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Abstract

Cloud computing has transformed the delivery of modern applications and services by
providing scalable, flexible, and cost-effective access to computing resources. One of the
most critical challenges in cloud environments is the efficient distribution of dynamic
workloads across heterogeneous resources, commonly addressed through load balancing
and task scheduling techniques. Efficient scheduling plays a vital role in maximizing
resource utilization, minimizing response time, and maintaining acceptable Quality of
Service (QoS), particularly under dynamic and large-scale workloads. Despite the progress
achieved by traditional heuristics such as Min-Min and metaheuristic approaches like the
Improved Sparrow Search Algorithm (ISSA), challenges related to scalability, adaptability,
and computational overhead remain. Metaheuristic-based approaches often involve itera-
tive optimization processes that may limit their efficiency in real-time scheduling scenarios.
In this paper, we propose a lightweight Stochastic Predictive Energy-Aware Scheduling
(SPES) algorithm that integrates predictive execution estimation, multi-resource aware-
ness, and stochastic decision-making. Unlike deterministic scheduling strategies, SPES
employs a Top K candidate selection mechanism combined with probabilistic weighting
and epsilon-greedy exploration to enhance adaptability and avoid suboptimal resource
allocation. The proposed method considers CPU, memory, and I/O demands to achieve
balanced utilization across heterogeneous hosts while implicitly addressing energy effi-
ciency through utilization-based modeling. The proposed algorithm is implemented and
evaluated using the CloudSim 5.0 simulation framework under heterogeneous multi-region
cloud environments with varying workload sizes. Experimental results demonstrate that
SPES consistently outperforms ISSA and achieves makespan reductions of up to 23.8%
while improving scalability, resource utilization, and scheduling efficiency under dynamic
cloud workloads. These results indicate that SPES provides an effective lightweight schedul-
ing solution for large-scale and energy-aware cloud computing environments and supports
green computing objectives through improved resource efficiency.

Keywords: cloud computing; CloudSim; task scheduling; resource allocation; load
balancing; energy-aware computing; green computing; multi-region cloud computing
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1. Introduction
Cloud computing has emerged as one of the most influential paradigms in modern

computing, enabling scalable, flexible, and on-demand access to computational resources
over the Internet [1,2]. The rapid growth of cloud-based applications, big data analytics,
Internet of Things (IoT), artificial intelligence, and online services, has significantly in-
creased the demand for reliable and efficient cloud infrastructures [3,4]. Cloud computing
provides organizations and individuals with cost-effective access to storage, processing
power, networking, and virtualized services without requiring large investments in physi-
cal infrastructure. The underlying principles of cloud computing, including virtualization,
resource sharing, service elasticity, and on-demand provisioning, have established the foun-
dation for scalable and efficient cloud infrastructures [5]. This paradigm has fundamentally
transformed how computational resources are deployed, managed, and consumed across
both academic and industrial environments [6]. This evolution has established cloud
computing as the fifth utility, enabling ubiquitous access to computing resources through
service-oriented delivery models [7]. At the core of cloud computing are cloud data cen-
ters, which host large numbers of heterogeneous physical machines and virtual machines
responsible for executing dynamic workloads and providing uninterrupted services to
users worldwide [8].

Despite the significant advantages offered by cloud computing, efficient resource
allocation and workload management remain major challenges [9,10]. Modern cloud
environments are characterized by dynamic workload arrivals, heterogeneous resource
capacities, geographically distributed infrastructures, and continuously changing utiliza-
tion conditions. Dynamic resource management techniques such as auto-scaling have also
been extensively investigated to adapt resource provisioning according to workload fluc-
tuations while minimizing execution cost and meeting application deadlines [11]. These
characteristics make task scheduling and load balancing highly complex optimization
problems [12]. Various scheduling strategies, ranging from traditional heuristic methods to
workflow-oriented scheduling algorithms, have been extensively investigated to improve
resource allocation efficiency in heterogeneous cloud environments [13,14]. In large-scale
multi-region cloud environments, workloads may need to be distributed across several
geographically separated data centers to maintain high availability, minimize response
time, and improve Quality of Service (QoS) [15]. Consequently, inefficient scheduling
decisions can lead to resource underutilization, excessive task waiting time, increased
makespan, which represents the total completion time of all submitted tasks, performance
degradation, and unnecessary energy consumption [16].

Load balancing therefore plays a critical role in improving the efficiency and reliability
of cloud systems [17]. The objective of load balancing is to distribute workloads dynamically
across available computing resources in a way that prevents resource overloading while
maximizing utilization and throughput [18]. Effective scheduling and load balancing
mechanisms can significantly reduce execution time, minimize latency, improve fault
tolerance, and enhance the overall user experience [19]. However, achieving balanced
resource allocation becomes increasingly difficult in heterogeneous cloud infrastructures
where hosts possess different CPU, memory, storage, and I/O capabilities [20]. In addition,
the increasing scale of cloud data centers introduces further challenges related to scalability,
adaptability, and energy efficiency [21].

Traditional scheduling approaches such as First Come First Serve (FCFS), Round Robin,
Min-Min, and Max-Min are widely used due to their simplicity and low computational
overhead [15,16]. Nevertheless, these approaches often fail to adapt effectively to dynamic
workload patterns and heterogeneous resource conditions. Consequently, metaheuristic
optimization techniques have attracted increasing attention as effective optimization ap-
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proaches for solving complex cloud scheduling problems [22]. As cloud systems become
more complex, deterministic scheduling methods may generate suboptimal resource allo-
cation decisions and fail to maintain balanced utilization across hosts [23]. To address these
limitations, researchers have explored metaheuristic and swarm intelligence techniques
inspired by natural phenomena, including Particle Swarm Optimization (PSO), Ant Colony
Optimization (ACO), Genetic Algorithms (GA), Whale Optimization Algorithm (WOA),
and Sparrow Search Algorithm (SSA) [18–20]. These techniques aim to improve scheduling
quality by searching for near-optimal solutions in large and complex solution spaces. More
recently, hybrid differential evolution-based optimization methods and neighborhood
search techniques have further improved multi-objective cloud scheduling performance
under heterogeneous environments [24,25].

Among these approaches, the Improved Sparrow Search Algorithm (ISSA) has demon-
strated promising performance in cloud scheduling and resource allocation problems [21].
ISSA enhances workload distribution and improves resource utilization through adap-
tive swarm-based optimization strategies. However, population-based metaheuristic ap-
proaches such as ISSA generally require iterative exploration and repeated fitness evalua-
tions, which may increase computational overhead and reduce responsiveness under real
time workload conditions [23,26]. Furthermore, the stochastic behavior of such algorithms
may lead to convergence instability or excessive exploration in highly dynamic multi-
region cloud environments. These limitations motivate the need for lightweight scheduling
strategies capable of maintaining efficient performance while reducing computational com-
plexity. Recent studies have incorporated dynamic execution time prediction to improve
scheduling quality and reduce makespan while maintaining efficient task allocation [27].

