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Abstract: Cloud computing forms the basis for the emerging technologies in various fields, providing a reliable 

framework for managing resources to meet the needs of different applications. The rapidly increasing energy 

requirements inherent to cloud computing pose a real problem concerning sustainability. Energy efficiency, fair 

resource sharing, and performance consistent across the dynamic and heterogeneous cloud computing system are 

essential since existing approaches introduce inefficiency, energy consumption, and unfair distribution of loads. This 

research introduces Adaptive Osprey-Bowerbird Optimized Green Cloud Computing with Randomized Attention 

Coupled Fair Resource Distribution in Scalable Systems (AO-BO-RNCN-MAN) to address these challenges. The 

proposed framework integrates the Randomized Neural Coupling Network to learn diverse data representations, with 

the Multi-instance Attention Network to prioritize tasks, and Adaptive Osprey-Bowerbird Optimization, which is a 
combination of the Osprey Adaptive Algorithm and the Adaptive Bowerbird Optimization for further fine-tuning of the 

system. By optimizing the placement of virtual machines and scheduling of tasks, the proposed framework guarantees 

fairness and high energy utilization with low turnaround time. Performance assessments indicate that the proposed 

framework outperforms the existing systems with an energy efficiency of 99.82%, task scheduling accuracy of 99.61% 

and fair resource allocation of 99.74%. AO-BO-RNCN-MAN not only proposes a new way of addressing green 

computing challenges but also opens the gates to sustainable, adaptive, and scalable cloud infrastructures for resource 

management in cloud ecosystems and establishes the proposed conceptual framework as a new standard. 

 

Index Terms: Cloud Computing, Green Computing, Resource Allocation, Service-Level Agreements, Virtual Machine. 

 

 

1. Introduction 

As the impact of the energy used by computing systems and their supporting structures continues to grow, green 

computing has become an essential paradigm [1]. Energy efficiency in cloud computing is one area that has received 

much attention because of the characteristics of this rapidly growing and highly flexible but resource-intensive industry 

[2]. Optimized green computing, on the other hand, focuses on strategies for efficient resource sharing, which can 

include [3]: selection of Virtual Machine (VM) placement, task scheduling, and even workload balancing in an effort to 

reduce energy consumption and therefore carbon emissions [4]. 

Therefore, green computing in cloud environments is fundamental to the efficient management of computational 

resources for the minimization of wastage [5]. Resource optimization and management by cloud service providers may 

pose particular difficulties [6], such as the unnecessary and unreasonable power consumption in data centers [5]. 
Advanced approaches in VM placement ensure that workloads are distributed across physical servers to optimize power 
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utilization while maintaining service-level agreements (SLAs) [7].  Task scheduling algorithms, utilizing predictable 

analytical methods [8], facilitate adaptation to workload status and minimize high idle times and energy consumption 

for task completion [9]. 

For instance, an e-commerce platform during a major sale might record increasing or decreasing traffic from users. 

Utilizing cloud infrastructure with green computing support [10], the increase in traffic would be paralleled by dynamic 

resource allocation, including new VM creation, to handle it with optimal energy savings [11]. Servers that were not 

active could go into a low-power mode or even turn off, which would effectively lower the running carbon footprint 

[12]. Simultaneously, task scheduling would ensure that critical operations [13], such as payment processing and 

inventory updates, receive priority without delays [14,15]. 

By integrating these methodologies, improved green computing addresses sustainability issues, along with cost and 

resource distribution, forming the basis for a more innovative, greener cloud environment [16,17]. 

1.1. Contributions 

The novelty of this research lies not only in addressing energy efficiency and fairness, but in how these goals are 

achieved through a unique combination of randomized representation learning, attention-driven scheduling, and hybrid 

metaheuristic optimization. Specifically, the contributions are: 

 

 Unlike prior works that rely mainly on synthetic traces, we design a data collection infrastructure that 

integrates both emulated and real-time workload patterns, enabling more realistic modeling of power usage, 

traffic, and usage profiles for scheduling. 

 While previous neural schedulers often use single-view or static encoders, we propose the Randomized Multi-

instance Attention Coupled Neural Network (RNCN-MAN), which jointly leverages randomized coupling for 

diverse feature extraction and attention for task prioritization. This ensures equitable VM placement and 
scheduling under heterogeneous workloads, improving fairness beyond existing approaches. 

 In contrast to studies that employ a single metaheuristic, we develop a hybrid AO-BO strategy that integrates 

the Osprey Adaptive Algorithm (O2A) with Adaptive Bowerbird Optimization (ABO). This hybridization 

yields faster convergence and higher accuracy in optimizing dynamic workloads, outperforming both single 

optimizers and conventional heuristics. 

 Unlike earlier works that optimize either energy or fairness independently, AO-BO-RNCN-MAN 

simultaneously minimizes energy consumption and enforces fairness, validated through Jain’s Index and 

supported by statistical tests and ablation studies. This comprehensive evaluation framework establishes both 

the robustness and practical relevance of the proposed system. 

 

The study is organized as follows: A summary of the most current studies is given in Section 2. Section 3 provides 
detailed information about the proposed methodology. Section 4 presents the outcomes of the proposed method. Section 

5 concludes the study.  

2. Literature Survey 

Among the numerous research studies on resource allocation in green-cloud computing, a select few have been 

considered for inclusion, as listed in this paper. 

In 2021, Shu, W., et al. [18] presented a novel approach that analyzes efficient practical solutions for real-time task 

scheduling to decrease peak energy usage in data centers while shortening the period of task performance. The 

principles of stressing quick adaptation were integrated to enhance optimization. Task failure rates were used to assess 

an optimization model through the probability density function of the task queue overflow and timeouts to control 
network congestion efficiently. This research was helpful in improving scheduling performance and addressing the 

issue of utilization of resources and operational sustainability in green cloud computing environments. 

