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Cloud computing (CC) environments increasingly face challenges in workload imbalance 

and resource contention due to heterogeneous virtual machines (VMs) and dynamically 

changing task demands. Existing scheduling approaches often perform task clustering or 

resource clustering separately, which limits adaptive task–resource matching and may 

reduce resource utilization efficiency. This study proposes an adaptive dual-layer K-

means++ scheduling framework for priority-aware cloudlet–VM allocation in 

heterogeneous cloud environments. The proposed framework integrates cloudlet 

prioritization, dynamic VM resource clustering, level-based matching, and runtime fallback 

allocation within a unified scheduling architecture. Cloudlets are first categorized into 

high-, medium-, and low-priority groups according to task length, while VMs are 

dynamically clustered according to normalized Central Processing Unit (CPU) and Random 

Access Memory (RAM) resource weights. A Utilization-Level Comparator (ULC) is further 

introduced to select suitable VMs within each resource group, enabling adaptive scheduling 

under changing workload conditions. The proposed framework is evaluated using 

CloudSim simulations with different VM configurations (8, 16, and 32 VMs) and workload 

sizes ranging from 50 to 1000 cloudlets. Experimental results demonstrate that the proposed 

approach achieves substantial reductions in average makespan compared with K-means-

based HEFT and Efficient K-means scheduling methods. In particular, Priority-Aware K-

means++ Scheduling of Virtual Machines and Cloudlets (PAKS-VMC) reduces makespan 

by 85.46%–91.90% compared with Kmean HEFT (KmeanH) and by 91.76%–94.78% 

compared with Efficient Kmean (Ekmean) under the tested 16-VM configuration. These 

findings indicate that the proposed framework provides an efficient and adaptive solution 

for workload management and resource allocation (RA) in heterogeneous cloud computing 

environments. 
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1. INTRODUCTION

Cloud computing (CC) is a computing model that enables 

customers to run various computing activities using 

virtualized resources from cloud data centers (CDCs). As 

internet technologies advanced and reliance on CC systems 

increased, there was a need for smarter, more dynamic 

resource and task management mechanisms to achieve 

effective load balancing (LB) and quality of service (QoS) [1-

3]. The computing model CC provides storage resources, as 

well as computing devices and applications, to extend the 

ability to scale distributed computing jobs and task execution. 

Provides three types of cloud services to the CC concept: 

infrastructure-as-a-service (IaaS), platform-as-a-service 

(PaaS), and software-as-a-service (SaaS). The most commonly 

used of these is the IaaS model, which provides processing and 

memory capacity under a Service Level Agreement (SLA) that 

guarantees specific quality and configuration parameters [4, 

5]. One of the most apparent trends in the global CC market is 

the strategy of building a robust, scalable computing 

environment to run complex tasks using the IaaS model. Under 

the IaaS model, an SLA is signed between a cloud provider 

and customers when a clear system goal and the required 

configuration are established [6-8]. The various cloud service 

models are shown in Figure 1. 

Figure 1. The various models have been adapted into cloud 

service models [5] 
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The unbalanced distribution of workload, caused by 

ineffective work schedules and workload heterogeneity, is a 

significant issue in this sphere. As the number of users 

increases and the variance in task sizes (cloudlets) increases, 

cloud environments often suffer from resource contention, 

long execution times, and SLA violations. To address these 

issues, intelligent and dynamic resource allocation (RA) and 

task scheduling frameworks are needed to achieve efficient LB 

[9]. 

The load-balancing strategy enhances overall system 

performance making user satisfaction, ensuring equal resource 

use, and preventing overload on any single node. Using 

effective LB, resources are utilized to the maximum, thereby 

reducing resource waste [10]. A cloud-based LB process is 

used to provide equal distribution of dynamically changing 

workloads to cloud nodes. LB is also useful for ensuring an 

equitable distribution of dynamic workloads across cloud 

nodes. Load management is critical to the stability and 

performance of the system [11]. This efficiency is primarily 

achieved through intelligent RA and task scheduling 

mechanisms that rely on policy-based algorithms implemented 

within the existing infrastructure [12, 13]. There are 

traditionally three main classes of LB algorithms: static, 

dynamic, and hybrid. The foundation of static algorithms is a 

priori information about available system resources and task 

demands, which can make them perform poorly in dynamic, 

unpredictable clouds. This type of algorithm has serious issues 

when system resources are abruptly lost, and system activities 

are disrupted [14]. It is also ineffective, and users' needs 

cannot be fulfilled instantly. Examples include (CLBVM, 

Min-Min, Max-Min, Shortest Job Scheduling, (OLB + 

LBMM), and Round Robin) [15]. However, dynamic 

algorithms operate in real time, adapting their decisions based 

on the system's condition, resource availability, and the nature 

of the tasks. This method can be used to eradicate the 

disadvantages of static approaches. One of them is evenly 

spread current implementation (ESCE), honey bee search, ant 

colony, and biased random sampling [16]. The hybrid 

approaches aim to coax the best from both. 

Hybrid algorithms are built by combining two algorithms to 

exploit their advantages. Several authors applied machine 

learning (ML) techniques by combining load-balancing 

mechanisms with ML to improve resource management and 

cloud performance. Examples include: 

The authors proposed a hybrid load-balancing method that 

combines features of two main strategies, namely Equally 

Spread Current Execution (ESSC) and Double Priority (DP), 

to create a joint algorithm. This approach reduces response 

time and improves reliability between users and cloud 

resources [17]. A scalable hybrid multi-objective load-

balancing algorithm (IMH_LB) achieves significant 

improvements across key QoS metrics in large-scale cloud 

environments (resource utilization, makespan). It combines 

the Grey Wolf Optimization (GWO) algorithm with the 

velocity-driven approach of the Particle Swarm Optimization 

(PSO) [18]. Researchers have developed a hybrid technique 

that combines Genetic Algorithms (GAs) with ML algorithms 

and other traditional techniques, including Round-Robin and 

Least-Connections. They tested it using a Python simulation, 

which demonstrated better resource usage and faster task 

completion [19]. The research team has developed a hybrid 

scheme that integrates WOA and LOA, along with credit-

based and resource-sensitive scheduling. FILL, SPIL, and 

PEFT dynamically allocate tasks to maximize LB, minimize 

makespan, and improve efficiency in cloud environments [20]. 

A hybrid task-scheduling algorithm using a combination of 

Hill-Climbing and GAs improves the optimal RA in the cloud 

environment. The algorithm combines local and global search 

to accelerate convergence, reduce makespan, and improve LB. 

The Simulation has demonstrated higher execution efficiency 

and shorter completion time than standalone heuristics [21]. 

Efficient clustering and hybrid optimization techniques are 

recent trends that are key to system performance and resource 

utilization. Comparing the structure of the WOA with that of 

K-means clustering could help create a better clustering 

structure and reduce energy consumption in complex 

deployments, thereby demonstrating the efficiency of 

adaptive, intelligent clustering processes [22]. A model that 

combines task offloading based on GKOA with priority 

scheduling based on fuzzy algorithms (FPTS) could 

successfully reduce waiting time and energy consumption in 

MEC environments. The study showed that overall system 

performance can be enhanced through the use of priority-

based scheduling and flexible RA [23]. With the growing 

number of algorithms for RA and task scheduling to achieve 

LB in CC networks, modern hybrid algorithms, including 

Kmean HEFT (KmeanH) and Efficient Kmean (Ekmean) for 

the RA and LB, still have limitations when applied to 

heterogeneous virtual environments. Such methods may be 

challenging to implement in a way that is efficient for 

clustering virtual machines (VMs), particularly in terms of 

Central Processing Unit (CPU) and memory resources, or 

dynamically assigning work to meet changing workload 

requirements. The resulting impact of such systems is long 

makespan and execution times, resource underutilization, and 

load imbalance among the data center nodes, all of which have 

a negative impact on the overall QoS. From the perspective of 

information systems engineering, task scheduling and LB in 

cloud infrastructures are not just algorithmic problems, but 

also have implications for the performance and reliability of 

large-scale enterprise and industrial applications that are 

deployed in or on cloud services with strict SLAs [24]. Modern 

information systems are experiencing traction in various 

sectors of the economy, including e-Commerce, online 

banking, healthcare, and Industrial IoT, where cloud-based 

systems are being adopted to manage highly variable 

workloads while maintaining the required QoS [25]. In such a 

setting, poor scheduling can result in SLA violations, slow 

responses, and degraded user experience at the application 

layer [26]. By aligning task priorities with heterogeneous VM 

capabilities, the proposed Priority-Aware K-means++ 

Scheduling of Virtual Machines and Cloudlets (PAKS-VMC) 

