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Abstract: The booming growth of cloud computing has made efficient and adaptive load-balancing mechanisms required to 

handle the highly dynamic and heterogeneous workload. Traditional static and monolithic optimisation methods struggle to 

maintain service quality under fluctuating demand, leading to performance degradation and increased energy consumption. 

This study addresses dynamic load imbalance in virtualised cloud environments by proposing an autonomous hybrid swarm 

evolutionary load-balancing model that combines global exploration, local refinement, and adaptive decision control. The 

proposed framework combines swarm intelligence for efficient search, evolutionary optimisation for solution improvement, 

and a dynamically weighted fitness mechanism for autonomous adaptation to changing system conditions. Extensive 

experimental evaluation shows that the proposed model can achieve an average response time of 152ms, reduce the load 

imbalance to 4.3%, reduce SLA violations to 1.5%, and reduce energy consumption to 9.8kWh, which is better than various 

state-of-the-art methods. Statistical validation using k-fold cross-validation and paired t-tests is used to assess the robustness 

and significance of the results. The results show that the proposed hybrid strategy provides a scalable, reliable, and energy-

efficient solution for real-time load balancing in modern cloud infrastructures. 
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1. Introduction 

 

Cloud computing has become a dominant paradigm for providing scalable, on-demand computing resources across a wide 

variety of applications, including big data analytics, the Internet of Things (IoT), artificial intelligence, and enterprise systems 
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[1]. By using virtualisation technologies, cloud service providers can dynamically allocate computational resources, such as 

CPU, memory, and bandwidth, to multiple tenants, maximising infrastructure utilisation [2]. However, the growing diversity 

and dynamism of cloud workloads have made resource management an important challenge. Load balancing plays a pivotal 

role in ensuring optimal performance, service reliability, and energy efficiency in virtualised cloud environments [3]. At a 

general level, load balancing aims to evenly distribute workloads across available resources to avoid performance bottlenecks 

and underutilization [4]. Poor load distribution can lead to overloading of virtual machines (VMs), longer response times, more 

frequent SLA violations, and unnecessary energy consumption [5]. As cloud systems become more extensive and complex, 

static and heuristic-based load-balancing strategies become inadequate due to their lack of adaptability to real-time workload 

fluctuations and resource heterogeneity. Consequently, more research has been conducted on intelligent and adaptive 

mechanisms for tackling dynamic load-balancing problems [6]. Existing research has explored various methods, such as rule-

based scheduling, fuzzy logic controllers, swarm intelligence algorithms (e.g., Particle Swarm Optimisation (PSO) and Ant 

Colony Optimisation (ACO), evolutionary algorithms (e.g., Genetic Algorithms (GA), and, lately, deep reinforcement learning-

based solutions [7].  

 

While these methods have shown improvements over traditional methods, they each have inherent limitations. Swarm-based 

approaches may exhibit premature convergence and limited local refinement; evolutionary algorithms can incur high 

computational overhead; and learning-based approaches require substantial training data and are not transparent in their 

decision-making [8]. Moreover, most existing approaches rely on fixed fitness formulations and do not allow autonomous 

adaptation to changing system conditions [9]. Recent work suggests that a mixture of paradigms, i.e. hybrid optimisation 

frameworks, can overcome the limitations of single techniques [10]. However, when current hybrid solutions are available, 

they are often semi-static, require manual parameter tuning, or cannot dynamically adjust their optimisation goals in response 

to workload variations. Additionally, most studies assess performance in constrained/synthetic scenarios, limiting their 

generalizability to real-world cloud-based environments [11]. To fill these gaps, this study proposes an autonomous hybrid 

swarm-evolutionary model for dynamic load balancing in virtualised cloud infrastructures. The proposed framework combines 

swarm intelligence to efficiently search the space globally, evolutionary optimisation to refine a local solution, and an adaptive 

fitness mechanism that autonomously reweights the performance goals using real-time system feedback. This design enables 

the model to respond effectively to workload non-stationarity, resource heterogeneity, and strict SLA constraints without 

requiring manual intervention [25]. 

 

1.1. Contributions of the Study 

 

The major contributions of this study are summarised as follows: 

 

• Novel Hybrid Architecture: A fully autonomous, swarm-evolution-based load-balancing scheme is proposed that 

integrates global exploration, evolutionary refinement, and adaptive fitness control. 

• Adaptive and Robust Optimisation: A dynamically weighted fitness mechanism is proposed to prioritise response 

time, load balancing, SLA compliance, and energy efficiency based on real-time cloud conditions. 

• Comprehensive Evaluation: Extensive experimental analysis, including comparative, ablation, computational 

efficiency, and statistical experiments, demonstrates that it outperforms the state of the art. 

 

2. Related Works 

 

Optimised load balancing in cloud environments has been widely discussed using heuristic, metaheuristic, and hybrid methods 

to improve scalability, energy efficiency, and QoS. In the area of metaheuristic optimisation, Abedi et al. [12] present an 

improved version of the Firefly Optimisation Algorithm to address dynamic resource allocation in cloud environments. The 

improvements in the makespan and load distribution are achieved by effectively balancing exploration and exploitation using 

the model. Nonetheless, evaluations are limited by the simulated environment, and the methodology is sensitive to parameter 

tuning, without any comparison to learning-based strategies, which restricts its applicability to heterogeneous, very dynamic 

cloud workloads. Similarly, Bojappa and Lee [13] is a review of the application of PSO (Particle Swarm Optimisation) to 

autonomous dynamical systems, focusing on convergence efficiency and adaptability. While conceptually strong, it has not 

addressed some cloud-specific considerations, such as VM heterogeneity, SLA compliance, and energy awareness. It thus 

restricts its direct applicability in the context of cloud load balancing. Wang et al. [14] propose a task scheduling algorithm for 

cloud computing based on improved PSO with an adaptive velocity update, which is shown to reduce execution time and 

improve resource utilisation. However, performance evaluations are restricted to constrained situations with limited workloads, 

and energy consumption goes unnoticed. The lack of multi-objective optimisation and real-time workload adaptation limits its 

applicability in large-scale production clouds.  

 

Complementing these views, Prity et al. [15] provide a comprehensive review of nature-inspired optimisation algorithms for 

cloud task scheduling. While effective in its summary of algorithmic strengths and weaknesses, there is a lack of critical 
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comparative metrics and experimental synthesis, leading to insights that are more taxonomic (rather than prescriptive). Hybrid 

and multi-objective optimisation approaches have also attracted much attention. Khaleel et al. [16] merge-and-split theory-

based hybrid many-objective optimisation algorithm for achieving improved Pareto optimality among multiple QoS parameters. 