In 2020, Masdari, M. et al. [19] have introduced the use of proactive Virtual Machine (VM) placement techniques 

in green cloud computing. The study also categorized various approaches based on the forecasting techniques employed, 

and described the utilization of the forecasting models to arrive at the optimum and least resource utilization in the 

placement of VMs. Each of them was evaluated in terms of overall effectiveness improvement, ability to reduce 

operational costs, and the ability to put less computational pressure on the system. The study helped to reveal essential 

concerns; the results complemented the understanding of using prediction algorithms with further efficient 

infrastructure in cloud computing. 

In 2023, Öner, E. et al. [20] proposed a virtual machine scheduling framework for a green cloud computing 

environment. The framework was designed to incorporate an enhanced bidding system that would allow users to define 

precise logical virtual machine requirements, utilizing AND and OR operations alongside time considerations. From 
this research, the authors presented the logical model to determine an optimization problem for the permission of 

energy-conscious VM positioning and the establishment of schedules on infrastructure machines. This optimization task 

was described in terms of integer linear programming. Schedule creation was formulated using integer linear 
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programming, with the application of special heuristics, such as the Genetic Algorithm, to efficiently resolve the 

scheduling problem. 

In 2022, Mohajer, A., et al. [21] have offered a dynamic optimization framework aimed at maximizing the overall 

uplink/downlink energy efficiency while adhering to essential quality of service requirements. Considering the non-

convex nature of the energy efficiency optimization issue, the framework decomposed the mathematical problem into 

two distinct subproblems: computational carrier scheduling and resource allocation. A subgradient technique was 

employed for computational resource distribution, while successive convex approximation and dual decomposition 

approaches were utilized to address the maximum-minimum fairness challenge. These methods were structured to 

enhance the performance of heterogeneous computational systems within non-orthogonal multiple access (NOMA) 

mobile edge computing environments. 

In 2024, Alizadeh Javaheri, S.D., et al. [22] have recommended an autonomous scheme using Clipped Double 
Deep Q-Learning (CDDQL) along with Particle Swarm Optimization (PSO) to optimize the resource management of 

the fog-cloud computing system. The PSO mechanism prioritized tasks, with the CDDQL serving as the core 

component of the automated system for allocating the appropriate virtual machine (VM) to specific tasks. To coordinate 

resource distribution intelligently, an autonomy flare-up, termed Auto-CDDQL, was deployed within fog infrastructure. 

These techniques had to be integrated to maximally use resources and improve computational effectiveness. 

In 2024, Lyu, T., et al. [23] have suggested a hierarchical resource distribution mechanism for the improvement of 

the quality of the computational services from the perspective of end-users as well as the consideration of the economic 

gains of the participants in the context of a converged cloud–network service model. This study introduced a two-layer 

view of the resource allocation challenge, where the stakeholders have their own goals. Employing backward induction, 

the Stackelberg equilibrium was determined. Further, a gradient-based dynamic pricing algorithm was derived to find 

the optimum resource price and requests in the system. 
In 2024, Mishra, R. et al. [24] presented a Dynamic Resource-To-Ensure Balanced Workload (DRABC-LB) 

algorithm, which is more effective in reducing resource wastage and balancing the load in cloud computing systems. 

The key approach adopted was to develop a three-stage model for resource management, load sharing, and dynamic 

adaptation. First, the tasks were assigned based on virtual machine computational power, or the so-called VM capacity. 

After that, the scheduling process found VMs with low viable time expectations for tasks assigned to them. Finally, it 

utilized a high-performance dynamic artificial bee colony (ABC) optimization approach to optimize task scheduling and 

the dynamic rearrangement of resources in the entire system, as well as to improve system performance and flexibility. 

Table 1 shows the summary of the existing methods, which is given below.     

Table 1. Summary of the existing methods. 

Reference 

Number 
Domain Methods Advantages Disadvantages 

[18] 

Green Computing 

GreenTask 
- Saves energy. 

- Reduces operational costs. 

- Struggles with large-scale systems. 

- Limited flexibility. 

[19] ARIMA-VM 
- Predicts future demand accurately. 

- Optimizes resource allocation. 

- High processing time. 

- Needs significant historical data. 

[20] ECO-CABS 

-  Minimizes carbon emissions. 

- Enhances environmental 

sustainability. 

-  Requires complex configuration. 

- High initial setup costs. 

[21] SCA-NOMA 
- Utilizes bandwidth efficiently. 

- Supports multiple users 

- Sensitive to interference. 

- Limited to specific scenarios. 

[22] 

Cloud Computing 

CDDQL-PSO 
- Adapts to dynamic environments. 

- Handles complex tasks efficiently. 

- Relies heavily on pre-collected data. 

- Requires powerful hardware. 

[23] TLSG 
- Efficiently schedules tasks. 

- Reduces completion times. 

- Lacks real-time adaptability. 

- Difficult to integrate with existing 

systems. 

[24] DRABC-LB 

-  Distributes tasks evenly across 

resources. 

- Improves cloud performance. 

- Optimization is resource-intensive. 

- Sensitive to parameter settings. 

 

Current approaches in green computing and cloud computing offer rich solutions in terms of energy management, 

resource utilization, and task scheduling. GreenTask reduces energy consumption, but it has limitations in implementing 

large-scale systems. ARIMA-VM is known to forecast demand accurately; however, it requires significant historical 

data and considerable time to complete execution. Another approach with a sustainability goal is ECO-CABS; however, 

it has high setup costs. Other approaches, such as SCA-NOMA or CDDQL-PSO, enhance the bandwidth and the 

dynamic adjustment capability at the expense of being highly dependent on the hardware system. TLSG and DRABC-
LB improve task scheduling and load balancing, but they are not suitable for real-time operation and tend to be 

resource-intensive in optimization. These types of methods, in total, improve system performance, although some of 

them have some drawbacks that should be further addressed. 

