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Abstract

Cloud computing has revolutionized computational resource access but introduced
complex management challenges that traditional static allocation approaches can-
not address, necessitating sophisticated strategies for dynamic workloads, energy
e!ciency, and service quality guarantees. This thesis presents a comprehensive
framework for intelligent cloud resource management addressing three fundamen-
tal challenges through interconnected solutions that coordinate optimization across
multiple time horizons while maintaining service level agreements and system stabil-
ity. The first contribution develops proactive resource management through optimal
VM placement, employing machine learning-based workload prediction that identi-
fies temporal patterns through clustering and develops specialized models for each
workload category, combined with statistical-stochastic frameworks treating resource
consumption probabilistically for risk-aware allocation decisions, integrated with
heuristic-based and game-theoretic VM placement strategies that achieve superior
energy e!ciency through optimal consolidation. The second contribution addresses
temporal limitations through QoS-aware load balancing implementing probabilistic
overload detection using stochastic resource modeling to anticipate deficit situa-
tions before SLA violations occur, coupled with intelligent migration optimization
algorithms addressing VM selection and destination placement while incorporating
cumulative SLA violation tracking for long-term service quality impact assessment,
successfully transforming reactive resource management into proactive load balanc-
ing. The third contribution completes the framework through energy-e!cient dy-
namic VM consolidation using Resource-Optimized VM Consolidation that employs
stochastic load imbalance detection to identify consolidation opportunities while
maintaining load balancing compatibility, resource intensity-aware VM distribution
through game-theoretic optimization achieving Nash equilibrium solutions balancing
energy e!ciency with system resilience, and multi-objective optimization integrating
energy minimization with migration frequency control. Comprehensive experimental
validation using real-world workload traces demonstrates the integrated framework’s
e”ectiveness: proactive placement achieves 12% energy reduction with superior con-
solidation e!ciency, SLA-aware load balancing delivers 10-39% reduction in migra-
tions and 17-54% fewer overloaded hosts while maintaining utilization e!ciency, and
energy-e!cient consolidation provides 21-65% reduction in active hosts, 17-46% en-
ergy decrease, and 37-70% fewer load imbalances compared to existing approaches,
with coordinated optimization achieving simultaneous energy e!ciency, service qual-
ity maintenance, and resource utilization e”ectiveness across diverse workload sce-
narios. The research establishes a stochastic modeling foundation enabling sophisti-
cated decision-making under uncertainty, successfully bridging theoretical optimiza-
tion with practical deployment requirements through modular design that provides
measurable improvements across all performance dimensions, demonstrating that
e”ective cloud resource management requires coordinated optimization rather than
isolated solutions and that aggressive energy optimization can be achieved without



compromising system resilience or service quality, ultimately advancing sustainable
and e!cient cloud computing infrastructure management while enabling providers
to deliver operational excellence through simultaneous optimization of competing
objectives.
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Chapter 1

Introduction

1.1 Background and Motivation

Cloud computing has revolutionized the way organizations access, deploy, and man-

age computational resources, o!ering unprecedented scalability, flexibility, and cost-

e!ectiveness [1]. As this paradigm continues to evolve, the e”cient management of

cloud resources has become a cornerstone for delivering high-quality services while

maintaining operational sustainability [2]. The dynamic and heterogeneous nature of

cloud environments presents complex challenges that require sophisticated resource

management strategies to optimize performance, ensure service quality, and mini-

mize environmental impact [3]. This thesis investigates comprehensive approaches

to address these challenges through innovative techniques in workload prediction,

load balancing, and energy-e”cient resource consolidation.

Cloud computing environments are characterized by their dynamic nature, where

resource demands fluctuate continuously based on user behavior, application require-

ments, and temporal patterns [4]. This variability presents significant challenges for

cloud service providers who must ensure optimal resource utilization while main-

taining service level agreements (SLAs) and minimizing operational expenses [5].

The traditional approaches to resource management, which rely on static alloca-

tion strategies and reactive scaling mechanisms, often fall short in addressing the

1
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complex demands of modern cloud workloads [6].

The importance of e!cient resource management in cloud computing extends

beyond mere cost optimization [7]. Poor resource allocation decisions can lead to

cascading e”ects including service degradation, energy wastage, and reduced cus-

tomer satisfaction [8]. Furthermore, with the growing emphasis on environmental

sustainability and green computing initiatives, cloud providers are under increas-

ing pressure to minimize their carbon footprint while maintaining high-performance

service delivery [9].

1.2 Research Challenges and Scope

Contemporary cloud computing environments face several interconnected challenges

that necessitate sophisticated resource management strategies [10]. The primary

issues include:

• Resource Allocation Ine!ciency: Traditional resource allocation meth-

ods often result in either over-provisioning, leading to resource wastage and

increased costs, or under-provisioning, resulting in performance degradation

and SLA violations [11]. The lack of accurate workload prediction mechanisms

exacerbates this problem, making it di!cult to proactively allocate resources

based on anticipated demands [12].

• Load Balancing Complexities: As cloud applications become more com-

plex and distributed, ensuring optimal load distribution across available re-

sources while maintaining quality of service (QoS) requirements becomes in-

creasingly challenging [13]. Existing load balancing techniques often fail to

consider the multi-dimensional nature of cloud resources and the diverse QoS

requirements of di”erent applications [14].
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• Energy Consumption Concerns: The rapid growth of cloud infrastructure

has led to significant energy consumption, with data centers accounting for

approximately 1-2% of global electricity usage [15]. Virtual machine (VM)

sprawl and ine!cient consolidation strategies contribute to unnecessary energy

consumption, making energy-e!cient resource management a critical concern

for sustainable cloud operations [16].

These challenges are interconnected and require holistic solutions that address work-

load prediction, load balancing, and energy e!ciency simultaneously. The complex-

ity is further amplified by the heterogeneous nature of cloud workloads, varying user

requirements, and the need for real-time decision making in dynamic environments.

1.3 Research Objectives

This thesis aims to address the aforementioned challenges through the development

of comprehensive resource management techniques that enhance e!ciency, perfor-

mance, and sustainability in cloud computing environments. The primary objectives

are:

1. To develop advanced workload prediction techniques that enable proac-

tive resource allocation and improve virtual machine placement decisions in

cloud environments.

2. To design QoS-aware load balancing mechanisms that optimize resource

utilization while maintaining service quality and meeting diverse application

requirements.

3. To create e!cient virtual machine consolidation approaches that min-

imize energy consumption while ensuring performance guarantees and system

stability.
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The achievement of these objectives requires an interdisciplinary approach that com-

bines theoretical foundations from machine learning, optimization theory, and dis-

tributed systems with practical implementation considerations for cloud environ-

ments. The research methodology encompasses algorithm design, mathematical

modeling, simulation-based evaluation, and performance analysis using real-world

datasets. By addressing these objectives systematically, this thesis aims to provide

a comprehensive framework that bridges the gap between theoretical advancements

and practical deployment in contemporary cloud computing infrastructures.

1.4 Research Contributions

This thesis makes three significant interconnected contributions to cloud resource

management :

1.4.1 Workload Prediction Techniques for E!cient VM Place-

ment

Development of sophisticated workload prediction models leveraging machine learn-

ing and statistical techniques to forecast resource demands with high accuracy.

These models incorporate historical usage patterns, temporal correlations, and ap-

plication characteristics to predict future workload requirements. The predicted in-

formation optimizes virtual machine placement decisions, enabling proactive rather

than reactive resource allocation, significantly reducing resource contention and im-

proving system performance.

However, while accurate workload prediction improves initial VM placement,

the dynamic nature of cloud workloads requires continuous load redistribution as

demand patterns change, leading to the second contribution.
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1.4.2 QoS-Aware Load Balancing in Dynamic Environments

Design of intelligent load balancing algorithms that consider multiple quality of

service parameters while distributing workloads across available resources. Unlike

traditional approaches focusing solely on resource utilization metrics, the proposed

solution incorporates application-specific QoS requirements, network latency, pro-

cessing capabilities, and service-level agreements into load distribution decisions.

This multi-objective optimization ensures service quality maintenance while achiev-

ing optimal resource utilization.

Integration of workload prediction with QoS-aware load balancing creates syn-

ergistic e!ects where predicted patterns inform load balancing decisions, enabling

proactive distribution strategies. However, optimal load balancing may still result in

resource fragmentation and energy ine”ciency across multiple physical servers [17],

necessitating the third contribution.

1.4.3 VM Consolidation for Energy Optimization

Development of advanced virtual machine consolidation techniques addressing en-

ergy e”ciency in cloud data centers. The approach utilizes intelligent migration

strategies and consolidation algorithms that minimize active physical servers while

meeting performance requirements. The solution incorporates predictive analytics

to anticipate future resource needs and balances energy savings with system stability

and performance guarantees.

The consolidation process leverages insights from both workload prediction and

load balancing components. Workload predictions identify optimal consolidation op-

portunities by forecasting low utilization periods, while QoS-aware load balancing

ensures consolidation decisions maintain service quality [18]. This creates a holistic

resource management framework where each component enhances the other’s e!ec-

tiveness, resulting in a comprehensive solution addressing prediction, distribution,
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and optimization of cloud resources.

To better illustrate the interaction among the proposed components, consider

a cloud-hosted e-commerce platform that experiences fluctuating tra!c patterns

throughout the day. During normal business hours the system operates under mod-

erate load, but tra!c rises sharply during a flash sale and drops to near-idle condi-

tions after midnight. In the first phase, the Workload Prediction component analyzes

historical tra!c logs and temporal patterns to forecast the upcoming surge several

minutes in advance, triggering proactive VM provisioning rather than waiting for

performance degradation to occur. As the surge begins, the QoS-Aware Load Bal-

ancer dynamically redistributes incoming requests across newly provisioned VMs,

ensuring that checkout transactions — which carry strict latency SLAs — are prior-

itized over background analytics jobs. Finally, as tra!c subsides post-midnight, the

VM Consolidation module identifies underutilized physical servers, migrates residual

workloads onto fewer active hosts, and powers down idle servers — directly reducing

energy consumption without violating any active SLAs. This sequential interplay

illustrates how workload prediction informs load balancing decisions, and how both

together create optimal conditions for energy-e!cient consolidation, forming a self-

reinforcing, closed-loop resource management cycle.

To validate this framework under realistic conditions, this research employs the

Google Cluster Usage Traces [19] and the PlanetLab CPU traces [20] — both sourced

from production-scale cloud environments. These datasets capture diverse workload

types, bursty tra!c patterns, and realistic usage variability, ensuring that the pro-

posed techniques are evaluated against practical cloud scenarios and remain compa-

rable with existing literature.
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1.5 Thesis Organization

This thesis systematically addresses the research objectives through seven chapters,

progressing from problem identification to solution development and experimental

validation.

• Chapter 2: Literature Survey reviews existing research in workload pre-

diction, load balancing, and energy-e!cient consolidation, identifying current

limitations and establishing theoretical foundations.

• Chapter 3: Workload Prediction Framework presents the advanced

prediction architecture, detailing multi-layer prediction systems, uncertainty

quantification mechanisms, and adaptive learning capabilities.

• Chapter 4: QoS-Aware Load Balancing describes the multi-objective

load balancing framework, including optimization algorithms, QoS-aware rout-

ing mechanisms, and adaptive threshold systems.

• Chapter 5: Energy-E!cient VM Consolidation presents the integrated

consolidation system with thermal-aware placement, migration cost optimiza-

tion, and proactive consolidation strategies.

• Chapter 6: Conclusion and Future Work summarizes research contribu-

tions, discusses practical implications, and identifies future research directions.

The thesis combines theoretical foundations from machine learning, optimization

theory, and distributed systems with practical implementation considerations. The

methodology encompasses algorithm design, mathematical modeling, simulation-

based evaluation, and performance analysis using industry-standard datasets.





Chapter 2

Literature Survey

2.1 Introduction

Cloud computing presents complex resource management challenges requiring so-

phisticated strategies for workload prediction, VM placement, dynamic load bal-

ancing, and energy-e!cient consolidation. This chapter reviews existing literature

across three critical areas that form the foundation of this thesis. The review ex-

amines key contributions, methodological approaches, and limitations in each area,

organizing findings through comprehensive analysis and categorized comparisons.

2.2 Workload Prediction and Virtual Machine Place-

ment

Early foundational work established that randomized algorithms outperform deter-

ministic approaches in virtualized environments [21]. However, modeling real-world

resource usage remains challenging due to system complexity [22].

9
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2.2.1 Workload Prediction Approaches

Traditional time-series methods dominated early workload prediction research. Au-

toregressive models became fundamental tools for CPU load prediction [23]. They

o!ered low computational overhead and reasonable accuracy. However, moving av-

erage and ARIMA-based methods struggle with dynamic cloud workloads [24, 25].

Short-term prediction presents particular challenges due to resource dynamicity [26].

Machine learning approaches emerged to overcome these limitations. Pioneer-

ing work combined ANN models with linear regression for empirical resource usage

prediction [27]. Self-adaptive prediction using ensemble models and fuzzy neural

networks followed [28]. Hybrid approaches combined k-means clustering with Ex-

treme Learning Machines [29]. These methods addressed the ine!ectiveness of linear

basis functions in capturing complex data relationships.

Deep learning architectures revolutionized workload prediction capabilities. LSTM

networks e!ectively capture non-linear patterns through specialized memory mecha-

nisms [30]. They enable accurate host load prediction. GRU-based Encoder-Decoder

networks provide multi-step-ahead prediction [31]. They automatically learn peri-

odicity and trends in time-series data. The architectures adaptively select rele-

vant input features through joint encoder-decoder training. Deep learning models

were preferred over traditional approaches primarily because of their ability to han-

dle long-term temporal dependencies. Methods like ARIMA rely on fixed-window

assumptions and struggle with dynamic, non-linear workload patterns. Machine

learning approaches improved on this but remained limited to shorter prediction

windows. LSTM networks address this through memory cells that selectively re-

tain past information over time, making them naturally suited for workloads where

historical patterns strongly influence future demand. GRU-based models extend

this further by enabling multi-step prediction while automatically learning trends
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and periodicity — without requiring manual feature engineering. Deep learning was

therefore adopted where workload patterns were complex, non-linear, and tempo-

rally extended — conditions where shallower models consistently underperformed.

Energy-aware prediction frameworks enable sustainable cloud operations. En-

semble algorithms forecast energy e!ciency [32]. Frameworks combining machine

learning clustering with stochastic theory achieve precise workload prediction and

energy savings [33].

Table 2.1: Workload Prediction Approaches Comparison

Category Relevant
Works

Resource
Focus

Prediction
Horizon

Key Advan-
tage

Primary Limi-
tation

Time-
Series

[23],[24],[25],
[32],[34]

CPU, En-
ergy

Short to
Long-term

Low computa-
tional overhead,
established
methods

Linear assump-
tions, poor for
variable data

Machine
Learning

[27],[28],[29],
[35],[36],[37]

Multi-
resource

Single to
Multi-step

Non-linear pat-
tern capture,
adaptability

Limited predic-
tion windows,
static clustering

Deep
Learning

[12],[30],[31],
[38],[39],[40]

Host Load Multi-step Long-term de-
pendencies,
complex pat-
terns

Single resource
focus, isolated
approaches

Hybrid
Methods

[33],[41],[42],
[43]

Multi-
resource

Adaptive Combined
methodologies,
flexibility

Limited adapt-
ability, computa-
tional overhead

2.2.2 VM Placement Approaches

Early VM placement research established that randomized algorithms outperform

deterministic approaches [44]. Adaptive resource management strategies that inte-

grate energy and power considerations have been pioneered [45]. These approaches

maintain service levels while optimizing resource allocation. Classical heuristic ap-

proaches provided foundations for VM placement optimization. Best Fit Decreasing

algorithms and bin-packing variants were developed [46, 47]. However, these meth-

ods often failed to consider energy e!ciency explicitly.
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Advanced placement strategies have evolved beyond simple heuristics. Energy-

e!cient algorithms that consider computational requirements and thermal char-

acteristics have been developed [48, 49]. Machine learning-based approaches for

quality-aware placement decisions have emerged [50]. These methods incorporate

power and thermal management considerations into initial VM allocation strategies.

Modern placement frameworks leverage predictive analytics and SLA-aware strate-

gies [51]. They make proactive placement decisions that balance energy e!ciency

with system stability from the initial deployment phase.

2.3 Dynamic Load Balancing and QoS Manage-

ment

Dynamic load balancing addresses the critical challenge of handling host overload

through VM migration while maintaining QoS guarantees. The literature reveals

evolution from reactive threshold-based approaches to sophisticated predictive frame-

works, though most approaches still rely on deterministic estimations with limited

uncertainty handling.

2.3.1 Load Balancing Evolution

Load balancing methods have been proposed to deal with physical machine overload

problems using VM migration [52, 53, 54]. Early approaches focused on quantifying

virtualized server loads through predetermined resource weights [52]. VM selec-

tion strategies based on lowest product of resource utilizations and volume-based

approaches using combined load metrics have been developed [54]. Sandpiper au-

tomated overload detection using volume defined as the product of CPU, network,

and memory loads [55].

However, these methods assume equal or predefined weights for di”erent re-

sources, which may not be correct due to time-varying demands. Dynamic resource



Literature Survey. Literature Survey 13

assignment approaches have emerged to address this limitation. Resource usage

intensity aware load balancing methods dynamically assign weights based on us-

age intensities [56]. Game-theoretic approaches for multi-server load balancing with

load-dependent server availability consideration have been proposed [57]. These

methods provide more sophisticated load distribution strategies compared to tradi-

tional approaches.

Table 2.2: Dynamic Load Balancing Approaches Comparison

Category Relevant
Works

Detection
Method

QoS Inte-
gration

Key Innova-
tion

Major Limita-
tion

Reactive
[52],[53],[54],
[55],[58]

Threshold-
based

Basic per-
formance
metrics

Simple im-
plementation,
proven e!ective-
ness

Static weights,
delayed response

Adaptive
[56],[57],[59],
[60],[61],[62],
[63]

Dynamic
weighting

Performance
degrada-
tion aware

Adaptive re-
source weight-
ing, context
awareness

Still reactive,
complexity over-
head

Predictive
[64],[65],[66],
[67],[68],[69]

Forecast-
based

Prediction-
driven

Proactive in-
tervention,
workload antici-
pation

Prediction er-
rors, model
dependency

Probabilis-
tic

[70],[71],[72],
[73],[74]

Statistical
distribu-
tions

Statistical
guarantees

Uncertainty
quantification

Incomplete
framework, lim-
ited scope

2.3.2 Load Balancing for Performance Management

SLA-aware load balancing methods with minimum resource wastage objectives have

been developed [59]. Performance overhead management approaches for virtual

machines have been comprehensively reviewed, covering scenarios from single-server

virtualization to multiple geodistributed data centers [60].

Interference-aware approaches gained attention by considering VM performance

degradation and inter-VM dependencies. Heterogeneity and interference-aware vir-

tual machine provisioning for predictable performance has been developed [61]. Live
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migration techniques that make virtual machines interference-aware in cloud envi-

ronments have been proposed [62]. Dynamic resource management using virtual

machine migrations for improved system performance has been established [75].

2.3.3 Prediction-Based and QoS-Aware Approaches

Prediction-based load balancing schemes address dynamic workload challenges. CloudIn-

sight creates ensemble models for accurate workload predictions [64]. CloudScale for

elastic scaling of VM resources according to predicted demands has been proposed

[65]. Advanced techniques utilizing Markov stochastic processes for load tendency

prediction have been introduced [66].

Fault-tolerant approaches in federated cloud environments have been developed

to enhance reliability of cloud services [70]. These methods redistribute VMs to

achieve enhanced reliability while reducing transfer costs. Most approaches make

decisions based on deterministic estimations of resource demands [71]. Due to dy-

namic workloads and estimation errors, resource demand estimation may deviate

significantly from actual values, resulting in SLA violations. These methods address

limitations of deterministic approaches in handling uncertainty and dynamic cloud

environments.

2.4 Energy-E!cient VM Consolidation

Dynamic VM consolidation addresses energy e!ciency in cloud data centers through

intelligent workload redistribution and server consolidation. Research encompasses

load detection, VM selection, and placement optimization, though most approaches

address components independently rather than providing integrated frameworks.

2.4.1 Foundational Consolidation Approaches

Early energy-aware consolidation established threshold-based techniques for power

reduction. Energy-e!cient resource allocation strategies utilizing adaptive threshold
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mechanisms for maintaining optimal server utilization while ensuring performance

guarantees were developed [76, 77]. This was extended through intelligent heuristic

frameworks combining multi-objective optimization for dynamic consolidation [78].

Table 2.3: Energy-E!cient VM Consolidation Approaches Comparison

Category Relevant
Works

Compone-
nt Focus

Energy
Optimiza-
tion

Integration
Level

Major Limita-
tion

Detection-
focused

[76],[77],[79],
[79],[80]

Load im-
balance
detection

Threshold-
based
energy
awareness

Component-
level

Isolated detec-
tion, limited
coordination

Selection-
focused

[81],[82],[83],
[84],[85]

VM se-
lection
strategies

Migration
cost consid-
eration

Component-
level

Selection iso-
lation, limited
placement coor-
dination

Placement-
focused

[86],[87],[88],
[89],[90],[91]

Destination
optimiza-
tion

Energy-
aware
placement

Component-
level

Placement isola-
tion, no selection
integration

Integrated
[92],[93],[94],
[95]

Multiple
compo-
nents

Comprehensive
energy op-
timization

Multi-
component

Limited scope,
incomplete inte-
gration

Static threshold limitations led to adaptive approaches. AFED-EF was developed

using adaptive four-threshold frameworks for host classification [79]. Self-adaptive

multi-threshold techniques addressed dynamic workload challenges [96, 97]. Tem-

perature metrics alongside utilization measures were incorporated for thermal-aware

consolidation [98]. Resource utilization models provided alternative detection mech-

anisms. Cumulative available-to-total ratio techniques were introduced for precise

host state identification [81, 82]. However, these foundational approaches often ne-

glected multi-resource considerations and comprehensive QoS requirements.

2.4.2 Advanced Multi-Objective Consolidation Methods

Modern frameworks integrate energy e!ciency with sophisticated QoS optimization.

Energy-e!cient and quality-aware consolidation balancing power consumption with
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performance guarantees through overloading impact and migration overhead consid-

erations was developed [99, 86].

Machine learning revolutionized consolidation strategies. Adaptive deep rein-

forcement learning automatically learning optimal policies through continuous work-

load interaction was introduced [92, 93]. Deep learning-based workload prediction

frameworks enabling proactive consolidation decisions were developed [100, 101].

Meanwhile, swarm intelligence approaches emerged to address complex optimization

challenges. Ant colony systems treating VM placement as constrained combinatorial

optimization were proposed [87]. ACO was enhanced for energy and bandwidth min-

imization [88]. Parallel ant colony optimization (PACO) combining parallelization

with SIMD operations was developed [102].

2.5 Research Gaps and Limitations

The comprehensive literature review reveals critical limitations in existing cloud

resource management approaches. Fragmented Optimization dominates current

research. Workload prediction, VM placement, load balancing, and consolidation are

addressed as separate problems. This separation leads to poor overall system perfor-

mance. Limited Uncertainty Handling persists in most methods. Researchers

use deterministic approaches despite unpredictable workload patterns. This causes

systems to adapt poorly to changes. It also results in frequent SLA violations.

Static-Dynamic Coordination Gap exists between initial setup and runtime op-

erations. There is no smooth transition between these phases. Initial placement

decisions become outdated as workloads change.

Simplistic Multi-objective Approaches use basic weighting methods. These

methods cannot handle complex trade-o!s between energy e”ciency, resource use,

and service quality. Limited Integration Scopecharacterizes most existing solu-

tions. Current approaches focus on single aspects of resource management. They
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fail to consider the interconnected nature of cloud resource challenges. Scalability

Constraints a!ect many proposed methods. High computational complexity limits

their applicability to large cloud environments. These limitations show a fundamen-

tal gap in current research. There is a lack of integrated frameworks that coordi-

nate multiple resource management phases. Handling uncertainty while maintaining

practical applicability remains a major challenge across diverse cloud environments.





Chapter 3

Proactive Resource Management

through optimal VM placement

3.1 Introduction

Cloud computing has fundamentally transformed organizational resource manage-

ment. It o!ers unprecedented scalability and cost-e!ectiveness [103, 104]. How-

ever, this evolution introduces complex resource management challenges. Tradi-

tional static allocation approaches cannot adequately address these challenges [105].

The dynamic and heterogeneous nature of cloud workloads demands sophisticated

proactive resource management strategies. Energy e”ciency requirements and ser-

vice quality guarantees further complicate these demands.

Contemporary cloud environments face three critical interconnected challenges.

Resource allocation ine”ciency stems from significant gaps between user-requested

and actual consumption patterns [106]. Traditional approaches consistently over-

estimate requirements by substantial margins. This ine”ciency makes proactive

resource allocation di”cult. It leads to resource fragmentation and increased en-

ergy consumption. Energy consumption concerns have become increasingly critical.

19
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Cloud infrastructure accounts for approximately 1-2% of global electricity usage [15].

VM sprawl and ine!cient consolidation strategies contribute to unnecessary energy

consumption. Reactive placement algorithms fail to optimize energy e!ciency dur-

ing initial deployment. Workload heterogeneity presents significant complexity in

developing e”ective prediction and placement strategies. Di”erent application types

exhibit distinct temporal patterns. These range from web applications with diurnal

tra!c patterns to batch processing jobs with burst computational requirements.

Current VM placement strategies exhibit fundamental limitations. Traditional

reactive approaches respond to demands only after manifestation. This often results

in suboptimal allocation and frequent migration overhead [107]. Existing proactive

methods rely on simplistic models. These fail to capture complex temporal dynam-

ics and uncertainty inherent in cloud workloads. Most approaches treat workload

prediction and VM placement as separate problems. This misses synergistic opti-

mization opportunities. Existing approaches typically employ generic models that

fail to capture diverse characteristics, resulting in suboptimal placement decisions.

This chapter addresses these challenges through a comprehensive proactive re-

source management framework. The framework integrates advanced workload pre-

diction with intelligent VM placement strategies. The approach develops special-

ized prediction models using machine learning-based temporal pattern recognition

through clustering [108]. It also employs statistical-stochastic frameworks treat-

ing resource consumption as probabilistic phenomena. The VM placement com-

ponent introduces complementary strategies [109]. These include a heuristic-based

approach extending traditional bin-packing algorithms for multi-dimensional con-

straints. It also features a game-theoretic approach modeling placement as strategic

competition among VMs. The integration creates synergistic e”ects where accurate

workload forecasts inform intelligent placement decisions. This enables proactive

resource allocation that anticipates future demands rather than merely reacting to
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current requirements. The approach significantly reduces resource contention like-

lihood and minimizes reactive VM migration needs. It achieves superior energy

e!ciency through optimal consolidation strategies.

3.2 Overview of the Environment

Cloud services operate in data centers composed of numerous Physical Machines

(hosts). Users request specific resources (CPU, memory) from Cloud Service Providers

(CSPs). CSPs fulfill these requests by creating Virtual Machines (VMs) on physical

hardware. The Hypervisor, or Virtual Machine Monitor (VMM), enables multiple

VMs to share host resources transparently and in isolation.

Figure 3.1: Flow of VM Requests in a DataCenter.

As illustrated in Figure 3.1, when VM requests arrive, they enter a queue man-

aged by the Data Center Manager (DC Manager). The manager obtains status

information from VMMs across all hosts. It then strategically places VMs and re-

sponds to users. Traditional placement approaches distribute VM requests with

varying resource demands across multiple hosts with di”erent available resources.

While VMs are successfully placed, this approach often leaves hosts underutilized.
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Analysis reveals a critical ine!ciency in current resource management. Appli-

cations typically consume significantly less resources than allocated because users

overestimate their requirements. The DC Manager operates solely on requested re-

sources rather than actual usage patterns. This leads to activating more hosts than

necessary. It increases energy consumption and operational costs unnecessarily.

An improved solution leverages actual resource consumption data instead of user

estimates. By understanding real resource usage patterns, the same number of

VMs can be accommodated on fewer hosts. This approach eliminates the need to

activate unnecessary hosts. The result is reduced overall energy consumption while

significantly improving resource utilization e!ciency.

3.3 System Models

This section outlines the key components defining virtualized cloud data center

behavior and performance: Cloud Data Center Model, Workload Model, and Re-

source Utilization Model. The Cloud Data Center Model captures the structural

and resource configuration of hosts and VMs. The Workload Model represents user-

submitted tasks as time-varying resource demands. The Resource Utilization Model

quantifies resource consumption patterns, enabling system load and e!ciency anal-

ysis.

3.3.1 Cloud Data Center Model

In a virtualized cloud environment, there is a pool of server nodes or hosts with

various tasks running on them in the form of VMs. Consider a scenario where users

submit a set of tasks to the cloud at an instant of time. Each task is presumed to

be independent and non-preemptive and operates on a single VM. Executing one

task at a time by a VM improves task security and eliminates resource contention

among them.
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The VMs require resources which are considered to have d (d > 1) dimensions.

A set R represents those resources, R = {rk | k = 1 to d}. Assume that a DC has a

set H of M hosts, H = {Hi | i = 1 to M} and supports a total of P -types of VMs.

Each host Hi is distinguished by a tuple of parameters, with each parameter

corresponding to the capacity of one resource. Hence, Hi can be represented as

Hi = →Cirk | ↑rk ↓ R↔, where Cirk is the capacity of resource rk ↓ R in Hi.

Likewise, a VM Vj of a specific type can be characterized as a tuple of d attributes,

i.e., Vj = →Cjrk | ↑rk ↓ R↔, where Cjrk is Vj’s capacity for resource rk. Here, hosts of

the same model and VMs of the same type have the same resource configurations.

3.3.2 Workload Model

In a virtualized cloud data center, a workload refers to the aggregate demand gen-

erated by independent, non-preemptive tasks submitted by users at a specific time.

Each task operates on a single VM, and their execution drives the consumption of

computing resources across the infrastructure.

At any time t, the active workload is expressed by the set of running VMs V t,

each demanding varying fractions of their allocated resource capacities based on

task requirements. There exists a significant discrepancy between a VM’s requested

resources and its actual resource demand. Typically, requested resources are sub-

stantially higher than actual resource consumption, leading to resource wastage in

conventional placement approaches. Throughout this chapter, the term resource

demand specifically refers to actual resource consumption by VMs.

For a VM Vj, the demand for resource rk at time t is denoted by Dt
jrk

= f t
jrk

.Cjrk ,

where f t
jrk

↓ [0, 1] is the fractional demand and Cjrk is the VM’s resource capacity.

