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Abstract

Cloud computing, a form of distributed computing, promises to deliver reliable ser-

vices through next-generation data centers, built on virtualized compute and storage

technologies. Cloud providers rely on large data centers to offer resources required

by users but the energy consumed by cloud infrastructures has lately become a key

environment and economic concern. Lot of energy is wasted in these data centers due

to the under-utilized resources and therefore these under-utilized resources should be

efficiently utilized to conserve energy.

Another important concern in cloud computing is load balancing. Load Balancing

is essential for distributing dynamic workloads over multiple nodes so that it is ensured

that no single node is overwhelmed. It thus helps in avoiding hot-spots and enhancing

resource utility levels thereby, reducing energy consumption. As energy efficiency has

appeared as the utmost essential design requirement for current computing systems, it

determines the need of energy-aware load balancing in clouds to overcome the issue of

energy-efficiency.

This research work proposes two Energy-aware Load Balancing (ELB) techniques.

These techniques are based on the proposed Energy-aware Resource Utilization (ERU)

model and the Firefly Optimization based Energy-aware Virtual Machine Migration

(FFO-EVMM) technique.

The proposed ERU model efficiently manages cloud resources and enhances their

utilization by allocating the jobs to the appropriate resources, using the Artificial

Bee Colony (ABC) optimization approach. It also maximizes the energy-efficiency of

the cloud data centers through optimal resource usage, without degrading the system

performance.

Thereafter, the FFO-EVMM technique has been proposed that migrates the

maximally-loaded VM to the least energy-consuming node, to reduce the consumed

energy in the cloud data centers at run-time. The proposed technique intends to en-

hance the energy-efficiency through optimum migration of VMs, thereby improving

resource utilization levels.

Finally, the ELB model has been proposed that helps the proposed load balancing

techniques to take energy-aware decisions, from the perspectives of, both the provider

and the user. The two ELB techniques, namely ELB(RU) and ELB(w/o RU), aid the

xiv



system administrator to balance system’s load, across the minimum required active

nodes, in an energy-aware manner. The ELB(RU) technique uses an amalgamation

of ERU & FFO-EVMM. Through ABC-based ERU, the ELB(RU) technique aspires

to maximize resource utilization by appropriately assigning the users workloads to the

energy-aware nodes. Furthermore, by using the FFO-EVMM technique, it migrates the

most loaded VMs to the least energy-consuming nodes, thereby curtailing the energy

needs of the cloud data centers. The ELB(w/o RU) technique strives to augment the

performance of the system by processing maximum number of workloads. It uses only

the FFO-EVMM algorithm for energy-aware VM migrations, consequently avoiding

hot-spots and bringing down the energy consumption levels in the cloud data centers.

The performance of the proposed ABC-based ERU model and the FFO-EVMM

technique has been evaluated by comparing them with the First Fit Decreasing (FFD)

and the Ant Colony Optimization (ACO) algorithms, through CloudSim toolkit. The

results demonstrate that an average of 8.68% of nodes and 8.66% of energy have been

conserved using ERU over FFD and ACO-based techniques. Whereas, an enhancement

in the average energy consumption of about 44.39% has been attained by reducing an

average of 72.34% of migrations and saving 34.36% of hosts, thereby, making the data

center more energy-aware.

A case study has been conducted at the data center of a telecom service provider

“Bharat Sanchar Nigam Limited (BSNL), Chandigarh, India”, to test and validate the

proposed ELB techniques. The competence of the proposed ELB(RU) technique is

exhibited by comparing it with the Round Robin (RR) technique which is currently

being used in BSNL data center and also by comparing it to FFD & ACO. The adequacy

of the proposed ELB(RU) technique is accomplished by saving 40.47% of the average

energy consumption, enhancing 49.68% of CPU utilization level, 24.41% of memory

utilization level, by lowering 63.10% of VM migrations and reducing 53.21% of nodes.

Whereas, the effectiveness of the ELB(w/o RU) technique is presented by comparing

it with RR, FFD, ACO & ELB(RU). The results demonstrate that ERU(w/o RU)

enhances the average performance by 38.55%. It further attains 20.53% of drop in

the average energy consumption by reducing 45.57% of average VM migrations and

by saving 19.64% of nodes on an average. The improved results illustrate that the

proposed ELB techniques effectively balance the load, enhance resource utilization and

performance levels, thereby curtailing the levels of energy consumption in the cloud

data centers.

The empirical evaluation clearly justifies the role of ELB(RU) to be more useful for

aggrandizing the resource utilization levels and ELB(w/o RU) to be more effective in

xv



augmenting the performance of the system. As per the Cloud user or Cloud provider

requirement, the appropriate algorithm can be chosen.

The obtained results have been verified statistically by using the Coefficient of

Variance (CoV), to approve the stability of the proposed ELB techniques.

By reducing consumed energy, all the proposed techniques, indirectly reduce carbon

emissions and cooling requirements of the cloud data centers, leading to a further drop

in the energy demand and helping in achieving green computing.
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Chapter 1

Introduction

Distributed computing integrates geographically scattered computers and distributes

their workload across each computer in such a way so as provide reliable, compatible

and extensive access to the high-end computation. Different paradigms of distributed

computing apparently cluster, grid and cloud computing have appeared over the years.

Cloud computing, has emerged as a new paradigm and the latest evolution of dis-

tributed computing that relocates processing and data from desktops and portable per-

sonal computers, into huge data centers. To rapidly and effortlessly adjust the capacity

of the data centers, the scalable Information Technology (IT) resources as well as the

underlying infrastructure are offered on pay-per-use basis over the Internet, thereby, ac-

commodating the variability in demand and helping any organization to avoid the extra

financial burden. Apart from this, it helps to efficiently manage energy wastage prob-

lems. The dilemma of energy crisis actuates the indispensability of cloud computing,

as it is observed to be the most preferable paradigm for realizing energy efficiency.

This chapter provides a detailed level view of the thesis. It discusses the fundamental

concepts related to the cloud computing along with the importance and necessity of

achieving energy efficiency. It further unfolds its close alliance with other underpinning

technologies and provides the major issues of this area. Henceforth, it provides the

motivation of the research and culminates with the discernment of the contributions

and the organization of the rest of the thesis.

1
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1.1 Cloud Computing: An Overview

Cloud computing, has emerged as a new paradigm of distributed computing that has

migrated the computing and the data from desktops, into huge data centers [1]. It

is an internet-based approach for empowering suitable, on-demand network access to

a communal pool of computing resources like networks, servers, storage, applications,

and services etc. These resources can be provisioned quickly and de-provisioned with

nominal management or interaction of service provider, which in turn stimulates acces-

sibility [2] [3] [4] [5] [6]. To rapidly and effortlessly adjust the capacity of data centers,

the scalable IT resources as well as the underlying infrastructure are offered on pay-

per-use basis over the Internet, thereby, accommodating the changes in demand and

helping any organization to avoid the capital costs of software and hardware [7] [8] [9].

The National Institute of Standards and Technology has defined cloud computing as

“a model that facilitates expedient and dynamic access to a large pool of computing

resources that can be shared, dynamically allocated, and discharged without much

managerial involvements or service provider assistance” [10] [11] [12].

Cloud computing architecture establishes itself on certain key characteristics, a

few of which are overlapping with Grid, Utility, Cluster and distributed comput-

ing [13] [5] [6]. These characteristics are enlisted as follows:

Multi-tenancy - The services owned by multiple cloud providers in a cloud envi-

ronment are co-located in a single data center, which is called multi-tenancy. The

layered architecture of cloud computing paradigm naturally divides the responsi-

bilities, where each layer focuses only on their respective objectives of that layer.

Multi-tenancy along with its benefits, also brings the difficulties in managing and

coordinating interactions among various involved stake-holders.

Shared Resource Pooling - The cloud infrastructure provider generally offers a big

pool of computing resources such that they can dynamically be assigned and re-

assigned to the multiple cloud service consumers. This capability of dynamically

assigning the resources enhances flexibility in managing the resource utilities and

operating costs of the cloud service providers.

Geographic Distribution & Ubiquitous Network Access - The services of the cloud are

accessible through Internet and hence use the Internet as a network for delivering the

services to cloud users. Moreover, in order to offer improved network performance,

most of the cloud data centers are distributed geographically. Thereby cloud vendors

can benefit from this geo-diverseness and thus realize higher utility of services.
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Service Oriented - The cloud paradigm employs a service-driven operating model

and therefore strongly emphasizes on the service management. Each service vendor

offers IaaS, PaaS & SaaS cloud services in accordance with the negotiated Service

Level Agreement (SLA) with the clients. Thus, every cloud service provider ensures

integrity and service provisioning with SLA assurance.

Dynamic Resource Provisioning - This is a key characteristic of cloud computing,

where the computational capability can be acquired and released dynamically. Con-

trarily, the conventional computing involved resource provisioning as per the ex-

tremum demand. The resource allocation carried out dynamically facilitates service

deliverers in obtaining the resources as per the required demand. This aids in low-

ering the operating costs significantly.

Self Organizing - The resource allocation and de-allocation is done on demand basis,

empowering the service providers to manage their resource utilization as per their

needs. The programmed resource management feature enables the service vendors

to quickly react to the prompt changes in the service demand as surge computing.

Utility Based Pricing - A significant characteristic of cloud is that it offers a pay-per-

use pricing model. Although, the pricing schemes vary according to the requested

services. The utility pricing models considerably lower the operating costs because

the users are charged on a per-use basis. This feature of cloud computing introduces

complexities in controlling the operating cost.

After giving the overview and the key characteristics of cloud computing, the fol-

lowing subsections deal with various service models, deployment models and the com-

ponents of cloud computing respectively.

1.1.1 Cloud Service Models

Cloud computing services are classified into three classes as shown in Figure 1.1.The

three types of cloud service models offered by cloud computing are described be-

low [5] [6] [14]:

Software-as-a-Service (SaaS) - It is a multi-tenant platform for offering applications

on the Internet, boxed as a distinguished service for users to access, for example

Google Docs, Face book etc.
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Platform-as-a-Service (PaaS) - It is a framework that provides a specific computing

platform where applications and services are developed, i.e. it is a model that offers

building, testing, deployment, and hosting environments for applications created by

users. e.g. Microsoft Azure and Google App Engine.

Infrastructure-as-a-Service (IaaS) - It is a framework that provides entire computing

resources through a service. Users can hire or purchase required computing resources

for use without operating or managing infrastructure [15]. Examples include Amazon

EC2, Eucalyptus, and Nimbus.

Figure 1.1: Three Service Models of Cloud Computing

The researchers have further classified the cloud services into Hardware-as-a-Service

(HaaS) and Data-as-a-Service (DaaS) [16] [17] [18].

1.1.2 Cloud Deployment Models

Cloud computing is mainly classified (as shown in the Figure 1.2) on the basis of

variation in the physical location and distribution, i.e. the cloud can be implemented

through various types of deployment models as described below [5] [6]:

Public Cloud - Public cloud can be defined as “a cloud that is made available in a

pay-as-you-go manner to the general public” [1]. i.e. these clouds are accessed by the

common people and are maintained by cloud service providers like Microsoft, Google,

Amazon etc. by charging the users according to their usage. These are applicable

when service provider wants users to access all the resources over a network.
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Private Cloud - Private cloud can be defined as an “internal data center of a business

or other organization, not made available to the general public” [1], i.e. a type of

proprietary computing architecture which is exclusively devised for a single organi-

zation and can not be accessed or shared with other organizations. In contrast to

the public clouds, the private clouds are more expensive and secured. Private clouds

are suitable when an organization wants the data to be private and/or controlled,

for example, eBay and HP CloudStart.

Community Cloud - Community cloud is a type of cloud that is shared among various

organizations and supports a specific community with a common tie. This type

of cloud can be made available on or off premises and is managed by a mediator

providing the cloud service [19] [6].

Hybrid Cloud - It is an augmentation of a private cloud with the computing capacity

from public clouds [20], i.e. the cloud environment in which several internal or

external service providers provide services to many organizations. In hybrid clouds,

an organization can use both the private and the public clouds together. Such type

of cloud is used in situations like “cloud bursting” which is the methodology for

temporal leasing of capacity to manage spikes in the load [21]. For an efficient

delivery of services, big IT giants such as HP, IBM, Oracle, and VMware are striving

to develop and benefit from hybrid domain [16] [15].

1.1.3 Cloud Components

Cloud computing constitutes a virtualized pool of infrastructure resources with ap-

plications and services that can be used directly through a self-service portal. Cloud

computing architecture consists of the following components [5] [6]:

Clients - A client interfaces with a cloud through a pre-assigned, subtle layer of

abstraction. This layer carries out communication between the user requests and

the displayed data which is returned in a simple and intuitive way for the user, e.g.

Web Browser or a thin client application.

Data Centers - It is a collection of the different type of servers where the application

is deployed and is available to various clients upon subscribing. It is a repository,

either virtual or physical, used for the storage, management and distribution of the

data as well the information organized in the context of a particular topic.
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Figure 1.2: Four Deployment Models of Cloud Computing

Distributed Servers - These are the servers which are present in geographically dis-

tributed locations, thereby, enabling the service providers more flexibility in terms of

operations as well as security. The implementation of the distributed servers requires

various techniques for maintaining the central control as well as the coordination of

the information related to the configuration of the involved servers.

Cloud Network - A network is the link connecting the wide user-base with the avail-

able cloud service providers. Undoubtedly, the Internet is the most straight-forward

and popular choice to act as the cloud network. Although, advanced network ser-

vices, such as compression, encryption, decryption during data at rest and data at

transit will be beneficial for both the cloud user as well as the cloud service provider.

Cloud API - A cloud Application Programming Interface (API) contains a set of

programmable instructions and techniques that provides an abstraction over a cloud

provider. It encompasses a customized or a discrete provider call which may be used

to increase the amount of control over an implementation of cloud. API calls are

used to build applications for communicating with and accessing the cloud services.

After reviewing the fundamentals of cloud computing such as its key characteristics,

service & deployment models and its components, the next section unfolds its role in
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achieving energy efficiency.

1.2 Cloud Computing and Energy Efficiency

Cloud computing is growing exponentially resulting in a swift enlargement of data-

centers thereby triggering the energy use and posing a concern of energy-efficiency

improvement in data centers. This section describes the importance and necessity

of achieving energy efficiency by citing the impact of a cloud in minimizing energy

demand.

1.2.1 Cloud Data Centers

Cloud computing proposes an intensely networked, scalable, and virtualized environ-

ment to the cloud users without owning and managing the systems [22] [23]. Instead,

the cloud users bank on the enormous space and processing capacity delivered by vari-

ous service vendors [24]. Numerous data centers established to provide variable, nimble

and effective services, empower the clients by immediately accessing the services avail-

able through the creation of virtual instances. The data and services are accessible

perpetually without being location dependent [25]. A wide variety of IT companies,

namely Google, Amazon, Salesforce, Yahoo, Microsoft, and Facebook provide pay-as-

you-go cloud services by establishing their own data centers [15] [26].

1.2.2 Necessitation of Energy Efficiency Measures in Cloud

Data Centers

Since the advancements in computing industry, there has been a growth of high energy

consumption problems and consequently a high energy demand has been noticed. This

section exhibits the consequences of increasing energy consumption in data centers and

measures to achieve energy efficiency in them.

1.2.2.1 Energy Consumption Augmentation in Data Centers

With the growth and expansion of Information and Communication Technology (ICT)

sector, infrastructural requirements changed and gained specialization [27]. Subse-

quently, Internet Data Centers (IDCs) were constructed to centralize and implement

computation within specialized centers, which resulted in a sudden rise in electricity
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consumption levels [28] [29] [30]. As a consequence, many peer-reviewed studies were

conducted to analyze the problems and levels of energy consumption in the data cen-

ters. On the basis of the analysis offered in different reports, the ICT industry was

considered to be the major energy consumer and the increase in energy consumption

became a problem. The International Energy Outlook has surveyed and predicted,

“The energy consumption throughout the world will grow by 56 percent between 2010

and 2040, and ICT industry will be the major culprit” [31].

1.2.2.2 Growing Energy Consumption Levels and its Impingements

Increasing energy consumption levels are complemented with alarmingly high-carbon

and Green House Gas (GHG) emissions (million tonnes) into the environment, posing

a danger to the environmental endurance. Figure 1.3 shows the leading perpetrators

belonging to variable industrial sectors throughout the globe that subsidize to the

amount and percentage level of GHG emissions [32].

Figure 1.3: Percentage contribution of various industrial divisions towards GHG emis-
sions throughout the globe [33].

The energy sector is clearly the major GHG emitter throughout the world. Accord-

ing to a report by Smart2020 [34], the overall emissions from all sources will increase

by 30 percent, while the emissions by the ICT sector will reach up to 180 percent from
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2002 to 2020 [35]. The rising energy consumption increases the Total Cost of Acquisi-

tion (TCA) and the Total Cost of Operation (TCO) [36], further affecting the economic

budget of the service providers [37]. Even, Google needs to implement both the real

and the virtual results in its data centers to decrease the operating expenses [38] [39].

The energy-saving efforts such as energy efficiency techniques are the need of the hour

to meet the increasing energy demands and to reduce costs [40].

1.2.2.3 Measures for Realizing Data Center Energy Efficiency

Several endeavors have been undertaken to promote energy consciousness in ICT data

centers. The attempts were made to manage power distribution among the equipment

to prevent undesired energy losses and power wastage. The use of energy-efficient

equipment within the data centers was also emphasized [41] [28]. The construction of

green buildings and placement of high-power servers were emphasized to minimize the

consumed energy in the data centers [42]. The major ICT giants such as Microsoft,

IBM, and Google recently made energy optimization efforts by establishing their data

centers near locations where inexpensive hydroelectric energy is readily available with

complementary weather conditions [38].

However, despite all these measures, the energy consumption levels did not drop

upto the desired levels. Consequently, the focus shifted onto implementing various

hardware-based energy optimizations, such as using energy-efficient servers etc., the

circuit-level optimizations, the logic-level optimizations and the architecture-level op-

timizations. However, energy efficiency did not mount despite using ideal hardware

and hardware-based energy efficiency approaches. This was due to the use of poor

software designs and programs [41]. As a result, the attention was switched to the

energy-efficient software techniques [43]. Later on, this was observed that the energy

consumption also depended on the resource management strategies, therefore a trend

of developing energy-efficient algorithms to effectively provision resources while accom-

modating available workload and performance requirements was initiated [41].

Even though the technological platforms gradually developed, the attempts to cur-

tail the energy consumption endured at different optimization levels. The energy-

efficient mechanisms were continued to be implemented in several domains. But, cloud

computing acquired captivation when there was an increase in the server utilization

levels and efficient infrastructural organization as a result of cloud implementations.

Consequently, the lower energy demands have led to the development of the energy-

efficient techniques through cloud computing [27]. The variable number of energy
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optimizations in cloud computing at different levels proved beneficial in minimizing

energy consumption.

1.2.3 Accomplishing Energy Efficiency through Cloud Com-

puting

The issue of energy crisis actuates indispensability to seek and eradicate the reasons

for mounting energy consumption. The energy consumption levels are significantly

influenced with the growing number of ICT equipment and its use [44]. Moreover, the

growing levels of energy consumption need to be managed due to the shrinking levels

of the nonrenewable energy sources [45].

Cloud computing has been observed as a solution that is endowed with the

competence to be more energy efficient in comparison to the foregoing computing

paradigms [46]. It offers energy efficient solutions due to the cloud enabling technolo-

gies. In addition to providing on-demand, broader network access, and rapid elastic

services, it assists in managing the energy wastage problems efficiently [47] [48] [49].

It has been anticipated to be the most favored technology to prevail over the energy

crisis and to realize energy efficiency. It has been prophesied that cloud computing can

be an energy saving tool [27] [50] [51].

This section discussed about cloud data centers, impact of growing energy consump-

tion levels and energy efficiency measures in the data centers followed by selecting cloud

computing for realizing energy efficiency. The next section unfolds its close alliance

with the cloud enabling technologies.

1.3 Cloud Enabling Technologies

Cloud computing is actualized with the help of various technologies. The most ba-

sic technology is virtualization as it empowers maximum utilization of underlying re-

sources, followed by load balancing, that helps in distributing overall workload equally

all over the cloud nodes. Finally, the need of the hour is to achieve green computing

which improves the efficiency of computing resources to reduce energy consumption in

cloud data centers.
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1.3.1 Virtualization

Virtualization is, creating a virtual version of the hardware using the software. It

enables the system to execute multiple applications simultaneously on a single physical

server that run on VMs hosted on the server [52]. The simultaneous running of multiple

VMs on a physical server efficiently improves the utility, which is one of the primary

objectives of cloud paradigm [53].

The VMs are hosted and managed by the virtualization layer. It is the software

responsible for hosting and managing all the VMs. It is a hypervisor running directly

on the hardware. Hypervisor plays an important role in the virtualization scenario by

virtualization of hardware. It provides support for running multiple operating systems

concurrently in virtual servers created within a physical server [54]. A few popular

hypervisors are: VMWare, Xen, KVM.

Figure 1.4: Server with Virtualization

As shown in Figure 1.4, in contrast to a server without virtualization, a server with

virtualization can run multiple OS simultaneously, where each OS can have different

hardware configurations, thereby, efficiently utilizing the hardware resources. As can

be seen clearly from the Figure, each virtual machine is independent of the other. Vir-

tualization thus, saves electricity, initial cost to buy servers, space etc. Also, it is easy

to manage and monitor the virtual machines centrally with the help of hypervisors [55].

Hypervisors are implemented in the following two approaches:
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Type I Hypervisor - Also called Bare metal Approach. It runs the hypervisor directly

on the system hardware. This approach may require hardware assisted virtualization

technology supported by the CPU. But, there are only a limited set of hardware

drivers provided by the hypervisor vendor. Examples of the type I hypervisors are:

Xen, VMWare, ESXi.

Type II Hypervisor - Also called Hosted Approach. In this implementation of the

hypervisor, it runs virtual machines on top of a host OS (windows, Unix etc.). Thus,

it relies completely on the host OS for physical resource management. The host

operating system provides drivers for communicating with the server hardware. The

most popular type II hypervisor is VirtualBox.

Hypervisor Virtualization can further be divided into following types:

Full virtualization - It enables hypervisors to run an unmodified guest operating

system (e.g. Windows 2003 or XP). The guest operating system is unaware about

being virtualized. e.g. A blend of direct execution and binary translation techniques,

has been used by VMware to successfully realize the fully virtualized server systems.

Para virtualization - It involves explicitly modifying hooked up OS, so that it is

aware of being virtualized to allow near native performance. This technique improves

performance and lowers the overhead. e.g. Xen supports both Hardware Assisted

Virtualization (HVM) and Para-Virtualization (PV).

Paravirtualization comprises of the modification of the operating system kernel to

substitute non-virtualized instructions with hypercalls. These calls directly interact

with the hypervisor that facilitates hypercall interfaces for other perilous kernel pro-

cesses. On the contrary, in full virtualization, the unmodified operating system is

oblivious of being virtualized and binary translation trap the delicate OS calls.

Hardware-assisted virtualization - It is also known as accelerated virtualization, hard-

ware virtual machine (Xen) or native virtualization (Virtual iron). Under this virtual

environment, confidential and subtle calls automatically entrap the hypervisor, re-

moving the need for binary translation as conducted in full or para-virtualization.

1.3.2 Load Balancing

The coupled resources operate separately or in collaboration with each other in case

of distributed environment. All these coupled resources have some initial workloads
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assigned to them individually and can have distinct processing capacity. This workload

is uniformly assigned to all the above resources based on their computational speed to

diminish the time required to execute all the workloads [56] and thus the need of the

load balancing arises.

Load balancing is the technique in which the tasks are dispensed uniformly to each

and every processor, so that the state of some nodes being over-laden while others being

lightly-laden or even idle can be avoided. Thereby, ensuring that the available resources

are utilized maximally thus improving the response time of applications submitted by

Figure 1.5: Classification of Load balancing

the user [57] [58] [59]. It can be classified into the following categories as shown in

Figure 1.5.

Load balancing techniques can be classified as the Static Load Balancing (SLB) and

the Dynamic Load Balancing (DLB) techniques. In SLB, the assignment of the tasks

to processors is done deterministically or probabilistically at the compile time using

a prior knowledge about the tasks and the system [60] [61], whereas in DLB, load

distribution decision is made at the run-time by making use of the current processes

and the system state information [60]. SLB can further be classified into Optimal SLB

& Sub-Optimal SLB [62] and DLB can further be classified into two categories namely

Distributed and Non-distributed [58].

Load balancing algorithms have the following objectives [58]:
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• High Performance - to obtain higher comprehensive development in system per-

formance at a moderate cost, e.g., lowering down the process time while keeping

reasonable suspensions.

• Job Equivalence - to deal with the jobs in the system evenly, irrespective of their

sources.

• Fault Tolerance - to have performance perseverance under partial breakdown in the

system.

• Scalability - to have the capability to handle any modifications or expansion in the

distributed system architecture.

• System Stability - to maintain the capability to handle critical conditions like unex-

pected flow of incoming jobs without performance degradation as well as reducing

the waiting time among overall jobs.

An important component of a dynamic load balancing algorithm is its policies,

which can be categorized as information policy, transfer policy, selection policy and

location policy. The information policy decides when, from where and what load infor-

mation has to be collected. The transfer policy determines the sending or the receiving

resource of the workload. The selection policy selects the appropriate workload to

transfer and the results of transfer policy are used by the location policy to discover

an appropriate match for a sending or receiving resource [57] [61] [63] [64] [59].

To implement the above mentioned policies global and local strategies are followed.

In global schemes, the judgment of load balancing is taken via global information,

for example, by simultaneity of processors in delivering their performance profiles to

the load balancer whereas the local schemes exhibit similar behaviour as of global

equivalents, but profile data is reciprocated locally inside the group only. The global

strategies are further divided into Global Centralized DLB & Global Distributed DLB

and the two local strategies are Local Centralized DLB and Local Distributed DLB [65].

This section highlighted various cloud enabling technologies like virtualization and

load balancing. The next section elucidates the crucial challenges that lie in the way

of successful adoption of the cloud technology.

1.4 Cloud Computing Challenges

Although cloud computing has been broadly embraced by the IT sectors, still many

existing issues are there, which have not been fully addressed as yet. Some of the key
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challenges are [5] [6]:

1.4.1 Virtual Machine Migration

The emergence of cloud computing and the virtualization support offered by it, has

further corroborated the efforts for realizing energy efficient computing. It has been

observed that the virtualized cloud data centers require lesser energy as compared to

the non-virtualized ICT data centers. The extended facility of migrating the running

VMs without any perceptible downtime, from the massively-laden nodes to the lowly-

laden nodes, helps to manage the workload to minimize energy consumption. The

decrease in the consumed energy is due to the improved node utilization that results

from a well-adjusted distribution and execution of workload on the nodes. The com-

posed distribution of the workload among the nodes prevents node over-utilization that

would have otherwise occurred. The optimally utilized nodes consume low energy in

comparison to the over-utilized or under-utilized nodes [66]. The under-utilization of a

node indicates that it is sitting idle while the over-utilization of a node means that it

is running tasks beyond its capability. The concept of dynamically and transparently

migrating VMs from one host to the other, to find the best target host is known as Live

migration [67]. Apart from this, the key benefit of VM migration is the identification

of hot-spots in the data centers [13]. The over-utilized nodes are the hot-spots and

their identification helps to lower energy consumption by migrating their load to the

less utilized nodes, leading to green cloud data centers [68].

Presently, perceiving workload hotspots and instigating a migration, lacks the swift-

ness to counter unexpected workload variations, which is a major challenge. The

hotspots can be avoided by VM migration. VM migration enabled by virtual envi-

ronment, can deliver substantial benefits in cloud paradigm like balancing load and

enabling highly responsive provisioning in data centers [16] [45] [4] [13].

1.4.2 Server Consolidation

For the upsurge of resource utilization and to reduce the consumed energy, server

consolidation is an efficient process. The server consolidation also termed as task

consolidation, is the method to assign n jobs to r cloud resources without the violation

of time constraints, thereby maximizing utilization of the resources and minimizing

the consumed energy. The energy occupied by the under-utilized resources in a cloud

paradigm, brings about a considerable quantity of absolute energy use. A resource



16 Chapter 1 Introduction

distribution approach, considering resource utilization, prompts to improved energy

efficiency. It further augments with the virtual environment which enables virtual

machine migration to balance the load across all the nodes in data centers and to avoid

hotspots [66] [13].

Server consolidation is a big challenge as it may affect the application performance

and resource congestion if a server is maximally consolidated. It is imperative to

perceive the timely variations in VM resource usage for effectual consolidation of the

servers. Also, there is a need to rapidly respond to the congestions of the resources. An

individual server is exclusively used by Live VM migration technology to unite various

VMs of less used servers. Thus, the less used servers are deviated to energy-saving

state [69] [70].

1.4.3 Energy Management in Cloud

Improvising energy efficiency is additional dominant matter in cloud paradigm. The

main concern is to fulfil government regulations and environment criterions, instead of

only dropping down the energy cost in the data centers. Energy-aware job scheduling

and server consolidation are the main approaches by which the energy consumption of

unused machines can be scaled down. Energy-efficient network protocols and infras-

tructures are also gaining importance. But the most important agenda is to attain

energy savings as well as application performance [45] [66] [13].

Energy efficiency is important for the future ICT too. The advancements and

pervasiveness of ICT, combined with energy costs hike and the requirement for GHG

emissions reduction, also calls for energy-efficient solutions to curtail the comprehensive

energy consumption of computation, storage and communications [45]. Cloud paradigm

promotes application of data center resources in ICT services [4].

Green computing [71] [72], is the method of application of policies and measures to

enhance the efficacy of computing resources that leads to minimization of the consumed

energy and the influence of their utilization on the environment. [73] [24] [33] [41].

There is a necessity for the swift and expansible access to high-end computing

capacities due to the high recognition of High Performance Computing (HPC) [74].

This kind of environment is provided by cloud computing technology by easing the

users to use data and services from cloud anyplace in the world on demand and pay

basis [7]. This technology consists of data centers facilitated by speedy computer

networks which can execute services effectually on the Internet rather than on local
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Figure 1.6: Green Computing in Clouds

and/or PCs. Also, hosting and operating these services on the cloud is inexpensive [3].

Owing to exponential evolution of cloud paradigm & its ability to provide high-end

computing capabilities, it has widely been embraced by HPC users and ICT industry,

resulting in a swift enlargement of data-centers. This enlargement has triggered the

energy use as well as its cost, thereby, reducing gain surplus of cloud vendors. This

also influences surroundings as carbon footprints [7] [75]. The association of energy

consumption and carbon emission has raised a concern of energy-efficiency improvement

for both industry and society to accomplish green computing [72] [13]. So, there is a

dire need to find energy-aware solutions to curtail energy consumption of the cloud

data centers [33] [45] [41].

Energy-efficient solutions are required (as shown in Figure 1.6) which are able to

remark the upsurge in the consumed energy in the perception of both the cloud provider

and the environment, thereby achieving green computing.

1.4.4 Load Balancing

One of the prime demands in cloud computing is load balancing. Load balancing in

cloud paradigm is used to obtain higher level of user satisfaction and resource utilization

ratio. Resource utilization can be enhanced with suitable load balancing, causing added

minimization in energy consumption and carbon emission rate, that is the need of the
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hour in the area of cloud computing [71] [16] [58].

“Load Balancing in clouds is a mechanism which distributes the excess local work-

load evenly to the whole cloud to achieve a high user satisfaction and resource utiliza-

tion ratio [76].” It is required for scalability, high availability and high performance

in clouds. By dynamically balancing the load among the servers, hot-spots can be

avoided and resource utility levels can be improved.