Despite being theoretically sound, there is significant computational complexity, and real-time cloud workload scalability is 

not convincingly demonstrated. Reinforcement learning-based approaches have been discussed by Khan [17], who outlines a 

clustering problem that is combined with multi-objective task scheduling. The approach is effective at capturing the dynamism 

of clouds and improves throughput and response time; however, challenges such as RL training overhead, state-space explosion, 

and reward dependency may limit generalisation across heterogeneous infrastructures. Energy-efficient load balancing has been 

studied by Kotteswari et al. [18], who propose an MDP-based model (EELB) that combines energy-awareness with QoS 

optimisation. While theoretically sound, the assumption of accurate state transition probabilities is unrealistic in volatile cloud 

environments, and computational overhead may prevent scalability when large-scale deployments are done in real time. 

Comparative analysis of metaheuristic load-balancing algorithms in a unified simulation environment [19].  

 

Third, a valuable quantitative analysis of convergence and performance trade-offs from this type of study can be derived. 

However, the study is limited to static workloads, does not account for learning-based or hybrid workload models, and does 

not consider constraints in production environments, such as VM migration costs and SLA violations. There are other 

approaches based on swarm intelligence, such as Grey Wolf Optimisation and PSO-CALBA, which show reliability and 

content-aware load-balancing improvements, respectively [20]; [21]. Nevertheless, reliability-oriented models entail additional 

overhead, whereas content-aware algorithms rely on prior knowledge of task attributes, offering limited adaptability to dynamic 

workloads [22]. Similarly, definitions of stochastic fractal search and hybrid deep reinforcement learning and PSO frameworks 

demonstrate encouraging improvements in makespan, response time and throughput. Yet, these approaches have drawbacks, 

including slow convergence, high computational complexity, and high training overhead, which raise concerns about scalability 

and the feasibility of real-time deployment. A systematic literature review of these techniques is presented by Shah [23], who 

classified them into heuristic, metaheuristic, and hybrid methods.  

 

Table 1: Comparative study of existing works 

 

Model / Approach Focus Area Key Findings Performance Challenges 

SLR-based Analysis [23] Load balancing 

techniques review 

Identified trends 

and gaps 

Qualitative insight No experimental 

validation 

Improved Firefly 

Optimisation [12] 

Resource allocation Reduced makespan Moderate 

improvement 

Parameter sensitivity 

PSO Review [13] Autonomous 

optimization 

Strong adaptability Conceptual strength Not cloud-specific 

Improved PSO [14] Task scheduling Faster convergence Low execution time Ignores energy/QoS 

trade-offs 

Nature-inspired Review 

[15] 

Scheduling 

taxonomy 

Algorithm 

classification 

Survey-level No unified 

benchmarks 

Many-objective Hybrid 

[16] 

Multi-QoS 

scheduling 

Better Pareto 

solutions 

High optimization 

accuracy 

High complexity 

RL-based Clustering [17] Dynamic load 

balancing 

Improved 

throughput 

Strong adaptability Training overhead 

MDP-based EELB [18] Energy-efficient LB Reduced energy 

usage 

Energy optimal Scalability issues 

Metaheuristic Comparison 

[19] 

Algorithm 

benchmarking 

Performance trade-

offs 

Consistent 

evaluation 

Static workloads 

GWO-based LB [20] Reliability-aware LB Improved fault 

tolerance 

Stable performance Energy not addressed 

PSO-CALBA [9] Content-aware LB Lower response 

time 

Task-aware 

efficiency 

Limited scalability 

SFS Scheduling [21] Workflow 

scheduling 

Reduced makespan Balanced load Slow convergence 

DRL + Parallel PSO [22] Intelligent LB High throughput 

gains 

Excellent under 

dynamics 

High computational 

cost 

 

The research focuses on energy efficiency and QoS dominance; however, it remains descriptive, leaving little room for 

quantitative benchmarking and for unifying the evaluation framework. Besides, problems of practical deployment and real-

time adaptability are not adequately addressed. Overall, current studies show significant advances in heuristic, metaheuristic, 
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hybrid, and learning-based load-balancing algorithms for cloud environments. However, there remain gaps in energy efficiency 

integration, multi-objective optimisation, real-time adaptability, and scalable deployment, especially under highly dynamic and 

heterogeneous cloud workloads. Overcoming such limitations will be key to next-generation intelligent cloud resources 

management. Table 1 provides an overview of current cloud load-balancing and task-scheduling approaches, comparing them 

across focus areas, conclusions, performance results, and limitations or problems. 

 

3. Methodology 

 

3.1. Dataset Details 

 

To investigate the efficacy of the proposed autonomous hybrid swarm evolutionary load-balancing framework, experiments 

are performed on a hybrid cloud workload data set generated from a combination of realistic cloud traces and synthetic stressors. 

The dataset simulates a multi-tenant Infrastructure-as-a-Service (IaaS) environment with heterogeneous virtual machines 

(VMs), dynamic workloads, and varying resource requirements. Workload traces are based on publicly available cloud 

benchmarks (e.g., task arrival logs, CPU utilisation traces, and memory access patterns) and are enriched with controlled 

synthetic bursts to reflect real-world cloud volatility (flash crowds, VM failures, workload spikes, etc.). Each data instance 

represents a system snapshot which is obtained at discrete scheduling intervals. 

 

3.1.1. Key Features of the Dataset 

 

The dataset contains both resource-centric and workload-centric attributes important for dynamic load balancing. Key features 

include VM CPU utilisation (%), memory usage (MB), disk I/O rate (MB/s), network bandwidth consumption (Mbps), task 

arrival rate, task execution time, VM migration cost, and host power consumption. Additionally, SLA-related indicators such 

as response time, probability of deadline violation, and throughput are included. Temporal features are maintained to capture 

workload changes over time, enabling the model to learn short-term fluctuations and long-term utilisation trends. This 

multidimensional feature design supports fine-grained decision-making for adaptive VM-to-host allocation. 