Another important challenge in modern cloud computing is energy consumption [28].
Large-scale cloud data centers consume considerable amounts of electrical power, con-
tributing to operational costs and environmental concerns. Consequently, green computing
and energy-aware scheduling have become major research directions in cloud resource
management [29]. Several studies have attempted to reduce power consumption by inte-
grating energy models, workload consolidation techniques, predictive resource allocation,
and adaptive scheduling mechanisms [30,31]. Load estimation techniques and intelligent
resource provisioning strategies have also been proposed to improve resource efficiency
under dynamic cloud and edge computing environments [32]. In parallel, trust-aware
multi-objective scheduling algorithms have been introduced to balance system perfor-
mance with reliable resource allocation decisions [33]. However, many energy-aware
approaches rely on complex optimization models or machine learning frameworks that
may introduce additional computational overhead and reduce scalability in real-time
scheduling environments.

To overcome these limitations, this paper proposes the Stochastic Predictive Energy-
Aware Scheduling (SPES) algorithm, a lightweight and adaptive scheduling approach
designed for heterogeneous multi-region cloud environments. The proposed algorithm
integrates predictive resource estimation, multi-resource utilization analysis, stochastic
decision-making, and energy-aware scheduling into a unified scheduling framework. Un-
like purely deterministic or computationally expensive metaheuristic approaches, SPES
employs a top k candidate host selection mechanism combined with probabilistic weighted
selection and epsilon-greedy exploration to improve adaptability and avoid suboptimal
allocation decisions. The scheduler evaluates CPU, memory, and I/O utilization simul-
taneously to achieve balanced workload distribution across heterogeneous hosts while
minimizing overload conditions.

To support green computing objectives, SPES incorporates a lightweight energy-aware
model using CPU utilization as an energy proxy, enabling implicit optimization of power
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consumption without requiring complex power estimation models. In addition, the algo-
rithm dynamically adapts its scheduling priorities according to current host utilization
conditions, allowing efficient workload balancing under varying system loads. The pro-
posed SPES algorithm is implemented and evaluated using the CloudSim simulation
framework in a distributed multi-region cloud environment consisting of heterogeneous
hosts and multiple workload sizes. Experimental results demonstrate that SPES consistently
outperforms ISSA in terms of makespan, total execution time, and average execution time.
SPES achieves makespan improvements of up to 23.8% while maintaining efficient resource
utilization and reduced scheduling overhead under dynamic workload conditions.

The technical novelty of SPES lies in the integration of predictive execution estimation,
multi-resource utilization awareness, adaptive dynamic weighting, Top K candidate host
selection, and ε-greedy stochastic exploration within a unified lightweight scheduling
approach. Unlike conventional population-based metaheuristic schedulers, SPES combines
these mechanisms in a single scheduling decision without iterative optimization, enabling
efficient workload distribution while maintaining low computational overhead and good
scalability in heterogeneous multi-region cloud environments.

The remainder of this paper is organized as follows. Section 2 reviews related work and
discusses existing heuristic and metaheuristic scheduling approaches. Section 3 presents
the proposed SPES methodology, including its design principles and algorithmic formu-
lation. Section 4 evaluates the performance of SPES through simulation experiments and
comparative analysis with ISSA. Finally, Section 5 concludes the paper and outlines future
research directions.

2. Related Work
Recent research in cloud computing has extensively explored resource allocation and

load balancing techniques to address challenges related to scalability, energy efficiency,
and workload distribution. As summarized in Table 1, a variety of approaches have been
proposed, ranging from heuristic and metaheuristic algorithms to hybrid and learning-
based methods. These studies are typically evaluated using simulation environments such
as CloudSim 5.0 or Python-based frameworks, enabling controlled analysis of scheduling
performance under diverse workload conditions.

Table 1. Comparative study of related work.

Ref. Approach Focus Used Techniques Simulation
Environment Dataset Contribution

[34]

Multi-objective Survivors
Optimization
(MO-survivors’
optimization)

Load balancing;
Multi-objective
optimization;
Resource
management

Hybrid bio-inspired
metaheuristic (Rattus social
behavior + Lapin
hide-and-seek + Hawks
group hunt)

Python simulation Google Cloud Jobs
Dataset (GoCJ)

Reduced makespan by
223.03 s while improving
resource utilization by
5.36% and throughput
by 1.77%.

[35]

DA-DBL Federated
Learning with RO-COA
(Dilated & Attention
Bi-LSTM with Random
Opposition Coati
Optimization)

Resource prediction
& Load balancing

Federated Learning; Dilated
& Attention 1D-CNN
(DA-DBL); Bi-LSTM;
RO-COA optimization;
multi-objective constraints
(makespan, QoS, resource
utilization, power)

Python simulation N/A

Achieved 75–80% reduction
in the cost function
compared with TSO, FOA,
and CSA metaheuristics,
with improved prediction
accuracy and
power efficiency.

[36]
Intercrossed Chimp &
Bald Eagle Algorithm
(IC&BA)

Load balancing,
energy, execution,
migration cost

Hybrid of Bald Eagle Search
(BES) and Chimp
Optimization (CA)

Python simulation
Google Cluster
Workload Traces
2019

Improved load balancing
performance while
reducing energy
consumption in
heterogeneous cloud
environments.

[23]
Region-Aware Dynamic
Scheduling Algorithm
(RASA)

Workload
distribution; latency
reduction

Adaptive Chaotic Sparrow
Search Optimization
(ACSSA), Coalitional Game

CloudSim Toolkit Run-time generated
tasks

Enhanced task scheduling
precision and reduced
latency through adaptive
workload distribution.
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Table 1. Cont.

Ref. Approach Focus Used Techniques Simulation
Environment Dataset Contribution

[37] Intelligent Weighted PSO
with Feedback Controller

Task scheduling; VM
migration

PSO + Double Deep Q
model + Conditional GAN
feedback

Python (Windows
10, i3, 8 GB RAM,
Spyder IDE)

N/A

Provided fault-tolerant and
energy-efficient load
balancing with optimized
workload management.

[38] EcoSched Framework Resource allocation;
eco-efficiency

Predictive analytics-based
scheduling

CloudSim +
VMware + AWS;
Python; Intel i7, 16
GB RAM

OpenVC Dataset

Improved scalability,
energy efficiency, and cost
effectiveness for large-scale
cloud scheduling.

[39] EMPBT-LB Algorithm Dynamic load
balancing Non-AI heuristic method

4 Data Centers, 6
Regions, Linux +
Xen

Real-time workload
data

Enhanced response time
and overall system
performance under
dynamic workloads.