Despite the above mentioned factors, load balancing is an important requisite to

attain green computing in clouds. The following three factors aid in achieving the

same.

• Curtailing Energy Consumption - The consumed energy is curtailed by preventing

overheating. This is done by harmonizing the workload over different nodes in a

cloud.

• Minimizing Carbon Emission With the attainment of load balancing in cloud envi-

ronment, the energy consumption is reduced, which leads to the minimization of the

carbon emission rate. This aids in realizing green computing.

• Reducing Cooling Requirements - Cooling requirements of huge data centers are also

huge, due to the enormous amount of energy consumption in these data centers. So,

if the consumed energy is reduced, the cooling requirements also go down, leading

to further reduction in energy consumption, thereby achieving green computing.

Hence there is a prompt requirement to design and develop an energy-efficient load

balancing technique in clouds to achieve green computing.

This section summarized the dominant issues in the way of cloud adoption. The fol-

lowing section describes load balancing and energy management in cloud environment,

which have been chosen as the area of research for this thesis.

1.5 Research Motivation

Data centers are often provisioned to handle peak loads, which can result in low re-

source utilization and wastage of energy. Resource utilization directly relates to energy

consumption, so it should be optimized in order to save energy [71] [16] [66] [13]. Cloud

computing’s potentiality for convincing energy savings has so far been aimed at hard-

ware features. Contrarily, software systems can also be improved at development time

by postulating the energy characteristics [45].
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In cloud paradigm, load balancing is needed for the redistribution of the workload

among nodes to prevent a state of some nodes being over-laden while others being

lightly-laden or even idle. The workloads should be mapped to various resources un-

der the constraint of energy optimization [45]. With efficient load balancing, resource

utilization can be enhanced which can further reduce energy consumption thereby

reducing carbon emissions and cooling requirements of cloud data centers. Every oper-

ational physical node in a cloud, produces heat. When a specific node is unreasonably

used, hot-spots can appear in a given data center. Therefore not only the aspect of

load has to be considered, but also the heat generated by a service has to be measured

and accounted for to avoid these hot-spots [45].

As a result, there is a necessity for the development of a near optimal load bal-

ancing technique that is capable of improving the performance of cloud computing.

This technique should be able to balance the workload over the minimum number

of required nodes along with the maximum resource utilization. This should lead to

the reduction in the energy consumption, thereby dropping the carbon emissions and

cooling requirements of the cloud data centers, to an extent which can help to achieve

green computing.

Due to the factors outlined above, the energy-aware load balancing for cloud com-

puting environment has been the motivation behind this work. The following section

details the contributions of the thesis.

1.6 Thesis Contributions

This research contributes in the following ways:

• It critically analyzes the detailed literature of various existing load balancing tech-

niques along with a detailed study of the work in the area of resource utilization

and VM migration techniques, prevalent in the cloud computing environment. It

also provides a qualitative comparison of the existing bio-inspired approaches with

respect to their parameters like convergence, premature convergence, service, etc.

• To address the challenge of resource under-utilization, an Energy-aware Resource

Utilization (ERU) model based on ABC optimization approach, has been proposed

for the cloud computing environment. It increases the utilization of server resources,

reduces energy consumption and heat dissipation, hence contributes directly to green

computing.
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• To address the issue of hot-spots and VM migrations, the Firefly Optimization based

Energy-aware VM migration (FFO-EVMM) technique has been proposed to achieve

energy efficiency in the cloud data centers.

• The credibility of the proposed ERU model and FFO-EVMM approach has been

justified by executions in the CloudSim Simulator.

• An Energy-aware Load Balancing (ELB) model has been proposed that makes

energy-aware load balancing decisions from both the provider and the user per-

spectives. Two ELB techniques, namely ELB(RU) & ELB(w/o RU), have also been

proposed, to balance the system load, thereby enhancing resource utilization and

performance levels, hence reducing energy consumption of the cloud data centers.

• A case study has been conducted at BSNL, Chandigarh, to test and validate the pro-

posed ELB techniques. The algorithms have been empirically evaluated by compar-

ing them with the existing load balancing algorithms. The obtained results illustrate

the efficacy of both the approaches.

• Statistical analysis of the results has been performed in order to assess the accuracy of

the estimated performance indices by using coefficient of variation. The coefficients

of variation have been calculated for resource utilization, energy consumption and

performance results achieved by the proposed ELB techniques and existing load

balancing algorithms.

• By reducing the consumed energy, all the proposed approaches indirectly reduce

carbon emissions and cooling requirements of the cloud data centers, leading to

further reduction of energy and hence achieve green computing.

This section provided an insight into various contributions offered by the thesis.

The next section presents the details of the organization of this thesis.

1.7 Thesis Organization

After the introduction to the thesis in Chapter 1, the rest of the thesis is structured as

follows:

Chapter 2 presents the literature survey in the area of load balancing, resource

utilization and VM migration techniques. This chapter describes load balancing and

its basics, followed by a detailed survey of existing load balancing techniques. It also

lays out a discussion on the existing work of various authors for the efficient utilization
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of cloud resources pursued by an up-to-date survey of a wide range of VM migration

techniques. Finally, it outlines various bio-inspired techniques and concludes with the

objectives of the thesis. Chapter 2 is partially derived from:

• Kansal N.J. and Chana I., Cloud Load Balancing Techniques: A Step Towards Green

Computing, International Journal of Computer Science Issues (IJCSI), IJCSI Publi-

cation, ISSN (Online): 1694-0814, Vol. 9, Issue 1, No 1, pp. 238-246, January 2012,

cited by 127.

• Kansal N.J. and Chana I., Existing Load Balancing Techniques In Cloud Computing:

A Systematic Review, Journal of Information Systems and Communication (JISC),

Bioinfo Publications, ISSN: 0976-8742, E-ISSN: 0976-8750, Vol. 3, Issue 1, pp. 87-91,

March 2012, cited by 46.

Chapter 3 proposes an Energy-aware Resource Utilization (ERU) model that is

based on the ABC optimization approach. It analyzes the requirements, architecture

and the components of the proposed approach along with a discussion on its mode of

operation in the model. It moves on to presenting the Artificial Bee Colony (ABC)

optimization technique which is the basis of the proposed ERU model and gives the

detailed design, algorithm and the flowchart of ERU. This chapter further depicts

the performance analysis of the ERU model over the existing FFD [77] & ACO [78]

approaches, by using the CloudSim simulator. Chapter 3 has been derived from :

• Kansal N.J. and Chana I., Artificial bee colony based energy-aware resource utiliza-

tion technique for cloud computing, Concurrency and Computation : Practice and

Experience (CCPE), Wiley Online Library, Vol. 27, Issue 5, pp. 1207-1225, May

2014, DOI:10.1002/cpe.3295, cited by 9.

Chapter 4 proposes a FireFly Optimization based Energy-aware Virtual Machine

Migration (FFO-EVMM) technique that performs the live migration of VMs from one

active node to the other active node. Initially, it presents the Firefly optimization

technique which is the basis of the proposed VM migration technique, followed by

the design of FFO-EVMM technique. Later, it provides the detailed description of

the proposed algorithm along with its pseudocode and the flowchart. This chapter,

further presents the verification and the implementation of the proposed FFO-EVMM

technique over FFD & A in the CloudSim toolkit. Chapter 4 has been derived from :

• Kansal N.J. and Chana I., Energy-aware Virtual Machine Migration for Cloud Com-

puting - A Firefly Optimization Approach, Journal of Grid Computing (JoGC),



22 Chapter 1 Introduction

Springer, Vol. 14, Issue 2, pp. 327-345, February 2016, DOI:10.1007/s10723-016-

9364-0, cited by 2.

Chapter 5 proposes an Energy-aware Load Balancing (ELB) model that makes

energy-aware load balancing decisions from both the provider and the user perspec-

tives. This chapter initially presents various modules, working phases and the data

flow representation of the ELB model. It then proposes two ELB techniques, namely

ELB(RU) & ELB(w/o RU), that effectively balance the load, thereby enhancing the

resource utilization and performance levels, hence, curtailing the energy consumption

of cloud data centers. Further, it provides the detailed description of the proposed

approaches along with their algorithms. Chapter 5 has been partially derived from :

• Kansal N.J. and Chana I., An empirical evaluation of an energy-aware load balancing

technique in cloud data center, Journal of Cluster Computing (JoCC), Springer.

Chapter 6 demonstrates the verification details, experimental setup and testing

results of the proposed ELB techniques. The proposed ELB techniques have been

tested and validated by carrying out a case study of BSNL data center, Chandigarh.

The performance of the proposed ELB (RU) technique has been compared with the

three standard algorithms, FFD [77], ACO [78] & RR whereas the performance of the

proposed ELB (w/o RU) technique has been compared with ELB (RU), FFD, ACO

& RR. The results of the proposed algorithms with variation in workloads, CPU &

memory utilization levels & number of VM migrations have been analyzed which vary

in the cloud environment. Also, all the proposed algorithms have been evaluated with

respect to both the energy consumption levels and the performance. The testing results

demonstrate that the proposed solutions can effectively be used to address the low

resource utility and high energy consumption challenges to establish an energy-aware

cloud data center. Chapter 6 has been derived from :

• Kansal N.J. and Chana I., An empirical evaluation of an energy-aware load balancing

technique in cloud data center, Journal of Cluster Computing (JoCC), Springer.

Chapter 7 gives the concluding remarks on the research by highlighting the signif-

icant contributions of the work done. Future directions of the implemented research

work have also been presented towards the end of this chapter. The chapter concludes

the thesis, by explaining briefly, the outcome of each of the chapter.



Chapter 2

Literature Survey

The previous chapter introduced cloud computing paradigm giving an insight into its

essential characteristics, various service and deployment models. Besides presenting

cloud components, it portrayed the necessity of achieving energy efficiency in cloud

data centers by citing the impact of a cloud in minimizing energy demand.

Clouds being an outgrowth of previous distributed paradigms, require novelty in load

balancing capabilities along with efficient resource utilization and energy management.

Server consolidation improves resource utilization by uniting several VMs onto a single

server and VM Migration helps in load balancing and evading hot-spots in data centers

thereby dipping energy consumption levels. This chapter conducts an extensive analysis

of existing load balancing, resource utilization and VM migration techniques that are

being used to accomplish load balancing task. Efficiency of load balancing directly relates

to the compliance with user satisfaction level, hence, development of new techniques is

essential for performing load balancing in an energy-aware manner to enhance resource

utilization, performance levels and energy efficiency of cloud data centers.

This chapter introduces load balancing and its basics, followed by a detailed survey

of existing load balancing techniques. Then it lays out a discussion on the existing work

for efficiently utilizing the cloud resources pursued by an up-to-date survey of a wide

range of VM migration techniques. Finally, it outlines various bio-inspired techniques

and the concluding section pens down the objectives of the thesis.

23
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2.1 Load Balancing

The interconnected resources operate separately or in teamwork with each other in case

of distributed environment. All these combined resources have some initial workloads

assigned to them individually and can have divergent processing ability [79].. This

workload is consistently allocated to all the above resources based on their computa-

tional speed to minimize the time needed to perform all the workloads [56] and thus

the need of the load balancing arises. “Load balancing is a mechanism to distribute

the dynamic workload evenly to all the nodes. It is required to achieve a high user

satisfaction and resource utilization ratio [76]”. It also helps in preventing bottlenecks

of the system which may occur due to the load imbalance. Load balancing facilitates

the continuation of the service, by implementing fair-over and ensures that every com-

puting resource is distributed efficiently and fairly [16] [80] [81]. In other words, the

load balancing distributes the tasks evenly to all the processors so that the condi-

tion, where some processors are overloaded while others are lightly loaded or even idle,

could be avoided. It ensures the maximal utilization of available resources which in

turn improves the response time of applications submitted by the user [57] [58] [59].

The taxonomy of different existing LB schemes as presented in the literature, is shown

in Figure 2.1 & the details are discussed in the subsequent sub-sections.

2.1.1 Load Balancing Categories

As per the existing literature, the load balancing algorithms can be classified into the

following categories:

Static Load Balancing (SLB): In static load balancing, assignment of tasks to pro-

cessors is done deterministically or probabilistically at compile time using a prior knowl-

edge about the tasks and the system [60] [61]. SLB can further be classified into [62]:

Optimal SLB - The entire statistics about the system state and the resource require-

ments is needed for optimum workload distribution.

Sub-Optimal SLB In case of the non-existence of the optimal solution, sub-optimal

procedures are applied to escort a load balancing process. These procedures depend

on rules-of-thumb and empirical methods.

Dynamic Load Balancing (DLB): In DLB, load distribution decision is made at

run-time by making use of the current processes and system state information [60].

DLB can further be classified into two categories [58]:
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Figure 2.1: Load Balancing Taxonomy
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Distributed All system nodes are accountable for load balancing in a distributed

system. These nodes interact in two ways- cooperative and non-cooperative. In a

cooperative form, nodes work together to realize a global target, e.g., to enhance

the systems response time. Whereas, in a non-cooperative form, every node works

individually in the direction of a local goal, e.g., to improve a local tasks response

time.

Non-distributed The accountability of load balancing in a non-distributed system

is either of a single or some nodes but not of all nodes. It can also be achieved

in two ways- centralized and semi-distributed. In the centralized method, the load

balancing is the responsibility of the central node. The remaining nodes interact with

the central node but not with each other. In the semi-distributed method, nodes

are segmented into groups. Load balancing within each group is centralized and

the responsibility of load balancing for the whole distributed system is distributed

among the central nodes of each group.

2.1.2 Load Balancing Goals

Some of the major goals of load balancing algorithms are [58]:

High Performance - to obtain higher comprehensive development in system per-

formance at a moderate cost, e.g., lowering down the process time while keeping

reasonable suspensions.

Job Equivalence - to deal with the jobs in the system evenly, irrespective of their

sources.

Fault Tolerance - to have performance perseverance under partial breakdown in the

system.

Scalability - to have the capability to handle any modifications or expansion in the

distributed system architecture.

System Stability - to maintain the capability to handle critical conditions like unex-

pected flow of incoming jobs without performance degradation as well as reducing

the waiting time among overall jobs.
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2.1.3 Load Balancing Policies

One important component of a dynamic load balancing algorithm is its load balancing

policies [57] [61] [63] [64] [59]. These policies help in collecting and managing system

status information and can be classified as shown in Figure 2.1.

Information Policy : Information Policy decides when, from where and what load

information has to be collected. It can be further divided into the following types:

Load measurement rule - Load of several nodes in a distributed system is measured

by a load index metric. Various metrics can largely be distributed into two main

groups - simple and complex.

Simple indices The load taken into account is that on the CPU, including CPU

queue length, average CPU queue length over a certain period, extent of available

memory, context switch rate, system call rate and the CPU utilization.

Complex load indices - These comprise of a number of metrics, each linking to

only one resource, such as CPU, disk, memory and network. The metrics that

create the load index can be joined to contribute a single load value. These can

be denoted as a tuple comprising of a number of components, one per metric.

Load information exchange policies - These policies can largely be grouped into three

categories: demand driven, periodic and state-change driven.

Demand driven - In demand driven policies, the load information is exchanged

only when it is required.

Periodic - In periodic policies, the load information is collected periodically.

State-change driven - In state-change driven policies, the dissemination of load

information is triggered by a change of the load to a certain degree.

Load information location policies - Either a central storehouse can be adopted to

maintain the load statistics of all the nodes of a system or a distributed approach

can be used where every node gathers data regarding the load state of the other

nodes of the system.

Policies for load information quantity - Either collect the load information of all the

processing nodes in the system i.e. globally or of the node in question i.e. locally.

Transfer Policy : Transfer Policy determines the sending or receiving resource of

the workload. These can further be classified as:
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Threshold transfer policies - may decide that a source/target initiates a transfer of

workload to a target/source if the load of the source/target exceeds/falls a certain

threshold.

A relative transfer policy - considers the difference between the loads of targets

in a domain. If the loads differ more than a certain threshold, workload can be

transferred.

Periodic transfer policy - periodically checks if the nodes state qualifies for a workload

transfer.

Event-triggered transfer policies - initiates workload transfer either due to state

change of any node, or due to arrival of new workload at a source.

Sender-initiated policies - heavily loaded node decides to transfer some workload.

Receiver-initiated policies - a lightly loaded node tries to receive some workload from

heavily loaded nodes.

Symmetrically-initiated policies - both senders and receivers may initiate a workload

transfer.

Location Policy : Location Policy uses results of the transfer policy to find a suitable

partner for a sending or receiving resource. Five typical policies are:

Random policies - A transferal companion is nominated at random, and its load-state

is overlooked.

Threshold policies - A node is selected as a potential partner if its load index is either

less than or equal to a preset threshold value.

Lowest policies - A node is selected as a partner if its load index is zero.

Preferred list - Each node orders all other nodes into a preferred list and the first

node of this list is selected to transfer the load.

Least policies - A node with the smallest load index is selected as a partner.

Selection Policy : Selection Policy selects appropriate workload for transfer. It can

be of two types:

Sender-initiated - In sender-initiated policies, busy nodes choose tasks to transfer to

another node.
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Receiver-initiated - In receiver-initiated policies, lightly loaded nodes inform the

potential senders, about the types of tasks they are willing to accept.

2.1.4 Load Balancing Strategies

Following load balancing strategies are used to implement the load balancing policies

[65].

Global Strategies : In global methods, the load balancing judgement is made using

global information, i.e., all the processors harmonize and direct their performance

summaries to load balancer. These are further divided into:-

Global Centralized DLB (GCDLB) - The load balancer, positioned on a centralized

processor directs the processors to send the load to other processors, specifying the

receiver and the amount of load to be transferred.

Global Distributed DLB (GDDLB) The load balancer, imitated on all the proces-

sors broadcasts the summary statistics to all the processors, thereby eradicating the

necessity to direct the instructions.

Local Strategies : These are same as their global counterparts, except that summary

data is swapped locally inside a group only. The two local strategies are:-

Local Centralized DLB (LCDLB) - There is only one master load balancer, in place

of one per group.

Local Distributed DLB (LDDLB) There is a full replication of the load balancer.

2.1.5 Load Balancing Metrics

The various metrics identified from the existing load balancing techniques

are [62] [63] [64]:-

Overhead Associated It defines the amount of overhead incurred while realizing a

load-balancing approach. It consists of overhead due to movement of tasks, inter-

processor and inter-process communication.

Resource Utilization - is practiced to inspect the utilization of resources.

Processor Thrashing It occurs, when the maximum number of the processors are

busy in relocating the processes without realizing any valuable work in an endeavour

to appropriately schedule the processes for better performance.
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Pre-emptiveness - It is associated with the inspection of the executing jobs, whether

they can be moved to other nodes or not.

Predictability It is associated with the deterministic or nondeterministic factor to

forecast the result of the algorithm.

Adaptability It is used to inspect whether the algorithm can adjust to varying

circumstances.

Stability It is associated with interchanging the current workload state statistics

amongst processors.

Scalability It is the capability of an algorithm to accomplish load balancing for a

system with any finite number of nodes

Response Time It is the extent of time taken to respond by a particular load bal-

ancing approach in a distributed system.

Load Balancing Time - is the amount of time that elapses between the job arrival

time and the time at which the job is finally accepted by a node.

Reliability - is to determine the reliability of any approach in case of a node failure.

Fault Tolerance It is the capability of an approach to execute uniform load balancing

despite of random node failure.

After reviewing the basics of load balancing, the next section portrays a detailed

survey of various non-energy-aware and energy-aware load balancing techniques.

2.2 Existing Load Balancing Techniques in Clouds

Load balancing in clouds, distributes the workloads evenly across all the nodes. By

doing this, a situation could be prevented where some nodes are overloaded while

others are lightly loaded or even idle, thereby avoiding hot-spots, ensuring maximum

resource utilization, hence improving performance by reducing response time of cloud

users’ jobs [57] [58] [59]. These techniques can be classified into two categories namely,

non-energy-aware & energy-aware load balancing techniques. As the name suggests,

the non-energy-aware techniques do not consider the energy consumption factor, which

is in contrast to the energy-aware techniques, that consider the energy consumption as

one of the primary goals to achieve green computing.



2.2 Existing Load Balancing Techniques in Clouds 31

2.2.1 Non-energy-aware Load Balancing Techniques

The following load balancing techniques are currently prevalent in clouds :

H. Mehta et al. [82] have proposed a new content aware load balancing regulation

named as “Workload and Client Aware Policy (WCAP)”. It uses a “Unique and Special

Property (USP)” to specify the USP of the requests as well as computing nodes. The

USP aids scheduler for the decision making of the appropriate node for processing

the requests. This approach is executed in a distributed way with low overhead. It

increases the searching optimization of the system thereby minimizing the idle time of

the computing nodes and refining their utilization.

A. M. Nakai et al. [83] have designed a new server-based load balancing regulation

for web servers which are decentralized globally. It uses a middleware to implement a

protocol that redirects the requests to the closest remote servers without overloading

them. This assists in decreasing the service response times. A heuristic is also used to

aid overload sustenance of the web servers.

Y. Lua et al. [84] have given a “Join-Idle-Queue” load balancing algorithm for dy-

namically expandable web services. This algorithm provides enormous load balancing

with distributed dispatchers by. The load balancing work is detached from the critical

path of request processing, thereby effectively reducing the system load. Further, no

communication burden is obtained at job arrivals and actual response time is also not

increased.

X. Liu et al. [85] have offered a “lock-free multiprocessing load balancing solution”

that prevents the use of shared memory as compared to other multiprocessing load

balancing criterions. This has been achieved by reforming the Linux kernel. The overall

performance of load balancer is improved in a multi-core environment by executing

various load-balancing channels in one load balancer.

J. Hu et al. [86] have suggested a genetic algorithm based scheduling strategy on

load balancing of VM resources. This strategy uses the historical and current state

of the system, to compute the influence of required VM resource allocation on the

system. By selecting the least-affective solution, it supports in analysing the problem

of load-imbalance and expenses of migration, thereby attaining reasonable resource

utilization.

A. Bhadani et al. [87] have presented a “Central Load Balancing Policy for Vir-

tual Machines (CLBVM)” that proportions the load equally in cloud computing. The
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system performance is enhanced but fault-tolerant systems are not considered.

H. Liu et al. [88] have advised a “Load Balancing Virtual Storage Strategy (LBVS)”

that offers a high extent “Storage as a Service model” based on cloud Storage. A three-

layered architecture is used to accomplish storage virtualization. Two components are

used for load balancing. The efficacy of concurrent access is boosted by the use of

replica balancing, thereby decreasing response time and increasing disaster recovery

capacity. Additionally, supporting adaptability and power of the system.

Y. Fang et al. [89] have talked over a two-level task scheduling technique based on

load balancing to meet active needs of users and get a high resource utilization. Here,

load balancing is acquired by first assigning jobs to VMs and then VMs to resources,

thereby increasing job response time, resource utilization and overall performance of

the cloud environment.

M. Randles et al. [90] have examined a “decentralized honeybee-based load balanc-

ing technique” acquiring global load balancing through local server activities. System

performance has been improved with amplified system multiplicity making it suitable

for varied service types. The throughput remains the same with the growth of system

size [91] [92].

They have also presented a decentralized and expandable load balancing tech-

nique. This technique practices random sampling of the system domain to realise

self-organization, thereby obtaining load balancing over system nodes. The system

performance has been enhanced with comparable resources, consequentially improving

throughput by proficiently exploiting the amplified resources. Whereas the perfor-

mance of the system lowers with variation in resources [91] [92] [93].

Further, the authors have examined a “self-aggregation load balancing technique”

for the optimization of job allocations. This is obtained by joining comparable services

using local re-wiring. In this, the enhancement in the number of resources, results

in the improved system performance. Moreover, the effective usage of these resources

helps in increasing the throughput. Again, the upsurge of system diversity degrades

the system performance [91] [92] [94].

Z. Zhang et al. [76] have projected a “Load Balancing mechanism based on Ant

Colony and Complex Network Theory (ACCLB)” in a cloud federation. Superior load

balancing is reached by using small-world & progression-free features of a composite

network. The system performance is improved by overpowering heterogeneity, fault

tolerance and achieving decent scalability.
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S.-C. Wang et al. [95] have offered a two-phase scheduling approach by integrating

“Opportunistic Load Balancing (OLB) and Load Balance Min-Min (LBMM)” schedul-

ing algorithms. OLB aids in fruitful realization of load balancing whereas LBMM is

exploited to diminish the overall completion time by lessening the task execution time.

This collective methodology benefits in efficient resource utilization and enhanced work

efficiency.

An event-driven load balancing technique has been advised by V. Nae et al. [96]

for real-time “Massively Multiplayer Online Games (MMOG)”. The load balancing

activities of the game period have been produced, after evaluating the constituents of

capacity events in terms of resources and game sessions global form. A game session

is being scaled up/down on several resources in accordance with the flexible user load.

R. Stanojevic et al. [97] have offered “CARTON”, which is a process to regulate

cloud. This process combines Load Balancing (LB) and Distributed Rate Limiting

(DRL). The tasks are evenly dispersed on various servers by using LB to diminish the

associated costs. However, a reasonable resource allocation is preserved using DRL.

To maintain the equal performance levels of servers, DRL is acclimatized to the varied

capacities of the servers. As there is little computation and communication burden,

therefore this approach is implemented with ease and simplicity.

Y. Zhao et al. [98] have addressed the problem of intra-cloud load balancing

by adaptive live migration of VMs. VMs are assured to be migrated from high-

cost hosts to low-cost hosts by using a load balancing approach known as “COM-

PARE AND BALANCE”. The load balancing is achieved and VMs’ migration time is

reduced by considering a load balancing model.

A. Singh et al. [99] have designed a load balancing technique called “VectorDot” that

deals with the hierarchical intricacy of the cloud data-center and multi-dimensionality

of resource loads, over servers, storage and network switches. The nodes are discrimi-

nated based on their requirements by using the dot product. This helps in eliminating

excess loads from servers, switches and storage nodes.

Table 2.1 shows the summary of existing non-energy-aware load balancing tech-

niques in cloud computing. This review identifies the techniques, their environment,

description and characteristics in accordance with the details provided in each of the

selected papers.
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Table 2.1: Analysis Table of Existing Non-energy-aware Load Balancing Techniques

Technique Environment Description Characteristics

Decentralized Distributed -Uses a unique and special -Improves the searching

content aware computing property (USP) to map performance hence increases

[82] requests & computing nodes overall performance

-Uses content information -Reduces idle time of the

to narrow down the search nodes

Server-based LB Distributed -Uses a protocol to limit -Reduces service response

for Internet web servers redirection rates to avoid times by redirecting requests

distributed remote servers overloading to closest servers

services -Uses a middleware to support without overloading them

[83] this protocol

-Uses a heuristic to tolerate

abrupt load changes

Join-Idle-Queue Cloud data -First assigns idle processors -Effectively reduces the

[84] centers to dispatchers for availability of system load

idle processors at each dispatcher -Does not increase

-Then assigns jobs to processors actual response times

to reduce average queue length -Incurs no communication

of jobs at each processor overhead at job arrivals

Lock-free multi- Multi-core -Runs multiple load- -Improves overall

processing balancing processes performance

solution for in one load balancer of load balancer

LB [85]

Scheduling Cloud -Uses Genetic algorithm, -Solves the problems

strategy on Computing historical data and of load imbalance

LB of VM current state of system and high migration

resources to achieve best load balancing cost

[86] and to reduce dynamic migration

CLBVM [87] Cloud -Uses global state -Balances the load evenly

Computing information to make to improve overall
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load balancing decisions performance

-Does not consider

fault tolerance

LBVS [88] Cloud -Uses Fair-Share Replication -Enhances flexibility

Storage strategy to achieve and robustness

Replica load balancing module -Provides large scale

which in turn controls net data storage

the access load balancing and storage as a service

-Uses writing balancing

algorithm to control

data writing load balancing

Task Cloud -First maps tasks -Improves task response

Scheduling Computing to VMs and then time & resource

based on LB VMs to host resources utilization

[89]

Honeybee Large scale -Achieves global -Performs well as

Foraging Cloud load balancing system diversity increases

Behavior Systems through local -Does not increase

[90] server actions throughput as system

size increases

Biased Large-scale -Achieves load balancing -Performs better with

Random Cloud across all system nodes high and similar

Sampling systems using random sampling population of resources

[93] of system domain -Degrades as population

diversity increases

Active Large-scale -Optimizes job -Performs better with

Clustering Cloud assignment by connecting high resources

[94] systems similar services by -Degrades as system

local re-wiring diversity increases

-Utilizes the increased

system resources to

increase throughput
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ACCLB [76] Open Cloud -Uses small-world and -Overcomes heterogeneity

Computing scale-free characteristics & Adaptive to dynamic

Federation of complex network to environments

achieve better load balancing -Excellent in fault

tolerance & Good

scalability

(OLB + LBMM) Three-level -Uses OLB (Opportunistic -Efficient utilization

[95] Cloud Load Balancing) to keep of resources

Computing each node busy and -Enhances work

Network uses LBMM (Load Balance efficiency

Min-Min) to minimize

execution time of each task

Event-driven Massively -Uses complete capacity -Capable of scaling up

[96] Multiplayer event as input, analyzes & down a game session on

Online Games its components and multiple resources according

generates the game session to the variable user load

load balancing actions -Occasional QoS breaches

Carton Unifying -Uses Load Balancing -Simple & Easy

[97] framework to minimize associated to implement

for cloud cost and uses -Very low computation

control Distributed Rate Limiting & communication overhead

for fair allocation of resource

COMPARE Intra-Cloud -Based on sampling -Balances load amongst

AND -Uses adaptive live servers & Reaches

BALANCE migration of VMs equilibrium fast

[98] -Assures VM migration

from high-cost hosts

to low-cost hosts

-Assumption of having

enough memory with each

physical host

VectorDot [99] Datacenters with -Uses dot product -Handles hierarchical &
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integrated server to distinguish node multidimensional resource

and storage based on item constraints

virtualization requirement -Removes overloads on

server, switch and storage

From Table 2.1, it can be analyzed that the most of the existing load balancing

techniques have mainly focused on reducing service response time and improving per-

formance. A few of these techniques have targeted towards reducing the associated

overhead and migration cost and handle fault tolerance. Only a few have considered

resource utilization factor. But, none of the techniques has worked towards achiev-

ing the high resource utilization, performance and reducing energy consumption levels

collectively, thereby enhancing energy efficiency in cloud data centers.

The next subsection portrays a detailed survey of the various energy-aware load

balancing techniques prevalent in cloud computing.

2.2.2 Energy-aware Load Balancing Techniques

To reduce the energy consumption in the cloud data centers, a lot of research is being

conducted as surveyed in [33] [41]. Many energy-aware techniques have been proposed

and devised to overcome the wastage of energy in cloud data centers. Load balancing

being an influential energy management technique, is being vigorously investigated to

manage the data center energy. This section briefly discusses the existing energy-aware

load balancing techniques in cloud computing. The non energy-aware load balancing

techniques in cloud computing have been listed and discussed in the above subsection.

Megharaj et al. [100] have recommended a two level centralized scheduling model

of load balancing in cloud to overcome the high communication cost of the distributed

algorithms and a single point of failure problem of centralized algorithms. This model

is hierarchical with the Global Centralized Scheduler (GCS) at the higher level and the

Local Centralized Scheduler (LCS) at the next level. The authors have not proposed

any energy-efficient solution. They have just said that suitable energy efficient load

balancing algorithms for cloud may be designed to demonstrate load balancing to

achieve green computing.

Ruzan et al. [101] have formulated a hybrid algorithm using genetic optimization

algorithm and Hadoop MapReduce framework to promote the energy efficiency in the
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cloud computing platform. The authors have focused on obtaining the minimum op-

timization value thereby improving a bit of the energy efficiency of servers. Their

work considers only CPU utilization and the energy saving parameters and values are

implicit.