framework aims to provide more predictable and robust QoS 

for these information systems and to support the reliable 

execution of business-critical processes across cloud 

infrastructures. This paper addresses the performance gap in 

existing dynamic task scheduling and RA approaches, and the 

need for a more sophisticated, dynamic approach to grouping 

VMs, assigning tasks, and managing real-time VM resource 

states within a single runtime system. The paper proposes a 

framework, PAKS-VMC, to address this gap. The proposed 

PAKS-VMC framework builds upon our previously published 

KMPPVM-DRM approach [27], which introduced dynamic 

K-means++-based VM clustering for RA. While KMPPVM-

DRM focused on VM clustering and RA, it did not address 

coordinated cloudlet clustering, priority-aware task–VM 

matching, fallback allocation, or an integrated runtime 

scheduling framework. These research limitations motivated 
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the development of PAKS-VMC, which extends the previous 

work through dual-layer clustering, priority-aware level 

matching, the Utilization-Level Comparator (ULC), runtime 

adaptive scheduling, and a fallback reallocation mechanism, 

thereby providing a more comprehensive solution for LB in 

heterogeneous cloud environments. The proposed framework 

uses an integrated dual-layer clustering algorithm based on 

unsupervised K-means++, thereby improving the scheduling 

process's efficiency. Cloudlets are categorized into low-, 

medium-, and high-priority lists based on task length, enabling 

a lightweight, efficient, priority-driven process. Dynamically, 

the VMs are adaptively partitioned into three resource levels—

low, medium, and high —according to their CPU and memory 

weights. Under this dual-clustering protocol, the VMs of each 

cluster are then allocated to tasks at the ULC level to balance 

execution and reduce the makespan. 

Accordingly, the study addresses key questions: 

How well can an integrated dual-layer hybrid (using 

unsupervised K-means++) strategy be used to perform 

priority-based task classification and dynamically cluster VMs 

based on runtime CPU and Random Access Memory (RAM) 

weights? 

Does the dual-layer clustering approach improve 

scheduling efficiency (reduce average makespan) and resource 

alignment compared to (KmeanH and Ekmean) methods? 

To what extent does the level-matching allocation strategy 

between clustered tasks and VMs enhance LB and reduce 

resource contention? 

How does the fallback assignment mechanism contribute 

to execution continuity and utilization when ideal VMs are not 

available in a corresponding cluster? 

Can the proposed PAKS-VMC framework contribute to 

improving LB in heterogeneous CC infrastructures? 

The key contributions of the proposed framework are 

pointed out below: 

Propose an integrated dual-layer runtime unsupervised 

clustering mechanism using K-means++ to classify cloudlets 

based on task length into high, medium, and low priority 

levels, and to cluster VMs dynamically in parallel into three 

resource tiers based on runtime CPU and memory 

characteristics (dynamic weighting). 

Introduce a dynamic weighting mechanism for VMs, 

calculated from normalized CPU and memory metrics using 

tunable weight factors (α for CPU and β for RAM) to reflect 

the current state of VM resources. 

Propose a priority-conscious level-based task allocation 

strategy to ensure the highest possible efficiency of task 

execution and efficient resource utilization. Allocate each 

cloudlet in the cluster to its own VM at the same level (e.g., a 

high-priority task to a high-resource VM). 

Include a dynamic fallback mechanism that keeps tasks 

running by reallocating them to other VM clusters when 

resources are unavailable at the desired level. 

Develop an integrated dual-layered scheduling framework 

known as PAKS-VMC, and evaluate its effectiveness 

compared to existing clustering-based scheduling methods 

(Ekmean and KmeanH) in a CloudSim simulation setup, 

where results of the experiments indicate a reduced average 

makespan and better load-balancing performance under the 

tested scenarios. 

The proposed framework, PAKS-VMC, is a hybrid 

dynamic load-balancing framework designed for 

heterogeneous cloud environments. It implements 

unsupervised K-means++ clustering within an integrated dual-

layer execution architecture, with cloudlets assigned to 

priority classes based on length, and VMs dynamically 

assigned to resource tiers based on their capacity, using CPU 

and RAM weight factors. Besides the dual-layer clustering 

mechanism, the framework also implements a priority-aware 

level-matching allocation policy, a ULC to select the most 

appropriate VM based on its dynamic resource weight, and a 

fallback reallocation mechanism to handle allocation failures, 

which support adaptive scheduling, improved resource 

utilization, and enhanced execution performance.  

The rest of this paper is further subdivided into four 

sections: Section 2 presents the related work, Section 

3presents the proposed approach, Section 4 presents the 

experimental environment and results, Section 5 presents the 

conclusion and future work. 

 

 

2. RELATED WORK 

 

Task scheduling and LB in CC have become a topic of 

widespread research over the past few years, as the need to 

utilize resources better and enhance QoS is growing [28]. 

Numerous studies have explored grouping and heuristic 

optimization-based mechanisms to improve QoS, minimize 

makespan, and reduce execution time. In particular, 

clustering-based methods have been widely used for 

classifying tasks or VMs to support more organized allocation 

techniques [29]. However, most of these lack the flexibility to 

adapt to heterogeneous, real-time VM environments, where 

CPU and memory availability fluctuate dynamically. Also, 

most existing literature focuses on task clustering or VM 

clustering individually without considering a coordinated 

task–VM clustering mechanism that matches the 

characteristics of tasks with those of VMs. This constraint 

often leads to suboptimal workload-resource mapping and 

poor workload performance in dynamic environments. This 

section provides a description of the main existing approaches, 

outlines their advantages and disadvantages, and emphasizes 

the research gap targeted by the proposed PAKS-VMC model. 

Relevant studies in this domain are summarized as follows: 

Muthusamy and Chandran [30] proposed a model of a 

framework called Cluster-Based Task Scheduling (CBTS) to 

cluster tasks according to their length and VMs according to 

processing capacity using K-means clustering. The purpose of 

the model is to reduce execution time and makespan, and to 

achieve dynamic LB in CDCs. Sohani and Jain [31] proposed 

a RA model that was dependent on the forecasting of future 

resource usage in order to optimize VM allocation in real time. 

The approach optimizes LB, shortens the makespan, and 

minimizes energy consumption. Meyer et al. [32] introduced 

the ML-based dynamic classification paradigm for 

interference-aware and CC resource scheduling. The method 

focuses on classifying applications by interference level to 

reduce performance degradation and SLA violations caused by 

resource contention. The evaluation metrics include resource 

utilization, SLA violations, and workload efficiency. Meyer et 

al. [33] proposed Interference-Aware Dynamic Architecture 

(IADA), a scheduling model that aims to alleviate cross-

application interference in cloud environments, especially for 

latency-sensitive services. The scheme combines Software-

Defined Networking (SDN) and dynamic scheduling to 

account for the workload's sensitivity to delay. The core goal 

is to reduce SLA breaches and increase resource utilization 

when numerous applications share the same resources. 
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Mustapha and Gupta [34] presented a way of optimizing RA 

and task scheduling with the Density-Based Spatial Clustering 

of Applications with Noise (DBSCAN) mechanism that is 

premised on the idea of categorization of VMs based on their 

past behavior. This approach minimized execution time and 

the average start and finish times. Elsakaan and Amroun [35] 

proposed a multi-level hybrid approach that uses K-means 

clustering, Round-Robin, and a GA to achieve effective LB. 

The process improves makespan, response time, and SLA 

compliance. Ghasemi and Keshavarzi [36] proposed an 

energy-efficient VM placement model using a K-means 

clustering algorithm with reinforcement learning to reduce 

energy consumption in heterogeneous cloud resource settings. 

The strategy delivered better VM utilization and reduced SLA 

violations. Lwin [37] introduced a multi-step scheduling 

model that incorporates K-means-based clustering and a multi-

objective optimization algorithm for scientific activities in 

heterogeneous cloud environments. The methodology 

considers communication, computation, first-finish time, 

makespan, resource usage, and task length to improve 

scheduling decisions. Alsubaei et al. [38] proposed two K-

means-based scheduling algorithms: Ekmean, in which tasks 

are grouped based on their structural similarity, and KmeanH, 

in which a combination of K-means and the HEFT mapping 

algorithm is employed to schedule and assign tasks to VMs. 