[40]
LBAO (Load
Balance-Aware
Offloading)

Cloud–Edge–End
(CEE) collaboration

Genetic Algorithm with
heuristic decoding

Custom GA-based
simulator

GitHub
(fanyueqi/LBAO-
algorithm)

Achieved efficient
cloud–edge–end task
offloading with improved
dynamic load balancing
capability.

[41] PMHEFT Review
(Comparative Study)

Benchmarking of
load balancing
algorithms

Comparison: FIFO,
PHMEFT, DRALBA,
GWO-PSO, Markov

Review (no
simulation) N/A

Identified PMHEFT as the
best-performing approach
for improving throughput
and minimizing
response time.

[42] ReT-ELBa Algorithm Load balancing
efficiency

Modified Throttled
Algorithm with Priority

Cloud Analyst
Tool

4 Cases ([50, 50, 100,
and 150] Virtual
Machines, [1 (25),
2(25 Each), 2(50
Each), and 3(50
Each)] Data
Centers).

Optimized virtual machine
assignment and reduced
response time in cloud
data centers.

[43] Hybrid Lyrebird Falcon
Optimization (HLFO)

Energy & memory
optimization

FOA + LOA +
Reinforcement Learning

CloudSim 4.0 +
Python 3.11.1 Real world data

Improved energy efficiency
through adaptive and
intelligent scheduling
mechanisms.

[44] Modified Min-Min
Heuristic

Workflow
scheduling;
precedence
constraints

Modified Min-Min heuristic
Simulation on
benchmark
workflows

– Random (100
to 500 tasks)

– Montage
workflows
(25 to 100
tasks)

Enhanced resource
utilization and reduced
overall task execution time.

Metaheuristic and hybrid optimization approaches have gained significant atten-
tion due to their ability to handle complex scheduling problems. Algorithms such as
Multi-objective Survivors Optimization (MO-survivors) [34], IC&BA [36], and RASA [23]
incorporate bio-inspired and game-theoretic concepts to improve load balancing, reduce
makespan, and enhance resource utilization. Similarly, the federated learning-based RO-
COA framework [35] integrates attention mechanisms with Coati Optimization to improve
adaptive load balancing and resource allocation in dynamic cloud environments. Likewise,
the MO-Survivors approach [34] performs multi-objective optimization to simultaneously
improve load balancing, resource utilization, and scheduling efficiency. Although both ap-
proaches achieve promising performance, they rely on relatively sophisticated optimization
or AI-based learning mechanisms, which may increase computational complexity in large-
scale cloud environments. Other approaches, including PSO-based feedback models [37],
EcoSched [38], and EMPBT-LB [39], aim to improve fault tolerance, energy efficiency, and
response time through hybrid and adaptive strategies.

Despite their effectiveness, these approaches often rely on complex optimization
processes, parameter tuning, or iterative convergence mechanisms, which may limit their
applicability in real-time and large-scale cloud environments. Additionally, cloud–edge
and hybrid computing paradigms [40] introduce further complexity due to the need for
distributed and region-aware resource management.

Traditional heuristic scheduling algorithms remain attractive because of their simplic-
ity and low computational overhead. However, their limited adaptability often leads to
suboptimal scheduling decisions in heterogeneous cloud environments [15–17]. To over-
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come these limitations, recent studies have increasingly adopted metaheuristic and swarm
intelligence techniques, particularly ISSA [21], to improve scheduling quality and resource
utilization. Although these approaches achieve promising optimization performance, their
population-based iterative search mechanisms may introduce additional computational
overhead and reduce responsiveness under dynamic cloud workloads [23,26].

Game-theoretic approaches have also been explored to improve scheduling efficiency
with reduced computational complexity. For instance, the Regional Awareness Dynamic
Scheduling Algorithm (RASA) [23] integrates coalitional game theory with adaptive opti-
mization techniques to improve throughput and latency. However, these methods often
require complex modeling and parameter tuning, which can limit their flexibility in rapidly
changing environments.

More recently, machine learning and artificial intelligence techniques have been intro-
duced to enhance scheduling decisions. Predictive analytics [45] and deep reinforcement
learning (DRL) [46] enable adaptive and data-driven resource allocation strategies, while
other approaches focus on energy-efficient scheduling using collective intelligence models
such as the Krill Herd algorithm [47]. In addition, Lyu et al., [48] proposed a quantization-
aware collaborative inference framework for large embodied AI models to improve infer-
ence efficiency under delay and energy constraints, whereas Reddy et al., [49] presented
a secure and energy-efficient cloud computing framework that combines encryption, in-
telligent data center selection, and energy-aware resource management. Although these
approaches improve prediction accuracy, energy efficiency, and system intelligence, they
generally address complementary cloud computing challenges rather than lightweight task
scheduling and may introduce additional computational complexity or require advanced
AI models.

Based on the reviewed literature, several research gaps remain. Classical heuristics lack
scalability and adaptability for dynamic and large-scale cloud environments. Metaheuristic
and hybrid approaches improve optimization quality but often suffer from high compu-
tational cost and slow convergence. Swarm-based algorithms, including ISSA, provide
improved load balancing but may struggle with responsiveness under dynamic work-
loads. Furthermore, while energy-aware and predictive scheduling techniques have been
explored, integrating these features into a lightweight and efficient real-time scheduling
framework remains a significant challenge.

To address these limitations, this paper proposes the Stochastic Predictive Energy-
Aware Scheduling (SPES) algorithm, which combines lightweight heuristic design with
stochastic decision-making and predictive resource estimation. Unlike existing approaches,
SPES integrates multi-resource awareness (CPU, memory, and I/O), dynamic load balanc-
ing, and implicit energy optimization, enabling efficient and scalable scheduling suitable
for modern cloud environments.

3. Proposed Methodology
The proposed Stochastic Predictive Energy-Aware Scheduling (SPES) algorithm is

designed to achieve efficient, balanced, and energy-aware task scheduling in heteroge-
neous distributed cloud environments. The approach aims to bridge the gap between
predictive modeling and real-time scheduling by integrating execution time estimation,
multi-resource load balancing, and energy awareness into a unified probabilistic decision-
making framework. Unlike traditional deterministic heuristics or complex metaheuristic
approaches, SPES adopts a computationally efficient stochastic strategy that dynamically
adapts to varying workload conditions while maintaining minimal algorithmic overhead.
The scheduling problem addressed by SPES can be formulated as a constrained multi-
objective host selection problem. For each incoming cloudlet, the scheduler aims to identify
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the most appropriate host by simultaneously minimizing predicted execution time, re-
source imbalance, and estimated energy consumption while satisfying the available CPU,
memory, and I/O resource constraints. Instead of solving a computationally expensive
mathematical optimization model, SPES employs a lightweight heuristic scoring mecha-
nism combined with stochastic candidate selection to efficiently approximate the optimal
scheduling decision under dynamic heterogeneous cloud environments.

