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Abstract. Cloud computing has become a dominant paradigm for delivering scal-
able and flexible on-demand resources; however, efficiently executing high perfor-
mance computing (HPC) workloads remains challenging, particularly in heteroge-
neous environments. Conventional static scheduling methods often lead to poor
resource utilization and increased makespan, while dynamic approaches improve
load distribution but introduce significant overhead due to continuous monitoring
and real-time decision-making. To address these challenges, this paper proposes an
SLA-aware Dynamic Enhanced Resource-Aware Load Balancing Algorithm (SLA-
DE-RALBA). The algorithm minimizes load imbalance by considering the compu-
tational capacities of virtual machines and ensures Service Level Agreement (SLA)
compliance through a three-tier priority-based workflow. The proposed approach is
evaluated using CloudSim Plus on two benchmark datasets: Heterogeneous Com-
puting Scheduling Problem (HCSP) instances and the Google Cloud Jobs dataset.
Results demonstrate that SLA-DE-RALBA consistently outperforms baseline algo-
rithms, including RALBA, DRALBA, DE-RALBA, SLA-RALBA, Dynamic Max-
Min, PSSLB, and PSSELB, across key metrics such as makespan, resource utiliza-
tion, job rejection, throughput, execution time, and cost. Notably, it achieves zero
job rejection, reduces energy consumption by up to 85%, improves resource utiliza-
tion by 11.9%, lowers makespan by 41–45%, and decreases execution time by up
to 57%, making it a robust and efficient solution for HPC workload scheduling in
cloud environments.

Keywords: Cloud Computing, HPC Workload Scheduling, SLA-Aware Load Bal-
ancing, Dynamic Resource Management, Heterogeneous Cloud Environments.

1. Introduction

The National Institute of Standards and Technology (NIST) defines cloud computing as
a paradigm that facilitates ubiquitous, convenient, and on-demand network access to a
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common pool of configurable computing resources which can be provisioned and dis-
charged with speed having little management overheads and limited service provider in-
tervention [1]. With such a paradigm, it can be easily get in touch with the computational
servers, software frameworks, storage disks and also networking systems which may be
procured and installed without much interruption on the operational process [2,3]. Pre-
vious research on the heuristics of scheduling and resource efficiency address intrinsic
benefits of cloud environments such as cost efficiency, elasticity and operational flexibil-
ity since cloud resources are available all over the world through the use of the internet [4].
Moreover, cloud computing enables quick implementation of services and applications as
well as improves coordination and scalability in dispersed computing settings [5]. Task
scheduling is still a core issue in cloud computing since it involves the effective map-
ping of computational tasks onto accessible resources (e.g. virtual machines (VMs) and
physical servers) and also the optimum use of resources, system performance and at times
conflicting, goals, including response time, throughput, energy efficiency and adherence
to service level agreement [6,7,8]. It is especially pronounced in heterogeneous cloud en-
vironments, where dynamic changes in workload and diversity of resources often result
in uneven load distribution and under-utilization of resources [9]. From an architectural
view, the scheduling decisions may be classified into the two inter-related layers: job-
to-VM mapping which assigns the tasks to the virtual machines depending on resource
availability and the SLA-related restrictions and VM-to-physical machine mapping which
also ensures optimal usage of the hardware facilities by reducing both energy and perfor-
mance degradation [10].

Modern studies are progressively being transitioned to a SLA-consciousness schedul-
ing strategy with both heuristic and metaheuristic models and other methods that dynam-
ically respond to changing loads and system states. Such approaches mainly aim at max-
imizing system performance and minimizing the time to complete the tasks (makespan)
of the system to achieve maximum energy efficiency and ensuring resiliency and robust-
ness SLA satisfaction despite the dynamic and uncertain conditions related to cloud op-
erating conditions [11]. Dynamic scheduling makes it possible to redistribute workloads
dynamically by varying the decisions regarding task allocation according to the current
system states and hence offers greater capabilities to handle dynamic and unexpected
execution situations [12]. Scheduling strategies may also be categorized into online and
offline approaches: online scheduling takes a step-by-step decision based on the arrival
of the tasks, while offline scheduling is based on full information about all jobs and
aims at globally optimal allocation schemes. Besides there can be preemptive and non-
preemptive scheduling policies as far as the ability to interrupt tasks and restart at a later
time during the execution can be present or absent [13]. The recent development around
cloud scheduling has brought advanced heuristic and meta-heuristic methods, including
the Cuckoo Optimization based scheduling that seeks to reduce resource wastage and time
of task completion (makespan) [14]. Also new studies focus on green and energy-efficient
time-conscious scheduling systems to minimize resource utilization, and fault tolerant and
adaptive energy-conscious schedulers that openly trade goals of performance with sustain-
ability demands [15]. Cloud service providers often use approaches of over-provisioning
as a mitigation approach to Service Level Agreement (SLA) violations, negatively im-
pacting resource usage, workload imbalance and influencing the presence of tasks and in
turn prolonging makespan and reducing provider revenues. To overcome these shortcom-
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ings, SLA-RALBA [16] came up with SLA-aware extension of the Resource-Aware Load
Balancing Algorithm (RALBA) by the representation of three different categories of SLA
which include time-centric, balanced and cost-centric and their combination in terms of
the execution cost and execution time in the scheduling process.

The scheduling mechanism used by SLA-RALBA in order to enhance utilization
across the virtual machines is based on two phases i.e. Fill and Spill phases [10]. Ex-
perimental assessments of both GoCJ and HCSP work loads modeling using CloudSim
resulted in demonstrating that SLA-RALBA delivered better performance compared to
existing dynamic and proactive scheduling heuristics such as PSSLB, PSSELB, Dynamic
Maximum Minimization and DRALBA based strategies in terms of resource utilization,
makespan and load balance [16]. However, in the light of such developments a common
scheduling model which concurrently conducts both SLA awareness and dynamic run-
time flexibility is yet to be well studied [18]. Current strategies are used to trade-off one
or two objectives in isolation leading to natural trade-offs that restrict the total efficiencies
of the entire system especially at the machine-level load balancing level as is evidenced
in earlier research [9,14]. Based on this requirement, SLA-DE-RALBA is designed to
combine SLA-based scheduling with run-time flexibility to deliver a balanced trade-off
between performance and cost and cloud environments. The major implications of the
given research are as follows:

1. A detailed literature review identified key limitations in existing static and dynamic
cloud scheduling approaches regarding SLA compliance, flexibility, cost, job rejec-
tion, and energy efficiency.

2. A major research gap was identified where SLA-aware algorithms lack dynamic
adaptability, while dynamic approaches fail to satisfy SLA requirements with better
resource utilization in cloud environments.

3. The proposed SLA-DE-RALBA algorithm integrates SLA-awareness, dynamic re-
source optimization, and energy-efficient heuristics to improve throughput, resource
utilization, job acceptance, cost efficiency, and energy savings.

