLA 

compliance 

- 
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As it is observed in Table 2, the previous studies mainly 

focus on single-dimensional optimization goals. Security-

oriented solutions emphasize integrity and protection, whereas 

green computing studies are aimed at reducing the use of 

energy. Machine learning methods are more useful in 

prediction and are usually used alone. 

 

2.4. Research Gap Analysis 

Critical review of literature conducted shows that the 

majority of cloud optimization frameworks focus on energy 

efficiency and data integrity separately. Security-centric 

solutions firm up encryption, authentication, and anomaly 

detection mechanisms but tend to ignore their computational 

and energy burdens [29, 30, 37]. On the other hand, energy-

conscious scheduling and VM consolidation models are the 

two that make optimal use of resources without models are the 

two that make optimal use of resources without integrating the 

cost of integrity checks and security risk analysis [1, 19, 24]. 

Moreover, predictive models based on machine learning are 

often used as workload prediction models or anomaly 

detection models, but not as combined modules in one multi-

objective optimization. Failure to model results in sub-optimal 

trade-offs jointly, as the energy savings can be aggressive, 

thus raising the risk of integrity, or the security enforcement 

may be robust, thus raising the energy consumption [28-30].  

 

Thus, a model that would be a predictive closed-loop 

framework integrating energy consumption, integrity risk, and 

SLA compliance is needed. The research proposed fills this 

gap, uniting the integrity-conscious validation, machine 

learning predictive control, and energy-efficient resource 

consolidation into one optimization model. This integrated 

solution is geared towards realizing sustainable cloud 

computing without losing data integrity and system 

performance [24, 31]. 

 

Recent studies have explored AI-driven optimization 

techniques in cloud computing environments; however, most 

existing approaches focus on either energy efficiency or 

security independently. For instance, energy-aware VM 

consolidation techniques have been widely investigated to 

reduce power consumption in data centers [1, 2, 18]. At the 

same time, secure virtual machine migration and integrity-

preserving mechanisms focus primarily on protecting data 

during transmission and processing [10, 28, 29].  

 

Similarly, machine learning-based workload prediction 

models improve resource allocation efficiency but do not 

explicitly consider integrity risk in optimization decisions [3, 

31]. Despite these advancements, very limited research 

integrates predictive integrity risk assessment with energy-

aware resource management within a unified framework. This 

gap highlights the need for a comprehensive multi-objective 

optimization approach that simultaneously addresses energy 

efficiency, data integrity, and SLA compliance, which is the 

primary motivation of the proposed work 

3. Problem Formulation 
In order to define the integrated optimization of energy 

efficiency and data integrity in a cloud resource with 

strictness, this paper develops the resource management 

problem as a constrained multi-objective optimization model 

[1, 19, 24]. In contrast to the classical methods that consider 

one or the other of the two concepts, energy minimization or 

security assurance, the proposed formulation considers both 

aspects jointly through a single mathematical model.  

 

Consider a cloud data center consisting of a set of 

physical machines 𝑃 = {𝑃1, 𝑃2, 𝑃3, . . . . . 𝑃𝑀}hosting a set of 

virtual machines 𝑉 = {𝑉1, 𝑉2, 𝑉3, . . . . . 𝑉𝑁}. Each VM 

requires computational resources such as CPU and memory, 

while each physical machine has limited capacity. The goal is 

to determine an optimal VM-to-PM allocation that minimizes 

total energy consumption while maintaining acceptable data 

integrity and SLA performance levels [23, 28, 37]. 

 

3.1. Energy Consumption Model 

Energy consumption in cloud servers is primarily 

utilization-dependent. Even when idle, physical machines 

consume baseline power. The total energy consumption 𝐸of 

the system is modeled as: 
     

𝐸 = 𝑃𝑖𝑑𝑙𝑒 + (𝑃𝑖𝑑𝑙𝑒𝑚𝑎𝑥                         (1)      
         

Where 𝑃𝑖𝑑𝑙𝑒
(𝑗)

and 𝑃𝑚𝑎𝑥
(𝑗)

denote the idle and maximum 

power of the physical machine 𝑃𝑖, respectively, and 

𝑢𝑗represents its utilization ratio. This formulation highlights 

the importance of VM consolidation, as reducing the number 

of active machines directly lowers total energy consumption 

[1, 24, 25]. 

 

3.2. Data Integrity Risk Model 

Data integrity risk arises from factors such as VM 

migrations, validation failures, and detected anomalies. To 

quantify this, an integrity metric 𝐼is defined as: 
 

             𝐼 = 𝛽1𝐹𝑚 + 𝛽2𝑉𝑓 + 𝛽3𝐴𝑑                 (2)     
 

Where denotes migration frequency, 𝑉𝑓represents 

integrity validation failures, 𝐴𝑑indicates anomaly detections, 

and 𝛽1, 𝛽2, 𝛽3 are weighting coefficients reflecting their 

relative impact. This aggregated metric allows security risks 

to be explicitly incorporated into optimization decisions [28, 

36, 37]. 
 

3.3. Resource Utilization 

Efficient resource utilization 𝑅 ensures balanced 

infrastructure usage and avoids both overloading and 

underutilization: 

𝑅 =
∑ 𝑅𝑒 𝑠𝑜𝑢𝑟𝑐𝑒𝑢𝑠𝑒𝑑

(𝑖)𝑁
𝑖=1

∑ 𝑅𝑒 𝑠𝑜𝑢𝑟𝑐𝑒
𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
(𝑖)𝑀

𝑗=1

                           (3)                       
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Higher utilization generally improves energy efficiency, 

but it must be controlled to prevent SLA violations [23, 25]. 