3.1. Multi-Layer Scheduling Architecture

As illustrated in Figure 1, the SPES model operates within a multi-layer scheduling
architecture composed of four main layers, Task Layer, Resource Layer, Scheduling Layer,
and Execution Layer.

Figure 1. The Proposed SPES Algorithm.

The Task Layer is responsible for defining and profiling incoming cloudlets based
on their computational requirements, including CPU, memory, and I/O demands. This
profiling enables context-aware scheduling decisions. The Resource Layer represents the
heterogeneous infrastructure of cloud data centers distributed across multiple regions.
It continuously monitors and reports real-time utilization metrics of hosts, forming the
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basis for scheduling decisions. The Scheduling Layer implements the core SPES logic. It
evaluates candidate host-task mappings using a multi-objective scoring function derived
from predictive and real-time system parameters. The Execution Layer handles task
execution and updates host utilization dynamically, forming a feedback loop that ensures
continuous adaptation to system changes.

3.2. Mathematical Modeling

To provide a clear understanding of the mathematical framework used in the proposed
SPES algorithm, Table 2 summarizes the notations, parameters, and variables deployed
throughout Equations (1)–(10). The model evaluates scheduling decisions based on multi-
resource utilization metrics (CPUu, MEMu, and IOu), statistical properties of host loads
(µ and σ2), and adaptive scoring coefficients (α, β, and γ). Additionally, the parame-
ters governing the stochastic candidate selection, weight normalization, and exploration–
exploitation trade-off (δ, ε, and k) are detailed to ensure the reproducibility of the
scheduling strategy.

Table 2. Mathematical notations and parameters of the proposed SPES algorithm.

Symbol Description
h A specific candidate host in the cloud infrastructure.

CPUu
Estimated total CPU utilization of host h after

task assignment.

CPUcurrent(h) Current CPU capacity currently utilized by active workloads on
host h.

CPUtask CPU capacity required by the incoming task (cloudlet).
CPUcapacity(h) Maximum CPU capacity supported by host h.

MEMu
Estimated total Memory utilization of host h after

task assignment.
MEMcurrent(h) Memory capacity currently utilized on host h.

MEMtask Memory capacity required by the incoming task.
MEMcapacity(h) Maximum Memory capacity supported by host h.

IOu
Estimated total Input/Output (I/O) utilization of host h after

task assignment.
IOcurrent(h) I/O currently utilized on host h.

IOtask I/O required by the incoming task.
IOcapacity(h) Maximum I/O capacity supported by host h.

µ
Mean resource utilization across CPU, Memory, and I/O for a

given host.

σ2 Imbalance variance representing the deviation in utilization
among different resource types.

S/Shi Unified scheduling score computed for a candidate host/host hi.

E Estimated Energy Proxy (represented by the host’s estimated
CPU utilization).

α
Adaptive weighting coefficient assigned to the CPU

utilization component.

β
Adaptive weighting coefficient assigned to the resource

imbalance variance (σ2).

γ
Adaptive weighting coefficient assigned to the Energy Proxy

component (E).

η
An extra constant or bias term included in the scheduling score

function.
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Table 2. Cont.

Symbol Description

C Candidate Set containing the filtered top-k best
performing hosts.

k The number of top-performing hosts selected to form the
Candidate Set.

wi Inverse weight calculated for host hi based on its absolute
scheduling score.

δ
Stabilization constant added to the denominator to prevent

division by zero.

P(hi) Normalized selection probability assigned to host hi within the
candidate set.

ε
Exploration parameter used in the epsilon-greedy strategy to

control randomness.

Hfeasible The complete pool of all feasible candidate hosts capable of
executing the task.

hselected The final host chosen by the scheduler for task allocation.
PE Predicted Execution Estimation

The first component in the scheduling layer is the Estimated CPU Utilization, which
represents the expected processor load on a given host after assigning a cloudlet. As illustrated
in Equation (1), this value is computed by dividing the total expected CPU usage, current
utilization plus cloudlet demand, by the host’s CPU capacity. A lower value of the estimated
CPU utilization indicates a less loaded host, enabling the scheduler to select resources that
can handle tasks more efficiently and minimize potential processing delays.

The second component is the Load Balancing metric, which evaluates how evenly
the host’s resources, CPU, memory, and I/O, will be utilized after task assignment. After
computing the utilization of each resource using Equations (1)–(3), the mean utilization
is calculated as defined in Equation (4). However, the mean alone does not fully capture
resource balance. Therefore, the imbalance variance is computed using Equation (5). A
lower variance value indicates a more balanced distribution of resource utilization, which
helps reduce bottlenecks and enhances overall system stability and reliability.

To measure resources’ usage, let CPUu, MEMu, and IOu represent the utilization
of CPU, memory, and I/O resources respectively after assigning a task. The internal
computation of the SPES algorithm begins by calculating the Estimated CPU Utilization
(CPUu) as the primary performance indicator as shown in Equation (1).

Equations (1)–(3) compute utilization values for the three core resources based on host
usage and cloudlet requirements.

CPUu = [CPUcurrent(h) + CPUtask]/CPUcapacity(h) (1)

MEMu = [MEMcurrent(h) + MEMtask]/MEMcapacity(h) (2)

IOu = [IOcurrent(h) + IOtask]/IOcapacity(h) (3)

The third component is the Estimated Energy Proxy, which provides an indicator of
power consumption based on CPU utilization, that serves as a practical approximation
of runtime power demand, enabling the system to balance execution performance with
energy efficiency.
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The internal computation of the SPES algorithm then proceeds by calculating the mean
utilization (µ) across these three core resources, as shown in Equation (4), which reflects the
average resource usage after virtual task placement.

µ = [CPUu + MEMu + IOu]/3 (4)

This measure provides a general indicator of how intensively a host’s resources will
be utilized. However, mean utilization alone does not reveal imbalance among various
resources’ aspects. To address this challenge, the imbalance variance (σ2), as shown in
Equation (5), is computed to measure unequal distribution among CPU, memory, and I/O.
A smaller value of variance indicates that resources are being used more balanced, that leads
to improved performance stability and resources management. The imbalance variance
is computed independently for each candidate host during task evaluation, allowing the
scheduler to compare the expected resource balance across all feasible hosts before final
task allocation.