4. Experimental evaluation using the CloudSim Plus simulator with GoCJ and HCSP
datasets demonstrated that SLA-DE-RALBA outperformed several existing cloud
scheduling algorithms.

2. Related Work

Cloud job scheduling has been given much attention by the academia and industry since
its direct influence on system throughput, resource usage, energy consumption and user
satisfaction [7]. Various solutions have been proposed at both ends of the spanning of
classical heuristics and multi-criteria SLA-awareness and dynamic scheduling. This paper
does not provide a comprehensive survey of scheduling methods; instead, it highlights
well-known algorithms representing key advances in cloud scheduling research.

Several dynamic scheduling approaches have been proposed to improve runtime adapt-
ability. Dynamic Min-Max [36] reduces waiting time, improves response time, and in-
creases throughput through concurrent VM allocation, while ECMM [26] enhances load
balancing and response time using runtime monitoring of tasks and VMs. Although ef-
fective for dynamic workload management, these approaches do not explicitly consider
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SLA constraints or cost-awareness [29]. PSSLB and related proactive scheduling ap-
proaches within the RePro-Active framework [25] use simulation-based predictions and
hybrid Round Robin strategies to optimize task allocation. They improve makespan, re-
source utilization, and throughput by assigning tasks based on estimated VM perfor-
mance, while PSSELB further enhances parallelism by prioritizing longer tasks. How-
ever, both methods incur additional simulation overhead and do not rely on prior work-
load knowledge, limiting scalability in large cloud environments. Albalawi [13] proposed
a hybrid dynamic scheduling framework combining multiple metaheuristics (RRA-SWO,
HAGA, LRT, and LR-HSA) for load balancing in cloud systems. Evaluated on CloudSim
with 51 VMs, it achieves high task success, throughput, and resource utilization. How-
ever, it lacks SLA-aware differentiation, energy efficiency considerations, and validation
in large-scale multi-cloud environments. Hagras and El-Sayed [37] proposed Balanced
Independent-Task Assignment (BITA) and its hard real-time counterpart BITAr for fault-
tolerant scheduling of independent tasks in heterogeneous clouds, prioritizing tasks based
on deadline urgency. Evaluated on GoCJ, the methods outperform FTTA and RADL in
utilization and task rejection with low computational overhead. However, they do not
consider SLA-aware differentiation or execution cost. Zhu [38] proposed Load Balancing
using Ant Colony and Whale Optimization (LBAW), a hybrid ACO–WOA framework
for task scheduling, resource optimization, and VM migration in cloud environments. It
improves utilization, makespan, and response time over existing methods, as shown in
MATLAB experiments on the San Diego dataset. However, it introduces high compu-
tational overhead and complex parameter tuning, limiting scalability in large dynamic
systems. Beena et al. [38] proposed an energy-aware cloud framework combining Ku-
bernetes with ACO, PSO, and DVFS for resource scaling and container management. It
improves energy efficiency and performance, but suffers from ACO-induced overhead
and limited real-world validation. RALBA was proposed to address the limitations of
traditional scheduling methods such as Min-Min and Round Robin, which often cause
VM overload and inefficient resource utilization [19]. It employs a two-phase strategy:
the fill phase allocates tasks based on VM processing power, while the spill phase as-
signs remaining tasks to the VM with the earliest completion time [17]. Experimental
results showed significant reductions in makespan and improved resource utilization [10].
DRALBA [27] extends RALBA with a Dynamic-RALBA scheduler and Dynamic Up-
dater for real-time VM load management, making it effective for compute-intensive tasks
in heterogeneous environments. CloudSim evaluations with HCSP, GoCJ, and synthetic
workloads show high resource utilization, reduced makespan, and improved throughput
over several existing methods. However, it does not address energy-aware optimization or
multi-cloud interoperability. SLA-RALBA [16] extends RALBA by incorporating cost-
aware and SLA-driven scheduling decisions, supporting time-based, cost-based, and hy-
brid SLA models. It retains the Fill and Spill scheduling framework while aligning task
allocation with user SLA requirements [22]. Experimental evaluation on the CloudSim
platform demonstrated improved makespan and resource utilization compared to several
baseline algorithms. However, SLA-RALBA follows a static scheduling approach, lim-
iting its adaptability to dynamic workload changes during execution [12]. To overcome
the limited flexibility of SLA-RALBA, DE-RALBA [23] was proposed with real-time
VM state updates and dynamic workload redistribution. It improves adaptability to work-
load variations, reduces idle time, and minimizes performance bottlenecks through con-
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tinuous VM monitoring and rescheduling. Table 1 summarizes the reviewed scheduling
algorithms, including their techniques, methodologies, strengths, and weaknesses.

3. Proposed SLA-DE-RALBA Algorithm

The section provides an introduction to the baseline algorithms and a detailed demonstra-
tion of the proposed SLA-DE-RALBA algorithm including its architectural framework,
system modeling mechanism, performance evaluation model and algorithm code.

SLA-DE-RALBA is a hierarchical architecture as shown in Figure 1, and has five dif-
ferent levels that are used to manage the resources and schedule cloud tasks. The core

Fig. 1. Abstract Level Diagram

layer is the algorithmic nucleus of SLA-DE-RALBA which consists of a Resource Man-
ager, Scheduler, and Load Balancer. The Resource Manager computes VM shares using
workload, SLA weights, and utilization, and enables priority tasks to use idle resources.
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The Scheduler assigns tasks via an SLA-based priority queue using multi-criteria VM
scoring. The Load Balancer monitors VM variance and redistributes workloads when im-
balance exceeds a threshold to prevent overload and ensure efficient resource use. The
Cloud Physical Layer forms the underlying hardware infrastructure, including servers,
storage, and networking resources that support virtualization. The system follows a bidi-
rectional data flow where user requests move through SLA-based cloudlet abstraction,
scheduling decisions, VM execution, and physical resource allocation. A continuous feed-
back loop via the VM Status Update mechanism (Algorithm 2) sends real-time VM sta-
tus to the SLA-DE-RALBA core, enabling dynamic scheduling, resource reassignment,
proactive load balancing, and sustained SLA compliance under varying workloads [32].
This study used a SLA mechanism with three layers; Level 1 provides best-effort, lowest-
priority service (weight 1.1), with tasks placed at the end of the queue and subject to
preemption or suspension under resource contention. Level 2 offers moderate priority
service (weight 1.2) with balanced resource allocation, fair scheduling, and protection
from starvation, maintaining a good cost–performance trade-off. Level 3 delivers high-
priority, performance-guaranteed service (weight 1.3), with preferential VM assignment,
near-full resource access, and preemptive control over lower-priority tasks to ensure SLA
compliance under heavy load.

