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Abstract: Major multinational corporations, including Amazon, Microsoft, IBM, and Google,
continue to advance network and computational infrastructures through the deployment
of highly efficient data centers worldwide to strengthen their cloud computing services.
Despite these technological advancements, cloud computing environments still face several
critical challenges, such as optimal resource utilization, cost efficiency, security, fault
tolerance, scalability, and energy consumption. For organizations operating private clouds
or delivering cloud-based services, the primary objectives include maximizing resource
utilization, minimizing response and waiting times, increasing throughput and profitability, and
enhancing the overall user experience, with energy efficiency being a particularly important
concern. This study presents an empirical evaluation of various static and dynamic cloud
job scheduling algorithms using the CloudSimPlus simulation framework. The algorithms
are assessed using two well-established scientific benchmark datasets: HCSP and GoCJ
instances. Experimental results reveal that the Resource-Aware Load Balancing Algorithm
(RALBA) emerges as the most energy-efficient static scheduling approach, achieving reduced
makespan, improved resource utilization, and lower energy consumption. In contrast, the
Max–Min algorithm exhibits the highest makespan, the lowest throughput, inefficient resource
utilization, and the greatest energy consumption. Among the dynamic scheduling techniques,
DE-RALBA demonstrates superior resource utilization and competitive makespan performance
while maintaining relatively efficient energy usage. However, the results also indicate that
dynamic scheduling approaches may incur higher energy consumption depending on workload
characteristics and rescheduling overhead. Unlike prior studies that evaluate scheduling
strategies in isolation, this work provides a unified, benchmark-driven, and energy-aware
comparison of static and dynamic scheduling paradigms, enabling deeper insights into
performance–energy trade-offs.

Keywords: cloud computing; job scheduling; energy efficiency; resource utilization;
CloudSimPlus simulation

1. Introduction

Cloud computing has fundamentally transformed the way organizations and
individuals’ access and utilize computational resources. By enabling on-demand access
to shared pools of computing power, storage, and networking infrastructure, cloud
platforms deliver scalable, flexible, and cost-effective solutions that support a wide
range of applications and services [1,2]. Despite these advantages, the rapid expansion
and adoption of cloud computing infrastructures introduce significant challenges,
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particularly in the efficient management of resources and energy consumption.
Resource utilization in cloud environments refers to the effective allocation and

use of physical and virtual resources—such as processing power, memory, storage,
and network bandwidth—across distributed systems. Inefficient utilization can lead
to resource underuse or overload, resulting in increased operational costs, degraded
performance, and reduced service quality. To address these challenges, cloud service
providers employ techniques such as virtualization, containerization, and adaptive
resource provisioning, which enable dynamic adjustment to fluctuating workloads and
improve overall system efficiency [3].

Energy consumption has emerged as another critical concern in modern cloud
computing. Large-scale data centers require substantial electrical power to operate
and cool thousands of high-performance servers, leading to rising operational costs and
significant environmental impact [4]. As cloud services continue to proliferate globally,
minimizing the energy footprint of data centers has become a priority from both
economic and sustainability perspectives. Consequently, research efforts increasingly
focus on strategies that jointly address performance optimization and energy efficiency,
including workload consolidation, energy-aware scheduling, and the integration of
renewable energy sources. Achieving an effective balance between these factors is
essential to ensuring the long-term scalability, reliability, and sustainability of cloud
services.

Job scheduling plays a fundamental role in cloud computing, determining how
tasks are assigned to available resources to achieve efficient execution. In large-scale
and heterogeneous cloud environments, scheduling decisions directly influence system
performance, resource utilization, and energy consumption. Suboptimal scheduling
may result in server overloading or underutilization, increased processing delays,
and excessive power usage. These challenges are exacerbated by the dynamic
and unpredictable nature of cloud workloads. Energy-aware scheduling techniques
attempt to mitigate these issues by consolidating tasks onto fewer active servers,
enabling idle resources to transition into low-power or shutdown states. Such
approaches significantly reduce energy consumption while maintaining acceptable
performance levels, making them essential for the development of sustainable cloud
infrastructures [5,6].

Within a data center, numerous servers operate concurrently to process user
requests, which may be executed sequentially or in parallel. When a server becomes
overloaded, tasks must be redirected to alternative capable servers to maintain service
quality [7]. Scheduling algorithms in distributed systems aim to divide workloads
and allocate subtasks across processors in a way that maximizes resource utilization
and minimizes execution time. However, task migration and scheduling across
geographically distributed data centers can increase energy consumption and carbon
dioxide (CO₂) emissions [4]. The selection of an effective scheduling algorithm
is therefore crucial yet inherently complex due to workload diversity, resource
heterogeneity, and competing optimization objectives [8].

Although estimating overall data center energy consumption is relatively
straightforward, fine-grained monitoring of energy usage at the level of individual
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nodes is essential for informed scheduling decisions and load balancing [9]. Modern
cloud data centers face substantial energy demands not only from computing
operations but also from supporting infrastructure, including cooling systems,
storage units, and networking equipment [10]. Given that cloud platforms may
consist of thousands of high-performance computing hosts, inefficient scheduling
can substantially increase total energy consumption [11]. Consequently, selecting
an appropriate scheduling algorithm requires careful consideration of workload
characteristics, system heterogeneity, and trade-offs among makespan, throughput,
resource utilization, and energy efficiency [8].