σ2 = [(CPU_u − µ)2 + (MEM_u − µ)2 + (IO_u − µ)2]/3 (5)

3.3. Adaptive Multi-Objective Function

Finally, the three components, Estimated CPU Utilization, Load Balancing, and Estimated
Energy Proxy, are combined into a unified scheduling score using adaptive weights, as shown
in Equation (6). The weighting coefficients (α, β, γ) are adaptively adjusted using utilization-
aware threshold rules based on the average resource utilization of each evaluated host. The
scheduler first computes the average utilization of CPU, memory, and I/O resources before
task allocation. When the average utilization exceeds a predefined threshold of 0.8, higher
priority is assigned to the utilization component by increasing α to 0.6, while the imbalance
and energy-related coefficients are reduced (β = 0.25, γ = 0.15) to minimize processing pressure
and avoid host overloading under heavy workloads. Otherwise, under moderate utilization
conditions, more balanced coefficients are applied (α = 0.5, β = 0.3, γ = 0.2) to emphasize
balanced resource distribution and energy efficiency. The coefficient values (α,β,γ) and
the utilization threshold were experimentally tuned through iterative simulation trials to
achieve a balanced trade-off among scheduling efficiency, workload distribution, and energy-
aware behavior. Several parameter combinations were evaluated during the preliminary
testing phase, and the selected values demonstrated stable and consistent performance across
different workload scenarios. This adaptive weighting mechanism enables the SPES scheduler
to dynamically respond to varying workload conditions while maintaining efficient and stable
task allocation across heterogeneous cloud environments.

The host with the best final score is selected, ensuring that the SPES scheduler achieves
fast, balanced, and energy-aware task allocation across heterogeneous cloud environments.
Besides performance and balance, energy efficiency is a key aspect considered. To maintain
a lightweight evaluation process, CPU utilization is employed as an energy proxy (E),
representing relative power consumption across hosts without relying on complex energy
models. The overall scheduling score (S), as illustrated in Equation (6), combines estimated
CPU utilization, imbalance variance, and energy consumption into a single metric. Dy-
namic weighting factors, α, β, and γ, are adaptively tunned based on system utilization
to ensure proper prioritization with various load scenarios. The adaptive threshold and
weighting coefficients used in SPES were empirically determined through multiple pre-
liminary simulation experiments conducted under different workload conditions. Several
parameter combinations were evaluated to achieve a balanced trade-off between scheduling
performance, resource balancing, and energy efficiency. The utilization threshold value
of 0.8 was selected because resource contention and performance degradation become
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more noticeable when host utilization exceeds approximately 80% of its available capacity.
Therefore, under high utilization conditions, the scheduling process assigns higher priority
to utilization-aware allocation to reduce potential overload and improve execution stability.

S = (α × CPUu + β × σ2 + γ × E) + η (6)

Equations (1)–(6) are based on standard resource utilization analysis and multi-objective
optimization concepts commonly adopted in cloud scheduling frameworks [21,23,50]. The
proposed SPES model integrates CPU, memory, and I/O utilization evaluation with statis-
tical imbalance analysis and energy-aware scheduling into a unified lightweight stochastic
scheduling algorithm. In SPES, the weighting coefficients are dynamically adjusted accord-
ing to the system’s operational state, giving higher priority to lower resource utilization
during peak load conditions while emphasizing balance and energy efficiency under mod-
erate utilization levels.

3.4. Stochastic Candidate Selection and Epsilon-Greedy Exploration

Equation (7) defines the selection of the Candidate Set (C). Instead of selecting a single
optimal host, the SPES scheduler identifies the top k hosts that exhibit the lowest scores,
representing best performance.

C = {h1, h2, ..., hk} | Sh1 ≤ Sh2 ≤ ... ≤ Shn (7)

This filtering process ensures that the subsequent stochastic selection is confined to
high-performing resources, maintaining a balance between rigorous optimization and the
flexibility needed for dynamic load distribution.

Before constructing the Top K candidate set, SPES first evaluates all feasible hosts
according to resource availability constraints. A host is considered feasible only if its
available CPU, memory, and I/O capacities satisfy the corresponding resource requirements
of the incoming cloudlet. Hosts violating any of these constraints are excluded from further
evaluation, ensuring that the subsequent optimization process operates only on feasible
candidate hosts while preventing infeasible task assignments.

Wi = 1/(|Shi|+δ), P(hi) =Wi[∑k
j=1 Wj] (8)

Equation (8) is used to implement the stochastic nature of the algorithm, each host
within the candidate set C is assigned a selection probability P(hi). This is achieved by
first calculating an inverse weight wi based on the host’s score, where δ is a stabilization
constant to prevent division by zero. The probabilities are then normalized across the top
k candidates. This mechanism ensures that hosts with better performance metrics have a
higher likelihood of selection, while still allowing other qualified candidates to be utilized,
thus preventing resource over saturation.

hselected =

{
Sample f rom P(hi) with probability 1 − ε

Random h ∈ H f easible with probability ε
(9)

Equation (9) governs the final host selection process using an epsilon-greedy ex-
ploration strategy. With a probability of (1 − ε), the scheduler exploits the predictive
scheduling mechanism by selecting a host from the Top K candidate hosts according to
the weighted probability distribution P(hi), where hosts with lower scheduling scores are
assigned higher selection probabilities. Conversely, with a small exploration probability
ε, the scheduler randomly selects a host from the feasible candidate host pool regardless
of its ranking score. In the proposed SPES implementation, the exploration parameter is

https://doi.org/10.3390/electronics15143141

https://doi.org/10.3390/electronics15143141


Electronics 2026, 15, 3141 12 of 23

experimentally set to ε = 0.09, meaning that 91% of scheduling decisions rely on predic-
tive exploitation, while 9% are dedicated to stochastic exploration. This exploration and
exploitation balance helps the scheduler avoid repetitive deterministic selections, reduces
the risk of local optima convergence, and improves workload distribution stability across
heterogeneous multi-region cloud environments.

Once the scheduling decision is completed, the Execution Layer carries out the pro-
cessing of assigned tasks while continuously monitoring host utilization and task progress.
Upon cloudlet completion, updated utilization data is sent back to the Scheduling Layer,
establishing a closed feedback loop that enhances real time adaptivity and maintains
global system awareness. This loop ensures that subsequent decisions reflect the most
recent infrastructure state, contributing to reduced energy waste by preventing persistent
underutilization and enabling dynamic workload redistribution.

Through the seamless integration of its four interactive layers, the proposed SPES
algorithm establishes a scheduling ecosystem that supports predictive modeling, adaptive
decision making, and efficient execution. This workflow significantly improves makespan,
resource utilization, and energy efficiency, demonstrating high scalability and stability in
heterogeneous multi-region cloud environments.

3.5. Predictive Execution Estimation

Unlike machine learning-based prediction models that require historical training data,
the predictive component of the proposed SPES algorithm performs lightweight execution
estimation using the current resource status of candidate virtual machines. Before assigning
a cloudlet, SPES estimates its expected execution behavior by jointly considering the current
CPU utilization, memory utilization, I/O utilization, and the processing capability of each
candidate VM.

Specifically, the scheduler predicts the relative execution suitability of each candidate
resource using the latest utilization measurements available during scheduling. These
measurements provide an estimation of the expected workload that the VM is likely to
experience immediately after task allocation. Consequently, the scheduling decision is
performed proactively rather than reactively, allowing the algorithm to avoid assigning
tasks to resources expected to become overloaded.

