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Abstract: The use of cloud computing, particularly virtualized infrastructure, offers scalable resources, reduced hardware
needs, and energy savings. In Ethiopian public hospitals, the lack of integrated healthcare systems and a national data
repository, combined with existing systems deficiencies and inefficient traditional data centers, contribute to energy
inefficiency, carbon emissions, and performance issues. Thus, evaluating the energy efficiency and performance of a
cloud-based model with various workloads and algorithms is essential for its successful implementation in healthcare
systems and digital health solutions. The study experimentally evaluates a cloud-based model's energy efficiency and
performance for smart healthcare systems, employing descriptive and experimental designs to simulate cloud
infrastructure. Simulations are conducted on diverse workloads in CloudSim using power-aware (PA) algorithms (along
with VmAllocationPolicy and VmSelectionPolicy), and dynamic voltage frequency scaling (DVFS). Results reveal that
the number of VMs and their migrations significantly impact energy consumption, with some algorithms achieving
notable energy savings. Lr/Lrr-based algorithms are particularly energy-efficient, with LrMc and LrrMc saving 29.36%
more energy than IqrMu at 55 VMs, and LrrRs saving 30.20% more at 1,765 VMs. DVFS adjusts energy consumption
based on the number of VMs, while non-power-aware (NPA) consumes maximum energy based on hosts, regardless of
the number of VMs. VM migrations, energy consumption, and average SLAV are positively correlated, while SLA is
negatively correlated with these factors. In PlanetLab, energy consumption and average SLAV show a strong positive
correlation (0.956) at Workload6, while SLA at Workload2 and average SLAV at Workloadl show a weak negative
correlation (-0.055). Excessive migrations can disrupt the system's stability/performance and cause SLA violations. Task
completion time is influenced by VM processing power and cloudlet length, being inversely proportional to VM
processing power and directly proportional to cloudlet length. Overall, the findings suggest that cloud virtualization and
energy-efficient algorithms can enhance healthcare systems performance, patient care, and operational sustainability.

Index Terms: Cloud Computing, Cloudsim Simulations, Energy Consumption, Energy Efficiency, Healthcare
Information Systems, Power-aware Algorithms, Virtualization.

1. Introduction

Cloud computing offers on-demand access to internet-based computer resources like data storage and computing
power, enabling faster innovation, flexible resources, and improved energy and cost efficiency[1-7]. Studies [2,7-10]
reported that cloud computing is enabled by several key technologies: virtualization for resource partitioning, load
balancing [10] for distributing workloads across multiple nodes, replication for data redundancy and disaster recovery,
identity and access management (IAM) for secure user authentication and authorization, and service-level agreements
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(SLA) that defines a customer's service quality expectations with cloud service provider. SLA is a formal contract
agreement that define expected service levels [8,9], such as uptime, response times, and performance metrics, while
service- level agreement violation (SLAV) [9,11] refers to the failure to meet the terms of an SLA, which can lead to
penalties, customer dissatisfaction, and a loss of trust [7,12]. Ethiopian healthcare settings face unique infrastructure
challenges, including limited IT resources, poor internet connectivity, financial constraints, and unreliable power supply,
especially in remote areas, distinguishing them from global counterparts. A case study [13] in Ethiopia finds Ethio-
Telecom’s readiness to launch infrastructure as a service (IaaS), offering virtual computing resources.

In cloud computing, a data center contains many physical machines (PMs) that host multiple virtual machines (VMs).
A study [6] explains that to host a VM, a PM must provide necessary resources, such as CPU, memory, storage, and
network bandwidth. Virtualization allows multiple VMs on a single PM, enabling scalable resource provisioning and
efficient resource management, as illustrated in Fig.1. VMs share host’s resources based on VM allocation [14] and VM
selection policies [6,15], enabling cost-effective, energy-efficient resource sharing that allows multiple customers to use
a single physical resource or application simultaneously [4,16]. Hypervisors (type-1 or type-Il) allow multiple operating
systems to run concurrently on the same hardware. However, overloading a PM with too many VMs is not advisable, and
running multiple VMs on a single host requires careful consideration of the host's specifications for optimal performance.

Binaries/
Libraries :

ren

5 :3 L NE
iGuest OS ;| |Guest OS: {Guest OS:
V222 Beeisoy ) /7 A
|

Host OS J

| =8 |

Host/Server Hardware

Fig.1. Virtualization [4,16]

A cloud-based contextualized model was proposed to improve healthcare services, emphasizing cloud computing's
role in efficient data management, storage, real-time access, and scalable infrastructure. Despite these advantages, the
model's smartness and energy efficiency must be evaluated in a cloud environment before implementation. However,
conducting repeatable benchmarking experiments on real cloud infrastructure is costly (incurs high costs) and challenging
for academic research [5,6,17,18]. According to a study [19], the pay-per-use cloud model incurs high costs for repeatable
experiments in real cloud environments, making simulation environments like CloudSim an ideal alternative for
evaluating resource management policies and ensuring repeatability and clarity in experimental results. Cloud simulators
provide a viable alternative for repeated simulation and evaluation of cloud infrastructure. Thus, CloudSim was chosen
as the simulation platform in this study to ensure repeatability and clarity in the experimental analysis results.

CloudSim is an open-source framework licensed under Apache 2.0 for modeling and simulating cloud infrastructures
and services[4,20], allowing users to test various cloud configurations, performance metrics, and resource utilization
algorithms [19] without incurring high costs, while modeling parameters such as data centers, hosts, VMs, cloudlets,
service brokers, compute resources, energy efficiency, and resource provisioning techniques. In CloudSim, the data center
acts as the resource provider [4,21]. As shown in Fig.2., the CloudSim architecture consists of three layers: the user code
layer (defining basic entities like hosts, applications, VMs, cloudlets, and broker scheduling policies), the CloudSim layer
(modeling and simulating virtualized cloud-based data center environments with management interfaces for VMs,
memory, storage, and bandwidth), and the core simulation engine layer (modeling queuing and communication between
components) [16,18,21,22]. Our study considers the CloudSim components with a shaded blue background, as shown in
Fig.2, for evaluating a cloud-based model for healthcare systems. The CloudSim was selected after the parameter-based
comparison of other alternative methods, as shown in Table 2 and Table 3. While CloudSim provides a valuable platform
for simulating cloud environments. Also, we acknowledge its limitations in real-world validation due to real-time cost
constraints. For a researcher, access to real-world systems for experimentation and analysis with real-world systems data
and environment is a tough task in a country where the adoption of cloud computing is very limited, especially in
healthcare. And therefore the study chose the simulated environment only with the mentioned limitation. In future work,
we can conduct real-world validation of our model to determine how it is theoretically sound and practically applicable
in the Ethiopian healthcare sector.

The existence of paper-based methods and multiple isolated units (non-integrated systems) in Ethiopian public
hospitals has led to several critical problems, including remotely inaccessible patient histories in case of emergency, high
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costs, scalability issues, disorganized health data, energy inefficiency, performance issues, carbon emissions, and poor
resource allocation and sharing of government-owned healthcare resources. To minimize reliance on manual processes
and multiple systems within healthcare, adopting a cloud-based model is essential. However, the model lacks
experimental analysis to efficiently and effectively address the need for smart healthcare information systems. Cloud-
based solutions, with their potential for scalable resources, reduced hardware resource needs, and improved energy
efficiency, can offer a promising alternative to address these challenges and improve healthcare service delivery.
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Fig.2. CloudSim Layered Architecture [16,18,21]

Research question (R.Q): How can we evaluate/test a cloud-based contextualized model for smart and energy-
efficient healthcare information services? That was a significantly important concern in the present study. The prime
objective of this paper is to experimentally evaluate a cloud-based model’s energy-efficiency and performance for smart
healthcare information systems using power-aware algorithms.