3.1. System Architecture

The SLA-DE-RALBA architecture takes the entire multi-stage flow as a guideline in
scheduling tasks in the clouds as depicted in Figure 2. It begins with cloudlets that have
certain SLA, computational load (in Million Instructions) and time of arrival. The system
then automatically shares dynamic VM in all the virtual machines according to com-
putation ratios, total system workload, SLA weights and the current level of utilization.
The suggested scheduling architecture functions on a two-way system of activation ac-
cording to assessments executed on the initial capacity. In regular operation when the
resources are adequate. The major pathway will take a simple chain of operations by ini-
tializing resources availability tabling of all virtual machine instances then ensuring entry
points of incoming computational tasks. The scheduler then gives priorities to tasks as per
service-level agreement requirement and allocates the most critical workload to the vir-
tual machine with the most desirable performance properties and consistency within the
system. On the other hand, once the total system capacity decrees beyond set points, the
structure transitions to a different route which makes use of SLA-aware scheduling logic
to locate significant pending tasks assign them to virtual machines with the best expected
times to completion that meet service agreements and furthermore resource constraints
and broadcast allocation changes throughout all monitoring systems.

These parallel execution paths are eventually combined at a strategic optimization
level at which the scheduler is done to carry out detailed analysis of rescheduling op-
portunities. It entails the comparison of the recently estimated time of accomplishing the
task with a possibly shorter time that could be completed at idle or lightly loaded virtual
machines. When there is a chance of improving performance, the system is strategic in
moving less important tasks out of the congested resources into the empty capacity thus
improving the overall throughput and the efficiency in utilizing the resources used. Sub-
sequent to this refinement process architecture starts load balancing processes in details
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Fig. 2. Flow Diagram of SLA-DE-RALBA



SLA-DE-RALBA Algorithm 1295

where it is known that virtual machines are underutilized and calculates the variance mea-
surements across the whole infrastructure. When there is more than configured levels of
variance intelligent redistribution systems come into effect to offload computational work-
loads of saturated resources to unused capacity without notifying service-level guarantees
during the migration period.

The framework includes advanced dynamic arrival processing work which constantly
monitors the task submission pipeline specifically focusing on high-priority workloads
of SLA Level 3. In case critical tasks are present in the system when running the task
queue is dynamically restructured through extensive SLA-driven reorganization of all
pending tasks to guarantee high-priority workloads a faster scheduling consideration as
low-priority workloads are moved to their proper position. This real-time monitoring
and responsiveness enables the SLA-DE-RALBA architecture to accommodate chang-
ing workload profiles ensure uniformity in compliance at all service layers automated
resource mapping via smart virtual machine selection algorithms and dynamic capacity
control solutions and stability in the long-run of the system through proactive interventing
measures. All of these combined minimize the rate of task rejection, maximize the opera-
tional efficiency of a data center and provide differentiated service quality in accordance
with hierarchical structures of service-level agreement.

3.2. System Model

The SLA-DE-RALBA model is a universal system of comprehensive management of the
entire cloud scheduling process starting with the arrival of computing work and its ul-
timate execution. This architecture is developed on the basis of event-driven continuous
architecture which incorporates four interdependent components service-level agreement
conscious priority management, resource allocation mechanisms, flexible virtual machine
choice plans and proactive load structure controls. The design brings together the archi-
tectural structure characterizing component interactions and the composition of operation
specifications. On the sequential arrangement of the operations to schedule resource het-
erogeneity and the activities of redistributing loads across the entire simulation procedure.
In addition various notations that were employed during this work are indicated in Table 2.

The mathematical foundation underlying the SLA-DE-RALBA algorithm facilitates
intelligent task-to-virtual machine mapping decisions that enhance execution time mini-
mization, system throughput maximization and balanced workload distribution.

maxSLACld = max
∀p∈SLACloudlets

(︁
SLA Priority(p)× 106 + Size(p)

)︁
(1)

where SLA Priority follows the hierarchy: SLA-1 > SLA-2 > SLA-3.
maxSLACld = max(SLA Priority(p) × 106 + Size(p)) Equation (1) determines the

most critical task for processing by integrating service-level priority coefficients with
computational workload dimensions to establish scheduling order.

VMSharej = vCRatioj × totalMI × slaWeightj × utilizationFactorj (2)

Equation (2) computes the adaptive virtual machine resource allocation proportion by in-
corporating processing capacity ratios, aggregate system workload, service-level weight-
ing parameters, and current utilization metrics.

slaWeightj = 1.0 +
avgSLAVMj

10.0
(3)
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Table 2. Notations used in SLA-DE-RALBA

Variable / Notation Description

cld Representation of user jobs on Cloud
vList List of Virtual Machines in a datacenter
cldRepository Repository of user tasks with arrival time and SLA levels
MIPS Million Instructions Per Second (Computation Power of VM)
MI Million Instructions (size of cld)
vCRatio Computation ratio of all the VMs
maxPcld Maximum possible cloudlet for a VM
vSharei Computation share of VMi

newVShare Modified computation share of a VM

vStatusTable
List that stores set of VM computation share, ready time, status of VM,
and list of cloudlets associated to VM

vStatusTable vm i Status table of VMi in vStatusTable
cldStatusTable List that stores set of cld and their status with SLA levels
cldStatusTable j Status table of cldj in cldStatusTable
cldList List of cld to be scheduled
cldSList A map ⟨cld, VMi⟩ to store scheduled cloudlets
cldTList List to store temporary clds
maxVShare VM with maximum computation share from all VMs
maxCld Maximum length cld from cldList
vEFT VM that gives earlier finish time for maxCld
tLength Sum of clds length in cldList
isFinishedExecution A flag to determine if a VM completes all assigned clds
slaLevel SLA priority level of cloudlet (SLA-1, SLA-2, SLA-3)
slaWeight Weight factor based on SLA level for VM share calculation
borrowedCapacity Amount of capacity borrowed from other VMs
loadVariance Variance in load distribution across VMs
rejectionRatio Ratio of rejected cloudlets to total cloudlets
avgLoad Average load across all VMs
balancePenalty Penalty factor for load imbalance
dynamicCloudletArrived Indicating arrival of new cloudlets during simulation
arrivalTime Time when cloudlet arrives in the system
utilizationFactor Factor based on current VM utilization
optimalVM VM selected based on optimal scoring function



SLA-DE-RALBA Algorithm 1297

As demonstrated in Equation (3), the system calculates service-level adjustment coef-
ficients for virtual machine resource distribution by utilizing the mean service priority
values of currently assigned computational tasks.

utilizationFactorj =
(︃
1.0− utilizationj

totalUtilization

)︃
× 2.5 (4)

Equation (4) establishes a workload-dependent adjustment multiplier that favors lightly
loaded virtual machines during workload redistribution operations.

scorej = (utilizationj × 0.3) + (1.0− remainingCapacityj)× 0.6 + balancePenaltyj × 0.1 (5)