The workload evolves as a time-dependent vector of resource demands across all

active VMs in the system.
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3.3.3 Resource Utilization Model

Since each VM is constrained to run on a single host, the allocation of VM requests

across di!erent hosts can be represented as a mapping between the set V t and the set

H. Given the number of VMs running on the DC at time t is N t (i.e., | V t |= N t), a

matrix X t = [X t
ij]M→Nt is defined as the VM allocation matrix at that time, where

X t
ij is a binary indicator variable, such that:

X t
ij =






1, if Vj is allocated to Hi at tth time instant

0, otherwise

(3.1)

At any instance, hosts having VMs running on them are in active state, while

others switch to sleep mode to conserve energy. To represent the set of active hosts

at time t, Ht
active → H is used. Since VM demands vary with time, the resource

consumption of hosts also varies. The load of a host at any time instant is defined

as the aggregated demand of the VMs operating on it. This is measured for a host

Hi by its utilization for all resources. At time instant t, U t
irk

is used to denote the

utilization of Hi for resource rk:

U t
irk

=

∑
j X

t
ij ↑Dt

jrk

Cirk

↑ 100 (3.2)

Hence, the DC’s utilization for resource rk at that time (denoted by DCt
rk
) can

be determined as:

DCt
rk

=

∑
Hi↑H

t

active

∑
j X

t
ij ↑Dt

jrk∑
Hi↑H

t

active

Cirk

↑ 100 (3.3)

This provides a quantitative framework for evaluating both host-level and data

center-level resource utilization, serving as a basis for making informed decisions

about workload distribution and energy-aware VM placement in cloud environments.
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3.3.4 Power and Energy Consumption Model

In cloud data centers, power consumption is a critical concern, directly impacting

operational costs and environmental sustainability. Accurately modeling the power

and energy consumption of physical hosts is essential for developing energy-e!cient

resource management strategies.

CPU utilization is widely recognized as a reliable indicator of system load and

a key determinant of power consumption. Empirical studies [110] have shown that,

with Dynamic Voltage and Frequency Scaling (DVFS) enabled, the relationship

between CPU frequency and power consumption is approximately linear. Based on

this observation, the power consumption of a host at time t can be modeled using

the equation proposed in [16] as:

P t
i = Q.H i

max + (1→Q)↑H i
max ↑ U t

iCPU (3.4)

where Q denotes the fraction of energy consumed by idle host, H i
max is the

maximum power consumed by the fully utilized host, and U t
i.CPU specifically denotes

the CPU utilization of host Hi at time t.

Since workloads vary over time, CPU utilization U t
i.CPU is inherently time-dependent.

Accordingly, the total energy consumption of Hi over a given period T can be ex-

pressed as:

Ei =

∫ T

0

P t
i dt (3.5)

This model serves as a fundamental basis for estimating energy usage in dynamic

environments and enables the design of energy-aware VM placement and resource

management strategies in cloud data centers.
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3.4 Problem Description

This section formulates the multi-objective VM placement optimization problem in

virtualized cloud data centers, focusing on achieving energy-e!cient resource allo-

cation through intelligent mapping of virtual machines onto physical hosts. The

formulation addresses the complexity of balancing dual optimization objectives —

minimizing energy consumption while maximizing resource utilization — under dy-

namic workload conditions. Through this formalization, the section captures the

intricate trade-o”s inherent in VM placement decisions while defining the constraint

boundaries that govern feasible solutions in real-world cloud environments.

3.4.1 Problem Statement

The VM placement problem in a cloud data center involves determining an optimal

distribution of a set of VMs onto a pool of physical hosts, based on their resource

requirements. Formally, this can be viewed as a mapping from V t to H, f : V t → H

such that f(Vj) = Hi. This mapping must ensure that each VM is allocated to

exactly one host, while satisfying the capacity constraints of the hosts. Since VMs

exhibit dynamic and time-varying workloads, the placement strategy must adapt to

fluctuations in resource demands while maintaining e!ciency.

The strategy must guarantee feasibility and optimize performance. It aims to

minimize energy consumption by reducing active host count while maximizing re-

source utilization on those hosts. Successfully balancing these objectives improves

energy e!ciency, reduces operational costs, and enhances resource management ef-

fectiveness.

Therefore, considering a time interval T , the multi-objective VM placement can

be formulated as an optimization problem shown below:
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The objective is:

Min
M∑

i=1

Ei and Max
M∑

i=1

d∑

k=1

T∑

t=1

U t
irk

Subject to the following constraints:

∑

Hi→H
t

active

Cirk →
M∑

i=1

Nt∑

j=1

X t
ijD

t
jrk

(3.6)

rk ↑ R
N∑

j=1

X t
ijD

t
jrk

↓ Cirk , ↔Hi ↑ H (3.7)

Nt∑

j=1

X t
ij = 1, ↔Hi ↑ Ht

active (3.8)

Constraint (3.6) ensures that the total capacity of active hosts at time t is suf-

ficient to meet the cumulative resource demands of all VMs at that time. Con-

straint (3.7) guarantees that no host exceeds its capacity for any resource dimen-

sion, maintaining local feasibility. Constraint (3.8) enforces that each active host

accommodates exactly one VM during the scheduling interval, reflecting a uniform

VM distribution strategy. These constraints collectively ensure capacity compliance,

workload feasibility, and controlled energy-aware allocation.

3.5 Workload Prediction Techniques

Accurate workload prediction forms the cornerstone of e!cient resource manage-

ment in cloud environments, enabling proactive decision-making for virtual ma-

chine placement and resource allocation. This section presents two complementary

approaches that demonstrate superior performance in cloud workload forecasting:

Temporal Pattern Recognition through Machine Learning and Statistical-Stochastic

Forecasting Modeling Framework.
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These approaches were selected for their ability to capture temporal patterns

and inherent variability characteristic of cloud workloads. The Temporal Pattern

Recognition approach leverages machine learning techniques to identify complex,

non-linear relationships in time series data. The Statistical-Stochastic Forecast-

ing Modeling Framework provides a mathematical foundation for quantifying un-

certainty through probability distributions and assessing future resource demands.

These complementary methodologies address the multifaceted challenges of work-

load prediction in dynamic cloud environments while emphasizing computational

e!ciency, prediction accuracy, and adaptability—qualities essential for practical im-

plementation in production cloud infrastructures.

3.5.1 Temporal Pattern Recognition through ML

This section presents a machine learning framework for recognizing and predicting

temporal patterns in cloud workload data. The framework addresses the challenge

of accurately forecasting resource consumption metrics for VMs operating in data

center environments.

VMs exhibit consistent workload patterns that can be identified and leveraged

for future resource usage prediction. Since resource consumption data manifests as

time-series information, a specialized framework has been developed that is capable

of e!ciently processing and analyzing the dynamic nature of temporal workload

patterns. A time-series is a finite sequence of observations ordered in time, where

time is the independent variable. Each VM’s resource usage can be represented as a

sequence of points DT
jrk

= [D1
jrk

, D2
jrk

, . . . , DT
jrk

], where each point Dt
jrk

→ R denotes

Vj’s resource usage at time instance t. So, there are N t such time-series at any time

t.

A fundamental challenge in workload prediction arises from the heterogeneous
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nature of applications running in data centers. Di!erent applications generate dis-

tinct resource consumption patterns. Developing a single generic predictive model

fails to properly capture this heterogeneity, resulting in reduced prediction accu-

racy. To address this limitation, the approach first categorizes VMs based on their

resource consumption patterns before building specialized predictive models for each

category, thereby significantly enhancing accuracy. Therefore, the Temporal Pattern

Recognition framework consists of two primary components:

• Workload Characterization: This component identifies common workload

patterns across multiple VMs and classifies them into several categories based

on their temporal characteristics and resource consumption signatures.

• Workload Prediction: Using the categorization from the previous step, this

component employs specialized machine learning models to estimate the fu-

ture workload of VMs within each category, leveraging the identified temporal

patterns.

The following subsections detail each component of this framework and explain

how machine learning techniques are applied to recognize complex temporal patterns

in cloud workload data.

3.5.1.1 Workload Characterization through Clustering

The workload characterization component serves as the foundation of the temporal

pattern recognition approach, identifying groups of VMs that exhibit similar resource

usage patterns over time. By categorizing VMs with homogeneous behavior, this

component enables the development of specialized prediction models that accurately

capture the temporal dynamics unique to each workload type.

Clustering Methodology: The characterization approach leverages unsuper-

vised clustering techniques, which have demonstrated significant success in pattern
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discovery applications. The methodology involves analyzing historical resource us-

age data to identify natural groupings of VMs with similar temporal characteristics.

The objective of clustering in the context of multiple time-series is to discover a

partition P consisting of clusters C = {Ci | i =1 to k}, such that time-series with

similar characteristics are grouped together based on appropriate similarity mea-

sures. Each Ci represents a distinct cluster, where the complete partition satisfies

P =
⋃k

i=1 Ci and Ci → Cj = ω, ↑i ↓= j, ensuring that every VM belongs to exactly

one cluster.

For this purpose, the Agglomerative Hierarchical Clustering (AHC) algorithm

[111] is employed, which constructs a nested hierarchy of similar objects based on a

pairwise distance matrix. This approach o!ers significant advantages, particularly

because it does not require a priori specification of the number of clusters—a pa-

rameter that is di”cult to determine given the dynamic nature of cloud workloads.

The algorithm operates in a bottom-up manner, beginning with individual data

points as singleton clusters and progressively merging similar clusters until a single

comprehensive cluster is formed. The resulting hierarchical structure allows natural

groupings of VMs with similar workload patterns to be identified at various levels of

granularity. By analyzing this hierarchy, the optimal number of clusters that best

represents the inherent patterns in the data center workload can be determined.

Time-Series Similarity Measurement: The e!ectiveness of hierarchical

clustering depends on selecting an appropriate distance metric for comparing time-

series data. Dynamic Time Warping (DTW) [112] is used as the similarity mea-

surement method due to its superior ability to identify shape-based similarities in

temporal data. Unlike Euclidean distance, which requires exact alignment of time

points, DTW accommodates variations in speed and timing, making it suitable for

analyzing cloud workload patterns with similar shapes but di!erent phase align-

ments.
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DTW uses dynamic programming to identify optimal alignment between tem-

poral sequences. Given two time series of equal length a = {ai → R | i=1 to s} and

b = {bi → R | j=1 to s}, the algorithm constructs an s↑s matrix where each element

(i, j) represents cumulative distance, formally defined as:

eij = dij +min{e(i→1)(j→1), e(i→1)j, ei(j→1)} (3.9)

where, dij =| ai + bj | represents the absolute di!erence between corresponding

points.

Optimal Path Selection and Cluster Formation: The optimal alignment

path is determined by selecting the path that minimizes the cumulative distance

across the matrix. The DTW distance is formally expressed as:

DDTW = min
↑w↓P

{√
K∑
k=1

dwk
(3.10)

where, P represents the set of all possible warping paths, wk is the (i, j) coordinate

at the kth element of a warping path, and K denotes the path length.

DTW is applied to the set of N time-series, each consisting of l feature vectors

representing resource usage patterns. The algorithm generates a symmetric N ↑N

distance matrix containing DTW values between each pair of VMs. This distance

matrix serves as input to the AHC algorithm, which successively merges the closest

cluster pairs to form a hierarchical dendrogram.

Ward’s method is employed for determining inter-cluster similarity, minimizing

the variance of clusters being merged. This method creates compact, evenly-sized

clusters that e!ectively capture similar workload patterns by minimizing the total

within-cluster variance. The Ward criterion calculates the increase in the sum of

squared distances resulting from merging two clusters, e!ectively minimizing the
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total within-cluster variance.

The clustering process yields distinct VM categories exhibiting similar tempo-

ral patterns in resource usage. This categorization enables developing specialized

prediction models tailored to each workload pattern, significantly enhancing pre-

diction accuracy compared to generic models and enabling more e!ective resource

management decisions.

It is important to note that AHC is computationally expensive, as it requires

computing and storing pairwise distances between all data points. This makes it

time-consuming for large-scale datasets. However, in this work, the clustering is

performed only once, o”ine, using historical workload traces. It is not repeated

during live system operation. Moreover, the workloads considered in this study are

long-running tasks with stable resource consumption patterns. Their behaviour does

not change significantly over time. This further reduces the need for re-clustering.

For new VMs arriving at runtime, a simple nearest-centroid classification is used to

assign them to the closest existing cluster. This avoids running the full AHC pipeline

online, keeping the framework e#cient and feasible for large-scale deployments.

3.5.1.2 Workload Prediction through Supervised Learning

Following VM categorization into distinct clusters, the CS-hostS algorithm devel-

ops specialized multi-step forecasting models for each cluster. The algorithm sys-

tematically evaluates machine learning techniques combined with temporal feature

extraction strategies to achieve optimal prediction accuracy for future resource de-

mands. The prediction approach leverages supervised machine learning techniques

with demonstrated success in time-series forecasting. The methodology constructs

models that learn temporal dynamics specific to each VM cluster, enabling accurate

predictions that account for unique workload characteristics.

Lines 2-3 establish the optimization framework for each cluster Ci, where $i ex-

tracts cluster-specific training and test datasets. The algorithm leverages supervised
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CS-hostS: Selection of optimal ML models for each VM cluster.
Input: C : C1, C2, ..., Ck, set of VM clusters,

M : MLR,Mk→NN ,MDT ,MSVM ,MGB, set of ML models,
Ow : o1, o2, ..., ow, set of observation windows,
Pw : Fixed prediction window size.

Output: ω = (C1,M
opt
1 , oopt1 ), ..., (Ck,M

opt
k , ooptk ), optimal model configs.

1 ω → ↑ ; // Initialize empty set
2 for each Ci ↓ C do
3 !i → (Ci.Tr, Ci.Ts) ; // Extract training and test data
4 for each Mj ↓ M do
5 for each ol ↓ Ow do
6 Dsup → ”(!i.Tr, ol) ; // Transform to supervised format

7 M̂j → #(Mj,Dsup) ; // Train model
8 εjl → $(Mj,!i.Ts, ol, Pw) ; // Compute error

9 (M opt
i , oopti ) → argminMj↑M,ol↑Ow

εjl ; // Identify optimal

configuration

10 end
11 end

12 ω → ω ↔ (Ci,M
opt
i , oopti ) ; // Add to optimal set

13 end
14 return ω

machine learning techniques with demonstrated success in time-series forecasting,

constructing models that learn temporal dynamics specific to each VM cluster.

Nested loops (lines 4-11) systematically evaluate all model-window combina-

tions. At line 6, the algorithm employs Temporal Feature Extraction through Slid-

ing Windows via function ”(·) to transform VM time-series data into supervised

learning format. The Observation Window (Ow) represents a fixed-size segment of

historical resource usage data. The process begins by selecting the first segment of

data points within the observation window, then shifts forward by one time step

to select a new segment. This continues iteratively until all resource usage data

is segmented. These segments serve as training instances for supervised learning

models, where earlier points within each window are used as features to predict

subsequent resource usage values. Window size critically influences the model’s
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ability to capture local trends—excessively small windows fail to capture temporal

patterns (underfitting), while overly large windows incorporate irrelevant data or

lead to model complexity (overfitting). This necessitates the algorithm’s systematic

evaluation across multiple Ow values to identify the optimal size for each cluster.

Model training occurs through function !(·) (line 7), where each candidate

model learns from the transformed supervised dataset. At line 8, the algorithm

implements aMulti-Step Forecasting Strategy through function ”(·), which computes

prediction error over the Prediction Window (Pw). This window defines the fixed

number of steps ahead for which the model forecasts future resource demands. The

multi-step strategy addresses a critical challenge in time-series forecasting: recursive

use of predicted values as inputs for subsequent predictions causes error accumula-

tion, degrading accuracy over extended horizons. To mitigate this, the algorithm

employs a re-training-based approach where, upon reaching the prediction window

boundary, the model retrains using actual resource usage values observed during that

period. This periodic re-training strategy prevents the accumulation of prediction

errors over time and enables adaptation to evolving workload patterns.

Line 9 identifies optimal configurations (M opt
i , oopti ) by minimizing computed

prediction errors across all evaluated combinations. Line 12 accumulates the set

of optimal configurations # for each cluster. After identifying the optimal model-

window pair, the selected models undergo periodic retraining at Pw intervals. The

combination of cluster-specific model selection, optimized observation windows through

systematic sliding window evaluation, and periodic re-training creates a robust work-

load prediction framework that accurately captures unique workload characteristics

while maintaining prediction accuracy over extended horizons.
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3.5.2 Statistical-Stochastic Forecasting Modeling Framework

This section introduces a complementary approach to workload estimation through

statistical and stochastic modeling techniques. ML approaches o!er powerful predic-

tion capabilities but su!er from critical limitations. These include intensive training

data requirements, cold-start problems with new VMs [113], and challenges with

bursty workloads. Rare spikes and heavy-tailed demands are frequently under-

predicted or ignored. ML models optimized for average error metrics often fail

to quantify prediction uncertainty. This creates an impractical tradeo!. Under-

prediction causes SLA violations while over-prediction wastes resources.

Statistical-stochastic modeling addresses these constraints by treating resource

consumption as an inherently probabilistic phenomenon. This approach functions

e!ectively with minimal historical data. It suits new VM deployments where ML

models typically struggle. The framework explicitly models workload variability

through probability distributions rather than point estimates. This captures the

burstiness characteristic of cloud workloads and provides natural prediction inter-

vals. The statistical framework integrates time-series forecasting with distribution

parameter estimation. This enables resource allocation based on quantifiable risk

levels.

3.5.2.1 Resource Consumption as a Stochastic Process

The statistical-stochastic forecasting framework re-conceptualizes VM resource con-

sumption from deterministic to probabilistic perspectives. Traditional approaches

treat resource usage as predictable values for precise forecasting. This leads to the

limitations discussed earlier. The framework recognizes that resource consumption

in cloud environments is inherently uncertain and variable.

Resource consumption is modeled as a stochastic process. Each VM’s demand

for a specific resource at any given time is treated as a random variable drawn
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from a probability distribution. Specifically, Dt
jrk

is defined as a random variable

representing the demand for resource rk → R by virtual machine Vj at time t.

Extensive empirical analysis of production cloud environments demonstrates that

VM resource consumption patterns predominantly follow normal distributions [56,

114]. This includes comprehensive studies of Google cloud traces and PlanetLab

datasets. The empirical evidence, combined with theoretical justification from the

Central Limit Theorem [115], supports adopting normal distributions for modeling

individual VM resource demands. Resource consumption represents the aggregate

of many small, independent processes.

Based on these findings, the resource consumption of each VM is modeled as:

Dt
jrk

↑ N (µrk(Vj), ω
rk(Vj)

2)

where µrk(Vj) represents the expected (mean) resource consumption of VM Vj for

resource rk, and ωrk(Vj)2 represents its variance, capturing the degree of uncertainty

and variability in the resource consumption pattern. This stochastic formulation

provides several key advantages over deterministic approaches:

• Natural Uncertainty Quantification: The model inherently captures and quan-

tifies uncertainty in resource predictions through the variance parameter.

• Robust to Outliers : The probabilistic nature provides resilience to occasional

spikes or anomalous behavior that significantly impact deterministic models.

• Risk-Aware Decision Making : Complete probability distributions enable re-

source allocation decisions based on acceptable risk levels rather than worst-

case scenarios.
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The challenge becomes accurately estimating distribution parameters µrk(Vj) and

ωrk(Vj)2 for each VM and resource type. This is addressed in the subsequent pa-

rameter estimation methodology.

3.5.2.2 Estimation of Distribution Parameters

The core of this framework lies in its probabilistic approach to VM workload fore-

casting. Rather than producing single-point predictions that fail to capture inherent

variability, the model generates complete probability distributions for future resource

demands. This section describes the forecasting methodology that enables accurate

prediction of both the expected value and the uncertainty in VM resource consump-

tion.

Historical resource consumption data is collected at regular intervals for each

VM Vj and resource rk. This allows continuous refinement of probability distribu-

tion parameters based on recent observations. The distribution parameters µrk(Vj)

and ωrk(Vj) can be estimated for the next time interval based on previous observa-

tions. This approach e!ectively captures increasing or decreasing trends in resource

consumption.

Time-Series Integration: Numerous time-series forecasting models exist

for data center resource prediction [116, 117] (e.g., Holt-Winter, ARMA, ARIMA,

EWMA). This approach adopts a model-agnostic methodology that integrates time-

series techniques without dependence on specific forecasting algorithms. This design

enhances framework flexibility and adaptability across diverse operational environ-

ments. Let ojrkt represent observed consumption of resource rk by Vj at time t. The

forecasting method produces point prediction ôjrkt+1 for the next interval. The un-

certainty is then modeled by analyzing historical prediction errors, which capture

volatility patterns and form the basis for variance estimation. By incorporating both

the predicted trend and the estimated variance, the framework provides a complete

probabilistic characterization of future VM workload.
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Given n prior observations {ojrkt→n+1, o
jrk
t→n+2, . . . , o

jrk
t }, estimation errors are com-

puted as:

ωjrkt→n+1 = ojrkt→n+1 → ôjrkt→n+1, ω
jrk
t→n+2 = ojrkt→n+2 → ôjrkt→n+2, ..., ω

jrk
t = ojrkt → ôjrkt

Sample mean and variance are calculated as:

µjrk
ω =

1

n

n∑

i=1

ωjrki (3.11)

ε
jr2

k

ω =
1

n

n∑

i=1

(ωjrki → µjrk
ω )2 (3.12)

Parameter Estimation Methodology: Using the error statistics, the distri-

bution parameters for VM resource consumption are estimated as:

µrk(Vj) = ôjrkt+1 + µjrk
ω (3.13)

εrk(Vj)
2 = ε

jr2
k

ω (3.14)

This approach captures evolving trends and inherent uncertainty. Continuous pa-

rameter updates accommodate temporal dynamics, facilitating accurate workload

characterization.

3.5.2.3 Workload Aggregation for Host-Level Forecasting

The statistical-stochastic framework enables probabilistic resource allocation deci-

sions at the host level. This section demonstrates how individual VM resource

consumption distributions aggregate to model total resource demand on each phys-

ical host. This aggregation is essential for determining overload probabilities and

making informed resource management decisions.
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For physical host Hi hosting a set of VMs, aggregate resource consumption rep-

resents the sum of individual VM demands. Now, since each VM’s resource con-

sumption follows a normal distribution, the aggregate consumption can be char-

acterized using additive properties of normal distributions. For resource rk on

host Hi, total demand or load is the sum of individual VM consumptions, i.e.,

Lt
rk
(Hi) =

∑
j X

t
ij ·Dt

jrk
.

VMs typically run isolated and independent workloads with minimal direct in-

teraction in multi-tenant cloud environments. Hypervisor-level resource isolation

ensures that one VM’s resource usage does not directly influence another’s consump-

tion behavior. Given independence assumption, aggregate resource consumption can

be e!ectively modeled using normal distribution properties. The sum of indepen-

dent normal random variables is also normally distributed. This enables modeling

aggregate consumption as:

∑

j

X t
ij ·Dt

jrk
→ N

(
∑

j

X t
ij · µrk(Vj),

∑

j

X t
ij · ωrk(Vj)

2

)

This aggregated distribution enables computation of overload probabilities—the like-

lihood that total resource demand exceeds host capacity Cirk . The probability that

host Hi can accommodate aggregate demand for resource rk without overload is:

Pr

(
∑

j

X t
ij.D

t
jk ↑ Cirk

)
= ”



Cirk ↓
∑

j X
t
ij.µ

rk(Vj)√∑
j

[
X t

ij.ω
rk(Vj)

]2



 (3.15)

where ” is the cumulative distribution function of the standard normal distribu-

tion. This probabilistic characterization forms the cornerstone for subsequent VM

placement and resource management strategies.
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3.6 Virtual Machine Placement Techniques

Future resource demands of VMs must be translated into e!ective placement deci-

sions. These decisions determine which host should accommodate which VMs. The

primary challenge lies in balancing multiple competing objectives. The goal is min-

imizing active hosts to reduce energy consumption while avoiding host overloading

that could lead to SLA violations. Host Hi is considered overloaded when any re-

source rk → R becomes overutilized. This means aggregate demand of all allocated

VMs exceeds the predefined utilization threshold Uω for that resource. Formally,

host Hi is overloaded at time t if ↑rk → R : U t
irk

↓ Uω.

This section presents two VM placement strategies addressing these challenges

from di!erent perspectives. First, a heuristic approach based on modified Best Fit

Decreasing (BFD) algorithm provides computationally e”cient placement decisions

for large-scale deployments. This approach prioritizes resource utilization e”ciency

while respecting capacity constraints. Second, a game-theoretic strategy models the

placement problem as competitive resource allocation game. It captures complex

interactions between VMs competing for limited resources while optimizing global

system objectives.

These approaches were selected based on complementary strengths. Heuristic

methods o!er practical, scalable solutions implementable in production environ-

ments with minimal computational overhead. Game-theoretic formulations provide

theoretically sound allocations that better capture complex multi-dimensional re-

source constraints and competing objectives. Together, they represent a compre-

hensive framework for VM placement adaptable to diverse requirements of modern

cloud computing environments.

While both placement strategies are designed to optimize resource utilization
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and energy e!ciency, it is important to acknowledge that their e”ectiveness is di-

rectly tied to the accuracy of workload predictions. Inaccurate forecasts can cause

the heuristic-based approach to allocate insu!cient or excessive resources, poten-

tially leading to host overload or unnecessary host activation. Similarly, for the

game-theoretic approach, unreliable predictions distort the payo” calculations. To

mitigate this, the ML-based prediction framework employs periodic re-training at

every prediction window boundary, allowing models to adapt to evolving workload

patterns. The stochastic framework counters this through continuous parameter up-

dates using recent observations, keeping distribution estimates aligned with actual

resource behavior. Together, these mechanisms reduce the downstream impact of

prediction errors on placement quality and energy e!ciency. However, some residual

sensitivity remains — particularly during sudden workload bursts or abrupt behav-

ioral shifts — which motivates the dynamic load balancing mechanisms discussed in

the subsequent chapter.

3.6.1 Heuristic-Based VM Placement Strategy

The heuristic-based VM placement strategy employs a modified BFD algorithm

adapted for multi-dimensional resource constraints. Traditional BFD algorithms

prove e”ective for bin-packing problems but typically address only single-dimensional

resource allocation [118]. The modified approach extends this concept to handle

multiple resource types simultaneously. This makes it suitable for heterogeneous

resource constraints in modern cloud DCs.

The placement problem is formalized as assignment of VMs V t = {V1, V2, ..., VNt}

to hosts H = {H1, H2, ..., HM}. Each VM has specific CPU and memory require-

ments. Each host has corresponding resource capacities. The objective is minimizing

active hosts while ensuring resource demands do not exceed capacities and main-

taining performance guarantees.
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The modified BFD algorithm takes VMs with predicted resource profiles and

available hosts as input. VMs are sorted in decreasing order using the product of

CPU and memory requirements as the sorting metric. This prioritization places

VMs with larger resource footprints first, as they are more challenging to accommo-

date e!ciently. This approach minimizes resource fragmentation while maintaining

balanced CPU and memory utilization. Considering multiple resource dimensions

simultaneously achieves superior consolidation compared to single-dimensional ap-

proaches, resulting in fewer active hosts and reduced energy consumption.

3.6.1.1 Modified Best Fit Decreasing Approach

The MBFD algorithm presents the formal implementation of Modified BFD approach

for VM placement with multi-dimensional resource constraints. This extends tradi-

tional bin-packing solutions to e!ciently handle CPU and memory resources simul-

taneously while minimizing active hosts.

The MBFD algorithm implements multi-dimensional resource-aware placement

through systematic processing. It initializes allocation set B and sets host utiliza-

tion to zero (lines 1-4). VMs are ranked in descending order of resource demands

(line 5), measured as the product of CPU and memory requirements. This priori-

tizes resource-intensive VMs that are more challenging to accommodate.

For each sorted VM, the algorithm iterates through available hosts to find suit-

able placement (lines 6-20). The Fits function (line 8) verifies VM resource

requirements can be satisfied by host capacity across all dimensions. When a com-

patible host is identified, its power state is checked (line 9). Powered-o” hosts are

then activated (line 10).

Before finalizing allocation, MBFD calculates projected resource load after VM

placement (line 12) and verifies that it remains below threshold Uω (line 13).

Here, host load is defined as the product of consumed CPU and memory capacities.
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MBFD: Modified Best Fit Decreasing VM Placement Algorithm for VMs run-
ning at time t

Input: V t : set of VMs at time t with predicted CPU and memory usage,
H : H1, . . . , HM set of hosts with power state and resource capacities,
Uω : Resource utilization threshold for hosts.

Output: B = (Vi, Hj), allocation of VMs to hosts.

1 B → ↑ ; // Initialize empty allocation set
2 for each Hj ↓ H do
3 Hj.Utilization → 0 ; // Initialize host utilization
4 end
5 Vsort → Sort(V , decreasing) ; // Sort VMs by resource product
6 for each Vi ↓ Vsort do
7 for each Hj ↓ H do
8 if Fits(Vi, Hj) then
9 if Hj.State = OFF then

10 Hj.State → ON ; // Power on the host
11 end
12 Load → CalculateLoad(Hj, Vi) ; // Load after allocation
13 if Load < Uω then
14 B → B ↔ (Vi, Hj) ; // Add to allocation set
15 Hj.Utilization → UpdateUtilization(Hj, Vi) ; // Update host

utilization
16 break
17 end
18 end
19 end
20 end
21 for each Hj ↓ H do
22 if Hj.State = ON ↗Hj.Utilization = 0 then
23 Hj.State → OFF ; // Power off unused hosts
24 end
25 end
26 return B

This threshold mechanism prevents resource contention and potential SLA viola-

tions. When conditions are satisfied, VM-host assignment is added to allocation

set (line 14), host utilization is updated (line 15), and the algorithm proceeds

to the next VM. After placing all VMs, final optimization identifies and powers o!

active hosts with zero utilization (lines 21-24). This reduces energy consumption
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by eliminating unnecessary power usage.

3.6.1.2 Enhancements and Limitations of MBFD

The MBFD algorithm e!ectively handles multi-dimensional resource constraints while

implementing energy-e”cient placement decisions. By prioritizing resource-intensive

VMs and incorporating utilization thresholds, it achieves balance between resource

e”ciency and performance guarantees.

The algorithm incorporates key modifications to standard BFD for cloud data

center operations: (1) Multi-dimensional resource consideration - simultaneously

evaluates CPU and memory constraints using their product as comprehensive metric,

unlike traditional single-dimension BFD; (2) Power state management - explicitly

manages physical machine power states, activating when needed and deactivating

idle machines for energy conservation; (3) Overload prevention - threshold-based

constraints prevent resource over-utilization by ensuring aggregate host load remains

below predefined thresholds, reducing SLA violation risks. The threshold parameter

serves as tunable safety margin balancing aggressive consolidation (higher energy

e”ciency) and conservative resource allocation (lower SLA violation risk). Cloud

operators can adjust this threshold to control tradeo!s based on specific requirements

and risk tolerance.