Since the prediction relies only on instantaneous system information instead of his-
torical datasets or computationally expensive learning models, the proposed approach
preserves the lightweight nature of SPES while maintaining fast scheduling decisions suit-
able for dynamic cloud environments. The overall Predicted Execution (PEi) score for a
candidate host i is formulated as follows:

PEi = α × CPUu + β × MEMu + γ × IOu ; α + β + γ = 1 (10)

A lower predicted execution score ($PE_i$) indicates a more suitable and efficient
resource for task allocation.

3.6. Energy-Aware Scheduling

The proposed SPES algorithm promotes energy-efficient scheduling by incorporating
CPU utilization as an indirect indicator of energy consumption during task allocation. Al-
though actual power consumption in cloud data centers is influenced by multiple hardware
components, including processors, memory, storage, and networking devices, previous
cloud computing studies have demonstrated that CPU utilization is strongly correlated
with server power consumption and therefore represents a practical and widely adopted
energy proxy [51,52].
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Accordingly, SPES does not attempt to estimate the exact electrical power consumed by
each host. Instead, it minimizes excessive CPU utilization by distributing workloads more
evenly across available virtual machines, thereby reducing resource hotspots and indirectly
improving overall energy efficiency. This lightweight strategy avoids the computational
overhead associated with detailed power models while remaining consistent with the
abstraction level provided by the CloudSim simulation framework.

Nevertheless, the proposed approach relies on CPU utilization as an approximation
rather than a complete energy model.

3.7. Operational Workflow

The scheduling process of SPES as shown in Figure 2, which incorporates a stochastic
decision-making strategy to improve adaptability and avoid local optima. The scheduling
workflow evaluates all candidate hosts, maintains a subset of top-performing candidates
(Top K), and selects the final host using probabilistic weighting based on computed scores.
The Top K candidate mechanism was introduced to reduce the search space while pre-
serving solution diversity. Instead of evaluating all available hosts during the stochastic
selection stage, only the highest-ranked candidate hosts are considered. The selected value
of K was empirically determined through simulation experiments to provide a balance
between scheduling performance and computational efficiency. Smaller K values reduced
exploration capability, whereas larger values increased computational overhead without
noticeable improvement in performance. Additionally, an epsilon exploration mechanism
introduces controlled randomness, allowing the scheduler to occasionally explore alter-
native host assignments and enhance global performance. The ε parameter controls the
exploration–exploitation trade-off during stochastic host selection. A small exploration
probability enables SPES to occasionally examine alternative candidate hosts, reducing
the likelihood of repeatedly selecting the same resource under dynamic workload condi-
tions. The adopted ε value was experimentally tuned through preliminary simulations to
maintain scheduling stability while preserving sufficient exploration capability.

The overall scheduling process begins by collecting real-time utilization metrics from
all available hosts. For each incoming cloudlet, SPES filters feasible hosts based on resource
constraints, computes predictive and utilization metrics, evaluates the scheduling score,
and selects the target host using the stochastic selection mechanism. After assignment,
host utilization values are updated, and the process repeats iteratively until all tasks
are scheduled.

The detailed operational workflow of the proposed SPES algorithm is illustrated in
Figure 3, which summarizes the main scheduling stages, including feasible host filtering,
predictive resource evaluation, adaptive scoring, and stochastic task allocation. The detailed
mathematical computations associated with utilization estimation, imbalance variance,
adaptive weighting, and stochastic selection are presented through Equations (1)–(10).
Through the integration of predictive estimation, multi-resource balancing, and stochastic
exploration, the SPES algorithm achieves an effective trade-off between performance,
scalability, and energy efficiency. Compared to population-based metaheuristic approaches
such as ISSA, SPES operates as a lightweight scheduling strategy with lower computational
overhead, enabling efficient and scalable task scheduling in heterogeneous and multi-region
cloud environments.

3.8. Computational Complexity Analysis

The computational efficiency of the proposed SPES scheduler mainly results from its
lightweight deterministic evaluation strategy. Unlike population-based metaheuristic algo-
rithms, SPES performs a direct evaluation of candidate hosts for each arriving task without
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iterative optimization, population evolution, or repeated fitness updates. Consequently,
the scheduling overhead remains relatively low even as the workload size increases.

Figure 2. Flowchart of the Cloudlet Execution in the Proposed SPES Algorithm.

Assuming that N tasks are scheduled over H available hosts, SPES evaluates each
feasible host once for every task. For each host, only a fixed number of arithmetic opera-
tions are required, including execution time estimation, resource utilization calculation,
imbalance variance computation, score normalization, adaptive weighting, and stochastic
perturbation. Since these operations execute in constant time, SPES has a time complexity
of O (N × H). In contrast, ISSA is a population-based metaheuristic algorithm whose
computational complexity depends on the population size (P), the number of optimization
iterations (I), and the number of evaluated hosts. Therefore, ISSA has a time complexity
of O (N × P × I × H) because multiple candidate solutions are repeatedly updated and
evaluated throughout the optimization process.
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Figure 3. Workflow of the Proposed SPES Algorithm.

Therefore, although both algorithms evaluate candidate hosts, SPES eliminates the
iterative optimization process required by ISSA, resulting in substantially lower computa-
tional overhead while maintaining competitive scheduling quality. This theoretical analysis
is consistent with the experimental results presented in Section 4, where SPES achieves
lower execution times and maintains efficient scalability as the workload size increases.

4. Results and Discussion
4.1. Experimental Setup

The experiments were conducted using the CloudSim 5.0 simulation toolkit to evaluate
the performance of the proposed Stochastic Predictive Energy-Aware Scheduling (SPES)
algorithm. To simulate a multi-region cloud environment, two data centers were deployed,
representing Region A and Region B. Each data center consists of four heterogeneous
custom hosts with varying CPU, memory, and I/O capacities, reflecting realistic cloud
infrastructure conditions.

The simulated environment includes a total of 30 virtual machines (VMs), where
each VM is configured with 1 vCPU, 512 MB RAM, 1000 MIPS, and 1 Gbps bandwidth.
This configuration ensures a balanced yet constrained environment suitable for evaluating
scheduling performance under heterogeneous resource conditions. To assess the scalability
and efficiency of the proposed approach, experiments were conducted using different work-
load sizes consisting of 30, 70, 100, and 200 independent cloudlets. These workloads are
designed to reflect increasing system demand and evaluate the behavior of the scheduling
algorithm under varying load conditions.

Table 3 summarizes the hardware configuration of the heterogeneous hosts used
in the CloudSim simulation. The simulated infrastructure consists of two data centers
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with identical host configurations, providing a total of eight heterogeneous hosts. This
configuration enables the evaluation of SPES under diverse resource capacities while
ensuring the reproducibility of the experimental environment.

Table 3. Heterogeneous configuration of the simulated hosts.