The solutions reduce the makespan and optimize scheduling in 

heterogeneous clouds. Zhu [39] proposed an unsupervised 

learning-based cloud resource management algorithm based 

on DBSCAN clustering. The approach classifies cloud 

resources based on utilization patterns, enabling proactive 

allocation and dynamic scaling. Dynamic clouds were tested 

for scalability, resource usage, and responsiveness. Lwin and 

Thaw [40] proposed a multi-objective scheduling management 

system for cloud computational scientific workflows using K-

means clustering. The method uses computing and 

communication costs to sort jobs by shortest finish time and 

period, and allocate them to the right VMs. Experiments on 

Montage and Sipht workflows in WorkFlowSim indicate 

considerable improvements in makespan, execution time, and 

LB compared to FCFS and Min-Min. Alharbe [41] presented 

a new scheduling algorithm, Budget and Time Constrained 

Heterogeneous Early Completion (BDHEFT), an upgraded 

version of the HEFT algorithm that uses fuzzy waterfall 

methods for cloud project scheduling. By grouping resources 

according to their characteristics, the method reduces search 

costs and speeds up resource selection under budget and 

deadline constraints. Experimental validation shows that 

execution time and scheduling costs are reduced, but reliance 

on fuzzy modeling increases system complexity. 

From the comparative analysis of the related works, key 

insights are observed: 

•The majority of clustering-based methods [30, 34, 37, 40, 

41] use K-means, DBSCAN, or fuzzy clustering to cluster 

tasks or resources, thereby improving execution time and 

makespan. Nevertheless, these approaches generally lack 

fallback mechanisms for unallocated cloudlets, making them 

less adaptable to real-time heterogeneous clouds. Interference-

aware and predictive models [32, 33] can significantly 

improve SLA compliance; however, they often incur high 

computational costs and require workload profiling.  

•Hybrid systems that combine clustering with 

metaheuristics or reinforcement learning [31, 36, 38, 39] are 

very effective at optimization but are computationally 

complex, less scalable, and highly dependent on parameter 

tuning or training processes. Energy-efficient schemes [36] 

enhance VM utilization but address power consumption only 

to a limited extent and do not account for task-level QoS needs. 

 

Table 1. Comparative analysis of related work and the proposed PAKS-VMC framework 
 

Reference Method 
Clustering 

Target 

Dynamic VM 

Weighting 

Priority-

Aware Tasks 

Fallback 

Mechanism 
Limitation 

Muthusamy and 

Chandran [30] 
CBTS (K-means) Tasks + VMs × × × 

No dynamic VM 

adaptation at runtime 

Sohani and Jain 

[31] 
Predictive RA VMs only Partial × × 

High computational 

overhead 

Meyer et al. [32] ML Classification Tasks only × × × 
Requires workload 

profiling 

Mustapha and 

Gupta [34] 
DBSCAN VMs only × × × 

Sensitive to clustering 

parameters 

Elsakaan and 

Amroun [35] 

K-means + GA + 

RR 
Tasks + VMs × Partial × 

Lacks adaptive VM 

weighting, poor scalability 

Ghasemi and 

Keshavarzi [36] 
K-means + RL VMs only Partial × × 

Energy-focused, ignores 

task QoS 

Lwin [37] 
K-means + Multi-

objective 
Tasks only × Partial × 

No dynamic VM resource 

tracking 

Alsubaei et al. [38] Ekmean / KmeanH Tasks only × √ × 
Static clustering, random 

assignment 

Zhu [39] DBSCAN 

Resource 

utilisation 

patterns 

Partial × × 
Sensitive to clustering 

parameters 

Lwin and Thaw 

[40] 
K-means workflow Tasks only × Partial × Limited to workflow tasks 

Alharbe [41] BDHEFT + Fuzzy Resources Partial √ × 
Fuzzy complexity, budget-

constrained 

Proposed PAKS-

VMC 

K-means++ Dual-

Layer 
Tasks + VMs √ √ √ 

Evaluated only within 

CloudSim-scale 

simulations 
Note: VM = virtual machine, CBTS = Cluster-Based Task Scheduling, RA = resource allocation, ML = machine learning, DBSCAN = Density-Based Spatial 

Clustering of Applications with Noise, GA = Genetic Algorithm, QoS = quality of service, PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 
Machines and Cloudlets, BDHEFT = Budget and Time Constrained Heterogeneous Early Completion, KmeanH = Kmean HEFT, Ekmean = Efficient Kmean. 
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Table 2. Methodological comparison of KMPPVM-DRM and PAKS-VMC 

 
Methodological 

Aspect 
Previous Work (KMPPVM-DRM) Present Work (PAKS-VMC) 

Research objective 
Dynamic VM clustering and resource allocation 

(RA) 
Integrated runtime scheduling of cloudlets and VMs 

Research scope VM clustering and resource allocation (RA) 
Integrated cloudlet–VM scheduling and runtime resource 

management 

Main contribution 
Dynamic K-means++ -based VM clustering 

framework 
Integrated dual-layer K-means++ scheduling framework 

Clustering mechanism Dynamic K-means++ clustering for VMs 
Coordinated dual-layer K-means++ clustering for cloudlets 

and VMs 

Scheduling strategy VM allocation based on dynamic VM weights 
Priority-aware level matching with runtime adaptive 

scheduling 

Fallback mechanism Not included Runtime fallback allocation 

Experimental 

evaluation 
ExT, AST, AFT Makespan, AExT, AST, AFT 

Research progression Methodological foundation of the present study Methodological extension with integrated runtime scheduling 
Note: KMPPVM-DRM = K-means++ Based Dynamic Clustering Approach for Virtual Machine Resource Allocation in Cloud Data Centers, PAKS-VMC = 
Priority-Aware K-means++ Scheduling of Virtual Machines and Cloudlets, VM = virtual machine, AST = Average Start Time, AFT = Average Finish Time, 

AExT = Average Execution Time.  
 

Although previous works have shown the benefits of 

clustering-based and hybrid scheduling methods to reduce 

makespan, to balance the load, and to optimize resource 

utilization, several limitations remain in heterogeneous cloud 

environments. Most existing approaches perform either task 

clustering or VM clustering independently, which limits 

adaptive matching between workload characteristics and 

runtime resource states. Further, many approaches rely on 

static scheduling assumptions and heuristic allocation policies, 

or employ computationally intensive optimization 

mechanisms, limiting their flexibility under dynamically 

varying workloads. Furthermore, several clustering-based 

scheduling frameworks lack runtime fallback mechanisms and 

dynamic VM reclassification, which may lead to resource 

imbalance and allocation interruptions under heterogeneous 

conditions. Thus, there is still a need for an integrated, 

lightweight scheduling framework that efficiently supports 

adaptive task prioritization, dynamic VM clustering, and 

runtime resource-aware allocation, all within a unified 

scheduling architecture. Table 1 provides a comparative 

analysis of related studies and the PAKS-VMC framework. 

Our previously published study [27] introduced a dynamic 

K-means++-based framework for VM clustering and RA in 

heterogeneous cloud environments. The study demonstrated 

the effectiveness of adaptive VM clustering for improving 

resource management. Building upon this methodological 

foundation, the present work extends the previous framework 

by integrating coordinated cloudlet scheduling with dynamic 

VM clustering into a unified runtime scheduling framework. 

Specifically, the proposed PAKS-VMC framework introduces 

coordinated dual-layer clustering, priority-aware level 

matching, runtime adaptive scheduling, and a fallback 

reallocation mechanism. A methodological comparison 

between KMPPVM-DRM and the proposed PAKS-VMC 

framework is presented in Table 2. 

In light of these limitations, this paper proposes the PAKS-

VMC framework, which integrates dual-layer K-means++ 

clustering for both VMs and cloudlets within a unified runtime 

scheduling architecture. The framework's goal is to enhance 

adaptive task–VM matching, runtime resource utilization, and 

scheduling performance in heterogeneous cloud 

environments. Accordingly, the proposed PAKS-VMC 

framework differs from existing clustering-based scheduling 

approaches by integrating a K-means++-based clustering 

mechanism, dynamic VM weight updating, priority-aware 

level matching, and fallback-based runtime allocation. The 

details of the framework and its scheduling mechanisms are 

presented in the next section. 

 

 

3. PROPOSED FRAMEWORK 

 

This section introduces the proposed framework, PAKS-

VMC, for the CC environment. It implements unsupervised K-

means++ clustering within an integrated dual-layer runtime 

framework. This dual-layer clustering mechanism integrates 

the advantages of priority-aware cloudlet classification and 

adaptive dynamic VM clustering simultaneously, forming a 

hybrid scheduling mechanism that leverages the benefits of 

dynamic scheduling and balanced RA. The main objective of 

this approach is to support adaptive task scheduling and 

balanced resource utilization in cloud data centres, thereby 

reducing average makespan and improving load-balancing 

performance under dynamic workload conditions. In contrast 

to traditional approaches that group tasks or VMs separately, 

the proposed framework integrates cloudlet classification, VM 

clustering, and runtime allocation mechanisms within a 

unified scheduling architecture, as illustrated in Figure 2.  