Anandharajan et al. [102] have focused on finding the best efficient cloud resource

by using a co-operative power-aware scheduled load balancing technique for an efficient

computational cloud as a solution to the cloud load balancing challenge. The authors

have worked towards energy efficiency by considering a hardware approach.

Galloway et al. [103] have projected a power aware load balancing (PALB) algo-

rithm for cloud Computing and Adhikari et al. [104] have devised a double threshold

energy aware load balancing algorithm (DT-PALB) which is an extension of the PALB

technique. Both the approaches decide the number of active compute nodes based

on their utilization percentages thereby providing an adequate availability to compute

node resources and decreasing the overall power consumed by the local cloud. The DT-

PALB performs better than PALB but both the approaches instantiate the VMs on

the least utilized nodes and work towards reducing the number of active nodes to save

energy. They have not dealt with enhancing the resource utilization and performance

levels, reducing the number of VM migrations to save energy.

Ghafari et al. [105] have suggested a power-aware load balancing method which is

a hybrid of artificial bee colony algorithm and the minimal migration time algorithm,

to decline the power consumption in the cloud computing, thereby declining the CO2

production and the operational cost. However, there is a trade-off between the en-

ergy consumption and providing high quality of service to the customers. Also, their

approach does not consider the energy optimization at the memory level which is a

primary source of energy consumption in data centers.

A green solution for cloud computing with load balancing and power consumption

management has been proposed by Dalapati et al. in [106]. The authors have empha-

sised only on the scheduling of jobs for proper load balancing in virtual machines and

then putting the idle or unused machines to sleep mode for better power management

leading to a green cloud computing solution. They have aimed to implement it prac-

tically with a neural network predictor. The energy optimization at the memory level

has not been considered.

In [107] [108], Sallami et al. have presented a load balancing solution with neural

network to achieve green computing. The artificial neural network predicts the demand
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and thus allocates the resources according to the demand thereby achieving the low

energy consumption. Their approach does not consider the CPU and the memory as

resources explicitly.

The work of RamKumar et al. [109] has offered an adaptive earliest deadline first

(AEDF) algorithm to consume cloud virtual resources efficiently and to balance the

load effectively. The authors have focused on minimizing the amount of active servers

by setting a workload threshold thereby achieving energy savings. Their work does not

consider the CPU & the memory utilization separately. The energy saving parameters

and values are implicit.

Table 2.2 below presents an analysis of the energy-aware load balancing techniques

presently available in cloud computing environment.

Table 2.2: Analysis Table of Existing Energy-aware Load Balancing Techniques

Technique Characteristics Drawbacks

Ruzan -Hybrid algorithm -Obtains minimum optimization value

et al. -Uses genetic optimization algorithm -Improves very little energy

[101] and Hadoop MapReduce framework efficiency of servers

-Considers only CPU utilization

-Energy saving parameters & values

are implicit

Anandharajan Co-operative power-aware scheduled Hardware approach

et al. [102] load balancing technique for cloud

Galloway -Power aware load balancing(PALB) Only reduces active nodes to save

et al. algorithm energy

[103] -Decides the number of active compute

nodes based on their utilization % &

provides an adequate availability of

resources

Adhikari -Double threshold energy aware load Only reduces active nodes to save

et al. balancing algorithm (DT-PALB) energy

[104] -Extension of PALB

- Performs better than PALB
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Ghafari -Power-aware load balancing method -Trade-off between energy consumption

et al. -Hybrid of ABC and minimal migration & high quality of service

[105] time algorithms -Does not consider energy consumed

-Declines CO2 production & operational by memory

cost

Megharaj -Two level centralized scheduling model -Did not propose any energy-

et al. -Overcomes the high communication efficient solution

[100] cost of distributed algorithms

-Overcomes a single point of failure

of centralized algorithms

Dalapati -Green solution with load balancing - No energy consumption at

et al. [106] and power consumption management memory level

Sallami -Load balancing solution using neural Does not consider the CPU and

et al. network to predict the demand memory as resources

[107] -Allocates resources according to explicitly

[108] demand to achieve energy efficiency

RamKumar -Adaptive earliest deadline first(AEDF) -Does not consider CPU & memory

et al. algorithm to efficiently use cloud utilization separately

[109] virtual resources and to balance the load -Energy saving parameters & values

-Minimizes active servers to achieve are implicit

energy savings

After a comprehensive investigation conducted to study various existing load bal-

ancing techniques in cloud computing, it can be inferred that most of the techniques

have emphasized on the CPU utilization as the sole unit to accomplish energy effi-

ciency. None of the techniques offer energy optimization at the memory level. Only,

the number of active nodes have been reduced to save energy and VM migration is

not targeted. Further, the values of energy-saving parameters have not been calcu-

lated, but are implicit only. Also, some of the techniques have not been analyzed

practically. As optimum resource utilization contributes directly towards the energy

efficiency, therefore, the next section studies various resource utilization techniques

currently prevailing in cloud computing.



2.3 Existing Resource Utilization Techniques 41

2.3 Existing Resource Utilization Techniques

Resource under-utilization is a major impediment in achieving energy efficiency in

cloud data centers. It is basically a large-scale optimization problem due to the het-

erogenous and dynamic nature of cloud resources. Resource utilization allows these

under-utilized resources to be used efficiently to reduce their wastage and to curtail

energy consumption [110]. To conserve energy, the jobs need to be allocated to the

cloud resources in such a way so as to use them efficiently. This section surveys the

research work accomplished in this area.

The emergence of cloud computing as a new paradigm, where computing is treated

as a utility, has given rise to large data centers [1]. Hardware capacity of these data

centers is typically over-provisioned because it is hard to adjust dynamically, resulting

in too much hardware, that is highly inefficient at delivering IT services. Most data

centers host applications on dedicated servers due to the demands of different users

to run their applications in isolation [111] [112]. Thus, these servers are fully utilized

only for a fraction of time, while remain under-utilized for other times. This leads to a

problem of server sprawl [113], that is multiple servers mostly remaining under-utilized.

Under-utilized servers consume more power and require more resources for cooling than

required by the average workloads running on them [114] [112] [115]. Hence, these

resources that run at average utilization rates of only 5-15% [116] are at the root of

energy consumption problem which is a critical issue for IT organizations today. High

energy consumption gives rise to another problem of high heat dissipation or CO2

emission, being one of the causes of global warming. Hence, there is a need to develop a

solution to make use of these under-utilized resources to save energy [45] [117]. Further,

this solution has to be efficient to maximize the resource utilization thereby minimizing

energy consumption, hence reducing CO2 emissions and cooling requirements of cloud

data centers.

The technologies like server consolidation and virtualization have been used to im-

prove resource utilization and energy-efficiency of clouds. The efficient utilization of

resources can be achieved via Server Consolidation (SC) [118], that is a process of

aggregating several applications running on multiple servers into a reduced number

of physical hosts to increase server utilization. The idle servers can be turned off or

put to sleep mode to reduce energy consumption in data centers [13] as components

like discs, memory, network devices, also consume energy and a server that seems to

remain idle may still use up to 60% of its peak power [45]. SC is enabled through

virtualization that is a technology to enable partitioning of one physical node into sev-
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eral equivalent (similar cloud distribution) Virtual Machines (VMs) capable of hosting

independent operating system instances [111] [119] [120]. This reduces the amount

of hardware in use, thereby reducing the complexity of managing the infrastructure.

Virtualization further enables one to exploit the power of unused computing resources

by consolidating different workloads on a server and hence improves the utilization of

its resources [121] [4] [112].

Efficient resource utilization techniques are essential in HPC systems to allocate

incoming workloads to efficient system resources while satisfying the performance and

energy efficiency goals. Scheduling of computational resources helps to optimize the

execution of workloads thereby achieving higher resource utilization levels [IBM About

2013], consequently lowering energy demand. In other words, the level of resource

utilization and the amount of consumed energy are closely related as the resources,

if under-utilized or over-utilized, demand more energy. Thus, the optimal resource

utilization debases the energy consumption levels [66] [122]. Several energy-efficient

strategies for resource utilization have been presented as studied in the existing work.

These are as follows :

Beloglazov et al. [123] [4] have proposed efficient heuristics for dynamic adaption

of VM allocation at run-time according to the current utilization of resources applying

live migration to minimize energy consumption. The algorithms do not depend on a

particular type of workload. Sharifi et al. [124] have proposed a scheduling algorithm to

map VMs onto PMs to maximize the energy reduction while keeping the performance

isolation between applications. They have focused on managing energy consumptions

and efficient utilization of processor and disk resources using live migration of VMs,

which is a costly operation and incurs overhead that directly impacts the response time

and energy consumption.

Bobroff et al. [125] proposed and evaluated a dynamic server consolidation algorithm

that uses historical data to forecast future resource demand and relies on periodic

utilization patterns to reduce the number of physical nodes.

Song et al. [126] have proposed resource allocation to applications according to their

priorities in multi-application virtualized cluster. They have also introduced three

levels of scheduling to improve the resource utilization resulting in reduced energy

consumption. Cardosa et al. [127] have proposed an approach to consolidate VMs

according to their pre-defined maximum and minimum resource requirements. Though

the allocation of VMs in heterogeneous environments, is power-efficient, yet it requires

the knowledge of application priorities and considers only CPU as a resource.
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Srikantaiah et al. [69] have proposed an algorithm based on the measured optimal

points to consolidate workloads in order to balance energy consumption and perfor-

mance. They studied the impact of consolidation of multiple workloads with different

resource usage on performance, energy usage, and resource utilization. However, their

approach is application and workload type dependent.

Kusic et al. [128] have used lookahead control (LLC) method to define the problem

of performance and power efficient resource-management in virtualized heterogeneous

environments. It performs necessary reallocations depending on the prediction of future

requests. Their model requires simulation-based learning and is complex in nature

resulting in high execution time.

Authors in [4] [66] [129] [114] have merely focused on reducing the number of ac-

tive servers by consolidating many tasks onto fewer servers. This may increase the

level of complexity and conflicts within consolidated applications thereby increasing

energy consumption in the long-term. Lee and Zomaya [66] have presented two energy-

conscious task consolidation heuristics, which aim to maximize resource utilization by

assigning each task to the resource on which the energy consumption for executing the

task is explicitly or implicitly minimized without the performance degradation of that

task.

Feller et al. [130] have presented a nature-inspired Ant Colony Optimization (ACO)

based workload placement algorithm to compute the placement dynamically according

to the current load. This ACO-based approach has been compared to FFD to show

energy gains through better server utilization and a reduced number of machines.

However, the computation time required to derive the placement and thus the energy

spent in computation are significantly higher in ACO-based approach as compared to

FFD approach.

Table 2.3 demonstrates an assessment of the existing resource utilization techniques

presently applicable in cloud computing environment.

Table 2.3: Analysis Table of Existing Resource Utilization Techniques

Technique Characteristics Drawbacks

Beloglazov -Efficient heuristics for run-time VM allocation -Do not depend on a particular

et al. -Considers current utilization of resources type of workload

[123] -Minimizes energy consumption -Does not include power consumed
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[4] by memory & network resources

Sharifi -Scheduling algorithm to map VMs onto PMs -Do not consider Memory

et al. -Maximizes energy reduction -Live migration is costly and

[124] -Performance isolation b/w applications incurs overhead

-Resources are processor & disk -Impacts the response time and

-Live migration of VMs energy consumption

Bobroff Dynamic server consolidation -Forecasted resource demand & relies

et al. on periodic utilization patterns

[125] -Reduces physical nodes only

Song -Resource allocation to applications -Requires knowledge of application

et al. -Three levels of scheduling priorities

[126] -Improves resource utilization -Considers only CPU as a resource

-Reduces energy consumption

Cardosa -Consolidates VMs -Application priority knowledge is

et al. -Requires pre-defined maximum and required

[127] minimum resource requirements -Considers only CPU as a resource

Srikantaiah -Consolidates workloads based on the -Application and workload type

et al. measured optimal points dependent

[69] -Balances energy consumption & performance

Kusic -Uses lookahead control (LLC) method -Prediction of future requests

et al. -Performs reallocations depending -Requires simulation-based

[128] on Prediction of future requests learning & complex in nature

-Power and performance management -High execution time

Buyya -Reduces active servers & consolidates -Increases complexity & conflicts

et al. many tasks onto fewer servers within consolidated applications

[4] [66] -Increases energy consumption in

[129] [114] long-term

Lee & -Two energy-conscious task consolidation -Alleviates overhead running costs

Zomaya heuristics -Increases energy consumption in

[66] -Maximizes resource utilization long-term

-Energy consumption is explicitly or -Offers no high performance

implicitly minimized guarantee
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-Performance is not degraded

Feller -ACO based workload placement -Computation time is higher

et al. -Dynamic placement according to current -Energy spent in computation is

[130] load higher

-Energy gains through better server -Extreme dependency on workload

utilization & reduced number of machines & resource details, can not handle

the nature of tasks

As analyzed by Table 2.3, the discussed resource utilization techniques consider

only CPU as a resource. Memory as a resource has not been considered in any of

the techniques. Some of the techniques do not guarantee high performance due to

their increased complexity and inability to resolve the conflicts within consolidated

applications, thereby leading to energy wastage.

After identifying the existing resource utilization algorithms in the area of cloud

computing, the next section highlights distinct virtual machine migration techniques

that are presently existent in the cloud computing environment. The virtual machine

migration technique is required to migrate virtual machines from an over-loaded active

node to an under-loaded active node in order to balance the load and to save energy.

2.4 Existing VM Migration Techniques

Cloud computing [131] characterizes a vital step in computing by offering shared com-

putational power of the resources on demand [121]. Being grounded on the fundamental

concept of virtualization [132], it has significantly transformed the manner of delivering

the IT services with minimized infrastructural requirements. The virtual environment

involves the creation of multiple VMs (or virtual servers) on a single physical node.

In actual context, the multiple operating systems (OSs) can run on a single OS un-

derlying the same hardware platform. The running of virtual servers minimizes the

resource idle time, thus preventing resource under-utilization [38] [133]. Additionally,

the reduction in the amount of required hardware, lowers the power needed for opera-

tion which consequently cuts down the energy demand. The diminution in the energy

demand by ICT sector is highly appreciated in the current scenario of rising energy

crisis. Energy efficiency [134] has thus gained prominence in ICT data centers that host

massive servers resulting in the induced upsurge of energy consumption levels [135].
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The emergence of cloud computing and the virtualization support offered by it, has

further corroborated the efforts for realizing energy efficient computing. It has been

observed that the virtualized cloud data centers require lesser energy as compared to

the non-virtualized ICT data centers. The extended facility of migrating the running

VMs without any perceptible downtime, from the heavily-loaded nodes to the lowly-

loaded nodes, helps to manage the workload to minimize the energy consumption.

The decrease in the consumed energy is due to the improved node utilization that

results from a well-adjusted distribution and execution of workload on the nodes. The

composed distribution of workloads among the nodes prevents node over-utilization

that would have otherwise occurred. The optimally utilized nodes consume less energy

as compared to the nodes that are over-utilized or under-utilized [66]. The under-

utilization of a node indicates that the node is sitting idle while the over-utilization of

a node means it is running tasks beyond its capability. The concept of dynamically

and transparently migrating VMs from one host to the other, to find the best target

host is known as Live migration [67]. Apart from this, the key benefit of VM migration

is identification of hot-spots in the data centers [13]. The over-utilized nodes are the

hot-spots and their identification helps to lower the energy consumption by migrating

their load to the less utilized nodes, leading to green cloud data centers.

A lot of research is being conducted in the area of cloud computing to reduce the

power consumption in data centers as surveyed in [33] [41]. Many different techniques

to overcome the power wastage have been proposed and devised with and without

VM migration. Live VM migration is being vigorously investigated since long and

numerous techniques have been developed to migrate a running VM from one active

node to the other active node. It has been observed to be an influential technique

for efficiently managing the data center energy. Most of the prevailing VM migration

methodologies for energy management in cloud data centers are not straight forward,

as primarily they involve VM consolidation or VM placement approaches at the higher

level of implementation. This section briefly discusses such techniques.

Feller et al. [136] have put forward a scalable and autonomic VMs management

framework that uses a centralized ACO-based VM consolidation algorithm to locally

consolidate the VMs. Tarighi et al. [137] have offered a fuzzy decision making based VM

migration scheduling algorithm, that discovers the maximally loaded servers and takes

a migration decision by using TOPSIS (Technique for Order Preference by Similarity

to Ideal Solution) approach. Wood et al. [138] [118] have suggested two gray-box and

black-box approaches for virtualized cluster to diminish the hotspots by monitoring
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and detecting hotspots and then allowing the live migration of VMs. Marzolla et

al. [139] have projected a VM consolidation protocol based on a coarse-grained gossip

that apply local VM consolidation by migrating the VMs from the smallest laden node

to the greatest laden node. All the above mentioned techniques have considered VM

migration in one or the other way, but there is no reflection of energy savings.

Nathuji et al. [119] have designed an architecture for the management of the energy

in the virtualized data centers by using VM live migration to consolidate multiple VMs

on a single server. Tolia et al. [140] have practiced a short-term VM migration for con-

solidating workloads and to put the under-utilized servers in the sleep mode. Lim et

al. [141] have presented a way of consolidating VMs onto a lesser number of hosts by

dynamically migrating virtual machines to save energy in a virtualized environment.

A multi-objective profit-oriented algorithm to place VMs has been proposed by Goiri

et al. [142]. Performance in terms of SLA violations, energy efficiency and overheads

of virtualization have been considered in this algorithm. Ghribi et al. [135] have of-

fered a combination of an exact VM allocation algorithm and an exact VM migration

algorithm for reducing the number of nodes and hence to save energy in cloud data

centers. Verma et al. [143] [144] have proposed a framework that examines the VM

placement algorithms by considering the energy and the migration costs as well as the

performance benefit in a virtualized sever cluster, to maximize performance and to

minimize energy consumption. Mehta and Neogi [145] have preseneted a ReCon tool

to dynamically consolidate servers in data centers. The VMs are mapped to the servers

by considering the static and the dynamic costs of physical servers, the cost of VM

migration, and the resource consumption data from the history. The work cited here,

does not consider energy consumption done by memory which is a prime contender for

energy consumption in cloud data centers [33] [41].

An approach for VM consolidation has been offered by Cardosa et al. [127] that

agrees to the highest and lowest resource requirements of the VMs to achieve energy-

efficiency. Resource utilization is improved and energy consumption is reduced by

consolidating several VMs onto a single server. Effectual energy-aware heuristics to

allocate VMs dynamically have been advocated by Beloglazov et al. [133] [123] [135].

These heuristics practice live migration of VMs to minimize energy consumption by

reducing the number of used nodes and without having required the knowledge of

VMs applications [146] [147]. A solution for VM placement and consolidation that is

grounded on Bernoulli trials has been proposed by Mastroianni et al. [148] by con-

sidering energy and migration cost. Dong et al. [149] have recommended a scheme
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to place VMs that meets several resource restrictions to reduce energy consumption

by enhancing resource utilization and by saving number of used servers and network

elements. All these papers have emphasized on the VM placement techniques and their

focus is mainly on reducing the used servers in order to lower the energy levels without

considering the reduction in number of VM migrations.

Vu et al. [150] have projected a VM placement algorithm that enhances the perfor-

mance of communication by decreasing the overall cost of the virtual machine traffic

and saves energy by increasing the utilization of the CPUs. Sekhar et al. [151] have

designed an energy efficient VM live migration technique based on greedy heuristics to

curtail the consumed energy in cloud data centers. Jung et al. [152] have established

a framework to optimize the energy consumption by using the live VM migration for

consolidating virtual servers and by switching-off the idle servers in cloud data cen-

ters. Bila et al. [153] have offered a technique that partially migrates the VMs that

are idle and are running on the desktops of the users to a consolidation server to re-

duce overall consumed energy. Graubner et al. [154] have extended the Eucalyptus

cloud management framework to incorporate the support for live migration and con-

solidation. Xiaoli et al. [155] have presented an energy-aware VM placement algorithm

for making cloud data centers more energy-efficient by increasing resource utilization.

The resource utilization as well as the energy cost in migrations have been considered

in their approach. None of the techniques listed in this paragraph, deals with CPU

and memory utilization for lowering the energy consumption. Also, they attempt to

diminish the consumed energy without considering the hosts and the VM migrations.

The technique mentioned in [156] mainly targets the reduction in the number of

active nodes and the number of VM migrations to cut down the consumed energy

in the overall data center. The energy saving parameters and values are implicit i.e

no specific values have been given. This techniques does not individually compute the

energy consumption of VMs and nodes which is important to keep a track of the energy

consumption of each and every VM and node in the cloud data center further helping

in analyzing the workload handling capacity of the node.

The authors in [123] advocate different energy-aware heuristics for dynamically al-

locating VMs in accordance with the current resource utilization. The live migration

of VMs is practiced to set aside the free resources that are then switched to the sleep

mode, hence cutting down the energy consumption done by them when in idle mode.

The main focus for preserving the free resources is to lower the SLA violations and to

improve the energy-efficiency of the data center. These heuristics run on varied under-
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lying infrastructure and assorted VMs while maintaining the SLA constraints imposed

by the users. They have primarily attempted to optimize the energy consumption done

by the processor while missing out the energy consumption done by the memory. The

memory is one of the most vital elements of emphasis in the power and energy usage

optimization in the current scenario [157]. In order to achieve an optimal VM mi-

gration and placement, it is important to consider the current utilization of processor

and memory which have been observed to be the major power consuming units in a

system [33] [41] [157].

Table 2.4 exhibits an evaluation of various existing virtual machine migration tech-

niques in cloud computing environment.

Table 2.4: Analysis Table of Existing Virtual Machine Migration Techniques

Technique Characteristics Drawbacks

Graubner -Extension of Eucalyptus cloud -CPU & memory utilization not

et al. management framework for live considered

[154] migration & consolidation -Hosts are not saved

-VM migrations are not reduced

Lim -Consolidates VMs on lesser number of Does not consider energy consumed by

et al. hosts by migrating VMs dynamically memory

[141] -Saves energy

Feller -Scalable and autonomic VMs management No reflection of energy saving

et al. framework & uses centralized ACO-based

[136] approach to consolidate VMs

Dong -A scheme to place VMs meeting -Focuses on VM placement

et al. several resource restrictions -Reduces number of used servers only

[149] -Reduces energy consumption -No details of reducing VM migrations

-Enhances resource utilization

Nathuji -Designed an architecture for energy Does not consider space parameter

et al. management in virtualized data centers in terms of consumed energy

[119] -Consolidates multiple VMs on a single

server using VM live migration

Tarighi -Fuzzy decision making based VM -VM migrations are not reduced

et al. migration scheduling algorithm -Energy saving is not achieved
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[137] -Migration decision using TOPSIS

(Technique for Order Preference by

Similarity to Ideal Solution approach)

Tolia -Short-term VM migration Does not consider energy consumed

et al. -Consolidates workloads & under-utilized by memory

[140] servers put to sleep mode

Wood et al. -Two gray-box and black-box approaches Number of VM migrations are not

[138] [118] -VM live migration & diminishes hotspots reduced to save energy

Ghribi -Combines VM allocation and VM -Only reduces nodes

et al. migration algorithms -VM migrations not reduced

[135] -Reduces the number of nodes -Energy consumed by memory is not

-Saves energy considered

Marzolla -Coarse-grained gossip based VM -Energy saving is not achieved

et al. consolidation protocol -No reflection of number of VM

[139] -Migrates the VMs from smallest laden migrations

node to greatest laden node

Goiri -Multi-objective profit-oriented algorithm -Energy consumed by memory is not

et al. to place VMs considered

[142] -Performance in terms of SLA violations,

energy efficiency and virtualization overheads

Verma -Framework for VM placement algorithms Does not consider space parameter

et al. -Considers energy & migration costs in terms of consumed energy

[143] -Maximizes performance

[144] -Minimizes energy consumption

Sekhar -Greedy heuristics based energy efficient VM -Does not deal with CPU & memory

et al. live migration technique utilizations

[151] -Curtails consumed energy -VM migrations & hosts not diminished

Murtazaev -Server Consolidation technique -Energy saving parameters & values

et al. -Reduces active nodes, VM migrations are implicit

[156] & consumed energy -Energy values are not computed

Jung -Framework for energy optimization -CPU & memory utilization are not

et al. -Uses live VM migration considered
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[152] -Consolidates virtual servers -Does not lower hosts & VM

-Switches-off the idle servers migrations

Mehta & -ReCon tool to consolidate servers Does not consider energy consumed

Neogi dynamically by memory

[145] -Considers static and dynamic costs of

physical servers & cost of VM migration

-Considers past resource consumption data

Cardosa -VM consolidation approach -Requires the knowledge of application

et al. -Resource utilization is improved priorities

[127] -Energy consumption is reduced -Considers only CPU as a resource

-Reduces only nodes not VM migrations

Beloglazov -Energy-aware heuristics to allocate VMs -Does not include energy consumed

et al. dynamically & live migration of VMs by memory and network resources

[123] -Minimizes energy consumption -Lowers used nodes only

-Reduces number of used nodes -Reduction of VM migrations is not

-VMs applications’ knowledge not required considered

Bila -A technique to migrate VMs partially -Does not deal with CPU & memory

et al. -Reduces energy consumption utilization, Also VM migrations

[153] & hosts are not reduced

Mastroianni -VM placement and consolidation based on -Emphasis on VM placement rather

et al. Bernoulli trials than migration & does not focus on

[148] -Considers energy & migration cost number of VM migrations

-Lowers used servers only

Vu -VM placement algorithm -Memory utilization not considered

et al. -Enhances communication performance, -VM migrations not reduced

[150] CPU utilization & saves energy -Hosts are not saved

-Decreases overall VM traffic’s cost

Xiaoli -Energy-aware VM placement algorithm -Does not deal with CPU &

et al. -Increases resource utilization memory utilization

[155] -Enhances energy efficiency -Does not lower hosts & VM

-Considers energy cost in migrations migrations
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Based on the investigation of the existing works, it can be inferred that, most of

the techniques have focused on energy management largely through VM consolidation

and VM placement. These techniques, if at all offer the energy optimization, do it at

the processor level and do not consider it at the memory level. Apart from this, the

mentioned techniques attempt to minimize the number of hosts , whereas there is no

reflection of either the number of VM migrations or the attempt to reduce them.

With rising diversity and complexity of large-scale distributed computing services,

there is a necessity to design more scalable, heterogeneous and sustainable computing

techniques that can conjointly deal with the other issues such as heterogeneity and

growing energy crisis as well. Thus, apart from the underlying infrastructure support

(available through cloud computing in this case), it is important to explore and adopt

new paradigms.

Currently, many researchers are focusing and implementing the biologically in-

spired computing as a preferable paradigm to handle these issues with proficiency

and without the augmented complication. In spite of the several inherent chal-

lenges encountered while surviving in an enormous, dynamic, incredibly diverse, and

highly complex environment, the biological organisms evolve, self-organize, self-repair,

navigate, and flourish. This is possible with their local knowledge and without

any centralized control [158] [159]. This prompted the research community to dis-

cover and learn lessons from the biological systems such as Ant Colony Optimization

(ACO) [160] [78] [161] [162], Artificial Bee Colony (ABC) [163], Bacterial Foraging

Optimization (BFO) [164], Particle swarm optimization (PSO) [165] [161] techniques

etc.

Several Bio-inspired techniques that exploit the behavioural and social instincts

of the biological creatures exist today. The following section discusses about these

bio-inspired techniques in detail.

2.5 Bio-Inspired Techniques

Bio-inspired techniques are the methods which are highly efficient for solving combina-

torial optimization problems. However, when the objective is to find feasible solutions

of good quality in short execution times, as in the case of cloud resource scheduling,

the inherent mechanisms of these methods can be exploited to increase the convergence

of the method [166].
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Genetic Algorithms (GA): GA, a famous stochastic optimization algorithm which

uses biologically inspired techniques such as genetic inheritance, natural selection, mu-

tation, and sexual reproduction (recombination, or crossover) [167], has been proposed

by Holland et al [168]. It is a useful heuristic to discover a near optimal solution in

large search spaces [169]. In GA, a point in search space is represented by a set of

parameters known as genes. A set of genes is known as a string or a chromosome

whereas a set of chromosomes is called population. A fitness function must be con-

trived for every problem to be solved. A fitness value is assigned to each chromosome

to indicate its close association with the desired objective. The fitness function returns

a single numerical fitness to determine the ability of the individual represented by a

particular chromosome [170]. Another crucial attribute of GAs is reproduction where

two individuals chosen from the population are allowed to mate to produce offspring,

which will comprise the next generation. Having selected two parents, crossover and

mutation mechanisms are used to combine their chromosomes. A small amount of

random search is provided by mutation to ensure that no point in the search space has

a zero probability of being examined. If the GA has been accurately carried out, the

population will evolve over successive generations so that the fitness of the best and

the average individual in each generation increases towards the global optimum. The

GAs have been found to be very powerful in finding out a global minima [171] [172]

and have been applied to many classification and performance tuning applications in

the knowledge discovery domain of databases [167] [173].

The important advantages of GA are: (i) No analytical knowledge is required (ii)

Easy to parallelize iii) No derivatives are required (iv) Works on a wide range of prob-

lems and has better global capability. The disadvantages of GA are: (i) Requires much

more evolution functions than linearized methods (ii) No guaranty of convergence of

local minima (iii) Converges to local optima or arbitrary point rather than the global

optima of the problem (iv) Slow convergence rate and premature convergence and (v)

Can not use the feed back of a system.

Memetic Algorithm (MA): MA, which is an extension of GA, is an evolutionary

algorithm that can be applied on a local search process to refine solutions to hard

problems. It is the subject of intense scientific research and has been successfully

applied to a multitude of real-world problems ranging from the construction of optimal

university exam timetables, to the prediction of protein structures and the optimal

design of space-craft trajectories [174]. MA can handle complex objective functions

and combines the advantages of local search with GA for optimization problems. It
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can also be used for global search. It is based on a GA and is extended by a search

technique to further improve individual fitness to keep up with the population diversity

and reduce the likelihood of premature convergence. To improve its performance, MA

requires a considerable amount of time and memory. It can be used only in non-linear

continuous multi-objective combinatorial optimization problems.

Ant Colony Optimization (ACO): ACO, which is a meta-heuristic for finding near

optimal solutions using a probabilistic technique, has been proposed by Marco Dorigo

in 1992 [175]. It can be used for problems which belong to the NP class. ACO

algorithms have been discovered by observing natural food-discovering behavior of real

ants. Ants communicate indirectly using their environment. They deposit pheromone

which is a chemical substance, that controls the behavior of ants when they encounter

it. This method of communication is called stigmergy. Ants use probabilistic decision

for their travel while searching for the food. They are more likely to choose paths with

higher quantity of pheromone. When ants find food, they deposit pheromone on the

return in order to induce other ants to follow the path until they reach the food source.

Pheromone evaporation correspond to the natural evaporation of chemical substance

deposited by ants. It is used to reduce the amount of pheromone over time for keeping

only trails that are regularly used. This system aims to promote trails which lead to

better solutions. When applied on combinatorial problems like BPP, artificial ants act

as a multi-agent system and construct a complex solution based on indirect low-level

communication [160] [78] [130]. The real power of ants resides in their colony brain.

The self-organization of those individuals is very similar to the organization found in

brain-like structures. Like neurons, ants use mainly chemical agents to communicate.

One ant releases a molecule of pheromone that will influence the behavior of other

ants [176]. Ant algorithms are non-deterministic and rely on heuristics to approximate

to a sub-optimal solution in cases where the number of combinations is extremely huge

and is impossible to calculate using a deterministic algorithm [160] [78].

