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The number of connected devices is increasing day by day and is projected to reach 

approximately 50 billion by 2020. This leads to data generation on a whole new scale and 

such complex, vast and varied data is called Big Data. Big Data processing will lead the 

way into the future of smart and sustainable communities. Data Centers are needed as 

entities to deal with Big Data, but a major challenge is the immense energy consumption 

and danger towards sustainability. To counter these challenges, Virtual Machine (VM) 

consolidation is a technique for reducing energy and resource consumption of a cloud 

computing infrastructure. Several of these techniques have been studied with promising 

results but no solid work is present which analyzes their effects on a big data workload. 

This work aims to analyze the impact of VM consolidation in terms of Quality of Service 

(QoS) and Quality in Sustainability (QiS) by comparing a number of techniques in 

response to big data workload. This is done by simulating a cloud computing environment 

using CloudSim. The effect of VM consolidation along with Big Data characteristics is 

observed and results are presented based on which a combination of the algorithms is 

recommended.
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1 INTRODUCTION 
 

This chapter includes the introduction to the thesis research. It discusses the background to 

this research, presents the aim of the research, the research questions to be answered by 

this thesis and delimitations in the scope of this thesis. Also presents the contributions of 

this research work and highlights the structure of the whole thesis document. 

 

1.1 Background 
 

Since the turn of the century there has been a dramatic increase in the number of connected 

devices. With the advent of the internet, desktop computers started to become a household 

item. This trend eventually shifted to handheld phones and smartphones. In a decade or so 

smartphones also became prevalent and the technology evolved to make other devices 

smart. The availability of such technology and the inherent human tendency to move 

towards convenience eventually led us to the era of Internet of Things (IoT). 

 

In this current era not only smartphones and computers are connected to the internet, but 

also commonplace household appliances and wearable devices such as watches and 

glasses. And not only are these devices connected to the internet, they are also connected 

to each other. Using systems of these connected devices we have been able to develop 

solutions to various challenges faced by human society and to develop systems which 

provide a safer, better and more sustainable lifestyle. Systems of such connected devices 

have been used in various walks of life including agriculture, medicine, business and 

education. It does not come as a surprise anymore to walk into a metropolitan city and be 

surrounded by sensors and devices which are part of these systems of the Internet of 

Things. 

 

The number of such connected devices has increased year upon year and the estimates 

have only gone one way, up. According to Gartner in 2014, by 2020 there would be 25 

billion smart objects. Cisco estimates that by 2025 the number of IoT devices will reach 50 

billion [47]. Figures 1 & 2 indicate this dramatic rise. 
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Figure 1: Increase in number of IoT devices over the years [1] 

 

 

 

 

 

Figure 2: Global cloud traffic trend [2] 
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A consequence of this huge number of connected devices has been the amount of data 

generated by them. While the Internet of Things paves the way to smart cities and a better, 

sustainable future, it is only possible if we can harness the real power and value of this 

paradigm which lies in the data. These billions of devices whether used in monitoring 

systems, prediction systems or transportation systems etc. are constantly communicating 

with each other, exchanging information and generating data. This information needs to be 

captured, stored and then analyzed to get the necessary value and results from it. However, 

the sheer amount and speed of generation of such data poses challenges as those not faced 

ever before. Due to the magnitude, speed and variety of the data generated by various 

devices it cannot be handled with usual data analytics and statistical analysis techniques. 

Hence a new term was coined for such data which is called Big Data. 

 

In order to use such data, it has to be stored and made readily available for analysis. The 

only feasible way to handle big data is data centers. Data constantly generated by sensors 

or other devices is transferred over high speed networks to data centers where it is stored 

on various servers to be processed. Because of the voluminous nature of such data, it is 

necessary to provide this data over the cloud in order to keep up with the flexible resource 

usage and processing demands of the ever-evolving technology industry. However, in 

addition to the technical complications within the life cycle of big data, there is one severe 

issue that needs to be addressed and that is of the energy consumption of big data. 

 

One way to quantify the energy consumption of big data is to look at the consumption 

profile of data centers. Such data centers host the physical resources used to store and 

process big data, so it may be available on demand to the end users. But in order to run 

these data centers, huge amounts of energy are required. And with an increase in the data 

generated, there has been an increase in the energy required by these data centers. Figure 3 

depicts such a scenario. According to one study the total energy consumption of all 

datacenters in the world increased 56 percent from 2005 to 2010 [2]. 
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Figure 3: Worldwide Data Center Energy Consumpiton (2000 - 2010) [3] 

 

The very high energy demands of these data centers are a threat to global sustainability. 

Especially when these demands are fulfilled by using non-renewable energy sources for the 

production of electricity. In times when climate change is causing various distortions 

across the environment of our planet, this is a huge problem. Especially considering how 

significant this threat is in terms of global sustainability. According to Gartner (2007), 23% 

of the global carbon emissions from the Information & Communication Technology (ICT) 

industry are accounted to data centers. This means approximately 2% of global carbon 

emissions which is almost the same as that of the aviation industry. 

 

Considering how the trend of connected devices is evolving and how the cloud computing 

paradigm is becoming pervasive, there can only be an increase in big data. This will lead to 

more and more data centers required to handle this data and ultimately an increase in the 

demand of energy. Keeping the above statistics in mind, such a trend points to a highly 

unsustainable situation which, if not addressed, may damage the state of the planet even 

further. 
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In light of these issues certain techniques have been investigated to increase the energy 

efficiency of data centers. Virtual Machine (VM) consolidation is one such technique 

where certain servers are put into idle or standby mode by shifting workload to other 

servers in order to save energy [42]. However, there are challenges in maintaining the 

required level of Quality of Service (QoS) while ensuring energy efficiency. There needs 

to be an acceptable trade off between QoS and Quality in Sustainability (QiS) when it 

comes to data centers and cloud computing. 

 

Hence this research work aims to investigate the challenges posed by big data towards 

sustainability in a cloud computing context. This is done by simulating a cloud computing 

environment and by employing big data and observing the results. Further it is studied how 

these challenges are affected by employing various energy efficiency and VM 

consolidation techniques while keeping in mind the Quality of Service. 

 

1.2 Aim & Research Questions 

 

Aim: The aim of this research work is to study the effects of big data workload on 

sustainability and how it affects the tradeoff between QoS and QiS in a cloud computing 

infrastructure. 

 

• There has been quite some work done previously on improving the energy 

efficiency of data centers. However, a lot of it has been focused on the hardware 

and cooling of data centers and how that affects the energy profile. There is not a 

lot of work regarding how a big data workload affects the energy consumption [4 & 

5]: 

o RQ1: How do big data workloads affect energy efficiency of cloud 

computing infrastructures? 

 

• Virtual Machine (VM) consolidation techniques have been proposed for enhancing 

the energy efficiency of data centers. However, these techniques have not been 

evaluated for big data workloads [6]: 
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o RQ2: How do resource allocation and VM consolidation in data centers 

affect QoS and QiS of big data workloads? 

 

• While there are studies which investigate energy efficiency and Quality of Service 

individually, no solid work is available relating these two to big data workload 

scenarios: 

o RQ3: Do big data workloads affect QoS in cloud computing infrastructure 

and is it significant or comparable with QiS? 

 

• Another area which demands significant contribution is the investigation of big 

data and the effects of its various aspects on sustainability: 

o RQ4: Which aspect of big data is the biggest challenge for sustainability? 

 

1.3 Delimitations   

 
Two big data workloads are chosen to be used with CloudSim. One is the PlanetLab CPU 

traces and the second is Google Trace Data CPU traces. Both are open source data. The 

study is not adaptive as the data is not updated in real time. Hence the velocity 

characteristic of big data is not considered. There are some physical/hardware limitations 

faced while simulating a data center with enough resources corresponding to the size of the 

input data. Each trace file from Google Trace Data contains approximately 2 million traces 

which were not physically possible to simulate as workloads on the PC’s available. Hence 

experiments were conducted with limited number of traces. 

1.4 Contribution 

 

This thesis works contributes to research in the following ways: 

 

• Investigating the energy efficiency of a cloud computing data center through 

adapting a big data workload to CloudSim. 

 

• Comparison of VM consolidation techniques in terms of energy and QoS using big 

data workloads and identification of the best policy. 
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• Analyzing impact of big data with the use of identified policy on sustainability of 

cloud computing infrastructure using three differnet approaches by analyzing QiS 

via CO2 emission and cost of energy. 

 

1.5 Structure of the thesis 
 

The thesis is structured as follows: 

 

• Chapter 1: Introduction provides an overview of the background, research 

questions, aim and delimitations and contribution of this thesis work. 