This paper evaluates the proposed model’s energy efficiency, scalability, and data consolidation using PlanetLab
and random workloads. Energy efficiency in IT refers to optimizing resource usage to minimize energy consumption
without compromising performance [11,23]. The key parameters include data centers, hosts, VMs, energy consumption
(kwh), SLAs, average SLAV [9], VM migrations [11], and cloudlets. Metrics like processing power (MIPS— million
instructions per second) and task completion time are used to assess computing system performance. The study analyzes
real-world workloads from PlanetLab [24] and random workloads based on hospital numbers. Both workloads are tested
using various algorithms, including power-aware (PA), DVFS, and non-power-aware (NPA) to measure energy
consumption and identify optimal algorithms for a power-efficient cloud data center. The study conducted extensive
experimental simulations with these algorithms focusing on VM allocation and selection policies. It also analyzes the
correlation between VM migrations, energy consumption, SLAS, and average SLAVS across selected workloads.

2. Literature Review and Related Works

Recent advancements in cloud computing research have focused on virtualized servers, developing energy-saving
techniques and power-aware algorithms to optimize resource allocation, utilization, and efficiency in large data centers.
Studies [1,2] emphasize that cloud computing is key to building smart, sustainable healthcare systems, offering benefits
like virtualization, energy efficiency, multi-tenancy, data consolidation, automation, and reduced greenhouse gas
emissions and paper use. It provides on-demand access to computing resources [3] such as CPU, memory, storage, and
bandwidth, enabling scalable and efficient solutions. Studies[2,3,6], considered the key parameters for analyzing cloud
system’s behavior and performance using CloudSim including data centers, VMs, workloads, networks, energy
consumption, cloud services, resource utilization, and response time. In the simulated experimentations, these parameters
can be adjusted to assess different scenarios, evaluating performance, efficiency, and reliability of cloud systems.
Simulating data centers (DCs) enables the analysis of scalability and workload distribution. VM simulations assess
resource allocation, scheduling, and performance. Workload simulations are essential for performance evaluation and
resource management, reflecting real-world diversity and variability, and reproducibility. Energy consumption
simulations model power usage based on workload and resource utilization, using dynamic metrics like VM migrations,
Cloudlets, processing power, and time. Cloud services simulations evaluate resource accessibility, scalability, SLA
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compliance, interoperability, collaboration, and performance.

Data centers are the backbone of cloud computing, housing IT infrastructure for storage, processing, and
communication [3]. Studies [3,6,11] highlight that the rapid growth in data center energy consumption raises significant
economic and environmental challenges, contributing 0.5% to 1% of global CO2 emissions. As noted in [25], the data
centers' continuous operation of numerous active hosts, servers, and networking devices to meet users' demand leads to
substantial energy consumption. According to [6], the expansion of data centers to support high-performance computing
and large-scale storage increases both energy consumption and carbon emissions, resulting in high operating costs [26].
In cloud computing [3], a data center consists of multiple PMs, each hosting several VMs. Efficient VM placement on
PMs is essential for optimizing resource utilization, reducing costs, and meeting application performance requirements.
According to a study [3], server consolidation involves mapping multiple VMs onto PMs to share resources such as CPU,
storage, bandwidth, and memory. This involves identifying an optimal mapping of VMs to PMs to maximize resource
utilization [19], minimize active hosts, and balance the workload across the data center.

Studies [2,27] focus on enhancing cloud data center performance to meet growing computing and storage demands,
marking the importance of effective task scheduling [19] for optimizing resource use, reducing energy consumption,
minimizing response time, and maximizing efficiency. As reported by[19,27] task scheduling is vital for enhancing cloud
data center performance in the face of increase service demand. However, increasing energy consumption remains a
challenge, driven by inefficient cooling, network equipment, and idle servers [27]. Other studies [15,26] revealed that
large data centers, which contain thousands of servers, networking devices, racks, and cooling systems, consume
significant amounts of energy. As per the studies[11,15], to reduce energy consumption and carbon footprint, virtual
machine (VM) consolidation is promising; however, unwanted VM migrations during dynamic consolidation can create
processing overhead and costs, ultimately impacting data center performance and resource utilization.

A study [2] underscores the need for adaptable resource allocation in cloud computing and proposes Knowledge-
Based Flower Pollination Algorithm (KB-FPA) for efficient resource management. The algorithm is evaluated using three
performance metrics: resource utilization, execution time, and energy consumption. However, the study primarily focuses
on VM resource allocation and tests only three workloads. Several studies [11,15,19] indicate that CPU usage is more
closely linked to energy consumption than other factors like network bandwidth or memory usage. CloudSim models
energy consumption based primarily on CPU utilization, which has the highest energy impact. Study [11] emphasizes
that VM consolidation reduces VM migrations, SLA breaches, and energy consumption, making it crucial for cloud
resource optimization. Additionally, [28] highlights the importance of reducing energy use, VM migrations, and SLA
violations while maintaining QoS in cloud data centers.

According to a study [14], virtualization-based software solutions are key to energy-efficient cloud computing,
employing consolidation techniques to switch off idle servers and migrate VMs between underutilized, overutilized, and
moderately utilized servers [24] for optimal utilization. VM consolidation is a key strategy for reducing energy
consumption and optimizing resource utilization in cloud data centers [5,6]. According to a study [5], algorithms must be
tested on multiple workloads to determine its optimality. A study [29] states that VM consolidation is widely used in
cloud data centers to optimize resource utilization and reduce energy consumption. However, it [29] warns that sudden
resource utilization bursts and insufficient analysis of historical resource utilization can lead to host overloading and SLA
violations. To save energy, studies [6,14,28], highlight, that over-loaded hosts should migrate VMs to idle hosts, while
under-loaded hosts should migrate VMs to suitable hosts to prevent SLA violations. Study [10], emphasizes that load
balancing is crucial for cloud-based systems, ensuring no VMs are idle, underutilized, or overloaded during operation.
Load balancing distributes workloads across multiple nodes for efficient service delivery and infrastructure integrity.

In the review of [30], cloud computing conserves energy consumption in data centers through shutdown, hibernation,
and low-power modes. While most research relies solely on CPU utilization for host overload detection, the study [6]
proposes a multiple regression algorithm incorporating CPU, memory, and bandwidth utilization, and developed multiple
regression host overload detection (MRHOD) and hybrid local regression host overload detection (HLRHOD) algorithms
to improve VM consolidation. A study [4] simulates a smart grid cloud model using CloudSim to analyze how parameters
like VMs, image size, RAM, bandwidth, and cloudlet length affect processing costs and completion times. In a time-
shared allocation policy, multiple VMs share the host's resources concurrently, while in a space-shared allocation policy,
only one VM runs its cloudlet at a time. Accordingly, cloudlet completion time varies significantly with VM bandwidth.
Consequently, in the time-shared policy, increasing cloudlets extends the task completion time for each cloudlet.

According to a study [22], companies like Google and Amazon operate large global data centers with virtual
computers, leading to high power costs and rising energy demand in IT firms. The study [22] uses CloudSim to simulate
two power consumption approaches: DVFS and NPA. In the NPA model, hosts consume maximum power, resulting in
higher service costs and loss of profits for providers. In contrast, DVFS saves more energy and leads to fewer SLA
violations. Research studies [2,14,22] recommend using power-aware techniques to address energy-saving challenges.
To understand and analyze the state-of-the-art energy efficiency issues and concerns in the data centers using various
algorithms and techniques, Table 1 summarizes the problems, objectives, contributions, and limitations identified in the
review of related works.
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Table 1. Summary of problems, objectives, contributions, and limitations observed in the review of related works

A study [Ref.]