Equation (5) produces a composite virtual machine ranking metric that incorporates weighted
contributions from instantaneous resource consumption levels, available processing head-
room and workload distribution penalty factors.

remainingCapacityj =
VMSharej
VMj .MIPS

(6)

Equation (6) quantifies the proportional share of virtual machine processing power that
remains unallocated and accessible for new workload assignments.

balancePenaltyj =
|utilizationj − avgLoad|

loadVariance + ε
(7)

Equation (7) introduces corrective weights for virtual machines exhibiting workload vari-
ance from mean system utilization thereby encouraging uniform resource allocation through-
out the computational infrastructure.

optimalVM = min
∀j∈{1,2,3,...,m}

(scorej) (8)

Equation (8) identifies the virtual machine possessing the lowest composite ranking value
as the most suitable destination for computational task placement among the accessible
resource inventory.

loadVariance =
1

m
×

m∑︂
j=1

(utilizationj − avgLoad)2 (9)

Equation (9) evaluates the infrastructure-wide workload dispersion heterogeneity to iden-
tify conditions necessitating corrective redistribution actions.

loadVariance > threshold (10)

The framework initiates preventive workload redistribution protocols when measured dis-
persion levels surpass established threshold boundaries signaling substantial resource al-
location asymmetry.

borrowedCapacity =
∑︁

j ̸=target min(VMSharej × 0.95, requiredLength − VMSharetarget) (11)

As demonstrated in Equation (11), the system permits critical priority workloads to ac-
quire up to 95% of idle processing capacity from alternate virtual machines during sce-
narios of inadequate local resource availability.

SLA Cloudlet CTi,j =
Cloudleti.MI
VMj .MIPS

+ VM CTj (12)
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Equation (12) determines the anticipated execution duration for computational tasks on
designated virtual machines by incorporating workload magnitude and processing veloc-
ity parameters.

vEFT = min∀j∈{1,2,3,...,m}
(︁
SLA Cloudlet CTi,j × 0.3 + utilizationj × 0.6 + balancePenaltyj × 0.1

)︁
(13)

Equation (13) identifies the virtual machine offering the most expeditious task finalization
through a composite metric integrating execution duration projections, resource consump-
tion levels and workload equilibrium adjustment factors.

executedMIj = VMj .MIPS × updateTimeDifference (14)

Equation (14) quantifies the aggregate instruction throughput in millions processed by
virtual machines across the temporal window separating successive state monitoring cy-
cles.

remainingMIj = totalAssignedMIj − executedMIj (15)

Equation (15) revises the outstanding computational burden on virtual machines by de-
ducting completed instruction counts from the cumulative allocated task volume.

readTimej = readTimej − updateTimeDifference (16)

Equation (16) recalibrates virtual machine availability timestamps by reducing them pro-
portional to the duration elapsed since the preceding status synchronization ensuring pre-
cision in scheduling determinations.

rejectionRatio =
Rejected Cloudlets

Total Cloudlets
(17)

Equation (17) quantifies system admission performance through the proportional metric
of declined workloads resulting from insufficient computational resources or service-level
agreement breaches.

ARUR =

(︂∑︁m
j=1 makeSpanj/m

)︂
max(makeSpanj)

(18)

Equation (18) assesses infrastructure utilization effectiveness by computing the quotient
of mean execution completion time relative to peak completion duration.

Energyj =
∑︁n

i=1

[︁
((1− cpuUtili)× 100 + cpuUtili × 150)× finishTimei−startTimei

1000

]︁
(19)

Equation (19) determines aggregate power expenditure through a linear consumption
framework incorporating processor utilization metrics and operational time intervals.

F [i, j] =

{︄
1, if Cloudleti is assigned to VMj based on SLA priority
0, Otherwise

(20)

A binary variable denoting the assignment status of cloudlets to virtual machines, gov-
erned by service-level agreement priority rules as presented in Equation (20).
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3.3. Performance Model

The performance evaluation framework incorporates seven critical metrics that collec-
tively capture the algorithm’s operational characteristics. This comprehensive assessment
enables rigorous comparison against conventional scheduling approaches and reveals the
inherent compromises within multi-objective optimization under SLA constraints.

The metric of ARUR shown in Equation (21) that defines the usefulness of computa-
tional capacity of datacenter infrastructure is the following

ARUR =
1

n
×

∑︂
(Ui) (21)

where Ui denotes the utilization rate of the ith resource and n represents the total
resource count.ARUR values approaching 1.0 indicate balanced load distribution with
proportional VM contributions while values near 0 signify load concentration on limited
resources, resulting in underutilization of remaining capacity.Throughput denotes the
total completed cloudlets over the simulation period given by Equation (22).

Throughput =
Number of Completed Cloudlets

Total Simulation Time
(22)

High throughput indicates efficient resource coordination that reduces idle periods,
optimizes task-to-VM matching and maximizes virtual machine utilization.Makespan is
defined as

Makespan = max(FinishTimei) (23)

Lower makespan values indicate superior scheduling efficiency through enhanced parallel
processing and reduced delays Energy consumption serves as a critical metric for eval-
uating the environmental and operational sustainability of scheduling systems, calculated
using Equation (24)

E =

∫︂
P (u(t)) dt (24)

where P (u(t)) represents the power consumption as a function of CPU utilization
u(t). The analysis employs a linear power model as expressed in Equation (25)

P (u) = Pidle + (Pmax − Pidle)× u (25)

where P idle represents the power consumption during idle state, P max denotes the
maximum power at full CPU utilization, and u ranges from 0 to 1.

The Job Rejection Ratio (JRR) is calculated as JRR = (Rejected Jobs / Total Submit-
ted Jobs) x 100. Lower JRR values signify effective workload management and indicate
the system’s ability to handle resource contention, maintain reliability and ensure SLA
compliance.

Execution time is calculated by : Cloudlet Length/VM MIPS = Cloudlet Length/Million
Instructions (MI)VM MIPS/Million Instructions Per Second.The total execution time rep-
resents the cumulative processing duration for all completed cloudlets as expressed in
Equation (26)

Total Execution Time =

n∑︂
i=1

(︃
Cloudlet Lengthi

VM MIPSi

)︃
(26)
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Execution cost metric evaluates scheduling effectiveness through monetary quantifi-
cation of cloudlet processing expenses across VMs. Cost calculation is formulated in
Equation (27).