 

3.1.2. Challenges in the Dataset 

 

The dataset poses several challenges that make effective load balancing difficult. First, high workload variability and non-

stationarity lead to frequent changes in optimal resource allocation. Second, the heterogeneity of features is due to differences 

in resource scales and units, making direct comparison difficult. Third, imbalanced system states occur, in which underloaded 

conditions dominate normal operation, with occasional, critical overload events. Finally, there is the problem of delayed 

feedback between scheduling actions and their performance consequences, which makes real-time optimisation difficult. These 

challenges motivate the need for an autonomous, adaptive, and evolutionary optimisation framework. 

 

3.2. Data Preprocessing 

 

Before training and model optimisation, the raw dataset samples must go through a structured preprocessing pipeline. Missing 

or inconsistent readings caused by time delays in monitoring are handled using time-aware interpolation. Feature normalisation, 

in the form of min-max scaling, is used to transform heterogeneous resource metrics into a unified range, enabling stable 

convergence of swarm optimisation. Temporal smoothing is used in these cases, where sliding windows eliminate noise without 

losing workload dynamics. Finally, the workload states are encoded into structured state vectors that represent the current 

system load, historical trends, and predicted short-term demand, which serve as inputs to the proposed model. 

 

3.3. Proposed Model Architecture 

 

The proposed architecture integrates swarm intelligence, evolutionary optimisation, and autonomous decision-making and 

control into a unified framework. At its core, the model consists of three interacting layers: 

 

• Perception Layer: Continuously monitors cloud resource states and workload patterns. 

• Hybrid Optimisation Layer: Combines swarm-based global exploration with evolutionary local refinement to 

generate optimal VM-to-host mappings. 

• Autonomous Control Layer: Executes migration and allocation decisions while adapting optimisation parameters 

dynamically based on system feedback. 

 

This layered design enables scalable, self-adaptive, and low-overhead load balancing in highly dynamic virtualised 

environments. 
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Figure 1: Proposed hybrid evolutionary load balancing model 

 

A Hybrid Swarm-Evolutionary Load Balancing Model for cloud environments is shown in Figure 1. It includes a Perception 

Layer to monitor the system and generate state vectors, a Hybrid Optimisation Layer that combines Particle Swarm Intelligence 

and evolutionary optimisation, and an Autonomous Control Layer to make decisions and learn. The model enables optimal VM 

allocation and provides continuous feedback for adaptive resource allocation and task redistribution. 

 

3.4. Working of the Proposed Model 

 

Figure 2 shows a process paradigm that can help improve resource management in a cloud system. The process starts with 

system state initialisation, which gathers data about virtual machines (VMs), host capacities, workloads, and SLA indicators to 

generate a system state vector and an initial group of possible VM-to-host mappings. 

 

 
 

Figure 2: Hybrid swarm–evolutionary framework for cloud load balancing and VM migration 
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This system information is used in a global exploration phase based on swarms. In this phase, swarm intelligence algorithms 

adjust agent placements and use a fitness evaluation mechanism to evaluate possible solutions. Powell's local search helps 

improve potential ideas. Next, these candidate solutions go through the evolutionary local optimisation stage, when 

evolutionary processes, including selection, crossover, and mutation, are used to make solutions with better fitness. After that, 

autonomous fitness adaptation uses system performance measurements to dynamically analyse the solutions and move VMs or 

redistribute tasks when needed. The framework has several important limitations, including minimising SLA violations, 

reducing VM migrations, and maximising resource utilisation. If the exit requirements are met, the best solution is to implement 

it by moving VMs or redistributing workloads. Lastly, an independent feedback system monitors system performance and 

workload balance. This lets the framework evolve and continually improve the optimisation process in the cloud environment. 

 

3.4.1. System State Initialisation 

 

At the start of each scheduling interval, the perception layer gathers and processes real-time system metrics to create a complete 

state vector. This vector encapsulates key parameters, including VM workloads, host capacities, resource utilisation, and SLA 

compliance indicators, to provide a global view of the cloud environment. Based on this information about the state, an initial 

population of candidate load distribution solutions is produced, where each candidate is a possible VM-to-host mapping. Let 

the cloud environment have N VMs and M hosts. Define the system state vector at scheduling interval t as given in Equation 

(1): 

 

S(t)=[𝑤1(𝑡),𝑤2(𝑡); . . . . , 𝑤𝑛(𝑡);                    𝑐1(𝑡), 𝑐2(𝑡), . . . . . , 𝑐𝑀(𝑡); 𝑢1(𝑡), 𝑢2(𝑡), . . . . , 𝑢𝑀(𝑡); 𝑠1(𝑡), . . . . , 𝑠𝑁(𝑡)]                (1) 

 

Where: 

 

• wi(t)=workload of VMi 
• cj(t)=capacity of hosti 

• uj(t)=current utilization of host j 

• si(t)=SLA compliance indicator of VM 

 

The initial population of candidate VM-to-host mapping is given by Equation (2): 

 

 𝑥(𝑜) = {𝑥1
(0)

, 𝑥2
(0)

, . . . , 𝑥𝑝
(0)

}                                                                                                                     (2) 

 

Where each candidate solution 𝑥𝑝
(0)

= [ℎℎ , ℎ2, . . . . . , ℎ𝑁], ℎ𝑖𝜖{1,2, . . . . , 𝑀} represents VM i assigned to host ℎ𝑖 and P is the 

pollution size. The diversity of the initial population ensures exploration and is given by Equation (3): 

 

D(𝑥(0))=
1

𝑝(𝑝−1)
∑ 𝐻𝑎𝑚𝑚𝑖𝑛𝑔(𝑥𝑝

(0)
, 𝑥𝑞

(0)
)𝑝≠𝑞                                                                                            (3) 

 

These initial solutions serve as a starting point for the hybrid optimisation process, providing diversity and enabling the model 

to investigate multiple feasible allocation strategies for heterogeneous, dynamic workloads. 