This study investigates cloud job scheduling from the perspectives of makespan,
resource utilization, and energy consumption to evaluate the effectiveness of different
scheduling strategies in executing workloads efficiently.

Contributions and novelty

Although this study does not propose a new scheduling algorithm, its novelty lies
in delivering a comprehensive, standardized, and energy-aware empirical evaluation
framework for cloud scheduling research. The key contributions are as follows:

1. Unified benchmark-driven evaluation framework: This work presents a
systematic and reproducible evaluation framework for both static and dynamic
cloud scheduling algorithms using CloudSimPlus. Unlike prior studies that
examine these paradigms separately or under heterogeneous conditions, this study
ensures fair cross-comparison under identical simulation settings.

2. Use of realistic scientific benchmark workloads: The study employs HCSP
and GoCJ benchmark datasets, enabling realistic workload modeling. This
distinguishes the work from many existing studies that rely on synthetic or
simplified task distributions, thereby improving the validity and generalizability
of the results.

3. Holistic multi-metric performance assessment: A comprehensive evaluation
is conducted across makespan, throughput, resource utilization, and energy
consumption, providing a multi-dimensional understanding of scheduling
behavior that goes beyond single-metric optimization. A key novelty of this
work is the explicit characterization of trade-offs between scheduling efficiency
and energy consumption.

4. Quantitative analysis of energy–performance trade-offs: Demonstrating how
dynamic scheduling overhead affects energy usage. This provides new empirical
evidence on the cost of adaptability in cloud environments.

5. Cross-paradigm comparative insights: The study provides new insights into
the relative strengths and limitations of static vs. dynamic scheduling approaches,
revealing conditions under which static methods (e.g., RALBA) outperform
dynamic ones in energy efficiency despite lower adaptability.

6. Practical guidelines for cloud system design: Based on experimental findings,
the work offers actionable recommendations for selecting scheduling strategies
depending on application requirements such as performance optimization
or energy efficiency, making the study valuable for both researchers and
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practitioners.

The remainder of this paper is organized as follows: Section 2 describes
the scheduling algorithms under consideration, the energy consumption model, the
experimental setup, and the benchmark datasets used. Section 3 presents the
experimental results, followed by an in-depth discussion in Section 4. Finally, Sections
5 and 6 present limitations and conclude the paper.

2. Materials and methods

This section presents twelve job scheduling techniques, comprising six static
and six dynamic approaches, alongside the adopted energy consumption model,
the scientific benchmark datasets, namely Google Cloud Jobs (GoCJ) [12] and
Heterogeneous Computing Scheduling Problems (HCSP) [13], as well as the
computational setup and simulation environment employed in this study.

2.1. Job scheduling in cloud computing
To understand how these approaches work and how they achieve key scheduling

goals, the working semantics of scheduling techniques are elaborated.
Task scheduling has long been recognized as a critical research area in

distributed and cloud computing due to its direct impact on performance, resource
utilization, and energy efficiency. Early scheduling strategies primarily focused on
maximizing processor utilization, often without considering system heterogeneity,
workload diversity, or energy constraints. Opportunistic Load Balancing (OLB)
is among the earliest and simplest scheduling algorithms proposed for distributed
environments [4,14–16]. OLB assigns each incoming task to the next available resource
with the primary objective of preventing processor idleness. While this approach
achieves high resource occupancy, it disregards task characteristics, execution time
estimates, and resource heterogeneity. As a result, OLB frequently leads to load
imbalance, increased makespan, and inefficient energy usage, particularly in modern
heterogeneous and dynamic cloud infrastructures. Nevertheless, OLB remains a
commonly used baseline algorithm for comparative evaluation due to its simplicity and
low scheduling overhead. It performs relatively well in environments with uniform task
sizes or where rapid response is prioritized over execution efficiency.

Heuristic-based static scheduling algorithms such as Min-Min, Max-Min, and
Minimum Completion Time (MCT) have been extensively studied for their balance
between computational simplicity and scheduling effectiveness in heterogeneous
environments. The Min-Min algorithm [17–22] computes the minimum expected
completion time for each task across available resources and assigns the task with
the smallest such value first. By prioritizing shorter tasks, Min-Min can significantly
reduce average completion time and improve system throughput. However, this
bias often results in starvation or prolonged delays for larger tasks, especially under
imbalanced workloads.

In contrast, the Max-Min algorithm [23–25] assigns priority to tasks with the
largest minimum completion time, thereby executing longer tasks earlier. This strategy
helps prevent long tasks from becoming bottlenecks and is particularly effective in
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environments with high task heterogeneity. However, Max-Min may negatively impact
the response time of smaller tasks, increasing the overall average completion time under
certain workload distributions.

The MCT algorithm [4,26] adopts a greedy approach by assigning each task to the
resource on which it completes fastest, independent of system-wide load conditions.
Although MCT is computationally lightweight and easy to implement, its lack of load
awareness often results in uneven resource utilization and suboptimal performance in
dynamic cloud environments. Despite these drawbacks, MCT serves as a foundational
benchmark for evaluating more sophisticated scheduling strategies.