 

• Chapter 2: Literature Review covers a study of cloud simulaiton tools and state-of-

the-art VM consolidation techniques. 

 

• Chapter 3: Methodology highlights the approach taken for this thesis, details about 

CloudSim architecture, data sets used for input workloads and design of 

experiments. 

 

• Chapter 4: Results & Discussion provides details of the results obtained and the 

observations made from those results. A sustainability analysis on the basis of 

results obtained is also presented in this chapter. 

 

• Chapter 5: Conclusions & Future Work presents the outcome of the thesis as 

answers to the research questions and provides a further direction for this work.  



 

13 

 

2 LITERATURE REVIEW 

 

This chapter is divided into the following two sub-sections: (a) Cloud Simulators, (b) VM 

Consolidation techniques. Related research work is identified and studied to highlight 

state-of-the-art and challenges. 

 

2.1 Cloud Simulators 

 

Cloud computing is defined by NIST as ”a model for enabling ubiquitous, convenient, on-

demand network access to a shared pool of configurable computing resources (e.g., 

networks, servers, storage, applications, and services) that can be rapidly provisioned and 

released with minimal management effort or service provider interaction” [13].  

 

Cloud computing systems are complicated and need various different tools and techniques 

for analysis of the different aspects such as provisioning of resources, network 

configuration and management of VM’s. One way of analysing is by testing a real world 

scenario, e.g. a data center but this can be very costly and time consuming [23]. The user 

might also not have complete access to all parts of such a complex system and thus the 

results might not reflect the actual configurations. This makes testing in a real world 

environment very hard and not reliable, especially in case of big data. An alternative 

approach to this is using simulation. With simulation a user can split the various aspects of 

a complex cloud system environment and focus on a specific problem and test it using 

different scenarios [24]. Cloud simulators can help with the study of complex cloud 

computing infrastructures where users can control the various layers of the cloud system 

and perform tests with different data and repeat, replicate and validate their experiments. 

 

A number of papers [25 - 28] present reviews of various available tools for modelling and 

simulating a cloud computing environment. From these papers, a number of simulators 

were identified and a comparison was drawn according to six different criteria, the 

underlying platform, availability, programming language, availability of Graphical User 

Interface (GUI), execution time and support for energy aware simulation. 
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Simulator Platform Availability Code GUI Timing Energy 

Awareness 

CDOSim CloudSim - Java No Second No 

CloudAnayst CloudSim Open Source Java Yes Second Yes 

CloudSim SimJava, 

GridSim 

Open Source Java No Second Yes 

D-Cloud Eucalyptus Open Source - No - No 

DCSim - Open Source Java No Minute No 

EMUSIM CloudSim, 

AEF 

Open Source Java No Second Yes 

GDCSim BlueTool Open Source C++, 

XML 

No Minute Yes 

GreenCloud NS-2 Open Source C++, 

OTcl 

Limited Minute Yes 

GroundSim - Open Source Java Limited Second No 

iCanCloud OMNET, MPI Open Source C++ Yes Second No 

MDCSim CSIM Commercial Java. 

C++ 

No Second Minimal 

MR-CloudSim CloudSim Not Available Java No - Yes 

Network 

CloudSim 

CloudSim Open Source Java No Second Yes 

OpenCloud 

TestBed 

Heterogenous Need 

Registration 

- Limited Minute No 

OpenCirrus Heterogenous Open Source - No - Yes 

PreFail - Open Source Java No Minute No 

SimIC SimJava Not Available Java Yes Second Minimal 

SPECI SimKit Open Source Java Limited Minute No 

TeachCloud CloudSim Open Source Java Yes Second No 

 

Table 1: Comparison of different Cloud Computing Simulators 
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Out of this exhaustive list of simulators as depicted in Table 1, the ones without an open 

source license, without energy awareness feature and with languages other than Java were 

not considered. Out of the remaining five, two were identified to be further studied for the 

purpose of this research work, the GreenCloud Simulator because of the familiarity with 

Network Simulator (NS) 2 and CloudSim for its ease of availability and use. 

 

GreenCloud is an open source cloud simulator designed to model a power aware data 

center. It is an extension to the network level simulator NS-2 [29]. GreenCloud simulator 

focuses on the communication patterns and network components in a multi tiered data 

center architecture. It includes entities such as switches, communication links and 

gateways. It provides the possibility to test communication protocols and workload 

scheduling. Figure 4 presents the architecture of GreenCloud simulator: 

 

 

Figure 4: GreenCloud Simulator architecture [29] 
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GreenCloud simulator can only simulate small data center architectures because of its 

packet based nature which is highly time and resource consuming [30]. It cannot predict 

the energy consumption for a micro data center accurately [39]. And its core programming 

languages are C++ and Otcl which are an obstacle for its wide use. Also NS-2 network 

simulator is outdated as NS-3 and NS-4 are now widely used. Because of these reasons, 

GreenCloud was not considered for this thesis. 

 

CloudSim is an extensively used platform for modelling and simulating cloud computing 

infrastructures. It was initially developed by the CLOUDS Laboratory at the University of 

Melbourne in Australia [33]. It has been regarded as the ”most popular” [31] and 

”sophisticated” [32] cloud simulator available.  

 

It is an open source project and the source code is readily available for anyone to use and 

to contribute. The simulator enables modelling of energy aware data center with all of its 

components and resources including hosts and CPU components (RAM, storage) and 

Virtual Machines. It also provides support for VM consolidation including VM allocation 

policies and VM scheduler and dynamic workloads [34]. The programming language used 

for CloudSim is Java which is a widely known and easily learned language and is the main 

reason for its selection for the purpose of this research work. 

 

CloudSim has been used by a large part of the research community. Several works have 

been focused around advancing the functionality of CloudSim. Garg et al. [32] developed 

NetworkCloudSim to provide simulation support for networking protocols and this has 

been integrated into the 3rd version of CloudSim. Beloglazov et al. [35] developed 

algorithms for VM consolidation and VM migration and implemented them in CloudSim. 

This resulted in power models for specific servers of HP and IBM being included in the 

power package in the 3rd version of CloudSim. CloudSim does not include a GUI hence 

Wickremasinghe et al. [36] developed CloudAnalyst which is a visual modeler for 

analyzing cloud computing environments and is based on CloudSim. P. Cristian et al. [37] 

developed CoolCloudSim which is an extension to CloudSim for modelling of cooling 

systems of a data center by incorporating thermal models. Li et al. [38] modified CloudSim 

to implement network and power models simultaneously for power aware network 
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infrastructure modelling of a data center. Shishido et al. [40] developed an extension for 

CloudSim to consider security in addition to energy and QoS and evaluated security 

overhead for workflow execution.  

 

2.2 Consolidation of Virtual Machines 

 

Data centers incorporate certain technologies for saving energy and lowering the energy 

consumption. These can be divided into the following categories: [41].  

 

• Chip Level technologies work on hardware level and dynamically regulate CPU 

voltage and frequency and reduce energy consumption by using components that 

consume less power. 

 

• Infrastructure Level technologies focus on ventilation of the data center 

infrastructure and increase efficiency of cooling systems, thus reducing energy 

consumption of the infrastructure. 

 

• System Level technologies focus on workload by dynamically scheduling and 

queuing tasks on the CPU thus using resources efficiently and reducing energy 

consumption. 

 

• Application Level technologies work by estimating consumption of the programs 

and identify and implement methods of execution of application programs which 

require minimum energy. 

 

One of the techniques which makes cloud computing possible is Virtualization. 

Virtualization makes possible for multiple virtual machines to be created on a single 

physical machine for better and efficient utilization of resources [42]. One feature of 

virtualization is the exchange of virtual machines between hosts called Migration [43]. 

Through VM migration energy and resources can be saved by switching off or changing to 

low power mode the hosts which are idle. Dynamic VM Consolidation or Live Migration 
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is the migration of VM’s between hosts without any down time. Dynamic VM 

Consolidation can be explained by further dividing it into four subproblems [14]: 

 

• Determination of an overloaded host by using its CPU utilization information to 

transfer its workload to other hosts. 

 

• Determination of an underloaded host so that workload can be transferred to it to 

shut down the overloaded host. 

 

• Selecting VM’s to migrate from overloaded host to another host. 

 

• Allocating or placing the selected VM’s to other hosts. 

 

Each subproblem involves various different techniques and algorithms to apply in order to 

achieve the required outcome. Some of these techniques are described below:  

 

2.2.1 Overview of Overload Detection Techniques 

 

• Median Absolute Deviation (MAD) [14]: This is a technique in which a 

maximum threshold for CPU utilization is set. It is a robust technique and can be 

used to measure dispersion. 