Host Processing
Elements (PEs)

CPU Capacity
(MIPS) RAM (MB) I/O Capacity

(Bandwidth)
Host 1 6 400,000 6000 1,000,000
Host 2 4 200,000 6000 1,000,000
Host 3 2 100,000 9000 800,000
Host 4 3 300,000 6000 1,500,000
Host 5 6 400,000 6000 1,000,000
Host 6 4 200,000 6000 1,000,000
Host 7 2 100,000 9000 800,000
Host 8 3 300,000 6000 1,500,000

The simulated environment includes 30 virtual machines distributed across the eight
heterogeneous hosts using an initial round-robin placement strategy to provide a balanced
execution environment. During scheduling, SPES first selects the most appropriate host
according to the proposed predictive and resource-aware decision mechanism, after which
the cloudlet is assigned to one of the virtual machines associated with the selected host. This
design enables dynamic task allocation while maintaining a consistent VM configuration
throughout the simulation.

The performance evaluation is based on three key metrics, all measured in seconds.
The first metric is the makespan, defined as the maximum completion time among all
cloudlets, which reflects the overall system responsiveness. The second metric is the total
execution time, representing the cumulative CPU processing time across all cloudlets,
indicating the computational efficiency of the system. The third metric is the average
execution time, defined as the mean execution time per cloudlet, which provides insight
into scheduling fairness and workload distribution.

The performance of the proposed SPES algorithm is compared against the Improved
Sparrow Search Algorithm (ISSA) [23], which serves as a compared scheduling approach.
ISSA was selected as the primary baseline because it represents a recent and intelligent
metaheuristic scheduling approach specifically designed for cloud resource allocation and
load balancing. In contrast to traditional scheduling algorithms such as FCFS and Round
Robin, ISSA incorporates adaptive optimization capabilities suitable for heterogeneous
and dynamic cloud environments. Therefore, comparing SPES against ISSA provides a
stronger and more meaningful evaluation of scheduling efficiency and scalability under
dynamic workload conditions. This comparison evaluates the effectiveness of SPES in
improving scheduling efficiency, reducing execution time, and maintaining balanced re-
source utilization under different workload conditions. Overall, these metrics provide a
comprehensive assessment of the efficiency, scalability, and adaptability of the proposed
algorithm in heterogeneous multi-region cloud environments.

To improve the reliability of the reported results, each simulation scenario was exe-
cuted multiple times using different randomly generated workload characteristics while
maintaining the same experimental configuration. The reported performance metrics corre-
spond to the average values obtained from these independent simulation runs. Since the
cloudlets were generated with different CPU, memory, and I/O utilization profiles in each
run, slight variations in the scheduling metrics naturally occurred.
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4.2. Experiments Results

As presented in Table 4, the experimental evaluation was conducted across four work-
load scenarios consisting of 30, 70, 100, and 200 cloudlets to assess the performance of the
proposed Stochastic Predictive Energy-Aware Scheduling (SPES) algorithm in comparison
with the Improved Sparrow Search Algorithm (ISSA). All experiments were performed un-
der identical simulation settings to ensure a fair comparison. Lower metric values indicate
better performance.

Table 4. Performance comparison between the proposed SPES algorithm and the compared ISSA un-
der different workload sizes. Metrics include makespan, total execution time, and average execution
time in seconds.

Cloudlets Algorithm Makespan Total Execution Time Average Execution Time
30 SPES 2.2 32.0 1.067
30 ISSA 2.2 36.0 1.200
70 SPES 3.199 171.967 2.457
70 ISSA 4.199 177.963 2.542
100 SPES 4.199 343.854 3.439
100 ISSA 5.199 345.904 3.459
200 SPES 7.197 1341.367 6.707
200 ISSA 8.197 1343.361 6.717
500 SPES 17.195 8338.121 16.676
500 ISSA 18.192 8345.835 16.692

For the workload of 30 cloudlets, both SPES and ISSA achieved identical makespan
values of 2.2 s. However, SPES demonstrated improved efficiency in terms of total execution
time (32.0 s vs. 36.0 s) and average execution time (1.067 s vs. 1.200 s), indicating better
resource utilization even under light workload conditions.

As the workload increased to 70 cloudlets, SPES showed clear performance improve-
ments over ISSA. Specifically, the makespan was reduced from 4.199 s to 3.199 s, represent-
ing an improvement of approximately 23.8%. Additionally, total execution time decreased
from 177.963 s to 171.967 s (3.4%), while average execution time improved slightly from
2.542 s to 2.457 s. These results highlight the ability of SPES to maintain balanced resource
allocation under moderate workload conditions.

For 100 cloudlets, SPES continued to outperform ISSA by reducing the makespan from
5.199 s to 4.199 s, achieving an improvement of approximately 19.2%. While the reduction
in total execution time was relatively modest (345.904 s to 343.854 s), the results indicate
consistent performance gains and improved scheduling efficiency.

Under the largest workload of 200 cloudlets, SPES maintained its performance advan-
tage by reducing the makespan from 8.197 s to 7.197 s (12.2%). The total execution time also
showed slight improvement (1343.361 s to 1341.367 s), along with marginal enhancement
in average execution time. These results demonstrate that SPES scales effectively and
maintains stable performance even under high-workload conditions.

To further verify the consistency of the proposed scheduler, an additional scalability
experiment was conducted using 500 cloudlets while maintaining the same simulation
configuration. The obtained results continued to demonstrate the superiority of SPES over
ISSA, while exhibiting naturally varying performance metrics under the larger workload.

Overall, the experimental results confirm that SPES consistently outperforms ISSA in
terms of makespan reduction and execution efficiency. The improvements become more
evident as workload size increases, highlighting the effectiveness of the proposed stochastic,
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multi-resource-aware scheduling strategy in handling dynamic and heterogeneous cloud
environments.

The comparative analysis between the proposed Stochastic Predictive Energy-Aware
Scheduling (SPES) algorithm and the Improved Sparrow Search Algorithm (ISSA) is illus-
trated through Figures 4–6, which present makespan, average execution time, and total
execution time, respectively.

Figure 4. A Comparison of Makespan for ISSA and SPES Algorithms with Varying Numbers
of Cloudlets.

Figure 5. Average Execution Time of ISSA and SPES Algorithms with Varying Numbers of Cloudlets.
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Figure 6. Total Execution Time of ISSA and SPES Algorithms with Varying Numbers of Cloudlets.

As shown in Figure 4, SPES consistently achieves lower makespan values compared
to ISSA as the workload increases. For instance, SPES reduces the makespan by 23.8%
for 70 cloudlets, 19.2% for 100 cloudlets, and 12.2% for 200 cloudlets. This improvement
highlights the scalability of SPES and its ability to maintain efficient scheduling under
increasing system load. The smoother makespan trend observed for SPES is primarily
attributed to its stochastic Top K selection strategy combined with predictive execution
time estimation and variance-based load balancing, which collectively reduce resource
contention and prevent host overloading.