Following advantages of ACO have been identified in [160] [78] [130]: (i) Versatile

and can be applied to similar versions of the same problem (ii) Robust and can be

applied with only minimal changes to other combinatorial optimization problems (iii)

Can be used for static and dynamic combinatorial optimization problems (iv) Used for

solving constrained discrete problems (v) Has powerful feedback capability to increase

the speed of evolution of algorithm to make its convergence possible (vi) Guaranteed

convergence (vii) Can run continuously and adapt to changes in real time. Some of the

disadvantages of ACO are: (i) Convergence rate is slow (ii) Performs poorly for larger
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city in TSP (iii) No centralized control to guide and provide good solutions (iv) Can

only be applied to discrete problems and (v) Theoretical analysis is difficult.

Particle Swarm Optimization (PSO): PSO is one of the latest evolutionary op-

timization techniques inspired by nature and has been introduced by Kennedy and

Elberhart [177] in 1995. It is a method to perform numerical optimization without the

explicit knowledge of the problem gradient. It simulates the process of preying birds

swarm. Due to its ability of global searching, it has been successfully applied to many

areas. A flock of particles is randomly generated where position of each particle posi-

tion represents a possible solution point in the problem space. The objective function

to be optimized evaluates the fitness value of each particle. Each particle stores the

coordinates of the best solution (gbest) and the current global best (pbest) solution.

The key advantages of PSO are: (i) Robust stochastic optimization based on the

movement and intelligence of swarms (ii) No selection and crossover parameter like GA

(iii) Easy to implement (iv) Few parameters to adjust (v) Computationally efficient

and (vi) Efficient for global search algorithm Some of the disadvantages of PSO are:

(i) Weak local search (ii) Slow convergence rate.

Bacterial Foraging Optimization (BFO): BFO algorithm, which is a population

based numerical optimization algorithm based on foraging behavior of Escherichia coli

bacteria, has been proposed by Passino [164]. In the foraging theory, the objective is

to search and obtain high quality of nutrients to maximize energy intake per unit time

(E/T). The bacterial foraging process consists of three main mechanisms: Chemotaxis,

Swarming, Reproduction and Elimination-dispersal event. Chemotaxis is the process

of simulating the movement of E.coli bacteria, which is carried in a flagella, through

swimming and tumbling. The cell also repels a nearby cell in the sense that it consumes

nearby nutrients and so it is not physically possible to have two cells at the same

location. A bacterium in times of stress releases attractants to signal the bacteria to

swarm together. After chemotaxis steps, a reproduction step is taken. Fitness value

of bacteria is sorted in an ascending order. The least healthy bacteria eventually dies

while each of the healthier bacteria (those yielding lower value of the objective function)

asexually splits into two bacteria, which are then placed in the same location. This

keeps the swarm size constant. Elimination event may occur due to sudden changes like

a significant local rise of temperature or a part of them may move to other regions in

the environment that will effect the behavior of bacteria heavily. The elimination and

dispersal event destroys the performance of chemotaxis event but dispersal may place

bacteria near good sources of food [178]. The main advantages of BFO are: (i) Easy
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to implement, few parameters to adjust, computationally efficient (ii) More adaptive

and can be easily applied to real world optimization problems and is efficient for global

search (iii) Avoids the chance of premature convergence (iv) Robust and flexible to

implement (v) Performance is high with respect to speed of convergence, quality of

solution and rate of success.

Artificial Bee Colony Optimization (ABC): ABC algorithm is a swarm intelligence-

based optimization algorithm, which has been introduced by Dervis Karaboga in

2005 [179] [180]. It simulates the foraging behavior of real bees and is used to op-

timize multidimensional functions. In this, bees are grouped as: employed bees (bees

responsible for exploiting the nectar source and sending information about the quality

of the food source sites to the onlooker bees), onlooker bees (bees waiting on the dance

area to decide on a food source to exploit based on the information shared by the

employed bees) and scout bees (bees carrying out random search to find a new food

source). One half of the colony consists of the employed artificial bees and the other

half includes the onlookers. There is only one employed bee for every food source i.e

the number of employed bees is equal to the number of food sources around the hive.

Initially, the foraging process begins by scout bees, i.e. all the food source positions

are discovered by them. Upon their return to the hive from a foraging trip, they com-

municate the information regarding the food source (including its nectar amount, the

direction in which it will be found and its distance from the hive) to onlookers by per-

forming the waggle dance. Depending on this information, onlooker bees are recruited

to exploit the food sources. If the scouts discover rich food sources then the scout bees

are selected and classified as employed bee. After waggle dancing, these bees leave

the hive to get nectar with onlooker bees. The number of onlooker bees assigned to

fetch the nectar, depends on the overall quality of the nectar. Upon arrival to the food

sources, the bees take a load of nectar and return to the hive. Here, they relinquish the

nectar to an onlooker bee acting as a food-storer. In this way, the nectar of food sources

are exploited by employed bees and onlooker bees, and this continual exploitation will

ultimately cause them to become exhausted. The employed bee whose food source

has been exhausted by the bees becomes a scout bee in search of further food sources

once again. A possible solution and its associated quality(fitness) is represented by the

position and the nectar amount of a food source respectively. This algorithm assumes

a number of food sources and works through optimizing them. There are mainly four

selection processes in ABC algorithm [181] [124] [78].

The main advantages of ABC are : (i) Simple to implement due to very few control
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parameters (ii) Uses solutions with the higher fitness values than lower fitness values to

produce trial solutions, leading to shorter time of search thereby balancing computa-

tional overhead and memory limit problems (It means that the ABC algorithm makes

a decision based on a fitness value. Every time, the solution with the lower fitness value

is replaced with a solution with higher fitness value. So, There is no need to examine

all the solution candidates generated from the beginning to the end at the final step,

and (11) High speed of convergence [181].

Firefly Optimization (FFO): FFO algorithm has been designed by Xin-She Yang

in the late 2007 and 2008 at Cambridge University [165] [182] [183]. It is centred on

the flashing features of fireflies and uses the subsequent three idealized procedures:

(1) One firefly is attracted to the other fireflies irrespective of their sex as all fireflies

are unisex, (2) The attractiveness is proportionate to the brightness, thus they both

decrease as their distance increases and for any two flashing fireflies, the less brighter

one will travel near the brighter one. If no firefly is brighter than a specific firefly, it

moves arbitrarily and (3) The brightness of a firefly is regulated by the landscape of

the objective function to be optimized.

The main advantages of FFO are: 1) Offers systematic partitioning and capability

to handle multiple modes, (2) Computation time is less in possibility of finding the

global optimized answer, (3) High speed of convergence which is due to the quality

parameters that can be regulated, (4) A balanced and optimal solution is obtained

by properly exploiting and exploring the problems search space, (5) Involves lesser

number of function evaluations, (6) Its status can be changed from one optimization

point to the other and (7) Random variables are used and the answers have the probable

nature [182] [183] [184] [185].

Table 2.5 describes the comparison between the above discussed bio-inspired ap-

proaches with respect to their features. The comparison of the above described ap-

proaches depicts that ABC and FFO are better in comparison to the other approaches

as both have high speed of convergence and have very few control parameters thereby

leading to less computation time and high performance making them highly applicable

in cloud environment.
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Table 2.5: Comparison of Different Bio-inspired Approaches

Techn- No. of Convergence Services Search Optimization

ique Para- Space Problems

meters

GA More Not guaranteed, No need of analytical Global Multi-objective

premature knowledge,easy to run optimization

convergence & implement problems

MA More Guaranteed Flexible Global Complex objective

convergence, functions, non-linear

Less chance multi-objective

of premature combinatorial

convergence optimization problems

ACO Less Guaranteed Versatile & robust Global Static and dynamic

convergence, combinatorial

Avoids premature optimization

convergence problems

PSO Less Slow rate of Robust Global Stochastic

convergence,Less optimization

chance of premature problems

convergence

BFO Less Better rate of Flexible & Robust Global Real-world

convergence, optimization

Avoids premature problems

convergence

ABC Few High speed of Robust, Uses solutions Global Multidimensional

convergence with higher fitness values functions

than lower fitness values

FFO Few High speed of Robust, Offers system- Global Higher-dimentional

convergence atic partitioning & optimization

capability to handle problems

multiple modes
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After analysing various bio-inspired techniques in this section, the next section

focuses on the merits of bio-inspired approaches for energy conservation.

2.6 Merits of Bio-inspired approaches for Energy

Conservation

Accomplishing energy optimization through optimum resource utilization and VM mi-

gration, by regulating workload on individual nodes, is an NP (Nondeterministic Poly-

nomial) - hard problem [186] [187], and thus, optimal algorithms are not scalable (due

to exponential cost of finding an optimal solution) which is compulsory in large scale

systems such as a cloud. The solution is to compute near optimal solutions using a

heuristic by applying greedy or bio-inspired algorithms [188]. To find an optimal so-

lution, local heuristics may not be adequate, therefore, meta-heuristic approaches are

suitable to efficiently crack these types of problems. Meta-heuristic is a repetitive pri-

mary procedure to guide and amend the jobs of secondary heuristics to yield high-grade

results [189].

Currently, many researchers are focusing and implementing biologically inspired

computing as a preferable paradigm to handle heterogeneity and growing energy cri-

sis with proficiency and without augmented complication. They have been working

towards using the role of biological systems to manage the energy problems. Several

techniques as presented in Table 2.6, have been proposed in cloud computing to achieve

energy efficiency, by utilizing the capabilities of these bio-inspired systems.

The variation of PSO, a Simplified Swarm Optimization (SSO) method has been

proposed by Bergmann et al. [190]. It is based on distinct standards for reducing

energy consumption in cloud computing systems. The energy consumption is optimized

without degrading the performance, by using a DVS technique. The SSO method

minimizes the makespan and power usage at its prime level.

Wang et al. [191] have proposed a multi-task scheduling technique using GA to

exploit the vast processing capacity of the Google network. The technique uses some

training and interpreting techniques for network entities and then constructs a suitable

energy function based on the robustness of each entity. The main aim of this approach

is to optimize the CPU utilization, as the energy consumed by each task depends on

the CPU utilization of the server making it difficult to handle.

Moghaddam et al. [192] have proposed a technique that is based on Low Carbon

Virtual Private Cloud (LCVPC). This technique reduces the carbon emissions of remote
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data centers operating in multiple areas, but interconnected through personal Wide

Area Networks(WAN) or the Internet. An intelligent live VM migration within a

WAN has been used. The first calculates The carbon footprint as well as the power

consumed by the entire network is calculated by the VPC manager before applying a

modified GA. The carbon emission levels are further optimized by using dynamic VM

consolidation.

Nguyen et al. [193] have designed another GA-based technique, namely, the Genetic

Algorithm for Power-Aware (GAPA) scheduling for resource allocation that finds an

optimal VM allocation strategy, to solve the static VM allocation problem.

A parallel bi-objective hybrid Genetic Algorithm (GA) has been developed by

Kessaci et al. [194]. This algorithm uses a hybrid scheduling algorithm based on Energy-

Conscious Scheduling (ECS) heuristic and the multipurpose parallel GA to fulfill the

dual objectives of task completion time and energy consumption. The scheduling

process minimizes the makespan and keeps the energy consumption level to low by

allocating ’k’ tasks to ’n’ processors.

A technique to provide an energy-efficient resource allocation mechanism has been

proposed by Chimakurthi and Madhukumar [195]. This technique uses an adaptive

allocation mechanism to allocate the resources to various applications according to

their QoS requirements. It is based on ACO technique , and to reduce the power

consumed by the data center resources, ant agents are modeled as changing server

loads.

Feller et al. [130] have presented a bio-inspired workload consolidation technique

that is based on the ACO meta-heuristic. The proposed algorithm makes dynamic de-

cisions to place workloads and overcomes the workload consolidation problem of single

resource relevance. The difficulty in workload assignment is modeled as a multidimen-

sional bin-packing problem.

Table 2.6: Comparison of Bio-inspired Computing-based Approaches [33]

Techniques Basis Benefits Drawbacks

Simplified Swarm DVS and swarm Tasks proposed for other Not practicable for

Optimization intelligence communal constituents non-time-sensitive

[190] can be designed systems

Scheduling algorithm Grounded on Googles A load balancing -No assurance of QoS
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for Energy-efficient enormous statistics method is & cost minimization

multitasking [191] handling web implemented -Extended computa-

tional time

Modified GA VMs are migrated Compendious cost -Diminishes carbon

[192] perceptively function appropriate footmarks

& with dynamism for the whole -Overlooks

united with an system is offered performance metrics

empirical approach

Genetic Algorithm Functions in Curtails energy Computational

for Power-Aware [193] private cloud consumption time is extended

Parallel bi-objective Multi-objective Optimization based Cost enhances due to

amalgam GA GA and ECS on deadline the consideration

[194] heuristics based is provided of multi-objectives

An energy-effective, Jobs destined to -Enhanced throughput Load forecast

agent-based solution CPU and memory & response time is absent

[195] are assigned -Observes SLAs

with dynamism

Workload consolidation Ant Colony -Needs less nodes -Great enslavement

approach based on Optimization -Improved resource on workload &

energy-aware ACO meta-heuristic utilization resource facts

[130] based -Cannot deal with

dynamic nature of

tasks

Based on the analysis of various bio-inspired techniques, it can be inferred that

these techniques offer near-optimal solution to realize energy efficiency. Thereby, the

proposed approaches of this work, benefit from the merits of the existing bio-inspired

approaches. This work has chosen ABC & FFO for designing the ABC-based ERU &

FFO-based EVMM. The reasons for choosing ABC optimization technique over other

social behavior inspired techniques are : (1) it is simple to implement as there are very

few control parameters, (2) it uses solutions with the higher fitness values than lower

fitness values to produce trial solutions, leading to shorter time of search and (3) it

has high speed of convergence [181], whereas the criterion for choosing the biological
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behaviour of the firefly insects is its faster convergence speed and global optimization

attainment [182].

This section presented the merits of bio-inspired approaches for energy efficiency.

The next section formulates the problem statement for this research work, based on

the findings of the available literature.

2.7 Problem Statement & Research Objectives

As per the literature survey, one of the main issues in cloud computing is Load bal-

ancing. In cloud computing, load balancing is required to redistribute the workload

among nodes to avoid a situation where some nodes are heavily loaded while others

are idle or doing little work. Load balancing helps to achieve high user satisfaction and

resource utilization ratio. With proper load balancing, hot-spots can be prevented and

resource utility levels can be improved, which can further reduce energy consumption

thereby, reducing carbon emission and cooling requirements of the cloud data centers,

which is a dire need of cloud computing.

Therefore, there is a need to develop a near optimal load balancing technique that

can improve the performance of cloud computing by balancing the workload across

all the nodes in the cloud along with maximum resource utilization, in turn reducing

energy consumption as well as carbon emission and cooling requirements to an extent

which will help to achieve green computing. In this work, Energy-aware Load Balancing

(ELB) techniques are developed that are based on the optimized resource utilization

and VM migration to achieve energy efficiency. The objectives of this research work

are:

1. To analyze existing load balancing techniques in cloud computing.

2. To design and develop energy-aware load balancing techniques for an optimal

balance between performance and energy consumption.

3. To test and validate the proposed load balancing techniques in cloud environ-

ment(s).

2.8 Conclusion

This chapter discussed the research work accomplished in the area of load balancing,

resource utilization, VM migration and bio-inspired techniques. None of the discussed
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techniques have used CPU and memory utilization, performance and energy consump-

tion together.

The next chapter presents the Energy-aware Resource Utilization model to manage

and enhance the resource utilization.



Chapter 3

Proposed Energy-aware Resource

Utilization Model

The previous chapter surveyed the research work accomplished in the area of resource

utilization,virtual machine migration and load balancing techniques along with the iden-

tification of the need of designing energy-aware load balancing techniques.

This research work proposes the design of Energy-aware Load Balancing Techniques.

Optimum resource utilization and virtual machine migration contribute significantly to-

wards reducing energy consumption in cloud data centers as reported in the literature

survey. Therefore, the proposed load balancing techniques presented in this thesis are

based on these two aspects. This chapter discusses the Energy-aware Resource Utiliza-

tion (ERU) Model that is used in efficient load balancing. The ERU model is based

on the Artificial Bee Colony (ABC) optimization technique and efficiently manages the

cloud resources to enhance their utilization. It also maximizes the energy-efficiency

through the best usage of the resources and without degrading the system performance.

This chapter initially presents the requirements, architecture and components of the

proposed ERU model followed by the system model and the fitness function. Further,

it describes the ABC optimization technique which is the basis of the proposed ERU

model, pursuing the detailed design, algorithm and the flowchart of ERU. Later, it

demonstrates the implementation details of ERU by using the CloudSim Simulator.

64
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3.1 Energy-aware Resource Utilization (ERU)

Model

The proposed ERU model provides the facility to manage the resources efficiently

and the aim of this model is to reduce energy consumption of clouds, besides pre-

serving the system’s performance. The resources considered are the CPU and the

memory, as these are the prime contenders to consume energy in the cloud data cen-

ter [196] [33] [123] [157] [41]. The ERU model gives access to the required resources

according to the users’ requirements. This is done in such a way so that the maximum

utilization of the resources is achieved, thereby enhancing performance and energy-

efficiency of the data center. The key features of this model are:

• Managing cloud resources with respect to energy consumption to make energy-aware

scheduling decisions without degrading the performance

• Enhancing resource utilization to reduce energy consumption of clouds

• Keeping idle physical nodes in a sleep mode to save energy

• Using energy consumption calculator to monitor energy consumed by the cloud re-

sources

• Enhancing performance and energy-efficiency of cloud data centers

In this approach, a virtualized environment is considered where all the nodes have

the same configuration and have heterogeneous VMs that are created at the run-time

according to the workload’s resource requirements. The heterogeneous workloads are

accepted from the cloud user. It is important to carefully consolidate variable work-

loads in order to avoid contention of resources which may further cause performance

degradation and energy wastage. All the nodes are kept in an energy-saving state and

brought to the ON-state, only when required. Various terms used in this model are

as given in Table 3.1. Figure 3.1 shows the ERU model and various modules of this

model are as follows :

• Cloud Portal - It helps the cloud user to submit a workload to the cloud and to get

the resources to execute this workload from the cloud. Each cloud user submits a

workload (set of jobs) to the cloud and gets the resources to execute the workload

from the cloud through the cloud portal. The user enters the required number of

CPUs, required amount of memory and the type of the workload (whether CPU-

intensive or memory-intensive).
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Table 3.1: Description of Various Terms

Terms Used Description

VM Virtual Machine is an emulation of a computer system
Server/Node/Host A rack-mountable hardware or a computer system

where VMs are running
Resource CPU/Memory
Virtualized Environment Nodes with same configuration

but heterogeneous VMs created at run-time
Heterogeneous Workloads CPU-intensive/Memory-intensive
Cluster A group of homogeneous nodes

* Server, Node and Host are used interchangeably

Figure 3.1: Energy-aware Resource Utilization Model
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• Workload Analyzer (WA) - It analyzes the workload before sending it to the sched-

uler. The classification of the CPU and memory intensive workloads have been done

to carefully consolidate them on the nodes to avoid the contention of the resources

and the conflicts between the processor and the memory utilizations.

• Workload DataBase (WDB) - It is a repository to store the past resource utilization

and the energy consumption data of the workloads which have already been entered

into the system and have used the system resources. On an average, similar workloads

entered into the system after about 5 minutes.

• Scheduler - It schedules the workload to the required resources. It is named as

ABC-Scheduler after the name of the ABC technique which is the basis of ERU

model.

• Energy-aware Onlooker (EO) - It decides about the most energy-aware node meeting

the resource requirements for the workload and provides this information to the

scheduler.

• Employed Manager (EM) - It provides the resource-related information and the

energy-related information of all the nodes to the EO module. It is further comprised

of the following two sub-modules :

– Resource Information Collector (RIC) - It gathers the information about all the

resources in the cluster.

– Global Energy Collector (GEC) - It collects the information about the energy

consumption of all the nodes in the cluster.

• Local Energy Calculator (LEC) - It is deployed on each node and calculates the

energy consumed by the respective node. This information is then provided to GEC

in EM module.

• Network Attached Storage (NAS) - In the data center, one of the system nodes is

used as NAS, which is a node that provides a central storage system for all the files

in one place. It allows more hard-disk storage space to be added to a network.

Working of ERU Model :

Upon initial submission of the workload, as its resource utilization and energy con-

sumption data is not available in WDB, resources are allocated to it according to

the information provided by the user. Once the workload gets processed, its resource
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utilization and energy consumption data becomes available and is used for future ref-

erence. Next time, when the same workload arrives, this stored data is utilized for

making a decision about the resource allocation. i.e. when the user submits a job, it is

checked for its past resource utilization and energy consumption data. If this data is

not present, the workload is allocated to the resources according to user’s requirements

and its data regarding the used resources and the consumed energy is stored in WDB,

otherwise the present data is used for the resource allocation. After this phase, the

workload gets factorized as CPU-intensive or memory-intensive. This factorization is

done to avoid a situation of allocating the same type of workload to the same node

beyond its threshold. This situation may lead to the contention of that particular

resource, resulting in the poor performance of the system.

Once the workload has been submitted to the portal, it is given to WA module. WA

queries WDB module about this workload. WDB checks for the entry related to the

query submitted by WA. If it finds a match, it returns the related data to WA otherwise

it returns a “No match found” message. Depending on the data received from WDB,

WA either preprocesses the workload and sends it to the scheduler or directly sends

the workload to the scheduler. The old workload i.e. the workload with the existing

past resource utilization and energy consumption data, is factorized as CPU-intensive

or memory-intensive before sending it to the scheduler and the new workload i.e. the

workload without the past resource utilization and energy consumption data, is sent

directly to the scheduler.

Now, the scheduler makes an energy-aware scheduling decision and maps the work-

loads to their required resources in co-ordination with EO as shown in Figure 3.2.

The scheduler schedules the workload received from WA directly or indirectly, to the

ingredient resources according to the information collected from EO module.

The EO module collects the resource-related information from RIC module of EM

and the energy-related information from GEC module of EM. After gathering this in-

formation, it makes a decision about the most energy-aware node meeting the resource

requirements for the workload.

EO first checks for the available resources of one particular node. If the resources

of this node are not sufficient to meet the requirements of the workload, it looks for

the next node. If the available resources fulfil the required condition, it further checks

whether the required resources are exceeding the threshold values of the resources,

set for that node. If they exceed, it checks the next node otherwise it further checks

whether the execution of this workload rises the energy consumption of that node above



3.1 Energy-aware Resource Utilization (ERU) Model 69

Figure 3.2: Flowchart for Energy-aware Resource Utilization Model
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a set threshold. If the energy consumption goes beyond the threshold, the EO searches

for the next node otherwise, a VM, fulling the resource requirements of the workload,

is started on that node to process the workload and after the completion of the job,

the VM is stopped for saving energy. After this, a database entry related to the past

resource utilization data of this processed workload is searched. If no such entry exists,

the resource utilization and energy consumption data of this workload is saved in the

WDB otherwise it exits without saving anything. When all the nodes that are in ON-

state, are searched and no node fulfils the requirements of the incoming workload, a

new node which is in energy-saving mode, is turned ON for processing that workload.

This is repeated for each and every workload entering into the system.

The information about the most energy-aware node is then provided to the scheduler

to make an appropriate energy-aware scheduling decision. According to the decision

made by the scheduler, the workload is allocated to the optimal resources. After the

completion of workload execution, the data regarding the resources used and energy

consumed is stored in the WDB. Thus, this model exhibits how energy-aware based

resource scheduling can be done in the cloud environment.

To find the best node to a corresponding job is a tedious task and the problem of

finding the best node for a job, according to the user’s requirements is a combinatorial

optimization problem. The main goal of the scheduler in ERU model is to schedule

workloads to the resources of nodes effectively and efficiently. Assigning jobs to appro-

priate nodes is an NP-hard problem [197], and thus, optimal algorithms are not scalable

(due to exponential cost of finding an optimal solution) which is compulsory in large

scale systems such as a cloud. The solution is to compute near optimal solutions using

a heuristic by applying greedy or bio-inspired algorithms [188]. Thus, Artificial Bee

Colony (ABC) optimization technique has been used as as the basis of this model. The

proposed approach is used to assign jobs to the nodes to save energy by efficiently uti-

lizing the resources and preserve the performance by minimizing the execution time of

the jobs. The optimization problem optimizes energy as well as execution time through

a fitness function.

For implementation of ABC-based ERU, system equations and fitness function are

required that form the basis of the system behavior. In the following subsection,

various system equations have been proposed followed by the fitness function for the

implementation of the proposed technique.
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3.1.1 System Model

In this work, the scheduling problem has been considered from cloud provider’s point

of view as he wants to minimize the Execution Time (ET) of the jobs and Energy

Consumption (EC) of the nodes. In this problem, the minimization of the consumed

energy in the data center is considered. Smaller values of EC indicate that the scheduler

is planning the jobs in an energy-aware manner. ET is another optimization criterion,

which refers to the execution time of the jobs, running in VMs, on the nodes. The

problem has been mathematically formalized to get a near-optimal solution.

To consider this problem, a set {r1, r2, ..., rM} of nodes such that R = {ri|1 ≤ i ≤
M} is the collection of M nodes; a set {v1, v2, ..., vN} of VMs such that VM = {vj|1 ≤
j ≤ N} is the collection of N VMs; and a set {job1, job2, ..., jobL} of jobs to be run in

VMs such that JOB = {jobk|1 ≤ k ≤ L} is the collection of L jobs, have been taken.

Let ci be the overall CPU capacity in MIPS and mi be the memory capacity in MB of

a node ri. Let vcj and vmj be the CPU and the memory capacities of a VM vj.

For the problem formulation, the following constraints are taken into consideration:

1. A fully virtualized cluster is considered that has a pool of nodes of the same

capacity with heterogeneous VMs running on them.

2. The jobs run in VMs, which are created dynamically according to the jobs’ re-

quirements.

3. Jobs are independent and need to be allocated across the node-pool.

4. Each node is characterized by its processor and memory utilizations.

5. The CPU and memory utilization of each node needs to be bound by upper

threshold values to prevent them from reaching 100% utilization which can lead

to performance degradation. These have to be chosen very carefully as very

high values degrade the performance and very low values increase the energy

consumption.

6. A threshold for energy consumption has to be set for each node in order to allocate

workloads below this value to increase the overall energy-efficiency of the cloud.

7. Each user submits a workload. Workload is a set of jobs running in VMs. Work-

loads are submitted according to the specific requirements of entering its type,

i.e. whether its CPU-intensive or memory-intensive.
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At any given time, for ith node , the CPU utilization (RPUi) and the memory

utilization (RMUi) can be given as :

RPUi =

ni∑
j=1

li∑
k=1

rpuijk (3.1)

and

RMUi =

ni∑
j=1

li∑
k=1

rmuijk (3.2)

where ni is the number of VMs running on the ith node and li is the number of jobs

assigned to ni VMs. rpuijk and rmuijk are the CPU and the memory utilizations of k

jobs running in j VMs on the ith node respectively. As, ABC optimization is the basis

of the proposed ERU model, therefore, the CPU and the memory utilizations need to

be normalized. The normalized CPU utilization can be given as :

RPUi =
RPUi −RPUmin
RPUmax −RPUmin

(3.3)

where RPUmax is the maximum and RPUmin is the minimum CPU utilization from all

the nodes in the system.

Similarly, the normalized memory utilization can be given as :

RMUi =
RMUi −RMUmin
RMUmax −RMUmin

(3.4)

where RMUmax is the maximum and RMUmin is the minimum memory utilization

from all the nodes in the system.

Therefore, the power consumption, PCi, of the ith node, in terms of its respective

CPU and memory utilizations, can be given as :

PCi = RPUi +RMUi (3.5)

And the Energy consumption of a node can be defined as the power consumption

of that node during ′t′ units of time. Therefore, Energy Consumption (ECi) of the ith

node is calculated as :

ECi = PCi × t (3.6)
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where PCi is the power consumption of the ith node during ′t′ units of time. Hence

the total energy consumption (EC) of the system is :

EC = EC1 + EC2 + ...+ ECM (3.7)

where M is the total number of nodes. Therefore

EC =
M∑
i=1

ECi (3.8)

ETi is the execution time of the jobs running in VMs on the ith node and is defined

as :

ETi =

ni∑
j=1

li∑
k=1

ETijk (3.9)

where ETijk is the execution time of k jobs running in j VMs on the ith node.

Hence the total execution time (ET) is :

ET =
M∑
i=1

ETi (3.10)

3.1.2 Fitness function

The main goal, in this work, is to minimize the energy consumption and execution time

by efficiently utilizing the resources of the nodes. The fitness value is thus calculated

as :

fitm = θ(EC) + δ(ET ) (3.11)

EC = min(EC(ri, jobk))for1 ≤ i ≤M, 1 ≤ k ≤ L (3.12)

ET = min(ET (ri, jobk))for1 ≤ i ≤M, 1 ≤ k ≤ L (3.13)

where 0 ≤ θ < 1 and 0 ≤ δ < 1 are the weights to prioritize the components of the

fitness function. EC(ri, jobk) is the energy consumption of the job jobk on the the

node ri and ET (ri, jobk) is the execution time of the job jobk on the the node ri.
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Fitness function is subjected to the constraints :

ni∑
j=1

vcij

ci
≤ CPUth (3.14)

i.e. the ratio of the aggregated CPU capacity of VMs on the ith node to the CPU

capacity of the ith node must not exceed the CPU threshold value, CPUth of that ith

node,

ni∑
j=1

vmij

mi

≤MEMth (3.15)

i.e. the ratio of the aggregated memory capacity of VMs on the ith node to the memory

capacity of the ith node must not exceed the memory threshold value, MEMth of that

ith node and

ECi ≤ Energyth (3.16)

i.e. the total energy consumption of the ith node should not exceed its energy threshold

value, Energyth.

After an overview of the key characteristics, various modules, the data flow repre-

sentation & the working of the proposed ERU model, this section presented the system

model and the fitness function used in the model. The following section describes the

Artificial Bee Colony (ABC) optimization technique which is the basis of our proposed

ERU model.

3.2 Artificial Bee Colony (ABC) Optimization

Technique

ABC algorithm is a swarm intelligence-based optimization algorithm, which was intro-

duced by Dervis Karaboga in 2005 [163] [198]. In ABC, the colony of artificial bees

contains three groups of bees: employed bees associated with specific food sources,

onlooker bees watching the dance of employed bees within the hive to choose a food

source, and scout bees searching for food sources randomly. Both onlookers and scouts

are also called unemployed bees. Initially, all food source positions are discovered by

scout bees. Thereafter, the nectar of food sources are exploited by employed bees and
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onlooker bees, and this continual exploitation will ultimately cause them to become

exhausted. Then, the employed bee which was exploiting the exhausted food source

becomes a scout bee in search of further food sources once again. In ABC, the position

of a food source represents a possible solution to the problem and the nectar amount

of a food source corresponds to the quality (fitness) of the associated solution. The

number of employed bees is equal to the number of food sources (solutions) since each

employed bee is associated with one and only one food source. Three control parame-

ters used in ABC are SN (no. of food sources that is equal to employed/onlooker bees),

the value of limit (the predetermined no. of cycles for which a position undergoes an

improvement phase)and the MCN (Maximum Cycle Number) for which the population

of the positions (solutions) is subjected to repeated cycles of the search processes of

the employed bees, the onlooker bees and scout bees) [179] [180] [181].

The general algorithm of the ABC optimization technique is :

1. Initialization Phase

2. REPEAT

• Employed Bees Phase

• Onlooker Bees Phase

• Scout Bees Phase

• Memorize the best solution achieved so far

UNTIL(Cycle=Maximum Cycle Number)

Four selection processes of ABC algorithm [179] [180] [181] are as follows :

(1) A local selection process carried out by the artificial employed bees and the

onlooker bees in a region to produce a candidate food position from the old one by

vij = xij + φij(xij − xkj) (3.17)

where k ∈ {1, 2, ...., SN} & j ∈ {1, 2, ..., D} are randomly chosen indexes. D is the

number of optimization parameters and φij is a random number between [−1, 1].