Despite e!ectiveness for multi-dimensional resource-constrained VM placement,

several inherent limitations a!ect performance in complex cloud environments. Heuris-

tic approaches employ static decision-making frameworks with fixed sorting criteria

and placement rules, limiting adaptability to dynamic workload characteristics and

changing datacenter conditions. These algorithms struggle to e!ectively balance

multiple competing objectives simultaneously, such as energy e”ciency, resource

utilization uniformity, and performance guarantees. The rigid structure challenges

incorporation of multiple objectives with appropriate weighting factors.

Furthermore, heuristic methods lack formal theoretical foundation for optimality
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guarantees, making it di!cult to quantify solution proximity to theoretical optimum

across di”erent datacenter configurations and workload patterns. These limitations

suggest need for sophisticated approaches that capture competitive resource allo-

cation nature, model dynamic system interactions, and adapt to changing cloud

environment conditions while optimizing collective outcomes.

3.6.2 Game-Theoretic Approach for VM Placement

The game-theoretic VM placement strategy formulates resource allocation as a

strategic game where VMs compete for finite physical resources to minimize en-

ergy consumption. Unlike heuristic approaches relying on fixed rules, this strategy

leverages game theory principles to achieve energy e!ciency while maintaining e!-

cient resource utilization. This approach is particularly e”ective for dynamic cloud

environments with fluctuating resource demands, enabling adaptive allocation that

optimizes energy e!ciency without compromising performance.

Reducing DC energy consumption requires minimizing active hosts. This is

achieved by placing VMs to maximize utilization evenly across all resource dimen-

sions without causing host overload. The solution represents competition among

VMs toward e!cient resource utilization through strategic placement. VM alloca-

tion depends not only on individual placement but also on other VM placements.

This clearly corresponds to a strategic game where players engage in conflict and

collectively decide outcomes. A game involves players, actions, and utility functions

calculating payo”s. Each player maximizes payo” to achieve optimal outcomes. For

VM placement, hosts with minimal resource wastage represent the preferred out-

come.
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3.6.2.1 Game-Based VM Placement Formulation

In the Game-Based VM Placement approach, VMs are considered players and their

host assignments are possible actions or strategies. The placement problem is mod-

eled as an M-player strategic game G = {P ,A,J } where,

– P = V t, is a set of N t players

– A = a1 → a2 → ...→ aNt , is the set of action profile

– J = {J1(b), J2(b), ..., JNt(b)}, is the set of payo! function

Here, aj is the action set of player Vj ↑ P , i.e., aj ↓ H. Action profile b ↑ A is

defined as b = (b1, b2, . . . , bNt), where bj ↑ aj is a specific action of player Vj. Each

player chooses actions independently, but payo! depends on both own action and

other’s actions. For Vj, payo! is determined by function Jj(b).

The optimal placement scheme requires an action profile from which players/VMs

cannot improve payo! by changing selected actions/hosts. The solution must be a

Nash equilibrium, where no VM can improve its situation by unilaterally changing

assigned host. Jj(b) for Vj is defined as:

Jj(b) =
ωt
b

N t
(3.16)

where ωt
b represents payo! for action profile b at time t. The action profile yielding

maximum payo! represents the desired solution. If bmax = (bmax
1 , bmax

2 , . . . , bmax
Nt )

specifies that profile, then ↔Vj ↑ V t : J(bmax
j , bmax

→j ) ↗ J(qj, qmax
→j ), where bmax

→j repre-

sents actions of all players from profile bmax except player Vj.

To operationalize this game-theoretic formulation and compute the Nash equi-

librium that represents optimal VM placement, the Game-Based Virtual Machine

Placement (GB-VMP) algorithm is developed. GB-VMP systematically evaluates

all possible action profiles to identify the placement configuration that maximizes

the collective payo! while preventing resource overload. The following section details

the algorithmic implementation of this multi-objective optimization approach.
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GB-VMP: Optimal placement of VMs at time t.
Input: P : V1, .., VNt , set of VMs to be placed at time t,

A :
∏M

j=1 aj ,set of all possible action profiles,
R : r1, .., rd ,set of resource types,
Uω : resource utilization threshold.

Output: Placement of VMs to hosts.

1 for each b → A do
2 Ot

b ↑ 1 ; // Initialize overload indicator

3 !t
b ↑

∑d
k=1

⊋DCt
rk

; // Total normalized utilization across all

resources

4 ωtd ↑
∑d

k=1

(
maxrk ⊋DCt

rk
↓ ⊋DCt

rk

)
; // Utilization gap

5 for each aj → b do
6 for each rk → R do
7 if DCt

rk
↔ Uω then

8 Ot
b ↑ 0 ; // Mark action profile as overloaded

9 break
10 end
11 end

12 εt
b ↑

(
!t

b ↓
εt→
d

)
Ot

b ; // Compute payoff

13 end
14 bopt ↑ argmaxb ε

t
b ; // Select best action profile

15 for each aj → bopt do
16 if aj is in Sleep state then
17 Put aj into Active state ; // Wake up the host
18 Assign Vj to aj.
19 end

3.6.2.2 Optimization of Multi-Resource Utilization

Given the set of VMs (players) and their possible host assignments (actions), GB-

VMP systematically explores the action space to identify the Nash equilibrium that

optimizes resource allocation. The key innovation in the GB-VMP approach is the

calculation of the payo” function that balances multiple objectives: maximizing

overall resource utilization, achieving uniform utilization across di”erent resource

dimensions, and preventing resource overload. For each action profile b, GB-VMP

first calculates the payo” εt
b (line 1-13) as:



Proactive Resource Management through optimal VM placement 48

ωt
b =

(
!t

b →
εtd
d

)
Ot

b (3.17)

where, !t
b represents the total utilization of the DC at time t for the action profile

b and εtd is the utilization gap of the DC at that time across d resource dimensions.

Therefore, the total normalized utilization !t
b is obtained as

∑d
k=1

⊋DCt
rk

(line 3),

where ⊋DCt
rk

is the DC’s normalized utilization for rk at time t. Now, εtd is computed

(line 4) for a multi-resource environment as:

εtd =
d∑

k=1

(
max
rk

⊋DCt
rk
→ ⊋DCt

rk

)
(3.18)

Here, εtd signifies the uniformity among the utilization of di”erent resources. A

smaller value indicates more balanced utilization across all resource dimensions,

which is desirable for e#cient resource usage and reduced energy consumption. A

multiplier Ot
b is then used in Eq.3.17 in order to associate the overload status of

the DC with each of the action profiles. The value of Ot
b is 1, if the DC is in load-

balanced state for b at time t, otherwise it is set to 0. A data center is therefore

considered overloaded if any of its constituent hosts becomes overloaded, formally

defined as:

Ot
b =






1, if ↑Hi ↓ H, ↑rk ↓ R : U t
irk

↔ Uω

0, otherwise

This ensures that solutions causing resource overload are automatically eliminated

from consideration. GB-VMP initially sets the value of Ot
b as 1 (line 2) and checks

for the occurrence of any overload (from line 5 to line 11). The action profile

for which ωt
b is having the highest value (line 14) constitutes the equilibrium state.

Finally, for each of the players, their corresponding actions or PMs are checked to

see if they are in sleep state (line 15 to 19), so that they can be put to active state

and accomplish the final assignment.
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3.7 Performance Evaluation

This section evaluates the proposed workload prediction and VM placement solutions

through systematic analysis. The evaluation first assesses machine learning-based

prediction accuracy against state-of-the-art approaches. Subsequently, integrated

performance is examined by testing various combinations of prediction techniques

with placement algorithms to form unified resource management solutions.

The evaluation focuses on CPU and memory resources using publicly available

workload traces. Homogeneous datacenter configurations are employed to eliminate

hardware heterogeneity variables. Comparative analysis identifies specific condi-

tions where prediction-placement combinations achieve superior performance. The

methodology ensures comprehensive evaluation across diverse operational scenarios.

3.7.1 Experimental Setup

A Python 3.0-based simulation framework was developed for evaluation due to the

impracticality of large-scale real cloud experiments. The implementation executed

on Intel(R) Core(TM) i5-9400f CPU @ 2.90 GHz with 16 GB RAM and 64-bit

Windows 10 Operating System. The experimental design ensures reproducibility

across diverse operating scenarios. Methodologically sound comparisons with state-

of-the-art approaches validate result accuracy. The framework covers comprehensive

evaluation scenarios to establish solution e!ectiveness under varying datacenter con-

ditions.

3.7.1.1 Data Center Configuration

Homogeneous data center configurations maintain experimental integrity and estab-

lish controlled evaluation environments. Infrastructure specifications derive from

SPECpower benchmark results [119], providing empirical power consumption data

across various server configurations.
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The experimental setup employs a simulated cluster of 100 homogeneous Dell

PowerEdge R6525 servers. Each server features a 64-core processor capable of 2000

MIPS with 128GB RAM. Power consumption characteristics follow SPECpower

benchmark data presented in Table 3.2. Server utilization and power consump-

tion relationships follow a linear model from Equation 3.4. The idle state energy

fraction (Q) is:

Q =
(81.6 Watt→ 100)

404 Watt
= 20.2

The value 0.202 reflects the idle power consumption of the Dell PowerEdge R6525

server, which is 20.2% of the power consumed when fully utilized. The server power

consumption model becomes:

P t
i = 0.202 ·H i

max + 0.798 ·H i
max · U t

i.CPU (3.19)

This power model enables accurate energy consumption estimation across varying

server utilization levels. The model provides a realistic foundation for evaluating

energy e!ciency across di”erent VM placement strategies.

3.7.1.2 Workload Description

A 350-hour VM resource usage dataset evaluates the approach and tunes framework

parameters. The dataset partitions into a 300-hour training set and 50-hour test-

ing set. This partitioning ensures su!cient training data while reserving adequate

validation portions.

The evaluation utilizes FastStorage [120], a publicly available workload trace

from Bitbrains, a managed hosting and business computation service provider. The

trace represents business-critical workloads using identical VMs over several months.

Data collection encompasses CPU, memory, network, and disk performance metrics

for 1,250 VMs across one operating month at 5-minute intervals. Table 3.1 presents
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the metric statistics. These comprehensive workload traces capture real-world re-

source utilization patterns across diverse application profiles [121]. It represents

aggregate descriptive statistics across the full dataset rather than any selected time

window. This ensures that the reported values — including mean, minimum, me-

dian, maximum, and standard deviation — reflect the complete distribution of re-

source consumption behavior across diverse workload conditions. The wide gap

between requested and actual resource usage is therefore a consistent characteris-

tic observed throughout the entire trace. These traces thus provide a reliable and

realistic foundation for evaluating both the prediction accuracy and the resource

placement e!ciency of the proposed solutions.

Table 3.1: Statistics of requested and used resources.

Metrics Mean Min Median Max Std Dev

CPU Requested [GHz] 8.9 2.4 5.20 86 11.1

CPU Usage [GHz] 1.4 0.0 0.08 64 4.4

Memory Requested [GB] 10.7 0.0 3.98 511 29.9

Memory Usage [GB] 0.6 0.0 0.10 384 1.8

Table 3.2: Power consumption (in Watts) of the server for di!erent CPU uti-
lizations.

Server 0% 20% 40% 60% 80% 100%

Dell PowerEdge R6525 81.6 214 258 305 358 404

3.7.1.3 Performance Metrics

To comprehensively assess the e!cacy of the proposed solutions, a diverse set of per-

formance metrics is employed that evaluate both the clustering quality for workload

pattern identification and the prediction accuracy of the machine learning models.

Clustering Quality Metrics: For determining the optimal number of clusters

and assess the quality of workload pattern categorization, the Silhouette score is

utilized as an internal validity measure. It evaluates the quality of clustering by
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measuring how close an object is to other objects within its own cluster (intra-

cluster) as opposed to those in adjacent clusters (inter-cluster). The calculation is

based on the full pairwise distance matrix over all data points. For a single data

point (a single VM) Vj, its Silhouette value, denoted by sil(j), is calculated as:

sil(j) =
a(j)→ b(j)

max{a(j), b(j)} (3.20)

where a(j) is the average DTW distance of Vj to all the other VMs in its own

cluster and b(j) is the average DTW distance of Vj to all the VMs in its closest

neighboring cluster. The values range from -1 to 1. Values approaching 1 indicate

well-clustered data points with significantly smaller intra-cluster than inter-cluster

distances. Values approaching -1 suggest poor clustering assignments where data

points resemble neighboring clusters more than their own.

Prediction Accuracy Metrics: VM resource usage prediction constitutes

a regression problem. Performance evaluation employs two complementary error

metrics: Root-Mean-Square Error (RMSE) and Mean Absolute Error (MAE).

RMSE quantifies the standard deviation of prediction errors, emphasizing larger

errors through quadratic weighting:

RMSE =

√∑T
t=1 (D

t
jrk

→ D̂t
jrk

)2

T
(3.21)

MAE measures average error magnitude without directional consideration, providing

linear penalty across all error magnitudes:

MAE =
1

T

T∑

t=1

|Dt
jrk

→ D̂t
jrk

| (3.22)

In both formulas, T is the total number of predictions evaluated. These metrics en-

able comprehensive prediction accuracy assessment, with RMSE emphasizing large
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prediction error impacts while MAE provides intuitive average error magnitude mea-

sures.

3.8 Experimental Results

3.8.1 Findings from Workload Characterization

On the basis of the two primary resource types—CPU and memory—the VMs in the

training set were systematically categorized into distinct groups. For each resource

type, the AHC algorithm described in Section 3.5.1.1 was applied to identify VMs

that exhibit similar temporal resource utilization patterns.
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Figure 3.2: Silhouette Score for selecting the number of clusters.

Silhouette scores were calculated for varying cluster counts, ranging from C = 0

to C = 9, as illustrated in Figure 3.2. The silhouette score provides quantitative

clustering quality measurement. Higher values indicate better-defined clusters with

strong intra-cluster similarity and inter-cluster separation. The selection of the

optimal number of clusters is critical as it directly impacts the granularity and

accuracy of subsequent workload prediction models.
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Table 3.3: CPU and Memory Utilization Patterns by Cluster

Resource Type Cluster VM Count (%) Min Value Max Value

CPU (GHz)
1 1,090 (87.2%) 1.53 3.30
2 83 (6.6%) 0.5 101
3 77 (6.2%) 13.8 81.33

Memory (GB)
1 1,070 (85.6%) 0.5 7.9
2 180 (14.4%) 0.177 0.278

CPU Utilization Pattern Analysis: Silhouette score analysis determined

three as the optimal cluster number for CPU utilization patterns, corresponding to

the highest silhouette value. The 1,250 VMs partitioned into three distinct clusters,

each representing characteristic CPU utilization profiles.

Cluster 1 comprises 1,090 VMs (87.2% of total) exhibiting relatively stable and

moderate CPU utilization patterns. Average CPU usage ranged from 1.53 to 3.30

GHz over the observation period as detailed in Table 3.3. Cluster 2 consists of

83 VMs (6.6% of total) displaying significantly variable CPU utilization. Hourly

average CPU usage fluctuated between 0.5 and 101 GHz. Cluster 3 represents the

smallest group with 77 VMs (6.2% of total) demonstrating consistently high CPU

utilization with pronounced variability. Hourly average CPU usage ranged from 13.8

to 81.33 GHz.

Memory Utilization Pattern Analysis: AHC algorithm application to mem-

ory utilization data yielded two distinct clusters as optimal configuration based on

silhouette score analysis. This bimodal distribution reveals two distinct memory

utilization patterns among dataset VMs.

Cluster 1 represents the predominant group with 1,070 VMs (85.6% of total).

This cluster displays consistent and moderate memory utilization profiles. Table

3.3 illustrates hourly average memory consumption fluctuating between 0.5 and 7.9

GB throughout observation periods. Cluster 2 consists of 180 VMs (14.4% of total)

exhibiting notably lower memory utilization characteristics. Hourly average memory
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usage ranges from 0.177 to 0.278 GB.

3.8.2 Performance Analysis of Cluster-specific ML Model

After classifying VMs into distinct resource usage clusters, the algorithm from Sec-

tion 3.5.1.2 was implemented to identify optimal ML models for predicting future

resource consumption. The analysis used observation window (Ow) values from 5

to 20 and set the prediction window (Pw) at 5. With data collected at 5-minute

intervals, this represents prediction horizons of 25 minutes and observation periods

ranging from 25 to 100 minutes. Tables 3.4 and 3.5 report the RMSE and MSE for

various ML models on test data across all CPU and memory usage clusters.

ML models for CPU Utilization Prediction: CPU utilization prediction

presents challenges due to inherently variable and bursty workloads in cloud en-

vironments. Table 3.4 presents CPU utilization prediction metrics across clusters,

demonstrating performance di!erentiation based on workload characteristics.

Table 3.4: In each cluster, the RMSE and MAE for estimating CPU consumption
using di!erent ML methods.

ML
Methods

Observation
Window Size

(Ow)
RMSE MAE

LR 6 6.15 5.48
k-NN (k=5) 10 5.34 4.80

DT 15 5.11 3.66
SVM 8 5.89 4.23

C
lu
st
er

1

GB 10 4.87 3.12

LR 9 7.42 5.39
k-NN (k=5) 10 6.55 5.08

DT 17 4.65 3.43
SVM 8 4.91 3.87

C
lu
st
er

2

GB 14 5.25 4.55

LR 10 6.56 5.98
k-NN (k=5) 11 6.22 5.87

DT 14 5.94 4.51
SVM 12 5.24 4.48

C
lu
st
er

3

GB 10 6.75 5.92
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Cluster 1 achieves minimum prediction error with Gradient Boosting (GB) at

Ow = 10. GB’s ensemble approach e!ectively handles moderate variability with

occasional spikes characteristic of these workloads. Cluster 2 workloads exhibit step-

like utilization changes best predicted by Decision Tree with Ow = 17. This window

size provides su”cient historical context for identifying recurring patterns. The

model’s hierarchical splitting criteria align well with step-like utilization changes.

Cluster 3 achieves optimal results with Support Vector Machine at Ow = 12. The

model’s kernel transformations e!ectively capture complex, non-linear relationships

between historical and future utilization patterns present in these workloads.

ML models for Memory Utilization Prediction: The same algorithm set

was evaluated across two identified memory usage clusters. Table 3.5 presents dis-

tinct optimal configurations for each cluster. Experimental results indicate memory

utilization patterns demonstrate higher predictability than CPU utilization. Lower

overall error rates across all algorithms reflect this enhanced predictability.

Table 3.5: In each cluster, the RMSE and MAE for estimating memory con-
sumption using di!erent ML methods.

ML
Methods

Observation
Window Size

(Ow)
RMSE MAE

LR 12 8.56 7.88
k-NN (k=5) 15 7.34 6.77

DT 17 7.04 5.84
SVM 11 5.53 4.15

C
lu
st
er

1

GB 14 6.38 5.52

LR 7 5.29 4.60
k-NN (k=5) 10 5.88 4.67

DT 9 5.71 4.76
SVM 11 5.04 3.80

C
lu
st
er

2

GB 9 4.92 3.56

Cluster 1 exhibits stable resource consumption patterns. Support Vector Ma-

chine (Ow = 11) delivered superior performance with minimum RMSE of 0.018 and
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Table 3.6: In each cluster, the RMSE and MAE for estimating both the CPU
and memory consumption using LSTM and GRU.

Methods
Observation
Window Size

(Ow)

Hidden
Layer
Size

(Hsize)

RMSE MAE

CPU
usage

Cluster 1
LSTM 35 128 10.28 8.42
GRU 34 128 11.06 9.63

Cluster 2
LSTM 37 64 9.49 7.95
GRU 33 128 10.63 9.22

Cluster 3
LSTM 35 128 12.31 10.89
GRU 34 64 14.72 13.07

Memory
usage

Cluster 1
LSTM 33 64 11.03 9.66
GRU 31 64 11.68 10.15

Cluster 2
LSTM 28 128 9.85 8.36
GRU 26 128 11.44 9.58

MAE of 0.014. The algorithm e!ectively captures gradual transitions and consis-

tent memory allocation behavior. Cluster 2 workloads demonstrate variable memory

utilization characteristics. Gradient Boosting (Ow = 9) achieved most accurate pre-

dictions with RMSE of 0.024 and MAE of 0.019, as highlighted in the table. This

algorithm’s proficiency with non-linear relationships proves particularly e!ective for

dynamic workloads. The diversity in optimal configurations underscores cluster-

specific prediction approach importance. No single model-window combination de-

livers optimal results across all workload patterns.

Evaluation of the Workload Prediction Framework: The proposed CPU

and memory prediction strategy was compared against Long Short-Term Memory

(LSTM) [30] and Gated Recurrent Unit Encoder-Decoder (GRUED) [31] approaches.

Grid search determined optimal parameters for both baselines. Search parameters

included observation window sizes, Ow from 5 to 40 and hidden layer sizes (HL)

from {8, 16, 32, 64, 128}. GRUED encoder and decoder hidden layer sizes remained

equal for simplicity. Both methods used 100 iterations with 0.05 learning rate.

Table 3.6 presents optimal Ow and HL combinations across all clusters. The

selected ML models consistently outperformed both methods. In particular, LSTM
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Figure 3.3: Hourly avg. RMSE of di!erent methods for estimating CPU con-
sumption in each cluster during the first 10 hours of testing period.

and GRUED required larger observation windows than proposed models, demon-

strating superior pattern recognition e!ciency.
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Figure 3.4: Hourly avg. RMSE of di!erent methods for estimating memory
consumption in each cluster during the first 10 hours of testing period.

Figures 3.3 and 3.4 show hourly average RMSE changes over the first 10 test-

ing hours. LSTM and GRUED achieved initial higher accuracy but degraded over
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time due to failure adapting to long-term usage patterns. In contrast, the pro-

posed approach maintains consistent accuracy through model re-training after each

prediction window (Pw), adapting to evolving resource usage patterns.

3.9 Comparative Analysis of Integrated Frame-

works

This section evaluates integrated performance of proposed components as unified

resource management solutions. The assessment examines various combinations of

workload prediction techniques with VM placement algorithms in cloud DCs.

The evaluation systematically combines proposed workload prediction methods

(ML-based and Stochastic approaches) with two proposed VM placement algorithms

(Heuristic-Based MBFD and Game-Based GB-VMP). Comprehensive comparison

includes evaluation with existing placement algorithms: BFD [16] and IRB-VMP

[122]. All schemes maintain resource utilization thresholds at 90% host capacity to

balance utilization and performance stability. The evaluation focuses on resource

utilization e!ciency (CPU and memory) and energy consumption as critical DC

management factors.

3.9.1 Analysis of Resource Utilization E!ciency

This section analyzes resource utilization e!ciency across di”erent workload pre-

diction and VM placement combinations. The analysis evaluates CPU utilization,

memory utilization, and active host count as key performance metrics. Figure 3.5

and 3.6 display temporal distributions with data aggregated into 6-hour intervals.

This representation reveals performance patterns throughout simulation periods.

The analysis demonstrates how di”erent approaches adapt to workload fluctuations

during peak and o”-peak periods under varying datacenter conditions.



Proactive Resource Management through optimal VM placement 60

CPU Utilization Analysis: Among practical combinations, Stochastic predic-

tion with GB-VMP demonstrated superior performance, maintaining consistently

high utilization above 90% throughout the simulation period, ranging from 88.02%

to 93.23%. This e!ectiveness stems from Stochastic prediction’s ability to capture

workload variability while the game-theoretic approach optimizes placement based

on resource competition. Figure 3.5 shows this combination maintaining robust per-

formance even during significant workload fluctuations, particularly evident in the

12-16 hour interval.
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Figure 3.5: CPU utilization over the simulation period.

ML-based prediction with GB-VMP followed with competitive performance rang-

ing from 80% to 88.54%. This demonstrates game-theoretic placement algorithm

e!ectiveness regardless of prediction technique used. Stochastic prediction with

MBFD achieved moderate performance with fluctuation ranging from 70% to 79%.

ML-based prediction with MBFD showed more stable but lower performance rang-

ing from 67% to 73.3%. The combinations with IRB-VMP showed constrained

performance. Stochastic+IRB-VMP achieved 59% to 66.17% while ML-based+IRB-

VMP reached 58.1% to 65.5%. BFD combinations demonstrated lowest e”ciency.
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Stochastic+BFD ranged from 53.1% to 61.2% and ML-based+BFD achieved 51%

to 59.1%.

Temporal analysis reveals significant fluctuations during the 12-16 hour period

across all combinations. Each approach experienced notable drops within respective

performance ranges. This period represents the most challenging workload condi-

tions where superior combinations maintain advantages despite increased resource

demands. Small utilization gaps exist for combinations using specific VM placement

approaches with di!erent prediction techniques. Utilization varies more significantly

based on placement approaches rather than prediction approaches. This highlights

the critical role of placement algorithms in overall system performance.

Memory Utilization Analysis: Memory utilization analysis reveals a similar

performance hierarchy (Figure 3.6). Stochastic+GB-VMP maintained the highest

memory utilization (58.1%-61.7%), demonstrating e!ective memory resource allo-

cation through its game-theoretic optimization approach. ML+GB-VMP achieved

competitive performance at 57.3%-59.5%, while the MBFD-based combinations showed

moderate e”ciency with Stochastic+MBFD at 53.8%-55.9% and ML+MBFD at

52.1%-53.5%. The IRB-VMP combinations exhibited constrained performance, with

Stochastic+IRB-VMP reaching 51.2%-52.3% and ML+IRB-VMP at 50.7%-51.8%.

BFD-based approaches showed the lowest memory utilization, with Stochastic+BFD

at 50.1%-51.0% and ML+BFD at 50.0%-50.8%.

Lower memory utilization compared to CPU utilization indicates memory re-

sources are typically less constrained in evaluated workloads. This suggests CPU-

intensive applications dominate the test scenarios. The temporal patterns mirror

CPU utilization observations with similar fluctuations during the 12-16 hour period.

This reinforces consistent performance characteristics of each combination across

di!erent resource types. The consistency validates placement algorithm robustness

in managing heterogeneous resource requirements.



Proactive Resource Management through optimal VM placement 62

4 8 12 16 20 24
45

50

55

60

65

70

Time(hr)

A
vg

.
M
em

or
y
u
ti
li
za
ti
on

(%
) Stochastic+GB-VMP ML+GB-VMP

Stochastic+MBFD ML+MBFD
Stochastic+IRB-VMP ML+IRB-VMP
Stochastic+BFD ML+BFD

Figure 3.6: Memory utilization over the simulation period.
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Figure 3.7: Number of active hosts over the simulation period.

3.9.2 Analysis of Active Host Counts

Active host counts directly correlate with resource utilization e!ciency. Among

practical combinations, Stochastic prediction with GB-VMP demonstrated most ef-

ficient host utilization, requiring an average of 15.2 active hosts throughout simu-

lation periods. This e!ciency stems from the stochastic model’s superior workload
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Figure 3.8: Energy consumption over the simulation period.

uncertainty handling combined with GB-VMP’s game-theoretic optimization. The

approach strategically positions VMs to minimize host fragmentation. ML-based

prediction with GB-VMP followed closely with 16.4 average active hosts. Stochastic

prediction with MBFD required 18.7 hosts while ML-based prediction with MBFD

needed 20.1 hosts. IRB-VMP combinations showed higher resource requirements.

Stochastic+IRB-VMP required 23.8 hosts and ML+IRB-VMP needed 25.3 active

hosts on average. BFD combinations demonstrated lowest host utilization e!ciency.

Stochastic+BFD required 28.9 hosts and ML+BFD needed 31.4 active hosts on av-

erage.

Temporal analysis reveals host requirements increased during 12-16 hour pe-

riods across all combinations. This reflects intensified resource demands during

peak workload conditions. The behavior demonstrates challenging resource manage-

ment under elevated workload intensities. During o”-peak periods, all combinations

achieved more e”ective host utilization with reduced active host counts. Consistent

performance hierarchy across di”erent time intervals validates the robustness of each

combination’s host utilization characteristics.



Proactive Resource Management through optimal VM placement 64

3.9.3 Analysis of Energy Consumption E!ciency

Energy e!ciency patterns directly correlate with active host counts and closely mir-

ror host utilization results. Stochastic prediction with GB-VMP achieved the lowest

average energy consumption at 0.4952 MW. This superior e!ciency results from

exceptional host consolidation capabilities that directly reduce power consumption

across datacenter infrastructure. Figure 3.8 illustrates energy consumption patterns

at 6-hour intervals throughout simulation periods. Stochastic+GB-VMP maintains

consistently lower energy usage across all time intervals with particularly significant

savings during high-workload periods (12-16 hour interval).

ML-based prediction with GB-VMP follows with 0.5018 MW average consump-

tion, demonstrating game-theoretic placement e”ectiveness in minimizing energy

overhead. Stochastic prediction with MBFD consumed 0.5145 MW average while

ML-based prediction with MBFD used 0.5237 MW. IRB-VMP combinations showed

higher energy usage: Stochastic+IRB-VMP (0.5316 MW) and ML+IRB-VMP (0.5403

MW). BFD combinations demonstrated highest energy consumption with Stochas-

tic+BFD (0.5498 MW) and ML+BFD (0.5612 MW) averages.

3.10 Summary

This chapter presented a comprehensive proactive resource management framework

that integrates advanced workload prediction with intelligent VM placement algo-

rithms to address critical cloud resource management challenges. The framework

successfully characterized VM workloads into distinct clusters (3 CPU patterns,

2 memory patterns) and developed cluster-specific machine learning models that

outperformed state-of-the-art LSTM and GRU approaches. The CS-VMPs algo-

rithm optimally matched prediction models with observation windows, while the
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statistical-stochastic framework provided probabilistic resource consumption mod-

eling for risk-aware allocation decisions.

Two complementary strategies were developed: the heuristic-based MBFD al-

gorithm for scalable multi-dimensional resource allocation and the game-theoretic

GB-VMP approach for Nash equilibrium solutions. The integrated stochastic pre-

diction with game-theoretic placement achieved optimal performance with only 15.2

active hosts while maintaining > 90% CPU and → 60% memory utilization. Com-

prehensive evaluation using real-world traces demonstrated up to 12% energy con-

sumption reduction compared to existing methods, superior resource consolidation

e!ciency, and consistent performance improvements across diverse workload sce-

narios. The modular framework design enables flexible deployment with measurable

contributions from each component.

Despite these achievements, the proactive VM placement framework addresses

only the initial phase of cloud resource management lifecycle. The primary limi-

tation lies in static placement decisions that become suboptimal as workload pat-

terns evolve during VM operation. Real-world cloud applications exhibit dynamic

resource consumption patterns with varying user loads, fluctuating computational

requirements, and temporal demand variations unpredictable at placement time.