 

3.4. Optimization Objective 

The proposed optimization objective integrates energy 

and integrity considerations: 

 

𝑚𝑖𝑛 𝑍 = 𝐸 + 𝛼𝐼                           (4) 

 

where is the total system cost, and is a trade-off 

parameter, which determines the relative significance of 

integrity preservation and energy minimization. The 

framework can be modified to focus on sustainability or 

security when needed by adjusting the 𝛼 as per the needs of 

the operations [28, 37]. 

 

The optimization is subject to the following constraints: 

1. SLA Constraint: 

𝐶 ≤ 𝐶𝑚𝑎𝑥                            (5) 

 

Ensuring service performance remains within acceptable 

limits [23, 25]. 

2. Security Threshold Constraint: 

𝐼 ≤ 𝐼𝑚𝑎𝑥                             (6) 

 

Guaranteeing that integrity risk does not exceed 

predefined tolerance levels [28, 37]. 

 

3. Resource Capacity Constraint: 

 

∑ 𝑥𝑖𝑗𝑖 . 𝑅𝑒 𝑠 𝑜𝑢𝑟𝑐𝑒𝑖 ≤ 𝐶𝑎𝑝𝑎𝑐𝑖𝑡𝑦𝑗∀𝑗                             (7) 

                              

Where 𝑥𝑖𝑗 ∈ {0,1}indicates VM placement decisions [1, 

24]. 

 

4. Final Formulation 

The complete problem can therefore be expressed as: 

 

𝑚𝑖𝑛 𝑍𝑥𝑖𝑗 = 𝐸 + 𝛼𝐼                            (8) 

 

Subject to SLA, security, and resource availability 

constraints 

 

This combined declaration develops the analytical basis 

of the suggested framework as it explicitly models the trade-

off between sustainability and data integrity. The formulation 

of integrity risk in the energy minimization goal steps past the 

traditional single-dimensional optimization models and offers 

an airtight foundation to the format as a valid algorithm 

environment in the following section [1, 19]. 

 

4. Proposed Architecture 
This section presents the proposed integrated Energy–

Integrity cloud architecture. The framework is designed as a 

layered system that combines security, predictive intelligence, 

and energy-efficient resource management within a cloud 

environment. This architecture is based on operations, 

operation authentication, integrity verification, predictive 

intelligence, and energy-sensitive resource management 

within a cloud-native infrastructure. Monitoring is spying with 

an eye on all the privacy interstices at the uniqueness 

singularity level. Then, through controlled AWS services, it 

has achieved real scalability and variability, yet these results 

confirm the effectiveness and reliability of the proposed 

framework. These five main layers of the diagram included: 

(1) Authentication Layer, (2) Integrity Layer, (3) Machine 

Learning Prediction Layer, (4) Resource Management Layer 

and (5) Monitoring and Feedback Layer These layers can be 

interconnected within an organized closed ring in such a way 

that they offer support to adaptive energy enhanced 

optimization and security [28, 31, 32, 36]. 

 

 
      Fig. 2 AWS-Based Integrated Energy–Integrity Cloud Architecture. 

Figure 2 illustrates the system architecture and data flow 

of the proposed framework. The architectural process 

commences with the service request by the cloud users, 

includes security checking and predictive control, and 

concludes with optimization of resources, and lastly, the 

physical execution. Consequently, a monitoring and feedback 

process makes sure that the system is continuously monitored, 

providing adaptive control signals as high as the system itself 

and taking note of statistics on the state of things into records. 
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The proposed architecture will be made according to five 

interrelated layers that perform various, albeit complementary 

tasks to provide safe, energy-saving, and intelligent cloud 

services. The authentication layer verifies user identity and 

enforces access control policies to prevent unauthorized 

access. The integrity layer ensures data correctness through 

encryption, validation, and anomaly detection mechanisms 

[1].  

 

This layer prevents unauthorized access, enhances insider 

threat, and minimizes the chances of misusing credentials by 

ensuring that a stringent authentication process is in place. 

 

The protocol is implemented at the system limits. The 

development of trusted user access by default will make sure 

that any further integrity checking and resource optimization 

processes will be conducted in a safe and managed 

environment. After authentication, the data correctness and 

protection are guaranteed over the lifecycle of the data through 

the Integrity Layer, developed on the foundations of AWS 

Lambda and AWS Key Management Service (KMS). AWS 

Lambda implements lightweight, event-driven validation 

functions, such as hash-based integrity checking and 

consistency checking, whereas AWS KMS provides security 

in the operations of cryptographic keys and 

encryption/decryption [20, 24, 28].   

 

This layer is used to encrypt sensitive information, ensure 

the integrity of the data with the help of hashing functions, 

record the transactions safely in DynamoDB or Amazon S3, 

and identify the irregular patterns of activity. The serverless 

aspect of Lambda allows the automatic scaling of the 

workload requirement to avoid unnecessary consumption of 

idle resources and operate at a high level of integrity without 

including additional energy overhead. The machine learning 

layer predicts workload demand and integrity risk, enabling 

proactive decision-making. Based on these predictions, the 

resource management layer performs dynamic VM allocation 

and auto-scaling to optimize energy consumption while 

maintaining SLA compliance. It develops and implements 

workload forecasting models, integrity risk prediction models, 

and resource demand estimation models. Time-series 

forecasting models predict future changes in workloads so that 

proactive scaling can be made to avoid scaling in an over-

providing or under-providing way. At the same time, integrity 

risk models determine the likelihood of a security breach 

given the estimated operational conditions. These predictive 

insights have a direct impact on the consolidation and scaling 

strategies so that the energy optimization decisions are in line 

with the requirement to preserve integrity. Resource 

Management Layer, with the help of Amazon Auto Scaling 

and Elastic Load Balancer (ELB), performs the dynamic VM 

distribution and energy-conscious scaling policies. Auto 

Scaling will vary the number of running EC2 instances based 

on projected changes in workload, whereas ELB will allocate 

incoming traffic effectively to ensure compliance with the 

SLA and performance of the system. Some of the ways 

through which energy efficiency can be realized include the 

consolidation of workloads at low-demand times, deactivation 

of underutilized servers, and over-providing resources. 