The proposed approach (PAKS-VMC) includes the 

following. 

 

3.1 Integrated dual-layer clustering mechanism 

 

Task clustering: Upon arrival at the broker, tasks are 

clustered by K-means++ into three priority classes (high, 

medium, low) based on their length, enabling prioritization. 

Each priority level is placed in a separate queue. 

VM clustering: VMs are dynamically grouped into three 

resource levels–low, medium, and high– using K-means++ 

based on normalized weights calculated from CPU and RAM 

capacities. These weights are calculated according to Eq. (1), 

which allows clusters to adapt to the current state of system 

resources. 

 

𝑊𝑣𝑚𝑖 =
(𝛼 ∗ 𝐶𝑝𝑢𝑣𝑚) + (𝛽 ∗ 𝑅𝑎𝑚𝑣𝑚)

100
 (1) 

 

𝑊𝑣𝑚𝑖  is the computed VM weight, while α and β in Eq. (1) 
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are weighting coefficients assigned to CPU and RAM 

resources, respectively, such that (α + β = 1). These 

parameters, α = 0.6 and β = 0.4, were selected to reflect the 

greater importance of CPU relative to memory resources in a 

cloud environment. Also, 𝐶𝑝𝑢𝑣𝑚 in Eq. (1) means available 

CPU resources, while 𝑅𝑎𝑚𝑣𝑚  means available RAM 

resources in the VMs. During runtime, a weight map is 

maintained to record VM identifiers, available resource 

capacities, and the VM weight values. These weights are 

updated continuously and reflect the system's state. VMs are 

grouped into multiple levels of availability using the K-

means++ algorithm based on the updated weights. Figure 3 

illustrates the complete VM weight computation and 

clustering process. 

In PAKS-VMC, tasks and VMs are grouped into k clusters 

through the K-means++ clustering algorithm. The key features 

of this algorithm are as follows: 

Number of clusters (k): In this study, k = 3, representing 

three distinct levels of VM capacity and corresponding task 

compatibility (high, medium, and low). 

Centroid initialization strategy: K-means++ selects initial 

centroids to enhance stability and convergence. The initial 

centroids for VM clustering are selected based on dynamic 

weights computed from CPU and RAM capacities. In task 

clustering, the centroids are calculated based on task length. 

This method makes the clusters more balanced, thus 

accelerating convergence. 

Distance metric: The clustering process uses the Euclidean 

distance metric. For VMs, the distance is calculated using 

normalized weights for CPU and RAM that reflect the 

availability of processing and memory resources. For tasks, 

the distance is computed using length values, allowing similar-

sized tasks to be effectively grouped. 

 

3.2 Priority-aware level-matching strategy 

 

After the integrated dual-layer clustering of tasks and 

resources is complete, a priority-aware level-matching 

strategy is implemented, pairing each task queue with the VM 

group of its respective level (e.g., the high-priority task queue 

is paired with the high-capacity VM group). This step 

organizes a systematic correspondence between task queues 

and VM groups based on their respective levels. In contrast, 

the actual task assignment is deferred to the next step via the 

ULC. This alignment ensures that allocation decisions remain 

consistent with task requirements and the available resource 

capacities throughout the scheduling process. 

 

 
 

Figure 2. Diagram of the Priority-Aware K-means++ Scheduling of Virtual Machines and Cloudlets (PAKS-VMC) framework 

 

2536



 
 

Figure 3. Virtual machine (VM) dynamic weight calculation, 

weight map storage, and K-means++ Clustering process 

 

3.3 Utilization-Level Comparator 

 

The ULC is applied to select the optimal VM within each 

VM cluster based on the earlier-calculated weight. ULC takes 

such weights and picks the VM with the highest resource 

score. Then the task in the queue related to that VM is 

allocated to the selected VM, as specified in Eq. (2). The 

process is dynamically and concurrently applied across the 

three priority levels to ensure a proper match between task 

needs and resource capacities. The VMs are utilized optimally 

during runtime. 

 

𝑉𝑀𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑣𝑚𝑖∈𝑐𝑗𝑊𝑣𝑚𝑖  (2) 

 

where, 𝑉𝑀𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑: the VM chosen to work on the following 

task. 𝑉𝑀𝑖: a VM of 𝐶𝑗. 𝐶𝑗: the cluster of the VMs. 𝑊𝑣𝑚𝑖: the 

weight of a 𝑉𝑀𝑖 is the optimal capacity, or how suitable the 

VM is for the cloudlet. 𝑎𝑟𝑔𝑚𝑎𝑥: the function selects the VM 

with the highest weight. 

The dynamically changing weight map for the VMs is 

updated after task assignment, based on variations in resource 

utilization caused by task execution.  

These updated weights are then used in subsequent 

scheduling cycles to support adaptive allocation decisions, and 

the process continues iteratively until all necessary tasks are 

accomplished. 

 

3.4 Fallback mechanism 

 

The proposed PAKS-VMC framework includes a 

lightweight fallback mechanism to ensure allocation 

continuity during runtime scheduling. The number of available 

VM tiers can temporarily fluctuate as VM resource weights 

are dynamically updated and re-clustering is initiated, 

potentially resulting in fewer than 3 VM tiers at a given 

scheduling cycle. When the VM tier matching a given cloudlet 

priority level is unavailable, the affected cloudlets in that 

priority queue are rescheduled to the remaining VM tiers based 

on the updated resource suitability. The mechanism averts 

execution interruption, minimizes queuing delay, and 

promotes even distribution of available resources in dynamic 

and heterogeneous cloud environments, as explained in Eq. 

(3): 

 

𝑉𝑀{𝑎𝑙𝑡} = 𝑎𝑟𝑔𝑚𝑎𝑥
{𝑉𝑀𝑖∈𝐶{{𝒂𝒗𝒂𝒊𝒍}}}(𝑊{𝑣𝑚𝑖})

 (3) 

 

where, 𝑉𝑀𝑎𝑙𝑡: the fallback mechanism chooses an alternative 

VM when the VM tier for the priority match is unavailable. 

C𝑎𝑣𝑎𝑖𝑙  is the set of the available VMs of the remaining VM 

tiers after re-clustering. Figure 4 illustrates the priority-aware 

level-matching and fallback allocation mechanisms in the 

proposed PAKS-VMC framework. 

Following the computation of the weights of VMs as per Eq. 

(1), the selection mechanism as explained in Eq. (2), and the 

fallback mechanism as defined in Eq. (3), the symbols and 

parameters of the proposed PAKS-VMC model are 

summarized in the Nomenclature in order to facilitate easy 

understanding. 

Overall, the proposed framework (PAKS-VMC) is a 

sophisticated, adaptive framework for dynamic RA and task 

scheduling in heterogeneous cloud systems. It exploits the 

power of an integrated dual-layer K-means++ clustering 

mechanism, combining priority-aware cloudlet grouping with 

resource-aware dynamic VM clustering, to deliver improved 

performance and scalability compared to existing clustering- 

and scheduling-based algorithms. The goal of the proposed 

PAKS-VMC is to schedule the workload and maximize RA in 

heterogeneous cloud data centres. The pseudocode for the 

proposed PAKS-VMC approach is provided to depict the 

underlying formulas, parameters, and decision-making 

process. The proposed PAKS-VMC approach was tested with 

various task sizes (e.g., 50–1000 tasks) and different numbers 

of VMs (e.g., 8, 16, and 32). The flowchart shown in Figure 5 

represents the steps involved in the proposed PAKS-VMC 

scheduling and RA approach. The integrated process for dual-

layer clustering is described in the following flowchart, with 

cloudlets clustered using the priority K-means++ protocol, and 

VMs clustered dynamically based on their weights. It is also 

the level-matching strategy that is sensitive to priority and the 

ULC-based VM selection mechanism during runtime 

scheduling. Finally, the flowchart illustrates the adaptive 

(dynamic) RA within the dynamic weight update, fallback 

handling, and the QoS assessment phases. The experiments 

were carried out over a limited range of workloads; however, 

the computational properties of K-means++ suggest it may be 

applicable in larger cloud environments. Since K-means++ is 

an unsupervised algorithm, it adapts to changes in the number 

of VMs. At the same time, the weight-based classification 

(CPU and RAM with adjustable parameters α and β) allows 

the system to extend naturally to larger VM pools and 

heterogeneous workloads. Future work includes evaluating the 

proposed framework in larger-scale cloud environments with 

up to 100 VMs, workloads of over 10,000 tasks, and simulated 

concurrent user requests. 