To address fairness and performance degradation caused by suboptimal task
placement, the Sufferage scheduling algorithm was introduced [4,15,23,26]. Sufferage
prioritizes tasks based on the difference between their best and second-best expected
completion times, thereby protecting tasks that would suffer the most if not assigned
to their optimal resource. This approach improves makespan and load balance in
heterogeneous systems but introduces higher computational overhead due to repeated
evaluations and dependency on accurate execution time estimates.

Resource-aware scheduling techniques have gained prominence with the
increasing heterogeneity of cloud infrastructures. The Resource-Aware Load
Balancing Algorithm (RALBA) [27–29] enhances traditional heuristic scheduling
by incorporating both resource capabilities and current load conditions into task
assignment decisions. RALBA employs a ranking mechanism to match tasks with
appropriate resources based on processing power, memory availability, and utilization
status. This enables improved makespan reduction, better load distribution, and
enhanced system responsiveness, albeit at the cost of modest scheduling overhead.

Dynamic scheduling approaches further extend resource awareness by
continuously adapting to real-time system conditions. Dy-Max-Min [28, 30]
dynamically assigns the most computationally intensive tasks to the virtual machines
(VMs) with the earliest completion times, updating scheduling decisions as execution
progresses. This adaptability improves load balancing and resource utilization under
changing workloads.

Simulation-based dynamic algorithms such as Proactive Simulation-Based
Scheduling and Load Balancing (PSSLB) [4, 31] and Proactive Simulation-Based
Scheduling and Enhanced Load Balancing (PSSELB) [31] employ predictive
modelling to estimate task completion times across VMs. PSSELB enhances earlier
approaches by incorporating additional system-level parameters, including VM load
history and real-time availability, leading to reduced makespan, improved throughput,
and balanced resource utilization in large-scale cloud environments.

Dynamic Resource-Aware Load Balanced Scheduling Approaches, including
DRALBA [32] and Dynamic Enhanced Resource-Aware Load Balancing Algorithm
(DE‑RALBA) [33,34], represent advanced scheduling solutions that combine real-time
monitoring, dynamic ranking, and proactive workload rebalancing. DE‑RALBA
extends RALBA by continuously updating VM rankings based on execution state,
queue lengths, and resource usage. This enables precise task placement, improved
makespan, enhanced energy efficiency, and better service quality in multi-tenant and
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highly dynamic cloud environments. However, the continuous monitoring and decision
updates introduce moderate computational overhead, which must be carefully managed
to preserve scalability.

Overall, prior research demonstrates that while static heuristic algorithms offer
low overhead and simplicity, they struggle to cope with dynamic workloads and energy
constraints. Dynamic and resource-aware approaches provide superior adaptability and
performance but require careful trade-offs between scheduling overhead, scalability,
and energy efficiency —motivating the comprehensive evaluation performed in
this study. Table 1 provides detailed implementation-level descriptions of all
scheduling algorithms, including their internal decision logic, parameterization,
and computational complexity. This expanded description ensures methodological
transparency and highlights the operational differences between static and dynamic
approaches, particularly in terms of resource awareness, task prioritization, and
runtime adaptability.

Table 1. Literature review summary.

Static techniques/algorithms

Algorithm Computation overhead Key idea
Implementation note
(CloudSimPlus)

OLB Very Low O(n)
Assign tasks to the next available VM immediately to
maximize utilization but not optimize execution time.
Key parameters are none

Immediate dispatch policy

Min-Min Moderate O(n2·m)

Computes the completion time of each task on all VMs;
selects the task with the minimum completion time for
execution first.
Key parameters are Task size and VM MIPS

Builds a completion-time
matrix

Max-Min Moderate O(n2·m)
Selects tasks with maximum completion time and
assigns them to the VM that minimizes execution time.
Key parameters are Task size and VM MIPS

Builds a completion-time
matrix and balances long job
execution

MCT Low–Moderate O(n·m)
Assigns each task to the VM with the minimum
expected completion time, independently of other tasks.
Key parameters are Task size and VM MIPS

Greedy task-wise assignment

Sufferage Moderate O(n2·m)

For each task, computes the difference between its
best and second-best VM completion times as the
“sufferage value”. Tasks with the highest sufferage are
scheduled first to avoid poor allocation and performance
degradation.
Key parameters are Task size, VM MIPS

Requires tracking the first and
second best VMs per task

TASA Moderate O(n2)

Uses adaptive heuristics combining execution time
estimation and resource capabilities to balance the
workload and improve throughput.
Key parameters are Task size, VM capacity

Hybrid heuristic

RALBA Low to Moderate O(m2·n)

Assigns tasks based on both VM computational capacity
(MIPS) and current load conditions. It computes a load
index or utilization metric for each VM and distributes
tasks to balance load while minimizing completion time
and avoiding overloading high-capacity nodes.
Key parameters are VM MIPS, load index, and
utilization threshold.

Custom scheduler: evaluates
VM load + capacity before
assignment; no runtime
rescheduling
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Table 1. Cont.