Notably, the decisions of scaling are not grounded on 

workload predictions only, but are also guided by evaluations 

of integrity risks by the ML layer. When projected integrity 

risk rises higher than the acceptable limits, aggressive 

consolidation is limited to allow the system to remain stable 

and provide system security.  

 

The monitoring layer continuously collects system 

metrics such as resource utilization, performance, and 

integrity events. These metrics are used to provide feedback 

for improving future system decisions. It gathers real-time 

measurements of CPU and memory usage, network usage, 

integrity verification, SLA performance, and system health. 

These metrics create a closed-loop control system because the 

outputs of monitoring are sent back into the machine learning 

models to improve the workload forecasting and consolidation 

strategies. This two-way feedback mechanism allows the 

adaptive optimization process, so that the architecture is kept 

at an optimal balance depending on the operational conditions 

of the architecture in terms of energy consumption, 

performance, and data integrity [36, 37]. 

 

4.1. Operational Workflow and Data Flow 

The proposed architecture has a structured and closed-

loop workflow for its operation. Cloud users make calls to the 

service, which are authenticated in the Authentication Layer 

that is based on Cognito, with verified identity and authorized 

access. Once an authentication occurs successfully, the 

Integrity Layer puts the incoming data into proper check and 

encrypts it, in addition to recording the transaction details in a 

secure place [28, 36]. In the same manner, system 

measurements are gathered and passed to the Machine 

Learning Layer, where the anticipated workload demand and 

integrity risk are forecasted over the next period. According to 

such predictions, the Resource Management Layer makes the 

decisions about VM consolidation and dynamic scaling to 

guarantee that resource allocation will allow a minimal energy 

use and meet the integrity and SLA requirements. The 

optimized allocation is implemented on the physical 

infrastructure level with the help of EC2 and related cloud 

resources. Lastly, the Amazon CloudWatch constantly gathers 

performance, energy, and integrity-based statistics and injects 

them into the predictive models to allow adjusting future 

scaling and consolidation policies. This is a closed-loop 

interaction that provides synchronized energy optimization 

and preservation of integrity in dynamic workload conditions 

[31, 35, 37, 39]. 

 

5. Proposed Algorithm 
To implement the mathematical model defined in Section 

3, this section introduces the Integrity-Aware Resource 

Consolidation Algorithm. Unlike traditional consolidation 
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strategies that optimize energy alone, the proposed algorithm 

integrates integrity risk assessment into VM placement 

decisions. 

 

Integrity-Aware Resource Consolidation Algorithm 

Input: 

 Workload W(t)  

 Integrity Risk Threshold T 

Output: 

 Optimized VM allocation matrix X 

Algorithm: Integrity-Aware Resource Consolidation 

Input: Workload W(t), Integrity Risk Threshold T 

Output: Optimized VM Allocation X 

1. Collect system metrics: 

      CPU utilization, memory usage, 

      integrity events, SLA indicators. 

2. Predict next interval workload W(t+1) 

    using a trained ML model. 

3. Estimate projected energy consumption E. 

4. Compute integrity risk score I. 

5. If I > T then 

        Trigger enhanced security validation; 

        Restrict aggressive VM consolidation; 

   End If 

6. Identify underutilized physical machines. 

7. Apply the consolidation heuristic: 

        Migrate VMs to minimize active 

servers, 

        Ensure capacity and SLA constraints 

are satisfied. 

8. Deactivate idle servers. 

9. Update scaling parameters in the Auto Scaling 

Group. 

10. Return optimized allocation X. 
 

5.1. Algorithmic Rationale 

It combines predictive analytics and locked optimization. 

The system judges the level of risk to the integrity and extends 

the assumption of VM migration. Once it has been estimated 

that the risk If is above the threshold, then the system takes top 

priority to check and discipline expansion. In other cases, it 

will proceed with a power-oriented merger plan. This 

approach not only prevents excessive migrations or 

consolidation in risky conditions, but also ensures the system 

reliability, as well as provides energy savings [28, 36]. 
 

5.2. Computational Complexity 

Let: 

N denotes the number of VMs, 

M denotes the number of physical machines. 

 

The consolidation process evaluates VM placement 

feasibility across machines, yielding worst-case time 

complexity: 
 

O(N * M)                                                                 (9) 
 

The ML prediction step typically operates in linear time 

during inference: 

O(N)                                                                 (10) 

 

Thus, the overall algorithm remains polynomial in 

complexity and suitable for real-time cloud deployment. 

 

The suggested algorithm introduces the awareness of 

integrity into this resource management, which is energy-

saving enough, so that the system ensures stable and efficient 

operation under dynamic workload conditions. Its structure 

does not just address predictive workload analysis and risk 

assessment, but makes sure that the sustainability objectives 

are met without raising doubts on the security or SLA 

compliance. This system and algorithm are an effective but 

theoretically well-founded solution to the integrated energy 

integrity maximization problem in cloud computing systems. 

[23, 31]. 

 

6. Experimental Setup 
This section describes the experimental setup, including 

the environment, the dataset selected, the workload modeling 

process, the energy estimation protocol, and the baseline 

methods. The experimental design is such that it will offer 

some level of realism, reproducibility, and consistency with 

the mathematical formulation and architectural model that 

have been presented in earlier sections [1, 24, 31].   