Problems/Issues

Focus/objective: To-

Contribution(s)

Scope and Limitations

[3]

VM placement problem
(VMPP)

Reduce energy consumption
in data centers

Designed a Duelist
Algorithm for VMPP

Considers only CPU
allocation policy

[2]

Resource allocation
adaptability and energy
efficiency

Substantially reduce energy
consumption

Proposed a novel Algorithm
(KB-FPA)

Focus solely on the VM
resource allocation, and test
very few workloads(3)

[28]

Data centers (DC) consume
significant energy

Reduce energy consumption,
VM migrations, and SLAVs

Proposed energy-efficient
VM consolidation
Framework

Tested with only one dataset

(PlanetLab)

[4]

Inefficiencies in time-shared
and space-shared resource
allocation

Evaluate the impact of
allocation policies on
cloudlet completion times at
host and VM

Proposed a smart grid cloud
model

Used a few hosts (2) and
VMs to simulate the model

[5]

Increasing energy
consumption in computing
data centers

Test proposed algorithms on
multiple datasets for optimal
assessment

Comparison of various
algorithms and policies
across multiple datasets

The numbers of hosts, VMs,

and workloads used are
unclear/ unspecified

[6]

High energy consumption
and carbon emissions

Improve resource utilization
and energy efficiency in
cloud DC

Developed a Multiple
Regression algorithm for
VM consolidation

Considers only three
parameters and VM
selection policies

[27]

Rising energy consumption
by data centers

Minimize energy use:
optimizing VM scheduling
& reducing migration time

Proposed a QoS-aware fault-
tolerant task scheduling
algorithm

Neglects the balance
between energy reduction,
VM migrations, & SLAVS.

Also uses a single dataset

[10]

Load balancing among VMs
across geographically
dispersed DC.

Enhance the efficiency of
cloud-based computing
systems

Proposed component-based
Throttled load balancing
algorithm

Utilized a few VMs and
parameters, with unspecified
host status and unknown
datasets

Cloud simulators: Selecting appropriate cloud simulator is a crucial task to address gaps and evaluate a cloud-based
model, prompting a review of common cloud simulators. According to [17], cloud computing, driven by virtualization
and pay-per-use services, is costly and challenging for real-world experimentation, leading to a focus on simulation
frameworks. A study [18] stated that conducting research in real cloud environments is challenging for individuals and
small institutions due to the high costs associated with cloud setup. As shown in Table 2, selecting the appropriate
simulation tool requires a comparative analysis of available simulators using their features.

Table 2. Comparative analysis of major cloud simulation tools and their limitations

Smu'ﬁgg} Tool Type Purpose/Focus- Modeling /Simulating Features Limitations and Scope
Provides a flexible and Data center, VMs, Scalability, time- Limited network
CloudSim . brokers, and resource | shared, & space-shared | model, & delays when
Framework extensible framework L L R
[17,18,22,31] (General-purpose) provisioning, & policies, & support for application load
purp workloads virtualization exceeds host capacity
CloudAnalyst Simulation E\&ailsliﬁtsulé rgz:ssle Large-scale distributed | Provides location info., Limited support for
[17,18,31] tool (Specific-purpose) applications (DC, users), and GUI power modeling
Evaluate performance . - . Limited scalability
EMUSIM - Information Exploits information -
[17,18.31] Framework of cloud apps (special accessibility from the application (emulation and
purpose) hardware)
GreenCloud Framework Slmuli?;g\gi:nergy A fine-grained model: Cloud network & Sig!f&:ggc:zsgﬁeagse
[17,18,31] pu 9 Network equipment energy monitoring
(Specific-purpose) space)
. . . Complete hypervisor, Overlooks a complete
iCanCloud Architecture & Large-size cloud - F
[17,18,31] Framework Configurations environments GUI, & define storage energy utilization
capabilities model
Presents only basic
. For scientific Network resources of A network, and
GroundSim S . . Scientific workflow -
Framework applications (both grid cloud and grid P . experiences
[17,18,31] . application, Extensible
& cloud environments) performance
degradation

Choosing the right tool is challenging due to the variety of simulators for specific tasks. Therefore, we compared
major cloud simulators (Table 3) based on key parameters to identify the most suitable option for our simulation

experiments [17,

76

18,31].
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Table 3. Comparison of major cloud simulators for optimal selection

Parameters CloudSim CloudAnalyst EMUSIM GreenCloud iCanCloud GroudSim
Availability Open source Open source Open source Open source Open source Open source
Support v v v v v v

Infrastructure(laaS)

Application model N N N N N N
e | v : i i ¢
Energy Model N N N N < >

VM migration policy v X X X X X
Network topology model v ~ N N N <
SLA support X X X v X X

Cost Model \/ N N % N J
Platform Portability v N N > N N
Scalability v \ v N N N

Based on the mentioned comparative analyses in Table 3, we have chosen CloudSim. CloudSim, developed by the
CLOUDS laboratory at the University of Melbourne [14,20], is an extensible simulation framework for modeling,
simulating, and experimenting with cloud computing infrastructures and services [4,21]. It supports the modeling of data
centers, hosts, VMs, cloudlets, brokers, and resource provisioning policies, enabling detailed simulations of virtualized
environments and resource management [5,6]. While CloudSim's energy consumption models focus only on CPU
utilization, other simulators like GreenCloud and iCanCloud account for additional factors such as network, storage, and
memory [17]. Despite this limitation, CloudSim is preferred for its generalized framework and comprehensive modeling
capabilities. Numerous studies [17,18,22,31] have shown that most cloud simulators are built upon extensions of
CloudSim.

Based on the review of related works and the feature-based comparative analysis of the simulators in Table 3, this
study identifies the following research scope and features limitations:

o Lack of suitable/appropriate cloud simulation for smart hospital applications in developing countries like
Ethiopia.

« Absence of empirical analysis on power-aware, DVFS, and non-power-aware algorithms for smart healthcare
information systems.

o Neglect the balance and correlation among VM migrations, energy consumption, and SLAS.

« Insufficient exploration of how cloud parameters—such as hosts, VMs, and cloudlets—affect task completion
times.

« Reliance on a single dataset, a few host/\VVM usage, and limited workloads.

The identified gaps in terms of efficiency and performance of the existing systems in the healthcare sector underline
vital areas where cloud-based solutions can be explored to investigate and employ toward improvements for the
development of the next-generation and green healthcare systems. Developing countries like Ethiopia face challenges in
adopting smart hospital applications and cloud solutions. Empirical analysis of PA algorithms is essential for reducing
energy consumption, while balancing energy reduction, VM migrations, and SLAs is crucial for efficient cloud resource
management. The impact of task completion times is underexplored, potentially hindering system performance. Relying
on limited datasets and workloads restricts the scalability and adaptability of cloud-based solutions in real-world scenarios.
Addressing these gaps through cloud-based models can enhance efficiency, scalability, and sustainability in healthcare
systems.

3. Research Methodology

According to a study [32], most healthcare organizations use cloud-based applications to improve service delivery;
however, designing such systems requires in-depth knowledge of both cloud services and the healthcare environment.
This study employs a mixed-methods approach, combining descriptive and experimental designs. It conducts
experimental simulations of cloud infrastructure for smart and energy-efficient healthcare information services,
evaluating a cloud-based contextualized model through power-aware, DVFS and non-power-aware algorithms across
various workloads using CloudSim.

The rationale behind the choice of algorithms and policies is based on CloudSim's intrinsic support for various VM
allocation and selection policies, which enables the simulation of power-aware algorithms in cloud environments. VM
allocation policies determine how VMs are assigned to hosts, while VM selection policies are responsible for selecting
the appropriate VM from a pool to be scheduled on a host. The paper applies two key policies—VmAllocationPolicy and
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VmSelectionPolicy—simulating 20 distinct power-aware algorithms configurations by combining five VM allocation
policies (IQR, LR, LRR, MAD, THR) with four VM selection policies (MC, MMT, MU, RS) [5,6,24]. The combination
of these policies influences the overall efficiency of VM, particularly in terms of power-aware decisions.