Problem Statement: The increasing popularity of cloud computing and the current popularity of green solutions 

underscore the importance of efficient resource management in green and cloud computing systems. The challenge lies 
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in achieving efficiency in terms of the reachability of computational platforms, based on minimum energy consumption 

and CO2 emissions. This is a cause of concern that calls for the right mix of performance, scalability, and sustainability. 

Resource management for efficient utilization must incorporate workload variation over time, fluctuating energy 

consumption, and the integration of renewable energy. The challenges include finding new algorithms and working 

strategies for the optimal usage of energy in cloud infrastructures, increasing an orientation toward green computing, 

and decreasing adverse effects on the environment without taking actions that would reduce the service quality. 

3. Proposed Methodology 

The proposed approach combines modern optimization and deep learning solutions to provide green and fair 
resource allocations in cloud environments. It employs the Randomized Multi-instance Attention Coupled Neural 

Network (RNCN-MAN) to map workload distribution and server characteristics to allocate resources efficiently. The 

Adaptive Osprey-Bowerbird Optimization (AO-BO) improves the system by fine-tuning network weights and reducing 

the loss. This hybrid framework provides highly scalable, energy-aware, and fair scheduling of tasks and VM 

placements. 

Figure 1 provides a detailed overview of the proposed methodology. 
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Fig. 1. Block diagram of the proposed methodology. 

3.1. Data Collection 

In a green cloud computing environment, the resource pool is considered infinitely divisible to support flexible 

allocation. For n  resources (  *            +), the total amount of available resources is dynamically shared among 

m users (  *            +). Each user task is represented as a vector 𝑉  (               ), where 1iv specifies the 

resource requirements for the task 𝑖 on resource 𝑗. Data is collected on task demands, resource availability, and system 

utilization, ensuring accurate modeling of workload dynamics and energy usage. For this data, resource allocation is 

performed reasonably using the Randomized Multi-instance Attention Coupled Neural Network (RNCN-MAN). This 

method is preferred over other methods because of fundamental advantages in adapting quickly to fluctuations in cloud 

workloads and good energy proportionality fairness. 

3.2. Fair Resource Allocation 

Using the collected data concerning the workload distributions, task demands, and server states, Randomized 
Multi-instance Attention Coupled Neural Network (RNCN-MAN) is used for fair resource allocation. This work 

introduces the Randomized Multi-instance Attention Coupled Neural Network (RNCN-MAN), which integrates the 

Randomized Neural Coupling Network (RNCN) [25] and the Multi-instance Attention Network (MAN) [26]. Figure 2 

provides an overview of the Randomized Multi-instance Attention Coupled Neural Network. 
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Fig. 2. Randomized multi-instance attention coupled neural network. 

 Modeling the Randomized Neural Coupling Network: The RNCN combines randomness and attention 

mechanisms to learn data representations and address the problems encountered in coupling models. RNCN 

uses an event-driven signalling protocol between its nodes and includes stochastic elements in its weight 

matrices. The weighting matrix is computed as the element-wise multiplication of a Gaussian kernel and an 

inactivation matrix, which varies depending on the input stimuli. 

 

The signal processing mechanism begins with input data (such as workloads) serving as stimuli. The weight matrix, 

represented as 𝑊    , is constructed by multiplying a Gaussian kernel       with a stochastic inactivation matrix      . 
The Gaussian kernel       determines the connection strengths, with higher probabilities for closely linked nodes and 

lower probabilities for distant ones. The inactivation matrix       defines open or closed connections, following a 

Gaussian distribution. 

The mathematical formulation of RNCN is given by equations (1-4), 

 

 𝑉  , -     (    ∑          ,   -
  

)  𝑒   𝑉  ,   - (1) 

 

    , -  {
  𝑖𝑓𝑉  , -     ,   -
    𝑕𝑒  𝑖 𝑒

  (2) 

 

    , -   𝑒
      ,   -       , - (3) 

 

                         (4) 

 

Equation (1) describes the potential of a node, 𝑉  , -, at time  , which is influenced by the external input stimuli 

   , a scaling factor   , and the stochastic weight matrix        . This potential also includes a decay term modulated 

by the constant   and the decay rate   , capturing the temporal dynamics of the system. 

Equation (2) defines the binary activation state    , - of a node, determined by comparing the potential 𝑉  , - 
with the dynamic threshold    ,   -. If the potential exceeds the threshold, the node is activated; otherwise, it 

remains inactive. Equation (3) governs the evolution of the dynamic threshold    , -, which decays over time based on 

the decay rate    and is updated by a scaling factor    proportional to the node’s current activation state. 

Finally, Equation (4) defines the stochastic weight matrix        , which is formed as the element-wise product of 

a Gaussian kernel         and an inactivation matrix abrstuI . The Gaussian kernel determines the connection strength 

between nodes based on their spatial distance, with parameters             and a correlation coefficient  . The 

inactivation matrix         introduces randomness by dynamically opening or closing connection channels using a 

uniform random distribution. In combination, these equations define how the RNCN operates in parallel: encoding in its 

spike trains stochastic aspects of input tasks, including their edges, intensity of workload, and dependencies. These 

encoded representations are then used by the Multi-instance Attention Network (MAN) to make further decisions and 

prioritize tasks. 
 

 Multi-instance Attention Network: Following the RNCN, the Multi-instance Attention Network (MAN) is 

applied to refine the tasks’ priority and attention, thereby preventing resource bias. MAN operates in a manner 

that emphasizes specific values within a data bag, while minimizing interference from irregularities. This can 

be accomplished because the agent can efficiently encode, aggregate, and sort multi-instance data, making it 

suitable for complicated resource assignment. 
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Bag-Level Method: The MAN uses bag-level representations to model tasks and workloads with small embeddings. 