 

6.1. Cloud Infrastructure and System Configuration 

The suggested framework was deployed on Amazon Web 

Services (AWS) in order to check its feasible applicability in 

the actual cloud setting. Amazon Cognito was used to deploy 

the Authentication Layer to implement identity verification as 

well as role-based access control. The AWS Lambda was 

introduced to implement the Integrity Layer with an event-

driven purpose of validation functions and the AWS Key 

Management Service (KMS) as an entity to manage and 

control cryptographic keys and encryption operations [23, 24]. 

The Machine Learning Layer has been created based on 

Amazon SageMaker, in which the workload forecasting and 

integrity risk prediction models were trained and 

implemented. The allocation of resources was carried out on 

the basis of Amazon EC2 instances that are arranged in a 

group of Auto Scaling and managed by Elastic Load Balancer 

(ELB). To allow constant monitoring, Amazon CloudWatch 

was used to gather CPU use, memory consumption, SLA 

statistics, and integrity validation incidents.  

 

Three types of EC2 instances were chosen to test the 

behavior of the system under varying computational loads: 

t3.medium to test the behavior with a baseline workload, 

m5.large to test the behavior with a moderate enterprise 

workload, and c5.xlarge to test the behavior with a compute-

intensive workload. Auto Scaling policies were set, which had 

specified minimum and maximum thresholds, and the system 

had a capability of scaling between 50 and 220 VM-equivalent 
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instances. The scaling decisions were pegged on the projected 

workload requirement and calculated integrity risk levels, 

which were consistent with the multi-objective optimization 

model [31, 33, 37].  

 

6.2. Dataset Description  

The experiment assessment was based on the publicly 

available Google Cluster Workload Trace (2011) dataset. This 

dataset includes actual production-scale task schedule traces 

of a large Google data center cluster. It also contains 

timestamps of task arrival, CPU, and memory used, logs of 

resource allocation, and workload properties at the machine 

level. Three main factors were used to select the dataset, 

namely: (i) it is real-world behavior of clouds, (ii) it has a 

substantial time-varying workload which can be utilized to 

make predictions, and (iii) it is publicly available, which 

guarantees the reproducibility of the experimental findings. 

This dataset has found extensive use in research on scheduling 

of a cloud or optimization of a data center, and thus provides 

a suitable benchmark when investigating resource 

consolidation algorithms. As the data is provided by the 

internal cluster infrastructure at Google, the metrics of 

resources were converted to similar AWS EC2 setups. The 

values of CPU and memory usage were normalized and 

summed up in discrete time intervals of Auto Scaling decision 

windows. Task resource units were changed to VM-equivalent 

in the interest of the realistic replay of workloads in the AWS 

environment [23, 24, 31].  

 

6.3. Workload Modeling and Integrity Event Simulation 

The processed workload traces were also replicated in the 

AWS deployment to model dynamic cloud demand. The 

simulation was carried out ten consecutive times, which 

corresponded to a workload fluctuation phase. At every time 

interval, the intensity of workload was calculated using 

Google trace, and the ML model was used to predict the next-

interval demand W(t+1). Since no traces of security or 

integrity violations were found in the Google Cluster data, 

controlled integrity events were artificially injected in the 

replay of the workload. These activities encompassed the 

validation failures that were simulated, performance spurts, 

synthetic suspicious accesses, and stress states brought about 

by migration. This controlled injection was done to estimate 

the integrity risk measure identified in the problem statement 

and also to test the threshold-based validation mechanism that 

is contained in the proposed consolidation algorithm. It should 

be noted that these integrity events were not obtained based on 

an external dataset; rather, they were randomly produced to be 

evaluated under experimental control. This is typical of cloud 

security studies when publicly available datasets lack attack 

traces [35, 37]. 

 

6.4. Energy Measurement Methodology 

Since AWS does not provide direct hardware-level power 

measurements, energy consumption was estimated using a 

utilization-based power model commonly adopted in green 

cloud computing research. The total energy consumption E 

was computed as: 

 

𝐸 = 𝑃𝑖𝑑𝑙𝑒 + (𝑃𝑖𝑑𝑙𝑒𝑚𝑎𝑥                                           (11) 

 

         Where 𝑢represents CPU utilization collected from 

Amazon CloudWatch, and 𝑃𝑖𝑑𝑙𝑒and 𝑃𝑚𝑎𝑥represent baseline 

and peak power consumption values derived from publicly 

available server power profiles corresponding to the selected 

EC2 instance classes. Energy values were aggregated across 

all active instances during each interval. This method ensures 

methodological consistency with existing energy-aware cloud 

optimization literature [17, 25]. 

 

7. Results and Discussion 
The segment provides the experimental outcomes of the 

application of the proposed Integrated Energy-Integrity Cloud 

Optimization Framework on the basis of AWS. This analysis 

measures the system performance based on many factors, such 

as the energy efficiency, validation overhead of integrity, CPU 

use, SLA compliance, scalability, cost of operation, and 

relative performance. It models how the system relates to other 

models. All of the results are obtained from workload replay 

based on the use of the Google Cluster trace dataset alongside 

controlled integrity event simulation as specified in Section 6. 

 

7.1. Temporal Performance Analysis 

7.1.1. Energy Consumption Over Time 

Figure 3 presents the comparative energy consumption 

results of the baseline scheduling approach and the proposed 

integrated framework across ten sequential workload 

intervals. The horizontal axis represents workload intervals, 

while the vertical axis indicates total energy consumption 

measured in kilowatt-hours (kWh). The resultant decrease in 

power is between about 18 percent and 25 percent based on 

the workload demand. The performance improvement is more 

evident when the load peaks (Intervals 610) because the 

intelligent consolidation and predictive allocation processes 

are effective in minimizing the unwarranted resource 

activation. 