Sophisticated prediction models cannot capture the full spectrum of runtime work-

load changes, leading to resource deficit conditions where allocated resources become

insu!cient to meet collective VM demands, directly impacting service quality and

causing SLA violations.

The framework lacks continuous optimization mechanisms for runtime resource

rebalancing when hosts become overloaded or underutilized. Experimental analysis

reveals that proactive placement significantly reduces initial resource imbalances,

yet inherent cloud workload variability requires continuous management strategies.
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The stochastic workload modeling framework and multi-dimensional resource opti-

mization techniques provide essential building blocks for sophisticated load balanc-

ing solutions. However, transitioning from static optimization to dynamic resource

management requires addressing SLA-aware migration decisions, overload detection

mechanisms, and destination host selection strategies. This establishes the critical

need for dynamic load balancing mechanisms complementing proactive placement,

setting the foundation for comprehensive resource management solutions maintain-

ing optimal performance across the entire cloud operation spectrum.



Chapter 4

QoS-Aware Load Balancing in

Dynamic Cloud

4.1 Introduction

Building upon the proactive VM placement framework established in Chapter 3,

this chapter addresses the critical challenge of maintaining optimal resource allo-

cation during VM operational lifecycle. While the predictive placement strategies

achieved significant improvements in initial energy e!ciency and resource utiliza-

tion, the experimental analysis revealed fundamental limitations in dynamic cloud

environments where workload patterns evolve continuously post-deployment [123].

The transition from static optimization to continuous resource management presents

complex challenges that extend beyond initial placement decisions. Resource deficit

conditions emerge when aggregate VM demands exceed host capacities due to work-

load evolution, manifesting across multiple dimensions—CPU, memory, and network

bandwidth [124]. Contemporary cloud workloads exhibit unpredictable temporal

variations including tra!c surges, computational bursts, and varying resource de-

mands that create cascading performance e”ects, leading to service degradation and

67
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potential SLA violations [125].

Existing load balancing solutions can be broadly categorized into reactive and

proactive approaches, each with distinct limitations. Reactive methods respond to

overload situations only after they manifest, su!ering from inherent detection de-

lays that result in prolonged performance degradation. These approaches typically

rely on deterministic threshold-based triggers that cannot adequately capture the

uncertainty inherent in dynamic workload patterns, leading to either overly con-

servative resource under-utilization or aggressive strategies that risk frequent SLA

violations [126]. The migration decision complexity requires sophisticated analysis of

multi-dimensional resource constraints, application-specific QoS requirements[127],

and system stability considerations that current reactive approaches handle inade-

quately.

Proactive approaches attempt to predict future overload conditions but often

generate excessive migrations due to prediction inaccuracies, resulting in unneces-

sary system disruption and performance overhead. More critically, the absence of

SLA-aware migration strategies across existing solutions results in decisions that

prioritize immediate load relief without considering long-term service quality impli-

cations [128].

This chapter introduces a comprehensive SLA-aware load balancing (SLA-LB)

framework addressing these limitations through three key innovations:

• Stochastic Overload Detection: Leverages the statistical-stochastic fore-

casting framework from Chapter 3 to implement probabilistic resource con-

sumption modeling that anticipates overload conditions before SLA violations

occur, replacing reactive thresholds with proactive risk assessment.

• Intelligent Migration Optimization: Addresses VM selection and desti-

nation placement through multi-criteria algorithms that minimize migration
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overhead while preventing future resource deficits across multiple dimensions,

incorporating SLA violation tracking for cumulative service quality impact

assessment.

• Seamless Framework Integration: Builds upon Chapter 3’s stochastic

workload modeling, extending probabilistic analysis from initial placement

to continuous operational management, maintaining energy e!ciency and re-

source utilization benefits while adapting to evolving conditions.

The significance of this research lies in transforming reactive resource deficit

management into proactive load balancing that maintains service quality while opti-

mizing resource utilization. By extending predictive capabilities to continuous oper-

ational management, this chapter completes the transition from static optimization

to comprehensive adaptive resource management.

4.2 System Models

The system model forms the foundation for the SLA-aware load balancing approach.

It formally defines the components of cloud infrastructure, their relationships, and

the metrics used to evaluate system performance. The model comprises three key

components: the Resource Utilization Model, which defines how resources are allo-

cated and consumed; the Migration Overhead Model, which quantifies the cost of VM

migrations; and the SLA Violation Model, which establishes the metrics for measur-

ing service level compliance. Each component provides a mathematical framework

that guides load balancing decisions to ensure both e!cient resource utilization and

SLA compliance.

4.2.1 Resource Utilization Model

The cloud DC is modeled as a set H of M hosts, H = {Hi | i = 1 to M}, and

a set V t of N t VMs, V t = {Vj | j = 1 to N t}. The allocation of VMs to hosts is
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represented by the VM placement matrix X t = [X t
ij]M→Nt , where Xij is a binary

indicator variable:

X t
ij =






1, if Vj is allocated to Hi at tth time instant

0, otherwise

(4.1)

Each host possesses multiple resources represented by the set R = {rk | k =

1 to d}, where d is the number of resource types (typically CPU, memory, network

bandwidth, and storage). The resource profile of each hostHi is defined by a capacity

vector Hi = →Cirk | ↑rk ↓ R↔, where Cirk quantifies the maximum available capacity

of resource rk on host Hi.

VM resource demands Dt
jrk

fluctuate based on application behavior, with tem-

poral variability posing significant challenges for maintaining SLA compliance and

e!cient resource utilization. To avoid needless migrations triggered by transient

spikes, the average demand during time period ωt, denoted by D
t
jrk

, is used:

D
t
jrk

=
1

ωt

∫ t

t↑ωt

Dt
jrk

dt (4.2)

where ωt is an adaptive value depending on the desired monitoring granularity.

The utilization of resource rk in host Hi at time t (denoted by U t
irk
) is defined

as the ratio between the aggregated resource consumption of all allocated VMs and

the host capacity:

U t
irk

=

∑
j X

t
ij ↗D

t
jrk

Cirk

(4.3)

This model serves as the foundation for detecting overloaded hosts and triggering

VM migration decisions when resource utilization exceeds predefined SLA thresh-

olds. The time-dependent nature enables dynamic adaptation to changing workload
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conditions while maintaining service quality guarantees, forming the basis for over-

load detection detailed in the next section.

4.2.2 Overload Detection Model

The overload detection mechanism is based on a probabilistic approach that lever-

ages stochastic resource usage prediction. As discussed in Section 3.5.2, this ap-

proach models resource consumption as a probabilistic process rather than relying

on deterministic point predictions. By generating full predictive distributions instead

of single values, this method enables quantifiable risk assessment and supports more

resilient resource allocation decisions.

Building upon this probabilistic foundation, the proposed load balancing ap-

proach periodically checks the resource consumption of each hostHi for each resource

type rk → R to determine if it is overloaded. Traditional deterministic approaches

consider a host as overloaded if the aggregated resource demand exceeds a prede-

fined threshold. In contrast, this chapter determines an overloaded host by checking

whether the probability of overloading exceeds the threshold ω for each resource

type, providing a more nuanced view of resource utilization patterns and potential

risks.

For a host Hi at time t, the probability of overload for resource type rk → R is

defined as:

Prtover(Hi)
rk = 1↑ Pr

(
Lt
rk
(Hi) ↓ Cirk

)
(4.4)

where Lt
rk
(Hi) =

∑
j X

t
ij ·D

t
jrk

is the load of Hi for resource rk by the VMs running

on it at time t.

Based on the stochastic modeling framework, the overload probability can be

expressed using the cumulative distribution function:

Prtover(Hi)
rk = 1↑ !

(
Cirk ↑ µt

rk
(Hi)

εt
rk
(Hi)

)
(4.5)
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where !(·) is the standard normal cumulative distribution function, µt
rk
(Hi) =

∑
j X

t
ij · µt

rk
(Vj), and ωt

rk
(Hi) =

√∑
j

[
X t

ij · ωt
rk
(Vj)

]2
. Here, µt

rk
(Vj) and ωt

rk
(Vj)

are the mean and standard deviation of Vj’s resource demand for resource rk at time

t, respectively.

Using this probabilistic framework, a host Hi is considered overloaded at time t

if the overload probability for any of its resources exceeds the threshold ε:

→rk ↑ R : Prtover(Hi)
rk > ε (4.6)

Resources satisfying this condition are termed overutilized resources. To track these

dynamic changes, the set of overutilized resources by host Hi at time t is denoted as

ϑt
i, while the set of non-overutilized resources is denoted as ”t

i, such that ϑt
i ↓”t

i =

R. This overload detection model enables proactive identification of potential SLA

violations before they occur, allowing the system to initiate migration decisions

based on risk assessment rather than reactive threshold-based triggers.

4.2.3 Migration Overhead Model

Resource demand of modern applications is dynamic in nature, leading cloud re-

sources to constant fluctuations. In this situation, it is critical to choose appropriate

VMs for migration. Moreover, live VM migration consumes extra computing re-

sources and causes service suspension [129], a#ecting quality of service. Therefore,

reducing the total number of VM migrations is essential. The proposed approach

selects only those VMs for migration which have a negative impact on the SLA upon

resource overloading, as exceeding a host’s overload probability threshold does not

necessarily indicate migration necessity. The selection method is described in detail

in later sections.

The mapping relation between hosts and VMs before migration at time t is

denoted by the placement matrix X t = [X t
ij]M→Nt , and after migration as X t→ =



QoS-Aware Load Balancing in Dynamic Cloud 73

[X t→
ij ]M→Nt . A VM Vj is considered migrated from source host Hs to destination

host Hd if X t
sj ·X t→

dj = 1 and s →= d. Therefore, the set of migrating VMs at time t,

denoted by St
Mig, is:

St
Mig =

{
Vh |

M∑

s=1

M∑

d=1

X t
sh ·X t→

dh = 1

}
(4.7)

The objective is to minimize |St
Mig|, where |.| represents the cardinality of a set. This

minimization ensures that migration overhead is kept to a minimum while maintain-

ing required SLA compliance and resource utilization e!ciency. By strategically

selecting VMs with the most significant impact on SLA violations, the migration

overhead model balances the trade-o” between system stability and service quality

preservation.

4.3 Problem Description

This section formulates the stochastic load balancing problem in cloud systems,

where the primary challenge lies in mitigating resource overloads through strate-

gic VM migrations under uncertain workload conditions. The formulation models

the probabilistic behavior of workloads and establishes constraints ensuring system

stability. The problem encompasses optimal VM selection for migration, suitable

destination host determination, and migration timing decisions to maintain resource

balance across the infrastructure.

4.3.1 Problem Statement

In a cloud system, the set of all overloaded hosts at time instant t is represented

by Ht
ovr where Ht

ovr ↑ H. Given the set of overloaded hosts Ht
ovr, the objective

is to select a VM Vj from a source host Hs ↓ O and identify a destination host

Hd ↓ H \Hs to migrate Vj in order to reduce the load from Hs.
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As per the overload definition, not all resources of a host must be overutilized

for it to be classified as overloaded. Some resources may not be overutilized, and

their utilization should not be reduced drastically after migrations. Moreover, the

migrating VM’s final placement plays an important role in e!cient resource utiliza-

tion across the DC. Therefore, migration decisions must simultaneously minimize

the number of VM migrations and maximize the utilization of all resources rk → R.

Let the utilization of resource rk in host Hi after migration completion be denoted

as U t→
irk
:

U t→

irk
=

∑
j X

t→
ij ↑D

t
jrk

Cirk

(4.8)

Due to inherent workload variability, the load balancing approach performs VM

migrations such that the total resource requirements of VMs for each resource type rk

on each host Hi at any time t does not exceed the capacity Cirk with high probability

1↓ ω:

Pr
(
Lt→

rk
(Hi) ↔ Cirk

)
> 1↓ ω (4.9)

where Lt→
rk
(Hi) =

∑
j X

t→
ij · Dt

jrk
is the load of Hi for resource rk at time t after

migration.

The multi-objective load balancing problem can therefore be formulated as the

following optimization problem: Objective:

Minimize |St
Mig| and (4.10)

Maximize
∑

i

U t→
irk
, (↗rk → R, ↗Hi → H) (4.11)

Subject to the following constraints:

Pr
(
Lt→

rk
↔ Cirk

)
> 1↓ ω, (↗rk → R, ↗Hi → H) (4.12)
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X t→
ij → 0, 1, (↑i, j) (4.13)

The VM migration problem for load balancing is NP-hard, as it can be regarded

as a variant of the stochastic knapsack problem. The computational complexity is

further amplified by the large number of VMs and hosts in modern DCs. Due to

this complexity, practical solutions typically rely on heuristic approaches. Therefore,

this work develops a heuristic-based framework to solve the stochastic load balancing

problem while maintaining computational e!ciency and near-optimal performance.

4.4 SLA-Aware Load Balancing Framework

This section presents the practical framework for implementing the SLA-aware load

balancing (SLA-LB) approach. The framework addresses three fundamental ques-

tions in VM migration-based load balancing: when to migrate VMs, which VMs to

migrate, and where to migrate them. The proposed solution integrates probabilistic

overload detection with intelligent VM selection and placement strategies to achieve

e!cient resource utilization while maintaining SLA compliance.

The SLA-LB framework operates on the principle that VM migration should be

triggered only when a host becomes overloaded according to the probabilistic over-

load detection model defined in Section 4.2.2. The primary objective is to ensure that

each host maintains its aggregate VM resource requirements within capacity limits

for all resource types, while achieving rapid convergence toward a load-balanced

state and e!cient resource utilization.

4.4.1 Architectural Components and Information Flow

The SLA-LB framework adopts a centralized approach where the load balancer

operates from a central server, enabling global optimization decisions across the DC

infrastructure. Figure 4.1 illustrates the comprehensive architecture and information

flow among interconnected modules.
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Figure 4.1: Framework of the SLA-Aware Load Balancing Approach

The framework comprises several specialized modules that work in coordination

to achieve optimal load balancing:

1. VM Manager : This module serves as the interface between the load balancing

framework and the virtualization infrastructure. It manages virtual environ-

ments and facilitates live VM migrations with minimal service interruption.

The VM Manager executes migration commands from the VM Migration Con-

troller while ensuring service quality during transitions.

2. Resource Monitor : Operating as the data collection component, the Resource

Monitor continuously tracks resource usage statistics for each active host and
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VM. It periodically samples resource consumption metrics including CPU uti-

lization, memory usage, network bandwidth consumption, and storage I/O

patterns. These statistics are systematically collected and forwarded to the

Prediction Module for analysis.

3. Prediction Module: This critical component processes historical resource us-

age statistics from the Resource Monitor to estimate probabilistic distribution

parameters of resource consumption for each VM. Leveraging the statistical-

stochastic forecasting framework from Section 3.5.2, this module generates

predictive distributions that capture uncertainty in workload patterns. The

framework enables modeling resource consumption as a probabilistic process

rather than deterministic point predictions, providing full predictive distribu-

tions. The estimated parameters include mean resource consumption rates

and their associated variances, essential for probabilistic overload detection.

4. Overload Detection Engine: Building upon predictions from the Prediction

Module, this engine implements the probabilistic overload detection mecha-

nism described in Section 4.2.2. It continuously evaluates the overload proba-

bility for each resource type on every host using Eq. 4.6 and identifies hosts

requiring load redistribution based on the threshold criterion.

5. VM Selection and Placement Optimizer : When overloaded hosts are detected,

this module addresses the dual challenge of selecting appropriate VMs for

migration and identifying suitable destination hosts. The selection process

considers each VM’s impact on the overload condition. The placement strategy

ensures migrations contribute to overall system balance and resource e!ciency.

6. VM Migration Controller : Serving as the coordination hub, this controller re-

ceives optimization decisions from the VM Selection and Placement Optimizer



QoS-Aware Load Balancing in Dynamic Cloud 78

and translates them into actionable migration commands. It orchestrates the

migration process by instructing the VM Manager to execute specific VM relo-

cations. It maintains awareness of system-wide migration activities to prevent

conflicts.

The information flow follows a continuous cycle: resource usage data flows from

the Monitor to the Prediction Module, generating probabilistic estimates for the

Overload Detection Engine. Upon identifying overload conditions, the VM Selec-

tion and Placement Optimizer determines migration strategies executed by the VM

Migration Controller and VM Manager. This cyclical process ensures continuous

adaptation while maintaining system stability and SLA compliance. The central-

ized architecture enables global optimization decisions considering the entire DC

state.

Having established the framework architecture, this chapter now addresses the

most critical component: the VM Selection and Placement Optimizer. This compo-

nent tackles the challenging aspects of determining which VMs to migrate and where

to place them for optimal resource distribution while maintaining SLA compliance.

4.5 Selection of Migrating VMs to Relieve Load

The VM selection module determines which VMs should migrate from overloaded

hosts to achieve e!ective load redistribution while avoiding unnecessary migrations

from transient fluctuations. This module comprises three interconnected compo-

nents working sequentially to identify optimal migration candidates and minimize

system disruptions.

The selection process initiates only after confirming persistent overload condi-

tions, distinguishing them from temporary spikes. Upon confirmation by the Over-

load Detection Engine, all VMs on the overloaded host are evaluated for migration
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suitability. The methodology applies SLA-aware filtering to reduce unnecessary mi-

grations, then implements a comprehensive ranking algorithm considering multiple

criteria and temporal stability of resource demands.

4.5.1 Resource-Intensity-Aware VM Selection

The VM selection process identifies VMs whose migration provides rapid load relief

while maintaining optimal utilization of non-overloaded resources. Consider host

Hi predicted as overutilized for resource set ωt
i at time t. To achieve rapid relief,

the process prioritizes VMs with higher consumption of resources in ωt
i while select-

ing VMs with low consumption of resources in non-overutilized set !t
i to preserve

capacity utilization.

This challenge formulates as a Multi-Criteria Decision Making (MCDM) prob-

lem that evaluates multiple alternatives based on various decision criteria. In this

formulation, the VMs hosted by the overloaded host serve as the alternatives, while

the di”erent resource types constitute the decision criteria. The framework em-

ploys linear scalarization [130], assigning non-negative weights to each criterion and

maximizing their linear combination across alternatives. The Weighted Sum Model

(WSM) serves as the foundation for this approach. For each criterion, WSM cal-

culates the weighted sum of all alternative’s performance values, identifying the

maximum value as the optimal choice.

4.5.1.1 Performance Value Calculation

For host Hi at time t, let V t
i = {Vj | X t

ij = 1} represent the VM set allocated to Hi.

For resource rk → R, the performance value of VM Vx → V t
i is the probability that Hi

will not exceed capacity Cirk upon removing Vx: Pr
(∑

Vj→V
t

i
\{Vx}

D
t
jrk

↑ Cirk

)
. This

performance value, PV altirk(Vx), indicates the VM’s consumption impact for that

resource type. The optimal migration candidate exhibits high performance values

for overutilized resources in ωi(t) and low values for non-overutilized resources in !t
i.
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To prioritize appropriately, the performance value function di!ers for each re-

source category:

PV altirk(Vx) =






Pr
(∑

Vj→V
t

i
\{Vx}

D
t
jrk

→ Cirk

)
, for k ↑ ωt

i

1↓ Pr
(∑

Vj→V
t

i
\{Vx}

D
t
jrk

→ Cirk

)
, for k ↑ ”t

i

For overutilized resources (rk ↑ ωt
i), higher PV altirk(Vx) indicates removing Vx en-

ables rapid load relief. For non-overutilized resources (rk ↑ ”t
i), higher values ensure

minimal utilization reduction, preserving e#ciency.

Migration Score Calculation: Algorithm MigScore(Hi, t) implements a

Weighted Sum Model (WSM) methodology to calculate migration scores for all VMs

hosted on overloaded host Hi. The algorithm quantifies each VM’s suitability for mi-

gration through a two-level iteration structure that evaluates weighted performance

across multiple resource dimensions.

The Migration Score (MS) of VM Vx as a migration candidate from Hi is calcu-

lated as:

MSt
ix =

∑

rk→R

εt
irk

· PV altirk(Vx) (4.14)

where εt
irk

represents the relative importance of resource type rk in host Hi at time

t. The weight assignment strategy prioritizes rapid load relief over resource waste

reduction. Overutilized resources receive higher weights than non-overutilized ones.

Within overutilized resources, higher consumption levels get greater weights. Among

non-overutilized resources, lower consumption receives higher weights to minimize

wastage. The weight for resource rk is defined as:

εt
irk

=






1
1↑Prtover(Hi)rk

, for rk ↑ ωt
i

1↓ Prtover(Hi)rk , for rk ↑ ”t
i



QoS-Aware Load Balancing in Dynamic Cloud 81

MigScore(Hi, t): Migration score calculation for VMs on host Hi at time t.

Input: V t
i : {Vj | X t

ij = 1}, set of VMs allocated to host Hi,
ωt
i: set of overutilized resources on host Hi at time t,

!t
i: set of non-overutilized resources on host Hi at time t,

CHi
: {Cirk | →rk ↑ ωt

i ↓!t
i}, capacity vector.

Output: MSt
Hi
: {MSt

ix | →Vx ↑ V t
i}, set of migration scores.

1 MSt
Hi

↔ ↗ // Initialize migration score set
2 for each Vx ↑ V t

i do
3 WgtSum ↔ 0 // Initialize weighted sum accumulator
4 for each rk ↑ ωt

i ↓!t
i do

5 PV altirk(Vx) ↔ Pr
(∑

Vj→V
t

i
\{Vx}

D
t
jrk

↘ Cirk

)
// Performance value

6 if rk ↑ ωt
i then

7 εt
irk

↔
[
Pr

(∑
Vj→V

t

i

D
t
jrk

↘ Cirk

)]↑1

// Weight assignment for

overutilized resources
8 WgtPV alrkx ↔ εt

irk
≃ PV altirk(Vx) // Weighted performance

9 else

10 εt
irk

↔ Pr
(∑

Vj→V
t

i

D
t
jrk

↘ Cirk

)
// Weight assignment for

non-overutilized resources
11 WgtPV alrkx ↔ εt

irk
≃ (1⇐ PV altirk(Vx)) // Complement for

efficiency

12 end
13 WgtSum ↔ WgtSum+WgtPV alrkx // Accumulate weighted values

14 end
15 MSt

ix ↔ WgtSum // Assign migration score
16 Add MSt

ix to MSt
Hi

// Store in result set

17 end
18 return MSt

Hi

This formulation ensures that higher overload probabilities yield higher weights for

overutilized resources and lower weights for non-overutilized resources, guaranteeing

εt
irk

> 1 for rk ↑ ωt
i always exceeds εt

irk
< 1 for rk ↑ !t

i. Therefore, the weight

equation becomes:

εt
irk

=






[
Pr

(∑
Vj→V

t

i

D
t
jrk

↘ Cirk

)]↑1

, for rk ↑ ωt
i

Pr
(∑

Vj→V
t

i

D
t
jrk

↘ Cirk

)
, for rk ↑ !t

i

(4.15)



QoS-Aware Load Balancing in Dynamic Cloud 82

The outer loop processes each VM Vx → V t
i hosted on target server Hi, while the

inner loop evaluates weighted performance across all resource types in ωt
i ↑!t

i. For

each VM-resource pair, the algorithm computes performance value PV altirk(Vx) as

the probability that Hi will not exceed capacity Cirk upon VM removal (line 5).

Weight assignment di”erentiates between resource categories: overutilized re-

sources receive inverse probability weights (line 8), while non-overutilized resources

receive direct probability weights (line 11). Weighted performance values are cal-

culated using the original performance value for overutilized resources (line 9) and

its complement for non-overutilized resources (line 12), prioritizing minimal re-

source wastage. The migration score is obtained by accumulating weighted perfor-

mance values across resource dimensions (line 14), with the complete set returned

for VM selection (lines 16-17). This ensures VMs with higher consumption of

overutilized resources and lower consumption of e#ciently utilized resources receive

higher migration scores.

4.5.2 Reduction of Unnecessary Migrations

Modern cloud applications exhibit dynamic workload patterns with frequent tran-

sient resource demand spikes—sharp, temporary increases followed by returns to

baseline levels. During such spikes, hosts may temporarily become overloaded then

return to normal or underloaded states once spikes subside. This temporal variabil-

ity creates complex decision-making for migration mechanisms. While migration

scores identify suitable VM candidates, the challenge is determining when migration

is genuinely necessary versus an overreaction to temporary conditions. Triggering

migration solely when instantaneous overload probability exceeds the threshold (i.e.,

Prtover(Hi)rk > ε for rk → ωt
i) may cause unnecessary overhead and system disruption.

The fundamental challenge is temporal: at time t, condition Prtover(Hi)rk > ε

for resource rk provides no assurance this probability will persist. The framework
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requires a mechanism to distinguish transient spikes that resolve naturally from

sustained overloads necessitating migration.

To address this, SLA-LB incorporates SLA-aware VM selection that triggers

migration only when VMs experience Service Level Objective (SLO) violations. An

SLO, defined within the SLA, represents measurable QoS characteristics acceptable

to both providers and customers. Here, an SLO requires at least ω percent (where

ω → [0, 100]) of a VM’s resource requirements be satisfied throughout its operational

lifetime.

4.5.2.1 Cumulative SLO Violation Tracking

The framework monitors resource allocation at regular intervals of εt time units,

where εt = tc+1 ↑ tc represents the monitoring interval between consecutive time

points tc and tc+1. For a VM Vx with start time txs , the cumulative amount of rk

that could not be allocated during overloading from txs to tc is denoted as Cux
rk
(tc).

This metric quantifies the accumulated resource deficit:

Cux
rk
(tc) =

tc∑

t=txs

ϑx
rk
(t), rk → R (4.16)

where ϑx
rk
(t) represents the percentage of unallocated resource rk for Vx at time t.

SLO Violation Assessment at Current Time tc: Consider a VM Vx → V tc
i ,

where V tc
i denotes the set of VMs hosted by Hi at time tc. The value of ϑx

rk
(tc) in

Eq. 4.16 equals zero when Hi operates within capacity limits. When Hi experiences

overload for resource type rk → ϖtc
i , computing ϑx

rk
(tc) requires determining the total

resource deficit.
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The aggregate overloaded resource amount of type rk in host Hi at time tc,

denoted as ORAtc
rk
(Hi), represents the total demand exceeding the host’s capacity:

ORAtc
rk
(Hi) =

∑

Vj→V
tc

i

D
tc
jrk

→ Cirk (4.17)

During overload, all VMs in V tc
i experience resource scarcity for type rk. For any

VM Vj ↑ V tc
i , the unallocated resource amount equals ωtc

jrk
↓ ORAtc

rk
(Hi), where

ωtc
jrk

↑ (0, 1) represents the fraction of total overloaded resource that cannot be allo-

cated to Vj. The constraint
∑

Vj→V
tc

i

ωtc
jrk

= 1 ensures the entire overloaded amount

is distributed among a!ected VMs. The fraction ωtc
xrk

for VM Vx is determined

proportionally based on its demand relative to total demand:

ωtc
xrk

=
D

tc
xrk∑

Vj→V
tc

i

D
tc
jrk

(4.18)

Consequently, the percentage of unallocated resource rk for VM Vx at time tc is:

εx
rk
(tc) =

ωtc
xrk

↓ORAtc
rk
(Hi)

D
tc
xrk

↓ 100 (4.19)

SLO Violation Prediction at Future Time tc+1: The direct application

of Equation 4.19 for future time tc+1 is not feasible due to the unavailability of

individual VM resource consumption values. Instead, the framework employs the

stochastic prediction module to estimate aggregate resource consumption patterns.

The individual VM demand D
tc+1

xrk
is derived through the di!erence between total

aggregate consumption and consumption excluding VM Vx:

D
tc+1

xrk
=

∑

Vj→V
tc+1
i

D
tc+1

jrk
→

∑

Vj→V
tc+1
i

\Vx

D
tc+1

jrk
(4.20)
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The fraction of overloaded resource allocated to VM Vx at time tc+1 is then computed

as:

ωtc+1
xrk

=
D

tc+1

xrk∑
Vj→V

tc+1
i

D
tc+1

jrk

(4.21)

Subsequently, the percentage of unallocated resource for VM Vx at time tc+1 is

determined by:

εx
rk
(tc+1) =

ωtc+1
xrk

→ORAtc+1
rk

(Hi)

D
tc+1

xrk

→ 100 (4.22)

Migration Candidate Selection Decision: The framework employs a binary

decision variable MCtc+1(Vx) to determine whether VM Vx qualifies as a migration

candidate at time tc+1. The decision criterion evaluates whether the cumulative SLO

violation would exceed the acceptable threshold:

MCtc+1(Vx) =






1 if
(
Cux

rk
(tc) + εx

rk
(tc+1)

)
> 1↑ ϑ

0 otherwise

(4.23)

This formulation ensures that migration is triggered only when the projected SLO

violation would breach the acceptable service level, thereby preventing unnecessary

migrations due to transient workload spikes.

4.5.2.2 Stochastic Estimation of SLO Violation

Algorithm SLAViolation(Hi, t) implements a systematic framework for identifying

migration candidates based on cumulative SLO violations. The algorithm employs

an iterative probabilistic approach to estimate aggregate resource consumption and

evaluate each VM’s contribution to resource overloading.

The estimation process uses iterative probability calculations to determine ag-

gregate resource consumption
∑

Vj→V
tc+1
i

D
tc+1

jrk
. At each iteration ϖ, the algorithm

calculates the probability that total consumption of resource type rk ↓ ϱtc+1

i exceeds

threshold (Cirk +ϖ ·!k), where !k = ς ·Cirk represents a fractional increment with
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SLAViolation(Hi, t): Selection of migration candidates based on SLO violation

Input: V t
i : {Vj | X t

ij = 1}, set of VMs allocated to host Hi,
ωt
i: set of overutilized resources on host Hi at time t,

ε, ϑ, ϖ: system parameters, CHi
: {Cirk | →rk ↑ ωt

i}, capacity vector,
Cux(t↓ 1): {Cux

rk
(t↓ 1) | →rk ↑ ωt

i}, historical resource deficit.
Output: MCt

Hi
: {Vx | →Vx : MCt(Vx) = 1}, migration candidates.