Such embeddings are trained to focus on the characteristics of interest while suppressing the noise, or unwanted 

samples. The bag-level representation process is defined through three stages: The structure of the proposed model 

includes instance embeddings, permutation-invariant aggregation, and, lastly, classification. 

 

 Instance Embeddings: For instance, let  ∈ ℜℎ×𝑤×𝑐 represent the complete data sample, where ℎ   𝑎𝑛𝑑 𝑐 
represent the height, width, and channels of the sample. The data is divided into smaller patches, treating each 

patch as an individual instance. These instances are encoded into feature vectors using the embedding function 

𝜓, expressed mathematically as equation (5) 
 

   𝜓( ) (5) 

 

where   represents the set of patches (or instances) obtained from the original data sample. 

 

 Permutation-Invariant Aggregation: The MAN incorporates a permutation-invariant aggregation mechanism to 

ensure the order of instances does not affect the overall task prioritization. Let 𝑇 ∈ ℜ𝑑×𝑙represent the feature 

matrix, where 𝑑 is the feature dimension of each instance and l  is the number of cases in the bag. Using 

learnable weight matrices, query 𝑃, key 𝑈, and value 𝑉 are generated as in equation (6), 
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where 𝑊  𝑊  𝑎𝑛𝑑 𝑊  are learnable weight matrices. 
The self-attention mechanism calculates the attention scores between instances as in equation (7), 

 

     𝑓  𝑎 (
𝑃 𝑈

√ 
) (7) 

 

This attention matrix   assigns higher weights to significant instances, effectively highlighting their contribution to 

task prioritization. Multi-head attention is applied by combining the outputs of multiple attention heads to form a 

unified representation. 
 

 Final Classification: The final classification process assigns class probabilities to instances based on their 

aggregated features. Let 𝑇𝑗  represent the set of cases associated with class. For a query instance  𝑞
 
,the class 

probability is determined using a softmax function as in equation (8), 

 

 𝑃( 𝑞  𝑗)  
𝑒  ( 𝑑. . (  )/   /)

∑ 𝑒  ( 𝑑. . (  )/    /)  

  (8) 

 

where 𝑑 is the Euclidean distance,  𝑗  is the class centroid, and 𝑗   indexes the set of all possible classes. The loss 

function   minimizes the negative log-probability of the correct class, which is derived as equation (9), 

 

      𝑔 𝑃 ( 𝑞  𝑗)  (9) 

 

The integration of the Multi-instance Attention Network (MAN) with RNCN provides a robust mechanism for 

enhancing task prioritization and focus in resource allocation scenarios. This combined framework, RNCN-MAN, is 
further refined through Adaptive Osprey-Bowerbird Optimization (AO-BO) to ensure optimal performance. 

3.3. Network Optimization 

To enhance resource provisioning and optimize network parameters, an algorithm called the Adaptive Osprey-

Bowerbird Optimization (AO-BO) is presented. AO-BO integrates Osprey Adaptive Algorithm (O2A) [27] and 

Adaptive Bowerbird Optimization (ABO) [28] to search for the optimum of the loss functions and weights of the 

proposed Randomized Multi-instance Attention Coupled Neural Network. This approach to optimization combines two 

methods, ensuring convergence at maximum speed for identifying global optima while enhancing proper control of 

dynamic and heterogeneous workloads [29]. 
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Initialization and Fitness Function: The AO-BO algorithm begins by initializing the search population, where each 

individual in the population represents a candidate solution in the parameter search space. Let 𝑃 ∈ ℜ ×  denote the 

population matrix, where   is the population size and   is the dimension of the search space (i.e., the number of 

network parameters). Each candidate’s position is randomly initialized within the bounds of the search space, as 

expressed in equation (10),  

 

            (𝑈    ) (10) 

 

where    and 𝑈  are the lower and upper bounds for the v -th dimension, respectively, and     is a random scalar in the 

interval [0,1]. The fitness of each candidate is evaluated using the objective function  ,   -, representing the network’s 

performance metrics such as loss or accuracy, as shown in equation (11). 

 

   , (   )  (   )      (   )-
  (11) 

 

The candidate with the best fitness value is identified as the current global best solution, and the optimization 
process iteratively refines the population to converge toward the optimal solution. 

 

Phase 1: Osprey Behaviour Simulation (Exploration): The exploration phase of AO-BO is inspired by the osprey's 

ability to locate and hunt prey. For each candidate, the algorithm identifies better solutions in the population as “prey 

positions.” Let     denote the set of prey positions for the   -th candidate, calculated as in equation (12), 

 

     * 𝑤 | ( 𝑤 )   (   )+  *  𝑒  + (12) 

 

where   𝑒   is the global best position. A new position is calculated for the candidate based on the prey, as shown in 
equation (13),  

 

    
 𝑒𝑤          (  𝑒𝑙𝑒𝑐 𝑒𝑑      ) (13) 

 

In this equation,   𝑒𝑙𝑒𝑐 𝑒𝑑   is a randomly selected prey position, and     is a random weight factor controlling step 

size. If the new position improves the fitness value, it replaces the old position. 

 
Phase 2: Bowerbird Behaviour Simulation (Exploitation): The exploitation phase refines the search by simulating the 

bowerbird's behaviour of adjusting its nest to improve its attractiveness. For each candidate, a new “safe position” is 

calculated based on the current position and the global best, as shown in equation (14), 

 

    
 𝑒𝑤          (  𝑒        )  (14) 

 

where     is a scaling factor dynamically adjusted to ensure convergence toward the optimal solution. If the new safe 

position improves the fitness, it is accepted; otherwise, the previous position is retained. Algorithm 1 provides the 

pseudocode for the network optimization using the AO-BO algorithm. 