(2) A greedy selection process carried out by all bees is

if New(nectar amount) >Old(nectar amount) then
Memorize the new position
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else
Keep the old position in her memory

(3) A global selection process used by the artificial onlooker bees for discovering

a food source depending on its associated probability value is given by

pi =
fiti

SN∑
n=1

fitn

(3.18)

where fiti is the fitness value of the solution i and SN is the no. of food sources.

(4) A random selection process carried out by scouts. A new random solution

to replace the abandoned source xi is produced by

xji = xjmin + rand(0, 1)(xjmax − x
j
min) (3.19)

where rand(0, 1) is a random number within [0, 1] based on a normal distribution and

xjmin , xjmax are the lower and the upper boundaries of the jth dimension, respectively.

This section described the ABC optimization technique, which is the basis of the

proposed ERU model, in detail. The next section gives the detailed design, algorithm

and the flowchart of the proposed ABC-based ERU.

3.3 ABC-based ERU

Energy-aware Resource Utilization (ERU) provides an optimal solution to find the best

job to particular node pair.

Pseudo code of ABC-based ERU :

In this section, the pseudo code of ABC-based ERU has been presented where the

input is a set of jobs and a set of nodes. Many parameters have been initialized as

shown in Table 3.2. For the proposed ERU, • Scheduler is the hive for the bees, •
Cluster is the region of ABC search space, • Nodes are the food sources and • CPU,

memory and energy values of a node are considered the nectar of that node.

The pseudocode of ABC-based ERU is given in Algorithm 1. First of all, the work-

loads are analyzed and factorized according to the past data stored in workload data

base. Then, the ABC-Scheduler is called to schedule the workloads to their required

resources. The ABC-Scheduler is a module which makes use of ABC optimization

technique to optimally allocate the resources to the workloads. It sends the scout bee
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Table 3.2: Initialization Parameters

Parameter Comment

(JOB) Set of jobs
(R) Set of nodes
(PREU) Past Resource and Energy Utilization
(M) Number of nodes
(MCN) Maximum Cycle Number for each search process
(W Type) Workload type where CW is for CPU-intensive Workload

and MW is for Memory-intensive Workload
(Avail CPU,Avail Mem) Available CPU and Memory with every node
(CPUreq,Memreq) Required CPU and Memory by each workload
(Energyreq) Energy required by each workload
(CPUth) CPU threshold for each node
(Memth) Memory threshold for each node
(Energyth) Energy threshold for each node

agents and employed bee agents to search the nodes for their resources. Employed bee

agents share this information with the onlooker bee agents. Depending on the resources

and the energy consumption values of the nodes and using a probability based selection

process (Equation 3.18), the onlooker bee agents select the best energy-aware nodes.

Once, all the nodes get exhausted, scout bee agents are sent to explore more nodes in

the search space. The process has been repeated for a maximum cycle number with

each iteration producing an improved solution (position of the node). The scheduler

ends the process when all the jobs have been allocated to the best resources. The

detailed description of each function of the scheduler is as follows :

Initialization Phase()

All the vectors of the population of nodes, ( ~ym)s, are initialized (m = 1...M,M :

population size) by scout bee agents and control parameters M and MCN are set.

Since each node, ( ~ym), is a solution vector to the optimization problem, each ( ~ym)

vector holds n variables, (ymi, i = 1...n), which are to be optimized so as to minimize

the objective function. Equation 3.19 is used for the initialization purposes as :

ymi = li + rand(0, 1)(ui − li) (3.20)

where (li) and (ui) are the lower and the upper bound of the parameter (ymi), respec-

tively.

Employed Bees Phase()

1. Produce New Solution() : Employed bee agents search for new nodes ( ~υm) having
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Algorithm 1: ABC-based ERU
Data: set of jobs, set of nodes
Result: Finding the best job-node pair
begin

JOB ← set of jobs
R← set of nodes
PREU ← boolean variable // 1- If past resource and energy utilization data is present in WDB

C = 1 // Number of cycles for improvement phase

InputMCN , M , W Type, Avail CPU , Avail Mem, CPUreq , Memreq , Energyreq , CPUth, Memth,
Energyth
for (each job ∈ JOB) do

if (PREU = 0) then
// If past resource and energy utilization data is not present, send jobs directly

to scheduler

ABC Scheduler()

else
// Factorize the workload as cpu-intensive or memory-intensive

if (W Type = CW ) then
Assign to CPU()

else
Assign to Memory()

ABC Scheduler()

Repeat until all the jobs are assigned to nodes

// Definition of ABC Scheduler

ABC Scheduler()
begin

Initialization phase()
begin

( ~ym)s← population of all possible solutions // All possible solutions are initialized

ymi = li + rand(0, 1)(ui − li)
while (C < MCN) do

Employed Bees Phase()
begin

υmi = ymi + φmi(ymi − yki) // Produce New Solution

// Memorize the Better Solution

if ( ~υm > ~ym) then
memorize ( ~υm)

else
keep ( ~ym)

Onlooker Bees Phase()
begin

if (CPUreq <= Avail CPU) && (Memreq <= Avail Mem) then
if (CPUreq < CPUth ) && (Memreq < Memth ) then

if (Energyreq < Energyth) then

pmi =
fitmi( ~ym)

M∑
m=1

fitm( ~ym)

// Calculate Probability

υmi = ymi + φmi(ymi − yki) // Produce New Solution

// Memorize the Better Solution

if ( ~υm > ~ym) then
memorize ( ~υm)

else
keep ( ~ym)

Scout Bees Phase()
begin

ymi = li + rand(0, 1)(ui − li) // Determine Abandon Solution

Memorize Best Solution
Increment C by 1

Output the best solution achieved
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more resources within the neighborhood of the node ( ~xm) in their memory. They

find a neighbor node and then evaluate its profitability (fitness). A neighbor node

( ~υm) is determined using Equation 3.17 as :

υmi = ymi + φmi(ymi − yki) (3.21)

where (~yk) is a randomly selected node, (i) is a randomly chosen parameter index

and (φmi) is a random number within the range [−1, 1].

2. Greedy Selection Process() : After producing the new node ( ~υm), its fitness is

calculated and a greedy selection is applied between ( ~υm) and ( ~ym).

Onlooker Bees Phase()

1. Calculate Prob() : Unemployed bee agents consist of two groups of agents -

onlooker bee agents and scout agents. Employed bee agents share their node in-

formation with onlooker bee agents waiting with the scheduler and then onlooker

bee agents probabilistically choose their nodes depending on this information. An

onlooker bee agent chooses a node depending on the probability values calculated

using the fitness values provided by employed bee agents.

The probability value (pm) with which ( ~ym) is chosen by an onlooker bee agent

is calculated by using the expression given in Equation 3.18 as :

pmi =
fitmi( ~ym)
M∑
m=1

fitm( ~ym)

(3.22)

2. Produce New Solution() : After a node ( ~ym) for an onlooker bee agent is prob-

abilistically chosen, a neighborhood node ( ~υm) is determined by using Equa-

tion 3.21, and its fitness value is computed using Equation 3.11.

3. Greedy Selection Process() : As in the employed bees phase, a greedy selection is

applied between ( ~υm) and ( ~ym). Hence, more onlooker bee agents are recruited

to richer sources and positive feedback behavior appears.

Scout Bees Phase()

Determine Abandon Solution() : The unemployed bee agents who choose their nodes

randomly are called scout bee agents. Employed bee agents whose solutions cannot
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be improved through a predetermined number of trials, called limit or abandonment

criteria herein, become scout agents and their solutions are abandoned. Then, the

converted scout bee agents start to search for new solutions, randomly. For instance, if

solution ( ~ym) has been abandoned, the new solution discovered by the scout bee agent

who was the employed bee agent of ( ~ym) can be defined by Equation 3.19. Hence those

nodes which are initially poor or have been made poor by exploitation are abandoned

and negative feedback behavior arises to balance the positive feedback.

There are total M nodes, and on each node, there are ni VMs running. There are li

number of maximum possible jobs running on each VM. For each job, function ABC-

scheduler will run for MCN number of times, where MCN is the maximum number

of cycles. This will result in the the system complexity of O(M ×MCN) and process

complexity for each process as MO(n× l).

This section delineated the detailed design, algorithm and the flowchart of the pro-

posed ABC-based ERU. The next section elaborates the performance analysis of the

proposed ERU model by using a CloudSim simulator followed by a detailed discussion

on the efficacy of the proposed model over the existing FFD & ACO approaches.

3.4 Experimental Results of ERU Model

In this section, the performance evaluation of the proposed ABC-based ERU model

has been presented. Thereby, the performance of ERU has been verified in a

simulation-based experiment by using an existing cloud computing simulation frame-

work, CloudSim toolkit [199] [200]. The CloudSim toolkit is a completely customizable

tool used for seamless modeling, simulation, and experimentation of emerging cloud

computing infrastructures and application services. It allows the researchers and the

industry-based developers to focus on the specific system design issues that they want

to investigate, without getting concerned about the low level details related to the

cloud-based infrastructures and services. The CloudSim toolkit has been used for the

evaluation due to the following reasons [199] [200] :

• It allows the modeling and the simulation of the large scale cloud computing data

centers, the virtualized server hosts, with the customizable policies for provisioning

the host resources to the virtual machines.

• It provides the support for the modeling and the simulation of the energy-aware

computational resources.
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• It supports for the modeling and the simulation of the data center network topologies

and the message-passing applications

• It has a support for the dynamic insertion of the simulation elements, stop and

resume of simulation

• It gives support for the user-defined policies for the allocation of the hosts to the

virtual machines and the policies for the allocation of the host resources to the virtual

machines

3.4.1 Performance Evaluation

Table 3.3 shows the specification details of implementation of the whole cluster which

has been composed of homogeneous nodes, whereas Table 3.4 gives the description of a

node & Table 3.5 gives the description of a VM. Up to 600 VMs have been simulated.

The average power drawn by the system during simulation was 198 W, that has been

measured with the help of Joulemeter [201], which is a software tool to measure the

power consumption of the system. For estimating the energy consumption, a time

period ’t’ has been defined and set to one day. Therefore, the energy consumption

values represent the power drawn by the system over a time period of 24 hours. For

optimized results and energy savings, an assumption has been made to turn-off the idle

nodes after the workload consolidation. Hence, their idle powers have not been included

in calculating the total energy consumption. In particular, the energy consumption has

been estimated according to Equation 3.8.

Table 3.3: Simulation Parameters

Parameter Value Comment

No. of VMs 100-600 Supporting Cloud Environment
No. of Nodes 25-175 Nodes/Servers running VMs
Bandwidth 10 Gbps Maximum allowed data rate
Average Energy Consumed 456 kWh Average energy consumed during com-

pletion of jobs
Average Computational Energy 52 Wh Average energy spent for computing

the placements of jobs
Average Power drawn 198 W Power rate of nodes
No. of Employed Bees 25-175 Equals number of food sources (M)
Maximum Cycle Number 1000 Maximum Cycle Number of the search

process
Limit M ×D Number of predetermined cycles for

improvement phase
where M is the number of food sources
and D is the number
parameters to be optimized
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Table 3.4: Node Description

Parameter Value Comment

Disk Storage 1 TB Physical/Secondary memory available
RAM 50 GB Primary memory available
No. of cores 24 Number of cores in the node
CPU Capacity 10000 MIPS Number of CPU cycles

Table 3.5: VM Description

Parameter Value Comment

Disk Storage 200 GB Physical/Secondary memory assigned to a VM
RAM 4 GB Primary memory assigned to a VM
No. of cores 2 Number of cores assigned to a VM
CPU Capacity 1000-5000 MIPS Number of CPU cycles assigned to a VM
Bandwidth 1 Gbps Maximum allowed data rate

The simulation has been carried out for 100 to 600 VMs and is repeated 30 times.

The Execution Time (ET), Energy Consumed (EC), Computational Energy (CE),

percentage of nodes and energy saved have been calculated for the proposed ABC-based

ERU. The calculated results have been compared to FFD and ACO-based techniques

to depict the percentages of saved nodes and energy using ERU over the other two

techniques. The FFD approach sorts the jobs in the decreasing order before processing

them and the ACO approach processes the jobs using its probabilistic nature. The

standard evaluation values for the proposed model have been considered similar to as

taken in the comparison of FFD and ACO by Feller et al. [130], for the true analysis

on the same conditions.

Figure 3.3 illustrates the comparison of Total ET of all the three approaches. In

this Figure, bars represent the number of nodes used by each technique whereas lines

represent the execution time of each technique. The Total ET, which is the total time

to get the final output is measured in minutes (mins). The Figure shows that the Total

ET of ERU is greater than FFD and lesser than ACO. FFD has outperformed the

other two, because jobs have been assigned to VMs as soon as they entered the system,

whereas ACO & ERU take time in finding the appropriate best solution. Being based

on ABC, the Total ET of ERU is better than ACO as the convergence rate of ABC is

high. This is because the Convergence Rate (Crate) is inversely related to the Execution

Time (ET), i.e. ET ∝ (1/Crate). In other words, the higher the rate of convergence,

the lower the execution time. Moreover, ABC based ERU often uses higher fitness
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Figure 3.3: Total ET: ERU vs FFD vs ACO

value solutions than those with smaller/lower fitness values to produce trial solutions

leading to a shorter time of search.

Figure 3.4 shows the comparison of CE for ERU, ACO and FFD. Here again, bars

represent the number of nodes used whereas lines represent the computational energy.

CE is the energy spent for computing the placement. It is calculated as (ET×198) and

is measured in terms of Watt hours (Wh). This Figure presents that ERU consumes less

energy in computation than ACO as ERU’s execution time is less than the execution

time of ACO. ERU consumes more energy in computation than FFD as its execution

time is more than FFD. CE has been incorporated into the total energy consumption

and has been calculated not more than 60 Wh. Therefore, it has not influenced the

total energy results of the algorithm which have been in the region of kWh.

Figure 3.5 depicts the comparison of EC of ERU with that of the other two tech-

niques, i.e. EC of FFD and ACO. The bars in the Figure represent the number of used

nodes whereas lines represent the energy consumed. The EC is measured in terms of

kilo Watt hours (kWh). The figure illustrates the energy efficiency of ERU as com-

pared to FFD and ACO based techniques. The EC of the ERU is lowest as compared

to ACO and FFD. The proposed ERU has outperformed both the techniques as it uses

less number of nodes than the other two. Also, ERU converges faster than ACO but

slower than FFD as ERU’s ET is less than ACO but more than FFD. This is because

Crate ∝ (1/ET ) i.e. the decrease in execution time will result in an increase in the

convergence rate. Therefore, due to the usage of less number of nodes and high conver-
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Figure 3.4: CE : ERU vs FFD vs ACO

gence rate, EC of ERU is lowest for all experimental iterations. But for FFD, besides

having the least ET, its EC is more, as FFD does not utilize the resources properly

leading to the usage of more number of nodes than the other two approaches.

Figure 3.5: EC : ERU vs FFD vs ACO

3.4.2 Discussion

The efficiency of the proposed ERU has been highlighted in Figure 3.6, which clearly

states and justifies the credibility of the proposed ERU model. The results demonstrate

that an average of 8.68% of nodes and 8.66% of energy has been conserved using ERU
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over FFD and ACO-based techniques. The ABC-based ERU has further been compared

individually to FFD and ACO. Though FFD has outperformed ERU in terms of both

execution time and computational energy, but nodes and energy saved are far better in

ERU than FFD. On an average 11% of nodes and 10.7% of energy have been conserved

using ERU over FFD based technique. The ERU has outperformed ACO in every way

and the nodes and energy saved using ERU over ACO technique are 6.35% and 6.63%

respectively.

Figure 3.6: Improvement Results of ERU over Other Techniques

Thus, the ERU Model can assist the organizations in enhancing the customer sat-

isfaction and contributes directly to the green environment by reducing the energy

consumption and hence the carbon emission.

This section delineated the performance analysis of the proposed ERU model by

using a CloudSim simulator followed by a detailed discussion on the efficacy of the

proposed model over the existing FFD & ACO approaches. This section elaborates the

validation of the proposed ERU with an existing approach.

3.5 Validation of ERU with Existing Technique

This section presents the comparative view of the proposed ERU and an exist-

ing ESWCT (Energy-aware Scheduling using Workload-aware consolidation Tech-

nique) [202] using the same simulation environment as given in the above section.

ESWCT algorithm deals with the admission of new applications for VM provisioning
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and places the VM on the node. It tries to execute all VMs with minimum amount of

nodes, and then power off unused nodes to reduce power consumption [202].

The number of hosts and the energy consumption values used by both the techniques

have been compared as shown in Figure 3.7 & Figure 3.8. Figure 3.7 presents the

comparative view of the proposed ERU technique with the ESWCT approach on the

basis of the required number of hosts over the number of VMs as an independent axis.

The optimal allocation of resources is important to enhance the resource utility levels

thereby enhancing energy efficiency. The contention of the resources should also be

considered to avoid performance degradation and to enhance energy efficiency.

It is clear from the analysis of the obtained results that ERU uses lesser number of

nodes than ESWCT. This is due to the fact that ERU is based on the ABC optimization

technique that efficiently manages the cloud resources and optimally allocates VMs on

the minimum number of active nodes with reduced execution time resulting in reducing

the number of active nodes and increasing their utility levels. A global optimization is

also achieved at a high convergence rate.

Figure 3.7: VMs vs Nodes

Figure 3.8 depicts the comparison of energy consumed by ERU with that of ESWCT.

The energy efficiency of ERU as compared to ESWCT is illustrated by this figure. The

energy consumption of ERU is less than that of ESWCT as ERU uses less number of

nodes than ESWCT thereby increasing their utilization. As less utilized or idle nodes

consume power, therefore minimizing the number of active nodes and enhancing their

utilization avert energy wastage and enhance energy efficiency.
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Figure 3.8: VMs vs Energy Consumption

3.5.1 Discussion

The effectiveness of the proposed ERU has been highlighted in Figure 3.9. The results

clearly indicate that an average of 25.34% of active nodes and 31.33% of energy have

been saved using the proposed ERU over ESWCT approach.

Figure 3.9: Improvement Graph of ERU over ESWCT
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3.6 Conclusion

This chapter discussed the proposed ERU model with its detailed requirements. It

also presented ABC optimization technique and its mode of operation in the model.

The chapter also elaborated the performance analysis of the proposed ERU model

using CloudSim simulator. The results demonstrated that an average of 8.68% of

nodes and 8.66% of energy has been conserved using ERU over FFD and ACO-based

techniques. This chapter further presented the validation of ERU with an existing

ESWCT approach. The results indicated that an average of 25.34% of active nodes

and 31.33% of energy have been saved using the proposed ERU over ESWCT approach.

The next chapter presents the design of the proposed Firefly optimization based

Energy-aware VM migration (FFO-EVMM) technique to lower the consumed energy

in cloud data centers.



Chapter 4

Proposed Energy-aware VM

Migration Technique

The previous chapter discussed in detail the model and design of ABC optimization

based ERU model to enhance the utilization of cloud resources to achieve energy-

efficiency in cloud data centers. Further, during execution i.e. at run-time, if energy

consumption increases, VM migration is required, which is an extended facility provided

by virtualization to support the efforts for realizing energy efficient computing.

VM migration helps to manage workloads on individual nodes by migrating run-

ning VMs without any perceptible downtime, from heavily-loaded nodes to lowly-loaded

nodes, thereby obtaining energy optimization by minimizing energy consumption. This

chapter presents the proposed VM Migration Technique and puts forward a FireFly Op-

timization based Energy-aware Virtual Machine Migration (FFO-EVMM) technique for

cloud environment to reduce consumed energy in cloud data centers at run-time. FFO-

EVMM technique intends to maximize energy-efficiency through optimum migration of

VMs, thereby improving resource utilization levels.

This chapter initially presents Firefly optimization technique being the basis of the

proposed VM migration technique. Further, it provides the design of FFO-EVMM, its

description, flowchart and performance analysis over FFD & ACO in the CloudSim

toolkit. Finally, it validates FFO-EVMM with an existing approach.

89
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4.1 Firefly Optimization (FFO) Algorithm

Firefly Optimization (FFO) algorithm has been designed by Xin-She Yang in late 2007

and 2008 at Cambridge University [165] [182] [183]. It is centred on the social behav-

ior of fireflies and the phenomenon of bioluminescent communication. The flashing

features of fireflies are due to the presence of photogenic organs close to their body sur-

face. These bioluminescent signals tend to attract the attention of other fireflies. The

intensity of the light signal emitted from each firefly determines its ability to explore an

efficient new solution. The Firefly Optimization (FFO) algorithm uses the subsequent

three idealized procedures: (1) One firefly is attracted to the other fireflies irrespective

of their sex as all the fireflies are unisex, (2) The attractiveness is proportionate to the

brightness, thus they both decrease as their distance increases and for any two flashing

fireflies, the less brighter one travels near the brighter one. If no firefly is brighter than

a specific firefly, it moves arbitrarily and (3) The brightness of a firefly is regulated by

the landscape of the objective function to be optimized.

As a firefly’s attractiveness is proportional to the light intensity seen by adjacent fire-

flies, therefore, the variation of attractiveness β with the distance r can be defined

as [165] [182] [183] :

β = β0e
−γr2 (4.1)

where β0 is the attractiveness at r = 0. The movement of a firefly i is attracted to

another more attractive (brighter) firefly j is determined by [165] [182] [183] :

xt+1
i = xti + β0e

−γr2ij(xtj − xti) + αtε
t
i (4.2)

where αt is the randomization parameter that controls the randomness and εti is a

vector of random numbers drawn from a Gaussian distribution or uniform distribution

at time t. The second term is due to the attraction and the third term is due to

randomization. If β0 = 0, it becomes a simple random walk. On the other hand, if

γ = 0, it reduces to a variant of particle swarm optimization (PSO) [165] [161].

This section outlined the FFO technique being the basis of the proposed VM mi-

gration technique. The next section elaborates the design of the proposed FireFly Op-

timization based Energy-aware Virtual Machine Migration (FFO-EVMM) technique

along with its detailed description and the pseudoflow of its algorithm.
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4.2 Proposed FireFly Optimization based Energy-

aware Virtual Machine Migration (FFO-

EVMM) Technique

This section proposes an energy-aware virtual machine migration technique for cloud

computing that is based on the flashing behavior of fireflies. This technique tries to

migrate the most loaded VM from an active node which satisfies a minimum criterion

for energy consumption, to another active node that consumes the least energy. It

consists of the four main parts, A) Selection of source node, B) Selection of VMs, C)

Selection of destination node and D) Distance updated values. The description of all

the above parts is as follows :

A. Selection of source node: The source node is the active node from where, VMs

have to be migrated. The active node, which is at the least distance(defined in

step 4.) from the destination node, is selected as the source node. For this, the

following steps are done.

Step 1. Energy Consumption (EC) of each active node is calculated using equation 4.3

and then, all the values are stored in a list.

1. Compute EC for each active node using the following equation

ECi = (

ni∑
j=1

li∑
k=1

rpuijk +

ni∑
j=1

li∑
k=1

rmuijk)× t (4.3)

where ni is the number of VMs running on the ith node and li is the number

of jobs assigned to ni VMs. rpuijk and rmuijk are the processor and the

memory utilizations of k jobs running in j VMs on the ith node respectively.

2. Store these values in a list, EC.

Step 2. Time-based optimization : After computing the EC of each active node, the

next step is to optimize the proposed technique for the performance in terms of

minimizing the Execution Time (ET). The ET is calculated for each active node

using equation 4.4 and the values are again stored in a list.

1. Compute Execution Time (ET ) for each active node using the following
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equation

ETi =

ni∑
j=1

li∑
k=1

ETijk (4.4)

where ETijk is the execution time of k jobs running in j VMs on the ith

node.

2. Store these values in a list, ET.

Step 3. Attraction Index (AI) : The attraction property of the fireflies has been mod-

elled by computing an AI value. The AI value is calculated using Indexed based

searching and a sorted AI list is prepared according to EC values. The active

node with the least EC is obtained as the first element of the list.

1. Compute AIi(ECi, ETi) for each active node,

where AIi is the Attraction Index, ECi is the energy consumption and ETi

is the Execution Time for the ith node respectively.

2. Store these values in a list, AI and sort this list in an ascending order

according to the EC values.

Step 4. The node to be selected as a potential source for VM migration, must satisfy a

minimum criterion for the energy consumption and this is controlled by a distance

value which is computed by using equation 4.5. When finding a solution, this

distance has to be the least in order to keep the energy consumption to the

minimum. Thus, the node is selected, which has the EC value nearest to the

computed distance value, to be the source node from where the VMs will be

migrated.

1. Compute Distance, using the following equation :

Distance = Avg(AImid, AImax) (4.5)

where AImid and AImax are the middle and the maximum values from the

AI list.

2. Select the node with EC value closest to the above computed Distance

value.

B. Selection of VMs : The VMs to be migrated are determined.
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Step 5. To select the VMs to be migrated from the source node, calculate the load

of each VM on the source node according to equation 4.6. Then, these values

are stored in a list and the list is arranged from higher load value to the lower

load value. The VM with the highest load value is selected to be moved to the

destination node.

1. Compute Load for each VM of the above selected node at time instance ∆t,

using the following equation :

Loadij =

ni∑
j=1

jobij

(
ni∑
j=1

li∑
k=1

rpuijk +
ni∑
j=1

li∑
k=1

rmuijk)×∆t

(4.6)

where jobij represents the total number of jobs running in the jth VM on

the ith node and (
ni∑
j=1

li∑
k=1

rpuijk +
ni∑
j=1

li∑
k=1

rmuijk) is the total consumed power

of the ith node in ∆t units of time.

2. Store these values in a list, Load and sort this list in the descending order.

3. Move the first element of the obtained list, Load to the first element of the

AI list, i.e. move the most loaded VM towards the most brightest node.

C. Selection of destination node: The destination node for the VMs is discovered.

Step 6. Discovering the most brightest node : The property of fireflies to move towards

the brighter nodes requires to identify the brighter node. The node is said to be

the brightest if its Energy Consumption (EC) is minimum. The active node with

the least EC value, is obtained as the first element of the AI list and is thus the

primary contender for migrating the overloaded VMs to it.

D. Distance Updated Values : The distance values are updated.

Step 7. The updation involved after each iteration is the updated value for the dis-
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tance, which is given by Equation 4.7 as follows :

(Distance)t+1 = (Distance)t +

ni∑
j=1

jobij

(
ni∑
j=1

li∑
k=1

rpuijk +
ni∑
j=1

li∑
k=1

rmuijk)×∆t

+ ε (4.7)

where (Distance)t & (Distance)t+1 are the distance values at time t & t + 1
, second term is due to the Load and ε is the gaussian distribution error. The

corresponding pseudocode is given in Algorithm 2 and the flowchart for FFO-

EVMM technique has been presented in Figure 4.1.

Algorithm 2: FFO-EVMM Technique Algorithm

Data: Scheduling Information consisting of set of jobs, set of nodes, resource utilization &
energy information of nodes(Chapter 3)

Result: Finding the best VM-node pair
begin

Source Node()
for (each Node) do

Compute Energy Consumption using Equation 4.3

EC[ ]← Energy Consumption value

Calculate Execution Time using Equation 4.4

ET [ ]← Execution Time value

for (each Node) do

Compute Attraction Index

AI[ ]← Attraction Index value

Sort AI[ ] in an ascending order according to Energy Consumption values

Compute Distance using Equation 4.5

Find the node with EC value nearest to the calculated Distance value from the sorted
AI[ ] list

Culprit V M()
for (each VM on the Source Node) do

Compute Load using Equation 4.6

Load[ ]← Load value

Sort Load[ ] in a descending order

Destination Node()
Get the first element of sorted AI[ ] list as the destination node

Move the first element of Load[ ] list to the first element of AI[ ] list

Update the Distance value using Equation 4.7
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An example has been provided to have a better understanding of the algorithm.

Suppose that there are 5 active nodes (N1....N5) and overall 12 VMs (VM1....V M12)

are running on them. Let the VMs VM1 and VM3 be running on the node N1 which

is represented as N1 = (VM1, V M3), and same is for all the other four nodes, i.e.

N2 = (VM2, V M4, V M6), N3 = (VM5, V M7), N4 = (VM8, V M10, V M11) and N5 =

(VM9, V M12). EC values of these active nodes are calculated using Equation 4.3 and

ET values of these active nodes are calculated using Equation 4.4 as given in Table 4.1.

These values are then used to find AI values.

Table 4.1: Example

Nodes EC Values (Wsec) ET Values (sec) AI Values

N1 1308.89 0.36 AI1 = (1308.89, 0.36)
N2 2507.24 0.38 AI2 = (2507.24, 0.38)
N3 1764.06 0.42 AI3 = (1764.06, 0.42)
N4 2872.72 0.49 AI4 = (2872.72, 0.49)
N5 1922.52 0.53 AI5 = (1922.52, 0.53)

The AI values are stored in a list which is sorted in an ascending order of EC,

to obtain another list as (AI1 = (1308.89, 0.36), AI3 = (1764.06, 0.42), AI5 =

(1922.52, 0.53), AI2 = (2507.24, 0.38) and AI4 = (2872.72, 0.49)). Now, the distance

value is computed as the average of AI5 = (1922.52, 0.53) and AI4 = (2872.72, 0.49)

using Equation 4.5, which is equal to (1922.52 + 2872.72)/2 = 2397.62 Wsec.

The next step is to select that node from the sorted AI list whose EC value is

nearest to 2397.62 Wsec, which is the node having value 2507.24, that is node N2

which becomes the source node from where the VMs are migrated. Now the load of

each VM on the node N2 is calculated using Equation 4.6 as VM2 = 835.75 Wsec,

VM4 = 1253.62 Wsec and VM6 = 417.87 Wsec. These values are stored in a list

and that list is sorted in descending order and a list is obtained as (VM4, V M2, V M6).

Therefore, VM4 becomes the VM to be migrated. Next, the destination node is chosen

where this VM is moved. As the destination node is the node with the least EC value,

it is obtained from AI list where the nodes are arranged in an ascending order of EC.

So, the first element of the sorted AI list, that is node N1 is the destination node where

VM4 is migrated and the distance value is updated using Equation 4.7 for the next

iteration.

Whenever a running VM needs to be migrated, the entire state of the VM (embracing

the virtual CPUs, the drivers’ configuration, the memory of VM and the storage) is

relocated [203]. For the efficient VM migration and the centralized availability, the
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Figure 4.1: Flowchart for FFO-EVMM Technique
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images and data of all the VMs have been stored on a common storage called the NAS.

NAS is reachable to all the nodes and serves as a storage for the VMs where non-

redundant data is stored [204]. Whenever a VM is migrated, only in-memory states

and CPU registers of that VM need to be migrated from one node to the other as its

image and storage contents are accessed from NAS [203] [204]. This saves the storage

space, improves the search rate and the look up time, gears up the flow rate of the

data during a VM migration. This further helps in diminishing the data transfers and

hence the time taken to migrate a VM, thereby dropping the consumed energy and

the associated energy expenditures incurred while migrating VMs from one node to

another. The faster execution of the tasks results in the minimization of the overall

system execution time and hence improves the performance. Wholely, FFO-EVMM

with the use of NAS, tends to deal with the overheads involved in VM migrations.

This section outlined the detailed design, algorithm and the flowchart of the proposed

FFO-EVMM technique. The next section delineates the performance analysis of the

proposed FFO-EVMM technique by using CloudSim simulator followed by a detailed

discussion on the effectiveness of the proposed technique over the existing FFD & ACO

approaches.