Moreover, unlike either clustering-only scheduling systems 

such as the study [30] or complex hybrid systems such as the 

study [35], the PAKS-VMC framework, as shown in 

Algorithm 1, is an integrated dual-layer runtime architecture. 

Although other approaches, such as interference-aware or 
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predictive scheduling [32], address SLA compliance through 

workload profiling, they are computationally expensive. 

Although these methods are not part of the existing 

framework, they may be explored in future research to be 

combined with the proposed PAKS-VMC and predictive or 

regression-based models to select VMs more appropriately, 

thereby predicting resource usage and allocating resources 

more efficiently in the highly dynamic cloud environment. 

 

 
 

Figure 4. Priority-aware level-matching and fallback allocation mechanism in the proposed Priority-Aware K-means++ 

Scheduling of Virtual Machines and Cloudlets (PAKS-VMC) 

 

 
 

Figure 5. Flowchart illustrating the proposed framework 
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Algorithm 1. The proposed (PAKS-VMC) framework  

Input: 

• List of Cloudlets (Tasks) with length L(c) 

• List of VMs with characteristics 

• Clustering parameter K = 3 

Output: Cloudlets assigned to VMs, QoS averages 

Phase 1: Integrated Dual-Layer Clustering (Single 

Framework)  

1.    Task clustering (K-means++): three priority queues by 

task length 

2.    TaskClusters ← K-means++(feature = L(c), K = 3) 

3.    Map task clusters into three priority queues: 

(QH, QM, QL) ← MapTaskClustersToQueues(TaskClusters) 

high, medium, low 

4.    VM weight computation + VM clustering (K-

means++): three VM groups by weight 

For each 𝑽𝑴𝒊 ∈ 𝑽 do 

5.   𝑽𝑴𝒘(𝑽𝑴𝒊) = ((𝜶 ∗ 𝑪𝒑𝒖𝒗𝒎(𝑽𝑴𝒊) + (𝜷 ∗

𝑹𝒂𝒎𝒗𝒎(𝑽𝑴𝒊)))/𝟏𝟎𝟎 

End for 

6.    VMClusters ← K-means++(feature = 𝑽𝑴𝒘(𝑽𝑴𝒊), K = 

3) 

7.  (CH, CM, CL) ← MapVMClustersToGroups(VMClusters) 

high, medium, low 

Phase 2: Priority-Aware Level-Matching  

8.    Align QH ← CH, QM ← CM, QL ← CL 

Phase 3: ULC Selection + Simultaneous Assignment 

9.   While (QH not empty) OR (QM not empty) OR (QL not 

empty) do 

10.    For each pair (Qc, Qcj}) ∈ {(QH, CH), (QM, CM), (QL, 

CL)} do 

11.    If Q is empty then continue 

12.    c ← front(Qc) 

13.    ULC inside the matched group: choose the VM with 

highest weight 

𝑽𝑴𝒂𝒔𝒔𝒊𝒈𝒏𝒆𝒅 = 𝒂𝒓𝒈𝒎𝒂𝒙𝒗𝒎𝒊∈𝒄𝒋𝑾𝒗𝒎𝒊 

14.    If  𝑽𝑴𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝  is feasible for c then 

15.    Assign c →𝑽𝑴𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 ; pop(Qc) 

16.    Update VM weight after assignment/execution 

17.    Update 𝑪𝒑𝒖𝒗𝒎(𝑽𝑴𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 ), 𝑹𝒂𝒎𝒗𝒎(𝑽𝑴𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 ) 

𝐕𝐌𝐰(𝐕𝐌𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 )
= ((𝛂 ∗ 𝑪𝒑𝒖𝒗𝒎(𝐕𝐌𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 ) + (𝛃

∗ 𝑹𝒂𝒎𝒗𝒎(𝐕𝐌𝐚𝐬𝐬𝐢𝐠𝐧𝐞𝐝 )))/𝟏𝟎𝟎 

Else 

Phase 4: Fallback Mechanism 

𝑽𝑴{𝒂𝒍𝒕} = 𝒂𝒓𝒈𝒎𝒂𝒙
{𝑽𝑴𝒊∈𝑪{{𝒂𝒗𝒂𝒊𝒍}}}(𝑾{𝒗𝒎𝒊})

 

18.    If 𝑽𝑴{𝒂𝒍𝒕} is feasible then 

19.    Assign c →𝑽𝑴{𝒂𝒍𝒕}; pop(Qc) 

20.    Update 𝑪𝒑𝒖𝒗𝒎(𝑽𝑴{𝒂𝒍𝒕}), 𝑹𝒂𝒎𝒗𝒎(𝑽𝑴{𝒂𝒍𝒕}) 

𝑽𝑴𝒘(𝑽𝑴{𝒂𝒍𝒕})) = ((𝛂 ∗ 𝑪𝒑𝒖𝒗𝒎(𝑽𝑴{𝒂𝒍𝒕})) 

+(𝛃 ∗ 𝑹𝒂𝒎𝒗𝒎(𝑽𝑴{𝒂𝒍𝒕}))))/𝟏𝟎𝟎 

End if 

End if 

End for 

End while 

For each executed_task_ti do 

Record execution time, start and finish time 

If all tasks completed then 

Compute and output average QoS (Makespan, 

execution, start, and finish time) metrics; break 

Else 

Update VMweights dynamically to reflect current 

loads; continue 

4. EXPERIMENTAL ENVIRONMENT AND RESULTS 

 

This section describes the experimental setup of the 

proposed framework and carries out a detailed interpretation 

of the evaluation results.  

 

4.1 Experimental environment 

 

4.1.1 Hardware specification 

All experiments were performed on a local machine with 

the CPU, RAM, and Windows 10 (64-bit) operating system 

specifications outlined in Table 3. The purpose of such a setup 

is to show the lightness and affordability of a solution that does 

not require powerful computing tools to deliver efficient 

results. More sophisticated load-balancing algorithms, such as 

deep learning, tend to require powerful GPUs and large 

amounts of memory. 

 

Table 3. Hardware specification 

 
Component Specification 

Operating system Windows 10, 64-bit architecture 

Processor Intel Core i7 @ 2.6 GHz 

RAM 16.0 GB 

 

4.1.2 Software and tools 

CloudSim serves as the primary simulation tool for 

researchers who measure cloud performance and model cloud 

solutions to eliminate dependence on physical infrastructure 

and minimise costs. It is an externally importable software that 

can be used in programming environments to simulate CC 

infrastructures. Entities and computing resources used to test 

the proposed method are modelled based on the allocation and 

scheduling scenario within the cloud environment. The 

simulation was conducted using CloudSim 3.0.3. It was 

chosen for this work because it performs well, supports Java-

based development, and is compatible with external Java 

libraries for clustering (such as Smile). It is applicable to the 

proposed model, making it compatible with ML and 

reproducible in similar research. Simulation-based results may 

not fully capture all runtime characteristics of real-world cloud 

infrastructures, such as network variability, virtualization 

overhead, and multi-tenant interference. The CloudSim 

simulation environment was configured using the default 

event-driven architecture provided by CloudSim 3.0.3. 

VMs were created using the 

CloudletSchedulerSpaceShared scheduling policy, in which 

each VM executes cloudlets in a space-shared manner across 

the allocated processing elements (PEs). CloudSim internally 

manages the event queue through its discrete-event simulation 

engine. In addition, waiting queues were created for tasks after 

applying the clustering process to classify cloudlets into high-, 

medium-, and low-priority groups based on their 

computational lengths, resulting in dynamic queue sizes that 

vary with workload conditions and runtime clustering results. 

The simulation was undertaken using a single data centre with 

2 hosts, with the number of VMs set to 8, 16, and 32 to 

represent different levels of resource availability. The sizes of 

the experimental tasks ranged from 50 to 1000 cloudlets. 

These different task loads and VM settings were used to test 

the performance of the proposed PAKS-VMC approach with 

typical and overloaded workloads in the simulation 

environment. The summary of the configuration of all 

submitted tasks (cloudlets) is in Table 4. The number of tasks 

ranges from 50 to 1000, and the simulation can handle both 
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heavy and light workloads. There are also three categories of 

tasks by length, with lengths of 1,000 (lightweight user 

request), 2,000 (moderate processing), and 4,000 (compute-

intensive application), similar to a data analytics application. 

These simulation values were chosen to represent a diversity 

comparable to that found in previous task scheduling studies 

[38]. Its design will enable extensive testing of the load-

balancing algorithms on a range of heterogeneous workloads 

of different magnitudes and complexity. 