 

 
Fig. 3 Energy Consumption Comparison Over Time 
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Figure 3 shows that energy consumption increases with 

workload intensity for both approaches. However, the 

proposed framework consistently achieves lower energy 

consumption across all intervals. Though the baseline 

mechanism has more and more variable consumption patterns, 

the model proposed shows a more restrained and optimized 

energy profile. 

 

The following architectural elements can explain this 

enhancement: 

 Workload forecasting based on machine learning, which 

supports proactive provisioning of resources. 

 Virtual Machine (VM) consolidation under control, and 

reduction of unnecessary use of resources. 

 Scaling choices on integrity that avoid aggressive scaling 

during high-risk situations. 

 Idle EC2 instances automatically deactivate to cut down 

on the static power consumption. 

 

The given framework also considers the element of 

integrity-awareness in the decision-making process as 

opposed to conventional energy-based consolidation 

approaches, which emphasize aggressive VM migration. This 

ensures that migration is not too heavy in the case of high-risk 

states, which ensures the stability of the system and, at the 

same time, has a high level of energy efficiency.  

 

The observed improvement is primarily due to predictive 

workload forecasting, which enables proactive resource 

provisioning, and integrity-aware VM consolidation, which 

minimizes unnecessary server activation. Additionally, idle 

resources are dynamically deactivated, further reducing 

overall energy consumption. 

 

7.1.2. Integrity Validation Overhead 

Figure 4 illustrates the comparative integrity validation 

overhead of the baseline secure migration mechanism and the 

proposed framework across ten workload intervals. The 

horizontal axis represents sequential workload intervals, while 

the vertical axis denotes integrity validation overhead 

measured in milliseconds (ms). 

 

 
Fig. 4 Integrity Validation Overhead Comparison 

Figure 4 demonstrates that the integrity validation 

overhead of both methods grows slowly with workload 

intensity. Nevertheless, the proposed framework will always 

have a lesser validation overhead than the baseline mechanism 

at all intervals. Whereas the baseline approach portrays a 

continuous increment in the overhead, especially at a high 

workload situation, the proposed model has a more regulated 

and moderated growth trend. The saving of overhead is about 

20% -30%, depending on the complexity of the workload. The 

loss is more evident in peak times (Intervals 6–10), where the 

conventional secure migration techniques are more prone to 

conducting continuous integrity checks, which is more 

computationally time-consuming. 

 

The enhanced functionality of the suggested framework 

is mainly explained by: 

 Criteria-based validation logic: In threshold-based 

validation logic, verification of integrity is only enabled 

when the integrity risk calculated is above a 

predetermined threshold. 

 Migration control that is risk-aware, avoiding multiple 

validation cycles when the state is perceived to be low-

risk. 

 Verification processes are optimally scheduled according 

to workload forecasting outcomes. 

 Choose selective enforcement of the integrity, which 

minimizes unnecessary security calculations. 

 

The proposed architecture is adaptive, unlike the 

conventional secure migration models, which enforce an 

identical integrity validation on all operations. It effectively 

balances between security assurance and computational 

efficiency through dynamic modification of the intensity of 

validation according to the level of risk in the system. The 

findings support the fact that the incorporation of integrity-

sensitive processes in cloud resource optimization does not 

subject it to high computational costs. Rather, the framework 

reveals that security-conscious optimization can be 

compatible with energy efficiency and result in a lower 

certification delay and matchable system execution speed 

under different workload scenarios. 
 

7.1.3. CPU Utilization Efficiency 

 
Fig. 5 CPU Utilization Comparison 
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Figure 5 presents the comparative CPU utilization 

performance of the baseline model and the proposed 

integrated framework across ten workload intervals. The 

vertical axis represents CPU utilization percentage, while the 

horizontal axis corresponds to sequential workload intervals. 

 

Figure 5 shows that the proposed framework achieves 

higher and more stable CPU utilization compared to the 

baseline approach. 

 

The increased usage means better consolidation of 

resources and minimization of unutilized computing power. 

The proposed model is a dynamic resource allocation instead 

of over-provisioning in the event of SLA breach, as is the case 

with reactive methods of the baseline. This leads to enhanced 

consolidation without causing nearby overload conditions. 

 

An increased usage has a direct contribution to: 

 Less idle power consumption by the servers. 

 Improved energy efficiency 

 Lower operational cost 

 Equal distribution of workload. 

 

Notably, the usage is kept within the range of safe 

operation limits to avoid degradation of performance. This 

shows that the framework is efficient in enhancing the 

efficiency of resources without interfering with the stability of 

the system. The improved CPU utilization is a result of 

efficient VM consolidation and intelligent workload 

distribution, which reduces idle capacity and ensures balanced 

resource usage across active servers. 

 

7.1.4. SLA Compliance Performance 

Figure 6 illustrates the SLA compliance comparison 

between the baseline scheduling strategy and the proposed 

framework across workload intervals. The vertical axis 

represents SLA compliance percentage, while the horizontal 

axis denotes workload intervals. 

 

 
Fig. 6 SLA Compliance Comparison 

The proposed framework maintains higher SLA 

compliance under varying workload conditions compared to 

the baseline model. This decay is chiefly brought about by 

reactive scaling and militant consolidation plans, which put 

more emphasis on cost-cutting measures than performance 

assurances. 

 

Conversely, the suggested framework ensures an SLA 

compliance range of 93-97 percent even with the peak 

workload periods. The stability of SLA adherence is reached 

with the help of: 

 ML-based workload forecasting and predictive 

provisioning. 

 Migration control mechanisms that are conscious of 

integrity. 

 Regulated levels of consolidation. 

 In anticipation of scaling to avoid congestion situations. 