VmAllocationPolicy: VmSelectionPolicy:
Inter Quartile Range (IQR) Maximum Correlation (MC)
Local Regression (LR) Minimum Migration Time (MMT)
Local Regression Robust (LRR) Minimum Utilization (MU)
Median Absolute Deviation (MAD) Random Selection (RS)
Threshold (THR)

4. Experimental Simulation Modeling with CloudSim

Hospitals in Ethiopia, under the Ministry of Health (MoH), urgently need digital transformation and digital health
solutions [33] to enhance healthcare systems. Digital transformation has significantly enhanced technology adoption in
healthcare, resulting in remarkable advancements through their synergy [34]. However, comprehensive experimental
analysis and judicious adoption of emerging technologies like cloud computing are largely missing. This study simulates
a cloud-based contextualized model, CloudCareEthiopia, as illustrated in Fig.3.

Community Cloud

8 The Internet

| Users [Doctors, Nurses, Patients, etc.] | Cloud Servige Providers
User
Interfaces tl
Ul
wun [Web Portals, Healthcare Apps, Dashbords, Links] |
SLA{| Service Level Agreements (SLAs) ‘
t‘l Technical Updates and
Healthcare ([’ Supports ~ Patches
service [Hospitals (Patients' Histories, Medical records and Health Data) |
providers 1:1
Security & [Authn, Authz, IAM, Access control, Encryption, Firewals, and
Governance compliance with regulations (HIPAA, GDPR))
Audil{ [Audit logs, Energy-efficiency, Greenness &compliance checks] ‘

[Healthcare Information Systems (EHRs, Telemedicine, Data
Repositories, eMCS, DHiS2)]

Apps &

Platforms tl
| [App dev't platforms, Databases, Data integration, Middleware] |
Computing
Resources/

infrastructure A
i Servers i
PovMs |
: Storage :

- N H
Data Center ost

Cloud-Based Healthcare Information System
[CloudCareEthiopia]

Fig.3. The proposed system view

Classes in CloudSim are vital for simulating cloud infrastructure, representing components like data centers, hosts,
VMs, policies, and cloudlets. These classes work together to enable testing and analysis of cloud environments. Studies
[4,20], highlight the key classes for modeling cloud infrastructure, as shown in Table 4. A concrete class provides
complete functionality and can be instantiated directly without extension.
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Table 4. Major classes in cloudsim considered in our experiments

CloudSim Class name Class Type Responsibility Key resources characteristics
Datacenter (DC) Superclass Creating core cloud infrastructure Hosts, Storage, CPU, Memory, Networks
. Defines attributes & capabilities of a data | Architecture, OS, hypervisor/VMM,
Datacenter Charactersitics Concrete . o : S
center— configuration information hostList, time_zone, cost
Host Concrete Providing resources (CPU, RAM, | Amount of storage, RAM, type of
Storage, Bw) to VMs processor (multi-core), MIPS, Bw
Coordinatin tasks and  managin Allocation, task  scheduling, load
Cloud Coordinator abstract - ating - . ging balancing, & component interaction
interactions for efficient execution.
(VMs, Hosts, DC).
Enabling realistic modeling of cloud | VMs (mips, pesNumber/CPU, RAM, Bw,
Vm Concrete . . . N .
scenarios(virtualized env’t) hypervisor)
vm Allocation Policy abstract Allocate & evaluate performance of VM | o5 10R| LR, LLR, MAD, THR)
allocation technigues.
Vm Selection Policy abstract E;];'g:;;g VM selection based on certain Policy (MC, MMT, MU, RS)
Vm Scheduler abstract Manages p0I|C|es_ for resource allocation Schedullng strategies: time-sharing, and
to VMs on a specific host space-sharing
. . . Cloudlet length, pesNumber,
Cloudlet User-defined tasks Modeling and S|mulat|r}g tasks/workloads inpuFileSize, outputFileSize, utilization
for performance analysis model
T Defines the bandwidth (Bw) provisioning | Allocate Bw in bits per second (bps),
Bw Provisioning abstract policy for VMs. (Kbps/Mbps/Ghps)
Determines scheduling & execution of | Policies (time-shared and space-shared)
Cloudlet Scheduler abstract cloudlets on VMs scheduling

4.1. Experimental Simulation Setup

The simulation experiments were conducted in a local cloud environment, with Java, Eclipse IDE (version 2024-03),
and CloudSim installed on a MacBook Pro (Intel Core i5, 3.1GHz, 8GB RAM, macOS 13.6.6). The process involves
setting parameters, applying algorithms, running them as a Java application, and analyzing the collected results. The data
center in this simulation uses two server configurations with dual-core CPUs: the HP ProLiant ML110 G4 (Intel Xeon
3040, 2 cores, 1860 MHz, 4 GB RAM) and the HP ProLiant ML110 G5 (Intel Xeon 3075, 2 cores, 2660 MHz, 4 GB
RAM) [6,14,21,22]. Hosts manage VM creation, migration, destruction, and provisioning, with the number of hosts and
VMs determined by workload characteristics and total workloads [4].

Simulations are conducted using both PlanetLab and random workloads. These workloads are selected to represent
a diverse range of usage patterns and test scenarios. PlanetLab workloads, derived from 800 global VM servers, provide
real-world data on system behavior under realistic usage patterns. While not specific to Ethiopian healthcare IT, this data
offers valuable insights into system behavior but generously reflecting real-world usage patterns. Conversely, random
workloads generate arbitrary workloads to simulate unpredictable usage patterns, such as random CPU utilization for
cloudlets (tasks). However, these workloads may not fully capture the complexities of real-world healthcare IT systems,
which is beyond the scope of this paper.

A. Setting Parameters for PlanetLab Workloads

Using real-world data traces, like PlanetLab [6,14,28], in CloudSim provides realistic workloads, ensuring valid and
credible simulations. These traces, collected from over 1,000 VMs across 500+ global locations, include ten days of CPU
utilization data for ten distinct workloads, with host monitoring every five minutes [24,28,35]. This approach ensures
more credible and diverse simulation scenarios. In our PlanetLab simulation, we modeled a data center with 800
heterogeneous nodes and 898 to 1,516 VVMs using multiple algorithms/policies.

Table 5. The number of hosts and VMs for PlanetLab at each workload (WL)

WL1 Wi2 WL3 WL4 WL5 WL6 WL7 WL8 WL9 WL10
Hosts 800 800 800 800 800 800 800 800 800 800
VMs 1052 898 1061 1516 1078 1463 1358 1233 1054 1033

B. Setting Parameters for Random Workloads

In our Random workloads simulation, the number of hosts and VMs was based on the 353 public hospitals under the
Ministry of Health [36] and the 11 surveyed hospitals, used to allocate workloads and evaluate energy consumption.
However, the number of hosts required in a data center for a hospital varies based on factors like hospital size, IT
infrastructure complexity, application types, and data storage needs. This section estimates a minimum of five hosts per
hospital for random workloads: 1) application server, 2) database server, 3) storage server, 4) network services server,
and 5) backup/disaster recovery server. Table 6 shows the various hosts and VMs considered for two distinct cases.