 

For a univariate data set with samples X1, X2,........, Xn, MAD is given as: 

 

MAD = mediani | Xi - medianj (Xj) | 

 

Tu = 1 - s . MAD 

 

Where X is the data samples, i = 1,......,n and j = 1,.......,n and Tu is the upper 

threshold of CPU utilization and s is the safety parameter. 
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• Inter Quartile Range (IQR) [14]: This technique also defines a CPU utilization 

upper threshold by using quartiles of data and obtains dispersion by subtracting the 

first and third quartiles. 

 

IQR = Q3 - Q1 

 

Tu = 1 - s . IQR 

 

Where Tu is the upper threshold of CPU utilization and s is the safety parameter. 

 

• Local Regression (LR) [14]: This method makes a curve approximation by using 

CPU utilization history and then the slope of the curve is used to estimate 

overloading and underloading. The CPU utilization bound is defined by the 

following two inequalities: 

 

s • G(xk+1) ≥ 1 (overloaded) 

 

xk+1 − xk ≤ tm (underloaded) 

 

Where s is the safety parameter, G(xk+1) is the next estimate of CPU utilization 

and tm is the peak time for any VM migration to the host. 

 

• Robust Local Regression (LRR) [14]: The LR method is vulnerable to outliers. 

Thus to improve it, the bi-square weight function estimate technique is used to 

make the approach iterative which results in a more robust method. 

 

2.2.2 Overview of VM Selection Techniques 

 

• Minimum Migration Time (MMT) [14]: This technique finds the VM that will 

take the least amount of time to transfer to another host. This time is determined 

using the information about the RAM available and bandwidth of the network. 

 



 

20 

 

• Random Selection (RS) [14]: This policy finds a VM to migrate by calculating a 

random variable corresponding to different VM’s assigned to a host. 

 

• Maximum Correlation (MC) [14]: In this technique a VM is selected by 

calculating a correlation between the VM under consideration and other VM’s 

available for migration. If the correlation is high then the chance of the host being 

overloaded is high. Hence the VM’s with a high correlation coefficient are 

prioritized for migration. 

 

• Minimum Utilization (MU) [14]: In this technique a VM is selected according to 

its utilization status by comparing it to a threshold value. 

 

2.2.3  Overview of VM Placement Techniques 

 

VM placement can be better described by translating it to a bin packaging problem and 

considering the hosts as bins, VM’s as the items and the available CPU resources as bin 

sizes. This problem can be solved by the following techniques [14]: 

 

• First Fit (FF) [14]: In this technique the most active bin is selected and the 

maximum number of items are stored in it. Once its full, the next bin according to 

the criteria is selected. 

 

• First Fit Decreasing (FFD) [14]: In this technique the FF algorithm mentioned 

above is used with the difference that the items i.e. the VM’s, are sorted 

decreasingly prior to the application of the algorithm. 

 

• Best Fit Decreasin (BFD) [14]: In this technique the items are sorted decreasingly 

and then stored in a bin in a way that the bin will have the least amount of free 

space remaining after storing the items. 
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• Worst Fit Decreasing (WFD) [14]: This technique is similar to BFD with the 

difference that the criteria is the most amount of free space remaining after storing 

item. 

 

• Second Worst Fit Decreasing [14]: This technique is the same as WFD with the 

criteria of selection being the bin with second most free space remaining after 

storing item. 

 

A number of works have applied these techniques with CloudSim and compared results. 

Kaur et al. [14] proposed four new overload detection techniques and tested them with 

CloudSim and found the Qn estimator technique to be best for lower SLA violation 

criteria. Cao et al. [44] developed a multi step workflow scheduling algorithm called 

EARES and implemented it in CloudSim. Asemi et al. [45] propose a new approach for 

VM placement based on Imperialist Competitive Algorithm. 

With the increased importance and permeation of big data and its use in cloud computing 

environments, it is necessary to see how the above mentioned VM consolidation 

techniques perform in response to big data workloads. However, no specific works could 

be identified which evaluate VM consolidation for big data workloads in terms of energy 

consumption and QoS. Hence, this research work aims to test some of the VM 

consolidation techniques mentioned above in relation to big data using CloudSim as the 

cloud computing environment simulator. 
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3 METHODOLOGY 

 

This chapter presents the methodology used in conducting this research, discusses the main 

components including the Cloud Simulator and Big Data in detail and finally presents the 

design of conducted experiments.  

 

3.1 Research Methodology 
 

Research is the process of collection and documentation of data and its analysis in order to 

evaluate a hypothesis or to solve a problem, in a systematic manner [7]. Research is always 

conducted in a systematic way by following a methodology. There are certain well-

established research methodologies that one can employ in their research. For this thesis, 

an adapted Systems Development Lifecycle methodology [49] is employed with the 

various stages of this methodology adapted to the requirements of this research work. 

Figure 5 shows the various stages involved in this methodology:  

 

 

 

Figure 5: Research Methodology 
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Stage 1: Problem Definition 

 

This stage involves the study of state of the art involving cloud systems and their energy 

efficiency for identifying gaps in research. Then the research questions for this thesis are 

formulated on the basis of this study. The goals for the thesis are set and limitations are 

identified. 

 

 

Stage 2: System Design 

 

The next stage involves the design for the system to be implemented for the purpose of this 

research. Each component of the design is studied, and appropriate tools are identified and 

selected. These involve VM consolidation techniques and cloud environment simulator. 

Big data workloads are identified and selected to be used for experimentation in the 

research. Once the design of the system with all of its components is complete, the 

research can move to the next stage. 

 

Stage 3: Simulation 

 

The third stage in the research process is the conduction of experiments which are carried 

out by simulation. It is a fundamental step for this thesis work as it is based on simulating a 

cloud infrastructure and studying it in response to big data workloads. In this stage the data 

is adapted and modified to be compatible with the simulation tool. The parameters are 

identified and fixed for the simulation environment and physical resources are selected to 

run the simulation tool. Experiments are conducted, and the results are stored for the next 

step. 

 

Stage 4: Analysis of Results 

 

In the final stage the results obtained from the experimentation are reviewed and analyzed 

in terms of QoS and QiS metrics. These results are then used to answer the research 

questions identified in the first stage. 
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3.2 CloudSim Simulator 
  

A cloud computing infrastructure is based on the pay-as-you-go model where resources 

become available and are used on demand. These resources can range from physical 

hardware resources to software applications. There are three main models in cloud 

computing paradigm, the Platform-as-a-Service (PaaS), Infrastructure-as-a-Service (IaaS) 

and Software-as-a-Service (SaaS). In case of IaaS, which deals with the physical resources 

available to users, the availability has to be flexible and adaptable to user demand. In order 

to study the effect of big data on the energy efficiency in an IaaS context, we require an 

analysis in a controlled manner. This is very hard to achieve with real machines and 

servers on the scale of a data center. Hence the next best approach is to simulate a data 

center and its components. 

 

A number of cloud computing simulators have been developed and studied as mentioned in 

the previous chapter and the simulator identified for this research work is CloudSim due to 

the reasons specified in section 2.1. A detailed description of CloudSim is mentioned as 

follows: 

 

3.2.1 CloudSim Architecture 

 

The architecture of CloudSim can be mainly divided into three layers as shown in figure 6: 

 

1. Core Simulation Engine: 

The bottommost layer is responsible for handling of events created during the 

simulation between the various entities. It is also responsible for clock timing 

updates and synchronization. This layer is the basis for CloudSim workflow. 

2. The Modeling Layer: 

This layer is responsible for creating and managing the various entities involved in 

CloudSim environment including data centers, hosts, VM’s, Cloudlets and Broker. 

It is also responsible for VM allocation policies and resource allocation. 
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3. The User Code: 

This is the layer where users can define their own scenarios and specify the 

resource parameters. In addition to that users can declare VM allocation policies 

and introduce and change workloads. 

 

 

Figure 6: Cloud System Architecture [8] 

 

This architecture makes CloudSim very easy to use because users do not have to deal with 

the inner layers and entities as they are already established. They need only make changes 

in the user code layer and specify their application paramaters and configurations and run 

their experiments. 
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3.2.2 CloudSim Entities 

                                                                 

Following are the main entities involved in CloudSim and their functions: 

 

• Virtual Machines (VM): These are the logical emulated physical computers on 

which run user applications. 

 

• VM Generator: This is the entity responsible for creating the VM’s and submitting 

them to the broker. 