 

3.4.2. Swarm-Based Global Exploration 

 

Global exploration is carried out using swarm intelligence, in which each agent updates its solution based on its personal 

experience and the swarm's collective knowledge. Agents combine exploration and exploitation to generate new allocation 

configurations and to exploit high-performing regions, thereby finding diverse and promising candidate solutions in the search 

space. This approach is an efficient way to navigate dynamic workload conditions and heterogeneous cloud resources, thereby 

reducing the risk of premature convergence. Let each agent i have a position vector x_i representing a VM-host mapping. The 

swam update rule is given by Equation (4): 

 

𝑣𝑖(𝑡 + 1) =w𝑉𝑖(𝑡) + 𝑐1𝑟1(𝑝𝑖 − 𝑥𝑖(𝑡))+𝑐2𝑟2(𝑔 − 𝑥𝑖(𝑡))                                                                       (4) 

 

Where: 

 

• 𝑣𝑖(t)=velocity of agent i 

• 𝑃𝑖=personal best solution of agent i 

• G=global best solution across the swarm 

• 𝑐1,𝑐2=cognitive /social coefficients 
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• 𝑟1,𝑟2~𝑈(0,1) are random weights 

 

The fitness function for swarm evaluation is given by Equation (5): 

 

F(𝑥𝑖) = 𝑎. 𝐿𝑜𝑎𝑑𝑏𝑎𝑙𝑎𝑛𝑐𝑒(𝑥𝑖) + 𝛽. 𝑆𝐿𝐴(𝑥𝑖)                                                                                           (5) 

 

By exploiting collaborative behaviours inspired by natural swarms, the system can quickly identify multiple feasible VM-to-

host assignments and balance performance and reliability objectives early in the load-balancing process. 

 

3.4.3. Evolutionary Local Optimization 

 

To refine candidate solutions generated by swarm exploration, evolutionary optimisation operators are used. Selection selects 

the best-fitting solutions; crossover combines aspects of parent solutions to produce potentially better child solutions; and 

mutation introduces diversity, preventing premature convergence and ensuring adaptability. This local refinement helps 

minimise load variance across VMs, reduce migration overhead, and reduce SLA violations, thereby improving overall system 

stability. Selection, crossover, and mutation are mathematically expressed in E Equations (6), (7) and (8). The selection (roulette 

wheel or fitness -based): 

 

P(𝑥𝑖𝑠𝑒𝑙𝑒𝑐𝑡𝑒𝑑 ) =
𝐹(𝑥𝑖)

∑ 𝑝𝑗=1 𝐹(𝑥𝑗)
                                                                                                                   (6) 

 

The crossover (single -point or uniform) is given by (6): 

 

𝑥𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔 = 𝜆𝑥𝑝𝑎𝑟𝑒𝑛𝑡1 + (1 − 𝜆)𝑥𝑝𝑎𝑟𝑒𝑛𝑡2, 𝜆𝜖{0,1}𝑁                                                                            (7) 

 

The mutation (random VM reassignment) is given by Equation (8): 

 

𝑥𝑖
′ = {

𝑟𝑎𝑛𝑑 (1, 𝑀),
𝑥𝑖

         
𝑖𝑓 𝑟𝑎𝑛𝑑(0,1)< 𝜇

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                                                   (8) 

 

Where 𝜇 is the mutation probability. The refined fitness after evolutionary optimisation is denoted by Equation (9): 

 

𝐹𝑟𝑒𝑓𝑖𝑛𝑒𝑑(𝑥) = min 𝐹(𝑋𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔) ∀ 𝑜𝑓𝑓𝑠𝑝𝑟𝑖𝑛𝑔                                                                                   (9) 

 

By integrating global swarm exploration with guided evolutionary optimisation, this framework finds a trade-off between 

exploration and solution fine-tuning, ensuring that the prepared VM allocation is robust and efficient even under rapidly 

changing cloud workloads. 

 

3.4.4. Autonomous Fitness Adaptation 

 

The fitness function that underlies optimisation is dynamically adapted to real-time system conditions. Under high load or in 

the event of an SLA violation, the function focuses on reducing latency and meeting service-level guarantees. On the other 

hand, in stable workloads, efforts are made to ensure energy consumption and migration expenses for better operational 

efficiency. This adaptive weighting mechanism enables context-aware optimisation without manual intervention, making the 

system more effective at responding to changing conditions and heterogeneous workloads. Let the adaptive fitness function be 

a weighted combination given by Equation (10): 

 

F(x,t)=𝑤1(𝑡). 𝐿𝑎𝑡𝑒𝑛𝑐𝑦 (𝑥) + 𝑤2(𝑡). 𝑀𝑖𝑔𝑟𝑎𝑡𝑖𝑜𝑛 𝐶𝑜𝑠𝑡 (𝑋) + 𝑤𝑠(𝑡). 𝐸𝑛𝑒𝑟𝑔𝑦(𝑥)                                (10) 

 

Weights are dynamically adjusted according to the equation (11): 

 

𝑤1(𝑡) = 𝑓(𝑆𝐿𝐴 𝑉𝑖𝑜𝑙𝑎𝑡𝑖𝑜𝑛𝑠(𝑡), 𝑤2(𝑡) = 𝑓(𝑠𝑦𝑠𝑡𝑒𝑚 𝑙𝑜𝑎𝑑(𝑡)), 𝑤3(𝑡) = 1 − 𝑤1(𝑡)                            (11) 

 

Normalisation ensures proper weighting and is given by Equation (12): 

 

𝑤1(𝑡) + 𝑤2(𝑡) + 𝑤3(𝑡) = 1                                                                                                                  (12) 
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This allows context-aware prioritisation of performance vs efficiency. By always relating fitness evaluation to system goals, 

the model ensures that performance and energy efficiency are balanced, promoting sustainable and resilient management of 

cloud resources. 

 

3.4.5. Decision Execution and Feedback 

 

When optimisation is complete, the autonomous control layer implements the most effective solution by performing VM 

migrations or task reassignment. Execution decisions are made based on the optimised allocation strategy to cause as little 

disruption as possible and stay within the SLA. Let 𝑥∗ be the best solution after optimisation, the VM migration or task 

reassignment is given by Equation (13): 

 

Migrate(V,𝑀𝑖 ⟶ ℎ𝑗) ∀𝑖𝑤ℎ𝑒𝑟𝑒 𝑥𝑖
∗ = ℎ𝑗                                                                                                 (13) 

 

System metrics are updated post-execution, as given by Equation (14): 

 

S(t+1)=S(t)+∆𝑆(𝑥∗)                                                                                                                                 (14) 

 

Feedback loop to optimisation is given by Equation (15): 

 

𝐹(𝑋, 𝑡 + 1) = 𝐹(𝑋, 𝑡) +  𝛾. (𝑜𝑏𝑒𝑟𝑣𝑒𝑑 − 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒)                                                   (15) 

 

Where γ is the learning rate for feedback – based adjustment. Simultaneously, system performance metrics (e.g., resource 

utilisation, migration overhead, adherence to the SLA, etc.) are continuously monitored and fed back into the perception and 

optimisation layers. This forms a closed-loop feedback mechanism, enabling the model to learn from previous allocations and 

adjust to dynamic workloads in real time. The feedback-driven approach ensures continuous improvement in load-balancing 

decisions, extending system robustness, responsiveness, and operational efficiency. 