 

Algorithm 1. Pseudocode for AO-BO algorithm 

1. Initialize the population matrix (Equation 10). 

2. Evaluate the fitness of each candidate solution using the objective function (Equation 11). 

3. Identify the global best candidate based on the fitness values. 

 

4. Repeat until the stopping criteria are met: 

    a. Exploration Phase (Osprey Behaviour Simulation): 

        i. For each candidate: 

           - Identify better solutions (prey positions) using Equation 12. 
           - Calculate a new position based on the selected prey position (Equation 13). 

           - Update the candidate's position if fitness improves. 

    b. Exploitation Phase (Bowerbird Behaviour Simulation): 

        i. For each candidate: 

           - Calculate a safe position relative to the global best solution (Equation 14). 

           - Update the candidate's position if fitness improves. 

5. Return the global best candidate as the optimized solution. 
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Figure 3 provides the overall workflow procedure for network optimization using Adaptive Osprey-Bowerbird 

Optimization. 

 

Start
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Return Global Best Solution

Stop
NoYes

 

Fig. 3. Step-by-step procedure for AO-BO. 

The AO-BO algorithm effectively combines the exploratory capabilities of O2A with the fine-tuning precision of 
ABO, enabling efficient and robust optimization of network parameters. 

Thus, with the help of intelligent resource allocation based on RNCN-MAN and the fine-tuning of the workload by 

AO-BO, this method reaches remarkable energy efficiency in computational clouds combined with fair load sharing and 

adaptability to environmental fluctuations.  

4. Results and Discussion 

The results and analysis of the presented technique, Adaptive Osprey-Bowerbird Optimized Green Cloud 

Computing with Randomized Attention Coupled Fair Resource Distribution in Scalable Systems (AO-BO-RNCN-

MAN), are discussed in this section. The proposed method is evaluated through simulation in Python. Table 2 provides 

the simulation parameters for the proposed research. 

Table 2. Simulation parameters. 

Parameter/Hyperparameters Value 

Simulation Area 10,000 m² 

Simulation Time 24 hours (scalable for tests) 

Simulation Tool Python with TensorFlow and NumPy 

Number of Resources (𝑛) 100 

Number of Users ( ) 50 

Population Size ( ) 50 

Search Space Dimension ( ) Equal to network parameters 

Training Epochs 100 

Learning Rate 0.01 

Softmax Temperature 0.1 
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Table 2 outlines the simulation parameters and hyperparameters used for the system evaluation. The simulation 

covers a 10,000 m² area over 24 hours, with scalability for extended tests. It uses Python, TensorFlow, and NumPy for 

computation. The environment consists of 100 resources and 50 users, with a population size of 50 and a search space 

dimension corresponding to network parameters. The model is trained for 100 epochs with a learning rate of 0.01 and a 

softmax temperature of 0.1, balancing exploration and exploitation. 

4.1. Performance Analysis 

The performance of the AO-BO-RNCN-MAN (proposed method) against several existing methods: GreenTask 

[18], ARIMA-VM [19], ECO-CABS [20], SCA-NOMA [21], CDDQL-PSO [22], TLSG [23], DRABC-LB [24] is 

analyzed in this section. The performance metrics are listed below: 

Performance Metrics 

The performance measures, such as energy efficiency, resource allocation, and scalability, of the proposed 
algorithm are analyzed using specific performance metrics. The performance metrics used in the evaluation of the 

proposed algorithm are tabulated in Table 3:  

Table 3. Performance metrics. 

Performance Metrics Formula 

Accuracy  𝑐𝑐  
   

       
 

Precision 𝑃 𝑒 𝑐  
 

   
 

Sensitivity  𝑒𝑛  
 

   
 

Specificity   𝑒𝑐  
 

   
 

 

where   denotes the true positive,   denotes the true negative,  
 
denotes the false positive, and  

 
represents the false 

negative.  

Tables 4 and 5 provide a comparative performance analysis of AO-BO-RNCN-MAN over existing methodologies 

in green-cloud computing. 
Table 4 presents a comparison of various methods based on key performance metrics: Energy Efficiency, Task 

Scheduling Accuracy, Resource Allocation, and Resource Utilization Rate. The AO-BO-RNCN-MAN (proposed) 

method consistently outperforms other methods across all metrics. It achieves the highest Energy Efficiency (99.82%), 

Task Scheduling Accuracy (99.61%), Resource Allocation (99.74%), and Resource Utilization Rate (99.92%). These 

superior results demonstrate that the proposed method optimizes energy consumption, accuracy, resource allocation, 

and utilization, making it the best-performing solution in comparison to previous approaches. 

Table 4. Performance evaluation of AO-BO-RNCN-MAN over other methods based on key metrics. 

Metrics 

Methods 
Energy Efficiency (%) 

Task Scheduling 

Accuracy (%) 

Resource Allocation 

(%) 

Resource Utilization 

Rate (%) 

GreenTask [16] 88.34 85.12 87.28 84.32 

ARIMA-VM [17] 90.15 89.45 90.64 86.75 

ECO-CABS [18] 92.21 91.83 92.56 89.14 

SCA-NOMA [19] 93.47 93.12 94.02 91.24 

CDDQL-PSO [20] 95.14 94.76 96.03 93.47 

TLSG [21] 96.32 95.94 96.85 94.68 

DRABC-LB [22] 97.85 97.38 98.01 96.15 

AO-BO-RNCN-MAN 

(proposed) 
99.82 99.61 99.74 99.92 

 

Table 5 compares the performance of various methods based on VM Migration Count, Average Response Time, 

SLA Violation, and Throughput. The AO-BO-RNCN-MAN (proposed) method outperforms all other approaches. It 

demonstrates the lowest VM Migration Count (4.1), the fastest Average Response Time (12.5 ms), the smallest SLA 

Violation (0.93%), and the highest Throughput (62.1 tasks/sec). These results highlight the efficiency, responsiveness, 

and scalability of the proposed method, making it the most effective solution compared to previous methods. 
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Table 5. Evaluation of performance metrics: VM migration, response time, SLA violation, and throughput. 