 

• Data Center (DC): This is the entity that models the IaaS structure and mimics a 

data center with multiple servers/host machines. 

 

• Host: These are the physical servers or computers on which VM’s are created. 

 

• Cloud Information Service (CIS): This is the entity which deals with management 

of resources and it acts as a handler between other entities. 

 

• Cloudlets: Cloudlets are the processes or tasks which model cloud-based user 

applications and they run on the VM’s. These applications can be content delivery, 

social networking, business applications etc. The cloudlets model the applications 

by the specification of the instruction length in million instructions per second 

(MIPS). 

 

• Cloudlet Generator: This is the entity which is responsible for creating cloudlets 

and then submitting the cloudlet list to the broker. 

 

• Broker: This is an agent which assigns VM’s to the hosts and then submits the 

cloudlets to the VM’s. 

 

• Datacenter Broker: This is an agent which takes care of the communication 

between the Datacenter entity and the submission of cloudlets to VM’s. 
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3.2.3 Basic Simulation Scenario 

 

Figure 7 shows a simple simulation model for a CloudSim simulation.  

 

Figure 7: CloudSim Model 

 

Following is a brief description of what happens when a CloudSim simulation is carried 

out: 

 

• First of all, an object of CIS is created thus creating the entity which will register 

and manage the resources. 

 

• Next the datacenter entity is created. During the creation of datacenters, hosts are 

also created. There are some characteristics of the host like the Processing 
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Elements (PE’s), RAM and bandwidth which are configured during their creation. 

These parameters can be changed by the user. 

 

• Then the datacenter broker entity is created which manages the VM’s and cloudlets 

submitted to the datacenter hosts. Without this broker entity the simulation does not 

work. 

 

• Then the VM parameters are specified (size, memory, bandwidth, type) and a list of 

VM’s is created and submitted to the broker. 

 

• Next the cloudlets are created by specifying their parameters (length, size, million 

instructions per second (MIPS), number of PE’s) and are submitted to the broker. 

 

• The broker interacts with the CIS to get information about the resources and then 

allocates VM’s to the datacenter hosts. It then allocates cloudlets to the VM’s 

where they are carried out. The allocation is done according to the allocation 

policies specified in CloudSim. 

 

• Finally, when all the cloudlets are processed and there are no more events, the 

entities are shut down and the simulation is stopped. 

 

3.3 Data Acquisition 

 

The aim of this thesis is to study the effect of big data on the energy efficiency of cloud 

computing infrastructure. One part of this thesis is about simulation of cloud computing 

infrastructure for which CloudSim is used. The second part is related to the workloads 

which represent big data that can be used with CloudSim. 

 

Big data indicates any data which cannot be processed or analyzed by contemporary data 

analysis or statistical analysis tools. Such data is vast in size, fast in generation and 

different in variety. Big data is often characterized by the V’s models. The most commonly 

known is the 3 V’s model with the following characteristics [48]: 
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• Volume: Size of the data which is normally in petabytes or exabytes. 

 

• Velocity: The speed of acquisition or generation of the data as it is normally 

generated in real time for example by sensors in an IoT environment. 

 

• Variety: The type of data which can vary as in structured or unstructured, batch 

data or stream data etc. 

 

Apart from these three V’s newer models have incorporated further characteristics as 

indicated in the 5 V model in figure 8, but these three characteristics are the most 

important ones and are mainly the focus of this thesis. 

 

 

Figure 8: 5 V Big Data Model 
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3.3.1 Challenges  

 

The main challenge about choosing data for this work was the compatibility with 

CloudSim. It was difficult to find workload which satisfied the characteristics of big data 

but at the same time could be used as input for CloudSim. Real time data could not be used 

for this work because CloudSim does not support integration of real time input workloads. 

The workload also had to be in a specific format to be able to use as input for CloudSim 

experiments. The data also preferably had to come from a real source in order for the 

results to be compatible to a real data center environment. 

 

Keeping the above limitations in mind, the volume and variety characteristics were 

considered, and velocity is not handled. Following two data sources were used as workload 

for experiments in this research work: 

 

3.3.2 Google Trace Data 

 

In May 2011, Google released traces taken from a cluster of almost 12.5 thousand 

machines. These traces include information about the cells in the cluster over an almost 

month long period. These traces are referred to as ”Google Cluster Traces” [10].  

 

A cluster cell indicates a collection of machines in a single cluster which are part of a 

common cluster management system which assigns work to the machines.  The trace files 

for these cells include various data about the jobs, tasks and resources required for these. 

This data is stored as datasets in the form of tables and these are available as CSV files. 

 

The trace files contain the followin tables: 

 

• Machine Events Table 

 

• Machine Attributes Table 

 

• Job Events Table 
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• Tasks Event Table 

 

• Tasks Constraints Table 

 

• Resource Usage Table 

 

A job indicates a workload to the machine and each job comprises of tasks. A task 

represents a Linux program which runs on a machine. Each task is accompanied by the 

resource usage it requires which is indicated in the Resource Usage Table. 

 

The data in the various tables includes information about the timestamps of measurement, 

identifiers, user and job names and resource units for the tasks. The traces include a huge 

amount of information in these tables but the one most important for this thesis work is the 

information contained in the Resource Usage Table. This table contains the timestamps for 

the measurement periods, job and machine ID’s, the task index and the CPU usage rate 

among a lot of other fields. The field that is required for the purpose of this thesis is the 

CPU usage rate, which is defined as ” CPU-core seconds per second: if a task is using two 

cores all the time, it will be reflected as a usage of 2.0 core-s/s ”.  

 

This field is used as the input workload for the CloudSim experiments. Hence this 

information needs to be extracted from the trace file in order to be used as the input 

workload. In order to do this, some data manipulation is required. 

 

3.3.2.1 Data Manipulation 
 

In order to extract the required information from the trace file, it is important to understand 

how CloudSim uses the CPU utilization: 

 

CloudSim experiments use CPU utilization, as a percentage value, as the input workload. 

This workload is then modeled as tasks and, according to the input CPU utilization 

percentage value, CloudSim generates cloudlets which require a certain number of MIPS. 

These MIPS are then provided by the VM’s to which these cloudlets are assigned. 
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Depending on the number of MIPS required and those actually provided by the host, it is 

decided if the host is underutilized or overutilized. Also, with this comparison the actual 

utilization of the host and then its energy consumption is calculated. 

 

Keeping how CloudSim uses the input data in mind, the CPU usage rate as included in the 

Resource Usage trace cannot be directly used. It first needs to be converted to a percentage 

value, then extracted from the CSV file and stored to a separate output file. This is done by 

writing a script which reads the data from the input CSV file, converts it to a percentage 

value and then writes it to an output file.  

 

Some manipulation of the data is carried out at this stage. There is a limitation set by the 

CloudSim source code which reads the CPU utilization and creates the cloudlets 

accordingly in a specific way. For each cloudlet or task, an array is created and filled with 

the CPU utilization and during the experiment the CPU utilization values are updated after 

the scheduling interval. It was decided to change the data to conform with this format with 

minimum loss of accuracy instead of changing the source code of CloudSim as that would 

be highly demanding and time consuming. Hence for each task as read from the trace file, 

the CPU utilization was translated across the measurement interval (End Time – Start 

Time) with the value written at the point corresponding to the scheduling interval 

according to which CloudSim updates the values and padding values before it (as CPU 

utilization of 1, to prevent simulation ending prematurely). Hence an output file is 

generated for each task which contains the CPU utilization at the scheduling interval 

corresponding to the measurement period of the task and cloudlets are created by reading 

values from this file. 

 

3.3.3 PlanetLab Data 

 

To incorporate the aspect of variety of big data into the study a second workload was 

required. For this workload the data from the PlanetLab project is utilized. This data is a 

collection of CPU utilization traces from the PlanetLab VM’s taken during 10 random days 

in March and April 2011 [11]. PlanetLab is a group of computers which is utilized by a 

global research network for development of network services and distributed computing. It 
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currently consists of 1353 nodes at 717 sites worldwide [12]. The PlanetLab workload is 

already included in the CloudSim package. 