1 MCt
Hi

↔ ↗ // Initialize migration candidate set
2 for each Vx ↑ V t

i do
3 for each rk ↑ ωt

i do
4 ϱ ↔ 0 // Initialize scaling factor
5 ϱ→ ↔ 0 // Initialize scaling factor for VM removal
6 do
7 ϱ ↔ ϱ + 1 // Increment scaling factor

8 Pbrki ↔ Pr
(∑

Vj↑V
t

i

D
t
jrk

> Cirk(1 + ϱ · ε)
)

// Update

probability

9 while Pbrki > ϑ // Find resource consumption with all VMs;
10 RCrk

i ↔ Cirk(1 + (ϱ↓ 1) · ε) // Total resource consumption
11 do
12 ϱ→ ↔ ϱ→ + 1 // Increment scaling factor

13 Pbrki↓x ↔ Pr
(∑

Vj↑V
t

i
\{Vx}

D
t
jrk

> Cirk(1 + ϱ→ · ε)
)

// Update

probability

14 while Pbrki↓x > ϑ // Find consumption without VM Vx;
15 RCrk

i↓x ↔ Cirk(1 + (ϱ→ ↓ 1) · ε) // Consumption without VM
16 ORArk ↔ RCrk

i ↓ Cirk // Overloaded resource amount
17 RCrk

x ↔ RCrk
i ↓RCrk

i↓x // VM’s resource consumption
18 ςrk

x ↔ RCrk
x /RCrk

i // VM’s fractional contribution
19 φx

rk
↔ [(ςrk

x ↘ORArk)/RCrk
x ]↘ 100 // Percentage violation

20 if Cux
rk
(t↓ 1) + φx

rk
> 1↓ ϖ // Check violation threshold then

21 Add Vx to MCt
Hi

// Select as migration candidate
22 break // Move to next VM

23 end
24 end
25 end
26 return MCt

Hi

ε ↑ [0, 1]. The probability at iteration ϱ is:

Prrk(V tc+1

i )ω = Pr




∑

Vj↑V
tc+1
i

D
tc+1

jrk
> Cirk(1 + ϱ · ε)



 (4.24)
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When Prrk(V tc+1

i )ω → ω holds at iteration q, the estimated aggregate consumption

is assigned as Cirk(1 + (q ↑ 1) · ε). Similarly, for estimating consumption excluding

VM Vx, the algorithm applies the same procedure:

Prrk(V tc+1

i \ Vx)
ω = Pr




∑

Vj→V
tc+1
i

\Vx

D
tc+1

jrk
> Cirk(1 + ϑ · ε)



 (4.25)

The parameter ε balances estimation accuracy and computational e!ciency—larger

values compromise precision while smaller values increase iterations.

The algorithm operates through nested iterations where the outer loop examines

each VM Vx ↓ V t
i while the inner loop processes each overutilized resource rk ↓ ϖt

i.

For each VM-resource pair, scaling factors are determined through iterative prob-

ability calculations (lines 6-9, 11-14), ensuring computed consumption values

reflect realistic overload scenarios. Total resource consumption RCrk
i and consump-

tion excluding target VM RCrk
i↑x are calculated (lines 10, 15), enabling precise

assessment of each VM’s contribution.

The SLO violation percentage ϱx
rk

is computed (line 19) based on VM’s frac-

tional contribution ςrk
x to overloaded resource amount ORArk (lines 16-18). Cu-

mulative violation tracking combines current violation with historical deficit Cux
rk
(t↑

1), comparing against permissible threshold 1 ↑ φ (lines 20-23). VMs exceeding

this threshold are immediately selected as migration candidates, with the algorithm

proceeding to the next VM for computational e!ciency.

4.5.3 Selection of Final Migrating VMs

Algorithm MigratingVMs(Hi, t) integrates outputs from migration score calculation

and SLA violation analysis to determine the optimal set of VMs for migration. It

operates through three sequential phases: aggregation of SLA-compliant candidates

with their migration scores, priority-based sorting, and iterative threshold-based
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MigratingVMs(Hi, t): Selection of migrating VMs from host Hi at time t.

Input: St
i : {Vj | X t

ij = 1}, set of VMs allocated to host Hi at time t,
ωt
i: set of overutilized resources on host Hi at time t,

ε: overload probability threshold for load relief confirmation,
MSt

Hi
: {MSt

ix | →Vx ↑ St
i}, migration scores for all VMs on Hi,

MCt
Hi
: set of migration candidates based on SLA violation analysis,

CHi
: {Cirk | →rk ↑ ωt

i}, capacity vector for overutilized resources.
Output: FM t

Hi
: Final set of migrating VMs from Hi at time t.

1 FM t
Hi

↓ ↔ // Initialize final migration set
2 SLOV t

Hi
↓ ↔ // Initialize SLA-filtered candidate set

3 LoadRelieved ↓ 0 // Initialize load relief status

4 for each Vx ↑ MCt
Hi

do
5 Add (Vx,MSt

ix) to SLOV t
Hi

// Pair VM with migration score
6 end
7 Sorted.SLOV t

Hi
↓ Sort(SLOV t

Hi
,MSt

ix,Descending) // Priority-based
ordering

8 for each (Vx,MSt
ix) ↑ Sorted.SLOV t

Hi
do

9 Add Vx to FM t
Hi

// Tentatively select VM
10 for each rk ↑ ωt

i do

11 OverloadProb ↓ 1↗ Pr
(∑

Vj→St

i
\FMt

Hi

D
t
jrk

↘ Cirk

)
// Remaining

overload probability
12 if OverloadProb ↘ ε then
13 if rk is the last element in ωt

i then
14 LoadRelieved ↓ true // All resources adequately relieved
15 end
16 else
17 break // Insufficient relief
18 end
19 end
20 if LoadRelieved is 1 then
21 break // Sufficient VMs selected
22 end
23 end
24 return FM t

Hi

selection.

The aggregation phase (lines 4-6) combines SLA-compliant candidates with

their migration scores. The sorting phase (line 7) arranges candidates in descend-

ing order of migration scores, creating the prioritized list Sorted.SLOV t
Hi
.
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The core selection phase (lines 8-23) implements iterative threshold-based

evaluation. The algorithm selects VMs from the sorted set and checks whether over-

load probability falls below ω for each overutilized resource (lines 10-19). When

overload probability exceeds ω for any resource, the algorithm breaks the inner loop

and evaluates the next VM. Selection continues until Hi becomes non-overloaded.

The LoadRelieved variable indicates overload status, set to true only when overload

probability for all overutilized resources falls below ω (lines 13-15). Upon satis-

fying this condition, the algorithm terminates and returns FM t
Hi
. This systematic

approach with early termination prevents over-migration while ensuring complete

overload resolution across all resource dimensions.

4.6 Placement of Migrating VMs for Optimized

Load Distribution

The VM placement module represents the final critical component of the SLA-LB

framework, determining optimal destination hosts for selected VMs. This module

operates on the principle that e!ective placement must simultaneously achieve load

relief for overloaded hosts while maximizing overall DC resource utilization without

creating new overload conditions.

The VM placement process is structured into two interconnected phases (shown

in Fig. 4.1). The first phase evaluates hosting capability of all potential destina-

tion hosts using probabilistic assessment techniques. The second phase implements

an intelligent selection algorithm that identifies the most appropriate destination

host based on comprehensive capability scores while ensuring system stability and

preventing future overload conditions.
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4.6.1 Capability Assessment of Destination Hosts

The destination host selection constitutes a strategic assignment problem mapping

migrating VMs from overloaded source hosts to alternative hosts within the DC.

The objective is to identify destinations that maximize resource utilization while

preventing overload conditions in the near future. Let, the complete set of migrating

VMs from all overloaded hosts at time t is denoted as N t
Mig:

N t
Mig =

⋃

Hi→H
t
ovr

N it
Mig (4.26)

where N it
Mig represents VMs selected for migration from overloaded host Hi at time

t.

Further, assume that Ht
ovr represents the set of non-overloaded hosts at time t.

Therefore, for each overloaded host Hi → Ht
ovr, the set of potential destination hosts

Dt
Hi

encompasses all hosts in the DC, including both overloaded and non-overloaded

hosts: Dt
Hi

= Ht
ovr ↑ Ht

ovr. When considering overloaded hosts as potential desti-

nations, the framework excludes their migrating VMs from capacity calculations,

treating them as non-overloaded entities. This recognizes that overloaded hosts will

achieve load relief through migration of their selected VMs, making their remaining

capacity available for hosting additional workloads. Formally, for an overloaded host

Hd → Ht
ovr being considered as a destination, the e!ective VM set becomes V t

d\N t
Mig,

where V t
d represents VMs hosted by Hd at time t. This ensures the framework cap-

italizes on capacity that will become available post-migration, promoting e”cient

resource utilization.

4.6.1.1 Performance Value Calculation for Destination Hosts

The capability assessment employs the Weighted Sum Model (WSM) methodology,

where potential destination hosts serve as alternatives and resource types constitute
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decision criteria. For a potential destination host Hd → Dt
Hi
, the performance value

for resource type rk at time t is the probability that Hd will not exceed capacity

Cdrk considering its current e!ective workload:

PV altrk(Hd) = Pr




∑

Vj→V
t

d
\N

t

Mig

D
t
jrk

↑ Cdrk



 , rk → R (4.27)

The performance value PV altrk(Hd) indicates host Hd’s remaining capacity for re-

source type rk. Higher values indicate greater available capacity, making the host

more suitable for accommodating additional workloads. This probabilistic approach

accounts for uncertainty in resource consumption patterns while providing a robust

foundation for placement decisions.

4.6.1.2 Suitability of Destination Hosts

Algorithm DPScore(Hi, t) systematically evaluates destination host suitability us-

ing a multi-criteria decision-making approach. The algorithm calculates destination

potentiality scores for all potential destination hosts, enabling identification of op-

timal placement targets that maximize resource utilization while ensuring e!ective

load redistribution from overloaded sources.

The algorithm prioritizes destination hosts based on capacity availability pat-

terns, particularly focusing on resources critically overutilized in the source host.

Suitable destination hosts for VMs in N it
Mig should demonstrate relatively high per-

formance values for resources within the overutilized set ωt
i compared to the non-

overutilized set ”t
i, ensuring adequate capacity for resource types causing overload

conditions.
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The Destination Potentiality Score (DPS) for host Hd as a potential destination

for VMs migrating from overloaded host Hi is:

DPSt
id =

∑

rk→R

ωt
irk

· PV altrk(Hd) (4.28)

where ωt
irk

represents the weight from VM selection phase (Section 4.5), indicating

both migration priority from Hi and consideration priority for available capacity

when selecting destinations. This ensures consistency between VM selection and

placement phases.

The algorithm operates through a two-level iteration structure. The outer loop

processes each potential destination host Hd → Dt
Hi
\{Hi}, while the inner loop eval-

uates weighted performance across all resource types in εt
i↑!t

i. For each destination-

resource pair, the algorithm determines appropriate weights based on whether the

resource belongs to the overutilized (lines 5-6) or non-overutilized (lines 7-8)

set of the source host. The performance value PV altrk(Hd) is computed as the prob-

ability that destination host Hd will not exceed capacity Cdrk considering its e”ective

workload after excluding migrating VMs (line 10). Weighted performance values

are accumulated across all resource dimensions (lines 11-12) to produce the final

destination potentiality score (line 14). This ensures VM migration prioritizes des-

tinations that can e”ectively alleviate resource constraints while maintaining system

stability.

4.6.2 Selection of Potential Destination Hosts

Algorithm DestinationHosts(Hi, t) implements an intelligent destination selec-

tion mechanism that maps each migrating VM to its optimal destination host while

ensuring system-wide stability and preventing new overload conditions. The algo-

rithm leverages destination potentiality scores from the capability assessment stage

to guide placement decisions through systematic evaluation that prioritizes hosts
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DPScore(Hi, t): Destination potentiality score calculation for Hi at time t

Input: V t
i : {Vj | X t

ij = 1}, set of VMs allocated to host Hi

ωt
i: set of overutilized resources on host Hi at time t

!t
i: set of non-overutilized resources on host Hi at time t

Dt
Hi
: set of potential destination hosts for Hi

N t
Mig: set of all migrating VMs at time t

CH1 , . . . , CHM
: capacity vectors of all hosts

Output: DPSt
Hi
: {DPSt

id | →Hd ↑ Dt
Hi
}, set of destination potentiality scores

1 DPSt
Hi

↓ ↔ // Initialize potentiality score set
2 for each Hd ↑ Dt

Hi
\ {Hi} do

3 WgtSum ↓ 0 // Initialize weighted sum accumulator
4 for each rk ↑ ωt

i ↗!t
i do

5 if rk ↑ ωt
i then

6 εt
irk

↓
[
Pr

(∑
Vj→V

t

i

D
t
jrk

↘ Cirk

)]↑1

// Weight assignment for

overutilized resources

7 else

8 εt
irk

↓ Pr
(∑

Vj→V
t

i

D
t
jrk

↘ Cirk

)
// Weight assignment for

non-overutilized resources

9 end

10 PV altrk(Hd) ↓ Pr
(∑

Vj→V
t

d
\N

t

Mig

D
t
jrk

↘ Cdrk

)
// Performance value

11 WgtPV alrkd ↓ εt
irk

≃ PV altrk(Hd) // Weighted performance

12 WgtSum ↓ WgtSum+WgtPV alrkd // Accumulate weighted values

13 end
14 DPSt

id ↓ WgtSum // Assign destination potentiality score
15 Add DPSt

id to DPSt
Hi

// Store in result set

16 end
17 return DPSt

Hi

based on capacity availability and resource suitability.

The algorithm operates on the principle that the most suitable destination host

for a migrating VM can accommodate additional workload without violating over-

load threshold ϑ for any resource type. This ensures placement decisions resolve

existing overload conditions while preventing propagation of overload states across

the DC infrastructure. The algorithm receives as input the set of migrating VMs

N t
Mig from the VM selection phase and destination potentiality scores DPSt

Hi
from



QoS-Aware Load Balancing in Dynamic Cloud 94

the capability assessment phase, producing an updated placement matrix X → reflect-

ing optimal post-migration VM-to-host assignments.

DestinationHosts(Hi, t) implements a three-level nested iteration structure.

The outermost loop processes each migrating VM from N it
Mig, sorting destination

potentiality scores in descending order to prioritize capable hosts (line 4). The

middle loop evaluates each potential destination host in sorted order. The innermost

loop systematically evaluates each resource type in the destination host’s resource

set (line 7), calculating overload probability from accommodating the migrating

VM (line 8). If probability remains within threshold (line 9) and all resources

are evaluated (line 10), the load indicator is set to one (line 11). Otherwise, re-

source evaluation terminates early (lines 13-14). When a destination host passes

all compatibility tests (line 17), the algorithm assigns the host to the migrating

VM (line 18), updates the placement matrix (line 19), recalculates the host’s des-

tination potentiality score (line 20), updates the score in the candidate set (line

21), and proceeds to the next VM. This systematic approach ensures each migrat-

ing VM is assigned to the most suitable available destination host while maintaining

system-wide load balance and stability.

4.7 Performance Evaluation

This section evaluates the proposed SLA-LB approach through systematic compar-

ative analysis against established state-of-the-art methods. The evaluation assesses

the stochastic overload detection mechanism against traditional threshold-based ap-

proaches, then examines how the probabilistic resource characterization, VM selec-

tion heuristics, and destination host selection algorithms function together as an

integrated solution.

The evaluation compares SLA-LB against three prominent approaches: RIAL
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DestinationHosts(Hi, t): Destination host selection and placement matrix gen-
eration for host Hi at time t

Input: Vit: Vj | Xijt = 1, set of VMs allocated to host Hi

ωt
i: set of overutilized resources on host Hi at time t

!t
i: set of non-overutilized resources on host Hi at time t

ε: overload probability threshold, X : current placement matrix
N it

Mig: set of migrating VMs from host Hi at time t
DPSt

Hi
: destination potentiality scores for host Hi

CH1 , . . . , CHM
: capacity vectors of all hosts

Output: X →: updated placement matrix after migration

1 Load → 0 // Initialize load assignment indicator
2 X → → X // Initialize output matrix with current placement
3 for each Vx ↑ N it

Mig do
4 Sorted.DPSt

Hi
→ Sort(Hi, DPSt

Hi
,Descending) // Prioritize hosts by

capability
5 for each Hd ↑ DPSt

Hi
do

6 Load → 0 // Reset load indicator for current destination
7 for each rk ↑ ωt

d ↓!t
d do

8 OvrPrb → 1↔ Pr
(∑

Vj↑V
t

d
\N

t

Mig
↓{Vx}

D
t
jrk

↗ Cdrk

)
// Calculate

overload probability
9 if OvrPrb ↗ ε then

10 if rk is the last element in ωt
d ↓!t

d then
11 Load → 1 // Mark host as a suitable one
12 end
13 else
14 break // Exit resource loop if ε exceeded
15 end
16 end
17 if Load = 1 then
18 Hd → DestinationHost(Vx) // Make Hd as destination of Vx

19 Set X→

ix = 0 and X→

dx = 1 in X → // Update placement matrix
20 Recalculate DPSt

id for host Hd // Update DPS
21 Update DPSt

id in DPSt
Hi

// Refresh score in candidate set
22 break // Exit destination loop and process next VM

23 end
24 end
25 end
26 return X →
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[56], Sandpiper [55], and CloudScale [65], representing di!erent paradigms from re-

active threshold-based to proactive prediction techniques. A Python 3.0-based sim-

ulation framework provides controlled and reproducible conditions while accurately

modeling multidimensional resource characteristics of modern DCs.

The evaluation focuses on four critical metrics: number of VM migrations (sys-

tem stability), number of overloaded hosts (load distribution e”ciency), host re-

source consumption patterns (infrastructure utilization), and total performance degra-

dation due to migrations (service quality impact). Real-world workload traces in-

cluding PlanetLab [20] and Google Cloud Cluster (GCC) traces [19] ensure practical

relevance while maintaining reproducible conditions. The methodology systemati-

cally examines how the stochastic approach handles workload uncertainty compared

to deterministic methods.

4.7.1 Experimental Setup

The experimental evaluation employs a comprehensive simulation-based approach to

assess performance of the proposed SLA-aware stochastic load balancing framework

under realistic cloud computing conditions. The simulation infrastructure operates

on an Intel(R) Core(TM) i5-9400F CPU @ 2.90 GHz processor with 16 GB RAM run-

ning on a 64-bit Windows 10 Operating System, providing adequate computational

capacity for large-scale DC simulations while maintaining reasonable execution times

for the three-resource environment encompassing CPU, memory, and bandwidth.

4.7.1.1 DC Configuration

The simulated heterogeneous DC comprises 1000 hosts hosting 8000 VMs, reflecting

realistic cloud infrastructure scales. The heterogeneity is modeled through two dis-

tinct host types based on commercial hardware specifications: The first host type,

modeled after the Hitachi HA8000/SS10 (DK1), features a dual-core CPU with 3067

MIPS per core, 8GB memory, and 1000 Mbps network bandwidth. The second host



QoS-Aware Load Balancing in Dynamic Cloud 97

type, based on HP ProLiant ML110 G5, incorporates a dual-core CPU with 2660

MIPS per core, 4GB memory, and 800 Mbps network bandwidth. The DC maintains

an equal distribution with 500 hosts of each type, ensuring balanced heterogeneity.

4.7.1.2 Workload Description

The evaluation incorporates real-world workload patterns through two established

trace datasets: PlanetLab and GCC traces. The PlanetLab trace captures CPU

utilization measurements from VMs within the PlanetLab platform, recorded at

five-minute intervals across 10 randomly selected days in March and April 2011.

The GCC trace provides comprehensive CPU and memory utilization data from

approximately 11,000 hosts operating within a production cluster over 29 days in

May 2011.

To address multidimensional resource requirements, memory and bandwidth uti-

lization patterns are generated using statistical distributions. Five distinct resource

utilization groups are defined with specific (mean, variance) parameters: (0.2, 0.05),

(0.2, 0.15), (0.3, 0.05), (0.6, 0.10), and (0.6, 0.15). Each VM’s memory and band-

width utilization values are assigned through random selection from these predefined

groups, ensuring realistic resource consumption diversity while maintaining statisti-

cal consistency.

4.7.1.3 Experimental Methodology

The experimental procedure initiates with random VM allocation across available

hosts, establishing a baseline configuration that remains consistent across all evalu-

ated load balancing algorithms to ensure fair comparative analysis. The simulation

duration spans 30 hours for both workload traces, with the initial 6 hours designated

as training data for parameter estimation and calibration.

During simulation execution, resource utilization status of all hosts undergoes
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evaluation at 5-minute intervals, maintaining consistency with trace data granular-

ity. The monitoring system continuously records VM migration frequency, over-

loaded host identification, and comprehensive resource utilization patterns across

all infrastructure components throughout the evaluation period.

4.7.1.4 Parameter Configuration

The statistical parameter estimation employs Exponentially Weighted Moving Aver-

age (EWMA) methodology with a span value of 4 and alpha coe!cient calculated as

[2/(span+1)]. This configuration provides exponentially decreasing weights for his-

torical data points, proving particularly e”ective for short-term prediction in highly

dynamic cloud environments. The optimal span value determination involves sys-

tematic evaluation across a range from 2 to 10 using the designated test dataset.

The overload probability threshold (ω) is established at 0.95, meaning a host

is classified as overloaded when the overload probability for any of its CPU, mem-

ory, or bandwidth resources exceeds this threshold. For comparative baseline algo-

rithms (RIAL, Sandpiper, and CloudScale), a resource utilization threshold of 0.75

is employed to maintain consistency with established evaluation methodologies. The

probability calculation incorporates the 30 most recent resource consumption obser-

vations, providing su!cient historical context while maintaining responsiveness to

recent utilization trends. For SLA profiling configuration, the satisfaction thresh-

old (ε) is set to 90%, requiring that 90% of each VM’s total resource requirements

must be fulfilled throughout its operational lifetime. The capacity utilization pa-

rameter (ϑ) is configured at 0.2, indicating that 20% of each host’s total capacity

contributes to overload resource amount calculations, ensuring conservative resource

management while maintaining system e!ciency.
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4.8 Experimental Results

The experimental results demonstrate the e!ectiveness of the stochastic approach in

addressing key challenges of cloud resource management. The performance analysis

reveals distinct operational characteristics that emerge from probabilistic decision-

making compared to traditional threshold-based and prediction-oriented methods.

The findings highlight significant improvements in system stability, resource e”-

ciency, and service quality maintenance across diverse workload scenarios. Notable

patterns emerge in the temporal behavior of the stochastic framework, particularly

in its ability to balance immediate performance requirements with long-term oper-

ational objectives.

4.8.1 VM Migration Analysis

The migration frequency analysis reveals significant advantages of the stochastic

approach in maintaining system stability while achieving e!ective load distribution.

Figures 4.2 and 4.3 show the total number of VM migrations measured at 6-hour

intervals across all evaluated methods for both workload traces. The results demon-

strate that SLA-LB consistently outperforms alternative approaches in minimizing

unnecessary migrations while maintaining e!ective load balancing.

The superior performance of SLA-LB stems from its probabilistic VM selection

mechanism, which prioritizes VMs that are expected to provide maximum load re-

lief from overloaded hosts with the highest probability. Additionally, the framework

constrains VM migrations based on their SLO violation percentage and implements

destination host selection strategies that proactively prevent future overloading sce-

narios. This approach reduces long-term migration requirements compared to re-

active methods. The temporal migration patterns reveal interesting characteristics

of the SLA-aware approach. During initial simulation periods, most VMs operate
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Figure 4.2: The number of VM migrations using PlanetLab trace.
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Figure 4.3: The number of VM migrations using GCC trace.

below their allowable SLO violation threshold (ω → 1), resulting in reduced migra-

tion activity. As the simulation progresses, VMs gradually approach and exceed this

threshold, leading to increased migration activity. This pattern demonstrates the

framework’s ability to balance immediate performance requirements with long-term

SLA compliance.

Comparative analysis across methods shows distinct behavioral patterns. Cloud-

Scale generates the highest number of migrations due to its proactive nature, mi-

grating VMs for both correctly and incorrectly predicted overload scenarios. The
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Figure 4.4: VMs performance degradation using PlanetLab trace.

reactive approaches (Sandpiper and RIAL) limit migrations to actual overload oc-

currences, with RIAL producing fewer migrations than Sandpiper due to its di!er-

entiated resource weighting mechanism. Quantitative results over a 24-hour period

using PlanetLab trace demonstrate that SLA-LB generates 10%, 20%, and 32%

fewer VM migrations compared to RIAL, Sandpiper, and CloudScale, respectively.

The GCC trace yields even more favorable results with reductions of 15%, 31%, and

39% respectively. The higher migration frequency observed with PlanetLab trace

reflects its relatively higher workload intensity compared to GCC trace, resulting in

more frequent host overloading scenarios.

4.8.2 Assessment of Performance Degradation

VM migration inherently impacts application performance through temporary re-

source unavailability and network overhead. The evaluation quantifies performance

degradation using established models that account for CPU utilization impact dur-

ing migration periods.

The time required for migrating a VM depends on the memory consumed by the

VM and the available network bandwidth. The performance degradation D of a VM
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Figure 4.5: VMs performance degradation using GCC trace.

j resulting from migration is defined as:

D =
1

10

∫ t+M

B

t

uj(t)dt (4.29)

where, t is the time when migration starts, M is the amount of memory used by

VM j, B is the available network bandwidth, M
B indicates the time to complete the

migration and uj(t) is the CPU utilization of VM j.

Figures 4.4 and 4.5 illustrate the migration-induced performance degradation ob-

served across the two traces, respectively, demonstrating the consistent superiority

of SLA-LB across both workloads. The reduced degradation directly correlates with

lower migration frequency, as fewer migrations inherently result in reduced overall

performance impact. Additionally, the framework’s VM selection heuristic priori-

tizes VMs with lower consumption of non-overutilized resources, further minimizing

performance impact during migration operations. The performance degradation hi-

erarchy follows the pattern: SLA-LB < RIAL < Sandpiper < CloudScale for both

evaluated traces. Over 24-hour periods, SLA-LB achieves performance degradation

reductions of 9.5%, 20%, and 32% compared to RIAL, Sandpiper, and CloudScale
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Figure 4.6: The number of overloaded hosts using PlanetLab trace.

respectively using PlanetLab trace. GCC trace demonstrates even greater improve-

ments with reductions of 12%, 27%, and 33% respectively.

4.8.3 Number of Overloaded Hosts

The analysis of overloaded host frequency provides insights into load distribution

e!ectiveness and system stability maintenance. Figures 4.6 and 4.7 present the fre-

quency of overloaded hosts across two traces. Results measured at 6-hour intervals

demonstrate SLA-LB’s superior long-term performance in maintaining balanced load

distribution across the DC infrastructure. The temporal patterns reveal characteris-

tic di!erences between proactive and reactive approaches. SLA-LB initially exhibits

higher overloaded host counts due to SLO violation constraints limiting immediate

migration actions. However, the framework demonstrates consistent improvement

over time as the destination host selection strategy maintains long-term load balance

through probabilistic placement decisions.

The proactive nature of both SLA-LB and CloudScale enables overload prediction

and preemptive VMmigration, resulting in lower overloaded host counts compared to

reactive approaches (RIAL and Sandpiper). The reactive methods can only respond
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Figure 4.7: The number of overloaded hosts using GCC trace.

Table 4.1: Summary of Key QoS Metrics Across Load Balancing Methods

Method
Avg. Migration

Count/hr
Avg. Response Time
Overhead (ms/hr)

Avg. SLA
Violations/hr

PlanetLab GCC PlanetLab GCC PlanetLab GCC
SLA-LB 162.08 132.33 1246 1024 54.25 43.12
RIAL 172.17 156.54 1288 1152 65.20 49.79
Sandpiper 198.83 194.17 1634 1498 118.29 85.25
CloudScale 234.37 217.79 1520 1368 61.58 46.29

to overload occurrences after they manifest, limiting their e!ectiveness in preventing

overload situations. Quantitative analysis over 24-hour periods reveals significant

improvements in overload management. Using PlanetLab trace, SLA-LB achieves

a total of 1302 overloaded hosts, representing reductions of 17%, 54%, and 12%

compared to RIAL, Sandpiper, and CloudScale respectively. GCC trace results

show 1035 overloaded hosts using SLA-LB, with corresponding reductions of 13%,

49%, and 7% compared to the alternative approaches.

Table 4.1 summarizes the average QoS metrics across all evaluated methods for

both workload traces. The average migration count per hour reflects the rate of VM

migrations over the 24-hour simulation period, directly indicating system stability

and migration overhead. The average response time overhead per hour is derived
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from the migration time component in Equation 4.29, where migration duration de-

pends on the ratio of VM memory to available network bandwidth. The average SLA

violations per hour are captured through the hourly rate of overloaded hosts, as host

overloading directly leads to resource deficits and service level breaches. SLA-LB

consistently achieves the lowest average migration count and response time overhead

across both traces, reflecting the e!ectiveness of its SLO-aware VM selection. It also

maintains the lowest average SLA violations per hour, while Sandpiper records the

highest due to its purely reactive detection mechanism. Overall, SLA-LB delivers

the best balanced performance across all three QoS dimensions simultaneously.

4.8.4 Resource Utilization E!ciency

Resource utilization analysis focuses on maximizing infrastructure e”ciency while

maintaining overload probability below the established threshold ω. The evaluation

examines both CPU and memory utilization patterns across 6-hour intervals for

all evaluated approaches using both workload traces. The corresponding CPU and

memory utilization trends are presented in Figures 4.8–4.11. The utilization trends

presented in these figures capture both steady-state behavior and transient e!ects

that occur during VM migrations. These patterns reflect realistic dynamic cloud

conditions observed throughout the full operational period, beyond the initial 6-

hour training phase.

The resource utilization hierarchy consistently follows the pattern: SLA-LB >

RIAL > Sandpiper > CloudScale across both CPU and memory dimensions. The

stochastic methods employed in overload detection and destination host selection

enable SLA-LB to maintain the average CPU and memory utilization of the DC at

approximately 68% and 57% respectively over 24-hour periods across both workload

traces.

The superior performance of SLA-LB compared to RIAL, despite both employing
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Figure 4.8: Average CPU utilization using PlanetLab trace.
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Figure 4.9: Average CPU utilization using GCC trace.

stochastic methods, stems from fundamental di!erences in destination host selection

strategies. SLA-LB considers virtually all hosts for destination selection regardless of

their current overload status, while RIAL restricts consideration to non-overloaded

hosts only. This broader selection scope enables more e!ective resource utilization

while maintaining probabilistic overload guarantees. The comprehensive resource

utilization results demonstrate SLA-LB’s e!ectiveness in achieving the dual objec-

tives of maximizing infrastructure e”ciency and maintaining service quality guar-

antees.

The framework’s ability to maintain higher utilization levels while simultaneously
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Figure 4.10: Average Memory utilization using Planetlab trace.
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Figure 4.11: Average Memory utilization using GCC trace.

reducing migration frequency and overload occurrences validates the e!ectiveness of

the stochastic approach in cloud resource management scenarios.