Figure 5 presents the comparison of average execution time per cloudlet. The results
indicate that SPES achieves slightly lower average execution times compared to ISSA across all
workload scenarios. For example, the average execution time is reduced from 2.542 s to 2.457 s
for 70 cloudlets and from 3.459 s to 3.439 s for 100 cloudlets. Although the improvements are
relatively modest, they demonstrate that SPES provides more balanced task distribution and
reduces execution variability across virtual machines. This behavior is mainly driven by the
multi-objective scoring model, which jointly considers execution time, resource imbalance,
and energy-aware factors.

Figure 6 illustrates the total execution time comparison, providing a system-level
perspective on scheduling efficiency. SPES achieves slightly lower total execution time
values than ISSA, such as reducing the total execution time from 177.963 s to 171.967 s for
70 cloudlets and from 1343.361 s to 1341.367 s for 200 cloudlets. These results indicate that
SPES improves overall computational efficiency while maintaining stable performance as
workload increases. The improvement can be attributed to better workload distribution
and reduced resource imbalance rather than drastic changes in execution behavior.

In addition, SPES incorporates energy awareness through the use of CPU utilization
as a lightweight proxy for power consumption. While this does not represent a detailed
energy model, it enables the scheduler to indirectly reduce unnecessary resource usage and
improve overall system efficiency, aligning with the principles of green computing.

Overall, the results presented in Figures 4–6 demonstrate that SPES outperforms ISSA
primarily in terms of makespan reduction, with consistent but moderate improvements
in execution time metrics. The findings confirm that SPES provides a scalable, reliable,
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and efficient scheduling approach capable of adapting to dynamic and heterogeneous
multi-region cloud environments.

4.3. Discussion

The experimental results indicate that the proposed Stochastic Predictive Energy-
Aware Scheduling (SPES) algorithm provides noticeable improvements over the Improved
Sparrow Search Algorithm (ISSA), particularly in terms of makespan reduction. The
observed improvements become more evident as the workload size increases, where
SPES achieves reductions of up to approximately 23.8% and 19.2% for moderate and high
workloads, respectively. This behavior confirms the scalability of the proposed approach
under dynamic and heterogeneous cloud conditions. The performance gains of SPES can be
attributed to its stochastic multi-objective scheduling strategy, which integrates predictive
execution time estimation, variance-based load balancing, and adaptive scoring. Unlike
deterministic or purely metaheuristic approaches, SPES combines Top K candidate selection
with stochastic exploration, enabling more flexible and balanced task allocation decisions.
This reduces the likelihood of overloading specific hosts and improves overall system
stability. In addition, the use of a variance-based imbalance metric allows SPES to maintain
more proportional utilization of CPU, memory, and I/O resources. This contributes to
reducing resource bottlenecks and enhances workload distribution across heterogeneous
hosts, which is reflected in the slight improvements observed in average and total execution
time metrics.

Furthermore, SPES incorporates energy awareness through a lightweight CPU utiliza-
tion proxy. Although this approach does not rely on detailed energy modeling, it enables
the scheduler to indirectly avoid inefficient resource usage and reduce unnecessary load
concentration, contributing to improved operational efficiency in line with green computing
principles. Overall, the results demonstrate that SPES offers a balanced trade-off between
performance improvement, computational simplicity, and adaptability. The algorithm is
particularly effective in reducing makespan while maintaining stable execution behavior,
making it a suitable candidate for scalable and dynamic multi-region cloud environments.

The effectiveness of the proposed SPES algorithm becomes more noticeable in hetero-
geneous and dynamic multi-region cloud environments where workload distribution and
resource contention continuously change over time. The predictive and stochastic schedul-
ing behavior of SPES enables adaptive task allocation under medium- and high-workload
conditions, particularly when balancing CPU, memory, and I/O utilization is critical for
maintaining stable system performance. In contrast, under light or nearly static workloads
with minimal resource contention, the performance difference between SPES and simpler
scheduling strategies may become less significant due to the reduced scheduling complexity
in such environments. Furthermore, although SPES provides lightweight adaptive schedul-
ing with lower computational overhead than population-based metaheuristic approaches,
its predictive mechanism is primarily utilization-based and does not rely on advanced
workload forecasting or machine learning models. Therefore, highly bursty or extremely
unpredictable workload patterns may require more sophisticated predictive mechanisms
in future extensions of the proposed framework.

Although ISSA was selected as the only baseline algorithm in this study, this choice
was intentional because ISSA represents the most closely related state-of-the-art scheduling
approach and serves as the primary methodological reference for the proposed SPES sched-
uler. Moreover, the original ISSA study extensively compared its performance with several
established scheduling algorithms, including QMPSO, ACOFTF, and ADA, demonstrating
its superiority across multiple performance metrics. Therefore, achieving consistent im-
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provements over ISSA provides meaningful evidence of the effectiveness of SPES while
maintaining a focused comparison between two closely related scheduling strategies.

5. Conclusions and Future Work
This paper presented the Stochastic Predictive Energy-Aware Scheduling (SPES) algo-

rithm, a lightweight and adaptive scheduling approach designed for efficient task allocation
in heterogeneous multi-region cloud environments. The proposed method combines pre-
dictive execution time estimation, multidimensional resource imbalance evaluation, and
energy awareness within a unified multi-objective scoring framework, enabling adaptive
and efficient scheduling decisions under dynamic workloads. The experimental results
demonstrate that SPES achieves significant improvements in makespan compared to the Im-
proved Sparrow Search Algorithm (ISSA), particularly under moderate- and high-workload
conditions. While improvements in total and average execution time are relatively modest,
the results indicate more balanced workload distribution and stable execution behav-
ior across heterogeneous resources. These findings confirm that SPES provides effective
scalability and improved scheduling efficiency in dynamic cloud environments.

In addition, SPES incorporates energy awareness through a lightweight CPU utiliza-
tion proxy, enabling more efficient resource usage without introducing complex energy
modeling overhead. This design supports practical applicability while aligning with green
computing principles. Overall, SPES offers a balanced trade-off between performance
improvement, computational simplicity, and adaptability, making it a suitable solution for
large-scale and multi-region cloud scheduling scenarios.

Future work will focus on enhancing the predictive capabilities of SPES by integrating
machine learning-based workload forecasting techniques. Although CPU utilization provides
an effective proxy for energy-aware scheduling in CloudSim-based environments, future
work will integrate detailed power consumption models that consider multiple hardware
components to further enhance energy optimization. Additionally, adaptive parameter tuning
strategies will be explored to further improve responsiveness under highly dynamic condi-
tions. Further extensions will investigate the integration of fault tolerance mechanisms and
large-scale evaluations across geographically distributed cloud environments to validate the
robustness and real-world applicability of the proposed approach.
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