3.4 Design of Experiments 

 

3.4.1 Experimental Procedure 

 

After identifying and obtaining the workloads, a set of experiments was designed and 

conducted using CloudSim. In line with the volume characteristic of big data, each trace 

file contains almost 2.5 million CPU rate traces. For each trace value a workload file is 

created corresponding to which a cloudlet is created in CloudSim. This would mean 2.5 

million files for 2.5 million cloudlets. However, physical limitations do not allow 

importing 2.5 million files into the CloudSim package from where they can be read and 

executed by the corresponding scripts. The maximum number which was possible was 

50,000 files. Hence the input data was divided into three categories depending on the 

number of files to observe the effect of the volume characteristic of big data. These 

categories are: 

 

• 50,000 files/cloudlets 

 

• 10,000 files/cloudlets 

 

• 5000 files/cloudlets 

 

For each category mentioned above, a set of experiments was conducted by varying the 

overload detection policy and, for each overload detection policy, the VM selection 

algorithm. The overload detection policies used are : 

 

• Inter Quartile Range 

 

• Local Regression 

 

• Robust Local Regression 
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• Median Absolute Deviation 

 

• Static Threshold 

 

The VM selection policies used are: 

 

• Maximum Correlation 

 

• Minimum Migration Time 

 

• Minimum Utilization 

 

• Random Selection 

 

3.4.2 Experimental Parameters 

 

For each workload category, 20 experiments were conducted. For each experiment the 

number of hosts in the data center was fixed to be 6000 (an upper limit set by the 

maximum number of cloudlets). The scheduling interval is of 300 seconds and the CPU 

utilization values are updated after every 300 seconds. Figures 9 & 10 show further the 

parameters and the specifications and configuration of the host and VM types. For the 

hosts, the corresponding power models were imported to get the energy consumption.  
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Figure 9: Configuration of host machines 

 

 

Figure 10: Configuration of VM instances 
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4 RESULTS & DISCUSSIONS 

 

This chapter presents the results of the experiments conducted according to the design 

mentioned above and discussions and inferences drawn from those results. 

 

4.1 Performance Metrics 

 

Before presenting the results it is important to list and understand the metrics used to 

evaluate them. These metrics incorporate both QoS and QiS. Following is a list of metrics 

used for the performance evaluation: 

 

Total Energy Consumption 

 

This metric gives the total energy consumed by the hosts in the data center as a result of 

carrying out the tasks simulated by the input workload. It is measured in kWh [34]. 

 

Number of VM Migrations 
 

Whenever a host is overloaded or underloaded, VM’s are migrated from that host to 

another one so that it can be turned off to conserve energy. This metric identifies the 

number of such migrations. 

 

Number of Host Shutdowns 
 

This metric identifies the number of times a host is shutdown due to its VM’s being 

migrated to another host in response to overloading or underloading. 

 

SLA Violation Time Per Active Host (SLATH) 
 

If the VM’s CPU resource demands are more than the host capacity, then the host is in 

SLA Violation. And the time spent in this status by a host out of its total runtime is 

defined as SLATH [14]. It can be calculated as: 

 

SLATH = (1/ N ) Σ (Tsi / Tai) 

Where N is the number of hosts, Tsi is the total time in which host ’i’ is in SLA Violation 

status and Tai is the total active time of host ’i’. 

Performance Degradation Due to Migration (PDM) 

 

This metric defines the impact on the performance when a VM is migrated from one host 

to another. There is negative impact during migration because the VM shuts down for 

some time [14]. It is given by the equation: 

 

PDM = (1 / M) Σ (Cdj / Crj) 

 

Where M is the number of VM’s, Cdj is the performance degradation of VM ‘j’ due to 

workload transfer and Crj is the total processing power demanded by VM ‘j’. In 

CloudSim Cdj is approximated as 10% of CPU utilization MIPS [14]. 

 

Average SLA Violation 
 

This metric combines the above two metrics to depict the impact on performance due to 

overloading and VM migrations. It depicts the overall violation when the required QoS 

is not met [15]. It is measured in terms of percentage of SLA violation events compared 

to the total measurements [38]. It is defined as: 

 

Avg. SLA Violation = PDM * SLATH 

 

Mean Execution Time 

 

This metric represents QoS in terms of the average time it takes for a task or cloudlet to 

be executed. 

 

 

Table 2: Detail of Performance Metrics 
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4.2 Experiment Results 

 

Tables 3 – 20 present the results in terms of the metrics defined above for each overload 

detection policy and for the three different volumes of the workload identified as three 

dataset categories. 

 

4.2.1 Dataset Category: 5000 cloudlets 

 

Overload Detection Policy Inter Quartile Range 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

76.56 13418 6000 9.99 6.2 0.07 7.35 

Minimum 

Migration 

Time (mmt) 

76.56 13418 6000 9.99 6.2 0.07 6.2 

Minimum 

Utilization 

(mu) 

76.56 13418 6000 9.99 6.2 0.07 6.1 

Random 

Selection (rs) 

76.56 13418 6000 9.99 6.2 0.07 6.3 

 

Table 3: Experiment Results for Inter Quartile Range (Iqr) 
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Overload Detection Policy Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

76.56 13418 6000 9.99 6.2 0.07 6.7 

Minimum 

Migration 

Time (mmt) 

76.56 13418 6000 9.99 6.2 0.07 4.6 

Minimum 

Utilization 

(mu) 

76.56 13418 6000 9.99 6.2 0.07 4.7 

Random 

Selection (rs) 

76.56 13418 6000 9.99 6.2 0.07 4.5 

 

Table 4: Experiment Results for Local Regression (Lr) 

 

Overload Detection Policy Robust Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

76.56 13418 6000 9.99 6.2 0.07 6.9 

Minimum 

Migration 

Time (mmt) 

76.56 13418 6000 9.99 6.2 0.07 6.9 

Minimum 

Utilization 

(mu) 

76.56 13418 6000 9.99 6.2 0.07 6.6 

Random 

Selection (rs) 

76.56 13418 6000 9.99 6.2 0.07 6.9 

 

Table 5: Experiment Results for Robust Local Regression (Lrr) 
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Overload Detection Policy Static Threshold 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

76.56 13418 6000 9.99 6.2 0.07 3.5 

Minimum 

Migration 

Time (mmt) 

76.56 13418 6000 9.99 6.2 0.07 3.5 

Minimum 

Utilization 

(mu) 

76.56 13418 6000 9.99 6.2 0.07 3.4 

Random 

Selection (rs) 

76.56 13418 6000 9.99 6.2 0.07 4.5 

 

Table 6: Experiment Results for Static Threshold (Thr) 

 

 

Overload Detection Policy Median Absolute Deviation 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

76.56 13418 6000 9.99 6.2 0.07 7.1 

Minimum 

Migration 

Time (mmt) 

76.56 13418 6000 9.99 6.2 0.07 6 

Minimum 

Utilization 

(mu) 

76.56 13418 6000 9.99 6.2 0.07 6.2 

Random 

Selection (rs) 

76.56 13418 6000 9.99 6.2 0.07 6 

 

Table 7: Experiment Results for Median Absolute Deviation (Mad) 
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Non – Power Aware 

Energy Consumption (kWh) VM Migrations Avg. SLA Violation (%) 

2462.3 0 11.28 

 

Table 8: Experiment Results for Non Power Aware (Npa) 

 

 

4.2.2 Dataset Category: 10,000 cloudlets 

 

Overload Detection Policy Inter Quartile Range 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

135.62 24080 6000 10.21 6.92 0.04 20.3 

Minimum 

Migration 

Time (mmt) 

135.62 24080 6000 10.21 6.92 0.04 18.3 

Minimum 

Utilization 

(mu) 

135.62 24080 6000 10.21 6.92 0.04 27.2 

Random 

Selection (rs) 

135.62 24080 6000 10.21 6.92 0.04 26.6 

 

Table 9: Experiment Results for Inter Quartile Range (Iqr) 
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Overload Detection Policy Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

135.62 24080 6000 10.21 6.92 0.04 17 

Minimum 

Migration 

Time (mmt) 

135.62 24080 6000 10.21 6.92 0.04 21.6 

Minimum 

Utilization 

(mu) 

135.62 24080 6000 10.21 6.92 0.04 15.1 

Random 

Selection (rs) 

135.62 24080 6000 10.21 6.92 0.04 22.3 

 

Table 10: Experiment Results for Local Regeression (Lr) 

 

Overload Detection Policy Robust Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

135.62 24080 6000 10.21 6.92 0.04 22.3 

Minimum 

Migration 

Time (mmt) 

135.62 24080 6000 10.21 6.92 0.04 21.7 

Minimum 

Utilization 

(mu) 

135.62 24080 6000 10.21 6.92 0.04 19.8 

Random 

Selection (rs) 

135.62 24080 6000 10.21 6.92 0.04 16.1 

 

Table 11: Experiment Results for Robust Local Regression (Lrr) 
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Overload Detection Policy Static Threshold 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

135.62 24105 6000 10.21 6.92 0.04 10.7 

Minimum 

Migration 

Time (mmt) 