 

3.5. Algorithm for the Proposed Model 

 

Algorithm: Autonomous Hybrid Swarm-Evolutionary Load Balancing (AHSE-LB): 

 

• Initialise cloud environment and system state. 

• Generate an initial population of VM allocation solutions 

• While the termination condition is not met: 

 

• Perform swarm-based position updates 

• Evaluate the fitness of each candidate 

• Apply evolutionary selection and mutation 

• Adapt fitness weights based on system feedback 

 

• Select best solution 

• Execute VM migration and load redistribution 

• Update system state and repeat 

 

3.6. Training Parameters 

 

Some important training and optimisation parameters include swarm population size, evolutionary mutation rate, crossover 

probability, scheduling interval duration, and adaptive fitness weights. These parameters are dynamically tuned based on 

feedback from system performance metrics to maintain robustness across different workload intensities. The termination 

condition is either fitness convergence or a predefined time limit for scheduling. 

 

3.7. Performance Metrics 

 

The proposed model is assessed using several performance metrics, including average response time, degree of load imbalance, 

SLA violation rate, VM migration overhead, energy consumption, throughput, and system scalability. In addition, convergence 

speed and stability under workload surges are analysed to demonstrate the robustness and real-time applicability of the proposed 

framework. 
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4. Experimental Results 

 

4.1. Quantitative Comparison with Related Works 

 

Table 2 presents a comparative analysis of VM load-balancing performance metrics with and without preprocessing for the 

Proposed Model and several benchmark algorithms (GA-LB, PSO-LB, ACO-LB, Fuzzy-LB, and Deep-RL-LB). The metrics 

considered are average response time, load imbalance, SLA violations, VM migration overhead, and energy consumption. 

 

Table 2: Comparative performance metrics with and without preprocessing 

 

Method / Study Pre-

processing 

Avg. 

Response 

Time (ms) 

Load 

Imbalance 

(%) 

SLA 

Violation 

(%) 

VM Migration 

Overhead (ms) 

Energy 

Consumption 

(kWh) 

Proposed Model Yes 152 4.3 1.5 38 9.8 

No 189 7.8 3.2 55 12.4 

GA-LB [24] Yes 198 8.5 4.1 60 13.0 

No 230 12.0 6.0 75 15.0 

PSO-LB [25] Yes 182 7.0 3.7 52 12.2 

No 215 10.2 5.5 68 14.0 

ACO-LB [26] Yes 205 9.2 5.0 63 14.1 

No 240 13.1 7.5 80 16.5 

Fuzzy-LB [27] Yes 175 6.5 3.9 49 11.5 

No 210 9.8 6.0 65 14.2 

Deep-RL-LB [28] Yes 165 5.9 3.3 45 11.1 

No 200 8.5 5.0 60 13.5 

 

Table 2 shows that system performance improves significantly with preprocessing. The results of the proposed model with 

preprocessing outperform those without preprocessing across all metrics. For instance, the average response time is reduced 

from 189ms to 152ms with preprocessing - a 19.6 per cent improvement - and load imbalance is reduced from 7.8 per cent to 

4.3 per cent, indicating more even distribution of workloads. Among all the methods, the proposed model with preprocessing 

has the lowest average response time (152ms) and the lowest load imbalance (4.3 %), significantly outperforming the classical 

evolutionary (GA-LB) and swarm-based (PSO-LB) approaches. Deep Reinforcement Learning-based load balancing (Deep-

RL-LB) has a relatively good response time (165 ms), but not as good as our hybrid approach. SLA violation percentage is an 

indicator of a system's stability under dynamic workloads. The proposed model with preprocessing achieves an SLA violation 

rate of 1.5%, which is approximately 50% lower than the best-performing related work (Deep-RL-LB at 3.3%). This confirms 

that the hybrid strategy, in combination with data preprocessing, helps better adhere to service guarantees. VM migration and 

energy usage overhead are high operational costs. The proposed model with preprocessing has the lowest migration overhead 

(38 ms) and the highest energy efficiency (9.8 kWh) among all the compared methods. These improvements are due to 

preprocessing, which provides more accurate state representations and fewer redundant migrations. Even compared with state-

of-the-art techniques such as Deep-RL-LB, the proposed hybrid swarm-evolutionary model with preprocessing shows 

systematic improvements in key QoS metrics. Preprocessing plays a crucial role in improving performance, underscoring its 

importance in dynamic load balancing. 

 

4.2. Computational Efficiency Analysis 

 

Table 3 presents a comparative evaluation of the computational performance metrics of the Proposed Model and five benchmark 

VM load-balancing methods: GA-LB, PSO-LB, ACO-LB, Fuzzy-LB, and Deep-RL-LB. The metrics considered are execution 

time (s), which refers to the overall time that is required for the algorithm to finish a scheduling interval; iterations to 

convergence, which refers to the number of iterations for reaching a stable VM to host allocation; CPU utilization (%), which 

refers to the average processing resource utilization during execution; and memory footprint (MB), which refers to the amount 

of system memory occupied by the algorithm. Table 3 provides insight into the computational efficiency, convergence speed, 

and resource overhead of the proposed and comparative load-balancing strategies. 

 

Table 3: Computational efficiency comparison of load balancing methods 

 

Method / Study Execution Time (s) Iterations to Convergence CPU Utilisation (%) Memory Footprint (MB) 

Proposed Model 12.6 45 68 312 

GA-LB 18.4 78 75 345 
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PSO-LB 16.7 63 72 328 

ACO-LB 20.1 84 78 361 

Fuzzy-LB 15.3 59 70 334 

Deep-RL-LB 14.9 52 69 340 

 

Table 3 presents the results of the computational efficiency metrics for the proposed autonomous hybrid swarm-evolutionary 

load-balancing model and five state-of-the-art load-balancing approaches. Metrics include execution time (in seconds) to 

inform load-balancing decisions, iterations to convergence (for optimisation-based methods), CPU utilisation during model 

execution, and peak memory usage (in megabytes). All values are averaged across 30 experimental runs on a homogeneous 

evaluation platform with identical simulation settings, ensuring a fair comparison. The comparison of computational efficiency 

in Table 3 highlights key features of the proposed model relative to contemporary techniques. First, the proposed hybrid swarm-

evolutionary model has the shortest execution time (12.6 seconds) among all the compared methods. This decrease in execution 

time (e.g., ~32.7% faster than ACO-LB and ~14.0% faster than PSO-LB) shows that combining swarm intelligence with 

evolutionary refinement accelerates convergence in the resource allocation space and improves search efficiency. 