Metrics 

Methods 

VM Migration 

(Count) 

Average Response 

Time (ms) 
SLA Violation (%) 

Throughput 

(tasks/sec) 

GreenTask [16] 12.4 24.6 5.21 45.3 

ARIMA-VM [17] 10.8 22.8 4.78 47.1 

ECO-CABS [18] 9.2 21.4 3.96 49.6 

SCA-NOMA [19] 8.4 20.2 3.24 51.2 

CDDQL-PSO [20] 7.9 18.9 2.85 53.7 

TLSG [21] 7.2 17.3 2.42 55.5 

DRABC-LB [22] 6.5 15.7 1.87 58.2 

AO-BO-RNCN-MAN 

(proposed) 
4.1 12.5 0.93 62.1 

Table 6. Comprehensive performance evaluation of methods based on classification metrics. 

Metrics 

Methods 
Accuracy (%) Specificity (%) F1-score (%) Recall (%) Precision (%) 

GreenTask [16] 95.12 92.45 93.78 94.32 95.90 

ARIMA-VM [17] 98.34 95.23 96.91 97.45 98.22 

ECO-CABS [18] 90.15 97.65 89.02 90.12 91.05 

SCA-NOMA [19] 92.21 89.83 91.32 92.06 92.54 

CDDQL-PSO [20] 94.76 92.12 93.28 94.32 95.14 

TLSG [21] 95.94 93.88 94.85 95.70 96.34 

DRABC-LB [22] 97.38 95.21 96.29 97.01 97.85 

AO-BO-RNCN-MAN (proposed) 99.61 99.45 99.03 99.12 99.71 

 
Table 6 compares the performance of different methods across five key classification metrics: Accuracy, 

Specificity, F1-score, Recall, and Precision. The AO-BO-RNCN-MAN (proposed) method outperforms all others, 

achieving the highest values in each metric: 99.61% Accuracy, 99.45% Specificity, 99.03% F1-score, 99.12% Recall, 

and 99.71% Precision. These results demonstrate the superiority of the proposed method in terms of both classification 

accuracy and robustness, clearly indicating it as the best-performing solution compared to previous methods. 

4.2. Graphical Representation of the Simulation Results 

Figure 4(a) Average Response Time: The proposed model demonstrates significantly lower response times 

compared to GreenTask, ARIMA-VM, ECO-CABS, SCA-NOMA, CDDQL-PSO, TLSG, and DRABC-LB. For 100 

requests, the proposed model achieves an average response time of approximately 150 seconds, whereas ARIMA-VM 

exceeds 900 seconds, and ECO-CABS reaches around 800 seconds. 

 

(a) (b)  

Fig. 4. Performance analysis of proposed model against benchmark algorithms for (a) Average response time (sec) vs. number of requests, (b) average 

waiting time (sec) vs. number of requests. 

Figure 4(b) Average Waiting Time: The proposed model shows superior performance, maintaining an average 

waiting time below 20 seconds at 100 requests. In contrast, CDDQL-PSO and ARIMA-VM exceed 80 seconds, 

highlighting the model's efficiency in handling increased workloads. 
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(b)(a)  

Fig. 5. Comparative performance analysis of (a) Resource utilization (%) vs. task size (KB), (b) Energy consumption per bit (mJ) vs. number of VMs. 

(a)  

Fig. 6. Analysis of (a) Efficiency (%) across methods, (b) Fraction of SLA Violations (%) across methods. 

(c)

(a) (b)

 

Fig. 7. Comparative analysis of (a) Fairness index, (b) Average number of containers per interval, and (c) Average cost per container. 
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Figure 5(a) Resource Utilization: Analysis. The graph demonstrates resource utilization across task sizes (30–80 

KB). The proposed method outperforms others, achieving nearly 99.92% utilization at 80 KB, followed by CDDQL-

PSO (~85%). In contrast, GreenTask exhibits the lowest utilization (~60%). 

Figure 5(b) Energy Consumption per Bit: Analysis. Energy consumption increases with the number of virtual 

machines (VMs). The proposed method maintains minimal consumption (~0.15 mJ for 50 VMs, ~0.35 mJ for 200 

VMs), outperforming alternatives like ARIMA-VM and GreenTask, which reach ~0.8 mJ at 200 VMs. 

Figure 6(a) Energy Efficiency: The figure compares the efficiency of different methods in achieving performance 

goals. The proposed method achieves the highest efficiency (~99.82%), significantly outperforming others like 

GreenTask (~60%), ARIMA-VM (~68%), and DRABC-LB (~92%). The improvement highlights better optimization 

capabilities of the proposed method. 

Figure 6(b) Fraction of Total SLA Violation: The proposed method demonstrates the lowest fraction of SLA 
violations (~0.01), indicating superior reliability. In contrast, GreenTask shows the highest violation fraction (~0.08). 

Other methods like ARIMA-VM (~0.07) and ECO-CABS (~0.06) also perform worse, emphasizing the robustness of 

the proposed solution. 

Figure 7(a) Fairness across Methods: The fairness metric indicates equitable resource allocation. The proposed 

method achieves the highest fairness score (~0.85), outperforming GreenTask (~0.65), ARIMA-VM (~0.70), and ECO-

CABS (~0.75). This demonstrates the superior capability of the proposed approach in distributing resources equitably 

among users. 