135.62 24105 6000 10.21 6.92 0.04 10.4 

Minimum 

Utilization 

(mu) 

135.61 24131 6000 10.21 6.92 0.04 10.8 

Random 

Selection (rs) 

135.62 24105 6000 10.21 6.92 0.04 10.3 

 

Table 12: Experiment Results for Static Threshold (Thr) 

 
Overload Detection Policy Median Absolute Deviation 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

135.62 24080 6000 10.21 6.92 0.04 18.2 

Minimum 

Migration 

Time (mmt) 

135.62 24080 6000 10.21 6.92 0.04 27.5 

Minimum 

Utilization 

(mu) 

135.62 24080 6000 10.21 6.92 0.04 18.5 

Random 

Selection (rs) 

135.62 24080 6000 10.21 6.92 0.04 27.8 

 

Table 13: Experiment Results for Median Absolute Deviation (Mad) 
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Non – Power Aware 

Energy Consumption (kWh) VM Migrations Avg. SLA Violation (%) 

2462.3 0 26.25 

 

Table 14: Experiment Results for Non Power Aware (Npa) 

 

4.2.3 Dataset Category: 50,000 cloudlets 

 

Overload Detection Policy Inter Quartile Range 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

334.42 59850 6000 12.63 8.8 0.02 186 

Minimum 

Migration 

Time (mmt) 

334.42 59850 6000 12.63 8.8 0.02 176.8 

Minimum 

Utilization 

(mu) 

343.7 62136  7696 12.52 8.74 0.04 145.7 

Random 

Selection (rs) 

334.41 59634 6000 12.61 8.61 0.03 232.7 

 

Table 15: Experiment Reults for Inter Quartile Range (Iqr) 
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Overload Detection Policy Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

334.32 58910 6000 12.63 8.8 0.03 191.5 

Minimum 

Migration 

Time (mmt) 

334.32 58910 6000 12.63 8.8 0.03 140.7 

Minimum 

Utilization 

(mu) 

334.36 58923 6000 12.63 8.8 0.03 213.5 

Random 

Selection (rs) 

334.32 58899 6000 12.63 8.8 0.03 139.3 

 

Table 16: Experiment Results for Local Regeression (Lr) 

 

Overload Detection Policy Robust Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

334.32 58910 6000 12.63 8.8 0.03 169.5 

Minimum 

Migration 

Time (mmt) 

334.32 58910 6000 12.63 8.8 0.03 152.5 

Minimum 

Utilization 

(mu) 

334.36 58923 6000 12.63 8.8 0.03 160.3 

Random 

Selection (rs) 

334.33 58895 6000 12.63 8.8 0.03 146.5 

 

Table 17: Experiment Results for Robust Local Regression (Lrr) 
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Overload Detection Policy Static Threshold 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

343.52 61724  7654 12.59 8.66 0.03 115.5 

Minimum 

Migration 

Time (mmt) 

343.52 61724  7654 12.59 8.66 0.03 89.2 

Minimum 

Utilization 

(mu) 

356.25 66079  10183 12.39 8.66 0.07 145.4 

Random 

Selection (rs) 

340.38 60934  7081 12.56 8.76 0.04 90.1 

 

Table 18: Experiment Results for Static Threshold (Thr) 

 

Overload Detection Policy Median Absolute Deviation 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

334.42 59850 6000 14.67 8.8 0.02 156.4 

Minimum 

Migration 

Time (mmt) 

334.42 59850 6000 14.67 8.8 0.02 225.2 

Minimum 

Utilization 

(mu) 

343.7 62136  7696 14.69 8.74 0.04 208.7 

Random 

Selection (rs) 

343.7 62136  7696 14.69 8.74 0.04 214.3 

 

Table 19: Experiment Results for Median Absolute Deviation (Mad) 
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Non – Power Aware 

Energy Consumption (kWh) VM Migrations Avg. SLA Violation (%) 

2462.3 0 32.38 

 

Table 20: Experiment Results for Non Power Aware (Npa) 

 

4.3 Comparison w.r.t Energy Consumption (QiS) 

 

As discussed in the previous chapter a set of experiments was conducted for three different 

volumes of the workload. For each workload four different experiments were conducted 

for each overload detection policy by varying the VM selection algorithm. The total energy 

consumed by the hosts was observed and the results are shown in figures 11 & 12. Average 

energy consumption across the four different VM selection algorithms is depicted for each 

overload detection policy. 

 

 

Figure 11: Total Energy Use for three volumes of workload including non-power aware profile 
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Figure 12: Total Energy Use for three volumes of workload 

 

From the above two graphs we can make the following observations: 

 

• For all three volumes of workload, the energy consumption is the same if no VM 

consolidation is used. 

 

• There is a significant decrease observed in energy consumption with the use of VM 

consolidation with almost 86% saving for the worst scenario which is that of Static 

Threshold. 

 

• No significant change occurs in the energy consumption by varying the overload 

detection policy. 

 

• The increase in the energy consumption with the volume is not linear and appears 

to be more exponential. 
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In case of a real data center, the approximately 86% of energy savings are very significant 

and it shows that VM consolidation mechanisms are important in terms of being cost 

efficient and being sustainable. Moreover as the energy usage profile remains constant 

irrespective of the volume of the workload, it shows that in case of big data, for 

comparatively lower volumes, it would be highly inefficient to neglect VM consolidation. 

It is also apparent that QiS improves significantly with the use of VM consolidation in 

terms of energy consumption. However, the different overload detection algorithms do not 

much impact QiS. There is also degradation in QiS with bigger volumes of data. Further 

analysis of Qis is conducted in section 4.6. 

 

4.4 Comparison w.r.t SLA Violation & Execution time (QoS) 

 

In order to observe the effect of varying the workload on QoS, comparisons are drawn for 

Average SLA Violation and Mean Execution time. Figure 13 shows average SLA violation 

w.r.t number of cloudlets. The mean SLA violation for the 4 different VM placement 

algorithms is plotted for each overload detection policy. 

 

 

Figure 13: Avg SLA Violation for three volumes of workload 
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From the above graph we can observe that there is a significant improvement in terms of 

SLA violation by the use of VM consolidation. The improvement is approximately 54% 

from the non power aware scenario. Furthermore, there isn’t any significant SLA violation 

variation among the 5 overload detection policies. 

 

Figures 14 to 16 show the variation of mean execution time w.r.t four VM placement 

algorithms for each different volume of input data. Figure 18 shows the mean execution 

time as average of the 4 VM placement algorithms w.r.t the number of cloudlets.  

 

 

Figure 14: Mean Execution time for 5000 cloudlets 
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Figure 15: Mean Execution Time for 10000 cloudlets 

 

 

Figure 16: Mean Execution time for 50000 cloudlets 
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Figure 17: Mean Execution Time vs three volumes of workload 

 

From the above graphs we can observe that Static Threshold overload detection policy 

performs better in terms of task execution time for all three workload volumes. We can 

also observe that for all three workloads, when Static Threshold is used as overload 

detection policy, Minimum Migration Time VM selection algorithm gives the lowest 

execution time. 

 

From figure 17 we can also observe that the trend for execution time is similar to that of 

energy consumption. Mean execution time for tasks increases with the increase in volume 

of data which makes sense as the same resources become divided for a higher number of 

tasks and VM’s. A host with previously one task scheduled would now have two or more 

and the same resources would be used for more than one task thereby increasing the 

execution time. 

 

We can also observe that there is not much variation between the 5 overload detection 

policies for 5000 and 10000 cloudlets (smaller volume) but there is variation for 50000 

cloudlets (bigger volume). And there is a signifcant decrease in execution time for Static 

Threshold overload detection policy as compared to the other four. The improvement is of 

the order of approximately 50%. This shows that to achieve better QoS in terms of task 
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execution time, a combination of Static Threshold overload detection policy with Random 

Selection VM selection algorithm is the most efficient for higher volumes of input data. 

 

Figure 18 shows the graph for the energy consumption of each overload detection policy 

for each VM placement algorithm, for the highest volume of input data which is 50000 

cloudlets. From the graph we can observe that the Static Threshold policy has the highest 

energy consumption for three out of the four VM placement algorithms and Robust Local 

Regression has the lowest energy consumption. From figure 6 we already observed that 

there is no significant change in energy consumption for lower volumes of workload. So 

for higher volumes it appears that Robust Local Regression is the best in terms of QiS.  