Individual Cloudlet Cost = Cost Per Unit TimeVM ×
(︃

Cloudlet Length
VM MIPS

)︃
(27)

where VM price represents the cost per unit time of the virtual machine and Cloudlet
Length/VM MIPS indicates the cloudlet’s execution duration. The total execution cost ag-
gregates the individual costs across all completed cloudlets as expressed in Equation (28)

Total Execution Cost =
∑︂(︃

Cost Per Unit TimeVM × Cloudlet Length
VM MIPS

)︃
(28)

The cost model in Equations (27) and (28) intentionally computes execution cost as the
product of a static VM cost-per-unit-time parameter and task execution duration.This for-
mulation was adopted for some reasons: (i) it maintains methodological consistency with
predecessor algorithms SLA-RALBA and DE-RALBA, ensuring fair cross-algorithm cost
comparisons (ii)CloudSimPlus simulation framework does not natively model real-world
cloud billing components such as data transfer fees, storage charges or dynamic pric-
ing mechanisms making it methodologically appropriate to restrict cost evaluation to the
computational execution dimension that the simulator can reliably model and (iii) it aligns
with the broader CloudSim-based scheduling literature [9,10,16,23], providing a common
baseline for cross-study comparison.

3.4. SLA-DE-RALBA Algorithm

SLA-DE-RALBA operates through a dual-scheduler architecture consisting of the Main
Scheduler (presented in Algorithm 1) and the Update Scheduler (detailed in Algorithm 2).
The simulation source code for SLA-DE-RALBA is publicly available online.4

Main Scheduler The SLA-DE-RALBA algorithm integrates SLA-aware task schedul-
ing, dynamic resource allocation and load balancing across heterogeneous cloud envi-
ronments. It processes cloudlet requests using two primary inputs: a cloudlet status table
containing task requirements, SLA levels, timestamps and a VM status table with resource
availability, utilization and capacity information.

Initialization: VM computational resources are quantified using MIPS metrics with
dynamic share provisioning governed by task priority weights and real-time utilization
patterns as presented in Equation( 29).

VMSharej = ComputationRatioj × TotalMI × SLAWeightj × UtilizationFactorj (29)

Main Loop: The algorithm iterates until all cloudlets are either scheduled or rejected:

1. Optimal VM Selection: Determines the best VM candidate through capacity opti-
mization, utilization balancing, and equitable load distribution.

2. SLA-Aware Scheduling: Selects cloudlets based on SLA priority(SLA Level 3 >
2 > 1).

4 https://bitbucket.org/sladeralba_26/dynamic_sla-de-ralba/src/main/

https://bitbucket.org/sladeralba_26/dynamic_sla-de-ralba/src/main/
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3. Task Assignment: Executes cloudlet-to-VM binding via assignCloudletToVM fol-
lowed by synchronization of resource and cloudlet status tables.

Algorithm 1: SLA-DE-RALBA Main Scheduler
Input : List cloudletStatusTables, List vmStatusTables
Output: Optimally scheduled cloudlets with SLA compliance
Initialize simulation parameters and load dataset;
Calculate computation ratio and VM shares for all VMs;
while cloudletList ̸= ∅ do

optimalVM← getOptimalVMForCloudlet();
if optimalVM ̸= null then

targetCloudlet← getMaxCloudletForVmShareWithSLA(optimalVM);
if targetCloudlet ̸= null then

assignCloudletToVM(optimalVM, targetCloudlet);
updateVMStatusTable(optimalVM);

else if dynamicCloudletArrived then
updateVMStatusTable(currentTime);
dynamicCloudletArrived← false;

else
maxCloudlet← getMaxCloudletWithSLA() (SLA-1 > SLA-2 > SLA-3

priority);
if maxCloudlet ̸= null then

targetVM← getVMWithMinFinishTime(maxCloudlet);
if targetVM.vmShare < maxCloudlet.length then

performLoadBalancing();
borrowedCapacity← borrowCapacity(targetVM,

maxCloudlet.length);
assignCloudletToVM(targetVM, maxCloudlet);
updateVMStatusTable(targetVM);

else
REJECTED CLOUDLETS++;
removeUnSchedulableCloudlet();

else
REJECTED CLOUDLETS += cloudletList.size();
break;

procedure onCloudletArrival:
if newCloudletsArrived then

cloudletList.addAll(newCloudlets);
dynamicCloudletArrived← true;
goto step 3;

return schedulingResults;

Dynamic Adaptation: Processes incoming tasks by invoking updateVMStatusTable()
to refresh resource states and queuing new cloudlets according to SLA priority enabling
real-time workload adaptation.
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Resource Management: If the optimal VM is unavailable the algorithm selects the
highest-priority cloudlet using getMaxCloudletWithSLA() and identifies the VM with the
earliest completion time via getVmWithMinFinishTime(). In capacity-constrained sce-
narios performLoadBalancing() redistributes tasks while borrowCapacity() leverages up
to 95% of available capacity from other VMs to minimize rejections.

Rejection Handling: Identifies and removes unschedulable tasks via removeUnschedu-
lableCloudlet(), increments the rejection counter and records rejection statistics for sub-
sequent performance evaluation.

Event Handling: Monitors incoming cloudlet arrivals through onCloudletArrival(),
enqueues new tasks and triggers priority queue reorganization to maintain SLA-based
ordering.

Termination: Returns comprehensive performance metrics including scheduled cloudlet
count, rejection ratio, VM utilization, execution times and resource consumption. These
metrics facilitate evaluation across multiple dimensions such as ARUR and throughput
demonstrating balanced achievement of cloud scheduling objectives.

VM Status Update The VM Status Update mechanism (illustrated in Algorithm 2)

Algorithm 2: VM Status Update
Input : int currentTime, List vmStatusTables
Output: Updated VM status tables
foreach vmTable in vmStatusTables do

updateTimeDifference← currentTime − vmTable.lastUpdatedTime;
if vmTable.readTime − updateTimeDifference ≤ 0 then

vmTable.readTime← 0;
vmTable.remainingMI← 0;
vmTable.executedMI← vmTable.totalAssignedMI;

else
executedMI← vmTable.mips × updateTimeDifference;
vmTable.readTime − = updateTimeDifference;
vmTable.executedMI + = executedMI;
vmTable.remainingMI← vmTable.totalAssignedMI − vmTable.executedMI;

vmTable.lastUpdatedTime← currentTime;

Recalculate VM shares with SLA weights;
totalMI← calculateTotalMI();
foreach vm in vmStatusTables do

slaWeight← calculateSlaWeight(vm);
utilization← vm.remainingMI / vm.mips;
vmShare← vm.computationRatio × totalMI × slaWeight × (1.0− utilization);
vm.vmShare←max(0, vmShare);

Load balancing check;
loadVariance← calculateLoadVariance(vmStatusTables);
if loadVariance ≥ threshold then

rebalanceVMs();

return vmStatusTables;
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coordinates with the Main Scheduler to maintain real-time resource state accuracy ensur-
ing scheduling decisions leverage current availability metrics rather than stale data. This
enables responsive adaptation to evolving workload conditions including task termina-
tions, new task submissions, and fluctuating VM resource consumption.