Volume 17 (2025), Issue 3 79



Evaluating Energy-efficiency and Performance of Cloud-based Healthcare Systems Using Power-aware Algorithms: An
Experimental Simulation Approach for Public Hospitals

Table 6. The number of hosts and VMs for Random workloads in two distinct cases

If a minimum of 5 hosts are needed per hospital (Virtualized)
Case 1: if 1VVm per host (possible) Case 2: If 2VMs per host (possible)
No. of Hospitals Hosts VMs No. of Hospitals Hosts VMs (VM instances)
11 55 55 11 28 55
353 1765 1765 353 884 1765

The number of VMs per host depends on host specifications (CPU, RAM, storage, bandwidth), VM resource
requirements (vCPUs, RAM, storage, bandwidth), and the hypervisor type. Studies [5,14] revealed that hypervisors and
CloudSim consume system resources, reducing CPU and RAM for VMs.

4.2. General Simulation Steps and Pseudo Code

In CloudSim, the data center (DC) acts as an laaS provider, housing multiple PMs that run several VMs. Data centers,
brokers, and cloud information services (CIS) are interconnected entities. Fig.4 depicts the basic CloudSim framework
during simulation, where the DC and its characteristics are registered in the CIS. When a cloudlet is submitted to a broker,
the broker interacts with the CIS and the datacenter to assign the task to a selected VM based on the VM allocation [14],
and selection policies. Depending on VM policies, a single VM can execute multiple cloudlets.

@ DC characteristics talks-->

Cloudlets] (Tasks)

<--Retrieve data

' A .
v Cloud Infgrmation
Submitted to Broker “> Service$ (CIS)
Register DC &
Brgker 17 DC Characteristics

Broker interacts with DC
&

assigns cloudlest to VMs

c1 c2 C1 Ca

w W ) LT
VM1 VM2 .. VMn |

Host(s)

Data center (DC)

Fig.4. Interactions in the basic CloudSim Framework during simulation

Fig.5 illustrates the CloudSim simulation process: configure the local environment (e.g., IDE), initialize CloudSim,
and define a data center with resources (hosts, PEs, RAM, storage, bandwidth). Instantiate a broker to manage VMs and
cloudlets, create and submit VVMs to the broker. Define and submit cloudlets with attributes to the broker, which assigns
them to appropriate data centers. After running the simulation, stop it and retrieve results for analysis.

Create
Broker

Data
center

Initialize
CloudSim

Fig.5. The general steps of the CloudSim simulation process

BEGIN CloudSim_Simulation {

int num_user = 1; Calendar calendar = Calendar.getInstance(); boolean trace_flag = false;
CloudSim.init(num_user, calendar, trace_flag);
HOST = new Host(hostCharacteristics);

Datacenter datacenter = create Datacenter(""Datacenter");

DatacenterBroker broker = createBroker();

vmlist = new ArrayList<Vm>();

Vm vm = new Vm(vmCharacteristics);
vmlist.add(vm);-
broker.submitVmList(vmlist);

cloudletList = new ArrayList<Cloudlet>();
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Cloudlet cloudlet = new Cloudlet(Cloudlet properties);
cloudlet.setUserld(brokerld);
cloudletList.add(cloudlet);
broker.submitCloudletList(cloudletList);

CloudSim.startSimulation();

CloudSim.stopSimulation();

Results = broker.getCloudletReceivedList();
PrintResults(Results);

} END CloudSim_Simulation.

5. Results and Discussions

Using PlanetLab and random workloads, we simulated all combinations of five host overloading detection
algorithms [5,14,24] VM allocation policy and four VM selection policies, resulting in 20 combinations. Also, we tested
the DVFS as the state-of-the-art algorithm and NPA algorithms on both workloads, yielding the following results:

5.1. Using PlanetLab Workloads

We evaluated 20 algorithms (5 VM allocation policies < 4 VM selection policies) across 10 workload traces,
resulting in 200 simulations (20 algorithms > 10 traces) in CloudSim. The simulation parameters include the number of
hosts, VMs, energy consumption, VM migrations, SLA, average SLAVs, VM processing power (MIPS), and task
completion time. This section uses various VMs, as shown in Fig.6, while maintaining a constant number of 800 hosts.
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Fig.6. The number of VMs used in each PlanetLab workload

Energy consumption across all workloads using all power-aware algorithms together: In our experiments, all power-
aware algorithms show the highest energy consumption at workload six (WL6), as shown in Fig.7. WL6 has the highest
VM migrations and contains 1,463 VMSs, making it the second-largest in the PlanetLab workload. This experiment shows
that both the number of VMs and VM migrations significantly increase energy consumption.
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Fig.7. PA- algorithms energy-consumption at all workloads

Energy consumption across all workloads using all power-aware algorithms together: In our experiments, all power-
aware algorithms show the highest energy consumption at workload six (WL6), as shown in Fig. 7. WL6 has the highest
VM migrations and contains 1,463 VMs, making it the second-largest in the PlanetLab workload. This experiment shows
that both the number of VMs and VM migrations significantly increase energy consumption.
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Experimental results (Fig. 8-12) show that energy consumption is highest in workload six (WL6) across all
algorithms, primarily due to two factors: (1) a high number of VM migrations and (2) the number of VMs. In contrast,
workload two (2) exhibits low energy consumption, associated with its lower number of VMs and VM migrations,
indicating that both factors significantly impact energy consumption.

82

Volume 17 (2025), Issue 3



Evaluating Energy-efficiency and Performance of Cloud-based Healthcare Systems Using Power-aware Algorithms: An
Experimental Simulation Approach for Public Hospitals

THR (ThrMc, ThrMmt, ThrMu, and ThrR)

B Thrivic Thrvmt [ Thrvu [ ThrRs

Energy Consumption (kWh)

e

\N\"L \N\’% \N\’b‘ \N\ja \9\5’ \P“"‘ \N\’B \ﬂ\f.'» \ﬂ\'@
Workloads (WL)

Fig.12.THR across all workloads

Energy consumption across selected workloads using all power-aware algorithms: We selected five workloads (WL1,
WL2, WL4, WL6, and WLB8) based on the numbers of VMs and average VM migrations for further simulations, as shown
in Table 7. These workloads are used to simulate VM migrations and analyze the correlation between VM migrations,
energy consumption, SLA, and average SLAVS. Studies [37,38] suggest that during VM migrations, the number of
migration operations can exceed the actual number of VMs on hosts due to factors like multiple migration phases, iterative
migrations, multiple network paths, and partial migrations or failures.

Table 7. Selected workloads based on the number of VMs and average VM migrations

In terms of VM numbers: In terms of average VM Migrations:
Workload (WL) Number of VMs Remarks Workload (WL) Avg. no. 9f M Remarks
migrations

WL2 898 Minimum WL2 211441 Minimum
WL8 1233 (approx.) Average WL1 26610.23 Average

. WL6 36296.3 Maximum
WL4 1516 Maximum —

WL 4 28685.65 Unclassified

The experimental simulation results show a significant difference in energy consumption between workload six
(WL6) and workload two (WL2). As illustrated in Fig.13, workload two (WLZ2) exhibits low energy consumption, while
workload six (WL6) shows high energy consumption across all PA algorithms. WL2 has a minimum of 898 VMs,
compared to 1,463 VMs at WL6. Additionally, WL2 has fewer VM migrations, whereas WL6 has the highest VM

migrations, as depicted in Fig.14. WL4 has the highest number of VMs (1516) but has fewer VMM migrations and lower
energy consumption than WLB.
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Fig.13. Energy consumption across selected workloads

The results (Fig.13 - Fig.15) clearly demonstrate that both the number of VMs and VM migrations affect the amount
energy consumption. The simulation scenarios indicate that energy consumption increases with the number of VMs and
is further amplified by VM migrations across all power-aware algorithms. However, our extensive simulations show that
the LR and LRR algorithms are more energy-efficient than the others.