4.9 Summary

The SLA-aware load balancing framework successfully addressed the dynamic re-

source management challenges that emerged from the static placement strategies

of Chapter 3. Through probabilistic overload detection, intelligent VM selection,

and strategic destination placement algorithms, the SLA-LB framework achieved
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substantial improvements in service quality maintenance while optimizing resource

utilization in dynamic cloud environments.

Comprehensive experimental evaluation using real-world workload traces vali-

dated the framework’s e!ectiveness across multiple performance dimensions. The

SLA-LB approach achieved 10-39% fewer VMmigrations compared to existing meth-

ods, maintained superior resource utilization e”ciency, and prevented SLA violations

through cumulative violation tracking and risk-aware migration strategies. The

framework demonstrated 17-54% fewer overloaded hosts and 9-33% reduction in

performance degradation compared to existing approaches. The probabilistic foun-

dation from Chapter 3 proved instrumental in enabling sophisticated overload de-

tection that anticipates resource deficit situations before they manifest as service

quality issues. The integration of workload prediction capabilities with dynamic

load balancing created a comprehensive solution that maintained energy e”ciency

benefits from optimal initial placement while continuously adapting to evolving op-

erational conditions.

Despite these achievements, the SLA-LB framework reveals fundamental energy

e”ciency constraints. The reactive load balancing nature, while proactive in over-

load detection, maintains multiple active hosts to accommodate dynamic workload

redistribution, preventing aggressive consolidation opportunities. Resource frag-

mentation patterns emerge where successful load balancing distributes VMs across

multiple hosts in configurations that maintain excellent service quality but result in

suboptimal energy consumption. The energy-service quality trade-o! becomes ap-

parent as load balancing requires maintaining su”cient spare capacity across hosts

for migration targets, directly conflicting with energy-e”cient consolidation strate-

gies that minimize active servers. This temporal resource fragmentation accumulates

over time, creating scenarios where numerous hosts operate at moderate utilization

rather than achieving high-density consolidation on fewer servers.
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E!ective cloud resource management requires a third critical component: intel-

ligent VM consolidation that actively pursues energy e”ciency while maintaining

the stability and service quality achieved through load balancing. The foundation

established through SLA-aware load balancing provides essential building blocks

for energy-e”cient consolidation, but requires addressing new challenges including

consolidation opportunity identification, energy-aware migration strategies, and dy-

namic algorithms that balance energy savings with system responsiveness. This

establishes the critical need for dynamic VM consolidation mechanisms that com-

plement both proactive placement and SLA-aware load balancing, completing the

transition toward comprehensive cloud resource management that simultaneously

optimizes energy e”ciency, maintains service quality, and adapts to dynamic oper-

ational conditions.





Chapter 5

Energy E!cient Dynamic VM

Consolidation

5.1 Introduction

Building upon the SLA-aware load balancing framework established in Chapter

4, this chapter addresses the critical challenge of achieving comprehensive energy

e!ciency in cloud data centers through intelligent VM consolidation while main-

taining service quality guarantees and dynamic responsiveness. While the SLA-LB

framework successfully maintained service quality and optimized resource utiliza-

tion during dynamic operations, experimental analysis revealed fundamental energy

e!ciency limitations necessitating sophisticated consolidation strategies. The tran-

sition from load balancing to energy optimization presents multifaceted challenges

extending beyond service quality maintenance. Resource fragmentation patterns

emerge as a primary concern. Load balancing operations distribute VMs across

multiple hosts maintaining excellent load distribution and SLA compliance, yet re-

sulting in suboptimal energy consumption [83]. These patterns accumulate over

time, creating scenarios where numerous hosts operate at moderate utilization levels

111
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rather than achieving high-density consolidation on minimal active servers, directly

conflicting with energy e!ciency objectives.

The energy-service quality trade-o” represents the fundamental challenge in VM

consolidation. Aggressive consolidation toward fewer active hosts can compromise

the system’s ability to handle dynamic workload variations and maintain respon-

sive load balancing capabilities. Traditional consolidation approaches often create

tightly packed configurations that become vulnerable to cascading overload condi-

tions when workload spikes occur [131, 132]. This necessitates sophisticated consol-

idation strategies that preserve system resilience while maximizing energy savings.

Contemporary cloud workloads exhibit temporal patterns that create natural

consolidation opportunities during periods of reduced resource demand [133]. How-

ever, identifying and exploiting these opportunities requires advanced analysis ca-

pabilities that consider both immediate consolidation benefits and long-term system

stability implications. The challenge is further complicated by the multi-dimensional

nature of resources. Additionally, the system must maintain su!cient capacity for

handling dynamic load variations that the SLA-LB framework was designed to man-

age.

This chapter introduces a comprehensive Resource-Optimized VM Consolidation

(RO-VMC) framework addressing these limitations through innovative integration

of energy optimization with service quality preservation. The framework extends

stochastic modeling from previous chapters to intelligent consolidation decision-

making. It incorporates stochastic load imbalance detection that identifies consol-

idation opportunities while maintaining load balancing compatibility. The frame-

work also employs resource intensity-aware VM distribution through game-theoretic

optimization. Additionally, it implements multi-objective optimization that bal-

ances energy minimization with migration reduction. Through this advancement,

the chapter makes three primary contributions:
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• Stochastic Load Imbalance Detection Framework: Development of prob-

abilistic models that identify consolidation opportunities while maintaining

compatibility with dynamic load balancing requirements, enabling coordinated

optimization across multiple resource management time horizons.

• Resource Intensity-Aware VM Consolidation: Design of game-theoretic

algorithms that optimize VM distribution for energy e!ciency while preserv-

ing system resilience and service quality guarantees through strategic resource

allocation modeling.

• Multi-Objective Energy-QoS Optimization: Integration of energy min-

imization with service quality preservation through constrained optimization

that balances aggressive consolidation with migration overhead control and

system stability maintenance.

The significance lies in completing the comprehensive cloud resource management

framework, creating an integrated solution that seamlessly coordinates proactive

placement, dynamic load balancing, and energy-e!cient consolidation to achieve

operational excellence through simultaneous optimization of energy e!ciency, re-

source utilization, and service delivery quality.

5.2 System Models

The system model provides the mathematical foundation for the Resource-Optimized

VMC (RO-VMC) approach, formally defining the cloud data center environment

and relationships between energy consumption, resource utilization, and quality of

service requirements. It characterizes the multi-resource infrastructure, workload

stochasticity, and the fundamental trade-o”s in VM consolidation decisions.

The system operates within a virtualized cloud environment comprising a data

center with a set H = {Hi | i = 1 to M} of M heterogeneous hosts, where each
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host Hi is characterized by its resource capacity tuple Hi = →Cirk | ↑rk ↓ R↔ across

d resource dimensions R = {rk | k = 1 to d}. At time instant t, the system hosts

a set V t of N t VMs, where each VM Vj ↓ V t exhibits dynamic resource demands

Vj = →Dt
jrk

| ↑rk ↓ R↔, with Dt
jrk

= f t
jrk

· Cjrk representing the actual consumption

of resource rk by VM Vj, where f t
jrk

↓ [0, 1] denotes the utilization fraction of the

VM’s allocated capacity Cjrk . The VM-to-host allocation is represented by the

binary allocation matrix X t = [X t
ij]M→Nt , where:

X t
ij =






1, if Vj is allocated to Hi at tth time instant

0, otherwise

The utilization of host Hi for resource rk at time t is defined as:

U t
irk

=

∑
j X

t
ij ↗Dt

jrk

Cirk

↗ 100 (5.1)

Correspondingly, the data center’s overall utilization for resource rk across all active

hosts Ht
active ↘ H is the following:

DCt
rk

=

∑
Hi↑H

t

active

∑
j X

t
ij ↗Dt

jrk∑
Hi↑H

t

active

Cirk

↗ 100 (5.2)

This foundational framework captures temporal variations in resource consumption

patterns and establishes the mathematical basis for subsequent energy optimization

and QoS satisfaction models.

The model is structured into three interconnected components: the Resource Im-

balance Model, which quantifies distribution imbalances across multi-dimensional re-

sources to guide consolidation strategies; the Power and Energy Consumption Model,

which establishes the relationship between host utilization and energy consumption

patterns; and the QoS Satisfaction Model, which defines service quality metrics and
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violation thresholds to ensure performance guarantees. Each component enables

RO-VMC to optimize migration decisions while balancing energy minimization and

QoS preservation in multi-resource cloud environments.

5.2.1 Resource Imbalance Model

Dynamic resource allocation requires balancing utilization and performance through

threshold-based monitoring. CSPs must prevent both overutilization bottlenecks

and underutilization waste. Since VM resource demands fluctuate stochastically, the

framework from Section 3.5.2 quantifies multi-dimensional load using probabilistic

workload estimation to guide consolidation decisions.

Load imbalance detection uses resource overloading probabilities at host level.

A host Hi is overloaded if any resource’s overloading probability exceeds threshold

ωover, and under-loaded if all resource’s under-loading probabilities exceed threshold

ωunder. For resource rk → R, the overloading and under-loading probabilities of host

Hi at time t are:

Prtover(Hi)
rk = 1↑ Pr

(
Lt
rk
(Hi) ↓ Cirk

)
(5.3)

Prtunder(Hi)
rk = Pr

(
Lt
rk
(Hi) ↓ ε · Cirk

)
(5.4)

where Lt
rk
(Hi) =

∑
j X

t
ij · Dt

jrk
is the aggregate load, and ε → (0, 1) is the under-

utilization threshold.

Given the normal distribution assumption for VM resource demands Dt
jrk

↔

N (µt
rk
(Vj), ϑt

rk
(Vj)2), the probability calculations utilize:

Pr
(
Lt
rk
(Hi) ↓ Cirk

)
= !

(
Cirk ↑ µt

rk
(Hi)

ϑt
rk
(Hi)

)
(5.5)

where !(·) is the standard normal cumulative distribution function, µt
rk
(Hi) =

∑
j X

t
ij · µt

rk
(Vj) and ϑt

rk
(Hi) =

√∑
j

[
X t

ij · ϑt
rk
(Vj)

]2
. Here, µt

rk
(Vj) and ϑt

rk
(Vj)

are the mean and standard deviation of Vj’s resource demand for resource rk at time
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t, respectively.

A host Hi is classified as overloaded if →rk ↑ R : Prtover(Hi)rk > ωover and

under-loaded if ↓rk ↑ R : Prtunder(Hi)rk > ωunder. Sets Ht
ovr and Ht

undr denote

overloaded and under-loaded hosts respectively. The data center experiences load

imbalance whenHt
ovr↔Ht

undr ↗= ↘, with total imbalanced hosts quantified as
(
| Ht

ovr |

+ | Ht
undr |

)
. This probabilistic framework enables RO-VMC to proactively iden-

tify consolidation opportunities while maintaining performance guarantees through

quantifiable risk assessment.

5.2.2 Power and Energy Consumption Model

To consistently maintain service quality, CSPs must ensure physical resource avail-

ability to meet aggregated VM demands. However, data centers may have excess

resources relative to available hosts. The number of active hosts depends on the

allocation strategy, and power consumption is directly linked to active host count.

Therefore, distributing VMs e!ciently among hosts is crucial for improving power

e!ciency, with consolidation within minimal hosts resulting in overall decrease in

DC power consumption.

A host’s power consumption depends on resource utilization, with CPU having

the highest influence. Studies show that host power consumption can be accurately

described by a linear relationship with CPU utilization [134]. The CPU utilization-

based power model has been widely adopted in the literature [16]. Thus, the power

model proposed in [97] estimates host power consumption in a cloud DC. For given

p intervals, {[0, 1/p), [1/p, 2/p), . . . , [(p≃ 1)/p, 1]} of average CPU utilization, the

power model for Hi is:

Power(Hi) = εq . F
(
U t
irk

)
+ ϑlower

q ,
q ≃ 1

p
⇐ U t

irk
<

q

p
(5.6)

Here, rk = CPU ↑ R; εq(q = 1, . . . , p) is the power di”erence of Hi for qth interval,
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i.e., ωq =
(
εupperq → εlower

q

)
, where εupperq and εlower

q are the upper and lower bound

on the power of Hi; and F
(
U t
irk

)
is the ratio of Hi’s CPU utilization. As U t

irk
varies

with time t, Power(Hi) can be regarded as a function of t. Thus, the total energy

consumption of Hi during a time interval tf to tl (denoted by EC(Hi)) is:

EC(Hi)
[tf ...tl] =

∫ tl

t=tf

Power(Hi(t))dt (5.7)

5.2.3 QoS Satisfaction Model

Quality of Service satisfaction in virtualized cloud environments is fundamentally

influenced by the frequency and impact of VM migrations required to maintain sys-

tem balance. In highly dynamic environments, system load imbalance is unavoidable

due to unpredictable resource demand patterns, leading to degraded performance for

VMs on overloaded hosts and ine!cient resource utilization on under-loaded hosts.

While VM consolidation is necessary to address these imbalances, each migration

operation introduces significant service disruptions that directly compromise QoS

satisfaction.

Migration operations impose dual penalties on service quality: temporary un-

availability during VM transfer results in service downtime, while additional re-

source overhead causes performance degradation in terms of reduced responsiveness

and throughput for migrated VMs. These disruptions collectively a”ect user expe-

rience and service delivery, making migration frequency a critical indicator of QoS

satisfaction. The QoS Satisfaction Model quantifies these impacts through migra-

tion frequency analysis, establishing migration minimization as a primary objective

for maintaining service level agreements while achieving load balance.

The QoS impact can be quantified through the total number of VM migrations

required during load balancing operations. Given a load imbalance detection at

time instant t, let X t→ = [X t→
ij ]M→Nt represent the post-migration allocation. The
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migration indicator variable Y t
ij captures the migration of Vj from Hi at time t:

Y t
ij =






1, if X t
ij = 1 and X t→

ij = 0

0, otherwise

Therefore, the total number of migrations at time t (denoted by St
Mig) is:

St
Mig =

∑

Hi→H
t
ovr↑H

t

undr

∑

Vj→V
t
→

Y t
ij (5.8)

where V t
↓
=

⋃
Hi→H

t
ovr↑H

t

undr

V t
i and V t

i → V t is the VM set of host Hi. Migration

minimization becomes the primary objective for maintaining SLAs while achieving

consolidation goals.

5.3 Problem Description

This section formulates the multi-objective Resource-Optimized VM Consolidation

problem in dynamic cloud environments. The fundamental challenge lies in simulta-

neously minimizing energy consumption and migration-induced QoS violations while

maintaining load balance across multi-dimensional resources under stochastic work-

load conditions. The problem addresses conflicting optimization objectives: energy

minimization drives consolidation toward fewer active hosts, while QoS preserva-

tion requires limiting migration frequency. This trade-o! is complicated by the

probabilistic nature of resource demands, creating dynamic imbalances necessitat-

ing continuous consolidation adjustments. The formulation integrates probabilistic

resource imbalance detection, energy-aware host selection, and migration frequency

constraints to achieve system-wide optimization while preserving service level agree-

ments.
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5.3.1 Problem Statement

Given a time period T and di!erent set of VMs V t running at intervals (t | t =

1 . . . z), the objective is to operate VMs with minimal energy consumption while

ensuring least service interruptions. However, achieving this involves a resource

utilization trade-o!. Workload uncertainty often poses severe challenges through

increasing load imbalance risk, leading to VM migrations that cause QoS deterio-

ration. Therefore, maintaining system load with reduced migrations while reducing

operational hosts is critical. To address this, a VM consolidation plan must adjust

the mapping between VMs and hosts accordingly.

The notations ECT and MigT represent the data center’s total energy consump-

tion and total migrations over period T :

ECT =
M∑

i=1

EC(Hi)
[1...z] and MigT =

z∑

t=1

St
Mig

Hence, the optimization objectives are:

Minimize






ECT

MigT

To simplify the multi-objective optimization, MigT minimization is reformulated

as an ω-constraint: MigT → MigTmax · ω, where MigTmax is the maximum migrations

during T and ω ↑ (0, 1). Since maximum migrations cannot exceed VMs running at

any time interval, MigTmax =
∑z

t=1 N
t. Therefore, the optimization objectives are

reformulated as:

Minimize ECT
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Subject to the following constraints

MigT → MigTmax · ω (5.9)

↑t ↓ T, ↑Hi ↓ H, ↑rk ↓ R :






Prtover(Hi)rk < εover

Prtunder(Hi)rk < εunder

The value of ω can be adjusted based on desired migration tolerance, enabling ef-

fective exploration of the energy e!ciency and migration reduction trade-o”. To

systematically address this optimization problem, the following section proposes a

Resource Optimized VM Consolidation Framework that leverages advanced opti-

mization techniques, providing an e!cient mechanism for dynamic VM placement

and migration decisions while maintaining balance between energy consumption and

service quality.

5.4 Resource Optimized VM Consolidation Frame-

work

E!cient VM consolidation requires detecting load imbalances and redistributing mi-

grating VMs. The Resource Optimized VM Consolidation Framework (RO-VMC)

manages VMs by optimizing resource utilization, reducing energy consumption while

maintaining QoS. RO-VMC comprises two modules: Stochastic Load Imbalance De-

tection (StoLID) for detecting load imbalances by analyzing real-time resource uti-

lization, and Resource intensity-aware VM Distribution (RintVMD) which dis-

tributes VMs based on resource usage intensities using game-theoretic approach to

select migrating VMs and destination hosts.
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Figure 5.1: Architecture of RO-VMC

5.4.1 Architectural Components and Information Flow

The RO-VMC framework adopts a hierarchical approach where the Global Agent

operates from a master node for comprehensive optimization decisions while Local

Agents provide distributed monitoring. Figure 5.1 illustrates the architecture and

information flow among interconnected modules.

The framework comprises specialized modules achieving optimal VM consolida-

tion with minimal energy consumption:

1. Local Agents (LAs): Distributed monitoring modules. Each LA tracks host

resource usage and forwards metrics to the Global Agent.
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2. Global Agent (GA): Central intelligence hub. Receives data from Local Agents,

analyzes system-wide state, and coordinates VM consolidation.

3. StoLID : Probabilistic load imbalance detection component. Analyzes resource

data to identify hosts requiring load redistribution.

4. RintVMD : Optimization engine invoked when StoLID detects imbalances.

Comprises:

• Selection of Migrating VMs : Selects VM candidates based on resource

patterns and migration costs.

• Distribution of Migrating VMs : Determines optimal destination hosts

ensuring energy e!ciency.

5. VM Migration Orchestrator : Translates placement matrix into migration com-

mands and coordinates with VMMs.

The framework operates through systematic flow: Local Agents collect data and

forward to Global Agent, where StoLID detects imbalances. RintVMD generates

consolidation strategies, executed via VM Migration Orchestrator. This cycle adapts

to workload changes while maintaining energy e!ciency. The hierarchical architec-

ture combines distributed monitoring with centralized optimization, providing data

center visibility and scalability. The following sections examine RintVMD’s com-

ponents, as this module addresses VM selection and placement for optimal energy

e!ciency with controlled migration levels.

5.5 Selection of Migrating VMs with Minimal Re-

source Impact

In dynamic cloud environments, balancing system load with minimal VM migration

is crucial for maintaining QoS. Migration can disrupt QoS, so minimizing the number
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of migrating VMs is essential. Under-loaded hosts require migrating all VMs to

enter sleep mode and conserve energy. Conversely, overloaded hosts benefit from

selectively migrating a subset of VMs to balance the load and alleviate strain.

Algorithm MNVMM(t) systematically minimizes VM migrations while resolving

load imbalances at time t. Consider a detection of system load imbalance at time

instant t (i.e., Ht
ovr →Ht

undr ↑= ↓) and V t
mig to be the set of migrating VMs. Then,

V t
mig typically includes all VMs from hosts in Ht

under and a subset of VMs from

hosts in Ht
ovr. Therefore, minimizing migrations during VM consolidation focuses

on reducing the number of migrating VMs from Ht
ovr.

5.5.1 Prioritization of VMs for Migration

The algorithm introduces a weight-based mechanism for optimizing VM selection

from overloaded hosts. Each resource on overloaded hosts is assigned a weight based

on usage intensity to ensure migration decisions prioritize the most critical resources.

Assume Hi to be overloaded at time t (i.e., Hi ↔ Ht
ovr) and Ot

i to be the set of over-

utilized resources of Hi. VMs selected for migration from Hi should exhibit higher

resource consumption for all resources in Ot
i compared to non-overutilized resources.

The weights for each resource rk ↔ R in Hi at time t are:

ωt
irk =






1
1↗U t

irk

, for rk ↔ Ot
i

1↗ U t
irk, otherwise

(5.10)

where ωt
irk

is the relative weight of resource rk in Hi at time t. The weight assign-

ment prioritizes over-utilized resources by assigning them relatively higher weights

compared to non-overutilized ones. For any resource rk ↔ Ot
i , the weight ωt

irk
> 1

is always higher than ωt
irk

< 1 for any resource rk ↔ Ot
i , ensuring finer distinctions

within each utilization class based on relative usage intensity.
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MNVMM(t): Selection of Minimal Number of VMs for Migration at time t

Input: Ht
ovr: set of overloaded hosts at time t, Ht

undr: set of underloaded hosts at
time t, R: set of all resource types, ωover: overload threshold
{Vt

i | →Hi ↑ Ht
ovr ↓Ht

undr}: VM sets for each problematic host
Ot

i : set of over-utilized resources for host Hi at time t
Output: Vt

mig: set of migrating VMs at time t

1 Vt
mig ↔ ↗ // Initialize empty migration set

2 for each Hi ↑ Ht
ovr do

3 →rk ↑ R : εt
irk

↔ WgtAssign(rk)

// Weight assignment function

4 W ↔ [εt
irk

]1→d // Construct weight vector

5 D ↔ [Dj,k]nt
i
→d where Dj,k = Dt

jrk
// Build demand matrix

6 for each rk ↑ R do
7 if rk ↑ Ot

i then
8 Dt

ωrk ↔ max
Vj↑V

t

i

Dt
jrk

// Max demand for over-utilized resources

9 else
10 Dt

ωrk ↔ min
Vj↑V

t

i

Dt
jrk

// Min demand for non-overutilized resources

11 end

12 end
13 c ↔ [Dt

ωrk ]1→d // Create reference vector for ideal VM

14 S ↔ [Dj,k ↘ ck]nt
i
→d // Compute similarity matrix

15 E ↔
√

W · ŜŜ↭
// Calculate weighted Euclidean distances

16 do
17 ϑ ↔ argminj Ej // Select VM closest to ideal candidate

18 Vt
mig ↔ Vt

mig ↓ {Vε} // Add to migration set

19 Xt
iε ↔ 0 // Mark VM as migrated from host

20 Vt
i ↔ Vt

i \ {Vε} // Remove VM from host

21 E ↔ [Ej | j ↑ {1, 2, . . . , nti} \ {ϑ}]1→|V
t

i
| // Update decision matrix

22 while ≃rk ↑ R : Prtover(Hi)rk > ωover;

23 end
24 for each Hi ↑ Ht

undr do
25 Vt

mig ↔ Vt
mig ↓ Vt

i // Add all VMs to migration set

26 →Vj ↑ Vt
i : X

t
ij ↔ 0

27 end
28 return Vt

mig // Return final migration set
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5.5.2 Three-Phase VM Selection Mechanism

The algorithm operates through three sequential phases. First, the algorithm ini-

tializes the migration set as empty (line 1) and processes each overloaded host

Hi → Ht
ovr (lines 2-16). Each overloaded host undergoes resource priority es-

tablishment through weight assignment based on Eq. 5.10 (line 2). Resources

receive weights consolidated into a weight vector W of dimension 1↑ d, defined as

W = [Wk]1→d, where each element Wk represents the assigned weight for resource rk

on host Hi at time t (i.e., Wk = ωt
irk
) (line 3). A comprehensive demand matrix

D of size nti ↑ d captures resource requirements of all VMs on each host, where

| V t
i |= nti. The matrix is formulated as D = [Dj,k]nt

i
→d, where each element Dj,k rep-

resents the demand of VM Vj → V t
i for resource rk → R at time t (i.e., Dj,k = Dt

jrk
)

(line 4).

Second, the algorithm identifies an imaginary VM Vω, representing optimal mi-

gration candidate characteristics from host Hi at time t (lines 5-10). This theoret-

ical construct exhibits maximum demand for over-utilized resources and minimum

demand for non-over-utilized resources. The resource demand profile of Vω is defined

as Vω =
〈
Dt

ωrk

∣∣ ↓rk → R
〉
where:

Dt
ωrk

=






max
Vj↑V

t

i

Dt
jrk

, if rk → Ot
i

min
Vj↑V

t

i

Dt
jrk

, otherwise

This ideal VM serves as a reference benchmark for evaluating actual VM migration

suitability. The potentiality of each VM Vj → V t
i as a migration candidate is evalu-

ated by comparing their similarity to Vω using Euclidean distance. For any VM Vj,
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the distance from the ideal VM Vω is:

ωωj =

√∑

rk→R

εt
irk

[
Dt

jrk
→Dt

ωrk

]2

Third, the algorithm constructs a decision matrix E = [Ej]1↑nt
i
(lines 11-13),

where each element Ej represents the distance metric for VM Vj in the candidate

set V t
i :

E =
√
W · ŜŜ

↭
(5.11)

where S = [Sj,k]nt
i
↑d is a similarity matrix of the same size as the demand matrix D,

and Ŝ is its normalized form. The similarity matrix S is derived by first forming a

demand vector c = [ck]1↑d, where each element ck = Dt
ωrk

represents the resource

demand (line 11). Subsequently, each element of S is calculated as Sj,k = Dj,k →

ck (line 12). The normalization of matrix S ensures a comparable scale for all

resources and prevents bias towards any particular resource type.

Each entry in E reflects the degree of appropriateness of VM Vj for migration

from host Hi (line 13). A lower value indicates that the VM is close to the ideal

candidate and represents a good choice for migration, while a higher value suggests

that migrating that VM may not be necessary. The matrix E is used iteratively

to select VMs for migration until host Hi becomes non-overloaded (lines 14-19),

with the most suitable candidate Vε identified as ϑ = argminj Ej (line 15). The

selected VM is added to the migration set (line 16), marked as migrated (line

17), removed from the host (line 18), and the decision matrix is updated (line

19). This iterative process continues until the overload probability for all resources

falls within the threshold.

For underloaded hosts, the algorithm performs straightforward complete VM

evacuation (lines 20-23). The entire set of VMs from each host Hi ↑ Ht
undr is

added to the migration set V t
mig (line 21), enabling these hosts to be powered
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down for energy conservation. This complete evacuation strategy maximizes energy

savings by allowing underutilized physical resources to be deactivated. The process

concludes by returning the consolidated migration set V t
mig containing all selected

VMs (line 24). The algorithm’s design ensures QoS preservation by minimizing

unnecessary migrations while e!ectively addressing both overload and underload

scenarios.

5.6 Distribution of Migrating VMs

Following the selection of migrating VMs, the system addresses their distribution

among destination hosts through careful host selection that meets VM requirements

while enhancing data center energy e”ciency. The distribution process encompasses

two integrated components: identifying hosts with su!cient cumulative resources

to accommodate all VM requests and optimally distributing VMs among selected

hosts. This ensures resource utilization optimization without compromising quality

of service satisfaction.

5.6.1 Determining the Optimal Set of Hosts

Algorithm MNHPVM(t) systematically determines the optimal destination host set

Ht
des for VM placement from V t

mig at time t while minimizing resource wastage and

host activation. An essential parameter in determining Ht
des involves finding ap-

propriate resource amounts that adequately serve migrating VMs while minimizing

wastage across all d resource dimensions, guaranteeing minimal host count without

causing system overloading.

However, host overloading probability depends on resource allocation patterns,

which remain di”cult to determine before actual placement occurs. Placing VMs

based solely on host total capacity may result in substantial overloading risk. To

address this challenge, the algorithm operates through a two-stage process where



Energy E!cient Dynamic VM Consolidation 128

the first stage estimates minimum required resources for successful VM placement,

while the second stage selects appropriate hosts.

MNHPVM(t): Selection of Minimal Number of Hosts for the Placement of
VMs at time t.
Input: Vt

mig: set of migrating VMs at time t, R: set of all resource types
Lt
req: set of minimum required resource amounts

Ht
nor: set of normally-loaded hosts at time t

Ht
idl: set of idle hosts at time t, ωover: overload threshold

Output: Ht
des: set of destination hosts for VM placement

Initialization: Ht
mat → ↑, Edist → 0, Ht

des → ↑,
↓rk ↔ R : Dt

ωrk →
(∑

Vj→V
t

mig

Dt
jrk

)
/migt

// Initialize hosts sets and resource demands of Vω

1 for each Hi ↔ Ht
nor do

2 Ht
des ↗ {Hi} // Add to destination candidate set

3 ↓rk ↔ R : Lt
rk(Hi) → +Dt

ωrk // Simulate average VM load addition

4 if ↓rk ↔ R : Prtover(Hi)rk ↘ ωover then
5 Ht

mat ↗ {Hi} // Mark as feasible for VM placement

6 end

7 ↓rk ↔ R : J t
rk → Lt

rk ≃
[

∑

Hi→H
t

mat

(
Cirk ≃ U t

irk
⇐ Cir

k

100

)]
// Calculate remaining

resource requirements after feasible hosts

8 ↓rk ↔ R : Cεrk → J t
rk // Define ideal host capacity

9 if ⇒rk ↔ R : J t
rk > 0 then

10 for each Hi ↔ Ht
idl do

11 ε(i,ε) =
√∑

rk→R
[Cirk ≃ Cεrk ]

2 // Euclidean distance calculation

12 Edist.append(ε(i,ε)) // Store distance for sorting

13 end
14 Ht

sorted → Descending.Sort
(
Ht

idl, Edist

)
// Sort by similarity distance

15 for each Hi ↔ Ht
sorted do

16 Ht
des ↗ {Hi} // Add host to destination set

17 Ht
idl \ {Hi} // Remove from idle host pool

18 if ↓rk ↔ R : (J t
rk ≃ Cirk) < 0 then

19 break // All resource requirements satisfied

20 else
21 J t

rk → (J t
rk ≃ Cirk) // Update remaining requirements

22 end

23 end

24 Ht
idl · Sleep() // Power down unused idle hosts for energy conservation

25 return Ht
des
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The resource estimation approach determines minimum resource capacity sat-

isfying aggregated demand of all migrating VMs without disrupting system load

stability. The process operates on an imaginary host Hω = →Cark | ↑rk ↓ R↔ along

with resource set R and migrating VM set V t
mig, producing Lt

req as the set of mini-

mum required resource amounts capable of accommodating all VMs in V t
mig without

system overloading.

Initially, Hω capacity for each resource rk is set as the cumulative demand of

migrating VMs at time t: Cωrk =
∑

Vj→V
t

mig

Dt
jrk

. The system then iterates over each

resource rk ↓ R to compute its corresponding least required amount, denoted by Lt
rk
.