 

 

 

Figure 18: Energy Consumption vs VM selection algorithm for 5000 cloudlets 

 

However, the difference between Robust Local Regression and Static Threshold in terms 

of energy consumption is not much significant. If we consider the combination identified 

earlier, that of Static Threshold and Random Selection, the improvement by Robust Local 

Regression is only of the order of approximately 2%. But Static Threshold provides much 

better performance in terms of execution time and the improvement in performace is very 
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significant (50%). So there is a trade off between QoS and QiS in terms of the Static 

Threshold overload detection policy. But as the tradeoff is not too significant in terms of 

energy consumption, Static Threshold policy is better suited for higher volume of input 

workload. 

 

An interesting observation from tables 13, 16 and 17 is that for certain VM selection 

policies, the number of VM migrations is higher which leads to an increase in the number 

of host shutdowns than the original number of hosts. This occurs because some hosts are 

turned off and switched on more than once depending on the overload detection policy. 

This leads to an increase in the overall energy consumption. 

4.5 Experiment Results Using PlanetLab Data 

 

In order to incorporate variety of big data and to embellish the results, similar experiments 

were carried out using another dataset from PlanetLab traces. The details of this data set 

are mentioned in chapter 3. For PlanetLab trace data, there is a fixed number of cloudlets, 

1516. The experiments with this data set were carried out in the same way and the results 

were obtained in accordance with the same metrics for the same overload detection 

policies and VM selection algorithms. Tables 21 – 25 document the results in detail. 
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Overload Detection Policy Inter Quartile Range 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

68.83 19723 7637 9.34 5.83 0.04 0.21 

Minimum 

Migration 

Time (mmt) 

68.83 19723 7637 9.34 5.83 0.04 0.24 

Minimum 

Utilization 

(mu) 

71.54 16127 8020 9.74 7.18 0.02 1.7 

Random 

Selection (rs) 

61.77 17987 7224 8.83 7.14 0.05 0.12 

 

Table 21: Experiment Results for Inter Quartile Range (Iqr) 

 

Overload Detection Policy Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

56.87 13881 6677 10 5.71 0.03 0.09 

Minimum 

Migration 

Time (mmt) 

56.87 13881 6677 10 5.71 0.03 0.19 

Minimum 

Utilization 

(mu) 

61 13205 6899 9.89 6.75 0.02 0.17 

Random 

Selection (rs) 

52.54 10137 6331 9.92 5.87 0.02 0.15 

 

Table 22: Experiment Results for Local Regression (Lr) 
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Overload Detection Policy Robust Local Regression 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

56.87 13881 6677 10 5.71 0.03 0.18 

Minimum 

Migration 

Time (mmt) 

56.87 13881 6677 10 5.71 0.03 0.17 

Minimum 

Utilization 

(mu) 

61 13205 6899 9.89 6.75 0.02 0.11 

Random 

Selection 

(rs) 

50.35 7706 6000 9.89 5.49 0.02 0.09 

 

Table 23: Experiment Results for Robust Local Regression (Lrr) 

 
Overload Detection Policy Static Threshold 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

65.69 18896 7403 10 5.88 0.04 0.16 

Minimum 

Migration 

Time (mmt) 

65.69 18896 7403 10 5.88 0.04 0.12 

Minimum 

Utilization 

(mu) 

71.47 17315 8038 10 7.23 0.03 0.18 

Random 

Selection (rs) 

59.56 14789 7012 9.98 6.8 0.04 0.14 

 

Table 24: Experiment Results for Static Threshold (Thr) 
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Overload Detection Policy Median Absolute Deviation 

VM 

Selection 

Policy 

Energy 

Consumption 

(kWh) 

VM 

Migrations 

Host 

Shutdowns 

Avg. SLA 

Violation 

(%) 

SLATH 

(%) 

PDM 

(%) 

Mean 

Execution 

Time (s) 

Maximum 

Correlation 

(mc) 

67.77 19943 7542 9.05 6.02 0.04 0.16 

Minimum 

Migration 

Time (mmt) 

67.77 19943 7542 9.05 6.02 0.04 0.16 

Minimum 

Utilization 

(mu) 

74.77 17042 8497 9.6 7.16 0.03 0.17 

Random 

Selection (rs) 

61.10 16205 7252 8.19 7.08 0.04 0.14 

 

Table 25: Experiment Results for Median Absolute Deviation (Mad) 

 

By considering the two most important metrics of energy consumption for QiS and mean 

execution time for QoS, it is observed that the best combination of VM consolidation is 

Robust Local Regression and Random Selection. This is different to the one identified 

before for Google Trace Data. Hence it can be seen that the best VM consolidation 

approach not only depends on the volume of data but on the nature or variety of the data as 

well. 

4.6 Sustainability Analysis (w.r.t QiS in addition to energy consumption) 

 

This research is carried out under the umbrella of the PERCCOM program. The 

PERCCOM program combines ICT and sustainable development to build greener and 

more energy and resource efficient cyber physical systems [16]. Hence it is inportant to 

highlight how this research work contributes towards sustainability. Sustainability is 

defined as ”meeting the needs of the present without compromising the ability of the future 

generations to meet their needs” [17]. In order to be sustainable, energy usage needs to be 

efficient, effective and with minimum impact on the environment directly. 
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In order to carry out a detailed sustainability analysis three approahes are identified to be 

analyzed for this research work in order to explore QiS with metrics in addition to energy 

consumption. These three approaches are discussed in the subsections below. 

 

4.6.1 Three dimensions of Sustainability 

 

According to the three-dimensions of sustainability approach, this research has a direct 

impact on two out of the three dimensions. 

 

• Environmental: This reseach work identifies the impact of VM consolidation 

techniques on big data workloads and identifies Static Threshold and Random 

Selection techniques to be the most efficient, thereby directly affecting the impact 

of big data on host energy consumption in a data center. This in turn also affects the 

carbon dioxide emission due to the reduction in energy consumption. 

 

• Economical: The reduction in energy consumption proposed by the suggestion VM 

consolidation for big data workloads directly impacts the cost of energy 

consumpiton for big data in a cloud computing infrastructure. 

 

 

 

4.6.2 Analysis based on World Energy Council Data 

 

The World Energy Council (WECouncil) is a global body of leaders in energy which 

promote affordable, stable and environmentally friendly energy systems for global benefit 

[18]. The council is a UN accredited global energy body which forms national, regional 

and global energy strategies by hosting high level events. 

 

The council defines energy sustainability in terms of three different dimensions which 

combined constitute a ’trilemma’ depicted in figure 19. Achieving a balance between these 

three dimensions is important towards achieving sustainability in a holistic sense. The 

WECouncil 2018 report identifies and defines these three dimensions as: 
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• Energy Security: ”Effective management of primary energy supply from domestic 

and external sources, reliability of energy infrastructure, and ability of energy 

providers to meet current and future demand” [19]. 

 

• Energy Equity: ”Accessibility and affordability of energy supply across the 

population” [19]. 

 

• Environmental Sustainability: ”Encompasses achievement of supply- and 

demand-side energy efficiencies and development of energy supply from renewable 

and other low-carbon sources” [19]. 

 

 

Figure 19: Three Dimensions of Energy Trilemma 

 

The WECouncil releases a report every year called ’World Energy Trilemma Index’ in 

which 125 countries are assessed and ranked on the basis of these three dimensions. The 

top 10 countries according to the 2018 report are [19]: 

 

1. Denmark 

2. Switzerland 
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3. Sweden 

4. Netherlands 

5. United Kingdom 

6. Slovenia 

7. Germany 

8. New Zealand 

9. Norway 

10. France 

 

Country Industrial 

Sector (% of 

GDP) 

Energy 

Intensity 

(koe per 

US$) 

Electricity 

Cost (US$ per 

kWh) 

CO2 

intensity 

(kCO2 per 

US$) 

GHG 

emission 

growth rate 

2010 – 2014 

(%) 

UK 19.41 0.05 0.22 0.15 -1.96 

Sweden 26.28 0.08 0.21 0.1 -2.38 

US 20.03 0.09 0.13 0.33 -0.6 

Canada 27.69 0.12 0.11 0.4 0.64 

Finland 26.93 0.13 0.17 0.25 -1.37 

Germany 30.49 0.07 0.33 0.24 -0.93 

China 40.93 0.11 0.08 0.51 8.42 

Japan 28.89 0.07 0.22 0.27 0.29 

India 26.91 0.08 0.08 0.29 6.09 

Brazil 22.35 0.08 0.13 0.16 3.79 

France 19.5 0.07 0.19 0.15 -1.88 

 

Table 26: WECouncil 2018 open data 

 

The report also provides open data regarding various parameters such as Energy Intensity, 

Electricity Cost etc. for the assessed countries. In order to make a sustainability analysis 

according to the findings of this research work, a list of 11 countries was identified 

according to their suitability for hosting a data center [20] and hyperscale data centers [21]. 