Dynamic techniques/algorithms

Algorithm Computation overhead Key idea
Implementation note
(CloudSimPlus)

Dy-Max-Min
O(k·n2) k: rescheduling
iterations

Dynamic version ofMax-Min; adapts to runtime system
changes.
Key parameters are task size and VM state

Iterative rescheduling

Dy-Min-Min O(k·n2)
Recalculates completion times dynamically after each
scheduling event.
Key parameters are Task size, VM status

Periodic re-computation

PSSLB Moderate O(n2)
Simulation-based predictive scheduling.
Key parameters are Task size, VM MIPS, and ECT
matrix

Requires computation of the
ECT matrix similar to
Max-Min; prioritizes large jobs

PSSELB
High O(n2) with additional
comparisons

Enhanced simulation with system metrics.
Key parameters are Task size, VM MIPS, and EFT
pivot value

Extends PSSLB with
pivot-based selection; requires
tracking completion-time
thresholds

DRALBA O(k·n2)

dynamic extension of RALBA with aggressive runtime
task reassignment based on real-time system metrics to
maximize adaptability.
Key parameter is VM load, rescheduling rate

Frequent task migration

DE-RALBA Moderate O(n2)
Extends RALBA with controlled runtime rescheduling
based on updated VM load.
The key parameter is VM load thresholds

Hybrid static-dynamic
behavior

2.2. Energy consumption model
Energy efficiency has become a critical challenge for modern data centers due to

the rapidly increasing demand for cloud services and the associated operational and
environmental costs [9,35–37]. Among the various infrastructure components, server
machines account for the largest proportion of total energy consumption, with power
usage closely tied to utilization levels and workload characteristics. Consequently,
accurate modeling of server energy consumption is essential for evaluating the
effectiveness of scheduling and resource management strategies in cloud environments.

Data center energy consumption is commonly characterized by two major
components: static energy consumption, which is incurred evenwhen resources are idle,
and dynamic energy consumption, which results from active workload execution [38].
Empirical studies have shown that servers consume a substantial fraction—often up to
70%—of their peak power even in idle states, primarily due to baseline operational
requirements of CPUs, memory, storage, and networking subsystems [37]. This
behavior highlights the importance of incorporating idle power costs into energy-aware
scheduling models.

In this study, server power consumption is modeled as a linear function of CPU
utilization, an approach widely adopted in cloud energy modeling due to its simplicity
and empirical validity [39,40].

P (U) = PIdle + (Pmax − PIdle)× U, (1)
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where Pmax denotes the power consumed at full utilization, PIdle represents idle-state
power consumption, and U ∈ [0, 1] is the CPU utilization ratio. In line with
prior benchmarks and empirical measurements, the idle power is assumed to be
approximately 70% of the maximum power. Consistent with SPECpower benchmark
reports, the maximum server power is set to 250 W, representing a realistic average for
contemporary server configurations.

The model distinguishes between static and dynamic power consumption
components. Static power corresponds to baseline energy usage that remains
independent of workload intensity, while dynamic power scales proportionally with
CPU and memory utilization associated with virtual machine (VM) execution [38].
Although multiple hardware components contribute to dynamic power consumption,
this study focuses primarily on CPU-driven energy consumption, as the CPU remains
the dominant energy consumer in cloud servers.

Total energy consumption is computed by integrating power usage over the
workload execution interval, defined by the scheduling start and completion times.
Energy is measured in watt-hours (Wh), which allows direct comparison across
different scheduling strategies and workload configurations. This utilization-based
energy model enables an accurate yet tractable estimation of energy consumption
as a function of scheduling behavior, making it suitable for large-scale simulations
conducted using CloudSimPlus.

The adopted model captures essential energy-performance trade-offs without
introducing excessive computational complexity. It provides a consistent basis for
quantifying the energy impact of static and dynamic scheduling algorithms evaluated in
this study, supporting comparative analysis across workload scenarios and benchmark
datasets.

2.3. Computing setup and datasets
The experimental evaluation is conducted using the CloudSimPlus simulation

toolkit, where user workloads are modeled as cloudlets and their computational
requirements are expressed in terms of Million Instructions (MI). All experiments are
executed on a system equipped with an Intel Core i5‑4200U processor operating at 1.60
GHz (2,301 MHz).

The cloud simulation environment consists of a single data center hosting 30
physical machines (PMs). For the benchmark workloads, 50 virtual machines (VMs)
are instantiated for the Google Cloud Jobs (GoCJ) dataset, while 16 VMs are deployed
for the Heterogeneous Computing Scheduling Problems (HCSP) instances. The
computational capacities of the VMs are specified in Million Instructions Per Second
(MIPS). Two well-established scientific benchmark datasets, namely GoCJ and HCSP,
are utilized to evaluate the performance of the scheduling algorithms.

2.3.1. GoCJ dataset

The Google Cloud Jobs (GoCJ) dataset [12] reflects realistic workload
characteristics derived from Google cluster traces [41–45] and MapReduce execution
logs collected from the M45 supercomputing cluster. Owing to its close alignment
with production-scale cloud environments, the GoCJ dataset has been widely adopted
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in research on cloud scheduling and cloud-based application performance evaluation.
The composition and characteristics of cloudlets within the GoCJ dataset are detailed
in Hussain and Aleem [12], as illustrated in Figure 1. This dataset is widely used in
cloud scheduling [32,46–48].

Figure 1. Composition of the GoCJ dataset.

2.3.2. HCSP dataset

The second dataset employed in this study consists of Expected Time to Compute
(ETC) models represented as Heterogeneous Computing Scheduling Problem (HCSP)
instances [13]. Each HCSP instance is identified using a naming convention of the form
C_T_HM_MH, where C denotes the consistency type—consistent (c), semi-consistent
(s), or inconsistent (i). The parameters T_H and M_H represent task-level and
machine-level heterogeneity, respectively, categorized as low (lo) or high (hi).