To validate the reliability of the results, we conducted a statistical test to analyze the impact of independent variables

(VM numbers and VM migrations) on the dependent variable (energy consumption in kWh), with a 95% confidence level
and a 0.05 significance level.
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Fig.15. VM migrations across all workloads

Table 8. Tests of between-subjects effects

Dependent Variable: Energy Consumption
Source Type 111 Sum of Squares df Mean Square F Sig. Partial Eta Squared
Corrected Model 115940.549* 5 23188.110 88.509 .000 .825
Intercept 12253.257 1 12253.257 46.771 .000 .332
VM Migrations 8601.262 8601.262 32.831 .000 .259
VM Numbers 10567.899 4 2641.975 10.084 .000 .300
Error 24626.566 94 261.985
Total 3809236.167 100
Corrected Total 140567.115 99
a. R Squared = .825 (Adjusted R Squared = .815)

Based on the results in Table 8, the p-values (sign.) for both VM numbers and migrations were below 0.05, suggesting
that both factors have a statistically significant effect on energy consumption.

DVFS and NPA algorithms: In DVFS, as shown in Fig.16, an increase in VMs is associated with higher energy
consumption, while a decrease in VMs leads to reduced energy consumption, i.e., dynamically adjusting energy
consumption based on the number of VMs. Energy consumption is affected by the number of VMs while maintaining a
constant number of hosts. DVFS considers the energy consumption of VMs, illustrating a direct proportional relationship
between the number of VMs and energy consumption. Conversely, our experiment results show that the NPA algorithm
consistently consumes the maximum energy, regardless of the number of VMs, while maintaining a constant number of
hosts, as shown in Fig.17. The NPA policy ensures that all hosts operate at their peak power levels, consuming the highest
amount of energy. This indicates that the NPA algorithm focuses on host energy consumption rather than VMs and hence
they are not green in the contextual scenario.
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Fig.17. NPA across all workloads

Based on extensive experimental analysis, this study confirms that power-aware algorithms optimize energy
consumption by: i) dynamically adjusting resource allocation, ii) shutting down idle VMs and hosts, and migrating
workloads to balance host utilization. DVFS targets the VM's energy consumption, while NPA algorithms focus on host
energy consumption. In all scenarios— energy consumption across all workloads with all PA algorithms together (Fig.7.),
across all workloads with each PA algorithms separately (Fig.9 and Fig.10 ), and across selected workloads with all PA
algorithms (Fig.13)—LR/LRR-based power-aware algorithms consume less energy and outperform the others.

SLA and SLAVs: In CloudSim, SLAs define service performance and resource metrics, such as availability and energy
efficiency, enabling the simulation of resource management strategies to analyze performance-energy trade-offs. Fig.18
shows that SLAs are defined for each workload, with workload 10 having a notably higher SLA, while the SLAs for the
other workloads are closely aligned. However, SLAV [9,11] occurs when a provider fails to meet the SLA or a customer
breaches it, potentially leading to penalties, compensation claims, or a reassessment of the service relationship, affecting
trust and customer satisfaction. Our simulation confirmed SLAVSs in each workload (Fig.19), with workload 10 showing
a notably higher average SLAV than the others.
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Fig.18. SLAs for PA algorithms across all workloads
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Fig.19. SLAVs of PA algorithms across all workloads

The results reveal that the Minimum Utilization (Mu) VM selection policy (igrMu, LrMu, LrrMu, MadMu, ThrMu)
resulted in high average SLAVSs across all PA algorithms (Fig.19). However, SLAV is lower in LR/LRR-based algorithms
than in others for all PlanetLab workloads, except workload 10, where SLAYV is significantly higher.

Correlation: The selected workloads (Table 7) are used in experimental simulations to analyze the correlation between
VM migrations, energy consumption, SLA, and average SLAV. A positive correlation means variables move in the same
direction, while a negative correlation means they move in opposite directions. The experimental results (Table 9) show
a positive correlation between VM migrations and energy consumption, with energy consumption increasing or
decreasing in sync with VM migrations. Notably, workload 2 shows a strong positive correlation (0.845) between VM
migrations (VMM) and energy consumption, while weak positive correlation exists between VMM at Workload 4 and
energy consumption at Workload 8. In most cases, the correlation is moderate, indicating that both variables increase or
decrease together.

Table 9. Correlation between VMM and Energy consumption across selected workloads

VMM Energy VMM Energy VMM Energy VMM Energy VMM Energy
(WL1) (WL1) (WL2) (WL2) (WL4) (WL4) (WL6) (WL6) (WL8) (WLS8)

VMM 1

(WL1)

Energy

(WLD) 0.679 1

VMM

(WL2) 0.958 0.685 1

Energy

(WL2) 0.74 0.804 0.845 1

VMM

(WL4) 0.868 0.311 0.862 0.521 1

Energy

(WL4) 0.677 0.991 0.698 0.801 0.342 1

VMM

(WLS) 0.942 0.443 0.921 0.617 0.972 0.457 1

Energy

(WL6) 0.651 0.995 0.672 0.798 0.299 0.997 0.424 1

VMM

(WL8) 0.949 0.502 0.942 0.664 0.97 0.518 0.993 0.485 1

'(5\?\?[983’ 0.636 0.992 0.661 0.793 0.291 0.997 0.409 0.999 0474 1

Our simulations, presented in Table 10 and Fig.20, reveal a positive correlation among VM migrations, energy
consumption, and average SLAV, while SLA shows a negative correlation with these variables. Accordingly:

« Energy consumption and average SLAV at WL6 have a strong positive correlation of 0.956.
« VM migrations and energy consumption at WL2 also show a strong positive correlation of 0.845.
« Average SLAV and VM migrations at WL2 exhibit a strong positive correlation of 0.629.

In contrast:

« SLA and energy consumption at WL6 have a strong negative correlation of -0.665.
e SLAatWL2 and VM migrations at WL6 show a strong negative correlation of -0.695.
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« SLA and average SLAV at WL6 have a strong negative correlation of -0.614, while SLA at WL2 and average
SLAV at WL1 show a very weak negative correlation of -0.055.

Table 10. Correlation between VMM, energy consumption, SLA, and average SLAV across selected workloads

VMM | Energy | SLA sﬁ_\f\'/ VMM | Energy | SLA S’T_‘f\'/ VMM | Energy | SLA Sﬁ_‘f\'/
WLD) | WLD) | WLD) | quiyy | WE2) | WL2) | WL2) | qu | (WLB) | (WLE) | (WLE) | (i)

VMM (WL1) 1

Energy

ey 0.679 1

SLA (WL1) | -0.541 | -0.442 1

Avg. SLAV

WD) 0557 | 0955 | -0.303 1

VMM (WL2) | 0958 | 0685 | -0.624 | 0533 1

Energy(WL2) | 0.74 | 0804 | -0.495 | 0698 | 0.845 1

SLA(WL2) | -0585 | -0213 | 091 | -0.055 | -0.649 | -0.448 1

Avg. SLAV

WL2) 0548 | 0682 | -0.382 | 0674 | 0629 | 0827 | -0.338 1

VMM (WL6) | 0942 | 0443 | -0569 | 020 | 0921 | 0617 | -0.695 | 039 1

Energy(WL6) | 0.651 | 0.995 | -0.484 | 0939 | 0672 | 0798 | -0.236 | 0662 | 0.424 1

SLA (WL6) | -0.588 | -0.628 | 096 | -0.503 | -0.657 | -0592 | 0.798 | -0.465 | -0.527 | -0.665 1

A"g,'VSL'g)W 0508 | 0955 | -0.42 | 0951 | 0521 | 071 | 0157 | 069 | 0244 | 0956 | -0.614 1
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Fig.20. Correlation among VM migrations, energy consumption, SLA, and avg. SLAV at WL6

SLA violations can jeopardize the security and privacy of individuals' healthcare data. SLAVSs may disrupt critical
healthcare operations, leading to disastrous outcomes in emergencies, delays in patient care, increased operational costs
for hospitals, reduced patient trust, delays in accessing patient data and medical services, and potential additional security
risks. Thus, balancing VM migrations, energy efficiency and performance while regularly reviewing and ensuring SLA
compliance is essential for successful cloud operations in healthcare systems.