Table 26 above presents some data from the report for these 11 countries. The data 

included in the table is as follows: 
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• Industrial Sector (% of GDP): Percentage of total GDP which corresponds to the 

industrial sector (World Bank, 2015). 

 

• Energy Intensity (koe per US$): Indicates the amount of energy for one unit of 

GDP (Enerdata & World Energy Council, 2016). 

 

• Electricity Cost (US$ per kWh): Average cost of electricity (IEA, Eurostat, 

World Energy Council, World Bank, 2015). 

 

• CO2 intensity (kCO2 per US$): Indicates amount of CO2 generated from fuel 

combustion corresponding to one unit of GDP (Enerdata and World Energy 

Council, 2015/16). 

 

• GHG emission growth rate 2010 – 2014 (%): Growth rate of emission of 

greenhouse gases in the energy sector between 2000 and 2014, (WRI/CAIT, 2014). 

 

Figures 20, 21 & 22 present the contrast of Industrial Sector (% of GDP) and growth rate 

of Greenhouse Gas emission, the CO2 Intensity and ranking of the selected countries 

according to their overall performance and sustainability. All the data and rankings 

represented in the graph are based on the WECouncil World Energy Trilemma Index 2018 

report. 
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Figure 20: Industrial Sector (% of GDP) vs GHG emissions growth rate (%) 

 

 
Figure 21: CO2 Intensity of Selected Countries 
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Figure 22: Ranking of Selected Countries 

 

In this approch the analysis is carried out using results drawn from Google Trace Data. 

After evaluating various VM consolidation techniques for 50000 cloudlets of input data 

workload it is observed that a combination of Static Threshold and Random Selection is 

the best for higher volumes of big data. To understand the effects and benefits of using this 

combination in terms of economical and environmental sustainability, QiS must be 

analyzed using the following metrics in addition to energy consumption: 

 

• Cost of Electricity 

 

• CO2 emissions 

 

The cost of electricity for the energy consumed is calculated for each of the selected 11 

countries according to the data from the WECouncil report presented in Table 20. The cost 

of electricity only represents the amount required for running of the hosts in the data center 

and does not include the costs for cooling equipment or other networking equipment. 
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After calculating the cost, the carbon dioxide emission in kg of CO2 is calculated for each 

of the selected countries according to electricity specific factors [22]. The carbon dioxide 

emission again represents the impact from the direct running and energy consumption of 

the data center hosts only. After calculating these two metrics the combination proposed 

above was compared to the use of ”No VM Consolidation”. Figures 23 & 24 show the 

comparison. 

 

 

Figure 23: Energy Cost for 50000 cloudlets workload 
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Figure 24: CO2 emission for 50000 cloudlets workload 

 

It can be observed that for each country the energy cost and carbon emissions decrease 

significantly with the use of above proposed combination. For countries like Germany 

which focus mainly on renewable sources for electricity generation, the energy cost is quite 

high (US$ 0.33/kWh). And applying VM consolidation for a high volume big data 

workload can save upto approximately US$ 700. Countries like China and India where 

labour is cheap and also cost of electricity is lower are becoming increasingly popular as 

potential destinations for companies to set up data centers. But while the cost of electricity 

generation is less e.g. for India it is US$ 0.08/kWh, the amount of carbon emissions is 

significantly high (for India – 1.33 kg CO2/kWh). In this case, VM consolidation via the 

proposed combo would save approximately 2000 kg of carbon dioxide emissions for said 

workload. Hence we can observe that applying VM consolidation for big data workloads, 

especially those of higher volumes, has a very significant impact on the costs of energy and 

the environment whereby we can save huge amounts of money for data centers and greatly 

reduce GHG emissions therby drastically improving QiS. 
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4.6.3 Five Dimensional Sustainability Analysis 

 

A five dimensional model for studying sustainability issues was proposed by Becker et. Al 

[46]. This model defines the five dimensions for sustainability as: 

 

• Social 

 

• Environmental 

 

• Economical 

 

• Individual 

 

• Technical 

 

The thesis work is studied with regards to each of these five dimensions with the help of 

specific questions designed for each dimension. The model further defines three types of 

effects in each of the five dimensions, immediate effects, enabling effects (which appear 

when the system runs for an extensive time period) and structural effects (which are the 

cumulative impacts). After studying a system in light of these impacts, a sustainability 

awareness diagram (SusAD) can be formalized which shows these impacts and the chain 

of effects which indicates the consequences that one aspect of the system may have on 

others [50]. This thesis work was studied according to this model and a SusAD chart was 

drawn which is presented in figure 25. 
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Figure 25: Sustainability Analysis Diagram according to the Five Dimensional Model 

 

In this diagram, the arrows represent the chain of effects that one aspect has on another. 

We can see here that this study does not have much impact on the social dimension. The 

immediate effects of the consolidation techniques identified in this work would impact the 

economic, technical and environmental dimensions in terms of reducing energy costs, 

improving QoS and reduction of carbon footprint respectively. These effects will have 

certain consequences which will have enabling impact in the individual, technical and 

economic dimensions in terms of increase of usability, improved data handling capability 

and cost reduction for new equipment. The cumulative or structural effects appear in  

environmental, individual and economic dimensions as reduction of e-waste, solidification 

of cloud computing paradigm and increased profits by customer retention respectively. Out 

of all these dimensions, the economic and environmental are the key effects which appear 

as a result of this study in terms of reduction of energy costs and carbon footprint. 
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5  CONCLUSIONS & FUTURE WORK 
 

This thesis work has analyzed the energy efficiency and QoS of cloud computing 

environment in the context of big data workloads. The results show that cloud resource 

management plays a vital part in energy saving of a cloud computing infrastructure 

especially in case of high volume of big data input workloads. The results further highlight 

that energy savings and QoS improvements with the use of VM consolidation techniques 

are very significant as the volume of input data increases. 

 

This thesis work compares five different overload detection policies in combination with 4 

VM placement algorithms by using two different types of big data workloads with varying 

volumes. This comparison and the conduction of experiments is done in a cloud computing 

simulation environment obtained using CloudSim. The results of the experiments highlight 

that for higher volume of input workload a combination of Static Threshold overload 

detection policy and Random Selection VM placement algorithm performs the best and 

provides a comfortable tradeoff between saving energy (QiS) and improving task 

execution time (QoS). 

 

In conclusion we present answers to the research questions highlighted in the first chapter: 

 

RQ1: How do big data workloads affect energy efficiency of cloud computing 

infrastructures? 

 

• As an indication of the general trend, an increase in the volume of big data 

workloads causes an increase in the energy consumption of the hosts. This increase 

appears to be exponential as shown by results from Google Trace Data. However it 

is affected by the nature of data in question i.e. the variety. Hence it is not simply 

possible to decrease or improve energy consumption just by sharing the workload 

into small volume groups. 
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RQ2: How do resource allocation and VM consolidation in data centers affect QoS and 

QiS of big data workloads? 

• VM consolidation significantly impacts energy consumption and execution time of 

tasks for high volume big data workloads. A combination of Static Threshold 

overload detection policy and Random Selection VM placement algorithm 

performs the best for Google Trace Data and Robust Local Regression and Random 

Selection for PlanetLab trace data. 

 

RQ3: Do big data workloads affect QoS in cloud computing infrastructure and is it 

significant or comparable with QiS? 

 

• An increase in the volume of big data workload impacts negatively on the 

execution time of the tasks. The trend of the impact is similar and comparable to 

that of energy consumption and appears to be exponential. But it is similarly 

affected by nature of data as in the case of energy consumption and cannot simply 

be improved by decreasing volume of workload. 

 

RQ4: Which aspect of big data is the biggest challenge for sustainability? 

 

• The volume characteristic of big data is the one that appears to be the major 

significant factor as it affects the energy consumption drastically as seen from 

results obtained from Google Trace Data. However, the case is different for 

different nature of datasets i.e. the variety, so it also comes into effect.  

 

This thesis work does not consider time varying big data workloads and is not adaptive. 

Alterations can be made to consider the ‘velocity’ aspect of big data by adapting the 

simulation to use of real time input. The results obtained are with the use of two 

workloads, Google Trace Data and PlanetLab data. Further workloads can be applied to 

enhance the validity of the results. VM consolidation techniques other than the ones 

discussed in this thesis have been developed and tested. These techniques can be applied 

with big data workloads used in this thesis to see if there are any improvements offered in 

terms of both QoS and QiS. 
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