Figure 7(b) Average Number of Containers per Interval: The proposed method manages ~16 containers per 

interval, surpassing TLSG (~15) and DRABC-LB (~14). It highlights the efficient containerization and workload 

distribution achieved by the proposed system. 

Figure 7(c) Cost per Container: The proposed method exhibits the lowest cost per container (~6 units), compared 
to ARIMA-VM (~10) and ECO-CABS (~8). This significant cost reduction emphasizes the economic advantage of the 

proposed approach. 

4.3. Statistical Analysis 

Statistics play a significant role in evaluating the effectiveness of solutions for fairly distributing resources in green 

cloud computing. Three fundamental analyses include the Kruskal-Wallis test, Hypothesis testing, and Lorenz curve 

analysis, which play a critical role in evaluating the effectiveness of proposed strategies. Resource Utilization Analysis 

using the Kruskal-Wallis test concentrates on CPU/RAM and disk I/O of varied virtual machines allocated for specific 

tasks. This analysis also focuses on Energy Efficiency Analysis within the framework of hypothesis testing (t-test) to 

determine the effectiveness of resource distribution towards energy consumption as well as carbon footprint reduction.  

 

(a) (b)  

(c) (d)  

Fig. 8. Statistical analysis for the proposed method. 
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The Lorenz curve analysis of Task Scheduling and Fairness Metrics examines the efficiency of distributing tasks among 

users. Each analysis employs specific statistical tools to ensure the best possible results and fairness. 

Fig. 8(a) Resource Utilization Analysis: Kruskal-Wallis Test 

The graph represents the density of CPU, memory, and storage usage. The CPU load rises to approximately 70%, 

the memory load to 60%, and the storage load to 55%. In supporting this, the Kruskal-Wallis test shows that there is a 

significant difference (p < 0.05) in the above metrics in terms of resource utilization, since they are different from each 

other. An excellent type of resource management ensures a proper division and usage. 

Fig 8 (b) Energy Efficiency Analysis: Hypothesis Testing (t-test) 

The baseline and proposed methods for various workloads are evaluated based on energy usage analysis across 100 

cycles. The proposed method achieves significantly lower energy consumption, approximately 3050 kWh, compared to 

the baseline energy of 5050 kWh. The t-test outcomes show a substantial level of energy conservation (p < 0.01). 
Fig 8 (c) Task Scheduling Metrics: Lorenz Curve Analysis 

Boxplots show task completion times (median ~30 minutes) and wait times (~10 minutes). The spread in task 

completion times indicates variability in task complexity, while wait times are consistently low, reflecting improved 

scheduling efficiency. 

Fig 8 (d) Fairness Index Distribution: Jain’s Index 

The histogram of Jain’s fairness index is centered around 0.94, indicating equitable resource distribution. The 

density is highest between 0.92 and 0.96, demonstrating that the proposed method maintains fairness across users 

effectively. 

4.4. Ablation Study 

An ablation study is conducted to systematically evaluate the contribution of individual components of the 

proposed framework by removing or altering them and observing the impact on performance. As summarized in Table 
7, we compare multiple controlled variants, including the baseline Randomized Neural Coupling Network (RNCN), the 

attention-augmented RNCN-MAN, optimization-only settings (AO-BO, AO-only, BO-only), an attention-only model 

(MAN-only), and a deterministic coupling variant. Finally, the complete AO-BO-RNCN-MAN integrates randomized 

coupling, attention-based prioritization, and hybrid optimization. This design allows us to isolate the role of each 

component and demonstrate how their combination leads to the best overall results. 

Table 7. Ablation study of the proposed methodology. 

Methods Allocation Accuracy (%) Energy Efficiency (%) Resource Utilization (%) 

RNCN (Baseline) 92.14 91.80 85.30 

RNCN-MAN 96.25 95.50 90.20 

MAN-Only (Attention-Only) 94.10 93.25 87.40 

AO-BO-Only (Optimization) 95.60 97.85 93.10 

AO-Only 94.80 96.40 91.75 

BO-Only 95.05 96.90 92.10 

Deterministic Coupling 95.45 95.85 91.20 

AO-BO-RNCN-MAN (Full) 99.61 99.82 99.92 

 

Table 7 presents the expanded ablation study. The baseline RNCN achieved 92.14% allocation accuracy, 91.80% 

energy efficiency, and 85.30% resource utilization. Adding attention (RNCN-MAN) improved these to 96.25%, 95.50%, 

and 90.20%, respectively. The MAN-only variant achieved 94.10% accuracy, 93.25% energy efficiency, and 87.40% 
utilization, demonstrating the benefits of attention without optimization support. In contrast, AO-BO-only achieved 

95.60% accuracy, 97.85% efficiency, and 93.10% utilization, highlighting the optimizer’s strength in energy and 

resource handling. AO-only (94.80%, 96.40%, 91.75%) and BO-only (95.05%, 96.90%, 92.10%) each provided 

moderate improvements, while the deterministic coupling variant reached 95.45%, 95.85%, and 91.20%, confirming 

that randomized coupling enhances performance. The full AO-BO-RNCN-MAN outperformed all others with 99.61% 

allocation accuracy, 99.82% energy efficiency, and 99.92% utilization, demonstrating that the synergy of randomized 

coupling, attention, and hybrid optimization yields the strongest results. 