The update procedure accepts two inputs: the current simulation time and the com-
prehensive VM status table. It iteratively processes each VM entry (foreach vmTable in
vmStatusTables) by computing the temporal delta: updateTimeDifference = currentTime -
vmTable.lastUpdatedTime. Upon detecting task completion (vmTable.readTime - update-
TimeDifference ≤ 0), the algorithm resets the VM state with readTime = 0, remainingMI
= 0, executedMI = totalAssignedMI, and aligns lastUpdatedTime to currentTime.

During each update cycle, the algorithm recalculates dynamic VM shares with SLA-
weighted prioritization.The aggregate computational workload across the entire system is
computed as:

aggregateMI = calculateTotalMI()

Individual VM workload contributions are then determined using Equations (30) and (31).

slaWeight = calculateSlaWeight(vm) (30)

SLAWeightj = 1.0 +
avgSLAVMj

10.0
(31)

where avgSLAVMj
denotes the mean SLA priority level across all cloudlets allocated to

VM j. The instantaneous utilization metric is computed according to Equation (32).

utilization =
vm.remainingMI

vm.mips
(32)

Also the compute core share is calculated in Equation (33)

vmShare = vm.computationRatio × totalMI × slaWeight × (1.0− utilization) (33)

A load-balancing term (1.0 - utilization) weights the distribution inversely with current
utilization assigning higher shares to underloaded VMs and fostering equitable load dis-
tribution. Share values are bounded to prevent negative allocations through the constraint
defined in Equation (34).

vm.vmShare = max(0, vmShare) (34)

Finally, the algorithm assesses aggregate load distribution across the system through
Equations (35) and (36).

loadVariance = computeLoadVariance(vmStatusTables) (35)

LoadVariance =
1

m
×

∑︂
(utilizationj − avgLoad)2 (36)

When loadVariance ≥ threshold (nominally 0.02) which is an indicator of critical load
imbalance, the algorithm calls rebalanceVMs to replace saturated VM loads with under-
utilized resources without violating SLA constraints. New vmStatusTables ensure that
future scheduling tasks are based on up-to-date information on resource availability. Such
a continuous equilibration mechanism along with the Main Scheduler would allow SLA-
DE-RALBA to offer adaptive features of effective resource utilization, load balance over
time in the context of simulation run and stable SLA satisfaction in the case of heteroge-
neous workload.
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4. Computing Setup

In this section, the cloud infrastructure was described as well as experimental datasets that
will be used during the study.

4.1. Datasets

This study employs two established scientific benchmark datasets for experimentation: 1)
GoCJ dataset, and 2) HCSP dataset. The GoCJ dataset is publicly available online on
URL5, and HCSP Dataset is also available publicaly online on URL6. The composition of
datasets are also presented in our earlier studies in [9,16,23,30].

The original GoCJ benchmark dataset was introduced by Hussain and Aleem [32] and
provides Google-derived realistic workload patterns representing real cloud job traces. To
enable SLA-aware scheduling evaluation, the original dataset was modified as follows.
The modified dataset retains the original job computational lengths expressed in Million
Instructions (MI) ranging from lightweight operations of 100 MI to computationally in-
tensive workloads of up to 10,000 MI.To facilitate hierarchical service differentiation and
dynamic workload simulation, we structured the datasets in CSV format with three essen-
tial attributes:

1. Cloudlet Length: This metric quantifies the processing requirements of each task us-
ing Million Instructions (MI) as the unit of measurement. Our dataset includes tasks
ranging from lightweight operations requiring 100 MI to computationally intensive
workloads demanding up to 10,000 MI, enabling performance evaluation across di-
verse computational scenarios.

2. SLA Level: Implemented a three-level classification system to govern resource pri-
oritization. Level 3 represents premium service with high-priority status and a 30%
capacity allocation bonus. Level 2 offers a balanced approach, providing moderate
priority with a 20% capacity enhancement. Level 1 caters to cost-optimized services,
granting standard priority with a 10% capacity supplement. This tiered structure en-
ables differentiated resource distribution based on service requirements.

3. Arrival Time: This parameter captures when individual tasks enter the simulation
environment, allowing us to model dynamic workload behaviors and time-dependent
scheduling constraints accurately.

Prior to the simulation, we applied the following preprocessing steps to the dataset:
(i) rows containing non-positive job lengths or negative arrival times were identified and
discarded (ii) SLA level values outside the valid range of 1–3 were flagged and removed
(iii) arrival times were verified to be consistent with the simulation termination boundary
of 5000 seconds and (iv) jobs were sorted by arrival time to ensure correct sequential
injection during simulation. No imputation or synthetic augmentation was applied; only
structurally valid records were retained for evaluation.

The HCSP dataset, which was originally proposed by Tracy [33] to use in our ex-
periment. This was done by adaptation that included changing the data to test the SLA-
DE-RALBA in our three-tier SLA system under different heterogeneity levels. The data

5 https://data.mendeley.com/datasets/r93dfjvvv6/
6 https://www.fing.edu.uy/inco/grupos/cecal/hpc/HCSP/index.htm

https://data.mendeley.com/datasets/r93dfjvvv6/
https://www.fing.edu.uy/inco/grupos/cecal/hpc/HCSP/index.htm
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set is in CSV format having three major columns Task computational requirements (in
terms of Million Instructions) designation of assigned SLA tier (between 1 and 3) and
task arrival time to be applied in dynamic workload simulation. The dataset has a total of
nine different workload types and each of them possesses distinct resources consumption
patterns.

CPU-Dominant Workloads: The u c-hilo category has tasks with heavy CPU usage
requirement coupled with high I/O usage and low memory usage such that the capacity
to allocate CPU is the main consideration in SLA. Contrary to this u c-lohi tasks can be
characterized by intensive CPU processing required along with large memory require-
ments but a low level of I/O activity which requires memory mindful resource allocation
of SLA resources.

I/O-Centric Workloads: Tasks that are classified as u i-hilo have both a high I/O
intensity and large CPU demand with a low memory demand that demand I/O-intensive
scheduling policies. The u i-lohi type provides an I/O load and a high memory load and
consumes less CPU resources, posing a memory-I/O optimization to SLA management.
Meanwhile u i-lolo tasks are pre dominated with I/O operations that require minimal CPU
and memory.

Storage-Intensive Workloads: The u s-hilo Work loads are workloads with a high
storage requirement and intensive workload with little memory usage that puts a strong
focus on the storage-prioritized resource allocation. On the other hand u s-lohi tasks are
both storage intensive and have high memory requirements with little CPU processing
making scenarios of SLA optimization in storage, storage-memory.

4.2. Experimental Setup

For the experimentation, the CloudSim Plus simulator was used on a computing sys-
tem equipped with an Intel Core i7-6600U processor operating at 2.80 GHz with turbo
boost support and 8 GB DDR4 RAM. To emulate a cloud infrastructure environment, a
simulated datacenter comprising 30 physical host machines was developed, supporting
between 30 and 120 virtual machines according to the experimental requirements. The
virtual machines were configured with varying processing capabilities measured in MIPS
(Million Instructions Per Second), which served as the primary performance metric for
executing workloads derived from the GoCJ and HCSP benchmark datasets.