 

The findings validate that the proposed architecture is 

efficient in maintaining performance guarantees in addition to 

energy optimization. In contrast to the energy-only 

consolidation models, it does not cause a reduction of SLA 

when the workload varies. The high SLA compliance is 

maintained due to predictive scaling decisions, which prevent 

resource shortages during peak demand, and controlled 

consolidation strategies that avoid system overload. 

 

7.1.5. Scalability Evaluation 

Figure 7 demonstrates the scalability performance of the 

baseline and proposed approaches under increasing workload 

demand. The vertical axis represents the maximum number of 

VM-equivalent workloads supported, while the horizontal 

axis indicates workload intervals. 

 

The proposed framework demonstrates improved 

scalability by supporting a higher number of workload 

instances without performance degradation. Contrariwise, the 

extension of the framework under consideration effectively 

scales all the way up to twenty VM incarnations, representing 

a considerable increase in scalability of an alarmingly 57% or 

even more. 

 

This growth in scalability is in large part due to the 

employment of a ML-based forecasting to balance workloads 

so they do not exceed capacity proper allocation of VM 

resources when scaling up or down efficient use of CPU 

resource intelligent migration decisions awareness that 

prevent bad decisions being taken By being able to anticipate 

the need to cope with extra workload capacity through growth 

rather than merely being at the mercy of supply strikeouts, the 

present model effectively reduces scaling latencies and 

conflicts over resources. It maintains a higher operational 

level of capacity, with significant improvements in energy 

efficiency, even as SLAs are still being met. The results show 

that this new architecture, combining security with energy-

saving features, offers levels of power consumption to 
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maintain, but also greatly enhanced system capacity under 

dynamic cloud environments. The enhanced scalability is 

achieved through dynamic resource allocation and machine 

learning-based workload prediction, which allows the system 

to adapt efficiently to increasing demand without performance 

degradation. 

 

 
Fig. 7 Scalability Comparison 

 

7.2. Cross-Model Comparative Evaluation 

Beyond temporal evaluation, additional cross-model 

comparisons were conducted to assess holistic system 

performance. 

 

7.2.1. Energy Reduction Across Models 

Figure 8 presents a comparative analysis of the 

percentage energy reduction achieved by different cloud 

management approaches. The evaluated models include Green 

Cloud, Energy-Aware scheduling, Secure VM migration, 

Auto Scaling, and the proposed integrated framework. 

 

As can be seen in Figure 8, the framework we have 

provided provides the highest energy reduction compared to 

all other ones. It works 25 percent better than any other 

technique employed so far and, needless to say, is superior to 

all other devices in this category. Green Cloud provides a 

nearly 22% of decrease, whereas Energy-Aware scheduling 

increases to nearly 15%. Such strategies are so preoccupied 

with secure virtual machines, which provide the least such 

reduction (only 3.7%), since security, in the opinion of such a 

company, is of primary importance to consolidation 

efficiency. Auto Scaling works best at moderate levels 

(around 12 people), but the costliest aspect of all is evocative 

predictions. 

 

The effectiveness of our framework can be attributed to 

features such as: 

 Predicting workloads and resources via machine learning 

algorithms 

 Controlled VM consolidation avoids doubling up of 

instances 

 Consideration of scaling budgets states that migration 

speeds will be capped, server hung removals will be 

performed, and thresholds will be raised intentionally. 

 

 
Fig. 8 Energy Reduction Comparison Across Model 

 

Different from a strictly energy-saving model, which may 

lead to extreme scaling decisions, our method combines 

predictive intelligence and standardization. This integrated 

approach damps any unnecessary scaling oscillation, while 

boosting energy conservation to the maximum. The superior 

energy reduction is attributed to the integration of predictive 

analytics and integrity-aware decision-making, which 

together optimize resource utilization while avoiding 

unnecessary scaling operations. 

 

7.2.2. Integrity Protection Effectiveness 

Figure 9 tests the integrity protection effectiveness of 

different methods through a normalized score. This proposed 

new framework achieves about 90% effectiveness, 

significantly better than Green Cloud (40%) and Energy-

Aware scheduling efficiency (45%), which is mainly aimed at 

saving energy without any specific guarantee for system 

integrity. 
 

 
Fig. 9 Integrity Protection Effectiveness Comparison 
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This shift more manages the operator, but the construction 

of a safety-oriented virtual machine migration model. For 

example, for a system like Auto-Scaling, which does not 

involve risk-based decision procedures of any kind, the 

protection rate remains only slightly above 50%. 

 

The higher protection performance proposed in this paper 

has the following main factors: 

 Integrating the integrity risk metric (I) into objectives for 

optimization 

 Validation based on thresholds 

 Migration and consolidation control awareness of risk 

 Enrolment of certain reliability checks 

 

Announcement No budget on unit of 10,000 natural 

ecologic through the King Institutes and Researcher 

discussion on the improvement of maintainability of system 

by abstract simulation techniques. The improved integrity 

protection is due to the incorporation of integrity risk metrics 

into the optimization process, enabling selective validation 

and risk-aware migration decisions. 

 

7.2.3. Operational Cost Analysis 

In Figure 10, we compare the relative operating cost index 

against different operating levels in the models. We estimate 

operational cost to be a function of server utilization, energy 

consumption, and scaling overload. Compared to Green Cloud 

(100), Energy-Aware scheduling (95), Secure VM migration 

(110), and Auto Scaling (98), the proposed model has the 

lowest operational cost index (about 85). 