Given the overloading definition, Hω initially experiences overloading. The approach

exploits this condition by iteratively estimating Prtover(Hω)rk through incremental

additions of ↗rk to Cωrk until Hω achieves non-overloaded status. The final capacity

value after iteration becomes Lt
rk
. The increment ↗rk determines the amount by

which Cωrk increases: ↗rk = ω · Cωrk where ω ↓ (0, 1) controls the increment rate.

Higher ω values lead to faster convergence toward non-overloaded states but may

overestimate required resources, while lower values result in slower convergence but

more optimal resource selection. Overloading probability Prtover(Hω)rk estimation

occurs based on updated Cωrk values. The process continues until Prtover(Hω)rk

becomes smaller than or equal to over-utilization threshold εover. At iteration end,

Cωrk is assigned as the least required amount Lt
rk
, which is added to set Lt

req. When

Lt
rk

has been calculated for all rk ↓ R, the complete set Lt
req becomes available for

subsequent host selection.

Once required resource volume is established, the second stage identifies host

sets with su!cient cumulative capacity to accommodate that volume with minimal

resource wastage. The migration process considers all active normally-loaded hosts

as potential destinations. The set of normally-loaded hosts at time t is defined as

Ht
nor = Ht

active↘
(
Ht

ovr ≃Ht
undr

)
. However, during VM migration selection, VMs from
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both overloaded and underloaded hosts are removed, changing their load status.

Overloaded hosts become normally-loaded while underloaded hosts become idle,

resulting in Ht
nor = Ht

nor → Ht
ovr. The set of idle hosts at time t is denoted as

Ht
idl = Ht

undr.

The algorithm begins by computing average resource demands of migrating VMs

to create an imaginary representative VM Vω and initializing essential data struc-

tures. The first stage evaluates normally-loaded hosts for placement feasibility

(lines 1-6). Each host Hi ↑ Ht
nor is evaluated on its ability to accommodate

imaginary VM Vω alongside VMs currently running on it at time t (lines 1-2).

The imaginary VM Vω has resource demands equal to the mean of all migrating VM

requirements for each respective resource. Given the assumption of normal resource

demand distribution, the mean serves as a representative value capturing the col-

lective tendency of VM resource requirements. The demand of Vω for resource rk at

time t, denoted as Dt
ωrk

, is determined as Dt
ωrk

=

∑
Vj→Vt

mig

Dt

jr
k

migt , where | V t
mig |= migt.

Each host undergoes load simulation by adding the average VM resource de-

mands (line 3), and overloading probability assessment determines whether the

host can accommodate additional workload without exceeding threshold ωover across

all resource dimensions (lines 4-5). If the overloading probability of Hi at time t

falls within ωover for all resources, then Hi is considered feasible and added to the

set Ht
mat, representing the collection of feasible hosts at time t (line 5).

These feasible hosts determine the remaining amount of Lt
rk

for all rk ↑ R that

require satisfaction. The algorithm then computes remaining resource requirements

after accounting for available capacity from feasible hosts (line 7). The remaining

amount for resource rk, denoted by J t
rk
, is calculated using:

J t
rk

= Lt
rk
↓




∑

Hi→H
t

mat

(
Cirk ↓ U t

irk
↔ Cirk

100

)

 (5.12)
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If any resource rk → R has remaining requirements, the algorithm characterizes an

ideal host Hω with capacity matching these remaining needs (line 8). To optimize

selection in terms of resource wastage, the ideal host Hω is defined with capacity for

each resource equal to the remaining required capacity for corresponding resources,

setting J t
rk

as Cωrk for all rk → R.

If additional resources are required, the second stage processes idle hosts through

distance-based optimization (lines 9-23). The approach aligns idle hosts based on

their resource capacities relative to corresponding remaining required resources. Eu-

clidean distance computation quantifies similarity between each idle host’s resource

distribution and the ideal configuration (lines 10-13), providing mathematically

rigorous assessment of similarity between multi-dimensional vectors. The distance

from each host Hi → Ht
idl to Hω, denoted as ω(i,ω), is calculated as:

ω(i,ω) =

√∑

rk→R

[Cirk ↑ Cωrk ]
2 (5.13)

This measurement assesses how closely proportional capacities of Hi align with those

of Hω across all resources. Smaller ω(i,ω) values indicate greater similarity between

capacity distributions. A distance list Edist stores distances of all idle hosts (line

12), followed by descending-order sorting to prioritize hosts with optimal resource

alignment (line 14). The algorithm iteratively selects sorted idle hosts and updates

remaining requirements until all resource needs are satisfied (lines 15-23). The

host set Ht
idl is arranged in ascending order based on distances from Hω and stored

in Ht
sorted (line 14). The process iterates over each host Hi → Ht

sorted and adds

them to set Ht
des until all required resources are satisfied (lines 15-23).

The process concludes by powering down unused idle hosts for energy conser-

vation (line 24) and returns the optimized destination host set Ht
des (line 25).

This design ensures minimal host activation while maintaining load balance and
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preventing system overutilization.

5.6.2 Distribution of VMs among the hosts

Having identified the optimal set of destination hosts, the next phase involves deter-

mining precise allocation of migrating VMs across these hosts, strategically balancing

resource utilization e!ciency with service quality requirements.

Cloud service providers and cloud users have competing goals: energy e!ciency

versus quality of service satisfaction. Both rely on the same resource pool but

utilize resources di”erently. Uneven resource utilization fails to meet either party’s

objectives. The favorable condition requires maximal and fairly balanced resource

utilization through interaction between providers and users to jointly determine

optimal distribution strategies. This aligns with the strategic game concept from

game theory, leading to a VM placement scheme that distributes VMs in V t
mig onto

hosts Ht
des.

Game theory analyzes competitive scenarios where multiple players make de-

cisions that collectively determine outcomes. Each player possesses actions and a

payo” function determining rewards based on all players’ actions, with the goal

of maximizing payo”. In VM placement context, the preferable outcome involves

deployed hosts having minimal resource wastage while satisfying VM resource de-

mands. This requires maximizing utilization of all resources in a balanced manner,

establishing balance between cloud service provider and cloud user requirements.

5.6.2.1 Game Formulation for VM Distribution

Algorithm GBVMP(t) employs game-theoretic principles to optimize VM distribution

across destination hosts. The game design considers migrating VMs as players and

assignments on each selected host as their probable behaviors or strategies. This

consideration stems from complexity reduction in determining player strategies and
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payo!s. Moreover, interaction between cloud service providers and cloud users oc-

curs solely through VMs. Therefore, establishing VMs as players not only simplifies

strategy selection by choosing identical strategy sets across all players, but also aids

in establishing common payo!s reflecting both cloud service provider and cloud user

purposes.

VM placement at the tth time instant can be described as an n-player finite

strategic game G = →P ,S,F↑ (assuming | V t
mig |= n), where:

– P = {Vj | ↓Vj ↔ V t
mig} is a set of n players.

– S =
∏

Vj→V
t

mig

Sj is the set of strategy profiles, which is the Cartesian product of

all the player’s strategy set.

– F = {Fj(Q) | ↓Vj ↔ V t
mig} is the set of payo! functions, where Q ↔ S.

Here, Sj represents the strategy set of player Vj, such that Sj ↗ Ht
sel. Let Q = (Qj |

↓Vj ↔ V t
mig) be a strategy profile, where Qj is a specific strategy of player Vj, namely

Qj = Hk ↔ Ht
des. For each player Vj, strategy preference, known as the payo!, is

determined based on the specific strategy profile Q, including the strategy chosen

by the player as well as strategies chosen by all other players. Hence, the payo! is

obtained for player Vj as Fj(Q).

Each strategy profile Q represents a possible placement of VMs in V t
mig onto any

hosts in Ht
des, where VMs make host selections simultaneously and independently.

The payo! of each player for Q represents the utility of the player’s strategies toward

VM placement, with the purpose being to find a strategy profile that maximizes over-

all payo!. The strategy profile for which no VMs can improve their corresponding

payo!s by changing hosts or strategies constitutes the optimal placement scheme.

This implies that the solution must be a Nash equilibrium—a strategy combination

with the property that no player can gain by unilaterally deviating from it. The
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payo! function for each player Vj is defined as:

Fj(Q) = ”t
j.ω

t
Q

(5.14)

where ωt
Q
represents the payo! generated for strategy profile Q at time t and ”t

j is

the average resource demand of Vj at time t. Specifically, ”t
j =

[(
∑

rk→R
D̂t

jrk

)/
d

]
,

where D̂t
jrk

is the normalized demand of Vj for resource rk at time t.

In Equation 5.14, ”t
j denotes the proportion of ωt

Q
that player Vj receives as

individual payo!. Since the value of ”t
j for all Vj → V t remains constant irrespective

of the chosen strategy profile, the highest Fj(Q) is obtained only for the strategy

profile having maximum ωt
Q
. Using Qmax to specify that profile:

Qmax = argmax
Q→S

ωt
Q

(5.15)

This clearly implies that strategy profile Qmax = (Qmax
1 , Qmax

2 , . . . , Qmax
n ) yields the

equilibrium state as it satisfies the condition:

↑Vj → P : F (Qmax
j ,Qmax

↑j ) ↓ F (Qj,Qmax
↑j )

where, for strategy profile Qmax, Qmax
↑j represents the strategies of all players in P

except player Vj.

The algorithm systematically evaluates all strategy profiles in S through iterative

preference factor analysis (lines 1-23). For each strategy profile Q, the placement

matrix is established by mapping VMs to hosts according to current strategy as-

signments (lines 2-3). The approach evaluates each strategy profile Q → S and
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GBVMP(t): Game-Based Virtual Machine Placement at time t.

Input: P = {Vj | →Vj ↑ Vt
mig}: set of migrating VMs as players, Ht

des: set of
destination hosts
S =

∏
Vj→V

t

mig

Sj : set of strategy profiles, R: set of all resource types

ωover: overload threshold, d: number of resource dimensions
Output: X t: placement matrix defining VM-to-host assignments at time t

Initialization: εt
best ↓ ↔↗, Qmax ↓ ↘, m ↓ |Ht

des|
// Initialize best payoff tracker and destination host count

1 for each Q ↑ S do
2 →Qj ↑ Q, →Hi ↑ Ht

des, →Vj ↑ Vt
mig : Xt

ij ↓ 0 // Reset placement matrix

3 →Qj ↑ Q : Xt
kj ↓ 1, where Qj = Hk ↑ Ht

des // Set VM-host assignments per

strategy

4 →Hi ↑ Ht
des : PF t

i ↓ 0 // Initialize preference factors

5 !t
Q
↓ 1 // Initialize feasibility indicator

6 for each host Hi ↑ Ht
des do

7 if →rk ↑ R : Prtover(Hi)rk(Hi) ≃ ωover then
8 rm ↓ argmaxrk→R U t

irk
// Identify maximally utilized resource

9 ”t
i ↓

∑
rk→R

U t
irk

// Compute total resource utilization

10 #t
i ↓

∑
rk→R\{rm}

[
U t
irm ↔ U t

irk

]
// Calculate utilization gap

11 PF t
i ↓ ”t

i ↔
!t

i

d // Compute preference factor for balanced

utilization

12 else
13 !t

Q
↓ 0 // Mark strategy as infeasible due to overloading

14 break

15 end

16 end
17 µt

PF ↓ 1
m

∑
Hi→H

t

des

PF t
i // Calculate mean preference factor

18 ϑt
PF ↓

√
1
m

∑
Hi→H

t

des

(
PF t

i ↔ µt
PF

)2
// Compute standard deviation for

tie-breaking

19 εt
Q
↓

[∑
Hi→H

t

des

PF t
i ↔ ϑt

PF

]
⇐ !t

Q
// Calculate strategy profile payoff

20 if εt
Q
> εt

best then
21 εt

best ↓ εt
Q

// Update best payoff

22 Qmax ↓ Q // Store optimal strategy profile

23 end
24 →Hi ↑ Ht

des, →Vj ↑ Vt
mig : Xt

ij ↓ 0 // Reset final placement matrix

25 →Qj ↑ Qmax : Xt
kj ↓ 1, where Qj = Hk ↑ Ht

des // Apply optimal VM placement

26 return X t

calculates its corresponding payo! ωt
Q
using:

ωt
Q =




∑

Hi→H
t

des

PF t
i ↔ εt

PF



⇐ ”t
Q (5.16)
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where PF t
i is the preference factor of Hi at time t, illustrating how e!ectively re-

sources are utilized in Hi. Host-level evaluation proceeds through feasibility veri-

fication and preference factor computation (lines 6-16). The preference factor is

obtained as:

PF t
i =

[
”t
i →

#t
i

d

]
(5.17)

In this equation, ”t
i represents the total utilization of all resources of Hi at time

t, namely ”t
i =

∑
rk→R

U t
irk

(line 9). Higher values of ”t
i indicate greater resource

utilization in Hi, though this doesn’t specify individual resource utilization patterns.

Therefore, #t
i, termed the utilization gap of Hi at time t, has been introduced to

quantify individual resource utilization (line 10). For all resources rk ↑ R, #t
i is

calculated as:

#t
i =

∑

rk→R↑{rm}

[
U t
rm → U t

irk

]
(5.18)

Here, rm ↑ R represents the maximally utilized resource in Hi at time t, namely

rm = argmax
rk

U t
irk

(line 8). This equation sums the di!erences in utilization of

all resources from that of their maximally utilized counterpart. Smaller values of

#t
i indicate better balance between utilization across di!erent resources in Hi. The

subtraction of !t

i

d from ”t
i in Equation 5.17 demonstrates how e$ciently the resources

of Hi have been utilized.

The division of #t
i by the number of resources serves two specific purposes.

First, without this division, strategy profiles may exist where hosts Hi ↑ Ht
des with

smaller utilization gaps #t
i could generate higher preference factors PF t

i even if total

resource utilization ”t
i is quite low. In such cases, ”t

i should be prioritized over #t
i.

Second, for some strategy profiles, if resource utilization is much less compared to

the maximally utilized resource, simply computing [”t
i →#t

i] may produce negative

values for PF t
i , adversely impacting the decision-making process. Thus, dividing #t

i

by d not only reduces the importance of #t
i over ”

t
i in certain cases, but ensures #t

i
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remains smaller than !t
i. After simplifying Equation 5.17, PF t

i becomes (line 11):

PF t
i =

∑

rk→R

U t
irk

→ 1

d
·

∑

rk→R↑{rm}

[
U t
irm → U t

irk

]
(5.19)

Successfully validated hosts undergo resource utilization assessment, identifying

the maximally utilized resource rm and calculating total utilization !t
i alongside uti-

lization gap ”t
i (lines 8-10). The preference factor PF t

i integrates both metrics to

reward high utilization while penalizing resource imbalance (line 11). Statistical

analysis computes mean and standard deviation of preference factors across desti-

nation hosts (lines 17-18). The approach computes the preference factor PF t
i for

each host Hi ↑ Ht
des, then calculates the mean µt

PF
of all preference factors, which

is subsequently used to determine the preference factor’s standard deviation ωt
PF

(line 18). If m denotes the number of hosts in Ht
sel, namely m =| Ht

sel |, then ωt
PF

is calculated as:

ωt
PF

=

√√√√
1

m
·

∑

Hi→H
t

sel

(
PF t

i → µt
PF

)2

The payo# function combines preference factor summation with standard deviation

subtraction (line 19), where ωt
PF

serves as a tie-breaking mechanism for consistent

utilization patterns. According to Equation 5.16, ωt
PF

is subtracted from the sum-

mation of preference factors to indicate the preferred Q among all profiles in S where

the summation of preference factors generates identical values. In such cases, ωt
PF

functions as a tie-breaker by measuring variation across host preference factors, with

the strategy profile having the lowest standard deviation selected as the preferred

choice. The feasibility indicator $t
Q

ensures only valid configurations contribute

to optimization (lines 12-14). Continuous comparison identifies maximum payo#
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Table 5.1: Configuration of selected physical machines or hosts.

Server Cores MIPS/core RAM
(GB)

Storage
(GB)

Hitachi HA8000/TS10 (FK1) 4 3067 8 250
HP ProLiant DL580 G3 8 2660 16 294
Fujitsu PRIMERGY RX2540 M1 36 2300 64 64
IBM System x3630 M3 12 3067 12 160
Dell PowerEdge R7425 64 2200 128 120

strategy profiles representing Nash equilibrium solutions (lines 20-22). The algo-

rithm concludes by implementing the optimal strategy profile through final place-

ment matrix configuration (lines 24-25), ensuring balanced resource utilization

while maintaining system stability and preventing host overloading.

5.7 Performance Evaluation

This section presents a comprehensive series of experiments conducted using real-

world workloads to evaluate the performance of the proposed RO-VMC framework

against state-of-the-art approaches. The evaluation begins with an overview of the

experimental setup and metrics employed for assessment, followed by presentation

of experimental results and detailed analysis comparing the proposed approach with

existing methods.

5.7.1 Experimental Setup

Performance evaluation of the RO-VMC framework requires comprehensive exper-

imentation across diverse scenarios. Given the challenges of conducting large-scale

experiments in real cloud environments, a simulated environment has been developed

that accurately replicates data center characteristics and operational dynamics. The

experimental framework encompasses three key components: infrastructure config-

uration, workload characterization, and parameter optimization.
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Table 5.2: Configuration of selected VMs.

Type Cores MIPS/core Mem (MB) Storage (MB)

g2.m 1 2300 1024 3000
g2.xl 4 2300 4096 3000
m.l 2 2300 7808 3000
c1.2xl 8 2800 7680 3000
c2.xl 4 2900 3840 3000

Table 5.3: Statistics of selected workload’s resource usage parameters for Bit-
brains and GCC.

Trace No. of workloads
CPU Memory Disk

Mean(%) St.dev.(%) Mean(%) St.dev.(%) Mean(%) St.dev.(%)

Bitbrains 10000 8.95 4.81 9.57 3.93 3.61 1.74

GCC 200000 2.81 0.86 2.34 0.19 1.62 0.52

Table 5.4: Power consumption (in Watts) of the hosts for di!erent CPU utiliza-
tions.

Server 0% 20% 40% 60% 80% 100%

Hitachi HA8000/TS10(FK1) 43.5 58.4 70.0 84.5 107 124
HP ProLiant DL580 G3 520 587 705 766 803 833
Fujitsu PRIMERGY RX2540 M1 39 98.2 128 161 216 271
IBM system x3630 M3 80.2 133 155 182 217 251
Dell PowerEdge R7425 84.9 154 182 214 253 287

5.7.1.1 Infrastructure Configuration

The simulation framework operates in a 3-resource environment encompassing CPU,

memory, and disk resources, implemented using Python 3.0 on a system with In-

tel(R) Core(TM) i5-9400f CPU @ 2.90 GHz, 16 GB RAM, and Windows 10 64-bit

OS. To replicate data center heterogeneity, the setup incorporates 1000 physical

machines across 5 di!erent models (200 hosts per model) and 5 VM types corre-

sponding to Amazon EC2 instance types. Detailed configurations are provided in

Tables 5.1 and 5.2, respectively. It directly states that VM configurations remain

fixed throughout the experiments and are not altered during the consolidation pro-

cess.
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5.7.1.2 Workload Description

Two distinct real-world traces validate RO-VMC e!ectiveness across diverse sce-

narios: Bitbrains [120] and Google Cloud Cluster (GCC) [19]. The Bitbrains trace

represents business-critical workloads with applications running on the same VM for

extended periods, capturing CPU, memory, and disk utilization every 5 minutes for

approximately 1200 VMs daily over a month. The GCC trace tracks resource usage

for 25 million tasks over 29 days in May 2011, with day 18 selected as representative

following [135], from which 200,000 tasks were randomly selected.

For manageable experimentation, 1000 workloads were randomly selected daily

for 10 consecutive days from Bitbrains, while the GCC selection was distributed

to generate equal VM type quantities (40,000 VMs per type for GCC and 2,000

per type for Bitbrains). Resource utilization statistics for selected workloads are

presented in Table 5.3.

5.7.1.3 Migration Modeling and Experimental Parameters

VM migration simulation employs the base model from [136], incorporating dy-

namic dirty page changes to estimate network tra”c and migration time. Two key

parameters are defined: dirty page memory rate (DR) following normal distribution

DR → N (0.4, 0.2) MB/s, and memory transmission rate (TR) (TR = DR + 100

MB/s), where 100 MB/s represents dedicated migration bandwidth.

Experimental procedures include FIFO queuing for incoming VM requests with

MBFD for initial placement. Parameter values are set as ωover = ωunder = 0.80,

ε = 0.3, and ϑ = 0.20. Data center resource states are updated every 5 minutes,

recording host utilization status, overloaded/underloaded host counts, and migration

statistics during each interval.
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5.8 Experimental Results

This section presents experimental findings evaluating RO-VMC performance against

three existing approaches: PEAS [95], AFED-EF [79], and EQ-VMC [86]. PEAS

optimizes only CPU usage for energy e!ciency, potentially leading to suboptimal

consolidation decisions, while RO-VMC employs multi-criteria optimization priori-

tizing host resource usage intensities. AFED-EF equally weights energy and SLA fac-

tors without adapting to dynamic workloads, whereas RO-VMC achieves balanced

resource utilization through game theory-based distribution. EQ-VMC prioritizes

resource reservation over maximizing usage, reducing energy savings opportunities,

unlike RO-VMC’s intensity-aware optimization approach.

The experiments evaluate RO-VMC against these approaches using diverse real-

world workload traces, presenting comparative analysis of energy optimization, load

imbalance mitigation, QoS enhancement, and resource utilization improvement in

dynamic cloud environments.

5.8.1 Energy E!ciency Analysis

Energy e!ciency evaluation focuses on active host counts and data center energy

consumption, as these metrics are directly correlated. Host energy consumption

is estimated using the power model in Eq. 5.6, calculating power based on CPU

utilization with coe!cient values from SPECpower benchmark data (Table 5.4).

Figures 5.2, 5.3 and 5.4, 5.5 illustrate performance comparisons across both traces

for active hosts and energy consumption, with data collected hourly over 24-hour

simulation periods. RO-VMC consistently outperforms all alternatives. For the Bit-

brains trace (Figure 5.2), RO-VMC maintains 18.6 active hosts per hour compared

to 23.8, 28.7, and 35.3 for PEAS, AFED-EF, and EQ-VMC respectively, repre-

senting reductions of 21%, 35%, and 47%. Similarly, for GCC trace (Figure 5.3),

RO-VMC achieves 6.1 active hosts per hour, reducing active hosts by 40%, 52%,
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Figure 5.2: Number of active hosts over time using Bitbrains trace
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Figure 5.3: Number of active hosts over time using GCC trace

and 65% compared to the other approaches. Energy consumption patterns align

with these trends. For Bitbrains trace (Figure 5.4), RO-VMC achieves 27.2 kW per

hour, which is 17%, 26%, and 36% lower than PEAS, AFED-EF, and EQ-VMC

respectively. For GCC trace (Figure 5.5), RO-VMC consumes 14.6 kW per hour,

outperforming alternatives by 25%, 34%, and 46%.

PEAS emerges as the second most energy-e!cient approach due to its CPU op-

timization focus, which significantly influences host power consumption. However,
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Figure 5.4: Average energy consumption over the simulation period using Bit-
brains trace
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Figure 5.5: Average energy consumption over the simulation period using GCC
trace

its inability to manage multiple resources simultaneously leads to suboptimal place-

ments. AFED-EF struggles with rapidly fluctuating workloads, hindering its adapt-

ability. EQ-VMC performs worst due to prioritizing resource reservation over utiliza-

tion maximization. RO-VMC’s superiority stems from e!ective multi-dimensional

resource utilization, proving to be the most energy-e”cient consolidation approach.

This observation is further supported by the results summarized in Table 5.5, which

reports the average number of active hosts per hour and the average hourly energy
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Table 5.5: Summary of average active hosts per hour and average energy con-
sumption per hour across Bitbrains and GCC traces

Approach
Avg. Active Hosts/hr Avg. Energy (kW/hr)
Bitbrains GCC Bitbrains GCC

RO-VMC 18.62 6.12 27.2 14.57
PEAS 23.72 10.25 33.07 19.60
AFED-EF 29.12 14.8 38.67 23.27
EQ-VMC 34.95 19.75 42.47 27.47
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Figure 5.6: Number of load imbalances per hour on varying host counts using
Bitbrains trace

consumption for all approaches across both workload traces.

5.8.2 Host Count Impact on Load Imbalances

Load imbalance evaluation under varying resource availability uses 105,000 VMs

(5,000 from Bitbrains and 100,000 from GCC) across 24-hour simulations with host

counts increasing from 250 to 1000 in increments of 250, maintaining equal distri-

bution of each host type.

Figures 5.6 and 5.7 demonstrate imbalance occurrence patterns as host count in-

creases. RO-VMC consistently generates lowest imbalance frequency on GCC trace

across all host levels, exhibiting 37-70% fewer imbalances than alternatives. On Bit-

brains trace, RO-VMC slightly lags behind EQ-VMC by 5% but outperforms other
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Figure 5.7: Number of load imbalances per hour on varying host counts using
GCC trace

methods by 20-65%. PEAS exhibits volatile load imbalance patterns. For CPU-

skewed workloads like GCC, PEAS’s CPU consolidation reduces CPU imbalances

but overloads memory and disk resources on densely packed hosts. This ine!ec-

tiveness is exacerbated for balanced multi-resource demands like Bitbrains, where

CPU-centric optimization causes underutilization and multi-resource imbalances.

AFED-EF and EQ-VMC perform better but cannot match RO-VMC’s consistent

performance on GCC trace. On Bitbrains, EQ-VMC slightly outperforms RO-VMC

due to resource reservation focus, while AFED-EF falls short. RO-VMC’s superiority

stems from multidimensional resource optimization, maximizing consolidation op-

portunities regardless of deployment scale. Notably, imbalance frequency decreases

as host count increases due to larger destination host pools enabling more informed

migration decisions and reduced per-host resource demands.

5.8.3 Assessment of QoS

To quantify the e!ect of migration on QoS, three performance metrics are defined.

SLATAH measures the SLA violation time per active host, indicating prolonged
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duration of SLA violations caused by host overloading, defined as:

SLATAH =
1

M

M∑

i=1

T i
over

T i
act

(5.20)

where T i
over and T i

act represent the overloading duration and total active time of

host Hi, respectively. PDM denotes performance degradation due to migrations,

capturing the percentage reduction in expected VM performance:

PDM =
1

Z

Z∑

j=1

Rj
deg

Rj
req

(5.21)

where Z is the total number of VMs operational throughout the execution period,

Rj
deg is the estimated performance degradation of VM Vj and Rj

req is the total CPU

capacity requested by Vj. In this work, Rj
derg is estimated as 10% of Vj’s CPU

utilization, which has been calculated as:

Rj
deg =

1

10

∫ t+Migt
j

t

Dt
jrk

dt (5.22)

where rk = CPU and Migtj is the time taken to migrate Vj at time t. SLAV calcu-

lates the combined impact of SLATAH and PDM, reflecting overall QoS satisfaction:

SLAV = SLATAH · PDM (5.23)

QoS evaluation employs SLATAH, PDM, and SLAV metrics to assess approach ef-

fectiveness. Tables 5.6 and 5.7 summarize performance across both traces, including

frequency of overloading (FO) and VM migrations (VMMs) that directly relate to

SLATAH and PDM respectively.

For SLATAH, RO-VMC slightly lags behind EQ-VMC on Bitbrains trace by

6% due to higher resource demands and workload variations resulting in increased
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Table 5.6: Simulation results on QoS metrics using Bitbrains trace.

FO/hr SLATAH(%) VMM/hr PDM(%) SLAV

RO-VMC 6.8 2.97 64.4 0.026 0.078
PEAS 11.4 3.78 160.1 0.052 0.197
AFED-EF 7.3 3.13 167.5 0.041 0.128
EQ-VMC 5.7 2.78 114.3 0.033 0.092

Table 5.7: Simulation results on QoS metrics using GCC trace.

FO/hr SLATAH(%) VMM/hr PDM(%) SLAV

RO-VMC 3.9 1.83 97.4 0.021 0.039
PEAS 9.3 3.28 208.1 0.034 0.111
AFED-EF 4.7 2.23 194.3 0.028 0.062
EQ-VMC 4.4 2.18 161.2 0.019 0.041

FO despite fewer active hosts. However, on GCC trace, RO-VMC outperforms al-

ternatives by 44%, 18%, and 16% compared to PEAS, AFED-EF, and EQ-VMC

respectively. The consistent workload demands of GCC allow RO-VMC to man-

age VMs with significantly reduced FO, while PEAS consistently underperforms

due to its CPU-centric approach’s inability to handle multi-resource environments

e!ectively.

Regarding PDM evaluation, RO-VMC achieves the lowest VMMs for both traces,

minimizing migration-induced disruptions. For Bitbrains trace, RO-VMC outper-

forms PEAS, AFED-EF, and EQ-VMC by 50%, 36%, and 21% respectively. On

GCC trace, while EQ-VMC outperforms RO-VMC by 9% due to its VM selection

strategy considering both migration time and overloading probability, RO-VMC still

demonstrates superiority over PEAS and AFED-EF by 38% and 25% respectively.

SLAV assessment demonstrates RO-VMC’s overall superiority by combining both

metrics. For Bitbrains trace, RO-VMC outperforms PEAS, AFED-EF, and EQ-

VMC by 60%, 39%, and 15% respectively, while for GCC trace the margins are

65%, 37%, and 4% respectively.
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Figure 5.8: CPU utilization over the simulation period using Bitbrains trace.

5.8.4 Resource Utilization E!ciency

Resource utilization evaluation examines CPU, memory, and disk e!ciency alongside

QoS and energy consumption metrics. Figures 5.8 - 5.13 present the hourly average

CPU, memory and disk utilization of the DC for all the approaches during the

simulation period on both traces. The results demonstrate RO-VMC’s superiority

with performance order: RO-VMC > PEAS > AFED-EF > EQ-VMC.

RO-VMC’s superior performance stems from two key components: game-based

VM placement facilitating minimal resource wastage across all dimensions, and VM

selection designed to minimize non-overutilized resource wastage. PEAS performs

closely with utilization gaps of 1.4%-7.6% for CPU, 8.3%-16.2% for memory, and

6.2%-9.5% for disk, attributed to selecting hosts with smaller capacities for migrat-

ing VMs, maintaining higher utilization states. AFED-EF’s distribution criteria

based on energy consumption and SLA violation product fails to determine optimal

destinations under high dynamicity, exhibiting larger gaps: 16%-23.1% for CPU,

19.2%-27% for memory, and 13.7%-20.6% for disk. EQ-VMC focuses on resource

conservation rather than utilization, showing average reductions of 34.2%-38.17%

for CPU, 27%-33.9% for memory, and 18.1%-24.6% for disk compared to RO-VMC.
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Figure 5.9: CPU utilization over the simulation period using GCC trace.
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Figure 5.10: Memory utilization over the simulation period using Bitbrains
trace.
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Figure 5.11: Memory utilization over the simulation period using GCC trace.
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Figure 5.12: Disk utilization over the simulation period using Bitbrains trace.
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Figure 5.13: Disk utilization over the simulation period using GCC trace.