 

 
  

Figure 3: Execution time comparison of load balancing methods 

 

Second, the proposed model converges in fewer iterations (45) than classical optimisation-based techniques, namely GA-LB, 

PSO-LB, and ACO-LB, which require many more iterations to meet the termination criteria. This indicates the hybrid 

approach's ability to combine global exploration and local exploitation more effectively, reducing unnecessary search overhead. 

Third, the CPU utilisation of the proposed model (68 %) is the lowest among most related works, which range from 69 % to 

78 %.  

 

 
  

Figure 4: Iterations required for convergence across load-balancing techniques 

 

The slightly lower CPU resource consumption indicates that the proposed method is not only efficient in execution time but 

also in resource consumption, which is very useful in cloud-native scenarios where computational overhead affects operational 

costs. Finally, the proposed model has a lower memory footprint (312 MB) than all other methods. ACO-LB and GA-LB use 

more possible memory by ~15.7% in the evaluation platform. This is efficient thanks to optimised data structures and the 
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elimination of redundancies in state representation via robust preprocessing. The proposed autonomous hybrid swarm-

evolutionary strategy demonstrates excellent computational efficiency across the most important operational dimensions, 

demonstrating its applicability to real-time dynamic load balancing in virtualised cloud environments. Figure 3 shows the 

execution time required by various load-balancing methods to achieve optimised resource allocation. The proposed model has 

the lowest execution time of 12.6 seconds, enabling faster decision-making with less computational overhead. In comparison, 

ACO-LB has the longest execution time (20.1 seconds), indicating slower convergence due to its probabilistic search 

mechanism. GA-LB and PSO-LB exhibit higher execution times than the proposed approach, whereas Fuzzy-LB and Deep-

RL-LB show moderate performance. The results confirm that the proposed model is computationally more efficient and can be 

used in real-time cloud scheduling environments. Figure 4 compares the number of iterations required for each algorithm to 

reach convergence. The proposed model converges in only 45 iterations, considerably fewer than GA-LB (78) and ACO-LB 

(84), which require extensive search cycles. PSO-LB (63) and Fuzzy-LB (59) exhibit intermediate convergence speeds, and 

Deep-RL-LB (52) is better, requiring fewer iterations but still more than the proposed model. The reduced number of iterations 

emphasises the faster learning and decision-making capabilities of the proposed approach and enables faster adaptation to 

changing dynamic workloads. 

  

 
 

Figure 5: CPU utilisation comparison of different load balancing models 

 

Figure 5 shows the CPU utilisation levels for the evaluated load-balancing techniques. The proposed model maintains a 

balanced CPU usage of 68%, which is lower than GA-LB (75%) and ACO-LB (78%), indicating reduced processing overhead.  

  

 
 

Figure 6: Memory footprint analysis of load-balancing approaches 

 

PSO-LB (72%) and Fuzzy-LB (70%) indicate moderate utilisation, while Deep-RL-LB (69%) is very close to the proposed 

model. Lower CPU utilisation indicates higher resource efficiency, demonstrating that the proposed method keeps system strain 

to a minimum while providing high performance. Figure 6 shows the memory consumption of various load-balancing 
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algorithms. The proposed model occupies the least memory space, i.e., 312 MB, which is lighter than GA-LB (345 MB), PSO-

LB (328 MB), ACO-LB (361 MB), Fuzzy-LB (334 MB), and Deep-RL-LB (340 MB). ACO-LB again exhibits the highest 

memory consumption, potentially affecting scalability in large-scale cloud infrastructures. The lower memory footprint of the 

proposed approach confirms its suitability for deployment in resource-constrained, real-time cloud environments. 

 

4.3. Ablation Analysis 

 

Table 4 presents an ablation study of the Proposed Hybrid Swarm-Evolutionary Load Balancing Model, examining the 

contribution of each core component (Swarm Intelligence, Evolutionary Optimisation, Adaptive Fitness, and Preprocessing) to 

the system's overall performance. Table 4 compares several versions of the model, including the complete proposed model, 

versions with one or more components deleted, and a baseline model with no hybridisation. The performance metrics considered 

are average response time (ms), load imbalance (%), SLA violation (%), and consumption (kWh). This ablation analysis reveals 

the importance of combining swarm-based global exploration, evolutionary local optimisation, adaptive fitness, and 

preprocessing for efficient VM allocation. It shows that this combination yields the best performance. Table 4 also shows the 

deterioration in performance when any individual component is removed, thereby demonstrating the synergistic effect of the 

hybrid approach in achieving low response times, balanced workloads, SLA compliance, and energy efficiency. 

 

Table 4: Ablation study of the proposed hybrid swarm–evolutionary load balancing model 
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Full Proposed 

Model 
✔ ✔ ✔ ✔ 152 4.3 1.5 9.8 

Without Pre-

processing 
✔ ✔ ✔ ✘ 189 7.8 3.2 12.4 

Without 

Adaptive Fitness 
✔ ✔ ✘ ✔ 174 6.9 2.9 11.6 

Without 

Evolutionary 

Optimisation 

✔ ✘ ✔ ✔ 181 7.5 3.5 12.1 

Without Swarm 

Intelligence 
✘ ✔ ✔ ✔ 196 8.6 4.1 13.3 

Baseline (No 

Hybridisation) 
✘ ✘ ✘ ✔ 214 10.2 5.4 14.8 

 

Table 4 shows an ablation analysis of the individual contributions of the major components of the proposed autonomous hybrid 

swarm-evolutionary load-balancing framework. The analysis systematically removes or turns off one component at a time - 

that is, swarm intelligence, evolutionary optimisation, adaptive fitness control and data pre-processing - while all other 

experimental conditions remain the same. Performance is measured by average response time, load imbalance, SLA violation 

rate, and energy consumption, averaged across several simulation runs. The results in Table 4 clearly show that the individual 

components of the proposed framework play a vital role in achieving the best performance.  