The implementation architecture incorporated several key components, including a
datacenter broker responsible for resource allocation, an SLA-aware scheduling mecha-
nism, dynamic cloudlet management functionality, support for real-time task arrivals, and
a heterogeneous virtualized infrastructure consisting of 30 hosts and 120 virtual machines
with diverse computational capacities.

5. Experimental Results

This section provides a performance assessment of the proposed SLA-DE-RALBA algo-
rithm. The evaluation of SLA-DE-RALBA and other schedulings namely DE-RALBA,
DRALBA, SLA-RALBA, RALBA, PSSLB, PSSELB and Dynamic Max-Min is con-
ducted using the performance metrics i.e., makespan and average resource utilization ratio
(ARUR), energy consumption, execution time and cost, and throughput. Each experiment
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is repeated five times and the average values obtained from these iterations are used for the
analysis and comparison purposes. The experiments are performed using two benchmark
workloads i.e., GoCJ and HCSP.

5.1. Performance Assessment Results - GoCJ Dataset

The experiments are performed using GoCJ benchmark dataset [32] and these results for
each parameter are presented in this subsection.

ARUR evaluates resource utilization efficiency in cloud systems. As shown in Fig-
ure 3, SLA-DE-RALBA maintains consistently high ARUR (0.969–0.987) across all
workloads (1000–6000 jobs) with zero job rejections.

Fig. 3. ARUR using GoCJ dataset

Fig. 4. Mean ARUR using GoCJ dataset
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It slightly trails PSSLB and PSSELB at 1000 jobs but outperforms all baselines be-
yond 2000 jobs, with gains up to 28.9% over Dynamic Max-Min. At peak load (5000
jobs), it achieves the highest ARUR (0.987), confirming strong scalability and stable uti-
lization. Overall, SLA-DE-RALBA delivers the best mean ARUR, improving over Dy-
namic Max-Min (11.9%), DE-RALBA (7.5%), RALBA (7.2%), SLA-RALBA (7.1%),
DRALBA (4.5%), and marginally over PSSLB/PSSELB ( 0.8%). Figure 4 presents the
mean ARUR results for all algorithms using GoCJ dataset.

Fig. 5. Makespan using GoCJ dataset

Fig. 6. Job Rejection Ratio using GoCJ dataset
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Makespan measures overall job completion time, where lower values indicate better
scheduling efficiency and faster execution, critical for meeting cloud service commit-
ments.

As shown in Figure 5, SLA-DE-RALBA consistently achieves low makespan across
all workloads. At 1000 jobs, it records 4999.50 time units, comparable to DE-RALBA
and DRALBA, while for larger workloads (5000–6000 jobs), it remains stable between
4998–5000 time units. This stability is achieved through a multi-factor scheduling strategy
that jointly considers resource availability, system utilization and SLA constraints at each
decision point.

Figure 6 presents the Job Rejection Ratio (JRR), a key QoS metric measuring task re-
jections due to resource unavailability or deadline violations. SLA-DE-RALBA achieves
zero job rejections across most GoCJ configurations, accepting more workloads than all
baseline methods, while DRALBA shows the highest rejection rates at lower workload
levels (1000 and 3000 jobs). This zero-rejection performance is enabled by three mecha-
nisms: (1) capacity borrowing allowing high-priority tasks to use up to 95% of idle VM
capacity, (2) proactive load rebalancing that redistributes tasks when VM load imbalance
exceeds a threshold, and (3) dynamic VM share recalculation that adapts resources in real
time with each incoming cloudlet.

Fig. 7. Throughput using GoCJ dataset

Throughput measures the number of jobs completed over time, reflecting system pro-
cessing capacity and overall efficiency. Higher throughput indicates better ability to han-
dle concurrent workloads and improved service quality. As shown in Figure 7, SLA-DE-
RALBA consistently achieves superior throughput across all workload scales, recording
0.20019 at 1000 jobs and maintaining strong performance at larger datasets. It signifi-
cantly outperforms PSSLB and PSSELB, enabling faster job completion and higher sys-
tem efficiency. This improvement is driven by effective load balancing that maximizes
task allocation and optimizes resource utilization.

Energy consumption reflects resource efficiency and sustainability in cloud comput-
ing. As shown in Figure 8, SLA-DE-RALBA maintains low and stable energy usage
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(634–652 Joules) across all workloads (1000–6000 jobs). It achieves about 55–60% en-
ergy savings compared to PSSLB and PSSELB (1422–1435 Joules). Although Dynamic
Max-Min consumes less energy (223–491 Joules), it does so at the cost of poor resource
utilization, throughput, and execution performance.

Fig. 8. Energy Consumption using GoCJ dataset

Fig. 9. Execution Time using GoCJ dataset

In Figure 9, SLA-DE-RALBA achieves consistently low execution time across all
GoCJ workloads, with only minor variation ( 500 units), indicating strong scalability.
This performance results from its SLA-based priority scheduling and multi-layer opti-
mization, which prioritize high-importance tasks while efficiently allocating resources.
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Fig. 10. Execution Cost using GoCJ dataset

The improved cost and resource utilization also reduce execution time, benefiting both
users and cloud providers in terms of efficiency and cost savings.

Figure 10 shows that SLA-DE-RALBA is the most cost-efficient algorithm across
all workload sizes, with costs ranging from 3524 units (1000 jobs) to 4100 units (6000
jobs), significantly lower than all baselines. Dynamic Max-Min is competitive only at low
workloads but degrades at higher loads. PSSLB and SLA-RALBA show moderate cost
efficiency, while RALBA, PSSELB, and DRALBA incur much higher costs, especially
under heavy workloads, indicating poor scalability in cost optimization.

5.2. Performance Assessment Results - HCSP Dataset

The experiments are performed using HCSP benchmark dataset and these results for each
parameter are presented in this subsection [33].

ARUR result in Figure 11 shows that SLA-DE-RALBA consistently achieves high
resource utilization, with ARUR values exceeding 0.95 in centralized environments using
HCSP dataset. RALBA and SLA-RALBA perform well under high-resource conditions,
while PSSLB and PSSELB show strong results only when resources are abundant but de-
grade under constraints. DE-RALBA exhibits moderate performance in low-resource set-
tings, whereas Dynamic Max-Min shows fluctuating results with inconsistent efficiency
in distributed scenarios.

The makespan result (Figure 12) shows that SLA-DE-RALBA consistently achieves
the best performance across different configurations, especially in U CHIHI and U S-
LOLO scenarios. DE-RALBA maintains moderate and stable performance, while Dy-
namic Max-Min performs variably across conditions. PSSLB and PSSELB show moder-
ate and consistent but less efficient makespan results.