 

The cost advantage of the proposed approach results 

from: 

 Reduced the number of active servers 

 Improved CPU utilization efficiency 

 Lower energy consumption 

 Controlled integrity validation overhead 
 

 
Fig. 10 Operational Cost Comparison Across Models 

Despite this, there are still moderate cost savings under 

Energy-only through dynamic loads. SLA violations will hit, 

however, by more likely practical tests of how well the system 

performs, or an economic rollback after a disaster has 

happened. Security-centric models, on the other hand, incur a 

higher computational burden and migration overload, which 

increases operational costs. The framework effectively 

balances cost, performance, and security targets. The 

reduction in operational cost is a direct consequence of lower 

energy consumption, improved resource utilization, and 

minimized overhead from unnecessary validation processes. 

 

7.2.4. Active Server Utilization 

Figure 11 shows the average number of active servers for 

each model. The proposed architecture has the smallest one 

(around 50), compared to Green Cloud (60), Energy-Aware 

Systems (65), Secure VM models (75), or Auto Scaling Sensor 

Network (70). 

 

 
Fig. 11 Average Active Servers Under Different Models 

 

The reduced server activation is achieved through: 

 Integrity-aware VM consolidation 

 Predictive workload-based scaling 

 Efficient CPU utilization management 

 Elimination of redundant instance activation 

 

By running fewer active servers, power consumption is 

reduced, and operational costs are lower too. But what about 

the performance of all this? The test results affirm that the 

strategy of Safe Consolidation for both security and energy is 

indeed effective in achieving maximum resource utilization 

without jeopardizing system reliability. The reduced number 

of active servers is achieved through efficient VM 

consolidation and predictive workload management, which 

eliminates redundant resource activation. 

 

7.3. Integrated Discussion 

These experimental results all show the effectiveness of 

our co-optimization framework, feeding back into our 

preceding models to confirm the latter's correctness. Such 

systems are formed through the intersection of seamlessly 

overlaid versions of their constituent components; remote 

maintenance is therefore possible. However, successful 
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demonstration requires far more expensive prototypes like 

those under development today by integrated circuit 

manufacturers or even small but important parts 

manufacturers. 

 

Some key findings are: 

 That there were significant power savings and SLAs still 

being met. 

 The protection of integrity was every bit as good as the 

security-oriented model. 

 Improvements in CPU usage and lower idle capacity. 

 Operating costs dropped, and controlled consolidation 

continued to deliver further reductions. 

 Scaling under intensified workload demand improved 

further. 

 

Most importantly, the results confirm that treating energy 

efficiency and data integrity as integrated optimization 

objectives yields superior overall performance compared to 

approaches that address them independently. 

 

7.4. Alignment with Problem Formulation 

The experimental findings directly validate the 

optimization objective defined in Section 3: 

 

min 𝑍 = 𝐸 + 𝛼𝐼                                                  (12) 

 

       Here we have found out that less electricity or gas, along 

with little but regular failure of computation, is just what one 

would expect of such a system, although it is microcomputing 

in this chapter and during this digital age. The system balances 

the trade-off parameter alpha between the sustainability and 

security aspects by dynamically changing it. It sustains this 

delicately by adjusting its settings in accordance with global 

incident detection time. This automatically guarantees that 

there is no request that will be left unattended promptly. 
Overall, the performance improvements are driven by the 

integrated design of the proposed framework, which combines 

predictive workload estimation, integrity-aware resource 

management, and dynamic scaling. This holistic approach 

enables better trade-offs between energy efficiency, data 

integrity, and system performance compared to conventional 

single-objective methods. 

 

8. Comparative Analysis 
For it is to be checked how well the Integrated Energy-

Integrity Cloud Optimization Framework works, a 

comparison is needed against some of the techniques 

commonly applied today, namely, the Green Cloud Model, 

Energy Aware Scheduling, Secure VM Migration, and 

Standard AWS Auto Scaling keys. All four of these are 

measures commonly taken in green cloud computing, as well 

as techniques for cloud resource optimization with integrity in 

mind. 

 Green Cloud Model: This model mainly focuses on 

reducing the overall consumption of energy by the cloud 

computing infrastructure via aggressive VM 

consolidation. This model can provide good results in 

terms of saving energy, yet it fails to provide integrity risk 

assessment and security validation, which can be a major 

drawback for the overall optimization process, especially 

when integrity risks are high. 

 Energy Aware Scheduling: This model has improved the 

overall resource allocation by the cloud computing 

infrastructure via heuristic workload balancing. This 

model reduces the overall wastage of energy compared to 

the conventional allocation. Yet, it fails to provide 

integrity risk assessment and security validation, which 

can be a major drawback for the overall optimization 

process, especially when integrity risks are high. 

 Secure VM Migration: This model has improved the 

overall integrity risk assessment via the use of encryption 

protocols while migrating the virtual machines. This 

model has the drawback that it fails to provide energy-

saving techniques, which can be a major drawback for the 

overall optimization process, especially when the overall 

environment requires high performance. 

 Standard AWS Auto Scaling: This model has improved 

the overall cloud computing infrastructure via the use of 

auto-scaling, which can provide better results for the 

overall optimization process, yet it fails to provide 

integrity risk assessment and energy-saving techniques, 

which can be a major drawback for the overall 

optimization process, especially when integrity risks are 

high. 
 

Table 3. Comparative evaluation of cloud optimization approaches 

 

The main difference between the Integrated Energy-

Integrity Cloud Optimization Framework and the other 

optimization techniques, namely the Green Cloud Model, 

Energy Aware Scheduling, Secure VM Migration, and the 

Standard AWS Auto Scaling, is that the Integrated Energy-

Integrity Cloud Optimization Framework combines integrity 

Model 
Energy 

Reduction 

Integrity 

Support 

ML-

Based 

Consoli

dation 

Green 

Cloud 

Model 

High 

(≈22%) 
No No Yes 

Energy-

Aware 

Scheduling 

Moderate 

(≈15%) 
No No Yes 

Secure VM 

Migration 

Low 

(≈5%) 
Yes No Limited 

Standard 

Auto 

Scaling 

Moderate 

(≈12%) 
Partial Limited Yes 

Proposed 

Framework 

High (20–

25%) 

Yes 

(Risk-

Aware) 

Yes Yes 
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risks, energy efficiency, and auto-scaling into a single 

optimization goal, which can provide better results for the 

overall optimization process. 