The HCSP dataset provides a diverse set of benchmark instances that capture
varying degrees of heterogeneity in both job sizes and machine processing capabilities.
These characteristics make HCSP particularly suitable for evaluating the robustness
and scalability of scheduling algorithms under heterogeneous computing environments.
The experimental evaluations are conducted using the same computing configurations
adopted in Braun et al. [13], with the corresponding system setups illustrated inFigures
2 and 3.

Figure 2. Computing powers of heterogeneous VMs employed for the GoCJ dataset.
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Figure 3. Computing powers of heterogeneous VMs employed for the HCSP dataset.

All benchmark jobs were modeled as individual cloudlets without aggregation
to preserve workload granularity. The host-level infrastructure was configured using
the default CloudSimPlus settings, ensuring consistency with prior simulation-based
studies while providing a standardized and unbiased evaluation environment.
The experiments were conducted within a single data center to enable controlled
comparison, although the selected benchmark datasets inherently capture workload
heterogeneity and scalability characteristics. The simulated data center consists of
30 physical machines (hosts) configured using the default CloudSim Plus settings,
where all hosts have identical baseline resource specifications (CPU, memory, storage,
and bandwidth). Virtual machines (VMs), however, are heterogeneous in terms of
processing capacity (MIPS), as depicted in Figures 2 and 3 for the GoCJ and HCSP
datasets, respectively. The allocation and number of VMs per host are determined
dynamically based on available resources, rather than a fixed uniform distribution, to
better reflect realistic cloud deployment conditions.

In this study, each job from the GoCJ and HCSP datasets is modeled as
an independent cloudlet. While real-world cloud applications often consist of
multiple interdependent tasks forming workflows or Directed Acyclic Graphs
(DAGs), the selected benchmark datasets do not explicitly provide task dependency
information. Therefore, representing each job as a single cloudlet preserves the
original dataset characteristics and avoids introducing synthetic assumptions about
inter-task dependencies. This modeling choice is consistent with the commonly
adopted Bag-of-Tasks (BoT) abstraction used for evaluating baseline scheduling
strategies in cloud environments. In addition, Cloudlet arrival times in the simulation
are derived from the ordering of jobs in the GoCJ and HCSP benchmark datasets.
Specifically, jobs are submitted sequentially according to their sequence in the dataset,
and corresponding cloudlets are injected into the simulation environment following
this order. This preserves the original workload characteristics without introducing
synthetic arrival distributions.
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3. Experimentation and results

This section covers the experimentation of static and dynamic scheduling
algorithms. The experiments are conducted based on performance parameters such as
makespan, resource utilization, and energy consumption.

Each experiment is repeated ten times under identical simulation settings to
ensure consistency and eliminate stochastic bias. Due to the deterministic nature
of the CloudSimPlus environment and negligible variation across runs, mean values
are reported as representative performance metrics, which is consistent with standard
practice in simulation-based scheduling studies.

3.1. Makespan results—GoCJ dataset
Figures 4 and 5 present the makespan and average makespan results obtained

for the static scheduling algorithms using the GoCJ dataset. In these figures, the
x-axis represents the scheduling algorithms, while the y-axis denotes the makespan,
measured in seconds, for different groups of cloudlets. Makespan reflects the total time
required to complete all assigned tasks; therefore, a lower makespan indicates superior
scheduling performance.

Figure 4. Makespan using GoCJ—Static algorithms.

Figure 5. Average Makespan using GOCJ—Static algorithms.

To facilitate clearer interpretation, Figure 5 illustrates the average makespan
values for each static scheduling algorithm. The results reveal that the Max–Min
algorithm exhibits the highest makespan across all cloudlet size categories, indicating
comparatively poor performance due to longer task completion times. In contrast,
RALBA, Min–Min, TASA, and OLB achieve substantially lower makespan values,
demonstrating more efficient task execution. Notably, RALBA outperforms all other
static algorithms, attaining the lowest average makespan of 2,426 s, thereby ensuring
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the fastest overall task completion.
Figures 6 and 7 present the makespan and average makespan results for the

dynamic scheduling algorithms. As shown in these figures, the DE‑RALBA algorithm
consistently achieves the shortest makespan across all cloudlet size categories,
indicating superior efficiency in completing tasks within minimal time. DRALBA
demonstrates moderate performance, whereas Dy‑Max‑Min and Dy‑Min‑Min exhibit
the highest makespan values, rendering them the least efficient dynamic approaches.

Figure 6. Makespan using GoCJ—Dynamic algorithms.

Figure 7. Average Makespan using GOCJ—Dynamic algorithms.

For clearer interpretation, Figure 7 illustrates the average makespan results for
all dynamic scheduling algorithms. DE‑RALBA performs best, achieving the lowest
average execution time, followed by DRALBA, PSSLB, and PSSELB, respectively.
In contrast, Dy‑Max‑Min and Dy‑Min‑Min record the highest average makespan,
highlighting their relatively poor performance in dynamic scheduling scenarios.