Overall, RO-VMC emerges as the superior alternative, promoting energy e!-

ciency while providing satisfactory QoS through optimal multi-dimensional resource

utilization.
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5.9 Summary

This chapter addressed the energy e!ciency limitations identified in Chapter 4’s

load balancing framework through the Resource-Optimized VM Consolidation (RO-

VMC) approach, completing the comprehensive cloud resource management solu-

tion. The framework integrated energy optimization with service quality preser-

vation by employing stochastic load imbalance detection using probabilistic re-

source modeling, resource intensity-aware VM selection through multi-criteria deci-

sion making, and game-theoretic VM distribution achieving Nash equilibrium solu-

tions that balanced energy e!ciency with service quality guarantees.

Extensive evaluation using real-world traces (Bitbrains and GCC) demonstrated

RO-VMC’s superiority: 21-65% reduction in active hosts, 17-46% decrease in energy

consumption, 37-70% fewer load imbalances, and 15-65% improvement in overall

QoS metrics compared to existing approaches. The multi-objective optimization

successfully balanced energy minimization with migration control, demonstrating

that aggressive consolidation can be achieved without compromising the service

quality and responsiveness established in previous chapters.

The combination of proactive VM placement (Chapter 3), SLA-aware load bal-

ancing (Chapter 4), and energy-e!cient consolidation (Chapter 5) created a holistic

solution addressing the full spectrum of cloud computing challenges. Experimen-

tal validation demonstrated simultaneous optimization of energy e!ciency, service

quality, and resource utilization across diverse workload scenarios. This thesis de-

livered three interconnected contributions: proactive resource management through

advanced workload prediction and intelligent placement, dynamic load balancing via
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SLA-aware frameworks maintaining service quality during operations, and energy-

e!cient consolidation achieving aggressive optimization while preserving system re-

silience. The stochastic modeling foundation proved instrumental throughout, en-

abling sophisticated decision-making that handles cloud environment uncertainty.

The research demonstrates that comprehensive cloud resource management re-

quires coordinated optimization across multiple time horizons rather than isolated

solutions. The framework’s modular design enables flexible deployment while pro-

viding measurable improvements across all performance dimensions. This integrated

approach establishes a foundation for next-generation cloud systems that adapt in-

telligently to evolving workloads while maintaining optimal performance, advancing

sustainable and e!cient cloud computing infrastructure management. The demon-

strated performance improvements validate the framework’s real-world applicability,

enabling cloud providers to achieve operational excellence through simultaneous op-

timization of energy e!ciency, resource utilization, and service delivery quality.



Chapter 6

Conclusion and Future Work

This thesis presented a comprehensive framework for cloud resource management

that integrates workload prediction, virtual machine placement, dynamic load bal-

ancing, and energy-e!cient consolidation into a unified solution. Motivated by the

fragmented nature of existing approaches that treat interconnected resource manage-

ment challenges as isolated problems, this research established a holistic paradigm

demonstrating that coordinated optimization across the VM lifecycle yields supe-

rior system-wide performance. The stochastic modeling foundation enables sophis-

ticated decision-making under uncertainty, while extensive experimental validation

using real-world workload traces confirmed substantial improvements: 12-46% en-

ergy reduction, 10-39% fewer migrations, 17-70% fewer load imbalances, and 9-33%

improved service quality compared to state-of-the-art approaches.

6.1 Summary of Contributions

This thesis addressed the fundamental challenge of comprehensive resource manage-

ment in cloud computing through an integrated framework coordinating workload

prediction, virtual machine placement, dynamic load balancing, and energy-e!cient

153
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consolidation. The research bridged a critical gap in existing literature where in-

terconnected resource management challenges were treated as isolated problems,

resulting in suboptimal system-wide performance. The primary contribution lies in

establishing a holistic resource management paradigm where multiple optimization

phases operate synergistically across the entire VM lifecycle through three intercon-

nected innovations.

First, a proactive resource management approach combining cluster-specific ma-

chine learning models with statistical-stochastic forecasting enabled accurate work-

load prediction under uncertainty. The temporal pattern recognition framework

identified distinct workload clusters through Agglomerative Hierarchical Clustering

with Dynamic Time Warping, while the stochastic framework provided probabilistic

resource consumption modeling. These predictions informed intelligent VM place-

ment strategies—heuristic-based (MBFD) and game-theoretic (GB-VMP)—optimizing

initial allocation while minimizing energy consumption. Experimental validation

demonstrated 15.2 active hosts while maintaining ¿90% CPU utilization, yielding

up to 12% energy reduction.

Second, an SLA-aware load balancing framework extended optimization from

static placement to continuous operational management through probabilistic over-

load detection and intelligent migration optimization incorporating cumulative SLA

violation tracking. Evaluation demonstrated 10-39% fewer migrations, 17-54% fewer

overloaded hosts, and 9-33% reduction in performance degradation compared to

state-of-the-art approaches while maintaining approximately 68% CPU and 57%

memory utilization.

Third, energy-e!cient VM consolidation through Resource-Optimized VM Con-

solidation (RO-VMC) integrated stochastic load imbalance detection with resource

intensity-aware VM selection and game-theoretic distribution. Comprehensive eval-

uation demonstrated 21-65% reduction in active hosts, 17-46% decrease in energy
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consumption, 37-70% fewer load imbalances, and 15-65% improvement in overall

QoS metrics.

The seamless integration demonstrated that coordinated optimization across

multiple time horizons yields superior performance compared to isolated solutions.

Key principles established include: treating resource consumption as stochastic pro-

cesses enables robust allocation through explicit uncertainty quantification; coor-

dinating optimization across the VM lifecycle yields synergistic e!ects; integrating

multiple paradigms creates complementary strengths; and balancing competing ob-

jectives requires adaptive multi-objective frameworks. The modular design enables

flexible incremental deployment, reducing implementation barriers while facilitating

practical adoption.

6.2 Limitations and Future Scope

Several promising directions warrant investigation to address emerging challenges

and extend framework capabilities.

• Advanced Learning and Heterogeneous Resources: Future research should in-

vestigate deep reinforcement learning for end-to-end optimization capturing

complex phase interactions. Transfer learning could address cold-start prob-

lems, while attention-based architectures may better capture temporal depen-

dencies and cross-resource correlations. Extending the framework to explic-

itly model GPU utilization, specialized accelerators, comprehensive network

topology, and storage performance characteristics would address critical gaps.

Developing unified frameworks handling heterogeneous resources while main-

taining computational tractability through approximation and hierarchical op-

timization presents significant challenges.
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• Scalability and Emerging Paradigms: Hierarchical resource management archi-

tectures with regional controllers and global coordination warrant investiga-

tion for hyperscale deployments. Extending to federated cloud environments

requires addressing heterogeneous pricing, inter-data center costs, and data

sovereignty constraints. Fully autonomous systems automatically adjusting

models and parameters through online learning and self-healing mechanisms

could enhance autonomy. Explainable AI providing transparency through in-

terpretable predictions and decision justification becomes crucial for trust.

Carbon-aware computing considering grid carbon intensity, renewable energy

availability, and geographic load shifting represents increasing environmen-

tal importance. Adapting for serverless computing and containerized work-

loads requiring millisecond-scale decisions necessitates fundamentally di!er-

ent strategies. Quantum computing integration for hybrid quantum-classical

workloads requires entirely new frameworks.

• Intelligent Autonomy and Explainability: Developing fully autonomous sys-

tems automatically adjusting models and parameters based on observed per-

formance through online learning and self-healing mechanisms could enhance

autonomy. Integrating explainable AI to provide transparency through inter-

pretable predictions, decision justification, and root cause analysis becomes

crucial for building trust in automated systems.

• Security and Validation: Security-aware consolidation integrating co-location
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restrictions, isolation requirements, side-channel attack mitigation, and com-

pliance with data sovereignty regulations represents critical needs. Privacy-

preserving management using federated learning, di!erential privacy, and se-

cure multi-party computation could enable cooperation while maintaining con-

fidentiality. Long-term production evaluation assessing performance under di-

verse real-world conditions, integration with existing platforms, and opera-

tional considerations remains essential. Collaboration with providers to estab-

lish standardized interfaces, best practices, and benchmarking methodologies

would facilitate adoption. Economic analysis including total cost of ownership

and return on investment provides necessary business justification.

These directions extend the framework’s capabilities while addressing emerging chal-

lenges. The fundamental principles established—stochastic modeling under un-

certainty, lifecycle-oriented optimization, multi-objective balancing, and integrated

decision-making—provide a foundation for future development. As cloud computing

evolves with increasing scale, workload diversity, sustainability imperatives, and se-

curity requirements, continued research will be essential for next-generation resource

management systems maintaining e”ciency, reliability, and service quality.
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than waiting for performance degradation to occur. As the surge begins, the QoS-Aware Load Balancer dynamically
redistributes incoming requests across newly provisioned VMs, ensuring that checkout transactions — which carry
strict latency SLAs — are prioritized over background analytics jobs. Finally, as tra!c subsides post-midnight,
the VM Consolidation module identifies underutilized physical servers, migrates residual workloads onto fewer
active hosts, and powers down idle servers — directly reducing energy consumption without violating any active
SLAs. This sequential interplay illustrates how workload prediction informs load balancing decisions, and how both
together create optimal conditions for energy-e!cient consolidation, forming a self-reinforcing, closed-loop resource
management cycle.”

(2) Comment: While industry-standard datasets are mentioned, the chapter could be slightly strengthened by
adding a brief justification for the choice of these datasets and how they represent realistic cloud workload scenarios.

(2) Reply: I agree that explaining the dataset choices adds credibility to the research. In response, I have added a
brief dataset justification at the end of Section 1.4.3. The Google Cluster Usage Traces and PlanetLab CPU traces
are introduced here as the empirical basis for validating the proposed framework. Their selection is justified on
the grounds of real-world origin, workload diversity, and recognition as standard benchmarks in cloud computing
research.

(2) Changes: A brief dataset justification has been added at the end of Section 1.4.3 in the revised thesis.

”To validate this framework under realistic conditions, this research employs the Google Cluster Usage Traces
[19] and the PlanetLab CPU traces [20] — both sourced from production-scale cloud environments. These datasets
capture diverse workload types, bursty tra!c patterns, and realistic usage variability, ensuring that the proposed
techniques are evaluated against practical cloud scenarios and remain comparable with existing literature.”

References:
[19] Google cluster data. https://code.google.com/p/googleclusterdata/, Dec 2020.
[20] PlanetLab workload traces. https://github.com/beloglazov/ planetlab-workload-traces/, Dec 2020.”

Chapter 2

(1) Comment: The literature survey discusses several deep learning–based workload prediction approaches such as
LSTM- and GRU-based models. Can you clarify why deep learning models were preferred over traditional machine
learning techniques in certain surveyed works, particularly in handling long-term temporal dependencies?

(1) Reply: The choice of deep learning over traditional methods is rooted in the fundamental limitations of earlier
approaches. ARIMA and time-series methods work well for short, stable patterns but fail when workloads are
dynamic and unpredictable. Machine learning models like k-means and Extreme Learning Machines improved non-
linear pattern capture; however, they still struggled with longer prediction horizons and required manual feature
selection. Deep learning models — particularly LSTM and GRU — were adopted specifically to address these
gaps. Their internal memory mechanisms allow them to retain and process historical context over extended time
sequences. This is critical in cloud environments where workload demand at any given point is heavily influenced
by patterns from hours or even days prior. LSTM achieves this through selective memory cells, while GRU-based
Encoder-Decoder architectures extend it further by supporting multi-step forecasting and automatic trend learning.
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(1) Changes: A clarifying passage has been added in the third paragraph of Section 2.2.1 of the revised thesis.

”Deep learning models were preferred over traditional approaches primarily because of their ability to handle
long-term temporal dependencies. Methods like ARIMA rely on fixed-window assumptions and struggle with dy-
namic, non-linear workload patterns. Machine learning approaches improved on this but remained limited to shorter
prediction windows. LSTM networks address this through memory cells that selectively retain past information
over time, making them naturally suited for workloads where historical patterns strongly influence future demand.
GRU-based models extend this further by enabling multi-step prediction while automatically learning trends and
periodicity — without requiring manual feature engineering. Deep learning was therefore adopted where workload
patterns were complex, non-linear, and temporally extended — conditions where shallower models consistently
underperformed.”

Chapter 3

(1) Comment: The chapter integrates prediction, placement, and energy modeling components in a sequential
workflow. You may consider adding a short discussion on the sensitivity of the overall framework to each component,
particularly how inaccuracies in workload prediction may a”ect the performance of the VM placement and energy
optimization components.

(1) Reply: The concern about sensitivity propagation across framework components is well-founded. In response, I
have added a short discussion at the end of Section 3.6.2, just before the performance evaluation begins. It explains
how prediction inaccuracies can a”ect the heuristic-based placement through suboptimal resource allocation, and
how they can distort payo” calculations in the game-theoretic approach, leading to suboptimal placement outcomes.
The discussion also highlights the built-in mitigation mechanisms — periodic re-training in the ML approach
and continuous parameter updates in the stochastic approach — that actively reduce this sensitivity. It closes
by acknowledging residual vulnerability during abrupt workload changes, naturally motivating the dynamic load
balancing mechanisms covered in Chapter 4.

(1) Changes: A sensitivity discussion has been added at the end of Section 3.6.2 in the revised thesis.

”While both placement strategies are designed to optimize resource utilization and energy e!ciency, it is im-
portant to acknowledge that their e”ectiveness is directly tied to the accuracy of workload predictions. Inaccurate
forecasts can cause the heuristic-based approach to allocate insu!cient or excessive resources, potentially leading
to host overload or unnecessary host activation. Similarly, for the game-theoretic approach, unreliable predictions
distort the payo” calculations, pushing the Nash equilibrium toward a suboptimal placement configuration. To mit-
igate this, the ML-based prediction framework employs periodic re-training at every prediction window boundary,
allowing models to adapt to evolving workload patterns. The stochastic framework counters this through continuous
parameter updates using recent observations, keeping distribution estimates aligned with actual resource behavior.
Together, these mechanisms reduce the downstream impact of prediction errors on placement quality and energy
e!ciency. However, some residual sensitivity remains — particularly during sudden workload bursts or abrupt
behavioral shifts — which motivates the dynamic load balancing mechanisms discussed in the subsequent chapter.”

(2) Comment: Could you clarify whether the statistics reported in Table 3.1 are computed over the entire
simulation duration or over selected representative time intervals?
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(2) Reply: I have added a short clarifying passage to the dataset description paragraph in Section 3.7.1.2. It
explicitly states that the statistics in Table 3.1 are computed over the entire one-month observation period covering
all 1,250 VMs at 5-minute intervals. This makes clear that the reported values reflect the full distribution of resource
behavior across the complete trace and are not limited to any specific or representative time window.

(2) Changes: A clarifying passage has been added to the dataset description paragraph in Section 3.7.1.2 of the
revised thesis.

”It represents aggregate descriptive statistics across the full dataset rather than any selected time window.
This ensures that the reported values — including mean, minimum, median, maximum, and standard deviation —
reflect the complete distribution of resource consumption behavior across diverse workload conditions. The wide
gap between requested and actual resource usage is therefore a consistent characteristic observed throughout the
entire trace.”

(3) Comment: For Table 3.2, can you explain whether the reported power values are derived from empirical
measurements, manufacturer specifications, or adopted from prior studies?

(3) Reply: The power values reported in Table 3.2 are adopted from the publicly available SPECpower benchmark
database, as referenced in Section 3.7.1.1. These values represent standardized empirical measurements collected
under controlled workload conditions across various server configurations. They are neither self-measured nor
derived from manufacturer specifications alone, but are independently verified benchmark results widely adopted
in cloud computing research for energy modeling purposes.

(3) Changes: No changes were required. The source and nature of the power values are already referenced in
Section 3.7.1.1 of the thesis.

Chapter 4

(1) Comment: Chapter 4 presents a well-designed QoS-aware load balancing framework incorporating probabilistic
overload detection and intelligent VM migration strategies. As a minor clarification, could you briefly explain how
the chosen QoS parameters are prioritized when conflicting QoS requirements arise across di”erent applications?

(1) Reply: The framework does not prioritize one application’s QoS requirement over another. Instead, it focuses
on resolving conflicts by satisfying all QoS requirements equally and simultaneously. The multi-criteria decision-
making approach in Section 4.5.1 evaluates all VMs together through a single unified migration score, ensuring
that no single application’s service quality is favored during migration decisions. The weight assignment strategy
considers all resource types jointly, ensuring the selected migration relieves overload without negatively a”ecting
other applications. Additionally, the cumulative SLO violation tracking in Section 4.5.2 continuously monitors every
VM’s service compliance. Migration is triggered only when a VM is at risk of breaching its acceptable threshold —
not because one application is more important than another.

(1) Changes: No separate addition was required. The mechanisms described above are already detailed in Sections
4.5.1 and 4.5.2.
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(2) Comment: Chapter 4 presents the experimental results primarily through figures, which are clear and infor-
mative. As a minor enhancement, could you consider including a concise table summarizing the key QoS metrics
(e.g., SLA violations, response time, migration count) across the compared load balancing methods to improve
readability and quick comparison?

(2) Reply: I have added a summary table at the end of Section 4.8.3, along with a short descriptive passage
introducing it. The table consolidates three key QoS metrics — migration count, response time overhead, and
SLA violations — across all four compared methods for both PlanetLab and GCC traces. The descriptive passage
explains how each metric is defined and derived, making the table self-contained and easy to interpret. All values
are fully consistent with the quantitative findings reported throughout Section 4.8.

(2) Changes: A summary table and a descriptive passage explaining the table have been added at the end of
Section 4.8.3 in the revised thesis.

Table 4.1: Summary of Key QoS Metrics Across Load Balancing Methods

Method
Avg. Migration

Count/hr
Avg. Response Time
Overhead (ms/hr)

Avg. SLA
Violations/hr

PlanetLab GCC PlanetLab GCC PlanetLab GCC
SLA-LB 162.08 132.33 1246 1024 54.25 43.12
RIAL 172.17 156.54 1288 1152 65.20 49.79
Sandpiper 198.83 194.17 1634 1498 118.29 85.25
CloudScale 234.37 217.79 1520 1368 61.58 46.29

”Table 4.1 summarizes the average QoS metrics across all evaluated methods for both workload traces. The
average migration count per hour reflects the rate of VM migrations over the 24-hour simulation period, directly
indicating system stability and migration overhead. The average response time overhead per hour is derived from
the migration time component in Equation 4.29, where migration duration depends on the ratio of VM memory
to available network bandwidth. The average SLA violations per hour are captured through the hourly rate
of overloaded hosts, as host overloading directly leads to resource deficits and service level breaches. SLA-LB
consistently achieves the lowest average migration count and response time overhead across both traces, reflecting
the e”ectiveness of its SLO-aware VM selection. It also maintains the lowest average SLA violations per hour, while
Sandpiper records the highest due to its purely reactive detection mechanism. Overall, SLA-LB delivers the best
balanced performance across all three QoS dimensions simultaneously.”

(3) Comment: While the trends are e”ectively illustrated using plots, you may add a small table capturing the
average or cumulative values corresponding to the figures in Chapter 4, to complement the visual analysis and aid
quantitative interpretation.

(3) Reply: In response to the previous comment, I have already added a summary table at the end of Section
4.8.3 consolidating migration count, response time overhead, and SLA violations across all four methods for both
traces, directly corresponding to the trends in Figures 4.2 through 4.7. Regarding resource utilization e!ciency,
the average quantitative values are explicitly reported within the text of Section 4.8.4. Specifically, SLA-LB main-
tains approximately 68% CPU and 57% memory utilization on average, while the relative performance of RIAL,
Sandpiper, and CloudScale is discussed with their corresponding utilization ranges. The consistent performance
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hierarchy — SLA-LB > RIAL > Sandpiper > CloudScale — is clearly established across both CPU and memory
dimensions for both traces.

(3) Changes: The summary table added at the end of Section 4.8.3 (see response to Question 2 above) addresses
this concern. No additional tables are required, as quantitative values are already present in Section 4.8.4.

(4) Comment: In Figure 4.10 and Figure 4.11, could you indicate whether the utilization distribution represents
steady-state behavior or includes transient e”ects during VM migrations?

(4) Reply: While the question specifically references Figures 4.10 and 4.11, the same observation applies equally
to Figures 4.8 and 4.9, which present CPU utilization trends. All four figures capture both steady-state behavior
and transient e”ects during VM migrations. As described in Section 4.7.1.3, the initial 6 hours serve as a training
and calibration phase. Beyond this, transient dips naturally occur as migrations temporarily redistribute workloads
across hosts. These e”ects are inherently embedded within the reported average utilization values.

(4) Changes: A short clarifying statement has been added at the end of the first paragraph of Section 4.8.4,
immediately after the sentence introducing Figures 4.8 through 4.11.

”The utilization trends presented in these figures capture both steady-state behavior and transient e”ects that
occur during VM migrations. These patterns reflect realistic dynamic cloud conditions observed throughout the
full operational period, beyond the initial 6-hour training phase.”

Chapter 5

(1) Comment: For the figures illustrating active host reduction (Figure 5.2 and Figure 5.3) and energy con-
sumption (Figure 5.4 and Figure 5.5), you may consider adding a small summary table reporting the average or
cumulative values corresponding to these figures to facilitate quick quantitative comparison.

(1) Reply: I agree that while Figures 5.2–5.5 capture hourly trends well, extracting average values for quick
comparison is not straightforward from figures alone. In response, I have added a summary table at the end of
Section 5.8.1. It reports the average number of active hosts per hour and the average energy consumption per hour
for all four approaches. Both traces — Bitbrains and GCC — are covered in a single compact table. The average
values are computed over the full 24-hour simulation and are fully consistent with the figures and the existing text.

(1) Changes: A summary table has been added at the end of Section 5.8.1 in the revised thesis.

”This observation is further supported by the results summarized in Table 5.5, which reports the average number
of active hosts per hour and the average hourly energy consumption for all approaches across both workload traces.”
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Table 5.5: Summary of average active hosts per hour and average energy consumption per hour across Bitbrains
and GCC traces

Approach
Avg. Active Hosts/hr Avg. Energy (kW/hr)
Bitbrains GCC Bitbrains GCC

RO-VMC 18.62 6.12 27.2 14.57
PEAS 23.72 10.25 33.07 19.60
AFED-EF 29.12 14.8 38.67 23.27
EQ-VMC 34.95 19.75 42.47 27.47

(2) Comment: In Table 5.2, could you clarify whether the VM configurations are fixed throughout the experiments
or dynamically adjusted during the consolidation process?

(2) Reply: The VM configurations defined in Table 5.2 are fixed throughout all experiments. They are not
dynamically adjusted during the consolidation process. Each VM type retains its allocated CPU, memory, and
storage capacity for the entire simulation duration. Only the mapping of VMs to hosts changes — not the VM
configurations themselves. This is a standard assumption in VM consolidation studies, where resource capacities
are pre-assigned at VM creation time, and the consolidation process operates solely on VM placement decisions.

(2) Changes: A clarifying sentence has been added in Section 5.7.1.1 of the revised thesis.

”It directly states that VM configurations remain fixed throughout the experiments and are not altered during
the consolidation process.”

(3) Comment: In Table 5.3, you may indicate the time granularity or observation window over which the workload
statistics are computed.

(3) Reply: In this study, the data center resource state is updated every 5 minutes. The workload statistics
reported in Table 5.3 — mean and standard deviation of CPU, memory, and disk utilization — are computed over
these 5-minute interval readings. For the Bitbrains trace, the statistics are derived from 1,000 randomly selected
workloads per day over 10 consecutive days, covering approximately 1,200 VMs daily. For the GCC trace, they are
derived from 200,000 randomly selected tasks from day 18 of the trace. This time granularity is directly tied to
how frequently the RO-VMC framework detects load imbalances and triggers consolidation decisions, and is already
discussed in detail in Section 5.7.1.2.

(3) Changes: No explicit addition was required, as the relevant time granularity context is already present in
Section 5.7.1.2.

Response to Reviewer # 2

I would like to thank Reviewer 2 for the careful and insightful evaluation of the manuscript. The queries and
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suggestions raised by Reviewer 2 are primarily conceptual in nature and pertain to the methodological choices
made across multiple chapters. Concerning these queries and suggestions, the replies and changes to the former
version of the manuscript are as follows:

(1) Comment: Agglomerative Hierarchical Clustering combined with Dynamic Time Warping is known to have
high computational and memory complexity. How does your proposed approach address scalability, and how feasible
is it for large-scale or near real-time workload characterization?

(1) Reply: I fully acknowledge that AHC combined with DTW carries well-known computational concerns —
specifically O(N2) space complexity for the pairwise distance matrix and O(N2 logN) time complexity for the
clustering process. These are valid concerns that deserve careful clarification.

First, workload characterization through AHC-DTW is performed only once — during the o#ine training phase
— and not at runtime. The clustering is applied to historical resource usage traces to identify distinct workload
patterns. Once clusters are formed and cluster-specific prediction models are trained, the characterization step is
not repeated during live system operation. The computational overhead of AHC-DTW therefore has no bearing
on the near real-time responsiveness of the framework. Second, the workload traces used in this study represent
long-running business-critical tasks observed over a period of months. The nature of such workloads is inherently
stable, greatly reducing the need for periodic re-clustering. This is an important practical advantage that further
limits the frequency at which the expensive AHC-DTW computation needs to be invoked. Third, for larger-
scale deployments, several strategies consistent with the framework’s modular design can be employed: (a) batch
or mini-batch processing, as DTW distance computations are embarrassingly parallelizable across CPU cores or
distributed computing nodes; (b) DTW lower-bound approximations such as LB Keogh, which can prune a large
fraction of unnecessary distance computations while preserving clustering quality; and (c) incremental assignment
for new VMs, where new VMs arriving at runtime can be assigned to the nearest existing cluster using a lightweight
nearest-centroid classification step, bypassing the full AHC-DTW pipeline entirely for online operations.

(1) Changes: A clarification regarding the o#ine design choice, the time-consuming nature of AHC-DTW, and
the incremental assignment strategy for new VMs has been briefly added in Section 3.5.1.1 of the revised thesis.

”It is important to note that AHC is computationally expensive, as it requires computing and storing pairwise
distances between all data points. This makes it time-consuming for large-scale datasets. However, in this work,
the clustering is performed only once, o#ine, using historical workload traces. It is not repeated during live
system operation. Moreover, the workloads considered in this study are long-running tasks with stable resource
consumption patterns. Their behaviour does not change significantly over time. This further reduces the need for
re-clustering. For new VMs arriving at runtime, a simple nearest-centroid classification is used to assign them to
the closest existing cluster. This avoids running the full AHC pipeline online, keeping the framework e!cient and
feasible for large-scale deployments.”

(2) Comment: What motivated the use of the Silhouette index as a cluster validation metric?

(2) Reply: The choice of the Silhouette index as the cluster validation metric was motivated by several practical
and methodological reasons specific to this study.

The primary motivation is that the Silhouette index is an internal validity measure — it does not require any
ground truth labels. This is particularly suitable here, as workload characterization is an unsupervised task where
no predefined class labels exist for VM resource usage patterns. The Silhouette index evaluates two complementary
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aspects simultaneously — intra-cluster cohesion and inter-cluster separation — directly aligning with the goal of
workload characterization, where well-separated and compact clusters are essential for building accurate cluster-
specific prediction models. Additionally, the Silhouette index is naturally compatible with the DTW-based pairwise
distance matrix already computed during the AHC process, making it a computationally convenient and consistent
choice within the existing framework. Finally, the Silhouette index provides an interpretable score in the range of
-1 to 1, making it straightforward to determine the optimal number of clusters, as clearly demonstrated in Figure
3.2.

(2) Changes: No separate addition was required. The motivation and usage of the Silhouette index are already
discussed in Section 3.7.1.3 of the thesis.

(3) Comment: Why does e”ective load balancing lead to resource fragmentation, and how does this fragmentation
impact overall energy consumption in cloud data centers?

(3) Reply: As discussed in Chapter 4, e”ective load balancing distributes VMs across multiple hosts to main-
tain balanced resource utilization and prevent overloading. While this achieves its primary goal of service quality
preservation, it does so by spreading VMs broadly across the available host pool. As a result, many hosts end up
operating at moderate utilization levels rather than being densely packed. This spreading e”ect leads to resource
fragmentation, where available resources are distributed across many partially utilized hosts instead of being con-
solidated onto a smaller number of well-utilized ones. Since each host continues to consume power while running,
this situation leads to considerable cumulative energy waste. This is precisely the motivation behind Chapter 5.
The RO-VMC framework is designed as a complementary layer that operates on top of the Chapter 4 solution. It
takes the fragmented host state produced by load balancing as its starting point and systematically consolidates
it — evacuating underloaded hosts, powering them down, and redistributing their VMs onto a minimal number of
active hosts with balanced resource utilization. Experimental results confirm this e”ectiveness: RO-VMC reduces
active hosts by 21–65% and energy consumption by 17–46% compared to existing approaches.

(3) Changes: No changes were required, as this conceptual motivation is already elaborated in Chapter 5 of the
thesis.

(4) Comment: Why was stochastic load imbalance detection chosen over deterministic threshold-based methods
for identifying consolidation opportunities?

(4) Reply: The choice of stochastic load imbalance detection over deterministic threshold-based methods was
motivated by the inherently uncertain and dynamic nature of cloud workloads.

Deterministic threshold-based methods classify a host as overloaded or underloaded based on whether its current
resource utilization crosses a fixed threshold at a given instant. While simple, this approach reacts only to the
current observed utilization value and does not account for variability or uncertainty in future resource demands.
In dynamic cloud environments, a host may appear safe at one instant but become overloaded shortly after due
to a sudden demand spike. Conversely, a host may temporarily drop below the underload threshold due to a brief
reduction in demand, triggering unnecessary migrations that hurt QoS. Deterministic methods cannot distinguish
between these short-term fluctuations and genuine consolidation opportunities. Stochastic detection addresses this
directly. As described in Section 5.2.1, each VM’s resource demand is modelled as a normal random variable with
an estimated mean and variance. Host-level load is characterized as an aggregate distribution, and overloading and
under-loading probabilities are computed analytically. Consolidation decisions are thus based on the likelihood of
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