VM’s processing power, Cloudlets, and Task completion time: The processing power (MIPS) and task completion
time are key metrics for evaluating computing performance in cloud simulations. MIPS measures CPU speed, while task
completion time indicates the total time to finish a workload in seconds [4,17].

Based on experimental results, variations in processing power (MIPS) and Cloudlet length affect task completion
time. When both VM processing power and Cloudlet length decrease (Fig.21), task completion time increases
exponentially. Likewise, a decrease in MIPS with an increase in Cloudlet length also leads to exponential increases in
completion time (Fig.22).

Conversely, increasing processing power while decreasing Cloudlet length leads to exponential decreases in
completion time (Fig.23). When both processing power and Cloudlet length increase, task completion time decreases
(Fig.24.). Thus, these results show that both processing power and Cloudlet length affect task completion time; however,
processing power has a significant influence.
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Fig.22. Decreasing MIPS and increasing Cloudlet length lead to exponential increases in completion time
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Fig.24. Task completion time decreases exponentially as both MIPS and Cloudlet length increase

When assigning tasks to VMs, it's crucial to consider the VM's MIPS, ensuring that the hosts' MIPS exceed the VMs'
MIPS to avoid automatic VM shutdowns. Task completion time is directly proportional to Cloudlet length: as Cloudlet
length increases, task completion time rises slowly, and vice versa. In contrast, as MIPS increases, task completion time
decreases exponentially and vice versa, indicating an inversely proportional relationship.

5.2. Using Random Workloads

We evaluated 20 algorithm combinations (5 VMs allocation policies <4 VVMs selection policies) across 4 random
workloads, totaling 80 simulations (20 x 4) in CloudSim. This section simulates PA, DVFS, and NPA algorithms with
varying numbers of hosts and VMs, as detailed in Table 6. As shown in Fig.25, with 55 hosts and VMs, the highest energy
consumption is 53.12 kWh at IqgrMu (minimum utilization), while the lowest is 36.75 kWh at LrMc and LrrMc (maximum
correlation). Likewise, with 1,765 hosts and VMs, the highest recorded energy consumption is 1,672.29 kWh at IgrMu,
and the lowest is 1,111.85 kWh at LrrRs, as depicted in Fig.26.
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Hosts VMs == Energy consumption (kWh)
2000 —
g 1750 :—
Tc:; L
2 1500 |—
g L
u:l'l -
5 1250 (—
o -
5 L
S 1000 (—
w -
750'IJ\\II\II\tI\ItII\II
(<] ) O é\ o O CIRC] <\\ o 2O )
\“\‘!\\5‘@ \&Q- 8 F é\ £ ég "‘Q {-‘\&} ‘{é‘ “‘;\@&@@ ‘x\,\‘@,\é‘?‘

Power-Aware Algorithms

Fig.26. Energy consumption with the same number of hosts and VMs (relatively large scale)

As illustrated in Fig. 27 and Table 11, with 28 hosts supporting 55 VMs, the highest energy consumption is 50.3
kWh under IgrMu, while the lowest is 35.54 kWh for LrMc and LrrMc. When using a relatively large and varied number
of hosts and VMs (i.e., 884 hosts hosting 1,765 VMs), the highest recorded energy consumption is 1,566.9 kWh under
IgrMu, while the lowest is 1,093.55 kWh under LrrRs, as shown in Fig. 28 and Table 12.
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Fig.27. Energy consumption with varying numbers of hosts and VMs (small scale)

Fig. 27 and Table 10 show that with 55 VMs, the LrMc and LrrMc algorithms have the lowest energy consumption,
while IgrMu has the highest. LrMc and LrrMc are 29.36% more energy-efficient compared to IqgrMu. When the number
of VMs increases from 55 to 1,765, the LrrRs algorithm outperform, saving 30.20% energy compared to IqrMu, as
illustrated in Fig. 28 and Table 11. Our experiments demonstrate that Lr/Lrr-based power-aware algorithms reveal less
energy consumption than other power-aware algorithms, and are categorized under the top five (5) in ranking these
algorithms, as presented in Tables 10 and 11. This paper focuses on 20 intrinsic PA algorithms aimed at energy efficiency,
as shown in Tables 10 and 11, and uses DVFS as the state-of-the-art algorithm in CloudSim to validate the superiority of
the optimal algorithms. Numerous studies [39,40] have explored other state-of-the-art scheduling algorithms (extrinisic),
but their practical scenarios, application areas, simulation environment, and objectives differ, such as energy consumption
reduction, minimize average execution time, cost reduction, or minimizing schedule length, etc. We acknowledge this
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limitation, as our study is confined to intrinsic algorithms; however, extrinsic algorithms can be explored in future work

and experimentation.

Table 11. Energy consumption with small host and VM numbers

Power-Aware Algorithms Hosts | VMs Energy_consumption (kWh)
LrMc 28 55 35.54
LrrMc 28 55 35.54
LrMu 28 55 35.83
LrrMu 28 55 35.83
LrrRs 28 55 35.86
LrRs 28 55 36.31
LrMmt 28 55 36.61

LrrMmt 28 55 36.61
ThrRs 28 55 39.66
ThrMc 28 55 39.68
ThrMmt 28 55 41.95
MadMc 28 55 44.32
MadRs 28 55 44.42
ThrMu 28 55 44.68
MadMmt 28 55 45.39
lgrMc 28 55 46.81
IgrRs 28 55 47.59
lgrMmt 28 55 47.89
MadMu 28 55 48.56
IgrMU 28 55 50.31
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Fig.28. Energy consumption with varying numbers of hosts and VMs (relatively large scale)

In the case of DVFS, the experimental results in Fig. 29 and Fig. 30 clearly show that energy consumption remains
the same as the number of hosts varies (55, 1765, 28, and 884) while keeping the number of VMs fixed (55 and 1765).
This indicates that DVFS considers the energy consumption of VMs instead of hosts. In contrast, when the number of
hosts varies while keeping the number of VMs the same in both cases, energy consumption fluctuates; specifically, it
increases with more hosts and decreases with fewer hosts, as shown in Fig. 31 and Fig. 32. Nevertheless, the NPA
algorithm utilizes the maximum energy or power levels.
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Table 12. Energy consumption with large numbers of hosts and VMs

Power-Aware Algorithms Hosts | VMs Energy_consumption (kWh)
LrrRs 884 1765 1093.55
LrRs 884 1765 1094.38
LrMmt 884 1765 1094.82
LrrMmt 884 1765 1094.82
LrMc 884 1765 1095.13
LrrMc 884 1765 1095.13
LrMu 884 1765 1100.9
LrrMu 884 1765 1100.9
ThrMc 884 1765 1195.47
ThrRs 884 1765 1199.82
MadMc 884 1765 1257.16
MadRs 884 1765 1261.75
ThrMmt 884 1765 1266.49
IgrRs 884 1765 1322.13
lgrMc 884 1765 1324.95
MadMmt 884 1765 1344.5
ThrMu 884 1765 1379.49
lgrMmt 884 1765 1402.14
MadMu 884 1765 1487.59
lgrMU 884 1765 1566.9
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Fig.29. DVFS energy consumption when the number of hosts and VVMs is equal
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Thus, power-aware algorithms prioritize the energy consumption of VMs rather than hosts. Our experiment results
revealed that DVFS emphasizes the energy consumption of VMs to enhance energy efficiency, whereas the NPA
algorithm depends on the number of hosts, potentially resulting in maximum energy consumption.