 

The results shown in Table 3 indicate that current 

solutions emphasize either efficiency or security, but not both. 

However, the proposed framework provides a balanced 

solution to the problem of multi-objective optimization. To 

this end, it is achieved by closing the gap identified in Section 

2. This is to integrate the integrity risk metric into the energy 

minimization objective. Figure 12 compares the cloud 

optimization model using heatmaps. These include efficiency, 

integrity, machine learning, and the consolidation capability 

of models. 

 

 
Fig. 12 Heatmap Comparison of Cloud Optimization Models 

 

From the heatmap, where each row represents a model 

(such as Green Cloud, Energy-Aware Scheduling, Secure VM 

Migration, Standard Auto Scaling, etc.) among others, and 

each column is a performance feature of the model under 

investigation, it can be seen that the Green Cloud model 

achieves excellent results when it comes to consolidating 

resources and energy consumption. Nevertheless, there are no 

provisions for integrity support in the model, and it lacks any 

vestiges of machine learning intelligence. In contrast, the 

Energy-Aware Scheduling model achieves better results in 

terms of energy reduction and consolidating resources. 

However, it lacks security-aware mechanisms or machine 

learning intelligence.  

 

Similarly, the Secure VM Migration model performs well 

from the point of view of integrity, but has nothing on energy 

reduction or machine learning aids. This indicates that it is a 

security-conscious model. Standard Auto Scaling, on the other 

hand, falls somewhere in the middle between high scorers and 

laggards with regard to energy reduction and consolidation of 

resources. Nevertheless, in contrast to the heat map for the 

Green Cloud and Energy-Aware Scheduling models, this map 

does not show any machine learning value across its three 

parameters. On the contrary, the performance level also 

belongs to an integrity desire, a goal which must be met for 

future cloud models to catch up with these two contenders (it 

means AI in them). 

 

On the other hand, performance also meets the proposed: 

49 ffi 54. The proposed countermeasure, with all evaluation 

criteria passing (the bottom row of the heatmap is all light 

colors), turns in very good results in energy reduction, 

integrity, machine learning, and consolidating resources. 

 

min 𝑍 = 𝐸 + 𝛼𝐼                                      (13) 

 

Overall, the heatmap provides an intuitive visual 

confirmation that existing models primarily optimize a single 

objective (either energy or security), whereas the proposed 

framework delivers balanced and integrated optimization 

across sustainability, intelligence, and integrity dimensions. 

 

9. Conclusion 
The paper proposes a novel Integrated Energy-Integrity 

Cloud Optimization Framework, aiming to reduce energy 

consumption and data integrity risk in cloud computing 

environments. Unlike other models, this approach integrates 

energy consumption and data integrity risk into a single 

objective function, optimizing energy consumption E, 

balancing it with a trade-off between data integrity risk I and 

sustainability objectives.  

 

The paper has been directly applied to a real-world AWS 

environment, using the publicly available Google Cluster 

Workload Trace data set, and has been integrated with 

simulations of integrity events to test the approach. 

Experiments show a strong reduction in energy consumption 

of 20-25% compared to other models, without compromising 

service level agreements, keeping them above 93-97%. Data 

integrity risk protection has been significantly improved, 

reaching 90% of the risk reduction of energy-only scheduling 

methods.  

 

The ML predictive service has been found to improve 

CPU utilization efficiency, achieving scalability to 220 VM 

equivalents, outperforming reactive scaling methods. Costs 

have been found to be reduced by integrity-aware 

consolidation without significantly impacting system 

reliability. Experiments demonstrate a strong, scalable, and 

sustainable solution for modern cloud computing 

environments, integrating predictive intelligence, data 

integrity risk, and energy efficiency into a single architecture. 

It closes a significant gap in the field, showing data integrity 

can be optimized together with energy efficiency in a single 

architecture, offering a significant opportunity for cloud 

providers to improve efficiency, reducing operational costs 

and energy consumption, without compromising data 

integrity, enabling secure cloud environments for enterprise 

applications, including healthcare and financial institutions. 
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9.1. Future Work 

Although the proposed framework exhibits a high level of 

energy-saving and integrity protection, some of the research 

directions are promising, and they can be further enhanced. To 

begin with, the implementation of blockchain-based data 

provenance solutions can enhance trust and transparency in 

the multi-tenant cloud. Tamper-resistant auditability may be 

attained by storing integrity validation events and VM 

migration logs in a lightweight distributed ledger and not 

solely using centralized logging mechanisms.  

 

Second, the future work can investigate the 

implementation of more sophisticated models of deep 

learning, including Transformer-based time-series predictors 

or reinforcement learning-based adaptive consolidation 

strategies. This model has the potential to improve the 

accuracy of workload forecasts and flexibility. It is therefore 

suggested that the balancing parameter between energy and 

integrity objectives should be adjusted dynamically.  

 

Thirdly, the goal of framework extension is also toward 

the edge cloud collaborative optimization concept 

accommodation. As the infrastructure for edge computing 

continues to develop, the optimization of two nodes inside the 

infrastructure holds strong promise that energy consumption 

can be reduced without sacrificing geographical integrity 

throughout geographically distributed systems. In the future, 

this framework will be further refined to achieve the ultimate 

height of a next-generation cloud system: green, stable, and 

secure. 
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