Table 5 shows the Low, Medium, and High VM types, along 

with RAM, MIPS, and PEs. These configuration values are 

adopted from [38] to maintain consistency with existing 

benchmarks. These configurations are used in the proposed 

PAKS-VMC framework, where VMs are classified into low-, 

medium-, and high-resource clusters using K-means++ based 

on their CPU and memory weights. As a result of this 

categorization, the cloud environment can distribute work 

based on size and resource requirements, resulting in real-

time, balanced utilization of all resources. 

 

Table 4. Task workload configuration parameters 

 
Parameters Values 

Task length 1000/2000, 4000 

Input file size 300 Byte 

Output file size 300 Byte 

Processing element (PE) 1-2 

 

Table 5. Type of virtual machines (VMs) 

 
VM Category Mips, RAM (MB), Pe 

Low (1000,512,1) 

Medium (3000,1536,2) 

High (4000,2048,3) 

 

4.2 Performance metrics 

 

To fully assess the performance of the proposed PAKS-

VMC framework, multiple performance indicators were 

considered. To be consistent with the study under comparison 

[38], the average makespan measure was adopted for direct 

comparison. However, the proposed PAKS-VMC framework 

incorporates a broader range of performance indicators within 

the evaluation framework to make it more comprehensive, 

including Average Start Time (AST), Average Finish Time 

(AFT), and Average Execution Time (AExT). 

•Makespan: The maximum time taken by any Cloudlet to 

execute on available VMs. It is among the most significant 

factors in the assessment of scheduling algorithms, as it 

directly affects the system's overall performance and the time 

required to complete workloads. The mathematical 

formulation of makespan is adopted from [38], as expressed in 

Eq. (4): 

 

𝑀𝑎𝑘𝑒𝑠𝑝𝑎𝑛 = 𝑀𝑎𝑥{𝐹𝑖𝑛𝑖𝑠ℎ𝑖𝑛𝑔 𝑇𝑖𝑚𝑒(𝑇𝑖, 𝑉𝑗)} (4) 

 

•Execution Time (ExT): ExT is the actual CPU execution 

duration taken to perform a task on a VM [42]. It is one of the 

primary metrics of VM performance because minimizing 

execution time also improves overall system performance. 

•Finish Time (𝐅𝐓) and Start Time (𝐒𝐓): The start time and 

finish time of a task are the times the task begins and finishes, 

respectively. These are some important points to consider 

when scheduling. ST occurs when a resource (e.g., a VM) is 

assigned to the task and the task starts running. FT is the time 

at which the task finishes its execution. The completion time 

(CT) or (FT) is calculated with the help of Eq. (5) below: 

 

𝐹𝑇 = 𝑆𝑇 + 𝐸𝑥𝑇 (5) 

 

where, ST is the start time, and ExT is the execution time.  

In that regard, the improvement is reflected in reductions in 

the following metrics: average makespan, ExT, ST, and FT. 

The fact that all these metrics have lower values implies that it 

will run faster, experience fewer delays, and better utilize its 

resources, resulting in improved QoS and LB. All time-based 

metrics are reported in seconds (s), consistent with the 

CloudSim simulation environment. 

 

4.3 Evaluation of PAKS-VMC under different task loads 

and Virtual Machine configurations 

 

Here, the proposed PAKS-VMC framework is evaluated 

under different test cases with numbers of VMs of 8, 16, and 

32 to represent varying levels of resource availability. The 

sizes of the experimental tasks ranged from 50 to 1000 

cloudlets, allowing testing of the framework under varying 

load conditions. This variant allows for simulating a variety of 

cloud conditions and checking scheduling and resource-

allocation actions when workload increases. The proposed 

PAKS-VMC framework is compared with representative 

baseline clustering-based scheduling models, i.e., Ekmean and 

KmeanH [38]. In this paper, the following performance 

measures are used for evaluation: 

 

Table 6. Average makespan (s) with 8 virtual machines 

(VMs) 

 
No. of Tasks KmeanH Ekmean Proposed PAKS-VMC 

50 333 327.6 31.161 

100 717.6 703 71.804 

150 1035 1029.6 121.982 

200 1360 1580 145.212 
Note: PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 

Machines and Cloudlets, KmeanH = Kmean HEFT, Ekmean = Efficient 

Kmean. 
 

 
 

Figure 6. Comparison of average makespan (s) with 8 virtual 

machines (VMs) 

 

Makespan: Table 6 compares the models (Ekmean, 

KmeanH, and PAKS-VMC) across various task counts and 

VM configurations. The average makespan of the Ekmean 

model also increases with the number of tasks, from 327.6 s 

for 50 tasks to 1580 s for 200 tasks, indicating that the average 

makespan grows proportionally with the task load. The 

KmeanH tends to follow the same trend, with the average 
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makespan values increasing as the number of tasks increases. 

Notably, the suggested PAKS-VMC framework has a much 

lower average makespan when all tasks are considered (e.g., 

31.161 s at 50 tasks) and better average makespan efficiency 

than the other models. In Figure 6, the average makespan of 

PAKS-VMC has been compared with those of other models. 

The lower average makespan of the PAKS-VMC model 

indicates that the model has the potential to make task 

scheduling, RA, and the system as a whole more efficient. 

In Tables 7 and 8, the average makespan values represent 

the maximum finish times averaged across all cloudlets 

executed on the available VMs by various models (Ekmean, 

KmeanH, and PAKS-VMC) for different task counts and VM 

configurations. For Ekmean and KmeanH, the average 

makespan shows a clear upward trend as the number of tasks 

increases; that is, the higher the number of tasks, the greater 

the average makespan in larger workloads, as demonstrated in 

Figures 7 and 8. In particular, the average makespan of 

Ekmean increases from 2017.6 s at 200 tasks to 17625 s at 

1000 tasks with 16 VMs, and from 2027 s to 13664 s under the 

same task range with 32 VMs. Conversely, the proposed 

PAKS-VMC framework has a lower average makespan across 

all task counts with 16 and 32 VMs, demonstrating its 

scheduling and resource utilization efficiency under 

constrained resource conditions. For example, PAKS-VMC 

achieves a significantly lower average makespan of 1070.058 

s for 1000 tasks with 16 VMs and 1059.386 s with 32 VMs. 

The reduced average makespan in the PAKS-VMC model is 

due to its ability to optimize task scheduling and dynamically 

allocate resources within the system, leading to rapid 

execution and improved system performance. 

Execution Time (ExT), Start Time (ST), and Finish Time 

(FT): Table 9 shows the average values of Execution Time 

(AExT), Start Time (AST), and Finish Time (AFT) obtained 

using the proposed PAKS-VMC model with 8 VMs. The three 

time-related metrics, reported in seconds(s), all grew in a 

similar, proportional manner as the number of submitted tasks 

increased from 50 to 200, indicating the scalability of the 

proposed model under heavier loads. Specifically, the AExT 

rose from 0.962 at 50 tasks to 1.103 s at 200 tasks, while the 

AST increased from 9.488 to 47.026 s, and the AFT from 

10.45 to 48.099 s. 

The performance across all measures clearly shows that 

PAKS-VMC is a balanced scheduler whose delays are 

reduced, and for the heterogeneous cloud, it is highly scalable, 

with good and predictable performance. The fact that AST and 

AFT values are very close to each other also indicates that 

there are no significant delays in queues and that tasks begin 

and end within a small time interval, providing evidence of 

reasonable task allocation and smooth execution under the 

proposed PAKS-VMC framework. 

 

Table 7. Average makespan (s) with 16 virtual machines 

(VMs) 

 
No. of Tasks KmeanH Ekmean Proposed PAKS-VMC 

200 1563.6 2017.6 140.231 

400 2952 4585.6 238.99 

600 4850 7931.3 624.848 

800 5985 10562 869.651 

1000 7662 17625 1070.058 
Note: PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 
Machines and Cloudlets, KmeanH = Kmean HEFT, Ekmean = Efficient 

Kmean. 
 

Table 8. Average makespan (s) with 32 virtual machines 

(VMs) 

 
No. of Tasks KmeanH Ekmean Proposed PAKS-VMC 

200 1482 2027 131.335 

400 2796 4411 232.18 

600 4213 7487.3 590.319 

800 5573 12082 835.813 

1000 6914 13664 1059.386 
Note: PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 

Machines and Cloudlets, KmeanH = Kmean HEFT, Ekmean = Efficient 
Kmean. 

 

Table 9. Comparison of AExT, AST, and AFT (s) with 8 

virtual machines (VMs) 

 
No. of Tasks AExT(s) AST(s) AFT(s) 

50 0.962 9.488 10.45 

100 1.009 24.288 25.312 

150 1.060 44.084 45.145 

200 1.103 47.026 48.099 
Note: AST = Average Start Time, AFT = Average Finish Time, AExT = 

Average Execution Time.  
 