In the context of Ethiopia as a case context, the hospitals have numerous limitations with existing information system
management. In the current state of art practices, the paper-based methods are not only error-prone, but fragmented, and
inaccessible as well. The independent operations of traditional IT data centers lead to high costs and significant energy
consumption. Numerous studies show that cloud data centers provide a more sustainable and cost-effective alternative.
Implementing a cloud data center with virtualization for hospitals significantly differs from traditional on-premises
infrastructure, offering lower initial investment (OpeX), greater flexibility, and scalability while minimizing the need for
multiple PMs. By consolidating resources, hospitals can lower costs, reduce energy consumption, and enhance data
interoperability and collaboration, ultimately improving patient care. Overall, a cloud-based approach can be explored as
an alternative option for energy saving.

The main contributions of this study are as follows:

« Advocating for cloud computing: highlights the crucial role of cloud-based solutions in developing sustainable
healthcare information systems within resource-constrained environments like Ethiopian public hospitals.

« Evaluation of Energy-efficiency and VM behavior in cloud-based healthcare systems: Through simulations of
cloud infrastructure with varied workloads and PA algorithms, the study provides key insights into optimizing
energy consumption in the healthcare sector via cloud computing technologies.

« Analyzing the impact of VM Migrations: It examines how VM migrations across different workloads
influence energy consumption and the performance.

« ldentifying optimal energy-saving algorithms: It conducts empirical analyses of various energy-saving
techniques, including PA algorithms, DVFS, and NPA algorithms, to identify effective strategies for
minimizing energy consumption in healthcare clouds.

However, the paper does not explicitly address the cost of transitioning to cloud-based healthcare systems in the
Ethiopian context. Current challenges include managing hardcopy records, scattered data, and security concerns. The
transition demands substantial investment in infrastructure, training, and data migration. Future work can focus explicitly
on cost-benefit analysis during real-world deployment phases.

6. Conclusions
Cloud-based systems in data centers substantially lower infrastructure costs, carbon emissions, and energy

consumption. PA VM allocation algorithms improve resource utilization and energy efficiency. Balancing VM migrations
is crucial for maintaining energy efficiency and performance while ensuring SLA compliance for effective cloud

92 Volume 17 (2025), Issue 3



Evaluating Energy-efficiency and Performance of Cloud-based Healthcare Systems Using Power-aware Algorithms: An
Experimental Simulation Approach for Public Hospitals

operations in healthcare systems. Experimental results demonstrate that energy consumption increases with the number
of VMs and VM migrations, with higher migrations leading to higher energy consumption. Among other PA algorithms,
Lr/Lrr-based methods were more energy-efficient for the tested workloads. In random workloads, LrMc and LrrMc were
29.36% more energy-efficient than IgrMu with 55 VMs, while LrrRs saved 30.20% more energy than IgrMu with 1,765
VVMs. DVFS saves energy by dynamically adjusting consumption based on the number of VMs, whereas NPA algorithms
utilize the maximum host power regardless of VM count. The Minimum Utilization (Mu) VM selection policy achieves
high average SLAVSs across all PA algorithms. VM migrations significantly impact energy consumption and SLA
performance, with positive correlations to energy consumption and average SLAV, and a negative correlation with SLA.
Task completion time is influenced by VM processing power (MIPS) and cloudlet length, with higher MIPS reducing
completion time. It is inversely proportional to MIPS and directly proportional to cloudlet length. Cloud data centers with
virtualization can offer hospitals lower initial investment, greater scalability, energy efficiency, improved data
interoperability, reduced reliance on multiple PMs, and ultimately enhanced patient care. Power-aware techniques in
cloud-based solutions can reduce energy consumption and enhance healthcare information systems. Adopting cloud-
based systems in Ethiopian public hospitals could enhance accessibility and address existing systems deficiencies.
Although focused on Ethiopian, the findings on cloud-based systems, energy efficiency, and PA algorithms are relevant
to global healthcare settings. Future research can explore integrating cloud-based systems with national data repositories.

Actionable recommendations and suggested roadmap:
Actionable recommendation for policymakers or healthcare organizations

« Design a federal-level cloud service policy for the migration and unionization of healthcare institutions'
information services for improved security, privacy, trust, performance, energy efficiency, interoperability of
services, etc.

« Developing an adoption strategy for a cloud-based healthcare solution frameworks or models in public hospitals.
Policymakers should prioritize the adoption of cloud-based systems in healthcare settings and encourage the
transition to cloud-based systems to minimize infrastructure costs and improve healthcare service delivery
through better data management and accessibility.

« Planning investments in cloud-based infrastructures for healthcare: Prioritize investments in national cloud data
centers that ensure scalability and enhance interoperability to effectively address the increasing demands of
healthcare systems.

« A Shift from CapEx to OpEx: The Ethiopian government can establish a unionized cloud data center at the
federal level, allowing public healthcare institutions to subscribe to cloud-based virtualized data centers under
the OpEx model

« Implement and evaluate the proposed solutions using power-aware algorithms and DVFS: To achieve smart and
energy-efficient healthcare systems, organizations should adopt power-aware (PA) algorithms and DVFS
techniques to optimize resource utilization. Policymakers should actively support the development and
deployment of these solutions.

« Integrate cloud solutions with emerging digital health interventions using standards: Ensure seamless integration
of cloud solutions with other digital health technologies by adopting standardized protocols.

T a———— |4. Scaling implementation & integration|

1. Gradually expand to additional hospitals

2. Integrate with local and national health data repositories

3. Integrate energy-efficient/new algorithms and optimize VM
m|grat|on pohcles

1. Set up basic IT infrastructure (reliable Internet
connectivity, local cloud data center) 1

2. Set up VM with PA algorithms and DVFS

3. Staff training (IT & healthcare staff)

[1. Preliminary assessment & planning| v § [3. Pilot implementation] 7 [5. Full-scale deployment &
: : | continuous improvement] |

1. Conduct need assessment (current infrastructure, I 1. Select a few hospitals to implement

engage key stakeholders) - 2. Deploy cloud-based healthcare systems: | 1. Expand to more/all hospitals |
2. Feasibility study (financial, technical, resource L3 3. Monitor energy consumption & SLA : 2. Continuous monitoring &

constraints) Vi performance. : | improvement for sustainability |
3. Develop an adoption strategy (goals, timelines, KPIs) 3 4. Pilot test with healthcare data, evaluate : i 3. Analyze patients' data for trends
4. Evaluain doud seivice praviders (align with energy- E "o, 80d adiust with feedbacks || g 4. Evaluate impact on patient care

efficiency, security needs & national policies) | 5. Establish a continuous feedback |

----------------------------------------------- - . mechanism.

Fig.33. A roadmap for adopting cloud-based healthcare systems in ethiopian public hospitals
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Suggested a roadmap for adopting cloud-based systems in Ethiopian public hospitals

We suggested a five-phase roadmap for adopting cloud-based systems in Ethiopian public hospitals, focusing on key
milestones from preliminary assessment and planning to full-scale deployment and continuous improvement, as detailed
in Fig.33.

Ethical Considerations

Adopting cloud-based healthcare information systems, particularly in settings like Ethiopian public hospitals, offers
numerous potential benefits. However, careful attention to the ethical issues related to data privacy and security, equity
in access to technology, algorithmic fairness, accountability and transparency, stakeholder engagement and environmental
impact is crucial to ensure that cloud solutions are implemented in a manner that is beneficial, sustainable, and aligned
with the values of both healthcare providers and patients. Ethical principles must guide the design, deployment, and
operation of cloud-based systems to ensure they enhance the healthcare ecosystem, minimize harm, and promote fairness.
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