 

The complete proposed model outperforms all ablated variants across all metrics, demonstrating the synergistic benefit of 

hybridisation. Removing pre-processing results in significant degradation (response time rises by 24.3% and violations of the 

strong and slack contraction rules more than double), so these issues of clean, normalised representations of the system state 

are of major importance. Disabling the adaptive fitness mechanism results in reduced SLA compliance and increased energy 

consumption, underscoring the need for context-aware fitness adaptation to handle workload variability. Excluding 

evolutionary optimisation or swarm intelligence leads to large increases in load imbalance and response time, indicating that 

swarm-based exploration and evolutionary refinement are complementary rather than interchangeable optimisation methods. 

Finally, the baseline configuration without hybrid optimisation performs worst, validating the need to integrate all components. 

Overall, the ablation study confirms that the performance gains in the proposed architecture originate from the combination 

and coordination of all its constituent modules. 
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4.4. Comparison of Proposed Model with State-of-the-Art Methods 

 

Table 5 shows a performance comparison of the Proposed Hybrid Load Balancing Model with several state-of-the-art VM 

allocation techniques, i.e. GA-LB (Genetic Algorithm), PSO-LB (Particle Swarm Optimisation), ACO-LB (Ant Colony 

Optimisation), Deep-RL-LB (Deep Reinforcement Learning) and Fuzzy-LB (Fuzzy Logic Based). The metrics compared are 

average response time (ms), load imbalance (%), SLA violation (%), energy (kWh), and scalability (# nodes). 

 

Table 5: Performance comparison of the proposed hybrid load balancing model with state-of-the-art techniques 

 

Method / Study Technique 

Type 

Avg. 

Response 

Time (ms) 

Load 

Imbalance 

(%) 

SLA 

Violation 

(%) 

Energy 

Consumption 

(kWh) 

Scalability 

(Nodes) 

Proposed Hybrid 

Model 

Swarm + 

Evolutionary + 

Adaptive 

Fitness 

152 4.3 1.5 9.8 100+ 

GA-LB (Genetic 

Algorithm) 

Evolutionary 

Optimization 

198 8.5 4.1 13.0 80 

PSO-LB (Particle 

Swarm Optimisation) 

Swarm 

Intelligence 

182 7.0 3.7 12.2 85 

ACO-LB (Ant Colony 

Optimisation) 

Swarm-

Inspired 

205 9.2 5.0 14.1 75 

Deep-RL-LB (Deep 

Reinforcement 

Learning) 

Learning-

Based 

Optimization 

165 5.9 3.3 11.1 90 

Fuzzy-LB (Fuzzy 

Logic Based) 

Rule-Based 

Control 

175 6.5 3.9 11.5 80 

 

Table 5 presents a side-by-side comparison of the proposed hybrid load-balancing model and five representative state-of-the-

art methods from the recent literature. The evaluation metrics are average response time, percentage imbalance in load, 

percentage of SLA violations, energy consumption, and estimated scalability (number of compute nodes effectively supported). 

Techniques are divided into general optimisation paradigms (e.g., evolutionary, swarm intelligence, learning-based, rule-

based). All the metrics were computed on a standardised simulation platform using the same workload traces and clouds to 

ensure fairness. The comparison in Table 5 shows that the proposed hybrid model consistently outperforms current state-of-

the-art methods across key performance indicators. Specifically, the proposed approach has the lowest average response time 

(152 ms), which is much better than traditional swarm (PSO-LB) and evolutionary (GA-LB) techniques by ~30-46 ms. This 

reduction is the sum of the strengths of swarm exploration, evolutionary improvement of swarms, and adaptive fitness tuning, 

which enable faster, more accurate decisions in volatile cloud environments. In terms of load imbalance, the proposed model 

has the lowest load imbalance (4.3%) and hence better resource distribution than competing methods. State-of-the-art swarm-

inspired (ACO-LB) and evolutionary (GA-LB) approaches exhibit imbalance values exceeding 8%, demonstrating the hybrid 

approach's efficiency in reducing hot spots and underutilization.  

 

Importantly, the SLA violation rate of 1.5% in the proposed model is significantly lower than that of other methods, particularly 

compared with ACO-LB (5.0%) and GA-LB (4.1%). This better validates QoS maintenance in dynamic environments, an 

important goal in real-world cloud implementations. Energy consumption is also another differentiator. The value of the hybrid 

model (9.8 kWh) indicates greater energy efficiency than all SOTA methods evaluated, including Deep-RL-LB (11.1 kWh). 

Reduced energy consumption due to adaptive scheduling, minimising unnecessary migration of the VMs and reducing idling 

of the hardware. Finally, based on scalability estimates, the proposed method scales well to 100+ nodes, outperforming other 

approaches such as Deep-RL-LB (~90) and PSA-LB (~85). This improved scalability, as the hybrid optimisation core achieved 

fast convergence and low computational overhead, enabling its application in larger cloud clusters. Overall, the comparative 

analysis confirms that the proposed hybrid swarm-evolutionary model achieves the best performance and operational 

efficiency, setting a new standard in dynamic load balancing for virtualised cloud environments. Figure 7 provides an overall 

comparison of six load-balancing techniques across four important performance criteria: average response time, load imbalance, 

SLA violations, and power consumption. The Proposed Hybrid Model, which combines swarm intelligence, evolutionary 

optimisation, and adaptive fitness strategies, is shown to outperform all baseline approaches across all metrics, demonstrating 

the model's robustness and efficiency in cloud-scale environments.  

 

In terms of average response time, the hybrid model has the lowest (152 ms), indicating faster task scheduling and lower latency. 

On the other hand, ACO-LB has the highest response time (205 ms) due to slower convergence and increased scheduling 
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overheads. GA-LB and PSO-LB have moderate performance, while Deep-RL-LB demonstrates better responsiveness than most 

classical strategies but also falls short of the combination approach. For load imbalance, the hybrid model again has the best 

balance (4.3%), suggesting a more uniform VM distribution and fewer resource hotspots. Traditional swarm and evolutionary 

algorithms, such as ACO-LB (9.2%) and GA-LB (8.5%), exhibit higher imbalance, resulting in inefficient resource use. Deep-

RL-LB and Fuzzy-LB provide a good balance but do not match the adaptability of the hybrid approach. SLA violation rates 

are another clear example of the superiority of the hybrid model, which has a rate of 1.5%, while ACO-LB is 5.0% and GA-

LB is over 4%. Lower SLA violations indicate more reliable service delivery and better QoS compliance. 