4.3 Experimental Results of FFO-EVMM Tech-

nique

This section evaluates the proposed FFO-EVMM algorithm and compares it with the

ACO-based and FFD-based algorithms, using the CloudSim toolkit [200]. The details

of the CloudSim toolkit has been given in Chapter 3.

4.3.1 Performance Evaluation

Table 4.2, Table 4.3 & Table 4.4 give the specification details of the simulation param-

eters, a node and a VM respectively. Up to 200 VMs and 200 nodes (fireflies) have

Table 4.2: Simulation Parameters

Parameter Value Comment

No. of VMs 20-200 Backing Cloud Environment
No. of Nodes 10-200 Nodes running VMs
Bandwidth 2.5 Gbps Maximum allowed data rate
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been simulated and the simulation is repeated for multiple runs.The simulations have

been carried out by using the same evaluation parameters as defined by Beloglazov et

al. [146].

Table 4.3: Node Description

Parameter Value Comment

Node Types 2 Types of Node used
Node PES 2 Dual-core Node
Node MIPS 1860-2660 MIPS allocated to each Node
Node RAM 4GB Primary Memory allocated to each Node
Node Storage 1 TB Secondary storage allocated to each Node

Table 4.4: VM Description

Parameter Value Comment

VM Types 4 Types of VMs used
VM PES 1 Single-core VMs
VM MIPS 500-2500 MIPS allocated to each VM
VM RAM .5GB-4GB Primary Memory allocated to each VM
VM SIZE 2.5GB Secondary Memory allocated to each VM

The Consumed Energy (EC), the number of saved nodes and the number of reduced

migrations have been calculated through the proposed FFO-EVMM technique. The

energy consumption has also been computed using different node utilization thresh-

olds. The obtained results have been compared to the ACO-based and the FFD-based

techniques and are shown in Figure 4.2 to Figure 4.10.

Figure 4.2 presents the comparative view of the three techniques, that is, FFD, ACO

and FFO-EVMM on the basis of the required number of active nodes over the number

of VMs as independent axis. It is important to keep a track of the number of nodes

operating in the system in order to prevent situations where the probability of most of

the nodes sitting idle and consuming unnecessary power is high, which will violate the

minimum energy requirement criterion. Upon identification of idle nodes, they are set

to sleep mode.

Based on the analysis of the obtained results, it is evident that FFO-EVMM tech-

nique runs lesser number of active nodes in comparison to the other two techniques.

This is because FFO-EVMM runs firefly optimization algorithm that chooses accurate

nodes for VM migration with reduced discovery time resulting in an optimal utilization

of the host nodes. It attains global optimization with faster convergence speed. The
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Figure 4.2: VMs vs Nodes

improvement in the resource utility levels minimizes the number of VM migrations

thereby averting energy wastage.

Figure 4.3: VMs vs Number of Migrations

The same is shown through Figure 4.3. The graph in Figure 4.3 depicts the number

of VM migrations performed by the three techniques. As observed in Figure 4.2 and

Figure 4.3, FFO-EVMM technique uses lesser number of nodes and performs lesser

number of VM migrations in contrast to FFD and ACO. The capability of FFO-EVMM

to pro-actively discover the best node for VM migration without compromising with

the energy consumption affects the future migration decisions and the number of VM

migrations required. The overall energy consumption in the system is optimal upon the

arrival of the new workload, as all the previous workload allocations to the VMs running
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on the system nodes have been done considering the energy thresholds. Thereby, the

need to incur more and more VM migrations is low while making further workload

allocations as per the energy constraints.

Figure 4.4: VMs vs Energy Consumption

With the lesser number of required nodes and VM migrations, FFO-EVMM poses

lesser energy demand. The energy consumption done by FFO-EVMM is low as com-

pared to FFD and ACO as observed from the graph given in Figure 4.4. The tendency

to discover and reduce the number of active but idle nodes curtails the energy demand.

It attains the efficient resource utility levels affecting the number of VM migrations.

The reduction in the number of VM migrations cuts down the amount of the energy

consumed, that would have otherwise been wasted when the VMs are being migrated.

Consequently, the required operational energy and the energy consumption level drops

down.

Figure 4.5 depicts the average energy consumption at different threshold values ac-

cording to the host utilization levels for all the three techniques. It is visible from the

graph that as the utilization of the nodes increases from 20% to 80%, the threshold

values also vary accordingly. Upon simulation, it has been concluded that at different

values of thresholds, in FFD and ACO based techniques, there is a fluctuation in the

energy consumption done by FFD and ACO. The energy consumed by FFD and ACO

in comparison to the proposed FFO-EVMM technique follows an irregular behaviour,
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Figure 4.5: Thresholds vs Avg Energy Consumption

that is, the energy consumption keeps on increasing or decreasing for different thresh-

old values. Relatively, the energy consumption in FFO-EVMM technique decreases

consistently with varying thresholds. The declining trend in the energy consumption

of FFO-EVMM is due to the improvement attained in the host utility levels because

of energy-aware VM migration decisions.

4.3.2 Discussion

Figure 4.6 to Figure 4.9 vindicate the reliability and competence of the proposed FFO-

EVMM technique. Figure 4.6 indicates the overall enhancement of the proposed tech-

Figure 4.6: Overall improvement of FFO-EVMM
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nique over the other two. The outcomes determine that an average of 72.34% of migra-

tions have been reduced and 34.36% of nodes have been saved with FFO-EVMM. Due

to the less number of migrations and nodes, an average of 44.39% of energy has been

saved using FFO-EVMM over ACO-based and FFD-based techniques. Further, the

comparison of the proposed FFO-EVMM technique has been done to FFD-based and

ACO-based techniques separately, to get an insight into its efficacy over each technique.

Figure 4.7: Improvement Graph of FFO-EVMM over FFD

Figure 4.8: Improvement Graph of FFO-EVMM over ACO



4.3 Experimental Results of FFO-EVMM Technique 103

When, FFO-EVMM technique is compared to FFD-based technique as shown in

Figure 4.7, on an average, a reduction of 82.61% migrations and a saving of 44.43%

nodes & 57.77% energy have been observed. Figure 4.8 denotes the comparison of FFO-

EVMM over ACO-based technique indicating the percentage of saved nodes and energy

as 24.29% & 30.99% respectively, whereas the percentage of the reduced migrations is

62.07%.

Figure 4.9: Percent Improvement of FFO-EVMM over Other Techniques

Figure 4.9 gives the overall and individual saving percentage of FFO-EVMM over

the rest. The improvement in the energy consumption and the decrease in the number

of nodes state the effectiveness of the proposed solution showing the optimization with

reduced number of migrations. The performance evaluation of VM migration illustrates

Figure 4.10: Performance Analysis
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that the proposed schema can effectively be used for the larger cloud environment, thus

making it highly scalable.

Figure 4.10 shows the run time analysis for all the three approaches. It can be inter-

preted from the graph that FFO-EVMM has outperformed the other two techniques.

Being based on FFO, the execution time of the proposed technique is better than ACO

and FFD as the convergence rate of FFO is very high. The trending curve shows the

improvement in execution time of the overall applicability of the proposed algorithm.

The lower execution time also decreases the overall complexity of the system.

This section depicted the performance analysis of the proposed FFO-EVMM tech-

nique by using a CloudSim simulator followed by a detailed discussion on the compe-

tence of the proposed technique over the existing FFD & ACO approaches. The next

section drafts the details of the validation of FFO-EVMM over an existing technique.

4.4 Validation of FFO-EVMM with Existing Tech-

nique

This section presents the comparative view of the proposed FFO-EVMM and an

existing MPSO (Modified Particle Swarm Optimization) based VM migration ap-

proach [205] using the same simulation environment as given in the above section. The

MPSO based VM migration approach triggers a VM migration based on a method of

double threshold with multi-resource utilization. It tries to minimize the consumed

energy with the guarantee of Quality of Service [205].

The number of nodes, the number of VM migrations and the energy consumption val-

ues of both the techniques have been compared and presented as shown in Figure 4.11,

Figure 4.12 & Figure 4.13 respectively.

The comparative view of FFO-EVMM with that of the existing MPSO based tech-

nique, on the basis of the required number of active nodes, has been presented in

Figure 4.11. A detailed investigation of the obtained results indicate that the num-

ber of active nodes increases with the increase in the number of VMs using both

FFO-EVMM and MPSO techniques. However the number of active nodes is less in

MPSO in comparison to the FFO-EVMM technique. This is due to the reason that

MPSO technique sorts all VMs in decreasing order of their current CPU utilizations

and allocates each VM to an active node that contributes the least increase of power

consumption due to this allocation. Whereas this sorting is not done in case of the
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FFO-EVMM approach, however VMs are allocated optimally considering the resource

contention, thereby avoiding unnecessary migrations, which is not a case in MPSO

technique.

Figure 4.11: VMs vs Nodes

Figure 4.12 portrays the number of VM migrations performed by both FFO-EVMM

and MPSO techniques. The results depict that FFO-EVMM performs much less VM

Figure 4.12: VMs vs VM Migrations

migrations than MPSO. Instead of using more number of nodes than MPSO, FFO-
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EVMM initiates less VM migrations, as VM migrations are done from the optimized

nodes only, which averts unnecessary migrations. Also, the selection of the accurate

nodes for VM migration is done by the firefly optimization algorithm at a higher

convergence rate than that of PSO. The nodes are selected with reduced discovery time

resulting in an optimal node utilization. The node utilization refinement minimizes the

number of VM migrations thereby saving energy.

Figure 4.13 gives the graph for the energy consumed by both the techniques. As

observed from the figure, FFO-EVMM consumes less energy than MPSO. This is due

to the reason that FFO-EVMM uses much less VM migrations than MPSO, leading

to the energy saving. Also, it locates and diminishes the number of active nodes to

reduce consumed energy. It improves the level of node utilization, keeping in view the

resource contention, thereby influencing VM migrations. And since the VM migrations

are performed from the optimized nodes only, unnecessary migrations are avoided re-

sulting in cutting down of the consumed energy caused due to these migrations, hence

accomplishing energy efficiency.

Figure 4.13: VMs vs Energy Consumption

4.4.1 Discussion

Figure 4.14 substantiates the potentiality of FFO-EVMM over MPSO technique. The

results clearly justify that an average of 66.25% VM migrations and 29.49% of energy

has been conserved using FFO-EVMM over MPSO technique. Though MPSO tech-

nique has outperformed FFO-EVMM in terms of number of nodes saved by saving an
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average of 17.13% nodes, but the saved VM migrations and energy saved are far better

in FFO-EVMM than MPSO.

Figure 4.14: Improvement Graph of FFO-EVMM & MPSO

4.5 Conclusion

This chapter discussed the detailed design of the proposed FFO-EVMM technique along

with its algorithm and flowchart. The chapter also depicted the performance analysis

of the proposed FFO-EVMM technique using CloudSim simulator. The outcomes

determined that an average of 72.34% of migrations have been reduced and 34.36% of

nodes have been saved with FFO-EVMM. Due to the less number of migrations and

nodes, an average of 44.39% of energy has been saved using FFO-EVMM over ACO-

based and FFD-based techniques. This chapter further presented the validation of

FFO-EVMM with an existing MPSO approach. The results depicted that an average

of 66.25% VM migrations and 29.49% of energy have been conserved using FFO-EVMM

over MPSO technique

The next chapter discusses the design of the proposed Energy-aware Load Balancing

(ELB) model and the two proposed ELB techniques for cloud computing.



Chapter 5

Proposed Energy-aware Load

Balancing Techniques

The previous chapter discussed in detail the design of the proposed FFO-EVMM tech-

nique that performs live migration of most-loaded VMs to the most energy-aware nodes.

It maximizes energy-efficiency through optimum VM migrations, thereby improving re-

source utilization and sustaining scalability to a large number of cloud nodes.

In this chapter, an Energy-aware Load Balancing (ELB) model, that makes ELB

decisions from both the provider and the user perspective, has been proposed. Also,

two ELB techniques with and without resource utilization have been proposed, namely

ELB(RU) and ELB(w/o RU). ELB(RU) uses an amalgamation of ERU and FFO-

EVMM approaches, whereas ELB(w/o RU) uses only FFO-EVMM algorithm. Both

the techniques aspire to balance the load of cloud data centers, while trying to maximize

energy efficiency through efficient usage of cloud resources and enhanced performance.

By reducing energy consumption, these techniques indirectly tend to reduce carbon emis-

sions and cooling requirements of cloud data centers to achieve green computing.

This chapter initially presents the ELB model along with its modules, working phases,

design of ELB(RU) & ELB(w/o RU) techniques and detailed description of their pro-

posed algorithms. Finally, the performance analysis of ELB techniques over an existing

approach and later, a comparison based validation table has been presented.

108
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5.1 Proposed Energy-aware Load Balancing (ELB)

Model

The following section describes the proposed Energy-aware Load Balancing (ELB)

Model with its features, modules and functioning. The ELB model assists the system

administrators to balance the load of the system in an energy-aware manner. It en-

deavors to maximize the utilization of the system resources thus improving the energy

efficiency of the system by appropriately assigning the users workloads to the energy-

aware nodes. Additionally, by using the migration of VMs, containing the workloads, to

the more energy-efficient nodes, it tends to further minimize the systems energy needs

and balance the system workload, thereby achieving the load balancing. Further, it

attempts to enhance the system’s performance and attains green computing without

degrading the performance of the system. For taking energy-aware load balancing de-

cisions, the model uses two energy-aware load balancing (ELB) techniques which will

be described later in this section. The objective of the ELB model is to make apposite

energy-aware load balancing verdicts. The key features of the proposed ELB model

are listed below.

• CPU and memory, being mainly accountable for increased energy consumption in a

node, ELB model tries to optimize their consumed energy.

• Energy consumed by each node is measured in terms of power consumed by CPU

and memory over a period of time.

• Local Energy Calculator unit is deployed on each node to keep a track of the energy

consumed by each node in the cloud data centre.

• The ELB model uses two energy-aware load balancing (ELB) techniques to make

energy-aware load balancing decisions.

• This ELB model running ELB techniques, uses a scheduler to act according to the two

techniques. This scheduler acts as ABC scheduler for ELB(RU) technique, whereas

it works as a simple scheduler for ELB(w/o RU) technique.

• It also uses an energy-aware VM migrator running an energy-aware VM migration

technique.

• The ABC scheduler acts as an energy-aware scheduler by running the ABC-based

ERU (Chapter 3) and schedules the workload to the energy-aware resources according

to the energy constraints thereby offering faster executions and green advantage.
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• The energy-aware VM migrator running an energy-aware VM migration technique

(Chapter 4) migrates the VMs to the more energy-efficient nodes to balance the

system’s load and to reduce the energy consumption of the data center, thereby

achieving the green computing.

• A Workload DataBase (WDB) is maintained to store the past resource utilization

and the energy consumption information to help in taking the future energy-aware

resource allocation decisions. Figure. 5.1 shows the ELB model.

Figure 5.1: Energy-aware Load Balancing Model
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5.1.1 Modules of ELB Model

This subsection describes and discusses the various modules of the proposed ELB

model. These are as follows :

• Cloud Portal : The cloud portal assists the cloud users to submit the workloads

to the cloud. Each cloud user submits a workload (set of jobs) to the cloud

along with the required number of CPUs, required amount of memory, the type

of the workload (whether CPU-intensive or memory-intensive) and the preference of

cost/performance.

• Employed Manager (EM) : The EM is one of the modules working for ABCS. This

module is further comprised of RIC and GEC sub-modules that help EM to gather

the resource and energy related information about each node in the system. The EM

further provides this information to the EO and helps it in taking an energy-aware

decision.

• Resource Information Collector (RIC) : The RIC is one of the two parts of the EM

module that collects all the information about the resources (including the CPU, the

memory and the VMs) on all the nodes in the system. It then updates the EM with

its collected information.

• Global Energy Collector (GEC) : It is the other part of the EM module that collects

the energy-consumption information of all the nodes from the LECs deployed on each

node in the system. The EM is further updated with this energy-related information.

• Local Energy Calculator (LEC) : This local energy collector is positioned on each

node to calculate its consumed energy. All the LECs then provide their information

to the GEC sub-module of the EM module.

• Network Attached Storage (NAS) : A central storage is provided to all the files in

the system by using NAS to allow more hard-disk storage space and ease of access.

• Workload DataBase (WDB) : It is a repository to store the data about the resources

and the energy used by the workloads in the past.

• Scheduler : This scheduler works, both as an ABC scheduler and the simple sched-

uler. The ABC scheduler schedules the workloads to the required resources by us-

ing ABC-based ERU, which works for the ELB technique with resource utilization
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(ELB(RU)). The simple scheduler schedules the workloads for the other ELB tech-

nique without resource utilization (ELB(w/o RU)) . The scheduling information is

further delivered to the energy-aware load balancer (ELB).

• Energy-aware Onlooker (EO) : It gathers the resource and energy related information

from the EM and makes a decision on the best energy-aware node for the workload.

This information is then provided to the scheduler. The resource and energy related

information is also provided to the FFO-VMM and the ELB modules.

• Cloud Users : The cloud users submit their workloads to the scheduler and get the

required resources in return to execute their workloads.

• Cloud Infrastructure : It is composed of the actual physical server nodes with the

running Virtual Machines. One of the server nodes acts as a Network Attached

Storage to provide a central storage for the whole data. The nodes are set aside in

energy-saving mode to save energy and are brought to the active mode as and when

required.

• FireFly Optimization-Virtual Machine Migrator (FFO-VMM) : After receiving the

resource & the energy related information from the EO and the load balancing

instructions from the ELB, this module activates the virtual machine migration

(VMM) unit by sending the VM migration instructions to it. An energy-aware

virtual machine migration technique based on the firefly optimization is used to

decide the VMs to be migrated, the source from where these VMs will be migrated

and the destination where these VMs will be migrated. Also, the ELB module is

further updated with the virtual machine migration (VMM) information.

• Virtual Machine Migration (VMM) Unit : This unit is the part of cloud infrastruc-

ture and performs actual VM migrations after receiving the VM migration instruc-

tions from FFO-VMM module. Here, 1 indicates the migration of a virtual machine

whereas 0 indicates that no virtual machine has been migrated. After the migration,

FFO-VMM module is updated with VM migration information.

• Energy-aware Load Balancer (ELB) : This is the core module of the ELB Model.

It runs two energy-aware load balancing (ELB) techniques to make energy-aware

load balancing decisions. One ELB technique considers resource utilization and

the other ELB technique considers meeting a high performance level rather than

the utilization of the resources. It receives the scheduling information from the

scheduler, the resource and the node energy information from the EO module and
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the VM migration related information from the FFO-VMM module. After collecting

this, ELB balances the workloads of the system nodes by making an energy-aware

migration decision without degrading their performance.

5.1.2 Phases of ELB Model

The ELB model works through the two different scheduling phases that uphold the

overall operation of balancing the system’s load across various servers in an energy-

aware manner. Further, it has the capability to utilize the resources of the data center

in an efficient way, thereby dropping the levels of consumed energy in the data center.

The ELB model processes variable workloads & supports varied nodes, having different

computing capabilities and possessing variable power consumption values, depending

on their operational computing units. In this model, the scheduler acts, both according

to the cloud provider and the cloud user. As the cloud provider always wants to

utilize resources efficiently to save energy in cloud data centers, therefore, the scheduler

runs ELB(RU) technique to enhance resource utilization. And, the cloud user always

wants to process more numbers of workloads in less time, therefore, the scheduler runs

ELB(w/o RU) technique to enhance the performance. Both the techniques try to

save energy in the cloud data centers, thereby reducing carbon emissions and cooling

requirements to achieve green computing. The different scheduling phases of ELB

model are as follows:

5.1.2.1 Scheduling phase I

In the first scheduling phase, the system resources are utilized optimally to save energy

without degrading the system’s performance. For this, the ABC optimization based

ERU (as discussed in Chapter 3) has been used.

Whenever a workload is submitted by the cloud user along with the preference of

cost/performance, it is directed to the scheduler which acts according to the preference

entered by the user. If the user enters the cost as a preference, the scheduler runs the

ELB(RU) technique to lower the number of used nodes by optimally utilizing the re-

sources, thereby averting the energy consumption and hence the cost. Whereas, if the

user enters the performance as a preference, the scheduler run the ELB(w/o RU) tech-

nique to process maximum number of workloads thereby enhancing the performance.

The scheduler acts as the ABC scheduler for the proposed ELB(RU) technique.

The ABC scheduler schedules the workload to the appropriate energy-aware ingredient
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resources by the above-stated ERU technique, depending on the information received

from EO. EO gathers this resource and energy related information from EM and makes

a decision on the best energy-aware node for the workload. EM module together with

its sub-modules, RIC & GEC, collects the resource and energy related information

about each node in the system. To decide about the suitable energy-aware node for

the workload, EO keeps a check on the available resources & consumed energy of all the

nodes by specifying certain thresholds. A node in an energy-saving state, is switched

’on’, only if the present active nodes are not sufficient to meet the requirements of

the workload. The VMs are started to process the workloads and stopped to save

energy. The entire resource utilization and energy consumption data of the processed

workloads are saved in the WDB to be utilized for the future use. The resource and

energy related information is also provided to FFO-VMM and ELB modules to make

a judgement on the second phase of scheduling.

In the same way, the scheduler acts as a simple scheduler for the ELB(w/o RU) tech-

nique that simply schedules the workloads to the available resources without checking

their utilization, to process more number of workloads. Thereafter, when the energy

consumed by any node, processing the workloads, start increasing beyond a threshold,

this information is provided to FFO-VMM and ELB modules to be ready for the second

phase of scheduling.

5.1.2.2 Scheduling phase II

In the second phase of the scheduling, the system load is balanced on the least requisite

nodes by migrating VMs. This is done in a way to improve resource utilization, thereby

enhancing energy efficiency of the cloud data center. A firefly optimization based

energy-aware VM migration technique (FFO-EVMM)(as discussed in Chapter 4) has

been used to effectively migrate the VMs to the more energy-efficient nodes to balance

the system’s load and to cut down the energy demand. VM migration is required,

when at run-time, the energy consumption of a node increases beyond a threshold.

The main module of the ELB model is the ELB module which runs two ELB tech-

niques to draw an ELB decision. In case of ELB(RU), after collecting the scheduling

information from ABC scheduler, the resource and the node energy information from

the EO module, the ELB takes an energy-aware migration decision and directs this

information to FFO-VMM module. Upon receiving the resource & the energy related

information from EM and the load balancing instructions from ELB, FFO-VMM mod-

ule initiates VMM unit. FFO-VMM module uses the above-mentioned FFO-EVMM



5.2 Energy-aware Load Balancing Technique with Resource Utilization - ELB(RU)115

technique to perform required VM migrations. VMM unit executes the actual VM

migrations after receiving VM migration instructions from FFO-VMM. The migration

of a VM is indicated by 1 and 0 otherwise. After the migration, FFO-VMM & ELB

modules are updated with VM migration information. Whereas, in case of ELB(w/o

RU), the scheduling information collected only from the scheduler is passed onto ELB

module to decide about energy-aware migration for load balancing. This information

is then given to FFO-VMM module which initiates VMM unit to perform required VM

migrations. By this way, the load of the system is balanced in an energy-efficient way,

therefore boosting the levels of resource utilization, enhancing the performance levels

and reducing energy usage.

After an overview of the key characteristics, the various modules, the working phases

& the data flow representation of the proposed ELB model, the following section pro-

vides the design of the proposed ELB technique with resource utilization along with

the detailed description of the proposed algorithm.

5.2 Energy-aware Load Balancing Technique with

Resource Utilization - ELB(RU)

This section proposes an Energy-aware Load Balancing (ELB) technique with resource

utilization for a cloud environment. This technique considers the utilization of the

resources to lower the consumed energy in the cloud data centers without degrading

the system’s performance. The prior work related to the resource utilization and the

migration aspects of the proposed technique has already been discussed in Chapter 3

and Chapter 4.

The proposed ELB(RU) technique is an amalgamation of the two approaches, one of

which is ABC optimization based ERU, that aspires to maximize the energy-efficiency

through the best usage of the resources. The other technique is FFO optimization based

FFO-EVMM technique, that attempts to maximize the energy-efficiency through the

optimum migration of VMs, thereby improving the resource utilization levels.

Overall, the ELB(RU) technique with the help of ERU & FFO-EVMM aspires to

balance the system load thereby achieving load balancing. This is done in a way to

enhance the utilization levels of CPU & memory thereby reducing the number of active

servers & the number of VM migrations, hence achieving a hike in the energy-efficiency

of the cloud data centers without diminishing its performance.
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The problem formulation, energy model and the system model are already been expli-

cated in Chapter 3. Algorithm 3 represents the pseudocode for the proposed ELB(RU)

technique, which uses two functions, namely ABC Scheduler() & FFO VM Migrator().

Algorithm 3: ELB (RU) Algorithm

Data: set of jobs, set of nodes
Result: Finding the best job-node pair
begin

JOB ← set of jobs
R← set of nodes
PREU ← boolean variable // 1- If past resource and energy utilization data is

present in WDB

C = 1 // Number of cycles for improvement phase

InputMCN , M , W Type, Avail CPU , Avail Mem, CPUreq, Memreq,
Energyreq, EC, CPUth, Memth, Energyth

for (each job ∈ JOB) do

if (PREU = 0) then
// If past resource and energy utilization data not present, send jobs directly to

scheduler

ABC Scheduler()

else
// Factorize the workload as cpu-intensive (CW) or memory-intensive (MW)

if (W Type = CW ) then

Assign to CPU()

else

Assign to Memory()

ABC Scheduler() // Call to ABC Scheduler

Repeat until all the jobs are assigned to nodes

// If Energy consumption (EC) of a node is greater than the energy threshold, then VMs are

migrated to avoid hot-spots and to balance the load

for (each node) do

if (EC > Energyth) then

FFO VM Migrator() // Call to FFO-VM Migrator

Repeat till the load is balanced

Algorithm 4 represents the pseudocode for the ABC Scheduler() function, whereas

Algorithm 5 represents the pseudocode for the FFO VM Migrator() function respec-

tively. Figure 5.2 depicts the flowchart for the proposed ELB (RU) technique that uses

ERU & FFO-EVMM to balance the load and to reduce the energy consumption of the

cloud data centers.
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Algorithm 4: ABC Scheduler()[Chapter 3]

begin

Initialization phase()

begin

( ~ym)s← population of all possible solutions // All possible solutions are

initialized

ymi = li + rand(0, 1)(ui − li)
while (C < MCN) do

Employed Bees Phase()

begin

υmi = ymi + φmi(ymi − yki) // Produce New Solution

// Memorize the Better Solution

if ( ~υm > ~ym) then

memorize ( ~υm)

else

keep ( ~ym)

Onlooker Bees Phase()

begin

if (CPUreq <= Avail CPU) && (Memreq <= Avail Mem) then

if (CPUreq < CPUth ) && (Memreq < Memth ) then

if (Energyreq < Energyth) then

pmi = fitmi( ~ym)
M∑

m=1
fitm( ~ym)

// Calculate Probability

υmi = ymi + φmi(ymi − yki) // Produce New Solution

// Memorize the Better Solution

if ( ~υm > ~ym) then

memorize ( ~υm)

else

keep ( ~ym)

Scout Bees Phase()

begin

ymi = li + rand(0, 1)(ui − li) // Determine Abandon Solution

Memorize Best Solution

Increment C by 1

Output the best solution achieved
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Algorithm 5: FFO VM Migrator()[Chapter 4]

begin
Source Node()
for (each Node) do

Compute Energy Consumption using

ECi = (

ni∑
j=1

li∑
k=1

rpuijk +

ni∑
j=1

li∑
k=1

rmuijk)× t (5.1)

EC[ ]← Energy Consumption value
Calculate Execution Time using

ETi =

ni∑
j=1

li∑
k=1

ETijk (5.2)

ET [ ]← Execution Time value

for (each Node) do
Compute Attraction Index, AIi(ECi, ETi)
AI[ ]← Attraction Index value

Sort AI[ ] in an ascending order according to Energy Consumption values
Compute Distance using

Distance = Avg(AImid, AImax) (5.3)

Find the node with Energy Consumption value nearest to the calculated Distance
value from the sorted AI[ ]
Culprit V M()
for (each VM on the Source Node) do

Compute Load using

Loadij =

ni∑
j=1

jobij

(
ni∑
j=1

li∑
k=1

rpuijk +
ni∑
j=1

li∑
k=1

rmuijk)×∆t

(5.4)

Load[ ]← Load value

Sort Load[ ] in a descending order
Destination Node()
Get the first element of sorted AI[ ] as the destination node
Move the first element of Load[ ] to the first element of AI[ ]
Update the Distance value using

(Distance)t+1 = (Distance)t +

ni∑
j=1

jobij

(
ni∑
j=1

li∑
k=1

rpuijk +
ni∑
j=1

li∑
k=1

rmuijk)×∆t

+ ε (5.5)
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Figure 5.2: Flowchart for ELB(RU) Technique



120 Chapter 5 Proposed Energy-aware Load Balancing Techniques

After giving the details of the proposed ELB technique with resource utilization, the

following section provides the design of the proposed ELB technique without resource

utilization (ELB(w/o RU)) along with its detailed description and the algorithm.

5.3 Energy-aware Load Balancing Technique with-

out Resource Utilization - ELB(w/o RU)

This section proposes another Energy-aware Load Balancing technique for the cloud

computing environment, namely ELB(w/o RU), that does not consider the resource

utilization at its priority. Its main criterion is to achieve a higher user satisfaction level

which can be obtained by handling more number of workloads received from the cloud

users. It assigns the workload to the first available node in the system fulfilling its

resource requirements. This helps in enhancing the performance as workloads are exe-

cuted without searching for the best resources. So, the more the number of workloads

handled, the higher is the user satisfaction level and so is the performance. Also, it tries

to abate the consumed energy in the cloud data centers by migrating the VMs from

the less energy efficient nodes to the more energy efficient nodes, without debasing the

system’s performance. For this, the above-mentioned FFO-EVMM is used that strives

Algorithm 6: ELB (w/o RU) Algorithm

begin

Step 1. Input workloads and nodes with resource details.

Step 2. If their past resource and energy utilization data is not present,
send workloads directly to scheduler.

Step 3. Or Factorize workloads as cpu-intensive (CW) or memory-intensive
(MW) and then send them to scheduler.

Step 4. Scheduler schedules workloads to appropriate resources

Step 5. Repeat Step 2 to Step 4 until all workloads are assigned
to appropriate nodes by scheduler.

Step 6. Check Energy consumption (EC) of each node. If it is greater
than energy threshold of that node, then perform Step 7.

Step 7. Call FFO VM Migrator() to migrate the VMs to avoid hot-spots
and to balance the load.

Step 8. Repeat Step 6 & Step 7 till the load is balanced.
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to augment the energy-efficiency through the optimum migration of VMs, thereby ac-

complishing load balancing. Overall, this ELB(w/o RU) technique with the help of

FFO-EVMM technique, aims to attain load balancing through enhanced performance,

hence acquiring a boost in the energy-efficiency of cloud data centers.

Figure 5.3: Flowchart for ELB(w/o RU) Technique
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Algorithm 6 represents the pseudocode and Figure 5.3 depicts the flowchart for the

proposed ELB (w/o RU) technique that uses the FFO-EVMM technique to migrate

the VMs in order to balance the load and to curtail the energy consumption of cloud

data centers.

This section projected the detailed design, algorithm and the flowchart of the pro-

posed ELB techniques. The next section portrays the performance analysis of the

proposed ELB techniques by using CloudSim simulator followed by a detailed discus-

sion on the effectiveness of the proposed techniques over the existing approach.