3.2. Average resource utilization ratio (ARUR) results—GoCJ dataset
The average resource utilization ratio (ARUR) values range from 0.0 to 1.0, where

higher values indicate more effective utilization of cloud resources. Figures 8 and
9 present the ARUR and mean ARUR results for the static scheduling algorithms.
Among the evaluated approaches, RALBA achieves the highest ARUR, demonstrating
superior resource utilization, while TASA also exhibits strong performance. Sufferage
and Min–Min show moderate utilization levels, with ARUR values lower than those of
RALBA and TASA. In contrast, OLB results in relatively low resource utilization, and
Max–Min produces the poorest performance, yielding the lowest ARUR values among
the static algorithms.
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Figure 8. ARUR using GOCJ—Static algorithms.

Figure 9. Mean ARUR using GOCJ—Static algorithms.

For clearer interpretation, themeanARUR results summarized inFigure 9 provide
an aggregated view of resource utilization across static scheduling techniques, further
highlighting the relative effectiveness of RALBA.

Figure 10 presents the average resource utilization ratio (ARUR) results for the
dynamic scheduling algorithms. The results indicate that DE‑RALBA, DRALBA,
PSSLB, and PSSELB achieve higher resource utilization by efficiently exploiting the
available cloud resources.

Figure 10. ARUR using GOCJ—Dynamic algorithms.

For clearer interpretation, the mean ARUR results are illustrated in Figure
11. Among the evaluated approaches, DE‑RALBA outperforms all other dynamic
algorithms, attaining a mean ARUR value of 0.894, which reflects superior and
consistent resource utilization. In contrast, Dy‑Max‑Min and Dy‑Min‑Min exhibit
comparatively lower ARUR values, indicating less efficient utilization of computing
resources.
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Figure 11. Mean ARUR using GOCJ—Dynamic algorithms.

3.3. Energy consumption results—GoCJ dataset
This section presents energy consumption and average energy consumption results

for static scheduling algorithms. Figure 12 compares the energy consumption behavior
of static algorithms using instances from the GoCJ dataset. The results reveal that the
Max–Min algorithm exhibits the highest energy consumption, rendering it the least
energy-efficient approach due to ineffective resource utilization, as also reflected by its
low mean ARUR values shown in Figure 9.

Figure 12. Energy Consumption using GOCJ—Static algorithms.

The Sufferage algorithm also incurs relatively high energy consumption but
performs marginally better than Max–Min. In contrast, Min–Min, OLB, and TASA
demonstrate moderate energy consumption, achieving a reasonable balance between
scheduling efficiency and power usage. Notably, RALBA emerges as the most
energy-efficient static scheduling algorithm, attaining the lowest energy consumption
while also achieving the highest mean ARUR, as illustrated inFigure 9. This highlights
RALBA’s effectiveness in optimizing both resource utilization and energy efficiency.

For clearer interpretation, the average energy consumption of the static scheduling
algorithms is illustrated in Figure 13. The Max–Min algorithm exhibits the highest
energy consumption, with a value of 206,377.73 kWh, indicating poor energy
efficiency. In contrast, RALBA records the lowest energy consumption at 29,678.12
kWh, establishing it as the most energy-efficient and optimal static scheduling
technique among the evaluated algorithms.
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Figure 13. Average energy consumption using GOCJ—Static algorithms.

Figure 14 illustrates the total and average energy consumption of dynamic
scheduling algorithms using the GoCJ dataset. Lower energy consumption indicates
better energy efficiency. From the observed results, Dy-Min-Min and Dy-Max-Min
consistently exhibit lower energy consumption across most cloudlet sizes, particularly
for small to medium workloads, making them comparatively more energy-efficient
among the evaluated dynamic approaches. In contrast, PSSLB and PSSELB
demonstrate noticeably higher energy consumption, especially as the number of
cloudlets increases. This suggests that, although these algorithms are designed
to improve load balancing and makespan, their scheduling mechanisms introduce
additional computational overhead, resulting in increased energy usage. DE-RALBA
and DRALBA show moderate energy consumption, performing better than PSSLB
and PSSELB but not consistently outperforming Dy-Min-Min and Dy-Max-Min. As
workload size increases (e.g., 4,000–6,000 cloudlets), DE-RALBA remains relatively
stable and competitive, indicating that its resource-aware strategy helps control
excessive energy growth under large-scale conditions.

Figure 14. Energy Consumption using GOCJ—Dynamic algorithms.

Overall, the results indicate that energy efficiency in dynamic scheduling is highly
dependent on the balance between scheduling overhead and task distribution efficiency.
While Dy-Min-Min and Dy-Max-Min benefit from simpler decision mechanisms that
reduce energy overhead, more sophisticated approaches such as PSSLB and PSSELB
incur higher energy costs due to increased computational complexity. DE-RALBA
provides a balanced trade-off, offering improved scalability with moderate energy
consumption.

The superior performance of DE‑RALBA can be attributed to its resource-aware
task allocation strategy and effective load-balancing mechanism, which collectively
minimize resource idleness and reduce unnecessary energy expenditure. Overall,

15



Computing and Artificial Intelligence 2026, 4(2), 4439.

DE‑RALBA emerges as the most effective algorithm for minimizing energy
consumption, while Dy‑Min‑Min and Dy‑Max‑Min perform poorly in terms of energy
efficiency.