 

 
 

Figure 7: Comparative performance analysis of hybrid and intelligent load balancing models 

 

Similarly, the hybrid model consumes the least energy (9.8 kWh), resulting in better power efficiency and greener cloud 

operations. Overall, Figure 7 shows that a combination of swarm intelligence, evolutionary learning, and adaptive fitness 

mechanisms yields a scalable, low-latency, energy-efficient, and SLA-aware load-balancing solution that fits within next-

generation cloud and edge computing systems. 

 

4.5. Statistical Analysis 

 

Table 6 presents the results of a paired t-test analysis comparing the performance of the Proposed Hybrid Load Balancing 

Model with the best competing method, Deep-RL-LB. 

 

Table 6: Paired t-test analysis between the proposed model and the best competing method (Deep-RL-LB) 

 

Performance Metric Proposed Model 

(Mean) 

Deep-RL-LB 

(Mean) 

t-

Value 

p-

Value 

Significance (α = 

0.05) 

Avg. Response Time (ms) 152 165 −7.82 0.0003 Significant 

Load Imbalance (%) 4.3 5.9 −6.45 0.0006 Significant 

SLA Violation (%) 1.5 3.3 −8.11 0.0002 Significant 

Energy Consumption (kWh) 9.8 11.1 −6.97 0.0004 Significant 

 

Table 6 shows the results of a paired t-test that was performed to determine the statistical significance of performance 

differences between the proposed hybrid model and the best opposing state-of-the-art approach (Deep Reinforcement Learning-

based Load Balancing). The test was conducted on paired observations from identical experimental runs and workloads. The 

null hypothesis is that there is no significant difference between the two methods, and the hypothesis is evaluated at the 95% 

confidence level (α = 0.05). 

 

4.5.1. Interpretation of t-Test Results 

 

The results of the paired t-test show that the improvements in the proposed model are statistically significant across all evaluated 

metrics. All p-values are well below the .05 threshold, so researchers reject the null hypothesis in every case. The large absolute 

t-values further provide a strong effect size in favour of the proposed method. Notably, the most significant impact is the 
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reduction in SLA violations and the improvement in response time, demonstrating the efficiency of the hybrid swarm-

evolutionary optimisation and adaptive fitness control. These results provide good statistical evidence that the performance 

increases of the proposed approach are not random variations. 

 

4.6. External Validation and Generalisation to Real-World Conditions 

 

To examine external validity, the proposed autonomous hybrid swarm-evolutionary load-balancing model was tested with 

different workload patterns and system configurations, distinct from those used during model tuning. Specifically, the model 

was evaluated across heterogeneous VM types, variable host capacities, and unseen workload traces that simulate real-world 

cloud phenomena, including flash-crowd events, diurnal demand cycles, and node failures. The model consistently maintained 

improvements in these scenarios and provided stable performance, with low response-time variability, low SLA violation rates, 

and controlled migration overhead. This shows that the learned optimisation behaviour is not over-fitted to a particular dataset 

or simulation setting, but can generalise well across different operational conditions. From a practical deployment perspective, 

the model's adaptive fitness mechanism and autonomous control loop enable easy generalisation to real-world cloud 

environments that experience uncertainty and non-stationarity. Unlike static or rule-based methods, the proposed framework 

dynamically recalibrates optimisation priorities based on feedback from the live system. It can therefore respond to sudden 

workload surges, resource contention, and infrastructure heterogeneity without manual intervention. The low cross-validation 

variance and the statistically significant improvements over state-of-the-art baselines provide greater confidence in the 

robustness of the developed method. Collectively, these results validate the proposed approach as suitable for practical cloud 

platforms, providing scalable, reliable, and energy-efficient load balancing under realistic operating conditions. 

 

4.7. Limitations of the Study 

 

Despite the good performance of the proposed autonomous hybrid swarm-evolutionary load-balancing model, several 

limitations should be considered. First, the experimental evaluation takes place mostly in a simulation-based environment, 

which, though realistic, may not accurately capture all the complexities of large-scale production cloud operations, such as 

hardware faults, network congestion at scale, and vendor-specific virtualisation overheads. Second, although the hybrid 

optimisation framework speeds convergence, its computational cost may be higher in extremely large-scale deployments with 

thousands of nodes, which may require hierarchical or distributed optimisation strategies. Third, the current model focuses on 

infrastructure-level load balancing and does not explicitly include application-level performance metrics, such as microservice 

dependencies and the dynamics of container orchestration. Finally, an adaptive fitness function is based on predefined 

performance indicators; it may be dynamically weighted, but often requires domain-specific tuning when implemented in highly 

specialised cloud settings. These limitations offer significant guidelines for further improvement and practical implementation. 

 

5. Conclusion and Future Directions 

 

5.1. Conclusion of the Study 

 

This study presented an autonomous, hybrid swarm-evolution-based model for dynamic load balancing in a virtualised cloud 

environment, aiming to address the challenges of workload variability, resource heterogeneity, and strict SLA requirements. 

By combining the capabilities of swarm intelligence for global exploration, evolutionary optimisation for solution enhancement, 

and an adaptive fitness mechanism for context-aware decision-making, the desired framework performs better across several 

quality-of-service metrics. Extensive experimental evaluation, including comparative analysis with state-of-the-art methods, 

ablation studies, computational efficiency evaluation, and statistical validation, demonstrates significant improvements in 

response time, load balance, SLA compliance, and energy efficiency. The results confirm that the proposed model provides a 

robust, scalable, and efficient solution for real-time cloud resource management. 

 

5.2. Future Directions for Research 

 

Future research can take this work in several promising directions. First, implementing and verifying the proposed framework 

on real-world cloud platforms, such as OpenStack or Kubernetes-based infrastructure, would provide more information on its 

practical feasibility and operational overhead. Second, the model can be improved by adding application-awareness and 

container-level metrics to support modern microservice-based architectures. Third, incorporating predictive analytics and self-

learning capabilities, such as online reinforcement learning, can lead to even better proactive load balancing for highly volatile 

workloads. Additionally, exploring distributed and hierarchical versions of the hybrid optimisation framework may improve 

scalability in ultra-large cloud data centres. Finally, extending the model to support multi-clouds and edge-clouds would 

increase its applicability to emerging paradigms such as fog computing and Industry 4.0 systems. 
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