Figure 13 shows that SLA-DE-RALBA maintains high job acceptance across all work-
load conditions, demonstrating strong reliability and effective workload handling. In con-
trast, DRALBA, DE-RALBA, SLA-RALBA, PSSLB, PSSELB, and Dynamic Max-Min
exhibit varying levels of job rejection, especially under heavy loads, indicating limited
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Fig. 11. ARUR using HCSP dataset

Fig. 12. Makespan using HCSP dataset

adaptability. Overall, SLA-DE-RALBA consistently ensures efficient job processing and
SLA compliance across all configurations.

The throughput results using HCSP dataset (Figure 14) shows that SLA-DE-RALBA
achieves optimal performance even under resource constraints. DE-RALBA, DRALBA,
and RALBA maintain moderate, configuration-independent throughput, while PSSLB
and PSSELB perform well only in LOLO scenarios. Overall, SLA-DE-RALBA deliv-
ers superior throughput, demonstrating the effectiveness of SLA-based scheduling for
maximizing job completion efficiency. Energy consumption analysis (Figure 15) shows
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Fig. 13. Job Rejection Ratio using HCSP dataset

Fig. 14. Throughput using HCSP dataset

that RALBA and SLA-RALBA exhibit peak usage in U IHIHI configurations. Dynamic
Max-Min achieves the lowest energy consumption, reducing usage by 20–35% compared
to RALBA/SLA-RALBA, 10–25% vs DE-RALBA, and 5–15% vs SLA-DE-RALBA,
while PSSELB is the second most efficient with 15–30% savings. Although SLA-DE-
RALBA is slightly less energy-efficient, it provides a better overall balance of resource
utilization, makespan, and QoS than highly energy-optimized methods.

Figure 16 shows that SLA-DE-RALBA achieves consistently low execution times
across both centralized and distributed models, setting the best benchmark performance.
DE-RALBA provides stable moderate results, while PSSLB performs close to SLA-
DE-RALBA. However, RALBA and SLA-RALBA exhibit significantly higher execution
times in high-resource scenarios. PSSELB shows inconsistent performance, and DRALBA
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Fig. 15. Energy Consumption using HCSP dataset

Fig. 16. Execution Time using HCSP dataset

experiences sharply increasing execution times in both centralized and scattered configu-
rations.

Figure 17 shows that PSSLB achieves cost performance close to SLA-DE-RALBA
in most cases. Dynamic Max-Min maintains generally low and stable execution costs,
making it a cost-efficient option. In contrast, RALBA and PSSELB incur significantly
higher costs in U J-HIHI scenarios, while DRALBA and SLA-RALBA further increase
costs under high-resource workloads.
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Fig. 17. Execution Cost using HCSP dataset

5.3. Results Discussion

SLA-DE-RALBA achieves a zero job rejection ratio across all GoCJ and HCSP work-
loads. In contrast, competing methods show varying rejection rates, ranging from minor
levels in DE-RALBA to very high rejection in PSSLB, PSSELB, DRALBA, and Dy-
namic Max-Min. This consistent performance is due to its SLA-aware admission control
and dynamic load balancing, which prevent resource saturation and ensure all jobs are
successfully processed under diverse workload conditions.

SLA-DE-RALBA demonstrates consistent and robust performance across GoCJ and
HCSP datasets by integrating multi-tier SLA scheduling with dynamic, multi-objective
optimization for SLA compliance, cost, energy efficiency, and load balancing. First, its
SLA-priority cloudlet selection ensures high-priority jobs are executed first, eliminating
job rejections entirely (JRR = 0), unlike Dynamic Max-Min ( 50%), PSSLB (up to 87.4%),
and DE-RALBA (up to 0.5%). This prevents resource saturation through explicit admis-
sion control. Second, a weighted VM scoring model balances execution time (25%),
cost (35%), utilization (30%), and load balance (10%), enabling lower execution cost
and time without sacrificing throughput or makespan, while avoiding server overloading
or underutilization. Third, its Dynamic Enhanced adaptive tuning continuously adjusts
scheduling decisions under changing workloads, keeping makespan stable (4996–4999)
and outperforming PSSLB and PSSELB by 41%–45% in efficiency and 36%–57% in
execution time. Fourth, reactive cloudlet migration during VM idle states improves real-
time utilization, achieving a stable ARUR of 0.96–0.98 even under fluctuating or SLA-
constrained workloads.

Finally, SLA-DE-RALBA achieves the highest mean ARUR (0.980) and lowest en-
ergy consumption (223–657 Joules), significantly outperforming PSSLB, PSSELB, DE-
RALBA, and DRALBA in energy efficiency while maintaining superior utilization and
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strict SLA compliance, making it the most balanced and reliable approach for real-world
cloud environments.

6. Limitations

Although SLA-DE-RALBA demonstrates improved performance compared to existing
scheduling algorithms, this study presents several limitations.

The evaluation is conducted exclusively in the CloudSimPlus simulation environment
and has not been validated on physical testbeds, which may limit the representation of a
few practical deployment factors such as network variability, hardware failures, system-
level overheads, and multi-tenant resource contention. The algorithm does not explicitly
incorporate hardware fault-tolerance or security mechanisms, as its design prioritizes en-
ergy efficiency and performance; consequently, its behavior under hardware failures or
security-critical conditions remains unexamined.

Furthermore, the execution cost model, based on unit price and execution time, en-
sures methodological consistency and comparability but provides a simplified representa-
tion of real-world cloud pricing which may involve additional factors such as data transfer,
storage, and dynamic pricing.

7. Conclusion

This study addresses key challenges in cloud job scheduling, including SLA compliance,
workload variability, heterogeneous resources, and energy-cost trade-offs. Existing meth-
ods are either SLA-aware but static or dynamic but SLA-agnostic, limiting overall effec-
tiveness.

To overcome this, we proposed SLA-DE-RALBA, implemented in the CloudSim Plus
environment, integrating multi-tier SLA prioritization with dynamic optimization. Exper-
imental results across multiple datasets show that SLA-DE-RALBA consistently outper-
forms existing algorithms, achieving the highest resource utilization (ARUR = 0.980),
lower execution cost and makespan, and zero job rejection while maintaining stable SLA
performance.

8. Future Work

There are a number of promising directions for the extension of this work. There are
scalability studies that may be made to investigate the multi datacenter designs as well
as the cloud fog edge paradigms of computation. Network and storage intelligence and
computational resource could be part of the holistic resource optimization. The basic im-
plementation would be tested in practice in platforms such as OpenStack or Kubernetes
which would offer useful deployment information. Workload prediction and SLA- risk
analysis could be improved by machine learning integration to increase forecast abili-
ties. Multi- objective optimization models may facilitate detailed trade-offs between SLA
compliance, energy-saving and cost-cutting. Lastly, it would be desirable to add fault tol-
erance features like failure identification and traffic redirection in order to enhance the
reliability of the system in the most important applications.
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