Figure 15 presents the average energy consumption of dynamic scheduling
algorithms across all instances of the GoCJ dataset. The results clearly indicate
that Dy-Min-Min and Dy-Max-Min achieve the lowest average energy consumption,
with values of approximately 92,162.94 kWh and 92,369.88 kWh, respectively. This
confirms their relatively higher energy efficiency, as also observed in the detailed
instance-level results in Figure 14. In contrast, PSSLB and PSSELB exhibit
the highest average energy consumption, both exceeding 118,000 kWh, reflecting
the additional computational overhead incurred by their more complex scheduling
strategies. Although these algorithms are designed to improve load balancing and
execution performance, their increased processing requirements contribute to higher
overall energy usage. DE-RALBA and DRALBA demonstrate moderate average
energy consumption, with values of around 118,240.35 kWh and 120,515.98 kWh,
respectively. While DE-RALBA performs better than DRALBA, both approaches
consume more energy compared to Dy-Min-Min and Dy-Max-Min. However, their
relatively stable performance across different workload sizes suggests that they provide
a balanced trade-off between adaptability and energy efficiency.

Figure 15. Average energy consumption using GOCJ—Dynamic algorithms.

Overall, the results reinforce that simpler dynamic scheduling techniques, such as
Dy-Min-Min and Dy-Max-Min, tend to achieve better energy efficiency, whereas more
sophisticated load-balancing approaches like PSSLB and PSSELB incur additional
energy costs due to higher scheduling overhead. DE-RALBA lies between these
extremes, offering moderate energy consumption while maintaining improved load
distribution capabilities.

3.4. Average makespan results—HCSP dataset
This section presents the average makespan results for both static and dynamic

scheduling algorithms. The evaluation is conducted using multiple instances of the
HCSP workload, namely u_c_hilo, u_c_lohi, u_c_lolo, u_i_hilo, u_i_lohi, u_i_lolo,
u_s_hilo, u_s_lohi, and u_s_lolo, which collectively represent varying levels of task
consistency and heterogeneity. Figure 16 illustrates the comparative averagemakespan
performance of the static and dynamic scheduling algorithms across these HCSP
instances.
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Figure 16. Average makespan using HCSP—Static algorithms.

Among the static scheduling algorithms, RALBA consistently executes the HCSP
workloads with the shortest makespan, demonstrating superior time efficiency across
all instances. In contrast, Sufferage and Max–Min exhibit the longest execution times,
particularly for HCSP instances characterized by high workload intensity, making them
less efficient in terms of execution time. Min–Min performs better than Max–Min
but remains less effective than RALBA, while TASA and OLB deliver moderate
performance. Overall, RALBA outperforms all other static approaches by completing
HCSP instances within the least execution time.

In the case of dynamic scheduling algorithms, as illustrated in Figure 17,
Dy‑Max‑Min consistently achieves the shortest makespan across all HCSP instances.
Conversely, DRALBA exhibits the poorest performance, recording the longest
execution times, particularly for the u_s_lohi instance, where its makespan exceeds
7,000,000 s. DE‑RALBA ranks second among the dynamic approaches, achieving the
shortest makespan after Dy‑Max‑Min, and thus demonstrates competitive performance
in dynamically scheduling HCSP workloads.

Figure 17. Average makespan using HCSP—Dynamic algorithms.

3.5. Mean ARUR results—HCSP dataset
Figures 18 and 19 present the ARUR results for both static and dynamic

scheduling algorithms evaluated using HCSP dataset instances.

Figure 18. Mean ARUR using HCSP—Static algorithms.
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Figure 19. Mean ARUR using HCSP—Dynamic algorithms.

RALBA achieves the highest level of resource utilization across all evaluated
HCSP instances, establishing it as the most efficient static scheduling algorithm.
OLB also demonstrates strong performance, maintaining comparatively high resource
utilization across diverse HCSP workloads. TASA exhibits moderate effectiveness,
ranking between the best- and worst-performing approaches. In contrast, Sufferage
and Max–Min record the lowest ARUR, indicating inefficient utilization of available
resources.

For low-load HCSP instances (u_c_lolo, u_i_lolo, and u_s_lolo), a general decline
in resource utilization is observed across all algorithms. Nevertheless, RALBA and
OLB continue to outperform other static techniques by sustaining relatively higher
utilization levels under reduced workload conditions. Overall, these results highlight
RALBA as the most effective algorithm for maximizing resource utilization, while
Sufferage and Max–Min prove to be the least effective in this regard.

Among the dynamic scheduling algorithms, DE‑RALBA consistently achieves
the highest ARUR across all HCSP instances, demonstrating its strong capability to
effectively exploit available computing resources. PSSLB and PSSELB also yield
promising results, achieving relatively high levels of resource utilization in most
scenarios. In contrast, DRALBA,Dy‑Max‑Min, andDy‑Min‑Min exhibit lower ARUR
values, indicating less efficient resource utilization, with Dy‑Max‑Min performing the
poorest in the majority of evaluated cases.

3.6. Energy consumption results—HCSP dataset
Figures 20 and 21 show the average energy consumption results of static and

dynamic algorithms.

Figure 20. Average energy consumption using HCSP—Static algorithms.
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Figure 21. Average energy consumption using HSCSP—Dynamic algorithms.