 
 

Figure 7. Comparison of average makespan (s) with 16 

virtual machines (VMs) 

 

 
 

Figure 8. Comparison of average makespan (s) with 32 

virtual machines (VMs) 

 

The simulation results for 16 and 32 VMs, shown in Tables 

10 and 11, reveal the performance evolution of the proposed 

PAKS-VMC framework under higher computational 

capacities and task loads ranging from 200 to 1000. With 16 

VMs, the AExT rises from 1.095 s at 200 tasks to 1.592 s at 

1000 tasks, while AST and AFT increase from approximately 

43.872 to 329.674 s and 44.968 to 331.267 s, respectively. 

Similarly, under 32 VMs, the corresponding values of 

AExT, AST, and AFT are slightly lower across all workloads; 

e.g., at 200 tasks, the corresponding values are 1.0743 s for 

AExT, 36.5576 s for AST, and 37.6322 s for AFT, while at 

1000 tasks, they are 1.5907, 320.5589, and 322.1492 s, 
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respectively. 

The result shows that as the number of VMs increases, all 

the time-dependent metrics tend to decrease, showing the 

efficiency in balancing workloads and delivering stable and 

predictable performance in different scenarios. 

 

Table 10. Comparison of AExT, AST, and AFT (s) with 16 

virtual machines (VMs) 

 
No. of Tasks AExT (s) AST (s) AFT (s) 

200 1.095 43.872 44.968 

400 1.216 75.975 77.19 

600 1.422 215.55 216.972 

800 1.538 284.447 285.986 

1000 1.592 329.674 331.267 
Note: AST = Average Start Time, AFT = Average Finish Time, AExT = 

Average Execution Time.  
 

Table 11. Comparison of AExT, AST, and AFT (s) with 32 

virtual machines (VMs) 

 
No. of Tasks AExT (s) AST (s) AFT (s) 

200 1.0743 36.5576 37.6322 

400 1.2210 67.2492 68.4704 

600 1.3908 196.0602 197.4511 

800 1.5153 264.090 265.6053 

1000 1.5907 320.5589 322.1492 
Note: AST = Average Start Time, AFT = Average Finish Time, AExT = 

Average Execution Time.  
 

4.4 Performance analysis 

 

A series of experiments was performed to assess the effect 

of computing resources on the performance of the proposed 

framework with respect to 16 and 32 VMs and 200-1000 tasks. 

This experimental context aimed to compare the flexibility of 

the framework in low- and high-resource contexts and to 

assess the stability of the rate of improvement when using the 

framework with the tasks offered in the set environment 

compared with that of the Ekmean and KmeanH models. The 

proposed PAKS-VMC framework has been evaluated using 

two analytical performance metrics: Relative Reduction, 

which measures the percentage improvement relative to the 

comparative models, and the harmonic mean, which offers a 

balanced measure of overall performance. 

 

4.4.1 Performance evaluation for the 16-VM scenario 

Table 12 shows the relative reduction in the average 

makespan achieved by the proposed framework compared to 

baseline models. The proposed model showed significant 

performance improvements, achieving 85.46% to 91.90% 

over KmeanH and 91.76% to 94.78% over Ekmean. 

 

Table 12. Relative reduction (%) in average makespan using 

16 virtual machines (VMs) 

 
No. of Tasks KmeanH Ekmean 

200 91.03 93.04 

400 91.90 94.78 

600 87.11 92.12 

800 85.46 91.76 

1000 86.03 93.92 
Note: KmeanH = Kmean HEFT, Ekmean = Efficient Kmean. 

 

To provide an aggregate evaluation of the proposed 

method's performance, particularly given differing task 

counts, the harmonic mean of each method's average 

makespan was calculated. Table 13 shows the harmonic means 

of the results. 

 

Table 13. Harmonic mean of average makespan (s) with 16 

virtual machines (VMs) 

 
Methods Harmonic Mean(s) 

Ekmean 5044.33 

KmeanH 3373.62 

Proposed (PAKS-VMC) 333.33 
Note: PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 

Machines and Cloudlets, KmeanH = Kmean HEFT, Ekmean = Efficient 
Kmean. 

 

 
 

Figure 9. Comparison of harmonic means of average 

makespan (s) with 16 virtual machines (VMs) 

 

The PAKS-VMC model had the lowest harmonic mean, 

showing better, more stable performance as the number of 

tasks increased compared with the baseline models. This helps 

to explain the relative performance improvement associated 

with a decrease in average makespan and provides justification 

for the use of the PAKS-VMC approach in managing 

resources. Figure 9 presents the harmonic mean of PAKS-

VMC against the baseline models. The findings indicated that 

the PAKS-VMC model was significantly better than the 

baseline models at minimizing the average makespan across 

16 VMs, demonstrating its efficient utilization of available 

resources. Figure 10 shows the relative reduction (%) in 

average makespan achieved by PAKS-VMC compared with 

Ekmean and KmeanH using 16 VMs. 

 

 
 

Figure 10. Relative reduction (%) in average makespan with 

16 virtual machines (VMs) 

 

4.4.2 Performance evaluation for the 32-VM scenario 

Table 14 presents the relative reduction in average 

makespan achieved by the proposed model compared to 

baseline clustering-based scheduling models. The proposed 
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model achieved significant performance improvements over 

all baseline models, with gains of 84.67% to 91.69% over the 

KmeanH model and 92.11% to 94.73% over the Ekmean 

model. Figure 11 illustrates the relative reduction (%) in 

average makespan achieved by PAKS-VMC compared with 

Ekmean and KmeanH using 32 VMs. 

 

Table 14. Relative reduction (%) in average makespan using 

32 virtual machines (VMs) 

 
No. of Tasks KmeanH Ekmean 

200 91.13 93.52 

400 91.69 94.73 

600 85.98 92.11 

800 85 93.08 

1000 84.67 92.24 
Note: KmeanH = Kmean HEFT, Ekmean = Efficient Kmean. 

 

Table 15. Harmonic mean of average makespan (s) with 32 

virtual machines (VMs) 

 
Methods Harmonic Mean(s) 

Ekmean 4952.66 

KmeanH 3137.06 

Proposed (PAKS-VMC) 317.35 
Note: PAKS-VMC = Priority-Aware K-means++ Scheduling of Virtual 

Machines and Cloudlets. 
 

The percentages of relative improvement for both VM 

configurations are presented in Tables 12 and 14. The results 

reveal that the rate of improvement is always high, and it 

validates the effectiveness of the proposed scheduling 

mechanism for different workloads. Table 15 reports the 

harmonic mean of the average makespan for each model. The 

proposed PAKS-VMC model achieves the best performance, 

exhibiting the lowest harmonic mean when 32 VMs are used. 

It shows its increased capacity to speed up execution and 

properly distribute computational load, leading to better 

overall performance despite potential resource constraints. 

The harmonic means of PAKS-VMC relative to the baseline 

models are shown in Figure 12. 

This clearly indicates that the proposed PAKS-VMC model 

is more scalable and adaptable to changes in the number of 

VMs and their workloads. These relative-reduction 

percentages are generally higher, and makespan lower, across 

the different experimental setups, which strongly suggests that 

the model is capable of effectively balancing the 

computational loads. As a result, the proposed framework 

achieves improved system performance. 

 

 
 

Figure 11. Relative reduction (%) in average makespan with 

32 virtual machines (VMs) 

 
 

Figure 12. Comparison of harmonic means of average 

makespan (s) with 32 virtual machines (VMs) 

 

4.3 Paired t-test statistical analysis across experimental 

scenarios 

 

All the observed performance improvements were 

statistically validated through a paired t-test between PAKS-

VMC and the two clustering models used in the baseline 

(KmeanH and Ekmean) in both the evaluated scenarios, 16-

VM and 32-VM. The former includes 16 VMs, and the latter 

includes 32 VMs. The analysis was conducted to determine 

whether the differences observed across task loads were a true 

sign of improvement or merely chance effects. The paired t-

test analysis showed that the performance gap was statistically 

significant (p < 0.05) in both evaluation scenarios, indicating 

the effectiveness of PAKS-VMC in a constrained-resource 

scenario. The findings of the paired t-test comparing the 

proposed PAKS-VMC model with baseline clustering-based 

scheduling models on the key performance indicator, average 

makespan, in computing environments with 16 and 32 VMs 

are presented in Table 16. 