5.4 Experimental Results of ELB Techniques

This section evaluates the proposed ELB algorithms and compares them with the

existing Enhanced Load Balancing (EnhancedLB) algorithm [206], using the CloudSim

toolkit [200]. The details of the CloudSim toolkit has been given in Chapter 3. The

EnhancedLB is a load balancing approach that uses the static value of the upper and

the lower threshold to find the overloading and the underloading situation of a node and

then selects the node for migrating the VM. Thereafter, it places the selected VM to the

minimum power consuming node, thereby minimizing the energy consumption [206].

5.4.1 Performance Evaluation

Up to 50 VMs and 50 nodes have been simulated and the simulation is repeated for

multiple runs. The simulations have been carried out by using the same evaluation

parameters as defined by Jain et al. [206]. Table 5.1 & Table 5.2 give the specification

details of a node and a VM respectively.

Table 5.1: Node Description

Parameter Value Comment

Node MIPS 1000-3000 MIPS allocated to each Node
Node RAM 10000MB Primary Memory allocated to each Node
Node BW 100000 bits/sec BandWidth allocated to each Node

Table 5.2: VM Description

Parameter Value Comment

VM MIPS 250-1000 MIPS allocated to each VM
VM RAM 128-1024 MB Primary Memory allocated to each VM
VM BW 2500-7500 bits/sec BandWidth allocated to each VM
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The number of VM migrations and the energy consumption values have been calcu-

lated through all the three techniques. The obtained results have then been compared

as shown in Figure 5.4 & Figure 5.5.

Figure 5.4: VMs vs VM Migrations

Figure 5.4 presents the comparative view of the proposed ELB(RU) and ELB(w/o

RU) techniques with the EnhancedLB approach on the basis of the required number of

VM migrations over the number of VMs as independent axis. It is important to place

the VMs carefully on the nodes to enhance resource utilization and avoid unnecessary

VM migrations, thereby enhancing energy efficiency. The resource contention should

also be kept in mind while allocating the VMs to the nodes as the resource contention

may lead to the performance degradation.

Based on the analysis of the obtained results, it is evident that ELB(RU) performs

lesser number of VM migrations in comparison to the EnhancedLB approach. This is

because ELB(RU) runs ERU technique for placing VMs on the nodes by considering

contention of resources and to achieve optimal resource utilization. It then uses FFO-

EVMM to migrate VMs from the optimally utilized resources only, to avoid needless

VM migrations. The number of VM migrations performed by ELB(w/o RU) is also less

than the migrations performed by EnhancedLB. The reduced number of VM migrations

in ELB(w/o RU) is due to the use of FFO-EVMM migration technique which opti-

mally migrates the VMs, thereby reducing the number of VM migrations. Whereas

the EnhancedLB approach allocates as many VMs as possible on a node leading to
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enhanced VM migrations and energy consumption.

Figure 5.5: VMs vs Energy Consumption

The graph given in Figure 5.5 depicts the energy consumed by each of the three

techniques. As can be observed from the figure, ELB(RU) and ELB(w/o RU) both

consume less energy as compared to EnhancedLB. The reduction of energy demand

in ELB(RU) is due to the lesser number of required VM migrations that have been

achieved by the enhanced resource utilization. The reduction in the number of VM mi-

grations brings down the amount of energy consumed, that would have otherwise been

misspent when the VMs are being migrated. Consequently, the required operational

energy and the energy consumption level drops down. The decrease in the consumed

energy of ELB is also due to the improvement attained in the host utility levels be-

cause of energy-aware VM migration decisions. Whereas, ELB(w/o RU) consumes less

energy due to performing less number of VM migrations. Also, these VM migrations

are energy-aware that leads to the reduction in the energy consumption. However due

to the maximum number of VM migrations, the energy demand of the EnhancedLB

approach is the highest.
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5.4.2 Discussion

The efficacy of the proposed ELB techniques has been highlighted in Figure 5.6. The

results demonstrate that an average of 65.55% of VM migrations and 44.65% of energy

have been conserved using the proposed ELB(RU) approach over the EnhancedLB

approach. Whereas, 38.38% migrations and 21.40% energy have been saved using the

ELB(w/o RU) approach against the EnhancedLB approach.

Figure 5.6: Improvement Graph of ELB over EnhancedLB

This section depicted the performance analysis of the proposed ELB techniques over

an existing approach. The next section drafts the validation of the proposed ELB

techniques over the existing techniques.

5.5 Validation of Proposed ELB Techniques

In the last three years, the techniques mentioned in the below table have proposed

the research work related to energy-aware load balancing. Table 5.3 portrays the

comparison of the proposed ELB techniques with these existing techniques.
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Table 5.3: Validation Table of Proposed ELB Techniques with Existing Techniques

Techniques Parameters Approach Used Optimization Limitations

Results

PLBA Mean Response Utilizes both dynamic Up to 17.2%-35.3% Only CPU

[207] Time, Energy voltage/frequency scaling energy saving is considered

Consumption & server consolidation & 5%-12% reduced as a resource

to save energy response time

DWOLB Cost, Energy Uses Genetic Algorithm 25% energy saving Cost, resource

(Dynamic well consumption, to distribute load consumption,

-organized Fitness value, on VMs for optimum throughput &

load balancing Performance resource consumption & response time

algorithm) Degradation, throughput, and to are all implicit

[208] Fitness score reduce response time

Bee-MMT SLA Violation, Uses ABC to detect Up to 26.46% Up to 6.45%

(artificial bee Energy over and underutilized energy saving more SLA

colony algorithm Consumption hosts and then uses Violation

- Minimal MMT to migrate

migration VMs

time) [209]

ECLBDVR Number of Uses virtualization 38% reduction in Operational

(Energy Aware running servers, technology to allocate running servers cost and

Cloud Load Total resources on the basis energy

Balancing Operational of application demands, consumption

using Dynamic Cost, Energy Minimizes energy are implicit

Placement of Consumption consumption by minim-

Virtualized -izing number of servers

Resources) [210] while avoiding over-

-loading & overheating

Firefly Processor Uses firefly to 10-14% energy saving, Only CPU is

LB [211] Utilization, balance the load 6-7 % less response considered as

Average Response with the objective time, 5-6% better a resource
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Time, Average to maximize resource processor utilization

Energy utilization, minimize

Consumption response time and

energy consumption

DTLBA No. of Uses Lower threshold Up to 19% Main target

(Double Migrations, to consolidate reduction in is to reduce

Threshold Energy servers and upper Migrations & number of

Based Load Consumption threshold to 15% energy saving VM migrations

Balancing balance load only

Approach) [212]

Proposed CPU, Memory Uses ABC-based -Enhancement in Does not consider

ELB(RU) Utilization, ERU to utilize 49.68% of CPU usage, network & storage

Technique Performance, resources efficiently 24.41% memory usage, resources &

No. of Nodes, and FFO-based VM 7.67% performance network-intensive

No. of VM migration to migrate -Reduction in & storage-intensive

migrations, VMs 53.21% nodes , workloads

Energy 63.10% migrations ,

Consumption 40.47% energy

Proposed Performance, Its main criterion Up to 44.42% Resource

ELB(w/o RU) No. of Nodes, is to handle more enhanced utilization is not

Technique No. of VM number of workloads performance, the main priority,

migrations, to enhance performance. 25% nodes saved, Does not consider

Energy Uses FFO-EVMM to 53.91% reduced network & storage

Consumption save energy through migrations, resources and

energy-aware 29.43% energy network-intensive

VM migrations saved & storage-intensive

workloads

The comparative analysis clearly depicts that the PLBA approach achieves up to

17.2%-35.3% energy saving and 5%-12% reduction in response time. The DWOLB

technique saves 25% energy by using GA and the Bee-MMT approach saves up to

26.46% energy by using a combination of ABC and MMT. The ECLBDVR approach

reduces 38% running servers by using virtualization whereas the Firefly LB approach
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saves 10-14% energy, achieves 6-7% less response time and 5-6% better processor uti-

lization. The DTLBA technique reduces up to 19% migrations thereby saving 15%

energy. However, the proposed ELB(RU) technique enhances CPU & memory utiliza-

tion by 49.68% & 24.41% respectively, saves 53.21% nodes, 63.10% migrations saved

thereby saving 40.47% energy. It has also achieved a performance enhancement of

7.67%. Whereas, the proposed ELB(w/o RU) enhances the performance by 44.42%

and reduces 25% nodes and 53.91% migrations thereby reducing 29.43% consumption

in energy.

5.6 Conclusion

This chapter presented an Energy-aware Load Balancing (ELB) model that makes ELB

decisions from the perspectives of both the cloud provider as well as the cloud user.

Also, two ELB techniques have been proposed for effectively balancing the system

load, thereby increasing resource utilization and performance, hence reducing energy

consumption of the cloud data center. The chapter also elaborated the performance

analysis of the proposed ELB techniques using CloudSim simulator. The results demon-

strate that an average of 65.55% of VM migrations and 44.65% of energy have been

conserved using the proposed ELB(RU) approach over the existing EnhancedLB ap-

proach. Whereas, 38.38% migrations and 21.40% energy have been saved using the

ELB(w/o RU) approach against the EnhancedLB approach. Lastly, a comparison ta-

ble has been presented to validate the proposed ELB techniques.

The next chapter focuses on the verification and validation of the proposed ELB

techniques in the BSNL data center, Chandigarh.



Chapter 6

Case Study : Empirical Evaluation

of Load Balancing Techniques at

BSNL Data Center

The previous chapter presented the design and implementation details of ELB model

for a cloud environment that makes energy-aware load balancing decisions, from both

the provider and the user perspectives. It also depicted the design of the proposed ELB

techniques with and without resource utilization to balance the system load.

This chapter is targeted towards the evaluation of the proposed ELB model that com-

prises of the two ELB techniques. These techniques have been verified and validated

through the case study conducted at a cloud data center, Bharat Sanchar Nigam Lim-

ited (BSNL, Telecom), Chandigarh. Corresponding test cases have been designed for

evaluating both these techniques, covering the test cases for resource utilization (both

CPU and memory), number of nodes used and migrations performed, the amount of

energy consumed etc.

At the outset, this chapter outlines the details about the BSNL data center. Then,

the proposed ELB(RU) & ELB(w/o RU) techniques have been validated through its case

study and the obtained experimental results have been discussed from various perspec-

tives. Finally, the chapter presents the statistical analysis of the obtained results.

129
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6.1 About BSNL Data Center

This section presents a case study of a data center of a Telecom Organization,

Bharat Sanchar Nigam Limited (BSNL). BSNL is India’s oldest communication service

provider and has a customer base of approximately 100 million. It is a government en-

terprise headquartered in New Delhi and is the largest provider of fixed telephony and

broadband services in India. The experiment was conducted at BSNL (North Zone

GSM Billing Data center, Chandigarh). The picture of BSNL data center is as shown

in Figure 6.1.

Figure 6.1: BSNL Data Center

The Billing and Customer Care System (B&CCS) is an integrated customer care,

billing and accounting platform that supports flexible billing for wide range of GSM

services, viz. Tele-services, Bearer services, Supplementary services, GPRS, WAP and

IN services etc. The major functions of B&CCS are:

1. Inventory and SIM management 2. Activation/deactivation of mobile numbers
3. Provisioning/de-provisioning of 4. Handling of requests from customer care

various services to the subscribers centers regarding telephony services and
billing queries

5. Swapping of SIM and MSISDN 6. Collecting, processing and storing of CDRs
(Call Detail Records) from the Network
Elements

7. Rating the CDRs and Billing 8. Payment and Collection
9. Billing for Inter connect Usage 10. Provision for testing new products/services

Charges before commercial launching
11. Threshold monitoring 12. Intrusion detection and Fire wall functions
13. Trouble Ticket (Remedy) system 14. Handling of TAPIN & TAPOUT for

Revenue settlement with roaming partners

Kenan Order Management, also known as Kenan OM, is a software product that is

used as a Customer Relationship Management (CRM) tool. It is also used for order
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management (Every deliverable service to the customer e.g. Plan, STD, ISD etc. is

provided through orders). A Kenan OM Module consists of one Admin server for

configuration of plans, rates, inventory etc. and one Catalog server for maintaining

the inventory and mapping of external ids (like MSISDN, IMSI etc. used by network

elements, HLR,SMSC etc.) & internal ids (like account number, subscriber number

and service like GSM postpaid, GSM prepaid and CDMA prepaid etc.).

As shown in Figure 6.2, There are 1 to N number of customer servers where customer

information, plans subscribed by them, bills and call records are maintained. There

is one Middleware that is used to integrate Admin, Catalog and Customer servers.

Admin, catalog and Customer Servers do not communicate with each other directly,

but interact using Middleware API calls. Middleware uses dedicated processes (for

doing any job on these servers e.g. getting account information, getting customer

server to be used for new account creation, getting inventory information, assignment

of inventory etc.) defined in the Middleware configuration file and these processes are

spawned at runtime according to the load requirement.

Figure 6.2: Servers in BSNL Data Center

Table 6.1 gives the system configuration of the data center and Table 6.2 gives the

details of the abbreviations used in the system.

Table 6.1: System Configuration

Parameter Value Comment

Middleware 1 To integrate Admin, Catalog and Customer servers
Admin Server 1 For configuration of plans, rates, inventory etc.
Catalogue Server 1 To maintain the Inventory and mapping of External & Internal Ids
Customer Servers 1-N To maintain customers’ information

There are 19 customer servers, out of which 1 is dedicated to WiMax, 4 to CDMA

and 14 are the GSM servers. Out of these 14 GSM servers, 6 are, the GSM postpaid
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Table 6.2: Abbreviations Used

B&CCS Billing and Customer Care System
GSM Global System for Mobile communication
CDMA Code Division Multiple Access
WiMax Worldwide Interoperability for Microwave Access
TRAI Telecom Regulatory Authority of India
CSR Customer Service Representative
MSISDN Mobile Station International Subscriber Directory Number
IMSI International Mobile Subscriber Identity
SIM Subscriber Identity Module
HLR Home Location Register
SMSC Short Message Service Center
SDP Service Delivery Platform
API Application Program Interface
APN Access Point Name
MNP Mobile Number Portability
HLR Home Location Register
SDP Service Delivery Platform

servers and 8 are the GSM prepaid servers. Whenever there is a request for Postpaid,

WiMax and CDMA numbers, these are created on their respective customer servers

by Customer Service Representative (CSR). Whereas, prepaid customers are created

in batches as more than 95% subscribers are prepaid subscribers. Batch process dis-

tributes the numbers on the 8 GSM prepaid customer servers in a round robin fashion.

Table 6.3 gives the description of each server, with its hardware configuration and

Table 6.4 presents the software configuration of each server.

Table 6.3: Server Description

Parameter Value Comment

Hardware HP Superdome High-end Itanium servers
Disk Storage 5 TB Available Secondary memory
RAM 40-144 GB Primary memory available
No. of cores 6-24 Number of cores in the node
No. of Virtual Machines 10-12 For running workloads

6.2 Experimental Results

The proposed ELB model has been evaluated in BSNL data center. The ELB model

comprises of the two ELB techniques, one of which is ELB(RU) that considers the
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Table 6.4: Software Configuration of each server

Server System Type Software

Middleware/Admin/Catalog/CS Operating System HP-UX OS
Middleware Application Kenan Middleware

& BEA Tuxedo
Admin/Catalog/CS Database Oracle 9
Admin/Catalog/CS Application Kenan FX 1.2

utilization of the resources at its prime level and the other is ELB(w/o RU), whose

main focus is on the performance and does not consider the resource utilization directly.

Corresponding test cases have been designed for evaluating both these techniques and

these cover : the test cases for the resource utilization (both CPU and memory),

number of nodes used and migrations performed, the amount of energy consumed, the

load balancing and the performance.

In the actual production environment, accounts are distributed on each of the 8 GSM

prepaid customer servers in round robin fashion. But in the current experiment, the

energy-aware technique is used for deciding the customer server. Note :- The Catalog

server is denoted as 1, the Admin server as 2 and the Customer Server number 1 i.e.

CS1 as 3. So, Server 17 is CS15, Server 18 is CS16, Server 19 is CS17 and Server 20 is

CS18.

Workload description

An account creation in Kenan is not a single transaction. A successful account

creation consists of the following jobs :

1. Check for inventory - Once the customer server is selected for an account creation,

checks are performed for the inventory.

2. Service creation - After checking the inventory, a service like GSM Prepaid Mobile

service, GSM Postpaid Mobile service etc. is created for that account.

3. Package/Plan - Once the service is created for an account, various Packages/Plans

(like 525 Package/Plan) are attached to that service.

4. Order generation - An order for all the above services will be generated to be

able to deliver them to an account.

5. Workflow generation - After the order generation, workflow is triggered for that

type of order. Any workflow consists of different milestones. An order is marked
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as complete only if all the milestones and the workflows are completed. Following

are the major milestones for creation of a prepaid service under an account :

• MNP Milestones - Checks if the number is MNP number. If yes, it is added to

the MNP servers.

• HLR Creation workflow - Number is created on HLR enabling a number for

Basic Telephony services e.g Voice.

• SMSC Creation workflow - Number is created on SMSC, for SMS facility.

• SDP Creation workflow - Number is created on SDP, for the facilities like BSNL

Live, astrology,jokes etc.

• APN workflow - This adds data services to the number.

Each of the above steps is performed using a number of APIs calls and database

transactions, i.e. for performing single step, more than one transactions may be re-

quired. Also for an account, data is inserted into multiple tables. Typically 400-500

oracle transactions & API calls are performed for a single account creation on Kenan.

In the existing system, the load balancing is done without considering the utilization

of resources and energy consumption, leading to the wastage of resources as well as

the energy. To solve this problem, the resource utilization and the energy consumption

have been considered in this case study to validate the proposed ELB(RU) technique.

6.3 Experimental Results of ELB(RU) technique

This section evaluates the performance of the proposed ELB(RU) technique in BSNL

data center and compares it with the existing non-energy-aware Round Robin (RR)

technique and two other standard techniques, FFD & ACO on various parameters,

like resource utilization, number of nodes used, number of migrations used, energy

consumption and performance.

The ELB(RU) technique considers the resource utilization at the prime level and aims

to balance the system load across minimum required active nodes, thereby enhancing

resource utilization and hence curtailing the energy consumption of the cloud data

centers. The ELB(RU) technique can work from the cloud provider’s perspective, as, a

cloud provider always wants to utilize the cloud resources efficiently to reduce the cost

and the energy consumption of the cloud. Figure 6.3 shows the screenshot to start the

actual process of balancing the workloads on various servers.
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Figure 6.3: Execution of the Load Balancing Process

The resource utilization is considered in terms of the CPU and the memory utilization

as these are the primary sources of energy consumption. As the under-utilization of

these resources lead to the energy wastage, therefore, the aim is to improve their

utilization in order to prevent the energy wastage and curtail the energy consumption

level. The energy consumption is further reduced by trying to reduce the number of

nodes. This is done by an attempt to balance the workloads on minimum number of

the active nodes, thereby, putting the remaining nodes to sleep mode to save energy.

The performance is considered in terms of handling the number of workloads. The

more is the number of the workloads handled, the higher is the performance.

6.3.1 Test Case 1: Resource utilization (CPU & Memory)

This subsection deals with the resource utilization of each technique, as the target is

to improve the utilization levels of the resources (CPU & memory) to save energy.

The percentage of resource utilization for all the four techniques, RR, FFD, ACO and

ELB(RU) has been calculated at various instances of time. The percentage utilization

of resources in ELB(RU) technique is more as compared to the other three load bal-

ancing techniques at different points of time. Figure 6.4 presents the comparative view

of the four techniques on the basis of the CPU utilization. The improvement in the

CPU utilization level of the servers by ELB(RU) over the rest is clear from the Figure.

It shows that ELB(RU) technique is able to enhance the level of CPU utilization by

70.62% over RR, by 52.26% over FFD and by 26.17% over ACO on an average.
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Figure 6.4: Percentage of CPU Utilization by each Technique

Figures 6.5 to 6.8 show the snapshots displaying the CPU utilization of servers by

using each of the four techniques. Figure 6.5 is the screenshot to show that about 88%

of the CPU is idle when RR technique is run. In other words, only about 12% of CPU

is being utilized.

Figure 6.5: CPU Utilization of RR
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Figure 6.6 illustrates that about 28% of the CPU is being utilized when the FFD

technique is run, keeping the CPU idle by about 72%.

Figure 6.6: CPU Utilization of FFD

Figure 6.7 informs that about 69% of the CPU remains idle whereas only about 31%

of the CPU is being used when ACO is run.

Figure 6.7: CPU Utilization of ACO
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Figure 6.8 indicates that when ELB(RU) is run, about 45.5% of the CPU is being

utilized leaving about 55.5% of the CPU idle. All these screen shots depict that CPU

utilization is improved from 12% in RR to 28% in FFD, then to 31% in ACO but to

the maximum 45.5% in ELB(RU).

Figure 6.8: CPU Utilization of ELB(RU)

Figure 6.9 interprets the betterment in the memory utilization level of servers by

using ELB(RU) over RR, FFD & ACO by 32.86%, 26.76% & 13.63% respectively.

Figure 6.9: Percentage of Memory Utilization by each Technique
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Figures 6.10 to 6.13 exhibit the memory utilization of servers by using all the four

approaches. Figure 6.10 guides that running the RR technique keeps about 39% of the

memory idle.

Figure 6.10: Memory Utilization of RR

Whereas the idleness of the memory reduces to 25% when FFD is run as shown in

Figure 6.11.

Figure 6.11: Memory Utilization of FFD
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Figure 6.12 explains that about 20% of the memory sits idle when ACO is run.

Whereas it reduces to only 10% when using the ELB(RU) technique as displayed in

Figure 6.12: Memory Utilization of ACO

Figure 6.13. All the snapshots prove that the memory utilization level has been im-

proved from 61% in RR to 75% in FFD, then to 80% in ACO and the maximum to

90% in ELB.

Figure 6.13: Memory Utilization of ELB(RU)
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The improvement in the CPU & memory utilization levels of servers by ELB(RU) is

due to the fact that it makes use of the ERU model (discussed in Chapter 3) to make

the best use of the resources. When ELB(RU) is run, the workload is processed on

that server which satisfies the conditions imposed by ERU. Whereas, when RR is run,

the workloads are processed in a round robin fashion without checking the utilization

levels of resources. This technique keeps all the nodes in an on state with usually low

utilization, leading to the wastage of resources. In the case of FFD, the workloads are

first sorted in a decreasing order and are then processed by those servers which can

process them but without a check on the resource utilization of the servers, leading

to their wastage. When ACO is run, it processes the workloads using its probabilistic

nature thereby utilizing the resources better than RR and FFD but less than the

proposed ELB(RU) technique.

6.3.2 Test Case 2: VM Migrations

This subsection considers VM migrations followed by each of the four techniques, RR,

FFD, ACO & ELB(RU), in order to reduce the number of used nodes. The saved nodes

can then be put to sleep mode to save energy. Figure 6.14 points out the number of VM

migrations performed by each technique. RR technique does not use any kind of VM

Figure 6.14: VM Migrations Performed by each Technique
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migrations to balance the load. It simply creates all the accounts, on all the servers

equally, in a round-robin fashion. Therefore, the number of the VM migrations in the

case of RR approach has been shown as nil. The other three approaches, in trying to

balance the load on lesser number of active nodes, perform a number of VM migrations

which varies in all the three techniques. The maximum number of VM migrations is

carried out in FFD approach, which further reduces in ACO approach and the minimum

number of VM migrations is executed in ELB(RU) approach. ELB(RU) technique is

able to reduce 68.75% of VM migrations over FFD and 57.45% of VM migrations over

ACO on an average. This is because ELB(RU) approach uses ABC-based ERU to

achieve optimal resource utilization, and then uses FFO-EVMM technique to migrate

VMs in an energy-aware manner from optimally utilized resources only, leading to a

very few migrations. The betterment in the resource utility levels curtails the number

of VM migrations thereby averting the wastage of the energy.

6.3.3 Test Case 3: Nodes Used

It is eminent to monitor the number of active hosts in the system to avoid the situations

of the idle hosts consuming unnecessary power, thereby, violating the least energy

requirement criterion. This subsection informs about the nodes used by each technique

Figure 6.15: Nodes Used by each Technique
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to balance the load of the system. Figure 6.15 provides a comparative view of the

number of nodes used by RR, FFD, ACO and ELB(RU). The lesser the number of

nodes used, the lesser is the energy consumption as the rest of nodes will be in sleep

mode state to save energy. It is surveyed that if a node is on and is less utilized, it

consumes more energy than when it is fully utilized. So, it is always better to shift the

load of an under-utilized node to some other active node and keep it in sleep mode to

save energy. It is clear from Figure 6.15 that RR approach uses the maximum number

of nodes as compared to the other three approaches. This is because, the RR approach

does not consider the utilization of the resources of the nodes and creates the accounts

on all the nodes equally. Then is FFD technique that uses an average of 12.5% less

nodes than RR technique but uses 28.57% more nodes than the ACO and 57.14% more

nodes than the ELB(RU). After that is ACO technique which uses 37.5% and 28.57%

less nodes than the nodes used by RR & FFD approaches respectively, but uses 40%

more nodes than ELB(RU) technique. ELB(RU) approach uses the least number of

the nodes due to the use of ERU. ELB(RU) achieves an average saving of about 62.50%

nodes when compared to RR, about 57.14% nodes when compared to FFD and about

40% nodes when compared to ACO. Also, the ELB(RU) uses an average of 53.21% less

nodes than the other three techniques.

6.3.4 Test Case 4: Energy Consumption

As the main purpose of this work is to reduce the energy consumption of a data center

by using an energy-aware solution, therefore, this subsection discusses about the en-

ergy consumed by all the four techniques, RR, FFD, ACO and ELB(RU). Figure 6.16

portrays that the energy consumption of the data center by using ELB(RU) technique

is much less when compared to the other three techniques. The energy consumption

in RR approach is the maximum and remains almost the same throughout as this ap-

proach uses maximum number of servers without considering their utilization, thereby

consuming more energy. In the case of FFD, the consumed energy is 9.06% lesser than

RR approach but 14.11% more than ACO and 41.84% more than ELB(RU). This is be-

cause FFD uses less number of nodes than used by RR technique but more than ACO

and ELB(RU). Also, the number of VM migrations used by FFD approach is more

than ACO and ELB(RU). ACO approach consumes 21.90% & 14.11% of less energy

as compared to RR & FFD respectively as it uses less nodes than both the techniques

hence saving energy. Also, it saves energy by following less VM migrations than FFD.

It further makes use of more nodes & follows more VM migrations than ELB(RU) ap-
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Figure 6.16: Energy Consumed by each Technique

proach, therefore consumes 32.45% more energy than ELB(RU) technique. ELB(RU)

approach uses the least number of nodes than the rest of the three techniques and

executes the lowest number of migrations than FFD & ACO, therefore, it consumes

the minimum energy. It saves an average of 47.12% , 41.84% & 32.45% of energy over

RR, FFD & ACO respectively. Also, an overall average energy saving of 40.47% is

achieved by ELB(RU) technique. Figures 6.17 to 6.20 exhibit the decrease in energy

consumption level through snapshots.

Figure 6.17: Energy Consumption of RR
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Figure 6.18: Energy Consumption of FFD

Figure 6.19: Energy Consumption of ACO
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Figure 6.20: Energy Consumption of ELB(RU)

6.3.5 Test Case 5: Load Balancing

The main process of balancing the load of the system, by all the four techniques, has

been presented in this subsection. It is shown that when RR technique is run, every

time a new workload is processed by the next node in the order without checking the

resource utilization or energy consumption of the servers. Though, by this technique,

the load is balanced effectively across the nodes, but nodes are left in an on state

with usually low utilization, leading to the resource and the energy wastage. Also,

this technique uses the maximum number of servers. The FFD approach sorts the

workloads in a decreasing order before processing them on those servers which can

handle them. This helps the FFD technique to balance the load on a fewer servers than

the RR approach but more than ACO & ELB(RU). It also does not check resource

and energy utilization of the servers, leading to their wastage. In the case of ACO,

the workloads are processed using the probabilistic nature of the algorithm. Hence, it

behaves slightly better by balancing the load of the system on lesser number of servers

than RR & FFD but more than ELB(RU). Hence, it utilizes the resources and saves

the energy of the data center better than RR & FFD, but less than the proposed

technique, ELB(RU). Whereas, in the proposed ELB(RU) technique, firstly, ERU is

used to optimally utilize the resources by allocating the workloads to the most energy-

aware nodes. Later, if at the run-time, when the energy consumption of the nodes
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start increasing beyond a threshold value, it makes use of its FFO-EVMM migration

technique for performing energy-aware VM migrations to avoid hot spots and to balance

the load on the minimum number of active servers, thereby, switching the rest of the

servers to sleep mode, hence lowering the energy consumption levels. Figure 6.21 shows

Figure 6.21: Servers Used by each Technique before Migration

the workloads processed and the servers used by each technique. This figure further

depicts that the existing RR approach uses the more number of the servers as it is

processing the workloads in a round robin fashion. Whereas the proposed ELB(RU)

approach uses the less number of the servers as the workloads are processed only after

checking the utilized resources and the consumed energy. The less number of used

nodes, helps in reducing the energy consumption of the data center.

Figure 6.22 depicts the load balancing done by each technique using the VM migra-

tions. As the VM migration also consumes energy, so lower is the number of the VM

migrations, the lesser is the energy consumed. The figure portrays that RR balances

the workload on all the servers equally. Also, it does not perform any VM migration,

but still it consumes the maximum energy. This is because in RR approach, the servers

are under-utilized and are in the “on” state, consuming a lot of energy. FFD technique

balances the workload on fewer servers than RR but more than ACO and ELB(RU)

approaches. The Figure also points out that FFD uses the maximum number of VM

migrations. Then is ACO technique which balances the workload even on lesser number

of servers. These servers are less than the servers used by RR & FFD approaches but

are more than the servers used by ELB(RU) technique. It is clear from the Figure that
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Figure 6.22: Servers Used by each Technique after Migration

the number of VM migrations performed by ACO is less than FFD technique but more

than ELB(RU) technique. Last is the load balancing done by the proposed ELB(RU)

approach which uses the minimum number of the active servers to balance the load

as it is optimally utilizing all the resources. Also, it uses the minimum number of the

VM migrations as the VMs are migrated from the optimally utilized resources only.

Figures 6.23 & 6.24 show the snapshots for the accounts created by RR approach. It is

Figure 6.23: Servers Used by RR
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clear from the snapshots that every time the new account is created on the new server.

e.g. the first account is created first on server id 17, the next on 18, the next on 19

and then on 20, i.e. in a round robin fashion.

Figure 6.24: Servers Used by RR

Figures 6.25 & 6.26 give the snapshots for the account creation by the FFD and

ACO approaches respectively.

Figure 6.25: Servers Used by FFD
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Figure 6.26: Servers Used by ACO

The accounts created by the ELB(RU) technique have been presented in Figures 6.27

& 6.28, where it is clearly seen that the new account is not created on the next server

every time, rather it is created on the server only after checking the specific require-

ments. e.g. the new account is created on server id 17, the next again on 17, after

checking the resource utilization and the energy consumption of the servers.

Figure 6.27: Servers Used by ELB(RU)
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Figure 6.28: Servers Used by ELB(RU)

6.3.6 Test Case 6: Performance

As the performance is considered in terms of handling the number of workloads, Fig-

ure 6.29, shows the number of workloads handled by each technique, i.e. the per-

formance of each approach. The Figure clearly shows that the proposed ELB(RU)

technique, has handled more workloads than the other three approaches. In other

words, the performance of ELB(RU) is the best. ELB(RU) handles an average of about

10.25% more workloads than RR, 7.98% than FFD and 4.78% than ACO. Although,

Figure 6.29: Performance of each Technique in terms of Handled Workloads
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an overall enhancement in ELB(RU)’s performance is only 7.67%, but this increase is

also satisfactory when compared to the saved resources, nodes and the energy.