Among the static scheduling algorithms, RALBA consistently remains the most
energy-efficient when executing HCSP instances. In contrast, Sufferage and Max–Min
exhibit significantly higher energy consumption compared to other static approaches,
rendering them less effective in terms of energy efficiency. Min–Min, TASA, and
OLB demonstrate moderate energy consumption, with values that are relatively close
to one another, indicating a balanced trade-off between performance and energy usage.
Nevertheless, Sufferage and Max–Min persist as the least favorable static algorithms
with respect to energy savings.

In the case of dynamic scheduling algorithms, Dy‑Max‑Min consumes the
least amount of energy across all HCSP instances, establishing itself as the most
energy-efficient dynamic approach. DE‑RALBA also performs competitively,
achieving low energy consumption while executing the workload effectively.
Similarly, PSSLB and PSSELB yield favorable results by maintaining relatively low
energy usage. Conversely, DRALBA and Dy‑Min‑Min incur substantially higher
energy consumption, particularly during the execution of the u_i_lohi and u_s_lohi
HCSP instances, where DRALBA records the highest observed energy usage.

4. Discussion

The empirical evaluation provides comprehensive insights into the performance
of cloud scheduling algorithms with respect to makespan, resource utilization,
and energy consumption. The empirical evaluation indicates that RALBA and
DE-RALBA demonstrate strong performance across several metrics, particularly in
terms of resource utilization and load balancing. However, their effectiveness is
context-dependent, and performance varies based on workload characteristics and
system heterogeneity. These algorithms exhibit superior resource awareness and
energy efficiency by effectively distributing workloads in a balanced manner across
available cloud resources.

The strong performance of RALBA and DE‑RALBA can be attributed to their
intelligent task-to-resource matching mechanisms, which consider both resource
capabilities and current workload conditions. By minimizing load imbalance, these
approaches reduce idle times and prevent excessive resource contention, leading to
lower execution times and reduced energy consumption. Furthermore, DE‑RALBA’s
ability to dynamically adapt to workload variations enables consistent and robust
performance across diverse dataset instances, highlighting its suitability for real-world
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cloud environments characterized by workload dynamism and heterogeneity. In
contrast, traditional heuristic-based algorithms such as Max–Min, Dy‑Min‑Min, and
Dy‑Max‑Min demonstrate comparatively poor performance.

Overall, the results underscore the importance of resource-aware and
load-balanced scheduling strategies in achieving optimal cloud performance. While
simpler heuristics may offer lower scheduling overhead, their inability to effectively
manage heterogeneous workloads and dynamically changing resource conditions
limits their efficiency. In comparison, RALBA and DE‑RALBA demonstrate that
incorporating real-time resource awareness and adaptive load balancing is critical for
reducing execution time, maximizing resource utilization, and minimizing energy
consumption in modern cloud computing environments.

It is important to note that no single scheduling algorithm universally outperforms
others across all scenarios. While RALBA and DE-RALBA provide advantages
in resource-aware load distribution, dynamic approaches may incur higher energy
consumption due to rescheduling overhead, and simpler heuristics such as Dy-Min-Min
and Dy-Max-Min can achieve better energy efficiency under certain workload
conditions. This highlights the inherent trade-off between adaptability, performance,
and energy consumption in cloud scheduling.

5. Limitation and future work

One limitation of this study is the use of a CPU utilization-based linear power
model for energy estimation, which does not explicitly account for memory and
other subsystem contributions. Although prior studies indicate that CPU and memory
together constitute a significant share of total data center power consumption,
this work focuses on compute-centric cloud environments, where workloads
are predominantly CPU-intensive, and CPU utilization is the primary driver of
dynamic power consumption. Consequently, the adopted model provides a widely
accepted and effective approximation for comparative evaluation of scheduling
algorithms. However, this simplification may not fully capture energy variations in
memory-intensive or heterogeneous workloads, where memory utilization plays a
more prominent role.

In addition, the study models each job as an independent cloudlet, which does not
capture task dependencies present in workflow-based applications such as MapReduce
pipelines, scientific workflows, or microservice architectures. Such dependencies
may introduce additional scheduling constraints, including task precedence and
synchronization requirements, which are beyond the scope of the current work.

As future work, we intend to extend the proposed framework by incorporating
multi-resource power models that consider both CPU and memory utilization, as well
as workflow-based workloads using Directed Acyclic Graph (DAG) models (e.g.,
via WorkflowSim). This will enable more accurate energy estimation and a more
realistic evaluation of scheduling strategies under dependency-aware cloud application
scenarios.
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6. Conclusion

This paper explores empirical insights on the energy consumption of cloud
scheduling algorithms. It evaluates twelve popular scheduling methods, both static
and dynamic, in terms of makespan, resource utilization, and energy consumption
using CloudSimPlus with two scientific datasets: HCSP instances and GoCJ instances.
The findings reveal that RALBA emerges as a resource-aware and energy-efficient
static scheduling technique, achieving reduced makespan, enhanced resource
utilization, and lower energy consumption. Conversely, the Max-Min technique
exhibits the highest makespan, low throughput, poor resource utilization, and the
greatest energy consumption. Among dynamic techniques, DE-RALBA demonstrates
superior resource utilization and competitive makespan results while maintaining
relatively efficient energy consumption. Nonetheless, dynamic scheduling methods
generally exhibit higher energy consumption than static techniques due to the frequent
adjustments required for job scheduling.
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