4.5. Complexity and Scalability Analysis 

The computational complexity of AO-BO-RNCN-MAN arises from three main components: RNCN, MAN, and 

AO-BO. For   tasks with   features and   network layers, the RNCN requires approximately  (     ) time and 

 (   ) space. The MAN adds an attention cost  (  ) in the worst case due to pairwise interactions, although this can 

be reduced in practice with sparse attention mechanisms. The AO-BO optimizer, with population size  , dimension  , 

and iteration count  , contributes  (     ) time complexity and  (   ) space, but its candidate evaluations are highly 

parallelizable. Taken together, the overall complexity is  (              ) in time and  (       ) in space. 
In terms of scalability, the proposed framework was evaluated up to 200 VMs and 50 users in the simulation 
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environment and demonstrated stable convergence. Both the neural components (RNCN and MAN) and the heuristic 

optimizer (AO-BO) are well-suited for parallel and distributed execution: RNCN and MAN can be accelerated on 

GPUs/TPUs, while AO-BO supports concurrent evaluation of population members. Although more computationally 

intensive than heuristic baselines, AO-BO-RNCN-MAN remains practical for large-scale cloud environments when 

deployed with parallelization and distributed resource management strategies. 

4.6. Discussion 

The results demonstrate the superiority of the proposed AO-BO-RNCN-MAN (Adaptive Osprey-Bowerbird 

Optimized Green Cloud Computing with Randomized Attention Coupled Fair Resource Distribution in Scalable 

Systems) method across various metrics. The simulation, conducted using Python with TensorFlow and NumPy over a 

scalable 10,000 m² area and 24-hour timeframe, evaluates the method against seven existing approaches: GreenTask, 

ARIMA-VM, ECO-CABS, SCA-NOMA, CDDQL-PSO, TLSG, and DRABC-LB. 
Performance Metrics: In Table 4, AO-BO-RNCN-MAN achieved the highest energy efficiency (99.82%), task 

scheduling accuracy (99.61%), resource allocation (99.74%), and resource utilization rate (99.92%), significantly 

outperforming the best alternative, DRABC-LB (97.85%, 97.38%, 98.01%, and 96.15%, respectively). This highlights 

the proposed method's robust optimization of resources and energy consumption. 

Efficiency and Scalability: Table 5 reveals the lowest VM migration count (4.1), fastest response time (12.5 ms), 

most minor SLA violation (0.93%), and highest throughput (62.1 tasks/sec), indicating exceptional scalability and 

system responsiveness. Similarly, classification metrics in Table 6 show AO-BO-RNCN-MAN achieving 99.61% 

accuracy, 99.45% specificity, 99.03% F1-score, 99.12% recall, and 99.71% precision, exceeding all benchmarks. 

Statistical and Ablation Analysis: Figures 8(a-d) confirm efficient resource utilization (Kruskal-Wallis test), 

significant energy conservation (t-test), and fairness (Jain’s Index). The ablation study in Table 7 underscores the 

importance of the AO-BO and MAN components, elevating allocation accuracy, energy efficiency, and resource 
utilization to 99.61%, 99.82%, and 99.92%, respectively, outperforming RNCN and RNCN-MAN configurations. 

These results conclusively establish AO-BO-RNCN-MAN as the most effective solution in green cloud computing, 

delivering unmatched efficiency, fairness, and reliability. 

It is important to note that the very high values reported for energy efficiency (99.82%), task scheduling accuracy 

(99.61%), and resource allocation (99.74%) are obtained under simulation-based evaluation, where efficiency is defined 

as the ratio of energy used for active computation to the total simulated energy consumed, excluding hardware-level 

overheads such as cooling, idle drain, and infrastructure inefficiencies. This normalization results in higher values than 

state-of-the-art hardware benchmarks. While both synthetic patterns and public workload traces were employed to 

minimize bias, simulations inherently simplify cloud dynamics and may lead to optimistic estimates. In real-world 

deployments, absolute values are expected to be lower, though the relative improvements of AO-BO-RNCN-MAN over 

competing methods should remain consistent. Future work will therefore focus on validating the framework in physical 
cloud testbeds with hardware-level energy monitoring to confirm its practical effectiveness. 

5. Conclusions 

This paper presents the AO-BO-RNCN-MAN framework as a significant advancement toward efficient and 

equitable provisioning of resources in green-cloud computing. Incorporating some of the sophisticated computational 

elements, this framework has delivered outstanding performance in terms of energy optimization, timely scheduling, 

and fair resource allocation. The framework’s ability to adapt dynamically to the heterogeneous and scalable nature of 

cloud infrastructures establishes its viability for modern cloud systems. This application demonstrates that it is possible 

to substantially reduce energy consumption and achieve energy-efficient computing without compromising the 

performance of the scalable system.  
Limitations and Future Work: The AO-BO-RNCN-MAN framework, while demonstrating strong results, has 

several limitations. Its robustness depends on the quality of input data, making it sensitive to dataset dependency, and 

the current evaluation relies mainly on simulated traces, which may not fully capture real-world hardware overheads, 

workload diversity, or network variability. The approach also incurs significant computational cost during large-scale 

training, which may limit deployment in resource-constrained settings. In addition, scalability has been validated only 

up to 200 VMs and 50 users, whereas much larger cloud infrastructures could introduce orchestration and 

communication bottlenecks. Finally, although designed for heterogeneous workloads, the framework’s generalization to 

multi-cloud, hybrid, and edge–cloud environments remains to be validated. Future work will therefore focus on 

improving computational scalability through lightweight and parallelized implementations, validating the framework in 

real-world testbeds with hardware-level energy measurements, and extending its applicability to heterogeneous, 

distributed, and edge–cloud systems. 

Future work will therefore focus on three main directions: (i) improving the computational scalability of the 
framework through lightweight model compression and parallel training strategies, (ii) validating its applicability in real 

physical cloud testbeds by deploying AO-BO-RNCN-MAN on small-scale OpenStack/Kubernetes infrastructures and 

benchmarking against public workload traces with hardware-level energy measurements, and (iii) extending the 
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framework to heterogeneous, distributed, and edge–cloud environments to evaluate generalization under diverse 

operating conditions. Such progression aims to bridge the gap between simulation and practice, establishing AO-BO-

RNCN-MAN as a cornerstone for sustainable, fair, and energy-efficient cloud computing. 
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