 

Table 16. Results of paired statistical analysis for average 

makespan in 16- and 32-VM scenarios 

 
No. of 

VMs 
Metric Comparison 

t-

Statistic 

p-

Value 

16 
Average 

makespan 

PAKS-VMC vs 

KmeanH 
–4.4450 0.0113 

PAKS-VMC vs 

Ekmean 
–3.1526 0.0344 

32 
Average 

makespan 

PAKS-VMC vs 

KmeanH 
–4.5851 0.0101 

PAKS-VMC vs 

Ekmean 
–3.6194 0.0224 

Note: VM = virtual machines, PAKS-VMC = Priority-Aware K-means++ 
Scheduling of Virtual Machines and Cloudlets, KmeanH = Kmean HEFT, 

Ekmean = Efficient Kmean. 

 

Table 16 shows that all p-values are lower than the 

significance threshold (p < 0.05), indicating that the 

performance differences between the proposed PAKS-VMC 

framework and the compared scheduling approaches are 

statistically significant. Furthermore, all the t-statistics 

calculated for the obtained results are negative, which means 

that the average makespan values obtained by PAKS-VMC are 

always less than the average makespan values obtained by 

KmeanH and Ekmean in every paired comparison. In other 

words, the differences are not only statistically significant but 

also directional in favor of the proposed framework. This 

observation is aligned with the relative reduction analysis in 

Tables 12 and 14, where PAKS-VMC achieves improvements 
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exceeding 84%–94% across different task loads and VM 

counts, and with the harmonic mean results in Tables 13 and 

15, which show that PAKS-VMC maintains the lowest overall 

makespan across both 16 and 32 VMs. These findings validate 

the observed performance improvements and confirm that they 

are not due to random variation but are associated with the 

adaptive scheduling and dynamic clustering mechanisms 

integrated within the proposed framework. Moreover, the 

consistency of the statistical significance across various 

workload sizes and VM configurations demonstrates the 

robustness, scalability, and adaptability of the PAKS-VMC 

framework in heterogeneous cloud environments. The p-

values obtained from the paired t-tests are also illustrated in 

Figures 13 and 14, where all reported values remain below 

0.05, further supporting the effectiveness and stability of the 

proposed scheduling framework. Importantly, statistical 

significance is obtained in both resource-constrained 16 VMs 

and higher-capacity 32 VMs scenarios, suggesting that the 

performance gains offered by PAKS-VMC are robust to 

changes in VM availability and workload intensity. This 

robustness supports the claim that the proposed dual-layer 

scheduling framework is not tuned to a single configuration, 

but rather generalizes well under varying cloud resource 

conditions. 

 

 
 

Figure 13. Statistical significance for average makespan with 

16 virtual machines (VMs) 

 

 
 

Figure 14. Statistical significance for average makespan with 

32 virtual machines (VMs) 

 

4.4 Discussion and interpretation 

 

Compared with the baseline clustering-based scheduling 

methods (Ekmean and KmeanH), the proposed PAKS-VMC 

framework demonstrates improved scheduling performance 

under the tested scenarios. Ekmean introduces randomness 

into the task–VM assignment through stochastic substitutions, 

which may lead to unstable behaviour across repeated 

executions and require multiple iterations before convergence. 

KmeanH combines HEFT-based assignment, which is tailored 

to static workflow assumptions and has limited flexibility 

under dynamic resource changes. In contrast, PAKS-VMC 

employs dual K-means++ clustering of tasks and VMs, 

dynamic weight updating, a priority-aware level-matching 

strategy, and a fallback mechanism, yielding more adaptive 

and resource-aware scheduling. 

Experimental results show that PAKS-VMC achieves lower 

average makespan and better load distribution than Ekmean 

and KmeanH across 8, 16, and 32 VMs and workloads from 

50 to 1,000 cloudlets. The observed improvements are 

consistent: Relative reduction analysis indicates average 

makespan reductions ranging from 84.67% to 94.78%, while 

harmonic mean values confirm that PAKS-VMC maintains 

the lowest overall makespan across VM configurations. 

Furthermore, paired t-test results indicate that these gains are 

statistically significant at the 95% confidence level (p < 0.05) 

for all pairwise comparisons, confirming that the performance 

improvements are both practically meaningful and statistically 

robust. 

From an information system engineering perspective, the 

improvements in makespan and LB are relevant for enterprise 

and industrial cloud applications such as healthcare, financial 

services, and workflow-based business systems. By 

combining priority-aware task clustering with dynamic VM 

grouping, PAKS-VMC supports more adaptive RA and 

reduced execution times under heterogeneous and dynamic 

workloads. The framework is technically feasible for 

integration into real cloud management environments, as it 

relies on commonly available VM monitoring metrics (CPU 

and memory utilization). However, real platforms may 

introduce additional variability and infrastructure-level 

overheads not fully captured in CloudSim, making large-scale 

real-world validation an important direction for future work. 

In addition to scheduling effectiveness, scalability and 

runtime overhead are also important considerations for 

practical cloud deployment. The computational complexity of 

PAKS-VMC is dominated by dual K-means++ clustering and 

runtime task allocation. Let 𝑁𝑐 and 𝑁𝑣 denote the numbers of 

cloudlets and VMs, respectively, and 𝐼 K-means++ iterations 

(fixed k = 3); the dominant cost is approximately (O (𝑁𝑐. 𝐼 + 

𝑁𝑣. 𝐼)) per scheduling cycle, indicating near-linear scalability. 

This scalability behavior supports the applicability of the 

framework under increasing workload demands. The priority-

aware level-matching and ULC perform assignment within 

each VM tier, while the fallback mechanism adds only limited 

overhead. Although the current experiments cover 50–1,000 

cloudlets and 8–32 VMs, repeated runtime re-clustering and 

centralized VM-weight management may become bottlenecks 

under highly dynamic workloads. Future work will investigate 

distributed and mini-batch clustering strategies, parallel 

scheduling mechanisms, and the integration of energy-aware 

and SLA-aware optimization objectives. 

 

 

5. CONCLUSION AND FUTURE WORK 

 

This paper presented PAKS-VMC, an integrated runtime 
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scheduling framework for heterogeneous cloud environments. 

The framework uses unsupervised K-means++ clustering to 

group cloudlets into priority categories based on execution 

length, and dynamically clusters VMs using resource-aware 

CPU and RAM weight factors (α and β). In addition, the 

proposed framework integrates a priority-aware level-

matching allocation strategy, a ULC to select the most suitable 

VM within each tier, and a fallback reallocation mechanism to 

maintain allocation continuity under resource constraints.  

Experimental evaluations across workloads of 50–1,000 

cloudlets and 8–32 VMs showed that PAKS-VMC 

consistently outperformed the baseline clustering-based 

algorithms (Ekmean and KmeanH). The framework achieves 

lower average makespan, AExT, AST, and AFT, with relative 

reductions up to 94.78%, lower harmonic mean values, and 

improved load distribution. The gains are stable across VM 

configurations and statistically significant (p < 0.05) according 

to paired t-tests. 

Despite these results, the framework has limitations. It relies 

on centralized maintenance of VM weights and cluster 

memberships, which may become a bottleneck under highly 

dynamic, large-scale workloads. Runtime clustering and 

fallback-based reallocation may also introduce additional 

scheduling overhead and temporary resource contention in 

environments with thousands of tasks and VMs. Future work 

will examine this overhead, evaluate scalability and long-term 

performance on larger distributed cloud infrastructures, and 

integrate energy-conscious and SLA-aware metrics. 

Sensitivity analysis of the CPU and RAM weighting 

parameters (α, β) under diverse workload conditions will also 

be conducted to further enhance the robustness and 

applicability of PAKS-VMC. 
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NOMENCLATURE 

 

𝛼 
The weight of the relative contribution of the 

CPU resource 𝛼 = 0.6. 
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β 
Tunable weight factor for RAM 

contribution, where β = 0.4. 

𝐶𝑝𝑢𝑣𝑚 
The virtual machine (VM) CPU resource 

capacity (in MIPS). 

𝑅𝑎𝑚𝑣𝑚 
The virtual machine (VM) RAM resource 

capacity. 

𝑉𝑀𝑎𝑠𝑠𝑖𝑔𝑛𝑒𝑑 
The incoming task is assigned to the virtual 

machine (VM). 

𝑉𝑀𝑖 
A particular virtual machine (VM) of the 

cluster 𝐶𝑗. 

𝐶𝑗 The group of virtual machines (VMs). 

𝑊𝑣𝑚𝑖  The weight value of the 𝑉𝑀𝑖. 

argmax 
The function selects the virtual machine 

(VM) with the highest weight. 

𝑉𝑀𝑎𝑙𝑡  
An alternative virtual machine (VM) is 

chosen by the fallback mechanism. 

𝐶𝑎𝑣𝑎𝑖𝑙  

The set of available virtual machines (VMs) 

of the remaining virtual machine (VM) tiers 

after re-clustering. 
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