6.3.7 Discussion

This subsection discusses the improvement of all the three techniques i.e. ELB(RU),

FFD and ACO over RR technique, betterment of ELB(RU) approach over the other

three individually and the overall enhancement of the proposed ELB(RU) algorithm.

Figure 6.30 depicts that there is an improvement of 70.62% in the CPU utilization and

32.86% in the memory utilization followed by 62.5% of saving in nodes on an average.

Figure 6.30: Percentage Improvement of FFD, ACO & ELB(RU) over RR

All the three factors lead to 47.12% average reduction in energy consumption. It also

shows that an average of 10.25% more workloads are handled when ELB(RU) approach

is compared against RR. This figure further portrays the improvement of FFD over

RR by showing 11.49% & 4.62% average improvement in CPU & memory utilization

respectively, 12.5% & 9.06% of nodes & energy savings respectively and 2.04% increase

in handled workloads. The comparison of ACO with RR shows that ACO handles an

average of 5.15% more workloads. The CPU utilization is enhanced by 34.45% and the

memory utilization is improved by 16.58%. The ACO is further able to save 37.5% of

nodes thereby saving 21.90% of energy on an average.

Figure 6.31 outlines the betterment of the ELB(RU) approach over the other three

approaches, individually. The comparison of ELB(RU) with RR is the same as stated

above and depicted by Figure 6.30. ELB(RU)’s comparison with FFD shows its im-

provement by figuring out an average increase in CPU & memory utilization of 52.26%

& 26.76% respectively. There is an average reduction of 68.75%, 57.14% & 41.84%
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Figure 6.31: Percentage Improvement of ELB(RU) over RR, FFD & ACO

in VM migrations, node & energy usage respectively. Also, ELB(RU) handles 7.98%

more workloads than FFD on an average. When ELB(RU) is compared against ACO,

it enhances the CPU and memory utilization levels by 26.17% & 13.63% respectively.

It further curtails the number of VM migrations, number of used nodes and consumed

energy by 57.45%, 40% & 32.45% respectively. There is also an increment of 4.78% in

the handled workloads on an average.

Figure 6.32: Overall Enhancement Graph of ELB(RU)
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Figure 6.32 sketches the overall enhancement of the proposed ELB(RU) algorithm.

When the performance of the ELB(RU) algorithm is compared against the rest of the

three algorithms, it illustrates the overall average enhancement of 49.68% in the CPU

utilization level and 24.41% in the memory utilization level. It further cuts down the

number of VM migrations by 63.10% and number of node usage by 53.21% on an

average. All these factors together help it to curtail the average energy consumption

level by 40.47%. Also, an overall improvement in handled workloads is 7.67%.

Hence, it is clear from the above stated results that the proposed ELB(RU) approach

is better than the three RR, FFD, ACO techniques in improving the CPU & memory

utilization levels, in reducing the number of VM migrations & nodes thereby drop-

ping the energy consumption levels and making data center more energy-aware. The

performance of ELB(RU) in terms of handled workloads is also better than the rest.

This section depicted the performance analysis of the proposed ELB(RU)), in BSNL

data center followed by a detailed discussion on the competence of the proposed tech-

nique over the existing RR, FFD & ACO approaches. The next section draws the

details of the verification and the implementation of the proposed ELB(w/o RU) fol-

lowed by a detailed discussion of its comparison with RR, FFD & ACO and ELB(RU).

6.4 Experimental Results of ELB(w/o RU) Tech-

nique

This section evaluates the proposed ELB(w/o RU) technique and compares it with

the four techniques namely ELB(RU), RR, FFD & ACO in BSNL data center. Unlike

the ELB(RU) technique, the prime focus of the ELB(w/o RU) technique is to achieve

a higher user satisfaction level, which can be obtained by handling the more number

of the workloads, received from the cloud users. Although, both the ELB techniques

aim to balance the system load across minimum required active nodes in the cloud

data center, thereby enhancing resource utilization and performance levels and hence

curtailing the energy consumption of the cloud data centers. The ELB(w/o RU) tech-

nique can work from the cloud user’s perspective, as, a cloud user always wants the

system to meet the performance levels. The performance of the proposed ELB(w/o

RU) technique has been evaluated and compared with the four techniques on various

parameters, like performance, energy consumption, number of nodes used and VM

migrations performed.
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6.4.1 Test Case 1: Performance

As the main criterion of this technique is to obtain a high performance level that can

be achieved by handling more number of workloads. Figure 6.33, shows the number of

workloads handled by each technique, i.e. the performance of each approach. The figure

clearly depicts that the proposed ELB(w/o RU) technique has handled the maximum

number of workloads, satisfying the more cloud users and making the best performance.

Figure 6.33: Number of Workloads Handled by each Technique

On an average, it has dealt with 44.42% more workloads than RR, 41.46% than

FFD, 37.28% than ACO and 31.03% more workloads than ELB(RU). The reason to

achieve this is that ELB(w/o RU) assigns the workload to the first available node in

the system fulfilling its resource requirements, helping in enhancing the performance

as workloads are executed on the resources fulfilling their requirements, thereby saving

time in allocating the workloads to the nodes. This further reduces the waiting time

of the workloads, hence aiding ELB(w/o RU) in executing the workloads faster and

handling more workloads. So, the more the number of workloads handled, the higher

is the user satisfaction level and so is the performance.
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6.4.2 Test Case 2: VM Migrations

The VM migrations are performed to migrate the VMs from one active node to the

other active node, when the energy consumption of that node exceeds a particular

threshold. The node from which the VMs are migrated can be put in sleep mode to

save energy. This subsection considers VM migrations followed by each of the five

techniques, RR, FFD, ACO, ELB(RU) & ELB(w/o RU), thereby switching the saved

nodes to sleep mode, hence reducing energy consumption. Figure 6.34 points out the

number of VM migrations performed by each technique.

Figure 6.34: Number of VM Migrations Performed by each Technique

The proposed ELB(w/o RU) technique performs 53.91% less migrations than FFD

and 37.23% less than ACO but 32.20% more than ELB(RU). The reason for ELB(w/o

RU) to reduce the VM migrations over FFD & ACO is that it uses FFO-EVMM mi-

gration technique which optimally migrates the VMs, thereby reducing the number of

VM migrations. The reduced number of VM migrations helps in reducing energy con-

sumption too. However, ELB(w/o RU) carries out 32.20% more VM migrations than

ELB(RU), this is because ELB(RU) approach uses ERU to achieve optimal resource

utilization, and then uses FFO-EVMM technique to migrate the VMs from optimally

utilized resources only, leading to a very few migrations. The enhancement in the re-

source utility levels lowers the number of VM migrations thereby curtailing the wastage

of energy.
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6.4.3 Test Case 3: Nodes Used

As it is very important to keep a track of the active hosts to prevent the conditions

of overloading and under-loading, thereby preventing energy wastage, this subsection

enlightens the nodes used by each technique to balance the load of the system . Fig-

ure 6.35 provides a comparative view of the number of nodes used by RR, FFD, ACO,

ELB(RU) and ELB(w/o RU).

Figure 6.35: Number of Nodes used by each Technique

The Figure clearly depicts that the proposed ELB(w/o RU) technique uses less

nodes than RR and FFD, but it uses more nodes than ACO and ELB(RU). The

ELB(w/o RU) technique uses 25% less nodes than RR and 14.29% less nodes than

FFD, whereas it is using 16.67% more nodes than ACO and 50% more nodes than

ELB(RU). The reason for using less number of nodes by ELB(w/o RU) is that it is

using FFO-EVMM migration technique to migrate the VMs from that active node

whose energy consumption has reached a particular threshold value, thereby putting

that node in sleep mode and saving energy. However, the reason for using more nodes

is that ELB(w/o RU) does not consider the utilization of resources. The ELB(RU)

approach is using the least number of nodes because of the use of ABC based ERU,

that achieves optimal resource utilization, thereby reduces the number of the used

nodes.
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6.4.4 Test Case 4: Load Balancing

This subsection represents the principal task of load balancing by RR, FFD, ACO,

ELB(RU) and ELB(w/o RU) techniques. In the proposed ELB(w/o RU) approach,

every time, a new workload is processed by a node which is fulfilling its resource re-

quirements. It is not checking the utilization of the resources like ELB(RU) approach,

but it considers the performance as its main criterion and tries to achieve it by process-

ing more and more number of workloads in a given period of time. Also, the ELB(w/o

RU) approach uses FFO-EVMM technique to migrate the VMs to avoid hot-spots and

to balance the system load on minimal required nodes thereby saving energy. The

processed workloads and the servers used by all the techniques have been depicted

through Figure 6.36. Further, this Figure shows the servers used by all the techniques

before VM migrations are performed to balance the system load across all the active

nodes except RR, as RR is not using any VM migration for balancing the load of the

system.

Figure 6.36: Servers Used by each Technique before VM Migrations

Figure 6.37 delineates the servers used by all the techniques after VM migrations

thereby balancing the load of the system. The Figure also portrays that RR is not per-

forming any VM migrations. The proposed ELB(w/o RU) approach uses less servers

than RR & FFD but more servers than ACO and ELB(RU) and uses less VM migra-

tions than FFD & ACO but more than ELB(RU) to balance the load of the system.

This is because it is not considering the utilization of server’s resources while assign-

ing the workloads to them but it is using VM migrations to avoid over-utilization and

under-utilization of servers, thereby aiding in dropping down the levels of the consumed

energy.
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Figure 6.37: Servers used by each Technique after VM Migrations

6.4.5 Test Case 5: Energy Consumption

This subsection discusses about the energy consumed by RR, FFD, ACO, ELB(RU) &

ELB(w/o RU) approaches as reducing the energy consumption of cloud data centers

is the prime focus of this work. Figure 6.38 portrays that the energy consumption of

the data center by using the ELB(w/o RU) technique is much less when compared

to RR, FFD and ACO approaches but more than ELB(RU) approach. The proposed

ELB(w/o RU) technique consumes an average of 29.43% less energy than the RR

approach, 22.39% less energy than the FFD approach and 9.76% less energy than the

ACO approach, but it consumes 40.64% more energy than the ELB(RU) approach.

The reason for consuming less energy than RR & FFD is that it is saving more nodes

and using less VM migrations than RR and FFD approaches. Also, ELB(w/o RU)

consumes less energy than ACO, but it is using more nodes and less VM migrations

than used by ACO. The reason for this is that ELB(w/o RU) is using energy-aware VM

migrations to save nodes and the energy of the cloud data centers. However, ELB(w/o

RU) consumes more energy than ELB(RU,) as ELB(RU) uses the least number of

nodes and executes the lowest number of migrations, therefore consumes the minimum

amount of energy.
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Figure 6.38: Energy Consumption by each Technique

6.4.6 Discussion

This subsection discusses the improvement of the proposed ELB(w/o RU) technique

over RR, FFD, ACO & ELB(RU) approaches. Figure 6.39 illustrates that the ELB(w/o

RU) approach handles the maximum number of workloads, when it is compared against

the rest of the four approaches.

Figure 6.39: Percentage Improvement of ELB(w/o RU) Technique over Others

The Figure further depicts an improvement of ELB(w/o RU) over RR by showing

44.42% of average improvement in handling workloads, 29.43% & 25% enhancement in

energy & node saving respectively. When compared to FFD , ELB(w/o RU) handles
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on an average 41.46% more workloads, saves 14.29% nodes and 53.91% migrations,

thereby aids in saving 22.39% more energy. The comparison of ELB(w/o RU) with

ACO shows that ELB(w/o RU) handles 37.28% more workloads, curtails 37.23% of VM

migrations and 9.76% of consumed energy. Finally, when ELB(w/o RU) is compared

against ELB(RU) approach, it only shows an improvement in handling the workloads

by 31.03% on an average. Overall, ELB(w/o RU) shows an average enhancement of

38.55% in the performance. It also reduces 20.53% of energy consumption by reducing

45.57% VM migrations and saving 19.64% nodes on an average.

Hence, it is clear from the above stated results that the proposed ELB(w/o RU) ap-

proach is better than the rest four RR, FFD, ACO, ELB(RU) techniques in improving

performance by handling a large number of workloads, thereby satisfying more number

of users by meeting a user satisfaction level. Also, this approach reduces the number

of nodes by performing the required energy-aware VM migrations, thereby dropping

the consumed energy levels too and making data center more energy-aware.

This section presented the verification and the implementation of the proposed ELB

techniques in BSNL data center. The next section conduts the statistical analysis of

the results.

6.5 Statistical Analysis of Results

This section employs a statistical method, namely the Coefficient of Variation (CoV),

to analyze the statistical significance of the results. The CoV is a statistical measure of

dispersion that depicts the amount of variability relative to the mean. To compare the

dispersion of data sets having widely different means or different units, CoV is used in

preference to the standard deviation.

It expresses the deviation of the data as a percentage of its average value, and is

calculated as :

CoV =
Std.Dev.

AverageV alue
× 100 (6.1)

where Std. Dev. is the standard deviation and Average Value is the mean. The CoV

statistic offers an overall performance analysis of the technique used for generating

the statistics. In Figures 6.40, 6.41 and 6.42, the CoV for the energy consumption,

resource utilization and performance of each algorithm has been thoroughly examined.

The range of CoV (0.17%− 1.76%) for the energy consumption and (1.59%− 2.08%)

for the resource utilization approve the stability of the proposed ELB(RU) algorithm
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as shown in Figures 6.40 and 6.41.

Figure 6.40: Coefficient of Variation for the Energy Consumption with each Technique

Whereas, the range of CoV (1.08%−2.14%) for the performance confirms the stability

of the proposed ELB(w/o RU) algorithm as shown in Figure 6.42. As the value of CoV

is small, it means that the proposed Energy-aware Load Balancing algorithms are more

efficient in balancing the load of the cloud. As, the system with small CoV value is

more stable, so the proposed algorithms achieved the best results in the cloud data

center with regard to the energy consumption, resource utilization and performance.

Figure 6.41: Coefficient of Variation for the Resource Utilization with each Technique
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Figure 6.42: Coefficient of Variation for the Performance with each Technique

6.6 Conclusion

This chapter presented the verification details, experimental setup and testing results of

the proposed ELB techniques in BSNL data center. The experimental results demon-

strate the efficacy of ELB(RU) by saving on an average, 49.68% CPU utilization,

24.41% memory utilization, 53.21% nodes and reducing 63.10% VM migrations, thereby

curtailing 40.47% of the average energy consumption. Also, the efficiency of ELB(w/o

RU) is depicted by 38.55% performance enhancement, 20.53% reduction in the energy

consumption, 45.57% reduction in the VM migrations and 19.64% reduction in the

nodes on an average.

The next chapter concludes the thesis by highlighting the main contributions of this

research work and gives the future research directions.
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Conclusions and Future Directions

Recently, energy efficiency has appeared as the utmost essential design requirements for

the current computing paradigms. It extends from single servers to data centers and

the clouds, as they consume massive volumes of electrical power. For this reason, an

effectual energy management is particularly essential for the cloud data centers.

This thesis focuses upon various issues, including low resource utilization levels, the

number of VM migrations, load balancing and the energy management in the cloud

environments. An ABC based ERU model has been proposed to address the issue of

low resource utilization levels. An FFO based EVMM technique has been presented to

address the issue of VM migrations. A novel ELB technique, that uses an amalgamation

of ERU and FFO-EVMM, has been presented to balance the load of the cloud across

minimum required nodes, while trying to maximize the energy efficiency through the

efficient usage of cloud resources. Another ELB technique has also been presented, that

enhances the system performance to a large extent and curtails the energy consumption

through energy-aware VM migrations thereby reducing the number of nodes.

In this final chapter, concluding remarks on this research work have been given, by

describing the advancement, made towards the objectives of the research, in terms of de-

veloping energy-aware load balancing techniques, to balance the load and to save energy.

The chapter details the outcome of each chapter and later highlights the contributions

of this research work. Furthermore, it discusses the directions for future research.

164
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7.1 Conclusions

The aim of this research work has been to design and develop the Energy-aware Load

Balancing (ELB) techniques for cloud computing, which has been addressed by the

proposed Energy-aware Load Balancing (ELB) model for cloud computing. As inves-

tigated, the efficient resource utilization and VM migration are the important factors

in bringing down the energy consumption levels in the cloud data centers. Hence, the

proposed ELB techniques are based on these two aspects. The first aspect is focused

in Chapter 3 and the second aspect is focused in Chapter 4.

It has been demonstrated as a part of the Literature Review in Chapter 2, that

the resource utilization, VM migration and load balancing are the indispensable parts

of the cloud environment for handling the energy management issue. Furthermore,

cloud service providers are always confronted with the resource under-utilization and

energy management issues to support green computing. After an extensive survey of

the existing approaches related to the resource utilization, VM migration and load

balancing, the chapter figures out their limitations and a need to develop the Energy-

aware Load Balancing techniques with proper resource utilization and VM migration.

Chapter 3 has dealt with the first aspect of utilizing the resources efficiently. It

has proposed an Energy-aware Resource Utilization (ERU) model that is based on the

Artificial Bee Colony (ABC) optimization technique. The key objectives, requirements,

architecture and the components of the proposed ERU model have been discussed in

detail followed by its detailed design, algorithm & the flowchart.

This model efficiently manages the cloud resources and enhances their utilization to

conserve energy. To minimize the energy consumption and to avoid the degradation

of the performance, the model considers the conflicts between the utilization levels of

the CPU and the memory, as well as the types of the workloads. The consolidation

of the workloads have been done carefully to avoid the contention of the resources.

Various thresholds have been set to assign a workload to a node. The ERU model

assigns the workloads to the nodes to save energy and preserve the performance. The

verification and the validation of the proposed ERU model has been done through the

CloudSim toolkit. The results included in this chapter, demonstrate the effectiveness

of the ERU model in utilizing the resources efficiently, thereby reducing the energy

consumption levels in the cloud data centers. Once the resources are utilized effectively,

the challenge is to migrate the VMs to the most energy-aware nodes, to balance the

load across minimum required nodes, and to save energy in the cloud data centers.
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Obtaining energy optimization through VM migration by regulating workloads on

individual nodes is an NP-hard problem and heuristic methods are often used to resolve

such kind of problems. In the scenario of energy consumption by VM migration in a

dynamic cloud environment, a linear model based on FireFly Optimization (FFO) is

formulated that runs an FFO algorithm, which is able to solve the energy consump-

tion issue with the attraction property of fireflies. The capability of fireflies to get

attracted towards the brighter fireflies is the basis for considering the FFO. Chap-

ter 4 has dealt with the second aspect of VM Migration Technique. It has devised

an FFO based Energy-aware Virtual Machine Migration (FFO-EVMM) technique that

effectively maps the most-loaded VMs to the most energy-aware nodes, hence maxi-

mizes the energy-efficiency through the optimum migration of VMs, thereby improving

resource utilization levels. The FFO-EVMM technique has also been verified and vali-

dated through extensive simulations performed in the CloudSim simulator. The efficacy

of the proposed technique has been approved by the results, given in this chapter.

An Energy-aware Load Balancing (ELB) model has been presented and two corre-

sponding ELB techniques have been proposed in Chapter 5. One ELB technique is with

Resource Utilization (ELB(RU)), which is an amalgamation of ERU & FFO-EVMM

presented in Chapter 3 & Chapter 4 respectively. The ELB(RU) technique together

with ERU & FFO-EVMM approaches, aim to balance the workload across the mini-

mum number of active servers by the least number of VM migrations, thereby achieving

load balancing & maximum resource utilization, hence improving the energy-efficiency

of the cloud data centers, without degrading the performance levels. The other ELB

technique is without Resource Utilization (ELB(w/o RU)), that enhances the system

performance level by handling the maximum number of workloads. The ELB(w/o

RU) technique uses only FFO-EVMM approach to make energy-aware VM migration

decision, to save energy and to reduce the number of nodes. The ELB model helps

in making a decision about one of the two techniques, to be followed for the load

balancing.

The ELB techniques have been empirically evaluated by executing them in the data

center of BSNL, Chandigarh. Chapter 6 provides the implementation details and shows

the experimental results obtained for validating these techniques. The impact of the

proposed ELB techniques has been evaluated in BSNL data center and the experi-

mental results obtained have been discussed from various perspectives such as effect of

resource utilization levels, number of hosts used, number of VM migrations performed,

number of workloads, energy consumption levels, etc. Also, the results obtained have
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been analyzed statistically in this chapter, to prove the stability of the proposed ELB

techniques in balancing the load of the cloud data centers. The precise contributions

of this thesis are listed below:

• An extensive literature survey of the work done in the area of resource utilization,

VM migration and load balancing and addresses the challenges such as Optimum

Resource Utilization and VM Migration to significantly reduce the Energy Consump-

tion

• A bio-inspired Artificial Bee Colony (ABC) based Energy-aware Resource Utilization

(ERU) model that increases the utilization of server resources, reduces the energy

consumption and heat dissipation, hence contributes directly to green computing

• A bio-inspired Firefly Optimization based Energy-aware VM Migration (FFO-

EVMM) technique that maximizes the energy-efficiency through the optimum mi-

gration of VMs, thereby improving resource utilization levels

• Two Energy-aware Load Balancing techniques with & without Resource Utilization,

namely ELB(RU) and ELB(w/o RU) to balance the system load by enhancing the

resource utilization and performance levels, thereby minimizing the energy consump-

tion of the cloud data centers

• The proposed ELB algorithms have considered the perspectives of both the cloud

provider and the cloud user, such as resource utilization, energy consumption and

performance

• The verification and validation of the scalability and efficacy of the proposed ERU

& FFO-EVMM, using the CloudSim simulator

• A case study at BSNL data center, Chandigarh, to evaluate and analyze the perfor-

mance of the proposed ELB algorithms

• All the techniques reduce energy consumption, thereby indirectly reduce carbon

emissions and cooling requirements of the cloud data centers, to help achieve green

computing.

7.2 Future Research Directions

The energy-aware resource utilization technique, the energy-aware VM migration tech-

nique and the energy-aware load balancing techniques can be enhanced for future re-

search. Some of the research directions are outlined below :
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• It would be exciting to examine the possible integration of all the techniques with

various other QoS parameters like cost, fault tolerance and reliability etc. which are

also significant for cloud computing. Also, the issues of security, privacy and com-

pliance management still remain important in a distributed computing environment,

therefore, all the proposed techniques can be augmented to support these attributes

too.

• The proposed techniques address the resource utilization and energy management

issues in cloud computing. As a part of future research, other resource management

issues such as resource monitoring and auditing can also be considered as significant

challenges in a business driven cloud computing environment.

• Besides, all the proposed techniques can be enhanced to support disk-intensive and

network workloads along with the network and the storage resources and can be

tested with an increased data set and more number of servers to achieve an enhanced

efficiency.

• In this work, reducing energy consumption indirectly reduces carbon emissions and

cooling requirements. But the direct measurement of extent of reduction with some

metrics has not been considered in the present work. These metrics would highlight

the impact of the work done by including direct readings in future for more accurate

measurements of energy savings in clouds.
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J. Torres, “Energy-efficient and multifaceted resource management for profit-
driven virtualized data centers,” Future Generation Computer Systems, Elsevier,
vol. 28, no. 5, pp. 718–731, 2012.

[143] A. Verma, P. Ahuja, and A. Neogi, “pmapper: power and migration cost aware
application placement in virtualized systems,” in ACM/IFIP/USENIX Interna-
tional Conference on Distributed Systems Platforms and Open Distributed Pro-
cessing, pp. 243–264, Springer, 2008. https://www.cse.iitb.ac.in/ puru/courses/
autumn15/cs695/downloads/pmapper.pdf.

[144] A. Verma, G. Dasgupta, T. K. Nayak, P. De, and R. Kothari, “Server work-
load analysis for power minimization using consolidation,” in Proceedings of the
2009 conference on USENIX Annual technical conference, pp. 28–28, USENIX
Association, 2009. http://dl.acm.org/citation.cfm?id=1855835.



BIBLIOGRAPHY 183

[145] S. Mehta and A. Neogi, “Recon: A tool to recommend dynamic
server consolidation in multi-cluster data centers,” in NOMS 2008-
2008 IEEE Network Operations and Management Symposium, pp. 363–
370, IEEE, 2008. http://domino.research.ibm.com/library/ cy-
berdig.nsf/papers/EA745FA2134A25E38525735A004ABD44 /$File/ri07006.pdf.

[146] A. Beloglazov and R. Buyya, “Optimal online deterministic algorithms and adap-
tive heuristics for energy and performance efficient dynamic consolidation of vir-
tual machines in cloud data centers,” Concurrency and Computation: Practice
and Experience, Wiley Online Library, vol. 24, no. 13, pp. 1397–1420, 2012.

[147] A. Beloglazov and R. Buyya, “Adaptive threshold-based approach for energy-
efficient consolidation of virtual machines in cloud data centers,” in Proceedings of
the 8th International Workshop on Middleware for Grids, Clouds and e-Science,
vol. 4, ACM, 2010.

[148] C. Mastroianni, M. Meo, and G. Papuzzo, “Self-economy in cloud data
centers: statistical assignment and migration of virtual machines,” in Eu-
ropean Conference on Parallel Processing, pp. 407–418, Springer, 2011.
http://link.springer.com/chapter/ 10.1007%2F978-3-642-23400-2 38.

[149] J. Dong, X. Jin, H. Wang, Y. Li, P. Zhang, and S. Cheng, “Energy-saving virtual
machine placement in cloud data centers,” in Cluster, Cloud and Grid Computing
(CCGrid), 2013 13th IEEE/ACM International Symposium on, pp. 618–624,
IEEE, 2013. http://ieeexplore.ieee.org/xpl/login.jsp?tp=&ar number=6546147.

[150] H. T. Vu and S. Hwang, “A traffic and power-aware algorithm for virtual machine
placement in cloud data center,” International Journal of Grid & Distributed
Computing, vol. 7, no. 1, pp. 350–355, 2014.

[151] J. Sekhar and G. Jeba, “Energy efficient vm live migration in cloud data centers
1,” International Journal of Computer Science and Network (IJCSN), Citeseer,
vol. 2, no. 2, 2013. http://citeseerx.ist.psu.edu/viewdoc/download; jses-
sionid=ADC017533A8E2166FF5BD488F5AB9A02?doi=10.1.1.300.6376&rep
=rep1&type=pdf.

[152] G. Jung, M. A. Hiltunen, K. R. Joshi, R. D. Schlichting, and
C. Pu, “Mistral: Dynamically managing power, performance, and adap-
tation cost in cloud infrastructures,” in Distributed Computing Sys-
tems (ICDCS), 2010 IEEE 30th International Conference on, pp. 62–73,
IEEE, 2010. https://www.researchgate.net/profile/Gueyoung Jung /publica-
tion/260391823 Mistral GJung ICDCS10/links/0f317530fc06ea4e17000000.pdf.

[153] N. Bila, E. de Lara, K. Joshi, H. A. Lagar-Cavilla, M. Hiltunen,
and M. Satyanarayanan, “Jettison: efficient idle desktop consolida-
tion with partial vm migration,” in Proceedings of the 7th ACM eu-
ropean conference on Computer Systems, pp. 211–224, ACM, 2012.



184 BIBLIOGRAPHY

http://www.cs.cmu.edu/afs/cs.cmu.edu/Web/People/satya/docdir/bila-eurosys
2012.pdf.

[154] P. Graubner, M. Schmidt, and B. Freisleben, “Energy-efficient man-
agement of virtual machines in eucalyptus,” in Cloud Computing
(CLOUD), 2011 IEEE International Conference on, pp. 243–250,
IEEE, 2011. http://ds.mathematik.uni-marburg.de/system/publications
/11873/20110921 050508 Energy-efficient 20Management 20of 20Virtual 20Mac
hines.pdf.

[155] X. Wang and Z. Liu, “An energy-aware vms placement algorithm in cloud com-
puting environment,” in Intelligent System Design and Engineering Application
(ISDEA), 2012 Second International Conference on, pp. 627–630, IEEE, 2012.
http://ieeexplore.ieee.org/xpl/login.jsp?tp=&arnumber= 6173285.

[156] A. Murtazaev and S. Oh, “Sercon: Server consolidation algorithm using live
migration of virtual machines for green computing,” IETE Technical Review,
Taylor & Francis, vol. 28, no. 3, pp. 212–231, 2011.

[157] L. Minas and B. Ellison, Energy efficiency for information technology: How
to reduce power consumption in servers and data centers. Intel Press, 2009.
http://dl.acm.org/citation.cfm?id=2826078.

[158] F. Dressler and O. B. Akan, “A survey on bio-inspired networking,” Computer
Networks, Elsevier, vol. 54, no. 6, pp. 881–900, 2010.

[159] M. Meisel, V. Pappas, and L. Zhang, “A taxonomy of biologically inspired re-
search in computer networking,” Computer Networks, Elsevier, vol. 54, no. 6,
pp. 901–916, 2010.

[160] M. Dorigo, V. Maniezzo, and A. Colorni, “Ant system: optimization by a colony
of cooperating agents,” IEEE Transactions on Systems, Man, and Cybernetics,
Part B (Cybernetics, IEEE), vol. 26, no. 1, pp. 29–41, 1996.

[161] S. A. Ludwig and A. Moallem, “Swarm intelligence approaches for grid load
balancing,” Journal of Grid Computing, Springer, vol. 9, no. 3, pp. 279–301,
2011.

[162] C. Blum, “Ant colony optimization: Introduction and recent trends,” Physics of
Life reviews, Elsevier, vol. 2, no. 4, pp. 353–373, 2005.

[163] D. Karaboga, “An idea based on honey bee swarm for numerical op-
timization,” tech. rep., Technical report-tr06, Erciyes university, engi-
neering faculty, computer engineering department, 2005. http://www-
lia.deis.unibo.it/Courses/SistInt/articoli /bee-colony1.pdf.

[164] K. M. Passino, “Biomimicry of bacterial foraging for distributed optimization
and control,” IEEE control systems, IEEE, vol. 22, no. 3, pp. 52–67, 2002.



BIBLIOGRAPHY 185

[165] X.-S. Yang, Nature-inspired metaheuristic algorithms. Luniver press, 2010.
https://books.google.co.in/books?hl=en&lr=&id=iVB ETlh4ogC&oi=fnd&pg
=PR5&dq=Nature-inspired+metaheuristic+algorithms.

[166] F. Xhafa and A. Abraham, “Computational models and heuristic methods for
grid scheduling problems,” Future generation computer systems, Elsevier, vol. 26,
no. 4, pp. 608–621, 2010.

[167] W. H. Hsu, “Genetic Algorithms,” Tech. Rep. 66506-2302, Department of Com-
puting and Information Sciences, Kansas State University, 234 Nichols Hall, Man-
hattan, KS, USA.

[168] J. H. Holland, Adaptation in natural and artificial systems: an introductory anal-
ysis with applications to biology, control, and artificial intelligence. U Michigan
Press, 1975.

[169] M. D. Theys, T. D. Braun, H. Siegal, A. A. Maciejewski, and Y. Kwok, “Map-
ping tasks onto distributed heterogeneous computing systems using a genetic
algorithm approach,” Solutions to Parallel and Distributed Computing Problems:
Lessons from Biological Sciences, John Wiley & Sons, New York, NY, pp. 135–
178, 2001. https://www.atmos.colostate.edu/ aam/pdf/books/3.pdf.

[170] A. Abraham, R. Buyya, and B. Nath, “Natures heuristics for scheduling
jobs on computational grids,” in The 8th IEEE international conference on
advanced computing and communications (ADCOM 2000), pp. 45–52, 2000.
http://his02.softcomputing.net/adcom.pdf.

[171] T. D. Braun, H. J. Siegel, N. Beck, L. L. Bölöni, M. Maheswaran, A. I. Reuther,
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